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Abstract

Water temperature ian essential component that drives the physical and biogeochemical
processes in lakes and also serves as an indicator of climate change impacts on lake ecosystems.
Therefore, understanding lake surface water temperature (LSWT) variability is vital to assess
theresporse of lakeso the effects of climate changghis study investigates LSWand lake
heatwavevariability using satellite Earth Observation (EO) and maikrived data during
historical period (1982020) and under various future scenarios (20@49). Thisdissertation
focuseson a local case study dfake Titicaca(PeruBolivia) andexpands to a regional scale

of South American lakes.

Firstly, the comparison of gdpling methods for satellite EO data was assessed using
Lake Titicaca because a6 ecological and economic importance in the region. Several gap
filling methods including machine learning algorittsywere evaluated to determine the most
accurate reconstruction methddata Interpolating Convolutional Autencoder (DINCAE)
wasidentified as themost accurate and suitable gdjing method.DINCAE wasthen used to
assess LSWariability at different timescaleduring the period of 2002020

Secondly, the result derived fraime DINCAE algorithm was validated against a daily
Global LAke Surface water Temperature (GLAST) dataset. The historical and future variability
of Lake Titicacads LSWT and | ake heatwave
Additionally, the meteorological driverd LSWT changesncluding surface air temperature,
longwave downward radiation, shortwave downward radiaspecific humidity and wind
speedwere assessed for their influence on LSWT chanfesresults showed that theehas
been a warming trend ovire past 40 years in Lake Titicacaiven mainlyby solar radiation
andsurfaceair temperature. LSWT and lake heatwave projectedio increase by100.

Thirdly, the study was upscaled2@46 lakesn South Americawhere limited in situ
measurementsaveconstrained SWT researchrl'he interannual and diurnal LSWT treraixd
heatwave variabilityn South America over the past 40 years and by the etite@fl* century
were investigatedost South Americalakesexperienceavarming trend indaily and diurnal
LSWT during the historical period (1984020). The main facta thatinfluenced LSWTand
diurnal LSWT variability were air temperature and solar radiatioaspectively LSWT and

lake heatwave intensity and frequerarg forecasted to ineasan the future Furthermore, a

Vi



typology of lake thermal responsdmsed on diurnal andeasonal temperature range

classification was developed.

In conclusion, liis research highlights the rapid warming of LS\fidthe increasing
frequency and intengibf lake heatwaw@acrossSouth American lakes. These findirgygygest
the needto enhancehe lake monitoring systems and increeesgional collaborationas well
asimmediate action tanitigate the effects of climate change angbrotect lake ecosystems in

South America

vii



Table of Contents

[T ox F= 1= 4[] U URPPPPPPPPRRRTRR iL.
] o 1T PSP ii
F o (Lo [=To (o T=T 0 g =T o KU v
Y 013 1 = ox A OSSO PO PPPPPPPPPPRRI Vi
LIST Of FIQUIES.....eeiiiiiiieiee ettt e e Xii
IS o B 1= o] = PP PPPPPPRP XVi
Acronyms and ADDreviations...........ccuiiiiiiiii e XVii
T (0 To [ o 1o ] o I PO 1
1.1. Lakes asentinels of climate Change...........cooooiiiiiiiiccc e 1
1.2. Essential Climate Variables (ECVS)........oouuiiiiiiiiiiieee 2
1.3. Research aims and ODJECHIVES. ..........oovviiiiiiieee s 3
1.4, TRESIS SIIUCTUIR ... .eeiieie et e e eeeee ettt rnne e e e e e e e e eeeeeeaeenn s nmmmeeeessnnnes 5
[, LIEEIALUIE TEVIBW. .. .uiiiiiiiiieiieieeee e ettt ettt e e e e e e e e e e e s e s smmme e e e e e e e e e e e e e st bnn e s s e nnnnes 6
2.1. Climate change impacts on global lakes.................ooiiieeciiiiiiiii e, 6
2.1.1. Gimate change impacts on lake phySICS..........cccooiiiiiii e 6
2.1.1.1. Lake surface water temperature.............oooeeeeiemmeeeeeeeeeeeiiiiieeneeeeennn 4 6
2.1.1.2. LAKE ICE COVEL....uuuuuiiiiiiiiiiiieietiaaettteeteeeeeeeaeeaaaaaeeeesmateeeeaaaaaeaaaasasssannnnnnns 8
2.1.1.3. Stratification and MiXiNg regiMEeS.........oooiiiiiiiiiirrnr e eeees 9
2.1.1.4. Lake water level and lake water volume..................evveeemiiiviiiininnnene. 11
2.1.2. Climate change impacts on lake chemistry...........cccccoiiiiiicc 14
2.1.3. Climate change impacts on biological communities................cccccceeeeeeeee. 15
2.2. SOUth AMETICAN AKES......eeiieiiiee e eeree e e e e nees 16
2.2.1. Climate change impacts in South America.............cc.vvvvieeeeeeeeeieeeeeiiiiies 19
2.2.2.1. AN TEMPEIATULE ..o i it rree et eeeeea bbb e e e e e e eeaeeeeas 19
2.2.2.2. Solar radiatiQm...........cooiiiiiiiiiiiie et 20
2.22.3. HUMIAITY. ... eeeneane 21
2.2.2.4. WINA SPEEM......eeei e ere e 22
2.2.2. Climate change and anthropogenic impacts on South American.lakes.....23
2.2.2.1. Lake surface water temperature...........ccouvuiiiieieeereeeeeiiiie e eeeeaes 24
2.2.2.2. Lake water 1eVel/VOIUME.........cooiiiiii e eeeeeeeeee e 25
2.2.2.3. LAKE ICE COVEEL.....coiiiiiieeeeeieiei ettt e e e e e e e e e e e een 25

viii



2.2.2.4. Lake MiXiNG FEOIMES ......ccuuuuriuriiiieeseeeerennssassaeeeaeeeeeeesamnesasaaaaaeaaeaeaees 26

2.2.2.5. LaKe CheMISTIY.....coviiiiiiiieee e 27
2.2.2.6. LaKe DIOIOgY.......uueeiiii i 28
2.2.3. Extreme events impact on South American climate and lakes.................. 29
PR B I 1 (< I (o= Lo F PP PPPPPPP 33
2.3.1. Climate change and impacts on Lake Titicaca region...........ccceeeeevveeeeennn. 36
2.3.1. 1. AN tEMPEIATULE .....eiteeiieee e e e e eeee s e e e e e e e e e e e e eres e e e e e eaeeeeeeeeesennnne 36
2.3.1.2. Other meteorological variables.............ccccooiiiiiarr e 37
2.3.1.3. EXITEIME BVENTS ... oottt e e et e e e e eean e e eeeees 38
2.3.2. Climate change and anthropogenic impacts on Lake Titicaca................... 39
2.3.2.1. Lake surface water temperature..........ccoeeeeeeeiiieeeiiiie e eeeeeeeeeeeeeeeeens 39
2.3.2.2. Stratification and miXiNg regiMeS.........coooiiiiiiiiiimmnn e 40

PR T T o 1Yo [ (0] [0 |V PP 41
2.3.2.4. Lake chemistry and DIOIOGY..........ccccuuimiiiiiimmeiiiiiiieee e 43
2.3.2.5. EXITEIME BVENIS ... ittt e e et e e e e e eenn e e e eeees 45
2.3.2.6. SOCIEECONOMY IMPACES.......ceeiiiiiiiiiiiiiieres e eeesreereeeeeeen . 40

2.4. Application of Satellite Earth Observations for LSWT Dynamics Analysis....... 47
lll. Evaluating gagfilling techniques for satellitelerived surfacevater temperature: A case
StUAY Of LAKE TIICACA ....evvvvreiiiiiei e i e e e e ceeeie e e e e e e e e e e e e et eeees e e e e e e e e e e e e e e eeearasebsnnneeeeeeeeas 49
0 I Y o 111 > Tt S PP PP PP PUUUUPPPPR 49
G 37 111 0 T ¥ Tox 1 o 8 50
3.3. Materials and ProCERAULES..........ccoieeiiii e e ee e 54
3.3 L. STUAY SITE..eieiiiieee e 54
3.3.2. MALEIIAIS ... ettt 54
R T T o o o - U 55
3.3.3.1.Data Interpolating Empirical Orthogonal Functions (DINEQF)............ 55
3.3.3.2.Multi-model gapilling approach..........ccccciiiiiiec e 56
3.3.3.3.Data Interpolating Convolutional Autencoder (DINCAE).............c........ 59
3.3.3.4.Validation and analySiS........ccceuiiiiiiiiiiiiircc e 62

i RESUILS. ...t eeeaaaad 63
3.4.1. Satellitederived observations of LSWT and Ghl..........ccccooeeiiiiiiiiiiccnn. 63
3.4.2. Comparison of gagling methods............coiiiiiiiii e 66
3.4.3. Spatial and temporal variations in LSWT...........coiiiiiiiiiiicecieieee e 68
3.5, DUSCUSSION ....ceiiiiiiiiiiiiiiie ettt a s s e e e e e e e e eaens e e e e e e e e e e e e e e eeeeeesannneeeeeeaaaeeenees 70



3.6. Comments and reCOMMENAATIONS ... ...ee et e e, 75

IV. The current and future warming of Lake Titicaca..............ccccuvvvvieemricnirvvriinnnnnnnnn B
N o] 1 - V! AT PPPPPRRR 76
o 1 0T [FTox 1 o o I SRR 4 4
G TS (010 |V Y == USSR 79
4.4. Data al MEthOUS........uuuuiiiiiiee e eeecirrne e e e e eeeeeeneennnnnmeeeee e d D

O I T | - USSR SPPPPSRP 79
4.4.1. 1. GLAST DAaSEL......couuiieiiiiiiiie ettt e e e e e e eeeees 19
4.4.1.2. Satellitalerived lake surface water temperature..............ccccevvvveeeeeennnn. 81

|V 1= 1 T Yo £ PP 381
4.4.2.1. Bias correction for future projections of GLAST............cccovivviiiieeenen.n. 81
4.4.2.2. AribULION @NAIYSIS......uuiiiiiiiiiiiiiee e 83
4.4.2.3. LaKE NEAIWAVES......ceeiiiiiiiiiiii e 83
4.42.4. Statistical analySIS.........coooeiiiiiiiiii e 84

4.5, RESUIS ..ttt e e e eret et e e e e e e e e e e e e e e e e e e ammne e e e e e e e e e n e neneed 84

4.5.1. Historical to contemporary temperature changes in Lake Titicaca............ 84

4.5.2. Contributions of meteorological drivers to LSWT trends...............cccuvueeee. 85

4.5.3. Future warming Of LaKe TIlICACA. ........uueeriiiiiiiiiiieeeiieieeeeeeee e 87

4.5.4. Persistence of extreme temperatures this Gentur..............eevvvvieecvvvieeeeene. 90

4.6, DISCUSSION.....iiiiiiiiiiiiiiieeeeieeesseettbeteeeeeeeeeeeeeeessaemteeeeetaaaaaaeaeaaassssssammneeeeeaassasanans 92
G @ o 11153 o] o P USUPRP 95

V. Emergingchanges in lake temperature extremes and variability in South America96
Lot O Y 1S 1 = T USRS 96
V2 [ o1 (o To [FTox 1T} o RSP U PR PPPPPRR 97
5.3, STUAY IEa... oottt ettt ettt e e e e e e e e s et e e e e e e e e e e e s Q9
5.4. Data and MethOdS..........uuuuii e e 99

5.4.1. GLAST 0AtASEL.....cuuuuiuiiiiiiiee e e e cereiesas e s e e e e e e e e e e e eesaneeseeeaeeeeaeeeeeeeeeesenssnnnees 99

5.4.2. LaKe HEAIWAVES.......cceeiiiiiiiiiiiii ettt e e e e e eeeesa s s s e e e e e e e e e e e eeeeeeeenenees 100

5.4.3. Lake ClasSifiCAtIONL.........covvieiiiiiiiiiimmr et e e e e e e e 100

5.4.4. Diurnal to seasonal lake temperature typology........cccoeeeevviivimiinineeeennnns 101

5.4.5. DAta @NAIYSIS. .....uuuuiiiiiiiiiiiiiii et —————— 102

5.5, RESUILS ... e e a e e 102
5.5.1. Historic patterns of change in LSWT, lake heatwaves and dseasbnal
1V 2= L = o1 1 2R 102



5.5.2. Future changes during the 21St CENIUNY.........uuuiiieii it e 112

5.6, DISCUSSION....ceveieiiuittiiieie e e s eeeeteiiiiea s s e e e e e e e e eeeeesanaesssaaeeaeaeeaeeeeeeesnsssrnnnreeeeeeesennes 115
5.7, CONCIUSIONS. .. ..ottt e e ettt e et e e e e e e e e e e e e e s s e e e e e eeeeean 118
VI. Conclusion and FUture PersSpeCIMES........cuvviiiiiiiiiiieeiie e 119
6.1. Summary of fiNdiNGS.....ccooiiiii e - 119
6.2. Synthesis Of CONTIDULIONS............uuiiiiiiiiiiiieeei e 121
6.3. Limitations and UNCertaiNti@S...........oooiiiiiiiiimnnn e ceenee e 122
6.4. Implications for water ManagemeNnt..............uuuuurimiimemiiiiiiiiireee e eeeeeeeees 124
6.5. FULUIE rESEAICH. ... ere e 126
L T F= U (=0 0 F= 1 127
RETEIENES ...ttt ee s 128
APPENTICES ...ttt erena bbbttt et ettt e et e e e e e emmr et et e e e e e e e e e e e e aa s 160
Y o] o =T g T [ A PRSPPI 160
APPENTIX Bttt e e e e e e e e e e e e e e e e e e e e e e 170
Y o] o =T g T [ G PSPPSR 184

Appendix D. Listof Publications, Conference Oral/Poster presentations and Trainirigil

Xi



List of Figures

Figure 2.1.The importance of LSWT in lake ecosystems.............cccccvvvimmmniiiiiciiiinnnnne. 7
Figure 2.2 South American Map (SourcBRivas Martinez et al. 20 1...........ccccuvveeeeennne 17
Figure 2.3.The location of the study site, Lake Titicaca (PBaolivia)..................c..cooen. 34
Figure 2.4.Lake Titicaca bathymetry map (Source: Duguesne et al. 2021)................ 36

Figure 3.1.Total number of annual (a) LSWT and (b) Globservations, both temporally and
spatially in Lake Titicaca during the study period (2@020). The percentage was calculated
based on the ratio of observed or available pixels to the total potentially available pixels over
365 dAYS IN PEICENTAGE.......cceeeeeeeieeeeeitteeee e e e e e et et emr e b s e e e e e e e e e s emnna s 64

Figure 3.2. Monthly observations, per 4 Knpixel, of LSWT from 2000 to 2020 in Lake
Titicaca. Observation counts ranged betweend400 per cell monthly......................... 65

Figure 3.3. Examples of a) Original, b) Added clouds, as well as the reconstructed images (c
) RSSO 66

Figure 3.4.Comparison of the tested géjhing algorithms in reconstructing LSWT in Lake
Titicaca, shown in scatter plots of observed and predicted LSWTs. The red lines denoted the
IS0 11 = OO PP PP PP PUTR R RSTRTRPR 67

Figure 3.5.Annual, seasonal, and monthly gié@fed LSWTs in Lake Titicaca (2000 to 2020).
Shown are the average (a) annual and (b, c) wet/dry season LSWTs throughout the study
period, (d) monthly L®/T variations (error bars represent the standard deviation), and (e) the
interannual variability in LSWT. Also shown are the LSWT trends, calculated (f) annually and
(9, h) during the wet/dry season. The asterisk (*) shows statistically significantignqbs<

0.05. The LSWT data used in this analysis are those reconstructed using the DINCAE
Multivariate algorithmi............uuiiiii e 69

Figure 4.1.Annual temperature (black), wet season temperature (dashed dark grey), dry season
temperature (dotted grey) derived from GLAST data from 1981 to 2020, with the trends
respectively on the top MgRL..........c.uuiiiii e 85

Figure 4.2. Contributions of meteorological variables (SABurface Air Temperature,
LWdown Longwave Downward Radiation, SEepecific Humidiy, SWdown Shortwave
Downward Radiation, WindSpeetlvind Speed) in driving lake surface water temperature
changes in a) Annual; b) Dry Season and c) Wet Season...........ccooeeevvivemeeeviiiiieeeennnns 87

Figure 4.3. Historical and future projections of temperature anomalies under different RCPs
in a) Annual, b) Wet season, c¢) Dry season. The thick lines represent mean temperature
anomalies and the shaded areas show thdatd deviation across the muttiodel ensemble.

The historical temperature anomalies (black) from 1981 to 2020, the projections under RCP
2.6 (blue), RCP 6.0 (orange), RCP 8.5 (red) scenarios from 2021 to 2099. The three bars
represent the mean temperat(central lines) from 2082099 and its standard deviatio89

Figure 4.4.Historical and future projections of extreme tempeaegudriven under different

RCPs of a) Total days; b) Average duration; c) Average intensity; and d) Average Cumulative
Intensity. The thick lines represent mean values, and the shaded areas show the standard
deviation. The historical temperature anomafigiack) from 1981 to 2020, the projections
under RCP 2.6 (blue), RCP 6.0 (orange), and RCP 8.5 (red) scenarios from 2021 t®2099.

Xl


file:///C:/Dieu%20Anh/Retina%20Project/Writing/PhD_dissertation_DA_final_corrected.docx%23_Toc210998083
file:///C:/Dieu%20Anh/Retina%20Project/Writing/PhD_dissertation_DA_final_corrected.docx%23_Toc210998083

Figure 4.5.Boxplots represent the mean temperature (central lines) fromZEDand its
standard deviation of a) Total days; b) Average duration; c) Average intensity and d) Average
Cumulative Intensity; Barplot of d) Tdtpermanent heatwaves from 208099................ 92

Figure 5.1.Temporal and spatial pattern of LSWTs during tifetorical period (1982020).

(a) Maps of thermal regions in South America (NWbrthern Hot, SH Southern Hot, ST
Southern Temperate, SV8outhern Warm, THTropical Hot); (b) Average LSWT of each

lake map; (c) Total number of lakes per thermal redidnAverage LSWT per thermal region;

(e) Annual LSWT anomaly per thermal region; (f) LSWT Trends per thermal region; (g) LSWT
trend per lake; (h) Contribution of meteorological variables to LSWT trend map (8Aface

Air Temperature, SHSpecific Humidiy, WindSpeed Wind Speed, LWdownLongwave
downward radiation, SWdowrshortwave downward radiation)..............ccccceeeeeeeeeenee. 103

Figure 5.2.Mean daily meteorological variables from 1981 to 20@0) air temperature, (c)
longwave downward radiation, (d) shortwave downward radiation, (e) specific humidity, (f)
WINGA SPEEM.... ..ttt s e e e e e e e e s emeeree s e s e e e e e e eeaeeeeeeeesstnnneaaaeaeeeeeeeesnnnnnnn 105

Figure 5.3.Trends in daily meteorological variables from 1981 to 2@qap Maps of thermal
regions in South America (NHNorthern Hot, SH Southern Hot, STSouthern Temperate,

SW- Southern Warm, THTropical Hot); (b) air temperature, (c) longwave downward
radiation, (d) shortwave downward radiation, (e) specific humidityyifid speed......... 106

Figure 5.4.Temporal and spatial pattern of diurnal LSWTSs during the historical period-(1981
2020). (a) Average diurnal LSWT of each lake map; (b) Annual diurnal LSWT anomaly per
thermal region(c) Average diurnal LSWT per thermal region; (d) Diurnal LSWT Trends per
thermal region; (e) Diurnal LSWT Trends map; (f) Contribution of meteorological variables to
diurnal LSWT trend Map.......coooieeiiiiiiiieeeeeeee et e e e e e e e e emenns 107

Figure 5. 5.Mean diurnal meteorological variables from 1981 to 2@Bpair temperature, (c)
longwave downward radiation, (d) shortwave downward radiation, (e) specific huniyity,
WINA SPEEM..... ittt et e eeee et et et et e e e e e e e e e e e e e e s amme e e e e e e e e e e e e a e 108

Figure 5.6. Trends in diurnal meteorological variables from 1981 to 2@BY surface air
temperature, (c) lggwave downward radiation, (d) shortwave downward radiation, (e) specific
humidity, (FFWINA SPEEU........ii i 109

Figure 5.7. Historical mea heatwave (HW) and trend maps (198R0); (a) Mean HW
duration, (b) Mean HW Intensity, (c) Mean HW Cumulative Intensity, (d) HW Duration Trend,
(e) HW Intensity Trend and (f) HW Cumulative Intensity Trend............ccccceeeeevieeenn.. 110

Figure 5.8.Diurnalseasonal variability during the historical period (1:2820): (a) Historical
DTR/STR ratio; (b) DTR/STR trend per decade, and (c) Thermal response type (grey circle
defined as .0.0t.NHheEl .S 0 L Y P 111

Figure 5.9.Historical and future projections of lake heatwave anomalies in the studied lakes
under different RCPs, including (a) Total heatwave days, (b) Heatwave durationaiwpkie
intensity, and (d) Heatwave cumulative intensity. The black points represent anomaly values
during the historical period from 1981 to 2020. The thick lines represent heatwave anomalies
and the shaded areas show the standard deviation across thenoudl ensemble. The
projections under RCP 2.6 (blue), RCP 6.0 (orange), and RCP 8.5 (red) scenarios from 2021
10 2099, .ttt ————— bbbt n—— bbbt b et et e ee e e e aan 112



Figure 5.10.Historical and future projections of LSWT anomalies under different RCPs per
thermal region: (a) NH, (b) SH, (c) ST, (d) SW and (e) TH. The thick lines represent mean
temperature anomalies and the shaded areas show the standard deviation ecrmst th
model ensemble. The historical temperature anomalies (black) from 1981 to 2020, the
projections under RCP 2.6 (blue), RCP 6.0 (orange), RCP 8.5 (red) scenarios from 2021 to
2099. (f) Average LSWT during the period of 208099 per thermal regiong{) LSWT
anomalies from 2080 to 2099 under RCP 2.6, RCP 6.0 and RCP 8.5, respectively113

Figure 5.11.Future projections of lakheatwave anomalies (from left to right: total heatwave
days, heatwave duration, heatwave intensity and cumulative intensity) of each studied lake
under (ad) RCP 2.6; (éh) RCP 6.0; () RCP 8.5 scenarios between 2080 and 2099115

Figure A.l. Total observations of LSWT data (a), monthly (b) and yearly (c) time series of
LSWT observations fromh9951999.........ccooiiiiiiiiiiieeee e 161

Figure A.2. Monthly/Annual Total Observations of LSWT and &hfrom 2000 to 2020162

Figure A.3. Mean Chia Uncertainty (%) from 2002020 after removing outliers and

UNCEIAINTY > B0, .. i e e e e e e eeeeeeeeeeeeeeee e e e ettt e s e s e e e e e e e e emnmssnn e e as 163
FIQUIre A4 WOTKFIOW .......ouiiiiiiiiiiiiiice e 164
Figure A.5. Monthly observations per cell of Ghlfrom 2000 to 2020. Observation count
ranged between 0 and 400 per cell Monthly...........uuviiiiiiiieeciii e 165
Figure A.6. Seasonal observations per cell of LSWT and-&tmbm 2000 to 2020. Seasonal
observation count ranged between 0 and 3000 per cell seasanally.......................... 166
Figure A.7. Total observationsf only Chla from 2000 to 2020Q...............evvveieieeeriennns 167
Figure A.8. Monthly observations per cell of only Ghlfrom 2000 to 2020. Observation
court ranged between 0 and 200 per cell monthly..............ovviiiiccceeeecee e 167
Figure A.9. Seasonal observations per cell of only -@Hrom 2000 to 2020. Seasonal
observation count ranged between 0 and 1200 per cell seasanally....................cee... 168
Figure A.10. Annual coefficien of determination between LSWT and &hlthe asterisk (*)
shows statistiglly significant withp < 0.05..........oooiiiiiiiiiiree e 168
Figure A.11.Monthly coefficient of determination between LSWT and-@hthe asterisk (*)
shows statistiglly significant withp < 0.05...........ccoooiiiiiiiiiee e 169
Figure A.12. Trendp-values of annual and seasonal LSWT, the asterisk (*) shows s#dlijstic
significant Withp < 0.05.... ...t e e e e e e e e e e aeeee s 169

Figure B.1. Temperature anomalies derived from GLAST data (12&20) in black and
satellite data (2006@020) in grey; shown in a) Annual, b) Wet season, c) Dry seasoid77
Figure B.2. Monthly temperature anomalies derived from GLAST data (280) in black

and satellite data (206020) IN GEEY ....uuiieiiieiiii e e ee ettt iee e e e e e et e e e e eetas e eeeaenen 178
Figure B.3. Seasonal temperature anomalies derived from GLAST data-@A®&Y) in black
and satellite data (206020) IN QBY. ..cceeeiieiiiiiiiiiiiiiterees s eeeeensebebeeeeeeees 179
Figure B.4. Annual anomaly of LSWT and meteorological variables (12820)........... 179
Figure B.5. Annual range during the historical and future periods driven under different RCPs.
................................................................................................................................... 180

Figure B.6. Monthly historical and future projections of temperature anomalies driven under
different RCPs. The thick lines represent mean temperature anomalies and the shaded areas

Xiv



show the standard deviation. The historical temperanoenalies (black) from 1981 to 2020,
the projections under RCP 2.6 (blue), RCP 6.0 (orange), RCP 8.5 (red) scenarios from 2021 to

72 0L L TS PTPPPPUPPRR 181
Figure B.7. Seasonal historical and future projections of temperature anomalies driven under
(o 11 =T (=T T O = PRSP 182

Figure B.8. Seasonal (@Bnonth) sea surface temperature anomalies from 1980 to 2020.
Warming phases show in red color while cooling phases show in blue color (Source: NOAA,
https://www.cpc.ncep.noaa.gov/data/indices/oni.ascii.tXt)..........cccccvvevvieeeeeeeeeeeeee, 183

Figure C.1. Trend and relative contribution of daily LSWT (SASurface Air Temperature,
LWdown Longwave Downward Radiation, SEbpecific Humidity, SWdown Shortwave
Downward Radiation, WindSpeeW/ind Speed) per thermal regions (NNorthern Hot, SH
Southern Hot, STSouthern Temperate, S\8outhern Warm, THTropical Hot)............ 185

Figure C.2. Trend and relative contribution of diurnal LSWT per thermal regions (SAT
Surface Air Temperature, LWdowhongwave Downward Radiation, S8pecific Humidity,
SWdown Shortwave Downward Radiation, WindSpe®dind Speed)......................... 186

Figure C.3.Total heatwave day anomaliesrghermal regions (a) Northern Hot, (b) Southern

Hot, (c) Southern Temperate, (d) Southern Warm, and (e) Tropical Hot. The thick lines
represent total heatwave day anomalies and the shaded areas show the standard deviation across
the multrmodel ensembleThe historical temperature anomalies (black) from 1981 to 2020,
the projections under RCP 2.6 (blue), RCP 6.0 (orange), RCP 8.5 (red) scenarios from 2021 to

Figure C.4.Heatwave duration anomalies per thermal regions (a) Northern Hot, (b) Southern
Hot, (c) Southern Temperate, (d) Southern Warm, and (e) Tropical Hot. The thick lines
represent average anomalies and the shadms show the standard deviation across the-multi
model ensemble. The historical temperature anomalies (black) from 1981 to 2020, the
projections under RCP 2.6 (blue), RCP 6.0 (orange), RCP 8.5 (red) scenarios from 2021 to

Figure C.5.Heatwave intensity anomalies per thermal regions (a) Northern Hot, (b) Southern
Hot, (c) Southern Temperate, (d) Southern Warm, andr(@pical Hot. The thick lines
represent average anomalies and the shaded areas show the standard deviation across the multi
model ensemble. The historical temperature anomalies (black) from 1981 to 2020, the
projections under RCP 2.6 (blue), RCP 6.0 (oean&CP 8.5 (red) scenarios from 2021 to

Figure C.6. Heatwave cumulative intensity anomalies per thermal regionsdihern Hot,

(b) Southern Hot, (c) Southern Temperate, (d) Southern Warm, and (e) Tropical Hot. The thick
lines represent average anomalies and the shaded areas show the standard deviation across the
multi-model ensemble. The historical temperature anesiéblack) from 1981 to 2020, the
projections under RCP 2.6 (blue), RCP 6.0 (orange), RCP 8.5 (red) scenarios from 2021 to

XV



List of Tables

Table 3.1. List of input variables for DINCAE and DINCAE multivariate.....................! 60
Table B.1 Bias correction results for 4 GCMs and 3 RCPs using 5 bias corrected methods
(Linear ScalingLS, Quantile MappingQM, Quantile Delta MappingQDM, InterSectoral
Impact Model Intercomparison ProjetSIMIP and Scale Distribution Mappin@DM)...174

Table B.2.Simulations for relative contribution of meteorological variables using FLake

XVi



Acronyms and Abbreviations

BRT
CDF
CHgy
Chl-a
CPU
DINCAE
DINEOF
DO
DOC
DTR
ECMWF
ECVs
ENSO
EO

ESA CCI
GAM
GCMs
GCOSs
GHG
GLAST
GPU
HW

IOD
IPCC
IQR
ISIMIP
LIC

LIT

LM

LS
LSWT
LWdown
LWE
LWL
LWLR
MAE
NAO

NH
PBIAS
PDO
QDM
QM
RCPs

Boosted Regression Tree

Cumulative Distribution Function

Methane

Chlorophylta

Central Processing Unit

Data Interpolating Convolutional Autencoder
Data Interpolating Empirical Orthogonal Functions
DissolvedOxygen

DissolvedOrganic Carbon

Diurnal Temperature Range

European Centre for MediuRange Weather Forecast
Essential Climate Variables

El Nifio-Southern Oscillation

Earth Observation

European Space Agency Climate Change Initiative
Generalized Additive Model

GlobalClimate Models

Global Climate Observing System
Greenhouse Gas

Global LAke Surface water Temperature
Graphics Processing Unit

Heatwave

Indian Ocean Dipole

Intergovernmental Panel on Climate Change
Interquartile Range

Inter-Sectoral Impact Model Intercomparison Project
Lake Ice Cover

Lake Ice Thickness

Linear Regression Model

Linear Scaling

Lake Surface WateFemperature

Longwave Downward Radiation

Lake Water Extent

Lake Water Level

Lake Water Leaving Reflectance

Mean Absolute Error

North Atlantic Oscillation

Northern Hot

Percentage Bias

Pacific Decadal Oscillation

Quantile Delta Mapping

Quantile Mapping

Representative Concentration Pathways

Xvii



RH
RMSE
SAT
SDM

SH

SH

ST

STR

SW
SWdown
TDPS
TH
UNFCCC
WHO

Relative Humidity

Root Mean Square Error

Surface Air Temperature

Scale Distribution Mapping

Specific Humidity

Southern Hot

Southern Temperate

Seasonal Temperature Range

Southern Warm

Shortwave Downward Radiation

Lake Titicaca, Desaguadero River, and Lake Poop0 basins
Tropical Hot

United Nations Framework Convention on Climate Change
World Health Organization

Xvili



l. Introduction
1.1. Lakes as sentinels of climate change

Lakes are frequently defined as sentinels of climate change because they are sensitive to
climaterelated changes, making them effective indicators of diaratcing (Adrian et al.

2009) Several studies have found that lakes can give early warning signs of climate change by
alteringthe lake environment and nearby catchment regiGastendyk et al. 2016; Vinna et

al. 2021; Zzhang and Duan 202These changes can include changedsaike Surface Water
Temperature(LSWT), Lake Water Level (LWL), Lake Ice Cover (LIC), and nutrient

concentration in lakes and lake biota.

The rise inLSWT, which is highly correlated with air temperature, has a significant
impact on lake ecosystenadfectingmixing and stratification patterns, and ice cover duration
(O6Rei Il 1y et al . 2.0adké&mixingiegimeodrerpmjacted te thangeldue 2 0 2
to global warminge.g.,polymictic lakes (frequently mixing)/dimictic lakes (mixing twice per
yea) turn to monomictic lakes (mixing once per year) or oligomictic (rarely mixing) regimes
(Shatwell et al. 2019; Woolway and Merchant 208)ch changes can have a major impact
on dissolved oxyge(DO) concentrations in the lake and aquatic, kigch & levels of primary
production and extent of fish habitats they require DO to survive and reprod(feeker et
al. 2017; Anushka and Mishra 2022)

Climatedriven water level fluctuationgKraemer et al. 2020and changes in ice
formation and thawing regime, which regulate lake phenology (seasonal timing of lake
processes) and morphologgharma et al. 2021kan disrupt ecosystem functions (fishing,
transportation, regulation and recreation, etc) and stei(Bharma et al. 2021Water level
is a useful indicator of climate change as it represents the relationship between water input
(precipitation, runoff) and water output (evaporati¢iin et al. 2022)and the timing of the
ice-free season (Adrian at. 2009). The decrease in lake water level can cause an increase in
salinity, and affect the community composition, biomass and aquatic di@&biway et al.
2022c) In glacier lakes, increases in lake water level will be a particular issue owasy to

glacier melts in Arctic areg$Voolway et al. 2022c¢)

Lake ice phenology is another important climate indic@torit and Sharma 2021)ce
phenology includes iceff (the date at the end of the season when ice is no longer

visible/thawed), icen timing (the date at the beginning of the season when ice is first
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observed) and ice duration (days betweeroicand iceoff dates)Brown and Duguay 2022)

Lake ice phenology is driven mainly by air temperafirgit and Sharma 2021; Sharma et al.
2021) Due to recent warming, several deep arctic lakes, which previously had a summer ice
cover, have become ideee during the summertime, resulting in a variety of physical,

chemical, and biological effec(g/oolway et al. 2022c¢)

Changes in thexgort of terrestrial nutrients and orgam@tterdue to climate impacts
or changes in terrestrial primary production can modify nutrient concentrations and ratios in
lakes(Tong et al. 2022)Excessive inputs of nitrogen andfatosphorugo aquatic syms
can alter primary productiorieading to eutrophicatiofexcessive nutrientsincreases in
harmful algal blooms or changes in food web strudi@eghore et al. 2016; Tong et al. 2022)
Decreasing trends in utrient concentrationg(dissolved inorganic nitrogen and total
phosphorus)along with the increasinglissolved organic carbon (DOGjend influence
phytoplankton quantity and qualitgergstrom et al. 2020 hese parameters are also sensitive
to climate change induced chan@ltering primary production, causing toxic algal blooms or

changes in food web structure).

The interactions between lake biota and climate change are cofAphestrong et al.
2021; Kraemer et al. 2021Because of their quick response to temperatumeges, planktonic
organisms can be particularly sensitive to climate change impagtimary production,
zooplankton size and bacterial cell density (Adrian et al. 2009). Climate change effects can
also be reflected in plankton phenology changes, groatks, abundance, and species
composition(Yang et al. 2020; Hebért et al. 2021; Moe et al. 2021)

Lakes can also be considered excellent sentinels of climate change as they are generally
well-defined ecosystems which can integrate climate change tsnpdhin the catchment and
over time, and owing to their global distribution, lakes cover a wide range of geographic and
climatic regiongAdrian et al. 2016)

1.2. Essential Climate Variables (ECVSs)

LSWT, LWL, LIC, Lake Water Extent (LWE)l.ake Ice hickness (LIT and Lake Water
Leaving Reflectance (LWLR) ail defined ad.ake Essential Climate Variables (ECVs) by
the Global Climate Observing System (GCQSLOS 2022) These ECVs are important to
understand and forecast the impacts of climateg#an lakes. These variables are also a vital
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component of the United Nations Framework Convention on Climate Change (UNFCCC) and

the Intergovernmental Panel on Climate Change (IRQ@plway et al. 2020b)

Lake ECVs have been shown to have changedfisigntly in recent decades as a result
of climate change, for example, an increase in LYWD 0 Re i | | y, adecreaaelinLIC2 015)
(Imrit and Sharma 2021; Sharma et al. 202fhpnges in LWL and LWEBusker et al. 2019;
Kraemer et al. 2020)and inChlorophylta (Chl-a) variability (which can beextracted from
LWLR) (Kraemer et al. 2022 hese variables differ substantially based on the lake types and
climatic zones. They also interact with each other, which occasionally leads to aobse r
response to climate change. Water temperature increases, for example, have been shown to
lead to LIC declingSharma et al. 2028nd LWL and LWE decrease due to water loss through

enhanced evaporatig¢@oppens et al. 2020)

Bothin situand satllite observation have been used over the past decades to quantify
lake variability(Carrea et al. 2023\ limitation of insitu datahoweverjs that they might not
give details of lake responses because they typically use-pioigliemeasurefCartea et al.
2023) In addition, different instruments are used at different sites to colleditin
measurements and such data are only occasionally delivered with uncertainty estimations
(Carrea et al. 2023)Neverthelessin situ data are essentiab tvalidate satellite Earth
Observation(EO) (Carrea et al. 2023FBatellite measurements, however, have the advantage
that they can provide globally consistent observations fortermg monitoring even for lakes
in remote and inaccessible areas thatatchave irsitu dataCarrea et al. 2023Recently, the
European Space Agency Climate Change Initiative (ESA CCI) has been developing multi
decadaEO products for Lake ECVs at a global scale called the Lakes CCI project. This dataset
provides a consistent illustration of lakes around the varttlallows their responses to climate
change to be examined.

1.3. Research aims and objectives

Lakes are important water resources. There are around 117 million lakes in the world
(Verpoorteretal. 2014) whi ch cont ai n 8 Wqud fieeshwaten(\Woolweyr t h 6 s
et al. 2020h) Lakes are considered as key indicators of water changes as they are useful to
observe Earth's responses to climate ch@gmlway et al. 2020b)Recently, there has been

growing interest in how lake variables dige globally, including changes in LSW$chmid
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et al . 2014; 006 R dtierletlaly2022tWoalway et &. QIR Agke id® eosvey U ®
(Sharma et al. 2019; Sharma et al. 2024Re water level and volum@usker et al. 2019;
Kraemer et aR020)in response to climate change. However, most studies often have a specific
focuson the Northern Hemisphere, with little attention given to lake variability in the Southern
HemisphergAranda et al. 2021)Previous studies are also often limited to local, individual
lakes, particularly glacial lakgQuade and Kaplan 2017; Wilson et al. 2018; Mergili et al.
2020; Hata et al. 2022)ather than assessing a comprehensive analysis of lakes across the
entirecontinent. Additionally, these studies often analysed only one lake vagableas lake

ice cover or lake water lev€Zola and Bengtsson 2006; Pasquini et al. 2008; Carabajal and
Boy 2021) To date, few studies have been carried out on changeM\it kiESouth American

lakes due talack ofin situmeasurement&outh Americdas a population of over 217 million
inhabitants(NufiezHidalgo et al. 2023)Freshwater resourcesicluding lakesare vital for
economic and domestic activiti@s South Americasuch as agriculturenining, hydropower,

etc and supplying from megacities to remote indigenoeemmunities However, climate
changes projected to cause changesvater temperature analcreasedvater scarcitywhich

will exacerbatesocial conflicts andhegativelyaffect the livelihood of vulnerablepopulations
particularly those imural and indigenouareag(IPCC 2022) Therefore, this study evaluates

the effectiveness of satellite EO and medetived data in assessing the changes in LSWT in
the South American continent and develops a better understanding of historical and future
LSWT and lake heatwave trends under ctenghangeThe specific objectives of this research

are:

1. To evaluatehe most suitablgapfilling methods for satellite EO data for lakes with a case
study of Lake TiticacgPeruBolivia) and b use the gafilled data for analysing the spatial
temporl LSWT of Lake Titicaca;

2. To investigate the pasturrentand futureclimate change impacts on LSWANnd lake
heatwaves in Lake Titicaaan various timescaleslo evaluatethe performance adifferent

bias correction methador future projectiordata;

3. To analyseLSWT variability and lake heatwaves in response to climate warming across
South America during both historical and future peridadsexamine theliurnal and seasonal
variability for classifyinglakethermal response using the ratio of Diurnal Temperature Range

(DTR) to Seasonal Temperature Range (STR).



1.4. Thesis structure

This dissertation includes seven chapters. The first chapter is the introdioctios study.

Chapter 2 presents the literagweview, focusing on climate change impacts on global lakes,

South American lakes and particularly Lake Titicacal a description of the study areas

Chaptes 3 to 5 consist of the main results of this dissertation and provide a comprehensive
understandig of LSWT extremes and variability in Lake Titicaca and South AmeTFitase

chapters follow a scientific paper format, whadntainsAbstract, IntroductionMaterialsand

Methods, Results, Discussion and Conclusion sections. Clgaptesents a submdétl article

t i t BEvauitingigagdilling techniques for satellitelerived surface water temperature: A case

study of Lake Titicaoca, whi ch anal y s e-illing rhethodmforsdtellite HO t ab | e
data for lakes with a case study in Lake Titicaadlowing by chapterd- a submitted article

under r e Viheecwrrent and futwedwarining of Lake Titicaca r eport s t he v
of LSWT and lake heatwaves and the influence of meteorological variables during the
historical and future periods. Qtar5i s a s u b mi t tEmelging changes inklket i t | e
temperature extremes and variability in South América whi ch expands t he
Chapter4 to lakes in South America and reports novel findings of lake thermal response using

the DTR/STRratio. Finally, chapte6 concludes the dissertation Bymmarisingthe key

resuls, andcontributions and proposing future research directions.



[l. Literature review

This chapter presestan overall literature review on lake surface water temperature research.
The physicechemical and biological impacts of climate change on global lakes are discussed
in the first sectionThe next section reviews South American regiand lakes under the
changing climate. A review of climate change impactsa@pecific lake Lake Titicacais

provided in the last section.

2.1. Climate change impacts on global lakes
2.1.1. Climate change impacts on lake physics
2.1.1.1. Lakesurfacewater temperature

LSWT is critically important for lake ecosysteniscan influence physical (lake stratification
length and period), chemical (solubility of gases and minerals, chemical reaction rate) and
biological (changes in phytoplankton biomass and primary pradycprocesses in lakes,
which impacts lake ecological conditiof&drian et al. 2009; Dokulil 2014; Jeppesen et al.
2014)(Fig. 2.1) LSWT is also considered as indicator of climate chdAgeian et al. 2009)

as it responds directly to the changes in climate forcings such as air temperature, solar radiation,
evaporation, et€Rose et al. 2023)Additionally, LSWT effectsstratification, seasonal deep
convective mixing, ice covegiSchmid et al. 2014)ight availability andDO concentrations
(Kraemer et al. 2021). SWT can also affect aquatic organis(@esguéitier et al. 2022}y
causing ecological and physiological changes such as shifts in seas@aéyner et al.

2021)
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Figure 2.1. The importance of LSWT in lake ecosystems

LSWT has increased significantly in recentdecdd&c hmi d et al . 2014,
2015; Kraemer et al. 2021; Desgitiér et al. 2022; Tong et al. 2023 ccording to O'Reilly
et al.(2015), global LSWT had an increasing trend of 0.34°C deoddeng the period 1985
2009, which was compatible with the surface air temperature trend (0.25°C "Yeaade
higher than the sea surface temperature trend (0.12°C d¢cBdeent researcH dong et al.
(2023) showed that LSWT of 92,245 lakes globally increased at a rate 6€CQd24ade
between 1981 and 2020. Additionally, daytime and nighttime LSWT sramge from-0.2 to
0.8°C decad@ in the same perio@Tong et al. 2023)Schneide and Hook (2010) analysed
lakes globally from 1985 to 2009 and discovered that mean inighttarming rate of LSWT
was 0.45 + A1°Cdecade (Schneider and Hook 2010)

Recently there has been growing attention to thernal temperaturgange (DTR),
which represents temperature variations within en@dr period. DTR variability plays a
crucial role in biogeochemical processes in ldk@solway et al. 2015; Woolway et al. 2016;
Choi Gski and &d is essehtial Zoatke iRe@ptetdtiprdaamalysis of LSWT
trends(Woolway et al. 2016)LSWT is mainly influenced by air temperatyf&chmid et al.
2014) resulting shifts in DTR and thermal regime&SWT has been forecast tacreaseby
70-85%of theincrease in air temperatugchmid et al. 2014)hus, & local air temperature
increases within a warming world, LSWT changes accordingbwever, some lakes have
been shown to be warming at faster rates than air temperaturexample, lakes in nibern
Europe or the Great Lakarea in North Americhave experiencedSWTs increasingat a
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more rapidratethan air temperaturgSharma et al. 2015pther climate forcings that influence
LSWT variation are solar radiatiofWetzel 2001) wind speedWiest and Lorke 2003)
precipitation(Rooney et al. 2018and lake properties such as lake area, depth, and volume
(Schindler et al. 1990; Kraemer et al. 2015; Sharma et al. 20i&Yall, LSWT in shallow
lakes can warm faster compared to deegdattue to heat storage capackyaemer et al.
2015; Sharma et al. 2015)

LSWT is projected to rise globally by1-4°C by the end of the centu(rant et al.
2021) The LSWT increase varies between regions, for example, lakes may warm more in
southern temperate latitudes in North America and Eurasi&@{@4y 20772099 relative to
1971-2000) (Grant et al. 2021)The IPCC has introduced the Representative Conexiotn
Pathways (RCPs) of greenhouse gas (GHG) emission scenarios for use in climate modelling
and research. Four RCRscluding RCP 2.6 (low GHG), RCP 4.5 and RCP 6.0 (intermediate
GHG), and RCP 8.5 (high GHGIPCC 2022)are consideredThe GHG leveldor the RCP
2.6 scenario reflect a world that aims to keep the temperature under 2°C hywRil@@hose
for RCP 4.5 and RCP 6.0 keep the temperature increas80 and 24°C correspondingly
(IPCC 2022) In the RCP 8.5 scenario, the temperature naet to warm during the 21
century (IPCC 2022) Lake bottom water temperatures are forecasted to also increase by
0.9 N 0.3AC, 1.6 N 0.4AC, andrespectelyby 2099 7 AC u
relative to 197@1999(Jansen et al. 2022)

2.1.1.2. Lake ice cover

Ice plays an important role in ecosystem services for more than half of the world's lakes and
influences hydrological cycle regulation, human transportation, fishing and cultural activities
(Sharma et al. 2021)1C affects other processes in lakecluding lake physics, chemistry and
biology (Sharma et al. 20195harma et al. (2019) usétC observations from 513 lakes in

the Northern Hemisphere to predict winter ice cover loss. According to their results) 14,80
lakes currently have discontinuous winter ice cover, with the number increasing to 35,300 lakes
(2.8%) and 230,400 lakes (18.4%) at increases in air temperaturéGfft@n the Paris
Agreement under the United Nations Framework Convention on Climateg€hand +&

(no climate change mitigation), respectivE€Bharma et al. 2019)Under the RCP 6.0 scenario,

41,00090,000 lakes are predicted to have intermittent winter ice cover by 2080, while under



the RCP 2.6 scenario, 27,088,000 lakes will loséce cover in early 208(Sharma et al.
2019) This phenomenon could potentially impact 656 million people in 50 cou(Biesma
et al. 2019)

Ice phenology refers to the study of the period of ice freezing and brg@Walgh et
al. 1998) Phenobgy change in ice is affected by water temperature increase, ice cover decrease
and longer thermal stratificatiofdensen et al. 2007; Brown and Duguay 2010; Ndges and
Noges 2014)ice breakup timing is affected by air temperathMagnuson et al. 2000 the
Northern Hemisphere, ice freeze timing was found to be 11 days later since 2004 for 31 lakes,
whereas ice break up timing was 6.8 days earlier for 58 lakes, with the ice duration reduced to
17 days per century for 30 laké€Sharma et al. 2021According toWang et al. 2022mean
ice duration globally is projected to decrease to 49.9 days byc@d99ared withihat recorded
during the baseline period of 2062020 under RCP 8.5. Ice duration is forecasted to decline
by > 45 daygelative to the 197000 baseline period, which is projected to be highest in
coastal areas and in Scandinavia by the end of the century, under the RGPaBt=et al.
2021) In the Northern Hemisphere, the availability of safe ice for recreatiothfdesr than
10 cm) has been projected to reduce to 13, 17, and 24 days under global warmifig@ of 1.5
(20242038), 2C (20372051) and X (20612075) (relative to 1960929)(Woolway et al.
2022b) Based on measured data, ice freeze timing and duragom found to be six times
faster in the last 25 years (1990816) compared to the past quarter cen{@®lyarma et al.
2021) Ice freeze timing is occurring later in winter and breaking up earlier in spring in recent
decades and ice duration is decnegdiy more than 2 weeks/year, leading to a loss in ice cover,

intermittent ice cover or disappearance of(iearmesan et al. 2022)

2.1.1.3. Stratification ananixing regimes

Thermal stratification is a phenomenon due to temperature changes wheatetheolumn in

lake divides into distinct layers, influencing lake vertical fluxes of dissolved and particulate
material(Boehrer and Schultze 2008tratification occurs because of the thermal expansion
characteristics of water, which createde@ady vertical density gradigi@oehrer and Schultze
2008) Generally, stratified lakes show three identifiable layers: epilimnion, metalimnion and
hypolimnion. The epilimnion layer is the upper layer, directly below the water surface and

interacts wih atmospheric forcings such as wind and sunlight. Thus, it is the warmest layer and



is typically well mixed. The thermocline which occurs within the metalimnion, is the point of
maximum temperature change and separates epilimnion and hypolimnion layers. Th
hypolimnion is the bottom layer, which is the densest and coldes{\&p@aiway et al. 2017b)

The duration of stratification can last from hours to months or even be permanent in certain
lakes. However, some shallow lakes do not stratify in the suronanly for a short period of

time. These lakes are called polymictic (mixing several times per year) and they can be divided
into continuous (daily) and discontinuous polymictic (not occurring every day). Dimictic lakes
are those that have two mixingrigels per year while monomictic lakes are stratified once per
year. Less common are lakes that circulate incompletely, causing stagnant conditions in the
bottom layer. These partially mixing lakes are called merom{@toolway and Merchant
2019)

Manycrucial lake processes such as nutrients and oxygen cycles, plankton composition,
primary production and habitavailabilityare affected by thermal stratification patteficesbaj
et al. 2018)Exacerbated thermal stratification of lakes can irewdake anoxia, stimulate the
growth of planktonic, bloorfiorming cyanobacteria, and alter internal nutrient loading, all of
which have an impact on lake productivigraemer et al. 2015)ncreases in air temperature
affect stratification duration anthtensity (Desguéitier et al. 2022)and mixing regime
(Vincent 2009) Depending on the changes in climatic factors such as air temperature, solar
radiation, cloud cover, wind speed and humidity, which can affect the lake heat budget, the
mixing regime will change(Woolway and Merchant 2019)Vertical mixing intensity,
frequency and duration have been decreasing in deep temperate lakes, and hence vertical

temperature gradient of the surface and deep layerfDesguétier et al. 2022)

Changes in lake mixing classification or mixing regime shifts as a consequence of
climate change have besrported Shatwell et al. 2019Polymictic lakes have been identified
as being particularly vulnerable to mixing regime st{if#®oolway et al. 2017b)n monomictic
lakes, winter mixing can be inadequate and irregular, whdbktmictic or dimictic lakes can
turn into monomictic lakes due to climate warmii@hatwell et al. 2019)Some deep lakes
which are monomictic will encounter persistent stratification throughout the year, decreasing
mixing intensity and inhibiting deepater regeneratiorfAdrian et al. 2016) Therefore,
monomictic lakes will have a tendency to become oligomictic, which are not fully mixed every
year (Adrian et al. 2016)During winter, if the ice cover decreases, shallow polymictic lakes

will experience permanent mixing throughout the yéadrian et al. 2016)Woolway et al.
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(2019) used numerical modelling to investigate global climate change impacts on mixing
regimes in 635 lakes. Tieresults showd that some monomictic lakes will become
meromidic (permanently stratified), while some dimictic lakes will become monomictic
(Woolway and Merchant 2019pue to climate changepacts, mixing frequency in lakes is
projected to continue to reduce in the fut(v¢oolway and Merchant 2019Nevertheless,
projecting mixing behaviour under climate change remains a challPagmaesan et al. 2022)
Inverse thermal stratification is likely to stop due to rising LSWT and loss of ice cover during
winter in the north temperate lak@Barmesan etl.a2022) Under the high GHG emission
scenario RCP 8.5, lake stratification in the Northern Hemisphere is projected to begin 22.0 +
7.0 days earlier and finish 11.3 + 4.7 days later than is experienced now by the end of the

century(Woolway et al. 2021a)

2.1.1.4. Lake water level and lake water volume

The variability of precipitation and evaporation ratio affects water budget, lake retention time,
lake depth and lake water extgiincent 2009) Lake levels and surface water extent are
affected byice cover, water temperature, and evaporation rate ch@ngedway et al. 2020b)
Additionally, precipitation and land surface runoff impact lake level and water extent
(Woolway et al. 2020b)

Vincent et al (2009) stated that large and shallow lakee fluctuated and some have
had reductions in their water budget due to climate warming. Lake water quantity can decrease
rapidly as a consequence of higher evaporation rates during periods of increased temperature
and sunlight or with a reduction inqmipitation (Woolway et al. 2022c)Lake water level
decreased intensely in some areas, for example, the water level and extent of Lake Chad in
Africa dropped greatly due to the decline in precipitation and catchment discharge along with
theriseinevapr at i on. Over the |l ast few decades, L
less than  deep because of climate charfgecent 2009) The lake area decreased from
25,000 knd in the early 1960s to 1350 Krim the 1990s due to the reduction in precipitation
(Vincent 2009) Both climate change impacts and water demand increases accounted for this
decline in lake area®/incent 2009) Similarly, declining water levels have been recorded in
Lake Poop6 in Blivia as a consequence of low discharge ftbeDesaguadero River. In 2015

and 2016, this lake recorded its lowest level in hisf@/golway et al. 2022c)
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Evaporation can cause a greater reduction in lake water from unfrozen and warmer
lakes than othdakes(Wang et al. 2018b)Lake evaporation igrojectedo rise and will vary
regionally due to global warming and dry areas such as tropical America, the Mediterranean
and Southeast China will be particularly vulnerabitaereas lake evaporation Wilkely
reduce in wet areas (for instance, high latitudes areas and the Tibetan REteaugt al.

2021) Lake evaporation change depends on regional hydro climate dZdrayeet al. 2021)
According to La Fuente et al. (202g)pobal annual lakevaporation ratesre likely to increase
by 27% by the end of the 2tentury relative to the 1970999 bas@eriodunder the RCP 8.5
(Fuente et al. 2024yvhich is higher than th&6% projected by earlier studigsVang et al.
2018b; Woolway et aR020b)

Climate extremes such as storms or increased precipitation events can lead to an
increase in flooding in some regioifg¥incent 2009) Extreme precipitation affects lake
ecosystems and their services such as drinking water provision, biogieerfssth production
and escalates the risk of disruption to these seryie@® et al. 2016)Lake responses vary
based on precipitation magnitude and timi@gnnings et al. 2012however, extreme
precipitation can disturb the water column's phgisstructure, nutrient cycle and lake biology
(Eyto et al. 2016)Extremeprecipitation leads to flood pulses, resulting in a rise in dissolved
and suspended substances imported into the(Eake et al. 2016)However, in certain areas
such as the Miiterranean, precipitation is forecasted to decline {3@% runoff decrease by
20402061), which may causereduction imutrient input to lake§leppesen et al. 2014)

Other extreme eventsuch a<l Nifio and LaNifiga |l so af fect the | ak
and volumeEl Nifio is a climate pattern characterized by unusually warm surface waters in
the eastern tropical Pacific Oce@menberth 1997)EI Nifio is the warm phasehile La Nifia
is the cold phase of the El Nif®outhern Oscillation phenomenon (ENSD)enberth 1997)

The ocean component of ENSO is represented by El Nifio and La Nifa, while the atmospheric
component is represented by the Southern Oscillélimmnberth 1997)El Nifio events occur

every one toie years in recent decades and are generally followed by La Nifia events
(Bergmann et al. 2021ENSO causes weather pattern variability, leading to disasters such as
drought, flood and storm ever{tséang et al. 2018)As a result, these changes impagimans
(e.g.,diseases such as cholera, dengue and malaria), ecosystgnfisti die or migrate) and

the economyd.g.,food production and irrigation)Yang et al. 2018)The Pacific Decadal

Oscillation (PDO) is a longerm ocean fluctuation of the Pacific Ocean, over the period of 20
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to 30 yeargMantua et al. 1997PDO influences ENSO variabilitf.ima-quispe et al. 2021)

and impacts the hurricane's intensity in Atantic and Pacific, drought and flood frequency

in the Pacific basin, marine ecosystem productivity and global temperature (lkardsa et

al. 1997) The North Atlantic Oscillation (NAQO) is the difference in surfacelegal pressure
between the Sutopical (Azores) High and the Subpolar Lélu et al. 2023) NAO causes
changes in temperature and precipitation trends from eastern North America to western and
central EuropéLiu et al. 2023) The difference in sea surface temperature betweeretyians

(or poles, thus a dipole)a western pole in the Arabian Sea (western Indian Ocean) and an
eastern pole in the eastern Indian Ocean south of Inderisgialled the Indian Ocean Dipole
(IOD) (Pillai et al. 2023)Both phases of IOD affect temature, precipitation variability and
wind anomaliegPillai et al. 2023) Variation inlake water level is related to the oscillating
dynamics in hydroclimate ENSO, PDO, NAO, and I@aemer et al. 2020Because of the
positive phase of NAO, the w&x level in some lakes in Poland might rise by 20(Kknaemer

et al. 2020) During the late 1990s, water levels increased by 1 m in eight East African Great
lakes in < 1 year because of the ENSO and IOD eff&etemer et al. 2020However, the

lake water storage forecast is limited due to the lack of reliable-termg, homogenous and

spatially hydrological observatioffBarmesan et al. 2022)

Lake water volume is defined as the volume of the lake basin or the amount of water
below the surfacava t e r l evel, and it I's also called
capac¢Anetwlo2022) The difference between the | ake
compute the change in lake water volume. Precipitation, runoff, and groundwater are often
included in the inflow while evapotranspiration and surface runoff outflow are included in the
outflow (An et al. 2022) Several studies, using various methods such as remote semging,
modellingreveal that lake water volume has bekstreasingn many lakeqCretaux et al.

2013; Gronewold and Stow 2014; Wurtsbaugh et al. 2017; Wang et al. 28I@agnt study
from Yao et al. (2023) showed that 53% of th@72 studied lakes experienced water losses
between 1992 and 2040 ao et al 2023) It has been estimated that lake volume reduces
globally at a rate 026.38 + 1.59 Gt yeht, attributedto human activities, temperature changes
and evapotranspiratigfyao et al. 2023)Lake water volume declines in certain lakesdue

to temperature increases and precipitation decreases. For instance, Toshkal18ke (.10

Gt year!) in Egypt, Lake Khyargas@.35 + 0.03 Gt yed) in Mongolia, and Lake Goee-
Zareh (0.48 + 0.17Gt year') in Afghanistarhaveexperiencd water losse§Yao et al. 2023)
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Conversely, the water volummef other lakesavereducel because of changes in runoff and
precipitation, for example, Lake Titicac@®(12 + 0.08 Gt yed), the Caspian Seal@8.80 +

0.93 Gt yeat), and the Great Salt Lakeéd(29+ 0.08Gt year?) in the United State@rao et al.
2023) Changes in lake water volume can impact activities including water supply (irrigation,

industrial), recreation and tourism (fishiagdboating)(Busker et al. 2019; Feng et al. 2022)

2.1.2. Climate change impacts on lake chemistry

Changes in LSWT can i nfl uen (dlcock leteal. 1083) er 6 s
Specifically,anincrease in LSWTanresult ina decrease isaturation capacity, consequently
reducingdissolved oxygen concentratiof/ilcock et al. 1998) Thus, this decrease in DO
level can leado oxygen depletion in the laKdeppesen et al. 2009ane et al. (2021) also
suggest thatvater temperature 3¢ and a decrease in water column mixing may leaa to
depletion of hypolimneti©O concentrationgJane et al. 2021Yheir research alssuggested

that DO in surface and deep waters in 400 lakes from 1980 tad2@igaseby 4.1 and 16.8%
respectively Oxygendeficient conditions are projected to rise in the deepest water layers by
more than 25%Schwefel et al. 2016 Due to heatwaves, ater temperature increases and
mixing decreasegesultingin a decline in oxygen and de@mter oxygen replenishemt
(Parmesan et al. 2022)

Changes in weather patterns (temperature rise and precipitation, extreme events
frequency and intensity) affect the composition and concentration of r(ibakilil 2014)
Evapotranspiration is projected itacreasewhich impacts the hydrological cycle, indirectly
affecting other water resources and ecosystem seriBaaalil 2014) Other factors such as
pH, ionic strength and composition, and conductivity are sensitive and usedices for
weather changes andater balancéAdrian et al. 2009)

Nutrient dynamics itakesare projected to change as a consequendaradtechange.
Research has shown evidence that increases in lake water temperaturedry R ta rise
in methane (Ck) emissions by 10183% and 4756% in highly eutrophic lakes and
oligotrophic lakes, respectivelf{Sepulvedalauregui et al. 2018)Total phosphorous
concentration in lakes is affected by external loading variations and is lower during winter
(Jeppesen et al. 200Bhosphorous release from sediments may be associated with the increase

in temperature in shallow, nestratified lakes(Jeppesen et al. 2009n many European
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regions, the nitrate concentration in water has been rising, causing several issues such as
acidification and phytoplankton composition chanf@sorge et al. 2010 he ratio between
nitrogen and phosphorous has been increasing due to imbalanced anthropogenic inputs, which
impacts ecosystem functior(e.g., food resource quality for secondarpnsumers) and
ecosystem productivity in some regiofWu et al. 2022)As the climate warms, nutrient

limited lakes are expected to be less productivieereas nutrieatich lakes will possibly
become more producti@drian et al. 2016; Kraemer et aD27b) In two high Arctic lakes,

major ion concentrations such as sulphate;t§®ave risen quickly up to 500% from 2006 to

2016 and 340% from 2008 to 20(Baretta et al. 2022)

2.1.3. Climate change impacts on biological communities

Due towarming trends, species' relative abundance, species composition and biodiversity are
forecasted to change in lakes globally. Nevertheless, to date, the understanding of current and
future climate changdriven changes in the global foaeb is limited(Pamesan et al. 2022)
Physical and chemical changes in lakes affect aquatic organisms' physiology, distribution,
composition and developmegAdrian et al. 2009; Parmesan et al. 2022pke temperature

rise can lead to a decrease in oxygen concemesatmd affect the biological community
structure(Caretta et al. 2022)

Climate change affects fish species' distributions, abundance and community structure
(Adrian et al. 2009)Due to the increase in LSWT, cedtenothermal abundanaogr¢tic charr)
is decreasing while eurythermal fish abundance is increasing in northern temperate lakes
(Jeppesen et al. 2012; Jeppesen et al. 20049se changes will lead to an increase in
phytoplankton biomass because predation pressure on zooplankton willeeacalajrazing
pressure on phytoplankton will decre&3eppesen et al. 2014; Adrian et al. 20D¥creases
in lake mixing may result in the reduction of nutrient concentrations and an increase in silicon
to phosphorous ratipg/hich can affect diatom gwth and primary productivitfParmesan et
al. 2022) For example, lake mixing declined because of warming in Lake Tanganyika, Zambia,
causing a reduction in algal production, oxygenated benthic habitat (~38%), and fish and
mollusc yield(Caretta et al2022) Fish and invertebrates are vulnerable to temperature and
oxygen stresgPauly and Dimarchopoulou 2022; Bonacina et al. 20E8)reme heatwage

cause local fismortality in lakes as the temperature rises and oxygen concentration exceeds
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critical levels(Till et al. 2019) According to Till et al. (2019), from 2004 to 2014, 502 large
fish died in Wisconsin lakes due to extreme heat in the sur(ifieret al. 2019) When
compared to historical levels, such events are expected to double b@Btand quadruple

by 20812099(Till et al. 2019) On the contrary, extreme cold temperatures with continuous

ice cover led to fish kills in Scandinavia and North Ame(#&lrahans et al. 2013)

Increased strength of vertical thermal stratification in lakes due to climate change can
result in changes in phytoplankton species composition, particularly among taxonomic groups
such as diatoms, flagellates or cyanobacigdrian & al. 2009) Due to water temperature,
atmospheric C®and precipitation increasefreshwater macrophyte growth is expected to
escalatqHossain et al. 2017; Reitsema et al. 2018arming water temperatures can cause
longer thermal stratification thaan decrease primary production in large nutierdr lakes
(Kraemer et al. 2017bpccording to Kraemer et al. (2028)hl-a concentrations decreased by
about 56% of the lake area in 344 large lakes globally between 1997 t¢gkt@2éner et al.

2022) These productivity reductions may not only be a response to climate ¢Ramgesan

et al. 2022)but may also be due tanthropogenic activitf{Kraemer et al. 2022)Climate
change affects nutrient loading to lakes, leading to an increase in algal growth and resulting in
changes in algal biomag@<sakouei et al. 2021)it is also recognised as one of the main factors
leading toa rise in phytoplankton biomass and cyanobacteria abun@i@akeuei et al. 2021)

A recent study by Kakouei et.gdP021) investigate the impacts of climate change and land
useon phytoplanktorand cyanobacterias well as forecastl thar future response in more

than 1500 lakes across Europe and North America. Their results highlighted that there will be
a rise in phytoplankton and cyanobacteria biomass, however, this varied regikaétyei

et al. 2021) Nonetheless, any increase ormase in algal biomass is not only a consequence

of climate change but is also regulated by other changes in local weather conditions, land use

and restoration, lake morphology, salinity and biotic interaciiPasmesan et al. 2022)

2.2. SouthAmerican lakes

South Americahas an area of 17,870,218 kfnlames and Zagarese 200®ig. 2.2) This
continent includes twelve countries, including Argentina, Bolivia, Brazil, Chile, Colombia,
Ecuador, Guyana, Paraguay, Peru, Suriname, Uruguay, arezMda. There are four main

geomorphologic areas: the Guiana and Brazilian Highlatius,interior lowlands, the
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Cordillera and the Patagonia Stefptames and Zagarese 2009he continental shield of
northeasterrSouth Americas formed by the Guianand Brazilian Highland¢Llames and
Zagarese 2009Along the centre of the continent, lowlands spread southward froofethes

del Norteto the Argentinean Pamp@he climate, vegetation and hydrology in these lowlands
vary greatly(Llames and Zagare<2009) The Cordillera extends along the Pacific coast from
north to southlt consists of the Andes Mountain ranges as well as high intermountain basins
and plateausThe area is seismically ag¢, with regular earthquakgklames and Zagarese
2009) Numerousvolcanoesexpand inthe AndearCordillera, although the majority of them
areinactive The Patagonia Steppe is located between east of the Andes and south of the
Colorado River. The Patagonian commonly features tablelands (formed by erosion, smaller

than plateaus, usually found at a lower elevatfbldmes and Zagarese 2009)
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Figure 2.2. South American Map (SourcRivas Martinez et al. 2011

South Americdhas a variety of climates and can be divided into three areas: equatorial
and tropical, subtropical and extratropical. The climatic zones are influentled dyographic

presence, oceanic boundary conditions and{acgée phenomena, specificathe Pacific and
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Atlantic Intertropical Convergence Zonmonsoon, South AtlantiConvergenc&one and the
westerly wind bel{Garreaud et al. 2009The equatorial climate mainly corresponds to the
Amazon BasinJiminez and Oliver 2005 he tropical and subtropical areas have a distinct
seasonal precipitation cycle, with a maximum north of theator during austral wintehnjgh
precipitation fromthe southern Amazon Basin to northern Argentina during austral symmer
and maximum precipitation steadily returns to nortl&wnth Americaluring austral autumn

The climate is classified as monseldee in the central part douth Americaas the lowevel

wind directionnever reverseshe Intertropical Convergence Zoftbe area near the equator
where the trade winds of two Hemispheres come togethih) convective precipitation near
theequator, is a critical featur&he dryareas include the caas desert in Peru and ChilB (
30°S adar north as 5°S), the eastern dipnortheast Brazil and the extratropical plains east in
the AndegGarreaud et al. 2009 he extratropical lies along the west coast of soutS8euth
Americaand Patagoni@Jiminez and Oliver 2005)The extratropical climate is characterised
by a yeairound lowlevel westerly flow, accompanied by a reduction in pres&eaereaud et

al. 2009) Extratropical precipitation has pronounced zonal asymmetry, with extremely rainy
(dry) weather to the west (east) of the And&sdillera (Garreaud et al. 2009Yhe arid
diagonal area (below ~ 19) runs from the Pacific coast in Peru and Chile to the Atlantic coast
in Patagonia, southern Argentifidames and Zagarese 200%his area is dry, lacks moisture,
and has low precipitatiofi.lames and Zagarese 200Patagonia has a very dry conalitidue

to the forced subsidence over the eastern A(l@aseaud et al. 2009)

South Americas under pressure of climate change such as increasing air temperatures
(de Barros Soares et al. 2017; Dereczynski et al. 2020; Radiéado et al. 2020)
precipitation patterns shiftingEspinoza et al. 2019; Carvalho 2020; Giraldez et al. 2020)
Andean glaciers retreatir{§alzmann et al. 2013; Vuille et al. 2018; Masiokas et al. 2829)
a growing frequency of extreme events such as floods, droughkitsyiklfires (Bennett et al.
2023; Cavazos et al. 2024; Feron et al. 20PA¢se impacts will be described in the following

sections.
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2.2.1. Climate change impacts in South America
2.2.2.1. Aitemperature

Air temperature variability is influenced Hatitudinal extenttopography(Garreaud et al.
2009; Espinoza et al. 2020; Arias et al. 2021dithe geography dbouth Americaincluding

the Andes Mountains, Amazon, and the southern regions. The annual mean air temperature is
21.1 + 6.6C andthe mean annual precipitation is503 mm inSouth America(Fick and
Hijmans 2017) The coldest temperatures are recorded in the southernmost area of Chile, with
a temperature of°€, whereas the highest temperatures are over the equatorial 3@8ICY~
(Almazroui et al. 2021)The Andes play a considerable role in influencing temperature
variations At the equator, the Andes form distinct temperature patterns on the eastern and
western slopes, with the eastern side regularly experiencing wagatgrex due to the Amazon
Basin(Garreaud et al. 2009yhe Amazon Basihas consistent temperatures during the year,
with mean annual temperatures ranging frabfiC2to 27°C, while diurnal changes can be
significant (Gloor et al. 2015)On the contrarythe southern parts @outh Americahave
stronger seasonal temperature changes. Couhleesrgentina and Chile feature cold winters

and warm summers, with mean annual temperatures ranging from 12°C tgRL&WCucci

and Barrucand 2004; Rusticucci and Tencer 20@B)temperature hda warming trend of
+0.23°C decadé from 1991 to 2021 irSouth AmericaWorld Meteorological Organization
2021) Temperature anomalies increased byGr1 +2°C in 2021 relative to 1982010 in
northeast and central Braztentral and southern Argengincentral Chile and Colombia
(World Meteorological Organization 2021)n other parts ofSouth America including
Venezuela, Guyanaprth of Bolivia, northeast Chile, north of Brazil and west of Uruguay, the
temperature anomalies increased by %0.t%h 2021 (World Meteorological Organization
2021)

The frequency and magnitedf warm temperature extremes will increase by the end
of the 2% century(Margin et al. 2014)(Skansi et al. 2013eportedwarming trendsn both
maximum and minimum temperaturgiace the middle of the $Qentury particularlyin the
Andean region and southeast&auth America Temperatures are expected to escalate by
+2°Cto +3°Cand +3Cto +5°C by 2100 under the RCP 4.5 and RCP &5pectivelyLlopart

et al. 2020)with the most significant warming in the Amazon basin and central Andes.
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2.2.22. Solarradiation

South Americas one of the three areas that have high radiation in the southern hemisphere
(along with South Africared Australia), spreading from latitude°Bdduring the winter to 3&

during the summer with the highest values recordétb@tgcalc nfd a'y(~ 363 .2 W m
(December and Januar§Black 1956) There is high solar energy potential in all countries in
South Americaespecially Chile and BraziMeisen and Krumpel 2009High levels of solar
radiation occur in the equatorial and tropical arsash as northeast Brazil with the highest
value 0f6.5 kWh/nf (Martins et al. 2009)The northern area of Chile shows the highest levels

of irradiation(Vargas Gil et al. 202Mecause of thAtacama Desertwhich has thdighest
long-term recordedsolar irradiance of any plade the world(Rondanell et al. 2015) The
Cordillera Domeyko is located in the west of Atacama, northern Ch#é°5°S, along

69°W), has the highest downward solar radiation on Earth at a ra3@0oft 15 W né
(Rondanelli et al. 2015Northeast Brazil, northern Colombia, northern Argentina and the west
coast of Peru also show substantial irradiation compared to other coyMeeen and
Krumpel 2009) Solarirradiationis moderate in much of thether parts of theontinent and

low in the Amazon rainforegWargas Gil et al. 2020Pue to the dense vegetation canopy and
cloud cover, low incoming solar radiation occurs in Ameazon Fores(Martins et al. 2009)

The Andes mountains have different solar radiation patterns betieeast and west slopes.

The eastern part of the Andes receives low levels of solar radiation because of greater cloud
cover, whereas the western slopes experience higher radiation because of a clearer sky
(Garreaud et al. 2009 his great potentialfocsolar radiation has resulted an increased
interest in solar energy as a renewable energy resourBeuth America development
(Martins et al. 2009)

Climate change affects solar radiation variability, potentially increasibgcause of
reduceccloud cover, but imightalso cause reductioiihe northern area &outh Americas
expected to receive an increase of shortwave downward radiation at approxirBatelym >
in mostregiors, witha highest valuef +64 W ni? in northern Colombidy the end of the
century in relation to the period of 197099 under the RCP 2@arvaez et al. 2023)
Nevertheless, shortwave downward radiation values are forecasted to decrease in some areas
such as western Ecuade8@W m'?), Bolivia (-42 W m'?), and southern Perdl(l2W m'?)
by 2099(Narvaez et al. 2023 he southern areas of the continent are unliteeBxperience

significant changes. Under the RCP 8.5 scenario, solar radiation is predicted to increase by
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more than 30 W m' 2 in the northern area with the highest value of ¥W4n'2 in northern
Colombia by the end of the 2tentury(Narvaez et al. 2023A reduction of solar radiation

will likely happen in the coastal areas, including EcuaeR®\ m'?), and in soutérn Peru+{
130W m'?) (Narvaez et al. 2023Yhere is an increase in solar radiation at the average rate of
+11W m' ?on the continenfNarvaez et al. 2023)

2.2.23. Humidity

Theatmospheric conditions are also closely related to humiéigproximately 80% ofouth

Americais located in the tropics, with most of the basins dominated by a warm and humid

climate (Bréda et al. 2023)For example, the relative humidity (RH) was recorded from 46

62% in western Argentina, 6880% in the Guajat Peninsula, Colombia or Buenos Airexan

be up to 90%Eidt 1969) The Amazon Forest, which occupies 35% are&afth America

and 65% of the tropical area, is one of the most humid climates in the(®atigamurty et al.

1998) On the contraryhie Atacama Desert in northern Chile and northeastern Brazil is one of

the most arid areatue to the cold Humboldt Current alogv precipitation(Satyamurty et al.

1998) Vicente Serrano et a2018b) reported the changes in RH globally between 1979 and

2014 using the ERAnterim dataset. Their results showed that RH decreastalith America

except for norther&outh AmericgVicenteSerrano et al. 2018bA significant reduction was

recorded in Peru, Bolivia and central Argentina with a rate f&¥h decadé to -10% decade

! This decrease was also observed in Specific Humidity (SH) trends, with a notable reduction

in the Amazonia area and south&auth America(from -1 to -2 g kg* decad#) (Vicente

Serrano et al. 2018bpue to the changes in air temperature in the gagnied, these areas

exhibited a water vapour decrease of ab@ug kg' decadé to maintain steady RH levels

(VicenteSerrano et al. 2018bThe La Plata region reported a decreas®@% decadéin

RH due to changes in land evapotranspirationpgadipitation(Vicente Serrano et al. 2018b)

The study indicated that SH is the main factor which drives RH variability. As oceans warm at

a slower rate than land, the SH of air from the ocean also increases slowly, resulting in a

decrease in RH. Thidfect explains the decrease in RH in the Amazon, where limited moisture

sources from the ocean contribute and air temperatures in(véesete Serrano et al. 2018b)

According to FernandeRuque et al. (2023), the annual mean RH was about 65% with a

negative trend{0.08% decad¥ from 1950 to 2019 in Bolivi@FernandezDuque et al. 2023)

The reduction in RH was associated with an increase in air tempeatBrgsr ne and 006 Go
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2016 ; Byr ne andThi®fin@rg isralggmed \&ith the premus research from
Caceres et al. (2007) regarding the humidity decrease in the Atacama Desert due to air
temperatures increasing with extreme aridity conditi@éceres et al. 200.7[pecreased RH

limits convective formations and impacts precipitaiBréda et al. 2023)

2.2.24. Windspeed

Wind plays an important role in South American weather patterns. The northeast trade wind,
which blows from the northeast in the Northern Hemisphere along with the easterly component

of the southdominates in the north and shifts season@lgt 1969) The northeast trade wind

reaches as far &S in Brazil during Januargidt 1969) Southeast trades influence the coast

from 15°S to about 3°8uring thesummeryeachinghorthwardduring thewinter (Eidt 1969)

Strong and persistent westerlies dominate in the southern areas, also kntRoa@sg

Forties" (Eidt 1969) Westerlies advance to the coast betwéefs and50°S The Andes

Mountain range prevents Pacific winds from entering thierior regions(Eidt 1969)

Therefore, it creates two distinct climate regimes, including cold and dry weather on the
western side and warm and moisture on the easter(Saduchi and Marengo 20Q0)he west

coast ofSouth Americaexperiences a naw northerly maximum wind speed in the lowest

few kilometres of the atmosphere, (Btensrmdn as t
1996; Garreaud and Mufioz 200%)h e A of S8outh Anderican Low Level Jetfers to the
atmosphere vertical layer inhich the wind currentoccur.h e Al ow | evel 6 mean
stream is situated within the fi ThetSouthew ki
American Low Level Jet influences moisture transport, wind energy, and precipitation patterns

in the rgion (Jones et al. 2023)n general, wid is low in most of the inner areas ®buth

America (GonzalezSalazar and Poganietz 202However, wind is one of the popular
resources for renewable energy in the continent such as Uruguay, Chile anMargats Gil

et al. 2020)

Wind speed is projected to change in a range ffbBm s'to +1.3 m stand from-
1.3 m s'to +1.95 mstby the end of the century under the RCP 2.6 and RCP 8.5, respectively
(Narvaez et al. 2023)enezuela, Colombia, northern Brazil and the centre of the Andes will
experience an increase in wind speed at a rate of arduch s under the RCP 2.@Narvaez

et al. 2023) Under the RCP 8.5, Brazil shows a positive change in wind speed while Peru,
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Bolivia and the centre of Argentina show a negative change in wind $Needaez et al.
2023)

2.2.2. Climate change and anthropogenic impacts oro8th American lakes

South America encompasses a vast and diverse range of lake systems spread across its broad

l atitudinal and | oibpiASLODI IGEWS OeistHedalgo et(all 2 A2 8 6
2023) Lakes, rivers, and wetlands are integral tocttent i nent 6 s hydr ol ogi ca
critical water sources for ecosystems, agriculture, and human populétiansiton et al.

2002; Junk 2013; Kandus et al. 2018; Siqueira et al. 2018; Fleischmann et al.S2f#h)

American lakes are spread antdifferent climates and geographic areas, from temperate to
glacial lakeqCarabajal and Boy 2021)akes inSouth Americare rather small compared to

other lakes in the world such #e Great Lakes in North America or rift lakes in East Africa,
however, theiraltitude and volumes are large enough to be visible in satellite observations
(Carabajal and Boy 2021Yhe continent's lakes exhibit considerable variability in size,
volume, and elevation. Surface areas range from small ponds measurmgrapfely 0.1 kn

(Messager et al. 20160 large water bodies such as Lake Titicaca, which spans 8,372 km
(Duquesne et al. 2021l)ake volumes vary between 0.0001%and 893 ki (Messager et al.

2016) Prominent systems include Amazéinodplain lakes, which experience dramatic
seasonal water level fluctuations, and Andean glacial lakes, which are particularly sensitive to
temperature changes and glacial melt.

Lakes across South America play critical roles in the hydrological cyckngeas
essential freshwater resources for agriculture, industry, hydropower generation, and drinking
water supply. They also support rich biodiversity, including endemic and economically
significant species, while holding cultural and societal importémceumerous communities
(Llames and Zagarese 200Blpwever, South American freshwater resources are increasingly
threatened by climate change and human activiBeytaert and Breuer 2013; Junk 2013)
Over recent decadeSouth Americahas experiered significant air temperature increases
(World Meteorological Organization 202)/armingtrends areprojected to continue arate
likely to cause profound impacts on LSWWargin et al. 2014; Llopart et al. 202@espite
t he cont i nemgordasce and wihevapilitycteaclimate change, research on LSWT

dynamics and lake heatwaves across South America remains limited. Most studies have
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focused on specific water bodies, particularly glacial ldkesade and Kaplan 2017; Wilson

et al. 2018; Magili et al. 2020; Hata et al. 2028} on changes in lake water le\gbla and
Bengtsson 2006; Pasquini et al. 2008; Carabajal and Boy.Zl0# Jelative scarcity of studies
addressing LSWT trends and lake heatwave dynamics on a regional scaliyislymaito

limited in situ measurements, particularly in the Southern HemisghAeaada et al. 2021)
Thereis limited remote sensing validatiandor a lack of longterm lake temperature data.
Consequently, knowledge gaps persist regarding how LSWT and lake heatwave characteristics
arechangingunder climate change.

2.2.2.1. Lakesurfacewater temperature

Despite these limitationpyeviousstudies prome valuable insights intoSWT patterns across
South AmericaLSWT in South Americas varied because of the diverse climatic zones and
topographySouth America tropical and subtropicaleas such as the Amazon basin, consist
of numerous floodplain las characterised by warm and steady surface water temperature
across the yea(Fleischmann et al. 2024)LSWTs of Amazon floodplain lakes are
approximately 280°C (Caraballo et al. 2014) akeJanauacdocated in the central Amazon
floodplain, is an example of these patterns with LSWT variations between 27.5 af@, 35.5
reaching up to 4 during the summefZhou et al. 2024)On the contrary, LSWTSs in the
Andean regions of Peru, Bolivia, Chile and Argentina show significant temuperchanges in
seasonal and daily because of their high elevation and distinct seasonal patterns. For example,
Lake Titicaca, which is best known as the largest freshwater |&a@uith Americahas LSWT
typically rangng from 1217°C (Pillco Zola et al.2019; Duquesne et al. 202djth mean
diurnal changes of°€ (Duquesne et al. 2021)akes in southern Argentina and Chile show
high seasonal temperature variability, ranging fror2@%C during the summeanddecreasing

to 4-8°C during the winter(Gdler et al. 1997) These lakes are affected by strong westerly

winds, resulting in changes in lake mixing and thermal structure.

Lakes acrosSouth Americghave been influenced by climate change, with numerous
lakes experiencing increasing temperatukes the last decades. According to Fleischmann et
al. (2024), there was a warming LSWT trend with a rate@&°C decadé recorded from
1990 to 2023 in 24 lakes in the Amazfifleischmann et al. 2024) ake CochranelLake

Cardiel, Lake BuenoAires andLake Argentino in Patagonia experienced an increasing rate
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of +0.38C decadé, +0.42C decade!, +0.34C decade!, and +0.43C decade! in LSWT,
respectively, from 2002 to 20ZZhao et al. 2025)These warming trends were influenced by

climate forcings such as increasing air temperature and solar rad&tamet al. 2025)

2.2.22. Lake water level/volume

Lake water levels in the Amazon Basin are characterised by seasonal fluctuations with annual
amplitudes of up to 10 m in some regig¢dsnk et al. 2011)These fluctuations are influenced

by seasonal precipitation patterns, with the rainy season stédimgNovembetJanuary to
May-June, and the dry seasoecurringbetween July and Novemb@onnet et al. 2008)The
Andean lakes have more complex water level fluctuations and are driven by glacial melt,
precipitation and evaporatidiMoser et al. 2019)In SoutherrSouth Americaespecially in
Patagonia, lake levels are mainly driven by glacial and snow melts from the Andes Mountains
(Pasquini et al. 2008).ake Mascadi, which is directly fed by glacial melt, showed a decreasing
trend in water levedluring the summer due to the Manso Glacier retreat and declined meltwater
supply(Pasquini et al. 2008)ncreased temperatures and evaporation with high human water
consumption also caused lake water storage to dedréasest al. 2023)Lake waterstorage

loss was reported in most of the South American continent, includikg Mar Chiquita
Argentina(-0.75 + 0.09 Gt yedat), Lake Titicaca PeruBolivia (-0.12 + 0.08 Gt yeét),
between 1992 and 202¥ao et al. 2023)

2.2.23. Lake icecover

Glacial lakes irBouth Americare located mostly in the Andes Mountain RafWéson et al.

2018) Lake ice formation is rare and limited to snaKesat high altitudes of 3,568,500 m,

where nighttime temperatures can decrease to bélovin@he tropical and subtropical Andes
(Vuille et al. 2018) Seasonal lake ice cover is more common and plays an important role in
lake ecosystem dynamics in the Southern Andes and Patalitsmn et al. 2018)Ice
duration in these areas varies (~ feeeks to several months) based on the latitude, elevation
and weather conditior®Vilson et al. 2018)Lake ice regimes have been impacted by climate
change. Climatological ice cover in this region was thin and had a short duration during the
20" century(Huang et al. 2022Most lakes in the area are predicted to have ice cover only

occasionally, while some are expected to lose ice permanently by the end of tentity
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(Huang et al. 2022)or examplel.ake MascardiMansoin Argentina recorded a decreasing
trend in ice volume during the summer months between 1986 andR&dduini et al. 2008)

Ice formation was delayed due to the increase in temperatures observed in Lake Argentino
during the period of 2012011(Zhao ¢ al. 2025) This decline is consistent with global trends

in response to a warming climgtduang et al. 20225uch changes affect the lake's physical,
chemical and biological procesg&harma et al. 2020; Imrit and Sharma 2021; Sharma et al.
2021)

2.2.2.4. Lake mixing regimes

Shallow floodplainlakesin the Amazon basin are classified as polymictic or oligomictic
(Tundisi et al. 1984)These lakeare characterised by strong patterns of diurnal stratification
and mixing(AugusteSilva et al. 2019)Most of the lakes in this region experience frequent
mixing, while some deep lakes have stable stratificgtaiack and Coe 2012By examining
hundreds of temperature profiles fddodplain lakes, vertical mixing patterns were revealed
(Macintyre and Melack 1984; Maclintyre and Melack 1983l mixing from top to bottom
was obtained at a depth of <43n. At depths > %n, a thermocline formed &m and bottom
mixing was intermittent. For depth >n8 mixing reached the bottom was révacintyre and
Melack 2009)Most of the lakes in the Andes are classified as polymictic and have simbyt
period of thermal stratificatignphowever, these patterns change in some cases because of
climate changéLabaj et al. 2018)The duration of thermal stratification has heecreasing
in some lakes, such as in the Southern Sierra of Ecuyhdbgaj et al. 2018)These lakes
experienced thermal stratification from November to May when the air temperature was
recorded highest and the lowest wind speed was observed. Airrsgdurpds the main driver
of stratification dynamicgVincent 2009) Stratification changes will influence the chemical
and biological processes in a lake. Increasing thermal stratification will affect primary
production, phytoplankton and zooplanktoserablage composition shittabaj et al. 2018)
Temperate lakes in Patagonia (southern Argentina, Chile) show warm monomictic or dimictic
mixing regimes with seasonal stratification patterns influenced by seasonality and westerly
winds(Geller et al. 199; Diaz et al. 2000)Warming temperatures result in increasing vapour
pressure gradients and evaporative heat loss, leading to escalating convective mixing frequency
(Melack and Coe 201250me of the lakes iBouth Americaare expected to experieniess
frequency or no mixing by the end of the'2gntury, specifically, continuous warm polymictic
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can turn into discontinuous warm polymictic, and dimictic will become mononfidtolway
and Merchant 2019)

2.2.25. Lakechemistry

Lakes in the Amazon basin have seasonal variations in water chemistry and are characterised
by themixing of river and local drainage bagorsberg et al. 1988 this region, lakes have
low conductivity, slightly acidic to neutral pH and high cortcation of DOC(Forsberg et al.
1988) For example, more than 90% of lakes inltbever Nhecolandiarea (Brazil) have a pH
ranging from 4.69 to 7.9Pereira et al. 2020)Floodplain lakes have distinct ecological
characteristicgJunk and HowardVilliams 1984; Rio¥illamizar et al. 2013) Whitewater
lakes such as Lake Yahuarcaca, which are fed by rivers coming from the Andes, carry high
amounts of sediments and nutriefiison and Duque 2023)hese waters are muddy or white
because of the nutrierrich and therefore support higher photosynthesis biorfREss
Villamizar et al. 2013)On the contrary, blackwater like Lakacatuaijs fed by rivers that
flow throughnutrientpoor soils(Jhon and Duque 2023Jhese waters are clear but darkly
staned by dissolved organic matter, particularly tann{R$osVillamizar et al. 2013)They
are low in nutrients and hence have lower levels of plant grgRits Villamizar et al. 2013)
However, both systems are important for sustaining food webaghroarbon inputs from
aquatic plants and periphyt¢Rios Villamizar et al. 2013)The blackwater (e.g., Rio Negro)
can have pH levels as low as 4.0 while whitewater has higher pH.(®.&Rios Villamizar et
al. 2013) The Andean lakes have unigugmical characteristics because of climatic variety
and geography such as the volcanic influences. Volcanic eruption increases the trophic status
of lakes and declines photoinhibition and releases phosphorus which influences the increase in
phytoplankton lmass(Modenutti et al. 2013)Andeanlakes often have high alkalinity and
conductivity such as Lake Titicaca, which has a pH of ~8.5 with a high concentration of
dissolved solid¢Dejoux and llitis 1992)Lakes at high elevations in the Andean region, such
as Laguna Lejia and Laguna Verde, oft@weoligotrophic conditionslow nutrient evels and
unigue microbial communitigRkunzheimer et al. 2024)ike Andean, mosPatagonian lakes
are oligotrophic with low nutrient concentrations and high wageity (Villalobos et al. 2003)
However, chemical compositions vaagross the regiobased on geology, lake morphology,
andweather pattern@Gerea et al. 2023) akes in the eastern Patagonian steppeshigher
conductivity and alkalinity thathosein more humid western are@Serea et al. 2023 limate
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change and human activitieave significant impacts on the water quality. Extreme droughts
caused théloom of Euglena sanguineen the Amazorakes in 2023, which was potentially
affecting the water quality and aquatic life through the production of a toxin called
EuglenophycinMendes et al. 2024Runoff from fertilisers, pesticides from agriculture and
urbanisation activities can lead to contamination in laf@ashir et al. 2020)Industrial
discharges, specifically mining activities, are threatening water qilaghat et al. 2023)

For example, due to untreated mining activities, industrial and domestic wastewater, heavy
metals such as copper, lead, mercury, etc have been found in Lake TiticacBdRea),

Lake UruUru (Bolivia), Lake San MartinEcuador), LakeYahuarcacaColombia), Lake
Nahuel Huapiand Lake Moreno (ArgentingRizzo et al. 2011; Archundia et al. 2017a;
Archundia et al. 2017b; Acha et al. 2018; Sarret et al. 2019; Henao et al. 2020;:Avdecé

al. 2023) These metals are not only degragithe water quality but also causing harmful algal

blooms, resulting in massive fish deaths and affecting the freshwater biodiversity.

2.2.26. Lakebiology

South American lakes have a diverse biology and ecology, ranging from microorganisms to
fish (Res et al. 2016)The freshwater fish population represents aboutloing of freshwater
species diversity in the world, with 5,160 spediBgis et al. 2016)The rich diversity is
attributed by several factors such as low latitude regions that avidss extinctions, biotic
shifts during the past climate cooling, a series of geological and climatic events and ecological
characteristics such as altitude, water chemistry and temper@to@n et al. 2010;
Kristiansen et al. 2011Amazon has more than 2,700 fish species and ~1,700 endemic to the
basin (Reis et al. 2016; Dagosta and Pinna 20I3)spite its ecological importance, the
Amazon face growing threats from deforestation, overfishing, extreme everfigéiteaves,
droudhts,etc. During the heatwave in 2023, extreme temperatures caused more than 3,000 fish
deaths, and 209 river dolphins and affected the farmi@ptafssoma macropomuimseveral
lakes in the Amazor{Fleischmann et al. 2024Recent warming trends areteaing the
ecological dynamics and physical properties of lakes in the AiMietelutti et al. 2015a)
Increasing water temperature in the tropical Andes resulted in rising thermal stability in deep
lakes and changes in diatom assemblages and produeaine (Michelutti et al. 2015a;
Michelutti et al. 2016; Labaj et al. 2018)he abrupt shifts in diatom assemblages have been
recorded in hundredof lakes in the worldbut mostly withcase studis inthe Northern
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Hemisphere(Michelutti et al. 2015b) In the Peruvian Andes, planktonic diatorasd
chrysophyteshave been increasing since the early 1900s due to the warming climate
(Michelutti et al. 2015h)Similarly, the abrupt increase Gf/clotellataxa was also recorded in
lakes from the asthern Sierra of Ecuad@Michelutti et al. 2015b)Native fish species are
relatively few compared to othereasin South Americabut include several endemic and
highly speciaked taxa(Pascual et al. 200.7fror examplethe Percichthys genugTempeate
perches), Odontesthes(Neotropical silversides),Diplomystes (Catfish), and the rare
Gymnocharacinus berg({Naked characinare found in the Patagonian regi@gtascual et al.
2007) However, they are facing threats from invasive salmonids from aquaculture activities
(Habit and Cussac 2016)

2.2.3. Extreme events impact on South American climate and lakes

The frequency, length and intensity of extreme events such as heavytatieci@nd snow,
heatwaves, droughts, storms, etc, will incre@gargin et al. 2014)influencing the climate

and lakes in South America. ENSO events influence the interannual variability of
meteorological variables including temperatures, solar radjahumidity and wind speed
(Garreaud et al. 2009; Grimm and Tedeschi 2009; Watts et al. 2017; Muraria et al. 2020;
Miranda et al. 2024)

During El Niflo events, increasing cloud cover could result in a decrease in solar
radiation in the tropical areas the continent, such as in Brazil, Uruguay and northern Chile
(Muraria et al. 2020)For example, lower solar radiation values were recorded mostly in
November and December in the centre and northern Uruguay between 2010 and 2016
(Laguarda et al020) During La Nifia events, higher radiation can occur because of clearer
skies(Muraria et al. 2020)El Nifio events also influence wind speed patterns, decreasing wind
speed in the centre of Chil@/atts et al. 201 Ayhile increasing in the nortbf Chile (0.2 m s
1y (Bianchi et al. 2017)In addition, the Antarctic Oscillation is one of the main factors that
affect wind speed, especially during spring and summer. It has a negative correlation to wind
speed in Paraguay, northern Patagonia, Angean and Uruguayan Pamp@anchi et al.

2017) Furthermore, El Nifio events have significant impacts on humidity patterns in South
America by increasing moisture and precipitation insthgtheastern region while having drier

conditions in the northarAmazon and northeast Bragiérimm and Tedeschi 2009)
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ENSO events are expected to exacerbate the coastal riSkatim Americaincluding
storm surges, sea level rise and erosion, particularly affecting Peru and ERegiogro et
al. 2015; Wahl etal. 2017) Due to a reduction in precipitation and an increase in
evapotranspiration, the drought will be more intensified in Amazonia and Northeast Brazil
during the 21 century(Margin et al. 2014)According to the IPCC Sixth Assessment Report,
the intensity and frequency of hot extrenaes likely to escalate while cold extreme events
will decline in South Americéintergovernmental Panel on Climate Change 20PI3¢ areas
which have historical been most affected by droughts are Chile RathnéLa Plata Basin
(southeastern Bolivia, southern and central Brazil, Paraguay, Uruguay and northern
Argentina)(World Meteorological Organization 202Ijhe most severe drought events were
recorded dung the years 1988989 20082009, 20172018 and 2012023 (Rivera and
Penalba 2014; Naumann et al. 2021; Naumann et al. 2ZD@8)g the El Nifio events of 1982
1983 and 1991995, Lake Poops water level was recorded at a low level of around 0.5 m
(Zold and Bengtsson 200@proughts had significant impacts on the economy, especially
agriculture (production losses, animal health, é@gnedo Rosso et al. 2018; Poveda et al.
2020; Caneddrosso et al. 2021jor example, the 2068009 drought affectedpproximately
30% of agricultural land in Argentindlaumann et al. 2019)here have been severe droughts
since 2010 in central Chile, the subtropical Andes and western Argdé@tarecaud et al.
2021) Due to the drought of 2012018, Argentina estiated economic impacts d{600
million USD, which included.,550 millionUSD losse$or poormaize and soybegroduction
(Bert et al. 2021)The megadrought in central Chile has lasted for 13 yeathépresent day,
causing a water crisis in the country, affecting the environment, economy and society
(Garreaud et al. 2017Extreme droughts in 2010 and 2016 exposed 16% and 46% of the
Brazilian Amazon ecosystemrespectively (Anderson et al. 2018)Food security for
indigenous and rural populations in the Amazon has been greatly impacted by these events,
particularlyfor those who depend on smattale agriculture and fishi@¢amacho Gueeiro
et al. 2016; Marengo and Espinoza 20I8)e La Plata basin is the second largest river basin
in South Americaafter the Amazon, covering approximately 17%hefSouth American area
(Naumann et al. 2021However, it has been impacted by draisgsince 201gNaumann et
al. 2021) This drought affected many sectors such as agriculture, hydropower, water supply,

transportation, etNaumann et al. 2021)
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Lake heatwave evemtre defined as similar to a marine heatwave, where LSWT
surpasses the 9@ercentile threshold compared to a baseline climatological average and lasts
for five consecutive days or mofildobday et al. 2016; Oliver et al. 2018he concept of lake
heatwave was introduced by Woolway et al. (2021), showindakaheatwaves will increase
more in duration and intensity as global temperature rises. Further research has confirmed the
warming trends in lake heatwaves, which are observed from regional to globa(\eaats et
al. 2023; Zhang and Yao 2023)ake heatwaves will increase the risk of ecological and
socioeconomic effects, including aquatic species loss, and harmful cyanobacteria spread,
causing issues for drinking water saf@itio et al. 2019; Till et al. 2019; Tassone et al. 2022)
Increasd air teanperaturdeads to more frequency and intensity of heatwaves in the Andes
(Vuille et al. 2018; Masiokas et al. 202@dditionally, due to drought and heatwaves in 2023,
five of ten | akesd temper at ufCacusingwidsplread A ma z C
deaths of fish and river dolphirigleischmann et al. 2024 ropical aquatic ecosystems are
expected to experience temperatures that reach or surpass the thermal limits of aquatic

organisms under the changing clim@&eischmann et a024)

On the contrary, heavy precipitation caused flooding and landslides that affected
livelihood, infrastructureandeconomy, in many countries such as Brazil, Venezuela, French
Guyana, Peru, Bolivia, Argentina, and Colom@iorld Meteorological Orgnization 2021)
Flooding and landslides cause loss of life and impacts on the economy, infrastructure and
environment. Due to the increase in precipitation and land use changes, the main rivers in
Uruguay, Paraguay and Parana in the La Plata basirelkpeeienced an increase in flow rate
and higher frequency of flooding since 19f&arcia and Vargas 1996; Barros et al. 2015)
Every year, river floods affect approximately 1.1 million people and cause damages of 1.5
billion EUR in South AmericgAlfieri et al. 2017) The International Federation of Red Cross
and RedCrescent Societiagported that the flood in August 2021 in Venezuela affected 10
states andnore than54,000 people, damaged 116 roads and 10 bridges and caused 40
landslideqIFRC 2021) The floods also affected approximately 40,000 people between April
and September 2021 in Colomb{&Vvorld Meteorological Organization 2021Heavy
precipitation caused floods at the end of May 2021 in Guyana, affecting more than 29,000
families and abat 7,900 housefCaring4others 2021he frequency and duration of floods
are projected to increase by the end of théchtury inSouth Americaexcept for southern
South AmericgHirabayashi et al. 2021Yhe South American population affectedflmods
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increasd about2-fold from the historical period (197-2000) with 3°C warmingHirabayashi
et al. 2021)
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In conclusion, climate change has been significantly affecting both atmospheric conditions and
freshwater ecosystems across South America. @sangmeteorological variable patterns
such as increasing air temperature, solar radiation fluctuations, wind speed changes, etc are
influencing lake essential climate variablEsirthermoreincreasing fregency and intensity

of extreme eventare particuldy affecting LSWT.As LSWT responds tohanges in climate
forcing, it impactdake processes such as thermal mixing, stratification, and changes in oxygen
and nutrient levels, etd@ hesechangs are affeting not only lake ecosystems but alsaal

and regional livelihoods that depend on lakes., drinking water, agriculture, fisheries,
tourism,etc). Despite the importance of understanding how lakes respond to climate change,
there remains a lack of ng-term in situ measurements of LSWT across South America.
Additionally, limited validation of remote sensing data and insufficient regiscale studies
constrainthe ability toanalysespatial and temporal LSWT trends ahetectlake heatwaves.
These kowledge gapgos challenges for scientists and policymakers aimingotecast

future changes andevelop mitigation and adaptation strategi€bis study provides an
overview of LSWT and lake heatwave variability in South America, identtiesain drivers

and emphasizes the importance of improved in situ observation networks and regional
cooperation. The findings are critical for developingtev governance frameworkad

supportingclimate adaptatioplanning

2.3. Lake Titicaca

While the previous section focuses on how climate changactdakes across South America,

this sectionprovides in detailed case study of Lake Titicdceke Titicaca is located in a high

pl ateau region ref-Punaed, tonashe h€eMdAtiGl H 4 o)
692 2 6 (Rwiz-Verdu et al. 2016; Bergmann et al. 2008ip.2.3). As the largest freshwater

lake in South AmericéPillco Zola et al. 2019; Duquesne et al. 202fl3overs a surface area

of 8,372 kn? (Duquesne et al. 2021Additionally, it is one of the highest lakes in the world,

situated at an elevation of 3Bin above sea lev@Duquesne et al. 202ahd has a maximum

depth of 284 nfRuiz-Verdu et al. 2016)t was formedapproximately 3 million yearago and

is considered one of the twenty ancient lake€arth (Lavenu 1992; Wirrmann et al. 1992;
Hamptonet al. 2018)
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Figure 2.3. The location of the study site, Lake Titicaca (PBalivia)

Lake Titicaca is divided into two sthmsins: Lago MaydMajor Lake or Lake
Chuquitg (83.4% of the total surfac€puquesne et al. 2021yith a mean depth of 135 m
(Ruiz-Verdu et al. 2016and Lago MenofMinor Lake or Huifiaimardas located in the south,
which is smaller (16.6% of the total surfagPuquesne et al. 2028nd shiower ata mean
depth of 9 mRuiz-Verdu et al. 2016{Fig. 2.4)

Lake Titicaca supplies drinking water and fod 3 million people(Monroy et al.
2014; Loayza et al. 2022Jhe population in the catchmentrnginly rural and indigenoys
such aAymara and Quechu@onroy et al. 2014; Loayza et al. 202Z)e lake has beemn
important sourcéor Andean cultures, including the Tiwanaku civilization, aodtinues to
play anessentialole for the Aymaracommunities supplyingfood, raw materials, and water
resources for locabopulations(Pillco Zola et al. 2019; Duquesne et al. 202IHe main
economic activities in thareaincludeagriculture livestock herding (e.g., llamas, alpacasj
aquaculturéTrigoso 2007. Potatos, oca, broad beans, barlapdquinoa are dominarmtrops
in local agriculture reflecting longterm adaptation to high altitude climate conditions
(Richerson et al. 1977frigoso 2007. Fishingfor native (e.g.carachi, ispj) or introduced
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(e.g., rainbow trout) specieds alsovital for food and incomealthoughoverfishing and
pollution have increasingly threatened these resou@asnmons et al. 200@iamontRojas

et al. 2023)Lake Titicacas alsoa great tourist attraction in South America, with millions of
tourists visiting the lake each yg@uquesne et al. 2021Besidests economic significange

the | a k eaftlsment area exhibitsociocultural traditions shaped by Inca and -prea
influences (Dejoux and lltis 1992)Indigenous knowledge ideeply integratedinto daily
practices, including the use of natural resources like the Totora reed for crafting boats, houses,
and floating islandsby the Uros people in PefBriefings 2023) Cultural identitycontinues

to bemaintained through language, ritymhcticesand a shared history connected to the lake

and its ecosystelfDejoux and lltis 1992)

Lake Titicaca feeds the downstream Desaguadero Rivesdne second largest and
shallowest laken Bolivia, Lake Poop{Pillco Zola et al. 2019)_ake Titicaca is managed by
the Autonomous Binational Authority of Lake Titicaca, whigbs establisked by Peru and
Bolivia in 1996 (Revollo 2001) This entity is responsible for the management, control and
protection of the_ake Titicaca, Desaguaderover, and Laké?oopdbasins(TDPS system
(Revollo 2001) It also manages the implementation of plans such as water use, pollution
control and biodiversity protection, with support of international organizatikensollo 2001)
However, one of its maiohallenges is the lack of local stakeholders and public participation
in the management process. Additionally, this issuecbastrained its ability teffectively
addresproblemsfrom urban pollution, agricultural runoff, and climate variability.

Thislake ecosystem is affected bgth climate change afaiman activities (Duquesne
et al. 2021). Numerous species are currently considered threatened according to the
International Uron for the Conservation of Natur@gMonroy et al. 2014) Despite its
importance, therarel i mi t ed studies on Lake Titicacaos
lack of in situ observations. This scarcity of measuremeptssentschallenges for
understading the impacts of climate change on this lake. The following section investigates

the impacts of climate changathelLake Titicaca regiomverall and on the lake itself.
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Figure 2.4. Lake Titicaca bathymetry map (Source: Duguesne et al. 2021)

2.3.1. Climate change and impacts on Lake Titicaca region

Severaktudies have shown that climate changeleesaffecing Lake Titicaca, especially in
areas such as the Puno regigHsylock et al. 2006; Trigoso 2007; Obregén et al. 2009;
Bergmann et al. 2028nd Peruvian AltiplangLopezMoreno et al. 2016; PabéDaicedo et
al. 2020; Zubieta et al. 2021)

2.3.1.1. Air temperature

Lake Titicaca is located in a sewhiy and cold areéGonzales and Roncal 2007he dry and

cold season is between April and November and the wet and warm season is from December
to March(Roche et al. 1992 he air temperature during the year, tatlicvariesfrom 7°C to

12°C, occasionally reaching a low &°C in the winte(Gonzales and Roncal 200d)d a

high of 20°C in the summdPillco Zola et al. 2019)Warmer temperatures occur typically
during the wet season and commonly in Februatyle cooler temperatures occur in July
(Roche et al. 1992 he air temperature is higher in the north compared to the south of the lake
due to its proximity to the equat@Gonzales and Roncal 200However, the region is also

highly sensitive to thdzl Nifio phenomendPillco Zola et al. 2019)From 1966 to 2016,
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measured air temperature at the Copacabana meteorological station was recorded higher than
the mean daily temperature of 10°C and up to 20°C between 2015 and 2016 due to El Nifio
phenomendPillco Zola et al. 2019)

Air temperature has been increasing Heru over recent decades, however, this
warming varies regionallyVicenteSerrano et al. 2018a; Bergmann et al. 202tl)wvas
reported that mean air temperature increase#iOby7°C decadéfrom 1964 to 2014 in Peru
(VicenteSerrano et al. 2018ajir temperature is likely to continue to increase in Peru this
century(Bergmann et al. 2021More specifically, average temperatures in Peru are forecasted
to warm by betweer0.751.50°C and+1-1.75°C by midcentury and the end of the 21
century respctively based on the RGP6 scenario. For the higgmissions scenario (RGS)
it will escalate by+1.0-2.0°C by midcentury and+3.5-6.0°C by the end of the 2entury
(Bergmann et al. 2021Both scenarios were calculated based orattexage of four Inter
Sectoral Impact Model Intercomparison Project (ISIMIP) modEtsest or freezing is a
common occurrence throughout the TDPS system, however, its frequency varies greatly
(Gonzales and Roncal 200'During the winter (July to Augustjreezing regularly happens
with more frequencyGonzales and Roncal 200However, the lake and the region around it
are the less impacted area in the freezing period because of the water regulating effects
(Gonzales and Roncal 2007he regions tward the border of Lake Titicaca basin have over
300 freezing days (freezing day happens when the mean daily temperature is below 0°C) per
year whereas the regions surrounding the lake (lower valleys of llave, Coata, Ramis, Huancané
and Huaycha rivers) aralong Lake Titicaca coastline have below 150 freezing days and 100
freezing days per year respectivéonzales and Roncal 200A mass of cold air arriving
from Antarctica enters Peru through the Tit
atmospheric phenomenon causes decreasing in temperature for @bday8 and it occurs
often from May to August. Due to the cold te

in the highlands are affect¢Bergmann et al. 2021)

2.31.2. Other meteorological variables

Monthly average humidity in the surrounding region of Lake Titicaca fluctuates from 52% to
68%, with a diurnal variation of 33% to 80b&tween 196&011 (Pillco Zola et al. 2019)
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Compared to the southern Altiplano, the Titicaca area has higher hu@ilditp Zola et al.
2019) Wind direction is from the northwest to southeast on the lake with a monthly average

velocity of nearly 2 ns! and rarely up to & s? daily (Pillco Zd4 et al. 2019)

The annual sunshine close to Lake Titicaca@9@ hoursper year in Puno and2.5
hoursper year at Bele(Roche et al. 1992)'he minimum and maximum rates are 180 hours
during the wet season and 296 hours during the dry seagmttivdy (Roche et al. 1992)
The average sunshine hours per day varies between 6 hours in January and 9.6 hours in July
(Gonzales and Roncal 2007)

2.31.3. Extreme events

ENSO is the most prominent and consequential factor influencing climate variability in Peru
(Bergmann et al. 2021)n the Lake Titicaca region, El Nifio causes a reduction whereas La
Nifia leads to an increase in precipitat{@ergmann et al. 2021According to IPCC (2019),
extreme El Nifio events will increase in frequency in both low andéigission scenarios in
Peru(Bergmann et al. 2021Annual temperature change is associated with the ENSO events
in the Peruvian Ande@d.avado Casimiro et al.0a2). During the recent decades, the number

of warm days (percentage of days when daily maximum temperature is higher thaff the 90
percentile from the reference period of 182000) has increased by at least double over the
period of December to February in northern South Ame(feeron et al. 2019)The
temperature extremes are also associated with the warming trends ifB&gmann et al.
2021) The total number of warm nights (percentage of days when minimum temperature is
higher than the 90percentile from the reference period of 192000) has been escalating
while the total number of cold nights (percentage of days whemum temperature is lower
than the 10 percentile from the reference period of 182000) has been declinifBergmann

et al. 2021)

ENSO events also affect the intensity of drought. Severe drought associated with ENSO
was recorded in Puno in 198283 and 19971998 (Segura et al. 2016Yhe minimum total
precipitation during the summer (DecemiJanuaryrebruary) in the Altiplano was 11 mm in
19821983 (Garreaud et al. 2003Yhere have been recurring droughts (in 18882004),
floods and frostin 2001) during the past years in Altiplafidrigoso 2007)Some authors have
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suggested that snow and ice cover might disappear due to global warming in high mountain
areagHock et al. 2019)This would lead to the reduction of river flow and wateailability

(Hock et al. 2019)Drought caused losses in livestock, and crops and affected inhabitants. For
example, research has provided evidence, that droughts were caused by the strong warm phase
of ENSO in 201582016, causing losses in agricultutarvests and an increase in food
insecurity in Altiplano(Canedo Rosso et al. 2018he 1983 drought also caused damages of

500 million US$ two years afterwards and affected 1.5 million inhabitants, accounting for
approximately 30% total loss of the wa@ountry(Andrade 2018)

2.3.2. Climate change and anthropogenic impacts on Lake Titicaca

Lake Titicaca is used as a sentinel lake to understand climate change impacts by several studies
(Cross et al. 2000; Baker et al. 2005¢veral studies have investigated changes in lake physics
(Aguilar-Lome et al. 2021; Limauispe et al. 202]1}he effects of chemistry/heavy metal
contamination in the arg®uwig et al. 2014; Archundia et al. 2017b; Guédron et al. 2017;
Sarretetal. 2019) and t he | (&rkzeethak 202rAcis ptalt 2618)

2.3.2.1.Lake surface wateeemperature

LSWT in Lake Titicaca typically ranges from°Q(dry season) to 2Z (wet season(Pillco
Zola et al. 2019; Duquesne et al. 202MHe lake temperature below 40 m depth is constant
(Pillco Zola et al. 2019)The temperature on tiserface is 1%C while it is 12C at the bottom
during the wet seasofDuquesne et al. 2021Puring the dry season, the surface water
temperature decreases to°@2Duquesne et al. 2021Yhe lowest temperature occurs in

August while the highest tempure occurs in Marc{Dejoux and lltis 1992)

Major Lake is warmer in winter and cooler in summer compared to Minor(Ds§eux
and lltis 1992)According toDejouxandlltis (1992, mean surface temperature in Major Lake
was PC lower in summer andl.5°C higher in winter than in Minor Lake from 1985 to 1987.
Major LSWT ranges from 10.9C to 17°C while the temperature ranges from°g%o0 18.5C
in Minor Lake (Dejoux and lltis 1992)In Major Lake, the highest and lowest surface water

temperatures are in April and August respecti@guilar-Lome et al. 2021)The highest
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surface water temperature is in November and the lowest one is in July in Min¢Agaikar-

Lome et al. 202)L Minor Lake's surface temperature has a warming trend during winter and
reacts to solar and atmospheric radiation faster than Major (Pakelar-Lome et al. 2021)

Lake water surface temperature ranges differently with depth and v{hguigar-Lomeet al.
2021)and it is affected by air temperature and incident radidb@joux and llitis 1992)The

air above the lake is unstea(Billco Zola et al. 20193s the lake water temperature is higher
than the air temperatu(Roche et al. 1992; Pib Zola et al. 2019High solar irradiance and

low atmospheric pressure result in a lower sensible and latent heat flux ratio than at sea level
(Pillco Zola et al. 2019)

There are still limited studies on Lake Titicaca water temperature and itbiliyria
(Roche et al. 1992; Ruiderdu et al. 2016; Aguilatome et al. 2021)Recent research by
Aguilar-Llome et al. (2021)using MODIS satellite images, showed that there were increasing
trends in Lake TiticacaSWT in the winter (Junduly-August) with a rate of 0.3C decadé
(daytime) and 0.2€ decade (night time) during the period of 20@D20. It also suggested
thatthe change in air temperature might be the driver for the trends of LSWT. Bush et al. (2010)
projectedthat Lake Titicaca's tipping point will occur between 2040 and 28%i@ping point
refers to a critical threshold in the lakgstem, beyonavhich thelake canno longer able to
recoverits previous statand will eventually disappeaue to water volume reduction, loss in
biodiversity and ecosystem services disruptibime tipping point requires a temperature rise
of +1.5-2°C over the present levelss/A consequence, the region will be irreversibly affected
by the loss of the world's highest lake during the next 30 to 40 (Eash et al. 2010)

2.3.2.2.Stratification and rixing regimes

The Major Lake basin of Titicaca is classified as a monomictic lake (mixing and only
stratifying once per year) while the Minor Lake is a polymictic lake (frequently mixing and
irregularly stratifying during the year) with seasonal variatigbsjoux and lkis 1992)
Stratification occurs from October to June and is rather \{fgdtiz et al. 2012)During winter,
mixing is inadequate, especially when the temperature incréaseset al. 2012)

The thermocline primarily sits at a depth of-20 m (Duquesne et al. 2021The

temperature gap between the surface and the bottom reduces during the dr{asasesne
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et al. 2021)A smooth thermal gradient appears and alters the clear thermocline because of the

| akeds t h(Buguesnt etald2&)mHeimal inertia helps cool down the water slowly,
which keeps the temperature at a medium depth higher than near the surface. Because warmer
and less dense water generally rises, temperature inversion drives vertical water movement
(Duquesne edl. 2021)

2.3.2.3. Hydrology

Lake Titicaca belongs to the TDPS watershed syguguesne et al. 2021Precipitation,

river inflows and groundwater inflows are the major sources of water to Lake Titicaca, which
accounted for 55%, 44% and 1% respectiy@gnzales and Roncal 2007Mhe major output

is evaporation (95%) and outflow to the southeasternfeeguds the Desaguadero River (5%)
(Gonzales and Roncal 2007; Pillco Zola et al. 2019)

The five major inflowing rivers to Lake Titicaca are Ramis, Coata, llave, Huancane and
SuchezRoche et al. 1992yhich accounted for 68% of inflow rivef(®ejouxand lltis 1992)
flow directly to the Major LakéGonfiantini et al. 2002)TiawanaktRiver flows into the Minor
Lake from the southern area with an average discharge of*fs§@onfiantini et al. 2002)
The annual river discharge is 878 mm (23%snand happens mostly during the wet season
(Lima-quispe et al. 2021)The total river inflow was estimated through a representative area
approach based on the Ramis River disch@éPgio Zola et al. 2019)The annual discharge
flow of Lake Titicacao the downstream river is 86 mm (23/s) (Lima-quispe et al. 2021)

The mean precipitation rate is 650 mm/year with a maximum of130D mm
recorded at the centre of the lak@onzales and Roncal 2007)he wet season begins in
December and lasts until March, with the wettest month in JariBdigo Zola et al. 2019)

The wet season contains 70% of the annual amount of precipi{®mhe et al. 1992;
Delclaux et al. 2007)which is approximatel$00 mm/yeafDelclaux et al. 2007; Pillco Zola

et al. 2019) The precipitation is low between May and Aug(Sbnzales and Roncal 2007)

with the driest month in JulyPillco Zola et al. 2019)The amount of precipitation is only
around 250 mm durinthe dry seaso(Delclaux et al. 2007; Canedo et al. 2Q1B¢cause of

Lake Titicaca's vast surface area and significant lake volume, it is easier to absorb solar

radiation (Roche et al. 1992)Hence, the water temperature is higher than in surrounding
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regions and it favours convection and causes more storms, especially in the lake centre with

annual precipitation of, 00 mm(Lima-quispe et al. 2021)

Lake water variations have significant implications for water resource management and
planning(Mohammadi et al. 2020).ake level changes depending on the seasomafahg
time scalegRoche et al. 1992Many climate factors influence lake level changes, including
precipitation, evaporation, runoff and interactions between the lake and dgraten
(Mohammadi et al. 2020 Ilimate factors account for about 80% while irrigation accounts for
about 20% (Lima-quispe et al. 2021)A slight increase in evaporation or decline in
precipitation may cause the lake to become a closed system withfiovg Pillco Zoléa et al.
2019) According to Roche et al. (1992), the lowest water level is in December, before the wet
season starts while the highest level is in April after the wet season ends and river discharge
peaks. In alignment with Roche et(&992),Chuchdn et al (2017) also showed that the water
level maximum and minimum levels are in April (8B80.2 m) and in December (;889.5 m)

respectively.

There are several studies have investigateger level changes in Lake Titicaca
(Abbott et al. 897; Cross et al. 2000; AbarEel-Rio et al. 2012; Chuchdén and Pereira 2017,
Mohammadi et al. 2020; Lirnquispe et al. 2021) ake Titicaca's water level has declined
below the outlet threshold during the past few y@ail&co Zola et al. 2019)During the period
of 19652011, the mean water level wa8@3.1 m, which is approximately 1 m higher than
the outlet threshol@Pillco Zola et al. 2019)Chuchén et al (2017) used meteorological data
from 1914 to 2014 to analyze lake water level and the effects of precipitation, ENSO and PDO
on the lake water level. Lake water peaked,8135 m (December 1986) during the rainy
season between 1985 and 198Bhuchdn and Pereira 2017his event caused floods and
disruptions in several areas around Lake Titicaca, prompting the Peruvian government to
request international assistan@@huchon and Pereira 2017Jhe lowest water el was
recorded during the 1940s due to the recurring El Nifio events from 1936 t¢Qi4hon
and Pereira 2017) ake water level declined by 6 m between 1933 and 1944 while it decreased
by 4.2 m during the period 198®97 (Chuchdn and Pereira 201 7hree periods of water
level fluctuations associated with extremely high evaporation were M¥chmber 1943,

April 1963 December 1970 and April 198Becember 1996Chuchén and Pereira 2013

study byAbarcaDel-Rio et al (2012) also analyzed Lakiicacdswater level using different
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satellite altimetry data from 2000 to 2009. Their results showed that Lake T#iwater level
dedined by 0.26 m/year between 2001 and 2Q80garcaDel-Rio et al. 2012)These changes

in water level also affe¢he outflows taheDesaguadero River and Lake Pooyater level in
downstream, which is sensitive to climate changes and Lake Titicaca input due to its

shallownesgLima-quispe et al. 2021)

A study byRowe et al. (2004)ighlightedthat El Nifio events result in less precipitation
therefore it leads tlower lake level§Rowe and Dunbar 2004)he positive (negative) phase
of PDO has been associated with the Nifio (La Nifia) event, positive (negaa/a)yrface
temperatureanomalies and negative (positive) precipitation anomalies which resulted in the
decline (rise) in Lake Titicaca water leBonchail et al. 2014; Chuchon and Pereira 201L7)
was reported that the lowest water level happened in 1944 due to the consecutive years of El
Nifio eventgLima-quispe et al. 2021)ola et al. (2019) enfyasized that Lake Titicaca may
turn to a closed system without outflow if the water level declines below the outlet threshold
and evaporation rises or precipitation drops. From 1997 to 1998, the water level dropped below
the Desaguadero River dischargesome monthgLima-quispe et al. 2021)As a result, it
affected discharges to the Desaguadero River discharge and Lake Poopé water level and it

posed a threat to water demand, especially for agriculture actilitiea-quispe et al. 2021)

2.3.2.4.Lake chemistry and biology

Lake Titicaca has low seasonal variability in physical and chemical water properties and it has
a stable lake environmetidejoux and lltis 1992) Except for the rainy season from December

to March, and those areas near mheuths of the main tributaries (Ramis, Coata, and llave
Rivers), the water chemistry is generally consistent throughout seasons arficites/ et

al. 2014) The pHvaluesrange from 8.55 to 8.65 and 8.3 to 8.6 in Minor Lake and Major Lake,
respectivel (Dejoux and llitis 1992)The pH in Major Lake is slightly lower than in Minor

Lake because of increased phytoplankton photosynthetic activity and the abundance of benthic
macrophytegDejoux and lltis 1992)Chloride, sulfate, and sodium ions are mhafound in

lake water. Silica values range from O to 2.6 mg/l with a mean value of 1.§DegiLix and

llitis 1992),and the concentration is lower than the limitation for diatom grqftiz et al.

2012) Silica concentration is high with valuestveen 0.21.8 mg/l in the first 5 m depth in
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Minor Lake while it remains lowata depthof less than 5 niDejoux and lltis 1992)The lake

is nitrogenlimited with a 3:1 ratio of dissolved inorganic nitrogen and soluble reactive
phosphorugFritz et al.2012) Nitrate (NQ’) and ammonia (NkJ values were 3.5g/L and

2.5 pg/L, respectively in Major Lake (Fritz et al. 2012) The ratio ofdissolved inorganic
nitrogen and soluble reactive phosphovatie was between 3 pg/L and 24 ug/L during the
stratified period and deep mixing Major Lake respectively(Fritz et al. 2012) The trace
elements of boron, iron, lead, chromium, manganese, aluminium, lithium and arseratsawere
found in the lak€Dejoux and lltis 1992)

Lake Titicaca has diverse fauna, including approximately 60 bird speciestife.qg.
Titicaca flightless grebeRpllandia microptery egrets, waterfowljMonroy et al. 2014)more
than 20 species of figvliller et al. 2010; Monroy et al. 20143nd 18 amphibian species (e.g.
the endemic Titicaca water fragelmatobius coleygMonroy et al. 2014)Furthermore, lake
water connects with a variety of streams and associattidnds and is an ideal area for
terrestrial vertebrates such as camelids, deer, and rqtieies et al. 2010) The current algal
flora is mostly accounted for by chlorophytes-&3%), cyanophytes (102%), and diatoms
(27-39%) (Fritz et al.2012) Diatommainly occurduring isothermal mixingvhereas biomass
is significantly decreased when mixing is not as déejiz et al. 2012)During the vertical
mixing period, phytoplankton and zooplankton are both transferred to the s{Dfapeese
et al. 2021)resulting in an increase in the phytoplankton concentréilaguesne et al. 2021)
There are 26 fish specidggathave been recorded in Lake Titicgb4iller et al. 2010; Monroy
et al. 2014)The Kkillifish genusOrestias(> 20 species) and the catfish gefdughomycterus
(2 species) are dominafitoayza et al. 2022restiasis asmall speciswith a length <5 cm
while Trichomycterugs bigger with a length of 1219 cm(Miller et al. 2010) Orestiashas
been obswed consuming a diverse range of aquatic resources such as algae, macrophytes,
zooplankton, amphipods, €diller et al. 2010)Orestiascan be caught along the higltitude
lakes and tributary streams in Peru, Chile and Bolivia (Gammons et al., Z86Bpmycterus
consumes organic remains as well as a variety of native benthic macroinvertjilsge et
al. 2010) Trichomycteruswvas reported near extinctipand the abundance is very scarce
(Gammons et al., 2006). Two species of-native and commercial fish, rainbow tro8a{mo
gairdneri) and pejerreyBasilichthyes bonariensisvere introduced to Lake Titicaca in 1942
andthe 1950s respectively. These nenative fishes consume insects, crustaceans, and small

fish (Gammons et al. 2006] he rainbow trout population has plunged because of overfishing
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andhasmigrated to other tributaries of Lake Titicgé@ammons et al. 2006pn the contrary,
pejerreyhas grown sharply and become an essential food source for inhabitaataarlis
food among tourist§Gammons et al. 2006The pejerrey can be caught near the shore and
open water of Lake Titicag@&ammons et al. 2006)

Minor Lake has highe€hl-a mncentrations compared to Major Laffuiz-Verdu et
al. 2016; Duguesne et al. 202&)th the highest values recorded nearest to the sho(&linz
Verdu et al. 2016)MeanChl-a values derived from Lands&in August 2013 for Major Lake
andMinor Lake were 3.80 £ 0.24 pg/L and 4.80 + 0.18 ygAspectively(Ruiz-Verdu et al.
2016) Duquesne et al (2021) mentioned that biomass levels w@Beifes higher in Minor
Lake than in Major Lake between 1985 and 1987. Macrophytes (noktyaceaespp)
account for over 60% of the total biomass in Minor Lake @idnise onethird of its bottom
(about 436 krf) at deptisranging from 2 to 15 riGuédron et al. 2017Phytoplankton blooms
happen during the rainy season with the supply of increassadnutrients Ruiz-Verdu et al.
2016)

2.3.2.5. Extreme events

The magnitude and frequency of extreme events (heavy precipitation, drought) are projected
to increase in the central Andes, especiailyhe Lake Titicacaregion (Acha et al. 2018)

During the wet season (Decemidédarch), there will be an increase inepipitation whereas

during the dry season, precipitation will declifeha et al. 2018)Heavy precipitation will

move more nutrients, contaminants and organic matter from r(hdffa et al. 2018)Iit may

result in changes in phytoplankton commigsitandead toharmful algal blooms, and carbon
cycling (Acha et al. 2018)

The lake level is affected by extreme events such as drought or heavy (ainfaH
quispe et al. 2021A strong increase in inflow to Lake Titicaca in the second halfeof 80s
was due to heavy precipitation during several continuous Y&arszales and Roncal 2007)
Hence, the water level escalated gradually and inundated thousands of hectares in the
floodplain area. For instance, in 1986, the hgaregipitationcaused an inundation of 48,000

hectaregGonzales and Roncal 200Feavy precipitation peaked in 198887, resulting in
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the highest recorded lake water level and causing floods along the Desaguadero River, Lake
Uru-Uru andLake Poopdé(Gonzales and Roat2007)

Drought could also cause serious economic and social issues in the TDPS$ region
affecting agricultural activities and domestic water use. Historical records indicated that
drought occurred in the region from 1982 to 1983 and from 1989 to(G28ales and Roncal
2007)

2.3.2.6.Sociceconomy impacts

There have been numerous studies to investigate Lake Titicaca water quality, some focusing
on the influence of anthropogenic activiti@uwig et al. 2014; Archundia et al. 201 7dn)d

others @ heavy metal contaminatig@ammons et al. 2006; Archundia et al. 2017a; Guédron

et al. 2017; Acha et al. 2018; Sarret et al. 20A@lditionally, prior research reported water
pollution in the Lake Titicaca areasich as in the inner of Puno B@jieckermann et al. 2006)

The shallow areas of the lake have been the most polluted areas and those most subject to algal
bloom in recent years (e.g., Puno Bay and the Major Lake). Specifically, due to the
anthropogeniactivities upstream, the southeastern section of Lake Titicaca is often impacted
(Duquesne et al. 2021Frincipal source of contaminatior{mercury and heavy meslin the

lake are mining activitiesand wastewater dischargé&ammons et al. 2006; Gu#éd et al.

2017; Duwig et al. 2014 Gammons et al (2006) used different types of fish muscle tissues to
analyse mercury (Hg) contamination in Lake Titicaddneir results showed that Hg
concentration surpassed the United States Environmental Protageoiy fish tissudased

water quality criterion level of 0.30 ug/g fpejerrey and Karachi fisihey concluded that

mining activities upstream (Ramis River) could be the source of high Hg concentration in the
lake (Gammons et al. 200655uédron et al(2017), however, took a different approach and
argued that Hg levels were not as serious as reported from previous studies and are in the lowest
range when compared to other large lakes in the world. Mercury concentrations found in the
fish muscle arounthe coastal areas of Major Lake are below the regulated heattdmesr
values(Guédron et al. 2017However, no prior studies have examined Hg contamination in
the Minor Lake area, which is the most productive region and is also affected by anthropogenic
impacts (wastewater discharges from agricultural, industrial and domestic act{@ti€syron

et d. 2017) The level of Arsenic in the lake has also been found to exceed the World Health
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Organization (WHO) drinking water limitDuwig et al. 2014)Arsenic concentration and

other metal concentrations (Cd, Zn and Ni) are also high in rivers upgiDeavig et al. 2014)

Theenvironmental pressures on the |lak# probably increase in the future due to the
human population rising around the lake af@aquesne et al. 2021puch contamination
adversely affects the aquatic biota and the entiosysstem of the lak@uquesne et al. 2021)
Many species have been affected due to these contams)asmecially some native species
such as the iconic frogelmatobius coleu@Duquesne et al. 2021 herefore, the authorities
should develop solutions to reduce the increase of emissions and the impacts of human
activities to prevent the eutrophication and heavy metals input into théGaiéelron et al.
2017)

Il n summary, understanding Lake Titngcacabots
the environmental and ecological impacts of climate change on this lake.

2.4. Application of SatelliteEarth Observations for LSWT DynamicsAnalysis

To measure LSWT, researchers have traditionally relied on in situ observations. While these
measuremds may obtain temporal variability as well as provide information on decadal scale
alterations in LSWT, they face challenges in spatial coverage and data consistency due to the
limited number of irsitu data and in vast areas. SateHigéeth Observation(EO)data provides

the ability to get over these limitations. Satel® data can provide both temporal and spatial
coverage, especially in large and remote regidwiglitionally, Satellite EO offers a grid of
temperature data, each averaged over a neataia of the lake's surfafidook et al. 2003;

Oesch et al. 2006Numerous available sensors for obtaining the LSWT data are Advanced
Very High-Resolution Radiometer (AVHRR), Moderate Resolution Imaging
Spectroradiometer (MODIS), ENVISAT/AATSR and SentiBébLSTR.

Gaps remain an issue in satellite images. These gaps can be caused by many factors,
including cloud cover, errors in data transmission, or ceamg the satellite sensors' orbits.
Satellite image analysis might be distorted by missing data. Therefore, filling gaps is a
fundamental step in processing satellite data. Several studies have implemented different gap
filling methods that can reconsttigatellite images, especially in marine satellite observations

(sea surface temperature, Chloropfajll Stock et al2020) compared ten different algorithms
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to impute Chlorophyta satellite data in marine, showing that Data Interpolating Empirical
Orthogonal Functions (DINEOF), ordinary Kinging and spatiotemporal Kriging algorithms
reconstructed well across four study ar€ack et al. 2020)Machine learning is also a
common gagilling method such as Boosted regression tree (Kraemer et al. 20209ural
Networks(Ouala et al. 2018; Barth et al. 202Zhe next chaptepresers the evaluation of
severalgapfilling methodsfrom classical methajsuch as EO#based techniques DINEOF,

to more complex onesuch as machine learning algorithnesreconstruct missing LSWT data

in Lake Titicaca (PerBolivia).
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3.1. Abstract

Satellite Earth Observation can be used to provide time series data for lakes at a global scale,
and thus are critical for understanding their responses rnwateli change. However, these
satellite data also have their limitations, including the presence of gaps (e.g., due to clouds).
Gaps in satellite data can be filled with the classic linear interpolation, but can introduce
unknown and unquantifiable errors the spatial and temporal extent of clouds can be very
significant. Therefore, novel gdpling techniques need to be developed and explored. In this

study, we investigate several gilpng methods to reconstruct missing lake surface water
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temperature ata (LSWT) for Lake Titicaca, a lake of critical importance in Peru and Bolivia.
We assess four methods includirdassical Data Interpolating Empirical Orthogonal
Functions, machine learning algorithms such as Boosted Regression Tree and the Data
Interpokting Convolutional Autdencoder (DINCAE). We used the most suitable-géipg

method to analyse LSWT variability at different timescales (annual/ seasonal/ monthly). LSWT
and ChlorophyHa data of Lake Titicaca between 2000 and 2020 fromEim@pean Space
Agency Lakes Climate Change Initiativdataset were analyzed. The results show that
DINCAE multivariate performed best compared to the otherfdjapy methods (RMSE =

0.25 K; MAE = 0.19 K). Annual LSWT derived from DINCAE multivariate icaties that

LSWT ranges from 28289 K, with higher LSWT observed during the wet season compared

to the dry season. The research contributes to resolving the challenge of cloud cover for remote
sensing application in freshwater and enhances the abilitgsess trends related to global

warming.

Running head: Satellite Water Temperature G&jlling

Keywords: Global South, Temperature, Reconstruction, Satellite, South Americ

3.2. Introduction

Lakes are essential components of the Earth system, plagndicsint roles in global
hydrological and biogeochemical cycl@usker et al. 2019; An et al. 2022)hey provide
essential ecosystem services, including fisheries, energy production, water supply, recreation,
tourism, and biodiversity suppdi®challenberg et al. 2013; Sterner et al. 20R@)wever, the
resilience of lake ecosystems is increasinghgatened by climate chan@khayne et al. 2023;
Han et al. 2024)Surface water temperature is among the key parameters influencingliakes
affects, among other things, lake metabol{tlion et al. 2010; Kraemer et al. 2017barbon
cycling (Trarvik et al. 2009; Aberg et al. 2010)nd the balance and composition of aquatic
speciegJeppesen et al. 2012; Dokulil et al. 2024 ditionally, lake surface water temperature
(LSWT) is intricately linked to physical dynamics, including vertical mixiand thermal
stratification (Wells and Troy 2022)which have profound implications for lake ecosystem
health (Huot et al. 2019; Weyhenmeyer et al. 20245WT also substantially influences

regional weather patterns by regulating energy and masswggelbetween a lake and the
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atmospher¢Balsamo et al. 2012; Thiery et al. 2014; Huang et al. 2Q®)erstanding energy
exchange and the impacts of climate change on lakes thus requires a comprehensive
understanding of LSWT, which has been designaseanaEssential Climate Variable by the
Global Climate Observing Systgf@COS 2022)

LSWT is primarily driven by a combination of external factors, including solar
radiation, air temperature, and wind sp€Edinger et al. 1968; Livingstone 2003; Magee e
al. 2016; Schmid and Kdster 201&polar radiation is often considered a dominant source of
heat input, particularly in tropical systems, with its intensity and duration directly influencing
the thermal dynamics of lake surfagetHe n d er s o n ; [Svingstoreerasd ImMb&ABNG
1989; Fink et al. 2014; Schmid and Read 202#%)temperature, closely linked to regional and
global climate patterns, also plays a crucial role; higher air temperatures generally lead to
increased lake surface temperatuitasingstone and Lotter 1998; Austin and Colman 2007,
O6Reilly et al. 2.0MVIn8 pattehhs adfect surkade wader tenapkrature2b® 1 8 )
promoting mixing and heat distribution within the lglkéorn et al. 1986; Desai et al. 2009)
with stronge winds enhancing vertical mixing and potentially disrupting thermal stratification
(Boehrer and Schultze 2008; Woolway et al. 2017b; Woolway et al. 2Bi&)ipitation and
inflow from rivers and streams can also introduce cooler or warmer water into lakes, further
influencing their thermal regimgEyto et al. 2016; Rooney et al. 2018; Doubek et al. 2021)
Additionally, water clarity significantly affestLSWT by determining the depth to which solar
radiation can penetrafPersson and Jones 2008; Heiskanen et al. 2B&8)uced water clarity,
often caused by higher concentrations of chloropaylChta) (e.g., due to algal blooms), is
another importatrfactor, which can lead to greater absorption of heat in the upper layers of the
water column, increasing LSWJones et al. 2005; Rinke et al. 20MYarmer LSWT can also
stimulate algal growth, which further reduces water clgwiilliamson et al. 2@5; Rose et al.

2016) creatingpositive feedbackPaerl and Huisman 2008)

Conventional approaches to investigating LSWT have primarily relied on in situ
observatior(Livingstone and Dokulil 2001; Hampton et al. 2008; Leoni et al. 2019; Kangur et
al. 2022) While these measurements can provide highly accurate data and the best opportunity
to obtain depthresolved temperature, their spatial coverage is often limited to point
measurementfLieberherr and Wunderle 2018; Carrea et al. 2028{itionaly, deploying
and maintaining in situ sensors across large spatial scales is-iatamsive and costly, making

it challenging to obtain comprehensive datasets for extemsijiens (Pekel et al. 2016;
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Papenfus et al. 202 atellite Earth ObservatidiO) offers a solution to these limitations by
providing broad spatial coverage and frequent temporal observé8chaeider and Hook
2010; MacCallum and Merchant 2012; Tong et al. 2023; Korver et al. 2B24¢nt studies
have used satellite EO data ¢aplore global lake thermal responses to climate change
(Schneider and Hook 2010; Woolway and Merchant 2018; Maberly et al. 2020) examine
intraclake variations in surface water temperaiiMason et al. 2016; Woolway and Merchant
2018; Fichot etl. 2019) By leveraging satellite sensors, researchers can now gain a more
complete and dynamic understanding of LSWT patterns and their implications for lake

ecosystems and climate interacti§Rfccolroaz et al. 2024)

Despite the advantages of satellte EO for observing LSWT, there are notable
limitations. One significant constraint is that optical and thermal satellite EO data contain gaps,
providing only a partial view of a lake at any given ti(MacCallum and Mercha 2012)

Data gaps can arise due to various factors, including cloud cover, which obstructs the satellite
view of the lake surface, sensor malfunctions, and orbital limitations that prevent full coverage
(Sirjacobs et al. 2011¥loud covergenerally causes complete data loss for optical sensors but
may result in partial attenuatiptiases for thermal sensoed inaccurate atmospheric
correction(Pekel et al. 2016 Additionally, high cloud frequencsignificantly limits the long

term chages in lake extent monitoring, as optical sensors maybe partially or entirely
obstructed from detecting the target laesng et al. 2023 hese limitations pose challenges

for researchers conducting lotgrm and comprehensive studies of LSWT dynamic

Efficient and accurate gdijling is often a fundamental and an essential step in
processing and analysing sateliterived information on LSWT. Accurate géjing
techniques need to ensure that the data are comprehensive and reliable, enahblicigereso
better understand temporal trends and spatial patterns. Effectividliggpis crucial for
maximizing the utility of satellitelerived LSWT data. Various methods have been proposed
to gapfill satellite data, especially for the marine enviment (Beckers and Rixen 2003;
Hilborn and Costa 2018; Yan et al. 202B)cluding for sea surface temperature and-&hl
(Alvera-Azcarate et al. 2007; Stock et al. 2020; Barth et al. 2082Zhe context of lakes,
different approaches have also beepliap, ranging from linear interpolatiqischwab et al.
1999)to the use of machine learning approactkgaemer et al. 2022) inear interpolation
achieved Root Mean Square Differences of 1L 78°C for LSWT in the Great Lakg$Schwab

et al. 1999) Kraemer et al. (2022) applied Boosted Regression Tree method to reconstruct
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missing Chia data in lakes globally and resultedthe median predicted residual error sum of
square®f0 . 3 51 Fhg Ddta Interpolating Empirical Orthogonal FunaigDINEOF) has
been employed to reconstruct LSWT data for a substantial number o{M&eGallum and
Merchant 2012)DINEOF was used to fill data gaps for nighttime LSWT in Lake Malawi and
Lake Winnipeg, resultingn the mean difference of 0.08 £ 0.R8and 0.29 £ 0.55 K (with a
maximum difference up to 2 K) respectivdglylacCallum and Merchant 2012However,
despite these advancements, no study has yet systematically compared the diffdiéinggap
approaches for lake temperature, which is @um identify the most effective methods for

accurately reconstructing satellite Ef@rived lake data.

In this study, we investigate and compare severaffijfeqg methods to reconstruct
missing LSWT data. We explore classical technigueduding theEmpirical Orthogonal
Functions (EOFpased metho(Beckers and Rixen 2003; Alvefszcérate et al. 20053s well
as machine learning algorithms such as Boosted Regression TregspMfeented the Data
Interpolating Convolutional Aut&ncoder (DINCAE) mt#hod, which has been previously
applied to marine da{@arth et al. 2020; Barth et al. 2028)t has not yet beersal for LSWT
reconstructia. Additionally, we include in our assessment a multivariate DINCAE, which fills
gaps in LSWT using bothSWT and Chia data, leveraging the correlation that oftentimes
exist between surface temperature patterns anda@hl aquatic environmentgAlvera
Azcérate et al. 2007; Kraemer et al. 2017a; Bouffard et al. 20h& multivariate approach
aims to enhnce the reconstruction of LSWT by incorporating information from related
variables. DINCAE univariate and multivariate reported RMSE of “@58nd 0.52C
respectively for reconstructing gaps in the Adriatic @=ath et al. 2022)Here, we focus on
LSWT observations from Lake Titicaca (PeBolivia), the largest freshwater lake in South
America, as a case study for our work. Lake Titicaca plays an important role in ecology,
economy (agricultural and industrial activities, domestic water uses) and \tlienement
(Pillco Zola et al. 2019; Zubieta et al. 20215 unique higkelevation location makes it
particularly sensitive to climate change, including shifts in both temperature and hydrology.
The lake has highly sparse in situ data availability, exajaing the necessity for precise remote
sensing based estimates of surface properties. Using the nefMaghplata, we analyse
changes in the temporal and spatial characteristics of LSWT in Lake Titicaca, contributing
valuable insights to both scientifunderstanding and practical applications in lake monitoring

and climate research. Our objective is to identify the most suitable and accurate reconstruction
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methods for LSWT, thereby improving the reliability and utility of satetdiéeived LSWT

data insimilarly vulnerable aquatic ecosystems across the world.

3.3. Materials and Procedures
3.3.1. Study site

(Please refer back ©©hapter2 section2.3).

3.3.2. Materials

In this study, we analyse satellite E@ta available from the European Space Agency Climate
Change Initiative Lakes (ESA CCI) project v.2.0.1, which contains data on LSWT a+ad Chl
concentrations for over 2000 lakes worldw{@arrea et al. 2023'he satellite EO data are
available at a dbi temporal frequency and a spatial resolution of 1/120 degrees (~dt ke
equator). Satellitelerived LSWT data are available from 1995 to 2020, andaCldta for

Lake Titicaca are available between 2002 and 2020. LSWT was derived from severassatell
including ERS2, Envisat, MetogA/B. MODIS-Terra and Sentind@A/B. Chla data was
derived from three satellites, Envisat, MOEA§ua and Sentineé8A/B. Due to the low density

of observations from 1995 to 1999 (<10% of total observations) (Fig. 1 AR), we only
analysed data available between 2000 and 2020 in this study; in total, there were 7671 daily
LSWT observations for Lake Titicaca during this period. Additionally -&tdata from 2002

to 2020 was used as auxiliary data for the applicatfddINCAE multivariate method only
(see details below). In peptocessing the satellite EO data, a lake boundary mask for Lake
Titicaca (CClI lake id = 20) was extracted from the dataset-duaality pixels in the LSWT
datasetdefined by a quality fla@3) were removed as suggested by Carrea et al. (20883). T
flag thresholdndicates the level of data reliabilitandis commonly applied in remote sensing
studies to ensure the use of reliable data for analysis. In addition to this flag, the quality control
process for both LSWT and Chldata involved other standard measures, such as the removal
of data affected by clal cover, sensor errors, or extreme geographic location oull@rghe
Chl-adata, pixels with uncertainty values > 60% were remdkeek et al. 2022Additionally,

Chl-a values outside the range of +2 times the standard deviation from the mean Chl

concentration were removed. The uncertainty of thea@tdta varied spatially within the lake

54



(Fig. A3). Sveral external factomich as sun angle, lighting conditions, and lake turbadity

also influence Ch measurement quality. These variableseneot explicitly addressed in this
study but represent important considerations for future work and potential preprosésssng

The dataset was then resampled from a 1 km to 4 km spatial resolution using bilinear
interpolation methoqdZhang et al. 2021 This resampling was chosen to reduce processing

time and minimise the memory usage. The workflow of our analysis is shown in Fig. A4.

3.3.3. Procedures

Thetime serieglatawas split as follows: 60% training data, 20% validation data and 20% test
data. The training and validation data were used to tune and find the optimal hyperparameters.
The clouds were added thetest dataset by applying cloud masks extracted from 5Qama

into another 50 image$his test dataset was not involved in the model reconsinymtocess

andwasonly used for evaluating the model performance.

3.3.3.1.Data Interpolating Empirical Orthogonal Functions (DINEOF)

The DINEOF optimized EO®Basedtechnique was first introduced by Beckewsd Rixen

(2003). It uses EOF analysis, acquires the eigenvalues and eigenvectors, defines the optimal
EOFmodesfor the dataset via a cresalidation process, and through an iteration procedure
missing data is monstructedYang et al. 2022)DINEOF can be used to reconstruct univariate
data (e.g., Ché or surface water temperatufgjilborn and Costa 2018; Han et al. 2020; Stock

et al. 2020; Jiang et al. 2022; LomeElilerta et al. 2022xand multivariate data (Cld and
surface water temperatur@lvera-Azcarate et al. 2007; Sirjacobs et al. 20UNEOF is
commonly used in oceanogiapand has been applied to datasets at various timescales from <
1 year to > 10 years as well as witarying temporal frequencigblilborn and Costa 2018)

This technique has been applied to fill LSWT gaps for 258 lakes from 1995 to 2009 and for a
later versionan attempt was made for more than 1000 lakes with the European Space Agency
ARC-Lake projeci{MacCallum and Merchant 2012)

DINEOF works with a twadimensional matrix (mxn) where the spatial and temporal

mean is removed from the data. The missing pixels are replaced by zero.

X=USVT
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where: % two-dimensional matrix, Uthe spatial pattern &OFs, \ the temporal

pattern of EOFs, She singular values.

The first EOF is computed by the singular value decomposition (SVD) method and
used to replace the missing value. This procedure is repeated and continued with the second
EOF, t hi rpEOFs ELGtF usérdefined convergence. The missing data is then

reconstructed by the truncated EOF modes.
X=UpSw (p=1ék)

where: %- reconstructed matrix, $Jthe mxp matrix with p columns containing th 1
p spatial EOFs, ¥ the nxp matribxwith p columns containing the'p temporal EOFs, ;S

the pxp matrix containing the'p singular values.

The optimal number of EOFs is determined by cradglation technique by checking
with normally 3% of valid selected data at the beginning of tbegss. The root mean square
of error (RMSE) between the original and reconstructed data is calculated in each EOF mode.
The optimal EOFs for reconstruction are chosen with the lowest values of RMSE. The
reconstruction will be performed again based onojpténal EOF mode until convergence is
reachedWe used the R packagmkr (Taylor et al. 2013)o apply the DINEOF method to our
data. We also used thisapackage in KFilipponi et al. 2018)o process the data. LSWT was
demeaned prior to applying DINEOF in order to improve DINEOF performance and avoid

overfitting. After running DINEOFmeanLSWT was added back to the reconstructed.data

3.3.3.2.Multi-model gagfilling approach

Our multrmodel gapfilling method, as detailed by Kraemer et al. (2020), integrates three
distinct models: linear regression model, generalized additive model, and Boosted Regression
Tree (BRT). This method follows a sequential approach, where the residuals freimpler

models, such as linear regression model, are fed as response variables into the subsequent, more
complex models. Specifically, the residuals from the final model (BRT) are linearly
interpolated over time for each combination of latitude and lodgipairs. The final gafilled

dataset is generated by combining the predicted values from each model with these interpolated

residuals, resulting in a comprehensive and robust interpolated dataset.
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The first model in our approach is the linear regressmmdel, which serves as the
baseline by capturing simple linear relationships between the predictors and the response

variable.A simple linear regression modglM) equation is as follows:
y=U+bx+0

where:yt he dependent iintarceptazbhe vadeesndent varie

the coef f i theeeortermf or X 0

The Im() function in R is utilized to fit linear modeWhile linear regression model is effective
for extrapolating straightforward relationships, it may not adequatelyi@amore complex,
nonlinear patterns in the data. To address these limitations, a generalized additive model is used

next.Generalized additive model (GAM)uation is as follows:

o

y =o+0(x1) + U )3 U -~ N(O, G

where: ¥yt he r e s p o nostlee intexapt; fa)btheesmooth function of the predictor
x1; 1 the error term. This formula indicates that smooth function f now makes up the linear

predictor's contribution.

Generalized additive model extends the traditional linear model by inctngpbath
parametric components and uskefined smooth functions of the predict@ifastie 2023)This
allows the generalized additive model to model nonlinear relationships while still retaining
linear elements where applicab@®AM is an extension dhe generalized linear model (GLM)
where the linear predictor is composed of a traditional parametric component addfussa
smooth functions of the predictqidastie 2023) I n R, t he A gigcwpackaeunct i o
is commonly used to fit gam. GAM imgcvuses penalized regression spline as a smooth
function. Modelling complex relationships involving numerous predictors is mainly owing to
the smooth terms in GAM, which can involve any number of covariaktessdm of all splines
forms a GAM(Hastie 2023)To further refine the gaflling process, we employ the BRT

model as the final step in our sequence.

BRT, a member of the classification and regression tree family, utilizes boosting
algorithms to iteratiely enhance prediction accuracy. The BRT model grows decision trees in
a stagewise manner, capturing complex interactions and nonlinear relationships that may not
be adequately addressed by linear regression model and generalized additivéEftbc]

al. 2008) BRT contains regression tree from classification, decision tree group of models and
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boosting algorithms. Decision tree is a statistical model that uses a set of rules to divide the
predictor space into rectangles. The goal is to identifyoregvith comparable responses to
predictors and give each region a constant value. The constant in regression trees represents
the mean response, whereas it represents the most likely class in classification trees. Prediction
errors are minimized througtng selection of predictors and split points. Expanding the
decision tree requires recursively applying binary partitions until a stopping criterion is
satisfied. It is typical to first grow a large tree and then prune it by removing the weakest links,
idertified through croswalidation so that an effective decision tree can be created. Boosting
is a type of fAfunctional gradient descento
decreases the loss function at each step, the numerical optimitationique known as
"boosting" aims to minimise the loss function. The first regression tree maximally declined the
loss funcion for the selected tree sizBach subsequent step focuses on the residuals,

specifically the variation in the respor{&gith et al. 2008)

The BRT model uses a stagewise approach for tree growth. A new tree is fitted to the
residuals of the preceding tree in each step. Each additional tree may use a different set of
variables and split points from the one before it. Each &mew tree is added, the model is
updated, and the residuals for the revised model are computed. This procedure is repeated
repetitively. The model grows without changing the existing trees. To account for the
contribution of the newly added tree, onlg tlitted value for each observation isegtimated
at each step. The final BRT model was built by a linear combination of numerous trees which
are numbered from hundreds to thousands. It can be thought of as a regression model in which
each term is a trglith et al. 2008)

LM and GAM are used first for the extrapolative parts of the interpolation function
effectively. Nonlinear components and interactions are not adequately captured by LM and
GAM, therefore, BRT is used as the final model. The mmtidels result in a finewapolation
performance of M and GAM combined with fine details in the predicted and response variable
interactionsBRT performance is influenced by several tuning parameters, including the bag
fraction and tree complexity. The bag fraction, calculdtasked on the minimum number of
data rows, helps mitigate the influence of outlig¥ile an increase in bag fraction results in
more stable bypotentiallyoverfitted models, decreasén bag fraction uses less data in each
tree, making the model robusgainst outliers but possibly less stalldree complexity of 4

was chosen to account for strong interactions between varialgéerttee complexity values
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can capture complex relationships but migherfit the data, lower values provide simpler
modds but might neglect significant variable interactiofi$ie learning rate, bag fraction and
tree complexity were optimized using the training and validation dataset. In this study, the
generalized additive model and BRT models were implemented in R u&mggcy v1.8
(Wood 2011)xndgbm v2.1.8.1Ridgeway 2007packages, respectively.

3.3.3.3.Data Interpolating Convolutional Autencoder (DINCAE)

The DINCAE algorithm, developed by Barth et al. (2020), was initially designed to reconstruct
sea surface temperature observations by leveraging a convolutional neural network
architecture. Unlike DINEOF, which relies on BOF analysis, DINCAE is particularly adept

at modelling nodinear spatial and temporal relationships within datasets, makiffgdtiee

for reconstructing missing dat¥an et al. 2023) This approach is especially valuable for
filling gaps in incomplete satellite observations and estimating reconstruction, @rnach
require the optimization of a nequadratic cost functiofHan et al. 2020)DINCAE has been
extensively applied in previous studies to address data gaps in satellite ifftdgergt al.
2020; Jung et al. 2022; Luo et al. 2022; Yan et al. 2023 most recent iteration, DINCAE

2.0, was developed in the Juieogramming languag@arth et al. 2022)llowing the use of
nongridded data as input. However, in the current study, we employed the earlier-Python
based multivariate model as outlined by Han et al. (2@&0the features introduced in version
2.0 ae not needed in this work. We used DINCAE to (i) reconstruct missing LSWT using
available LSWT observations, and (ii) reconstruct LSWT from a multivariate perspective,
integrating both LSWT and Clal data. We refer to this method as DINCAE multivariata. F

this method, Cha concentrations were normalized using the natural logarithm (In). It is
important to note that, to our knowledge, the DINCAE algorithm has not previously been
applied to reconstruct missing satellite data specifically for LSWT. Thidystherefore
represents an initial exploration into the use of DINCAE for this purpose. DINCAE was

implemented in Python (version 3(Xjan Rossum and Drake Jr 1995)

The DINCAE process consists of three phases: datgprpessing phase, training
phase, and reconstruction phase. During the datgppeessing phase, the input variables
follow the implementation of Barth et al. (2020). The input data idia¥nsional tensor where

different parameters are included in thecaied channel dimension §ble3.1).
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Table 3.1. List of input variables for DINCAE and DINCAE multivariate

No Input parameters

1 LSWT anomalies scaled by the inverse of the error variance (the scaled anoi
zero if the data isnavailable)

2 Inverse of the error variance (zero if the data is unavailable)

3-4 Scaled LSWT anomalies and inverse of error variance of the previous day

5-6 Scaled LSWT anomalies and inverse of error variance of the next day

7 Longitude( scal ed | inearly between 11 and

8 Latitude (scaled Iinearly between 1

9  Cosine of the day of the year divided by 365.25

10 Sine of the day of the year divided by 365.25

11 In(Chl-a) anomalies scaled by the inverse of the erasiance (the scaled anomaly

zero if the data is unavailable)*
12 Scaledn(Chl-a) anomalies of the previous day*

13 Scaledn(Chl-a) anomalies of the next day*

*usedonly in DINCAE multivariate

An encoder and a decoder are the two essardraponents of a convolutional atuto
encoder model. A pooling layer (doveampling layer) and a convolutional layer form the
encoder. A convolutional layer and an upsampling layer form the deflageiet al. 2022)

For each minibatch, some valid datdues are marked as missing in order to assess the training
effect (test data) while the remaining data is used for training data. The structure of DINCAE
contains five parts: input data, encoding layers, fully connected layers, decoding layers and an
output (Han et al. 2020)

- Input data includes the training dataset and the test dataset.

- The encoding layers resemble the singular value decomposition (SVD) in DINEOF, which
may lower the input data dimensions and reduce the computational complexigurad
networks. A convolutional layer's function is to extract the features from the input data; the
depth of the convolutional layer, often referred to as the "convolution kernel size," determines
the quantity and size of these features. The convolitomel size used by DINCAE is 3x3.
Pooling layers are used after convolutional stages to keep the average value of 2x2 boxes while

reducing the size of the convolution layers.
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- A fully connected layer functions is similar to a hidden layer in an-entader, allowing a
nonlinear combination of extracted features. In this algorithm, N/5 (rounded to the closest

integer) and N, where N is the number of neurons in the final pooling layer.

- The decoding layer comprises of convolutional and nearest neigiibenpolation layers. In
order to capture smadicale features that are lost in the encoding layers and fully connected

layers, the interpolation layers are skignnected to the pooling layer output.

- Output data consists of the mean and standard daviad the Gaussian probability
distribution function of the reconstructed data and the average input data used to calculate

anomalies.

The Gaussian probability distribution function was added to optimize the model. Two
dropout layers, which randomly deaette the neural units in fully connected layers (take out
30% of neurons) to avoid overfitting. This approach, like Gaussian distribution function, was
only employed in the training phase and was deactivated during the reconstructiofYphase
et al. 203). Regularization and activation techniques are also applied in DINCAE algorithm
to avoid overfitting. The Adam optimizer contains a regularization algorithm. The
regularization adds a weighting factor to the loss function to minimize model compledity a
overfitting (Han et al. 2020)The activation function, which is used to improve the model's
nonlinear fitting ability, is commonly utilized after the fully connected layer and convolution

layer(Yan et al. 2023)The leaky rectified linear unit (RP)) is defined as:
f(x) = max(x, Ux)
where U=0.2. This function can help the grad

During the training phase, the input dataset was randomly mixed (across the time
dimension) and separated into mini batches of 50 images, rgsul@m array size of 10 x 55
x 83 x 7671 and 13 x 55 x 83 x 7671 (number of inputs x longitude x latitude x time steps) for
DINCAE and DINCAE multivariate respectively. The entire time series was divided into 153
mini batches of 50 images each and onalfminibatch of only 21 image$he inverse of the
error variancevalueis eitherO (for missing data) or a constaBecause this constant will be
multiplied by a weight matrix, which will be enhanced through network training, its exact value
is not essemal. The hyperparameters used to train DINCAE in this study remain the same as
the setup of DINCAE. For training the model, grid search was used to tune the

hyperparameters. DINCAE runs a total of 4¥@D iterations (hereafter referred to as
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i e p 0 c Isudtiag)in a recanstructed dataset every 10 epochs. Theodtapte ranges from
0.1-0.3 with the learning rate of 1304, 1 x 103, 1 x 102. The optimal hyperparameters for
DINCAE are epochs= 200, dropout rate= 0.3 and learning rate2Q® and for DINCAE
multivariate are epochs= 300, dropout rate= 0.3 and learning ratet903. The result was

averaged fothefinal reconstruction output.

3.3.3.4.Validation and analysis

To estimate the accuracy of the gdiing methods described abovégicorrelationcoefficient

(n), bias, Root Mean Square Error (RMSthd Mean Absolute Error (MAE) were usddis
evaluation was used to calculate teeonstructed pixel values (i.e., only for the pixels where
artificial gaps were introduced) and the corresponding true pixel values from the original
images. A lower RMSE, MAE, bias and higher r indicate the closer the reconstructed method

resembles theriginal values.

B h h ns v w~B h sy «~ * B h
r= — — TEl O— i Qu—
B R B R
. Ny P TN FQQ
Bias (K) =B o &
h h
RMSE (K) =

MAE (K)=-B sii 8@ & ¢ FgQ
where n is the number of samglXorii and Xec, are the valuesf the original images
at index iand the reconstructed imagesndex irespectively

The validation was performed in Python. 1In
to estimate the slope and the Matendall test to determingvalues, implemented using the
trend v1.1.4ackaggPohlert 2023ain R (version 4.2JR Core 222)
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3.4.Results
3.4.1. Satellitederived observations of LSWT and Chia

Satellitederived LSWTs from Lake Titicaca were often incomplete, containing substantial
gaps during the period of 20@D20 (Fig.3.1). The availability of LSWT data varied widely
throughout the study period, with the highest annual coverage obsen@tbinwhere about

45% of the lake's surface had available data. In contrast, 2001 had the lowest coverage, with
data available for only 10% of the lake's surface. Notably, between 2013 and 2016, LSWT data
were available for approximately 40% of the lakdae, but coverage was particularly sparse
between 2000 and 2006, with less than 20% of the lake's surface observed. In contrast, satellite
derived Chia data, available from 2002 onward, exhibited greater data sparsity. The lowest
coverage occurred in 28Ppwith only 8% of the lake surface observed. The year 2019 had the
most comprehensive Ghlobservations, covering about 30% of the lake surface. The period
from 2016 to 2020 had the highest density of-&lbservations, with coverage exceeding
20%. Howeer, a substantial gap in Chldata occurred between 2012 and 2015, due to the
absence of optical satellite data (MERIS and OLCI).

Spatially, the LSWT dataset reached a maximum observation count of approximately
3,000 observations per cell, which repreaseless than half of the potential maximum (n =
7,671) over the study period. The availability of @htlata, with around,200 observations
per cell, was more limited. Observation density also varied across the lake surface, with higher
concentrations inpenwater regions and fewer observations near the shore @idervations

were also more frequent in Minor Lake compared to Major Lake 8Fig.
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Figure 3.1. Total number of annual (a) LSWT and (b) @bservations, both temporally
and spatially in Lake Titicaca during the study period (200R0).The percentage was
calculated based on the ratio of observed or available pixels to the total potentially available

pixels over 365 day® percentage

Tempaal analysis further highlighted the variations in data availability. LSWT
observations peaked at about 400 per month from April to SeptembeB.@&igvhereas Chl
a observations reached a maximum of 300 per month from May to August (Fig. A5). Both
datagts showed a decrease in observations from October to March, with LSWT data
decreasing from 250 to 100 and @hbata remaining below 150 during these months.
Additionally, there was a clear seasonal pattern, with more observations during the dry (April
November) than the wet (Decembdarch) season (Fig. A6). The highest LSWT observation
counts were around@O0 in the dry season and 500 in the wet season, whia €&hints were

1,900 and 400, respectively.
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Figure 3.2. Monthly dbservations, per 4 khpixel, of LSWT from 2000 to 2020 in Lake
Titicaca. Observation counts ranged between 0 and 400 per cell monthly.

It is important to note that Clal data was primarily used as auxiliary information in the
DINCAE multivariate approach. Specifically, during periods when LSWT observations were
missing, Chla data helped supplement the gdling process (Fig. A7A9). The observed
discrepancy between tigaps in LSWT and Ckd data arises due to differences in the sensors
and retrieval algorithms used for each variable. Furthermore, the data processing and quality

control protocols differ for each dataset.
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3.4.2. Comparison of gagfilling methods

We applied each of our gdifling methods to the test dataset and evaluated wdaqilling
method provides optimum performanda example, a mostly clouftee day (21/04/2017),
with artificial gaps, as well as the reconstructed imggesshown in Fig3.3af. BRT showed
overfitting arefacts while DINEOF, DINCAE univariate and multivariate resulted in smooth
images. DINCAE univarig@ and multivariate performed well and clearly detected land and
water pixels as it effectively depicted the islands in the northwest of the itedkeding
Amantani and Taquile and Isla del Sol in the east.
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Figure 33. Examples of a) Original, b) Added clouds, as well as the reconstructed imdye:

Among the gagilling methods tested, thBINEOF methodhad the highest RMSE of
0.57K, MAE of 0.34 K with low correlation r = 0.81 and high bias-6f09 K (Fig.3.4a) The
multi-model method had lower RMSEMAE, higher r and lower biathan tlose of the
DINEOF (RMSE = 0.36 K, MAE = 0.26 K, r = 0.9bjas =-0.04 K) (Fig.3.4b). DINCAE

multivariate and DINCARinivariateperformed best and most consistently among the different
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gapfilling algorithms testedFig. 3.4c-d). DINCAE multivariate recorded a slightly lower
RMSE of 0.25 K compared to DINCAE thi RMSE of 0.27 KBoth DINCAE methods had
the same MAE of 0.19 K and r = 0.9bhus, our analysis indicates that there was a minor
improvement when using the DINCAE multivariate methed, which also considered spatial
patterns in Chh when reconstrummg LSWT. This improvement can be attributed to the
relationship between LSWT and Glparticularly in certain months of the yekid. A10 and
Fig. A11).
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Figure 3.4. Comparison of the tested géjting algorithms inreconstructing LSWT in Lake
Titicaca, shown in scatter plots of observed and predicted LSWTs. The red lines denoted the
1:1line.
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3.4.3. Spatial and temporal variations in LSWT

The annual LSWT pixelvise variability in Lake Titicaca derived from the giilted data

varied from 284.9 K to 289.1 K from 2000 to 2020 (Rda). The range in LSWT in the wet
season (Fig3.5b) was 286.8 K to 289.1 K, being higher than the LSWT during the dry season
(Fig.3.5c), which ranged from 284.9 Kto 286.9K.Intermk@& ke Ti ti cacads mon
characteristics (Fig3.5d), LSWT was lowest (around 285 K) during the Southern Hemisphere
winter (JuneAugust) and highest durirfgouthern Hemisphesaimmer (Decembsdfebruary),

with a LSWT of around 287.8 KJsing the gagilled datg we also calculated the intannual
variability of LSWT between 2000 and 2020 (F&be). The annual average lakean (i.e.,
averaged across the lake surface) LSWT ranged from 286.6 to 286.9 K. Annual LSWTs peaked
at approximately 287 K in@0 and 2016. Interannual LSWT variations showed notable
differences between the dry and wet seasons. LSWT during the wet season (287.6 K to 288.1
K) was higher than LSWT during the dry season (286.1 K to 286.4 K). On average, annual
average LSWT increased a rate of +0.04 K decadé > 0.05), while LSWTs during the wet

and dry season increased at rates of +0.02 K décade +0.05 K decade(p > 0.05),

respectively.

Annual pixetwise LSWT trends ranged fros0.05 to +0.12 K decadeacross the lake
surface, but with the majority of lake pixels (98.9%) experiencing a warming trend during the
study period (Fig.3.5f-h). Warming trends calculated in 4.3 percent of lake pixels were
statistically significant (Fig. A12). LSWT trends calatdd during the wet season were
between0.02 to +0.12 K decadgFig. 3.5g) while the dry season trend ranged fr@n04 to
0.09 K decadé (Fig. 3.5h). Warming trends calculated in 1.1 and 21.9 percent of lake pixels
during the wet and dry seasons, exgjvely, were statistically significant (Fig. A12).

Our analysis also suggested that in Major Lake, there was an upward trend in LSWT
annually and during the dry season, except for the northwestern area during the wet season.
The northwestern region dfe Major Lake showed contrasting seasonal LSWT trends. During
the wet season, this area showed a cooling trend with a rate of a08dK decadé,
however, this same region experienced a warming trend during the dry season of +0.11 K
decadé. The easirn area of the Major Lake followed a more pronounced warming pattern
during the wet season compared to the dry season. In Minor Lake, the western area showed a

warming trend while the eastern area showed a cooling,texa@pt in the wet season.

68



Statisttally significant trendsp(< 0.05) were mainly observed along the lake shorelines and

in the northern areas of the open water during the dry season.
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Figure 35. Annual, seasonal, and monthly gidlfed LSWTs in Lake Titicaca (2000 to 2020).
Shown are the average (a) annual and (b, c) wet/dry season LSWTs throughout the study
period, (d) monthly LSWT variations (error bars represent the standard deviation), ted (e)
interannual variability in LSWT. Also shown are the LSWT trends, calculated (f) annually and

(g, h) during the wet/dry season. The asterisk (*) shows statistically significant trengs<with
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0.05. The LSWT data used in this analysis are those reuootest using the DINCAE

multivariate algorithm.

3.5. Discussion

Satellite EO data is becoming increasingly used for monitoring and assessing various
environmental phenomena, including the impacts of climate change on lakes. These data are
especially valuble where in situ monitoring is limited oonrexistent, either due to resource
issues or the remoteness of sites. However, satellite images still contain data gaps due to factors
such as cloud cover and other atmospheric interference, and the orbitrfsiactibswath width

of the satellites involved, which may limit their utility. Filling these gaps is essential in many
modelling frameworks used in environmental assessments and deunmkomg. The key
finding of our study of Lake Titicaca is that the DINE algorithm, particularly in the
multivariate version proposed here, which incorporates-aCtiata, outperformed other
methods. Specifically, our results indicate that the multivariate DINCAE approach, which
accounts for intrdake variations in both LSWand Chia, demonstrates superior accuracy

and consistency compared to the other-fijipg algorithms tested for the studied lake. This
multivariate approach leveraged the oftentimes correlated dynamics between LSWT-and Chl
a, enhancingthe model ability to reconstruct missing temperature data. The superior
performance of DINCAE, particularly when using a multivariate approach, highlights the
potential of incorporating auxiliary variables that capture the ecological and physical processes
within a lake. B integrating Chla data in our application, which is indicative of phytoplankton
biomass and can influence thermal properties, DINCAE is better equipped to model the
complex interactions and variations within the lake environment. Our findings unddtszore
potential of advanced machine learning techniques, such as DINCAE, in improving the quality
of satellitederived environmental datasets. The enhanced accuracy and consistency achieved
by these methods can significantly advance our understanding effla&mics, support more
robust climate change impact assessments, and inform effective lake management and

conservation strategies.

The relationship between LSWT and @htoncentrations has been widely discussed
in the scientific literaturdGerten and Adan 2002; Boyce et al. 2010; Vasseur et al. 2014;

Dokulil et al. 2021)and highlights the interconnectedness of thermal and biological processes
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in aquatic environments. Namely, LSWT influences the growth and distribution of
phytoplankton(Berger et al. 2007; Rasconi et al. 2Q1&5 warmer temperatures can enhance
metabolic rates and promote algal blodiiraerl and Huisman 2008; Carey et al. 201isser

et al. 2016)Conversely, high concentrations of @hlindicative of substantial phytoplankton
biomasgKasprzak et al. 2008tan affect the thermal properties of the water column through
processes such as shading and the absorption ajfsti(dbnes et al. 2005; Rinke et al. 2010)

This relationship means that variations in-@hdan provide valuable insights into the spatial
and temporal patterns of LSW(Kong et al. 2021; Thayne et al. 2028jowever, it should

also be noted that Glal can sometimes have opposing effects on water temperature in lakes.
For example, increased Callevels can lead to higher lake temperatures by absorbing more
sunlight and heating the water surfgdenes et al. 2005; Rinke et al. 201Upis surface
warming can, in turn, contribute to a strengthening of thermal stratification, which can limit
the mixing of warmer surface waters with cooler deep waters, potentially leading to higher
surface temperatures. Additionally, thermal stratification can lireitugpwelling of nutrients

from bottom waters(Berger et al. 2010)which can reduce nutrient availability for
phytoplankton and consequently lower concentrations ofadEngel and Fischer 2017)
Furthermore, darker surface waters, which can arisealaégal blooms (and higher Gal
levels), can lead to greater heat loss at the surface due to increased atmospheric heat exchange
(Hocking and Str agkr ab .arheseQoppdsing effects snighd Imalance e t
each other out over long timeades, resulting in no noticeable direct relationship between
LSWT and Chia (Bouffard et al. 2018)By incorporating satellitelerived Chia data, the
multivariate DINCAE algorithm can leverage these complex and potentially offsetting
correlations to ma accurately reconstruct missing temperature data for Lake Titicaca. The
algorithm’s ability to consider the -a@riability of LSWT and Chh allows it to reconstruct

the lake's thermal dynamics more comprehensively, capturing both the direct and indirect
effects of phytoplankton on water temperature. This integrative approach is particularly
beneficial in addressing the complex environmental processes that drive temperature
fluctuations, thereby enhancing the overall quality of the reconstructed LSW$dias. The

low correlation between LSWT and Ghin Lake Titicaca (r = 0.2) suggests that incorporating
Chl-a data into the DINCAE multivariate results only marginal improvements irfithiag,

as evidenced by the small change in our RMSE values. édselation measures only linear

relationshipsand a linear model is not able to account for the various effects mentioned above.
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The correlation of LSWT and Clal was higher during the wet season compared to the dry
season, suggesting that DINCAE multivariate may outperform the univariate DINCAE
algorithm during this time of yeaHowever, the statistical significance showed an opposite

trend, with higher significancein the dry season and lowsignificancein the wet season,

which may be attributeldy cloud cover during the wet season

One potential limitation of our approach was the exclusion ofaGiiservations with
high uncertainty, which may have introdusgtial bias and increased gaps in the input series,
because the Cla estimation framework used in tiiiropean Space Agency Lakes Climate
Change Initiative datasét basedon a prioriidentification of optical water types, some of
which cannot be assesbswith the same confidence as others. There is, therefore, atfade
to consider between allowing data with lower confidence into the reconstruction model to
enhance the number of observations and reduce spatial bias, or to strengthen the contribution
of the Chta input variable to the model by selecting results with higher confidence. To
maintain the robustness of our analysis, we retained only the data with the lowest uncertainty.
However, this fixed thresholding method may have limitations, partlgulahen data
characteristics vary seasonally or across different lake regions. In futdkemore adaptive
strategiesuch as using interquartile range (IQbsed filters or percentileased thresholds
could be explored to better accommodate spatial #mdporal variability in Chh
concentrationsThese approaches may provide more flexible and coespeedific ways to
identify and handle outliersAdditionally, the uncertainty threshold could be assessed to
determine whether including morecertain Chla data may in fact improve algorithm
performance in terms of representativeness of the reconstructed model. This will require studies

to be carried out in the presence of more reference observations across multiple lakes.

By analysing a gafilled satellitederived LSWT dataset, we calculated the temporal
(annual, seasonal) variations and spatial patterns of LSWT. The annual and seasonal LSWT
trends showed variability across different regions of Lake Titicaca. AlS\MT calculated
in ourstudyranged from 285289 K,approximatelyone degree lower than the values reported
in the previous study bRillco Zola et al. (2019)which likely represent measurements from
specific locations within Lake Titicaca, rather than capturing the entire keresultsare
based on spatially averaged LSWT and this processetiute peak temperature values and
limit extreme variability Additionally, resampling data to a coarser resolution may have

contributed to lower LSWT estimates by averaging out tlieemes.Spatial resolution can
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impact the accuracy of the reconstructed data, particularly in regions with significant spatial
variation, such as lake edges. The resolution may affect the representatiorsoffenfeatures

and smallscale processedt is recommended to investigate the smoothing effect of the
resampling andhe impact of spatial resolution on model performainc&ture work. Our
findings on wet/dry seasonal temperatures demonstrate that LSWT in the wet season is higher
than compared tthe annual and dry season LSWT. This can be explained because the wet
season aligns with the warmest time of year i.e., when air temperature and solar radiation are
highest(Pillco Zola et al. 2019)In Lake Titicaca, lakenean LSWT fluctuated between 2000

and 2020, however, we found no statistically significant increasing trend during this period.
Our findings on seasonal temperature variations show some differences when compared to
earlier studiegDejoux and lltis 1992)While our results align with their findings that March
experiences the highest temperatures, we observed the lowest temperatures in July and not in
August as indicated in their study. However, our results also correspond vathsaidies

which have shown July to be the driest mditico Zola et al. 2019; Limguispe et al. 2021)

As a result, LSWTs in August were only 0.02 K higher than in July. Given that the study
periods are different and the variations in the obsepeends, this could potentially explain

the shift in the lowest temperature month. LSWT trends showed variability across seasons and
in different areas of Lake Titicaca. Annual pi@lke LSWT trends indicated both warming

and cooling trends, ranging fror®.04 to 0.12 K decade The observed trends are not
statistically significanand maybe influenced by reconstruction uncertainty or data variability.
Seasonal changes were most noticeable, with the wet season showing a negative trend and the
dry seasorexperiencing a strong positive trend in Major Lake. The cooling trend in the wet
season could be attributed to an increase in precipitation and/or cloud cover, resulting in a
decrease in surface air temperature, solar radiation and cooler [[30@hey et &k 2018) In
contrast, specific areas of Minor Lake showed the opposite, with a cooling trend during the dry
season and a warming trend during the wet season. The distinct trends found between Major
Lake and Minor Lake can be due to their physical charstics. Major Lake, a monomictic
system with a mean depth of 13§Dejoux and lltis 1992has higher thermal inertia, resulting

in more consistent warming trends. Minor Lake, a polymictic system, is shallower with a mean
depth of 9 m(Dejoux and llts 1992) This shallower part is more sensitive to atmospheric
temperature fluctuations and seasonal variations, which results in more variable jmttérns

as a cooling trend during the dry season and a warming trend in the wet season. Shallow parts

73



have a lower thermal inertia due tteeir smaller volume. The mixing of upper layers brings
warm water to the surface, where it loses heat to the cooler air above, resulting in a cooler

temperature.

While our study addresses a notable gap in knowledgasfiling LSWT data, we
emphasize that the optimal ghlting algorithm may vary depending on several factors,
including the specific characteristics of the study area, the intended purpose of-filengap
the period covered, and the available datahis study, we focused on Lake Titicaca, whose
unique attributes, such as its considerable size, might influence the efficacy of different gap
filling methods. Consequently, our findings might not be universally applicable. Future
research should extenthe testing of these gdijling methods to a variety of lake
environments to ensure broader applicability. Smaller lakes, in particular, pose unique
challenges due to their limited data availability, necessitating tailored approachesiiingap
Furthermore, it is essential to evaluate these methods in lakes with differing trophic states, such
as more eutrophic systems, to determine if theftjam techniques maintain their accuracy
and reliability, and particularly to test the performance of thitivariate gagfilling technique.
Eutrophic lakes could pose a notable challenge due to their higher biological productivity and
potential for larger temperature variations within the lake. Investigating howfillyagp
algorithms perform in these envimments will be crucial foa comprehensive understanding
and broader application. Additionally, incorporating auxiliary data sources, such as
meteorological data (e.g., wind speed), into thefdkpg process holds promise for further
enhancing accuracynd applicability across diverse lake ecosystems. The impact of seasonal
and interannual variations in LSWT on the effectiveness offijaqg methods also warrants
further investigation. Such variations can significantly influence the thermal dynartageef
and understanding their effects on g#lipg accuracy is crucial for developing robust
methodologies.The DINCAE algorithm effectively reconstructs missing observations by
leveraging spatial and temporal correlations, which helps mitigate gapkingesfrom
persistent cloud cover. Howeverplonged periods of missing data during hbud seasons
could introduce biases, particularly if the reconstruction relies heavily on temporal
interpolation. Future improvements could involirdegrating additional data sources or
enhancing the mod e ldarationagépsin additipn, futuce sthdeeswabdlde | o n (
consider implementing spatiene crossvalidation, especially when applying the methodology

to other lakes or across broadpatial domainsThe integration of advanced remote sensing
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technologies and the use of highesolution satellite data hold great potential for enhancing
the quality of gadilled LSWT datasets.

3.6. Comments and recommendations

Missing data in salide EO products can introduce uncertainties and inaccuracies in
calculating changes in LSWT. However, the application offdlapg techniques, such as the
DINCAE multivariate method, can help reduce these errors. Although our study did not find a
significant correlation between Chl and LSWT, we demonstrated that the multivariate
DINCAE method outperformed other géiing approaches for Lake Titicaca, offering
marginal improvements over the univariate DINCAE technique. The adaptability of DINCAE
methods makes them applicable to a range of lake environments. Expanding the scope of this
research to include other geographical regions, such as glacial or shoreline lakes, could provide
further validation of these methods. Our findings indicated that LSWTL&ke Titicaca
fluctuated between 285 K and 289 K from 2000 to 2020, with a spatially increasing trend over
the past 21 years. Spatial and temporal variability in LSWT trends rangedOi@frto +0.12

K decadd, which could be attributed to the specifstudy period, the lake's physical
characteristics, and other meteorological drivers. Further research is needed to investigate
additional drivers of LSWT variability, which could provide valuable insights into the
dynamics of this critical ecosystem. UWmdtanding these factors will aid in the effective

management and conservation of Lake Titicaca and other similar lake environments.
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4.1. Abstract

Water temperature plays an important rolelysical and biogeochemical processes within
lakes, as well as being a key indicator of the impact of climate change on the water body. Thus,
analysing lake surface water temperature (LSWT) is essential for comprehending how a lake
responds to climate waing. Lake Titicaca, the largest lake in South America, is a critically
important water resource in PeBolivia, however, it is also one of the most impacted by
climate change. Tassessistorical and future variability, we analyse LSWT patterns of Lake
Titicaca using the Global LAke Surface water Temperature (GLAST) dat4$681-2020,
2021-2099) andthe daily satellitederived ESA CCI Lakes dataset (208020) for validation.
Our analysis suggests that (1) there has been an annual warming trencbd€ é8chdé in
Lake Titicaca over the past 40 yeaisyen byshortwave radiation and air temperat§&) the
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future warming of Lake Titicaca will vary under different Representative Concentration
Pathway (RCP) scenarios, between +0.02 K detéRIEP 2.6), +0.23 K decad&(RCP6.0),

and +0.44 K decadgRCP 8.5). Additionally, under RCP 8.5, the average intensity of lake
heatwaves is projected to increase from 0.8.88(-2020 to 3.3 K(2080-2099) with their
average duration increasing from 22 day8@5 days. This research provides a comprehensive
understanding of LSWT in Lake Titicaca under past and future climatic warming. Our findings
will provide valuable information for practitioners and polimygkers in tackling the effects of
climate changermLake Titicaca.

Keywords: Lake water temperature, lake heatwave, climate change, climate projections, South

American lakes.

4.2. Introduction

Lakes are vital global water resources, holding 87% of the E&qghid surfacefreshwater
andserving as critical indicators of climate charigdrian et al. 2009; Verpoorter et al. 2014;
Woolway et al. 2020b)Among their numerous attributes, lake surface water temperature
(LSWT) is especially important due to the profound impact it has ongalyshemical, and
biological processes within lak¢slagnuson et al. 1979; Benson and Krause 1980; Boehrer
and Schultze 2008 hanges in LSWT affect lake stratification, gas solubility, and biological
productivity, making it a crucial variable for assang climate impact&raemer et al. 2021;
Woolway et al. 2022c)As a result, LSWT is classified as an Essential Climate Variable (ECV)
by the Global Climate Observing Syst¢@COS 2022)

LSWT is influenced by a variety of meteorological factorsluding air temperature,
solar radiation, wind speed, and humidiBdinger et al. 1968; Schmid and Read 20Z2p)m
1981 to 2020, global LSWTs have risen at an average rate of 0.24°C per decade, largely
reflecting the parallel increase in air tempera{lileng et al. 2023)Solar radiation has also
been a significant driver of mean LSWT increases insomef(ake® Rei | | y et al
and Koster 2016)while wind speed and humidity also contribute greatly to variations in
surface water temperatfAndrew et al. 2008; Dias and Vissotto 2017; Woolway et al. 2019)
Additionally, LSWT is affected by water caloand clarity; lakes with lower clarity, often

associated with higher levels of dissolved organic carbon, typically have higher temperatures

77



(Snucins and Gunn 2000; Edmundson and Mazumder 2002; Persson and JoneStBeo8s)
physical characteristics of lakes, such as their surface area, depth, and (\bsteder 1995;
Butcher et al. 2015; Kraemer et al. 20145 well as their geograjgiail location (e.g., altitude)
also influence LSWT variabilitwoolway et al. 2017a; Sabas et al. 2021; Vinna et al. 2021)

In addition to longterm trends in LSWT, lake heatwavedefined as when LSWTs
exceed a seasonally varying'®percentile threshold relative to a baseline climatological
average for a sustained perigtbbday et al. 2016; Oliver et al. 2018ave also shown notable
changes in recent decad@goolway et al. 2021b; Wang et al. 2023; Wang et al. 2024)
globaltemperatures rise, the duration and intensity of lake heatwaves have in¢Yéasgdet
al. 2023; Zhang and Yao 2023mplifying the risk of ecological and socioeconomic impacts.
These include aquatic species loss and the spread of harmful cyanabagtech can
compromise drinking water safefio et al. 2019; Till et al. 2019; Tassone et al. 2022; Feng
et al. 2024)Given these implications, understanding the historic and future trajectories of lake

heatwaves is critically important for mitigatitigeir impacts.

Lakes at lower latitudes, which typically have higher average temperatures
(MacCallum and Merchant 2012; Tong et al. 2023; Korver et al. 2G#4) particularly
sensitive to climatic warming, in terms of not only their thermal stratifinacharacteristics
(Kraemer et al. 2015put also on the impact of climate change on aquatic sp&rmsmer et
al. 2017a)and biogeochemical cyclédansen et al. 2022pespite experiencing slower rates
of surface temperature increg8chneide and Hook 2010; O6Rei |l |y
2023) these lakes have shown the most substantial changes in stratification patterns in recent
decadeg¢Kraemer et al. 2015; Woolway and Merchant 20a8¥ing largely from the nonlinear
relationshigoetween water density and tempera{@@ehrer and Schultze 200&)dditionally,
the low seasonality of LSWT in Io¥atitude lakes means that their surface temperatures can
more frequently reach extreme levels, as suggested by the higher frequerkeyhedtwave
events during the historic periofi&oolway et al. 2022¢)which is also projected in the future
(Woolway et al. 2021b)Moreover, warmer tropical lakes typically have a lower level of
background natural variability, meaning that thean encounter novel thermal conditions
earlier, compared to other lakes worldwi{thuang et al. 2024)n turn, lowlatitude lakes are
considered sensitive indicators of climate change, offering early warnings of the broader

impacts of global warming dime ecology of aquatic ecosyste(isaemer et al. 2017a)
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Lake Titicaca, located in the Altiplano region, is recognized as a sentinel lake for
studying climate change due to its profound ecological, economic, and environmental
significance(Cross et al2000; Hampton et al. 2018; Zubieta et al. 20dhe lake has been
subjected to substantial nutrient inflofddonroy et al. 2014; Archundia et al. 2017b; Guédron
et al. 2017; Sarret et al. 2019aking water temperature a critical factor affectisgwater
guality. As the climate warms, local communities are increasingly vulnerable to threats to water
security(Duquesne et al. 2021omprehensive local research is essential to thoroughly assess
these chall enges, e | u cultdra vakees,tamdesxamiaekhewdrisinge ¢ o | ¢
water temperatures could exacerbate issues that jeopardize communibeingll While
recent research has examined historical trends in LSWT and water(kbatsaDel-Rio et
al. 2012; AguilafLome et al. 2021 )there remains a gap in understanding the detailed patterns
of LSWT variability and future projections as well as extreme thermal conditions (i.e.,
heatwave) for this water body. This study seeks to address these gaps by analyzing historical
(1981:2020) danges in LSWT and project future LSWT changes from 2021 to 2099 under
several climate change scenarios. This research will enhance our understanding of the lake's
physical processes and provide critical information for water governance.

4.3. Study Area

(Pleaseefer back taChapter2, section2.3).

4.4. Data and Methods
4.41. Data
44.1.1. GLASTDataset

The Global LAke Surface water Temperature (GLAST) dataset was used in this study to
investigate thempact of climate change on the surface temperature of Lake Titicaca. This
dataset contains LSWT data for 92,245 lakes worldwide from 1981 to(268§ et al. 2023)

The GLAST dataset was derived from Landsat satellite data and numerical modelling in a
workflow that was composed of four stgd®ng et al. 2023)The first was to determine the

lake centres (defined as the point that lies farthest from the permanent water's shoreline) by

using the lake boundaries from the HydroLAKES dataset (v1.0) atedt a@currence from the
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global surface water occurrence datgBeikel et al. 2016) andsat satellite images were then
used to retrieve lake surface temperature observations for the lakes based on a statistical mono
window algorithm. The Landsatbservations (including Landsat 4, 5, 7, and 8 with a spatial
resolution of 66120 m between 1982 and 2020) were obtained and then used to calibrate the
Freshwater Lake model (FLak@)lironov et al. 201Q)Specifically, the calibration dataset (38
yearsof Landsat data) was used to select optimal model settings at an hourly scale for each
lake; the calibrated model was then used to generate daily LEWAY et al. 2023)The
European Centre for MediuRange Weather Forecasts (ECMWF)-Rmalysis v5Land
(ERA5-Land) hourly datasdiHersbach et al. 202@1981-2020) with a spatial resolution of
0.1°x 0.1°were used as forcing data. The ERE&Nd meteorological variables included air
temperature at 2 m (K), shortwave and longwave solar radiation fyMvind speed at 10 m

(m sY), surface pressure (Pa) and specific humidity (kg) kBaily simulated LSWT values

were generated for individual lakes. The historical GLAST dataset {2980) was validated

using various irsitu datasets (LSWT, surface heatxfl evaporation and ice phenology) for
several lake types, resulting in an overall median absolute error value at the daily scale of
1.16°C(Tong et al. 2023)

The model was then us#al projectfuture LSWTs (20062099) for each lake for three
Represerdtive Concentration PathwalRCP) scenarios: RCP 2.6 (low emissions), RCP 6.0
(mediumemissiony and RCP 8.5 (higlemissiony The future climate forcing data were
selected from the InteBectoral Impact Model Intercomparison Project (ISIMIP@Erjeler et
al. 2017)with four differentGlobal ClimateModels(GCMs): GFDL ESM2M, IPSECM5A-

LR, HadGEMZ2ES and MIROCS. The ISIMIP2b dataset had a spatial resolution thfida

daily temporal resolutiofFrieler et al. 2017)The variables of ISIMIP2b used for the future
simulation include 2 m air temperaturesface solar and thermal radiation, 10 m wind speed
and specific humidity. The historical and future GLAST dataset is freely accessible at
https://zenodo.org/records/8322038. In this study, a@emnonstrate LSWT changes as
anomaliescalculated relative to9B1-2006 A positive anomaly represents warmer conditions
relative to the reference perioshile a negative anomaly indicates cooler conditions.
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4.4.12. Satellitederived lake surface water temperature

The HEiropean Space Agency Climate Chahggative (ESA CCI) developednulti-decadal
satellite Earth Observation (EO) products for Lake ECVs at a global scale
(https://climate.esa.int/en/projects/lakeThe dataset provides LSWT for over 2000 lakes
worldwide from 1995 to 202(Carrea et al. 2ZB) at a spatial resolution of 1/120 degrees grid
and a daily temporal resolution. In this study, we used this dataset-22Q0) to compare

with the results from the modderived GLAST dataset. When analysing the satellite EO data
we only included day with high quality levels (shown as quality level 4 and 5). The satellite
data was then resampled from a spatial resolution of 1 to 4 km using a bilinear interpolation
method and any gaps in the data were reconstructed using thimfegbalating Convoltional
Auto-Encoder (DINCAE) metho@Barth et al. 2020)This method was recommended by a
previous studywhich compared various gdfling methods applied to LSWTs of Lake
Titicaca (Dinh et al.personal communication, 2023Ne used the gafiled LSWT data,
specifically the lakenean time series, in this study to validate the LSWT data available from
GLAST. We estimated the difference between the satellite data and GLAST data based on the
RMSE, MAE, bias and.rThese analyses were performed in R (oergl.2). Comparisons
between the ESA CCI Lakes and GLAST data are shown inBigB3.

The time series of LSWT anomalies from the GLAST dataset (2920) were similar
to those derived from gaiflled satellite data (200Q020) (Fig.Blac). The RMSE ad MAE
between GLAST and satelli#erived data were 2K and 0.DK, respectively.

4.42. Methods
4.4.2.1. Bias correction for future projections of GLAST

The discrepancies between future climate model data and reanalysis data lead to temporal
inconsistency between simulated historical results and future projecfiensschbein and
Seibert 2012)To address this issue, we employed five bias correction methods to adjust the
future simulations in GLAST dataset, aiming to minimize the model byaseducing
discrepancies during the common period (i.e., 20080). Specifically, five methods were
selected, ranging from simple Linear Scaling (LS) to advanced ones including Quantile
Mapping (QM), Quantile Delta Mapping (QDM), Scale Distribution Magp(SDM) and
ISIMIP3BASD (more details in Appendix B; Text BI)S is a simple bias correction technique
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that uses mean values to adjust modelled (@éaaaun 2016)Correction values are calculated
based on the difference between the monthly means#rebd and historical climate model
data in the same baseline period, then the future climate model values are subtracted by the
difference(Maraun 2016)QM adjusts the distributions of observed and climate modelled data
(Cannon et al. 2015DM and SDM are based on QM and retain the advantages of QM while
taking into account the variations of the Cumulative Distribution Function (CDF) across
different time intervals. QDM considers the variation between the historical and future
simulations As a result, QDM not only maintains quantile changes but also corrects biases in
future simulations by using the C}Eannon et al. 20155DM is a trenepreserving method,
similar to QDM, SDM scaled CDF based on expected absolute changes. Simultgnieousl
modifies the return intervals before the mapping process to change the likelihood of certain
events(Switanek et al. 2017)SIMIP3BASD is a semparametric, trenghreserved method
based on quantile mappifigange 2019; Lange 2021 creates "peudo future observations"

by adding climate change trends from climate models into observed data using additive or
multiplicative approachegLange 2019; Lange 2021)SIMIP used a running window to
account for seasonaliff.ange 2019; Lange 2021Bcth observed and climate modelled data
were detrended prior to running ISIMIP3BASD, ensuring that the focus was on bias correction
rather than trend adjustmeghtange 2019; Lange 2021)

We evaluated the performance of different bias correction methodthevealibration
period (20062012) applied to the observed/historical and future projection data, and adjusted
the biases for the validation period (26€A&20). Several statistical indices were calculated
based on the observations and bias correcteceydhr the validation period (20£2920)
including Root Mean Square Error (RMSE), Mean Absolute Error (MAE), correlation
coefficient (r), and percentage bias (PBIAS). The lower the RMSE, MAE (close to 0) and the
higher the r values are, the better the b@msection method. PBIAS was calculated based on
the relative volume difference betwethe future and observed volumeA positive BIAS
value represents over prediction while a negative PBIAS value represents under prediction.

Thesendicesare calculateé as follows:
RMSE = % 1)
MAE = Bfﬁ;;%”@ )
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PBIAS = 100*%) A3)

e — 4)

where F and O are the future projected and observed values respectively

The results of the bias correction methods are showppendix B;TableB1. Based on the
evaluation, QDM which had the lowest RMSE and MAE, and highest r and PBIAS ~ 0
compared to other methods, was applied to the future projection-220@®) with the bse
historical period of 1982020. The bias was obtained on daily values and was implemented in

Python using théicuspackage (v1.0.1)Spuler et al. 2023)

4.4.2.2. Attribution analysis

The relative contributions of meteorological varial{esface air temperature, shortwave and
longwave downward radiation, specific humidity and wind speed) to historical LSWT trends
were guantified using the FLake model. To calculate these contributions, six simulations were
performed: one reference simutatithat maintained trends across all meteorological variables,
and five control simulations where one variable was kept with itstiemgy trend, while the

others were detrended. The detrending process involved replicating the 1981 data over the
following 40 years. This approach was used in previous st{dieslway et al. 2017b; Li et

al. 2019; Tong et al. 2023petailed model setting information on these simulations is provided

in TableB2.

4.4.2.3. Lake heatwaves

Using daily LSWT from GLAST, we idetffied lake heatwaves following the methods outlined

in Woolway et al. (20211 (Schlegel and Smit 2018Fpecifically, the heatwave analysis

followed these steps: (1) For each calendar day, we calculated the climatological mean and

90th percentile temperaie threshold across all years within a climatological period {1991

2020), using an Xtlay window centred on each date and smoothing with-dagImoving

average. (2) A lake heatwave was defined as any period during which daily lake surface

temperatures @eeded this local, seasonally adjusted 90th percentile for a minimum of five

consecutive days. Events separated by fewer than two days were merged as a single heatwave
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event. For heatwaves spanning two or more calendar years, events were segmented on
Decenber 31, setting a maximum duration of 366 days per event. (3) For each heatwave event,
we calculated the duration (in days), average intensity (K), and cumulative intensity (K x days),
where average and cumulative intensity represent the mean and tqiataeme anomalies

above the climatological mean, respectively. To characterize annual heatwave activity, we
aggregated these metrics, including total heatwave days, average duration, average intensity,
and cumulative intensity. Annual total days refl&éet summed duration of all heatwave events
within a year, while annual averages for duration, intensity, and cumulative intensity were

computed across all heatwave events for each year.

4.4.2.4. Statistical analysis

The LSWT anomaly for each observatioasacalculated by subtracting the letegm mean

LSWT from the observed temperature, thereby isolating deviations from the average condition.
Senbés slope was applied to calculate the mag
period. This method estimates the slope as the median of all possible slopes calculated between
pairs of points, providing a robust measure of the trend. Theirgsslbope represents the rate

of change in LSWT anomalies over tinalowing for the estimation of the overall warming

or cooling trendThe nonrparametric Man#Kendall test was used to determihe significance

of the trendsSends s | ope MamKeandal test wene parforched usirigend
packaggPohlert 2023)n R.

4.5. Results
4.5.1. Historical to contemporary temperature changes in Lake Titicaca

LSWT anomalies between 1981 and 2020 fluctuated frbnK to +1 K, with negative
anomalies (coler conditions) most common between 1981 and 2000, and positive anomalies
(warmer conditions) dominant from 2000 to 2020, reflecting the-teng warming trend (Fig.

4.1). LSWT anomalies during the wet season were higher compared to those in the dry season
(Fig. 4.1). LSWT anomalies peaked @9 K in the wet season in 1998 while during the dry
season, they peaked ab& (Fig. 4.1). LSWT anomalies increased significan{p < 0.01),

both annually (+03 K decadé&) andseasonally, with a rate 90.14 K decadé during the
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dry seasorand+0.16 K decadé during thewet seasonDue to the decrease in annual range,
there wasa slight change in LSWT variability between theet and dry seasor{ig. B5). A
comparison of the GLAST and sateliderived data at monthly and seasonal timescales are
shown in FigB2 andB3.

1.0 Slope 0.15 K decade ™ (p < 0.01)
Slope 0.16 K decade 1 (p <0.01)

0.5

0.0

-0.5

Temperature Anomaly (K)

-1.0
1980 1985 1990 1995 2000 2005 2010 2015 2020

—— Annual -- Wet Season Dry Season

Figure 4.1. Annual temperature (black), wet season temperature (dashegre@rkdry season
temperature (dotted grey) derived from GLAST data from 1981 to 2020, with the trends

respectively on the top right.

4.5.2. Contributions of meteorological drivers to LSWT trends

Surface air temperature (SAT) and shortwave downward radigg\Wdown) showed similar
contributions among the meteorological variables investigated in this study, to therang
change in LSWT (Figd.2a).Both drivers contribute#l0.06 K decadéof the simulated change

in LSWT (Fig.4.2a) with the increase iSAT (+0.24 K decade?) and SWdown+1.86 Wm™
decadd) (Fig. B4). Significant contributions were also attributed to changes in specific
humidity (SH) (+0.03 K decad® and longwave radiation (LWdown) (+0BD& decade)
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(Fig. 4.2a). In contrast, wind speed (WindSpeed), which had increased in the study region
during the historic period (+0.04 rhdecadd) (Fig.B4), had a cooling effect on LSWI0(02
K decadé) (Fig. 4.2a).

The main driver of LSWT during the dry season was SWdowighcontributed +0.07
K decadé to the LSWT trends (Figt.2b). SAT and SH were also attributed #®K decade
land +0.@ K decad# respectivelyto the longterm changes in LSWT (Fig.2b). In contrast
to the dry season, SAT was the main fastbuencing the LSWT trends during the wet season,
contributing +0.0 K decadé (Fig. 4.2c). SWdown also contributed to increasing LSWT trends
(+0.06 K decadé) along with SH (+0.0K decadé) and LWdown (+0.0 K decad#&) during
the wet season (Fig.2c). Similar to the annual loAgrm change in LSWT, wind speed had a
negative influence in both dry and wet seasos0] K decadé and -0.02 K decadé
respectively)
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Figure 42. Contributions of meteorologicalariables (SAT Surface Air Temperature,
LWdown Longwave Downward Radiation, SFepecific Humidity, SWdown Shortwave
Downward Radiation, WindSpeetlVind Speed) in driving lake surface water temperature

changes in a) Annual; b) Dry Season and c) Wet $easo

4.5.3. Future warming of Lake Titicaca

Climate projections indicate significant warming of Lake Titicaca under all RCP
(Representative Concentration Pathways) scenarios by the end of Stheergliry. The

projected mean temperature anomalies relative to the reference perio@ 2@l K under
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RCP 2.6, 6+ 0.5 K under RCP 6.0, and42t 1.0 K under RCP 8.5 (Fig.3). The warming
trends are statistically significar € 0.01) across allcenarios, with rates of +0.02 K decade
1(RCP 2.6), +0.23 K decadéRCP 6.0), and +0.44 K decatigRCP 8.5) (Fig4.3a). Seasonal
warming patterns vary across scenarios. Under RCP 6.0, dry seabannualvarming rates

are similar, at rate of+0.23 K decadé, while wet season increasing rate is slightly higher at
0.24 K decad& (Fig. 4.3b-c). This seasonal similarity suggests an increase in the annual
temperature range (Fi@®5). In contrast, RCP 2.6nd RCP 8.5 show more uniform trends
across seasonal and annual timesc#letire projections of LSWat monthly and seasonal

timescales are shown in Fig6 and Fig.B7.

By the late 2% century (208D2099), the projected mean annual temperature anamalie
will reach1.0+ 0.1 K (RCP 2.6), 2.+ 0.1 K (RCP 6.0), and B+ 0.2 K (RCP 8.5). Seasonal
analyses suggest slightly higher temperature anomalies during the wet season compared to
annual averages, with expected increasdslaf 0.1 K (RCP 2.6), B+ 0.6 K (RCP 6.0), and
25+ 1.0 K (RCP 8.5) (Figd.3b). Corresponding warming trends for the wet season are +0.02
K decadé (RCP 2.6), +0.24 K decad¢RCP 6.0), and +0.44 K decatigRCP 8.5). By 2080
2099, wet season anomalies are projected to re@ch0.1 K (RCP 2.6)2.5% 0.1 K (RCP
6.0), and 3+ 0.3 K (RCP 8.5). Similarly, during the dry season, projected mean temperature
anomalies aré.0+ 0.1 K (RCP 2.6), 8+ 0.5 K (RCP 6.0), and 2+ 1.0 K (RCP 8.5) (Fig.
4.3c). Dry seasorwarming trends are consistent witie annual trends. By the end of the
century, dry season anomalies will riselt6 + 0.1 K (RCP 2.6), 3.+ 0.1 K (RCP 6.0), and
36 + 0.2 K (RCP 8.5). These projections indicate a persistent warming trend across all
scenarios, with potentially significant implications for lake hydrology, evaporation rates, and

regional climate interactions.
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Figure 4.3. Historical and future projections of temperature anomalies under different RCPs

in a) Annual,b) Wet season, c) Dry season. The thick lines represent mean temperature

anomalies and the shaded areas show the standard deviation acros${modallensemble

The historical temperature anomalies (black) from 1981 to 2020, the projections under RCP
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2.6 (blue), RCP 6.0 (orange), RCP 8.5 (red) scenarios from 2021 to 2099. The three bars

represent the gen temperature (central lines) fra2080-2099 and its standard deviation.

4.5.4. Persistence of extreme temperatures this century

During the historic period, there were 52 annual lake heatwave days in Lake Titicaca. Lake
heatwaves lasted, on average, for 22 days, had an average intensity of 0.5 K and a cumulative
intensity of 13.3 K days (Fig..4a-d). From2021 to 2099, the averagamber of lake heatwave

days increased to 267 + 36 days, 327 + 49 days and 349 * 36 days under RCP 2.6, RCP 6.0
and RCP 8.5, respectively (Fi§4a). The average duration, intensity, and cumulative intensity

of lake heatwaves are also projected to in@dhss century, but will vary according to the

RCP scenario. Under RCP 2.6, the average duration of lake heatwaves is expected to increase
to 140 + 52 days with an intensity of 0.7 £ 0.1 K and cumulative intensity of 115.7 + 53.8 K
days. The average intatys duration and cumulative intensity will increase to 1.3 £ 0.2 K, 255

+ 62 days and 388.8 + 86.9 K days respectively under RCP 6.0. Under the high emission RCP
8.5, lake heatwave duration is projected to increase to 308 + 60 days with an inten§ity of 2.

0.3 K and cumulative intensity of 679.6 £ 100.7 K days.
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Figure 4 4. Historical and future projections of extreme temperatures driven under different
RCPs of a) Total days; b) Average duration; c) Average intensity; and ddge/€umulative
Intensity. The thick lines represent mean values, and the shaded areas show the standard
deviation. The historical temperature anomalies (black) from 1981 to 2020, the projections
under RCP 2.6 (blue), RCP 6.0 (orange), and RCP 8.5 (rexdiusas from 2021 to 2099.

By the end of the Zicentury (20862099), we project a considerable increase in each
of the heatwave metrics calculated (Fgha-e). Under RCP 2,®ur simulations suggest that
the total number of heatwave days will reach 280 * 22 days with an average duration of 154 +
53 days (seven times higher compared to the historical period), an average intensity of 0.7+0.1
K and a cumulative intensity of 128.3 + 50.6 K days. For RCP 8.5, the total number of heatwave
days per year will increase to 365 + 0.4 days with a duration ott3B8 daysi.e., likely
reaching a permanent heatwave state, an intensity of 3.3 £ 0.2 K and a cumulative intensity of

1196.1 £+ 83.3 K days. Our simulations suggest that Lake Titicaca will likely experience a
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permanent heatwave state (i.e., lasting 36&)d&om as early as 2058 under RCP 8.5 (Fig.
4.5b). Moreover, Lake Titicaca will experience permanent heatwaves for 13 years and 20 years
during 20862099, under the RCP 6.0 and RCP 8.5 respectively.
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Figure 45. Boxplots represnt the mean temperature (central lines) from0ZZ@9 and its
standard deviation of a) Total days; b) Average duration; c) Average intensity and d) Average
Cumulative IntensityBarplot of d) Total permanent heatwaves from 22809

4.6. Discussion

This studyrepresentshe first comprehensive assessment of LSMWanges irLake Titicaca
covering both thehistorical (19812020) and future (2022099) periods Understanding
LSWT variations is critical forassessindhow climate change is fimencing lakes,with
implications forphysical, chemical and biological processes. Although some previous studies
havedocumented theariability in the surface temperature of Lake Titicéaguilar-Lome et
al. 2021) analysingthe Altiplano region remis challenging due to the limited availability of
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long-term hydrological and climatological data, which are hindered by substantial gaps in
historical recorddCanedo et al. 2016)n the present study, we aimed to fill this gap by
analysing satellite @ and modeberived LSWT simulations. Our analysis suggdsis LSWT

in Lake Titicaca has increased gradually (BKldecadé), with a significant trend over the

last 40 years. The major facsanfluenang LSWT aresolar radiatiorandair temperatureBoth

of these factors have considerable impacts on the thermal structure and stratification patterns
of lakes(Wetzel 2001)thereby contributing tohanges in LSWTArvola et al. 2009; Fink et

al. 2014) Specifically, air temperature argblar radiatiorhave been described as contributing

up to 60% and 40%, respectively, to the increase in LSY\6bme lakes during the historic
period (Schmid and Kdster 2016bglokally, LSWT has beersuggestedo increase by 70

85% of the increase inraiemperaturéSchmid et al. 2014)Thus, as local air temperature
increases, LSWTs are expected to change accordin@y Rei I 'y et al .. 2015;
Temperature changes in lakes, particularly in South America, are further influencedaby the
Nifio-Southern Oscillation (ENSO), which is the most prominent and consequential natural
climate variability factor in Per(Bergmann et al. 2021n our study, we found substantially
warmer LSWTs in 1983, 1998 and 2016, coinciding with ENSO evestradd in the Puno

region during 1982983, 19971998 (Segura et al. 2016nd in 20152016 (NOAA 2025)

(Fig. B8). Similarimpacts of El Nifio on LSWT have been observed in other lakes around the
world. For example, LSWTs in the Laurentian Great Lakeseased considerably due to the
strong El Nifio of 1997/199@Assel 1998)which also resulted in a reginséift in ice cove

and water temperature in Lake Supefian Cleave et al. 2014)

Our analysis quantified changes in LSWT under different climate change scenarios that
reflect the influence of different emission trajectories. Previous research has demonstrated that
global lake surface water temperatures are expected to increase by 1 to 4 K by 2100 due to
anthropogenic climate chang@rant et al. 2021)Our findings revealed that the wet season
will likely experience the highest warming rates compared to the drprseasd annual
averages. Specifically, our projections show that LSWT in Lake Titicaca will warm most
rapidly during spring and summer (FBj7), consistent with broader studies that report higher
warming trends in summer relative to winfg@voolway and Mabrly 2020) The anticipated
increase in LSWT will likely have profound implications for the physical and biochemical
processes within Lake Titicaca's ecosystem. Changes in thermal stratification, shifts in mixing

regimes, reductions in gas solubility asidsolved oxygen, and variability in aquatic species
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distribution and abundance are all likely outcomes of rising water temperéiiaeg et al.
2023) These findings highlight the critical need for further research to understand and mitigate

the ecolgical impacts of warming in this unique and vital lake system.

Our study suggested that lake heatwave events have occurred in Lake Titicaca during
the historical period, with a mean intensity of 0.5 K and an average durafidrdays. These
events coinded with El Nifio episodes observed in 1983, 1998, 2010, and 2016, which explain
the peaks in lake heatwave characteristics during these years compared to other historical
periods (Fig.B8). Moving forward, our analyses indicate a significant increase én th
frequency, duration, and intensity of lake heatwaves under various future climate scenarios.
Critically, under a higkemission scenario, a permanent heatwave state may be reached as early
as 2058 in Lake Titicaca, with profound implications for the estesy. The consequences of
lake heatwaves on aquatic ecosystems and lake physical dynamics have been documented in
some previous studies, but the fsitlale of these impacts is yet underexplored. For instance,
lake heatwaves can induce regime shifts byngtieening thermal stratification and reducing
vertical mixing (Bartosiewicz et al. 2016)This process enhances watetumn stability,
leading to stronger oxygen depletion in the hypolimnion of large, deep(lik@sowski et al.
2006) Strong thermaktratification may also promote phytoplankton blooms in eutrophic
lakes, potentially increasing carbon uptak®artosiewicz et al. 2016)For example,
cyanobacterial blooms, particularly Microcystis were intensified specifically in growth and
abundance by surface warming during an atmospheric heatwave event in Lake Nieuwe Meer,
the Netherland&l6hnk et al. 2008 Harmful algal blooms driven by lake heatwaves have been
similarly observed in Lake Dianchi, China, where 141 heatwave eventsegtbetween 1951
and 202QDuan et al. 2024)in addition to algal blooms, lake heatwaves can directly impact
aguatic fauna. For instance, fish -@ifs during extreme heat have been reported in North
Temperate LakesTill et al. 2019) Similarly, a ssmmer heatwave in 2003 led to inhibited
reproduction in the freshwater mus$&ieissena polymorphaue to hypoxia in a shallow
eutrophic lakgWilhelm and Adrian 2008)Recent events in 2023 provide strong evidence of
the impacts of extreme heat on Amaizonlakes, where temperatures exceeding 41°C in Tefé
Lake caused widespread fish and river dolphin mortéktgischmann et al. 2024These
diverse and severe impacts underscore the need for a deeper understanding of lake heatwaves

and the developmertf effective mitigation strategies under a warming climate. For Lake
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Titicaca, proactive measures to monitor and manage these events will be critical to preserving

its ecological integrity and the services it provides.

Our study advances understanding hed historical and future LSWT trends in Lake
Titicaca, highlighting the profound impacts of climate change and extreme events on this vital
ecosystem. As climate projections indicate increases in the frequency, intensity, and duration
of such events in thdltiplano region (Zubieta et al. 202]1)the ecological and cultural
significance of Lake Titicaca becomes increasingly vulnerable. The lake has been a cornerstone
for Andean cultures, including the Tiwanaku civilization, and remains essential to thera\ym
tribes, providing food, raw materials, and water resources for local comm(PRilies Zola
et al. 2019; Duguesne et al. 202G)ven its critical ecological and soes@onomic roles, there
is an urgent need to investigate ongoing warming trendsdamelop longerm records of
climate variability. The findings of this study contribute to the growing body of knowledge
necessary to inform strategies for mitigating climate impacts and guiding lake management
and conservation efforts. By providing igbts into historical patterns and future scenarios,
this research lays the groundwork for preserving the resilience and sustainability of Lake
Titicaca and its dependent communities.

4.7. Conclusion

This study provides the first C eunfgre watee nsi v e
temperature over historical period andh terms of futurforecastsOur resultssuggestan

increase in LSWTat a rate of +0.% K decade between 1981 and 2020. Depking on the

climate change scenario, LSWT is projected to increase betiveand 37 K by the end of

the 2F'century. Accampanying this longerm warming trend, our study suggested thkel
heatwaves will become warmer and longgrthe end of the 2century, with an average

intensity of 2.0 £ 0.3 K and a duration of 308 + 60 days under the high emission scenario.
Moreover, our simulations suggest that there will beal®l 20year permanent heatwaves in

Lake Titicaca by the end of the century unB€&Ps 6.0 and 8.5, respectivelihese findings

will serve as a base for future studies estimating and forecasting the impact of climate change
on Lake Titicacabs ecosystem as well as the
processesand will ad bothpractitioners and polieynakersin understanding and mitigag

the negative effects of climate changloa k e Ti ti cacadés natural res
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5.1. Abstract

South America cont ai n scolggioaityeandohydrologicaly diversel d 6 s
freshwater systems, which are increasingly vulnerable to climate change and human pressures.
Despite their importance, the diurnal and interannual variability of lake surface water
temperature (LSWT) across the coetibhremains poorly understood. In this study, we analyze
thermal patterns in 2,406 South American lalsgggmnning both historical (1982020) and

future (20212099) periods. We assess LSWT trends, lake heatwave dynamics, and the
influence of key meteorolacgl driverson lake thermal dynamic®ur results show that 97.0%

of lakes (n = 2,333) experienced significant warming over the past four decades (+0.11 K
decadd), with 86.2% (n = 2,074) also exhibiting rising diurnal temperature variability (+0.02

K decadd). Air temperature was the dominant driver in the northern and southern regions,
while shortwave radiation played a greater role in shaping diurnal dynamics. Under a high
emission scenario (RCP 8.5), LSWT anomalies are projected to rise by 2 &1b0.2099,

with heatwave events increasing by up to 355 days in duration and 3.4 K in intensity.
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Additionally, we introduce a novel thermal typology based on diurnal and seasonal temperature
ranges, identifying distinct lake response tymesh as Therally Extreme and Thermally

Buffered highlighting differential sensitivities to climate forcing. These findings provide new

insight into lake thermal behaviour under climate change and underscore the need for targeted

adaptation and conservation strategieprotect freshwater ecosystems in South America.

Keywords: Lake water temperature, lake heatwave, climate change, climate projections,

South American lakes

5.2. Introduction

Lakes are widely recognized as sentinels of climate change, responding t@pitihypspheric

and hydrological shiftfAdrian et al. 2009) Changes in lake surface water temperature
(LSWT), ice cover, and water levels serve as notable early warning indicators of broader
climatic transformationgCastendyk et al. 2016; Vinna et 2D21; Zhang and Duan 2021)
Among these indicators, LSWT is particularly critical due to its role in regulating heat balance
and moisture exchange between lakes and their surrour{@adgsiid and Read 2023j also
influences essential physical, cheal, and biological processes, including thermal
stratification, oxygen dynamics, and ecosystem product{@ghmid et al. 2014; Jane et al.
2021; Kraemer et al. 2021)herefore, understanding lotgrm LSWT variations is essential

for assessing hovake ecosystems respond to climate change.

Global LSWT trends are primarily driven by rising air temperatures, with consistent
evidence of warming across diverse geographical regidds hnei der and Hook
et al. 2015; Tong et al. 2023; Picc@met al. 2024)However, LSWT patterns exhibit
considerable regional variability, influenced by climatic drivers such as solar raddiomid
and Koster 201&nd wind speefiVoolway et al. 2019)as well as intrinsic lake characteristics
like suface area and dep(Kraemer et al. 2015; Augusfilva et al. 2019; Zhou et al. 2024)

In addition to longterm warming, extreme events such as lake heatwaefised as prolonged
periods of anomalously high surface water temperatuaes becoming more frequent
(Woolway et al. 2021b; Woolway et al. 2022a; Wang et al. 2023; Wang et al.. 20zée

extreme events can intensify thermal stratifica(MMoolway et al. 2020agexacerbate hypoxia

in deeper layers, and disrupt metabolic andrafiial processes, thereby altering nutrient
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cycling and oxygen dynami¢dankowski et al. 2006; North et al. 2018uch disruptions may
trigger harmful algal blooms and mass mortality events among aquatic ptcitsal. 2019;

Till et al. 2019; Fleschmann et al. 2024; Mendes et al. 2024ith ongoing global warming,

lake heatwaves are projected to increase in frequency, duration, and intensity throughout the
215 century(Woolway et al. 2021b; Wang et al. 2023; Zhang and Yao 2023)

South Ameria hosts some of the world's most diverse and expansive freshwater
systems, including the Amazon River, the largest river system by discharge, and numerous
high-altitude lakes along the Andes, the longest continental mountain (Bongtert and
Breuer 2013 Lakes, rivers, and wetlands are inte
serving as critical water sources for ecosystems, agriculture, and human pop(H&miton
et al. 2002; Junk 2013; Kandus et al. 2018; Siqueira et al. 2018; Fleistiahah 2021)

However, South American freshwater resources are increasingly threatened by climate change
and human activitie$Buytaert and Breuer 2013; Junk 2018)ver recent decades, South
America has experienced significant air temperature isese@Norld Meteorological
Organization 2021)a trend projected to continue and likely to cause profound impacts on
LSWT (Margin et al. 2014, Llopartetal. 2020) Despi t e the continentoés
and vulnerability to climate change, res#gaon LSWT dynamics and lake heatwaves across
South America remains limited. Most studies have focused on specific water bodies,
particularly glacial lakefQuade and Kaplan 2017; Wilson et al. 2018; Mergili et al. 2020; Hata

et al. 2022pr on change lake water leve{Zola and Bengtsson 2006; Pasquini et al. 2008;
Carabajal and Boy 2021The relative scarcity of studies addressing LSWT trends and lake
heatwave dynamics on a regional scale is partly due to liniitesitu measurements,
particularl in the Southern Hemisphef&randa et al. 2021)his results in major knowledge

gaps in understanding how LSWT and thermal extremes are evolving across different regions

and lake types.

To address these gaps, this study investigates historicali@@®81) and projected
future (20212099) changes in LSWT and lake heatwave patterns across South America using
satellitederived and modelled dai@ong et al. 2023)We examine LSWT trendsake
heatwave characteristics (duration, intensity, and cumulative intensity), and the role of
meteorological drivetancluding air temperature, solar and longwave radiation, wind speed,
and humidity.In addition to longterm trends, this study exploresosh and mediurrterm

thermal variability by introducing a novel typology of lake responses based on diurnal and
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seasonal temperature rangBTR and STR respectively. DTR captures shoterm
fluctuations within a 2our cycle, while STR reflects annwsglale thermal variability.
Together, they provide complementary insights into how lakes respond to atmospheric forcing.
By classifying lakes according to combinations of DTR and STR, we identify distinct thermal
response types, offering a new framework dssessing lake sensitivity to climate change

across multiple timescales.

5.3. Study area

(Please refer back tohapter2, section?.2).

5.4. Data and Methods
5.4.1. GLAST dataset

The GLAST dataset provides LSWT data for 92,245 lakes worldwide from 1981 t¢T20R§

et al. 2023) It was generated using a combination of satellite earth observation data and
numerical modeling in four key steps: (i) Lake Selection: Lakes were fidgenbased on
permanent water bodies in the HydroLAKES datalflessager et al. 201,6)i) Temperature
Retrieval: LSWT was derived from Landsat satellite data using a statisticalwmodow
algorithm. With a spatial resolution of BIRO m, temperatusewere measured at least three
pixels away from the shoreline to ensure accuracy; (iii) Model Calibration: The Freshwater
Lake (FLake) mode{Mironov et al. 2010was calibrated using the Landskrived LSWT

data (19812020). The model was fireined fa hourly temperature predictions using
meteorological variables including air temperature, wind speed, longwave and shortwave
downward radiation, and specific humidityobtained from ERAB.and reanalysis dataset
(Hersbach et al. 202@Y a grid resoltion of 0.1° x 0.1°; (iv) Simulation and Validation: the
calibrated FLake model was used to simulate hourly LSWT for each lake, with validation
againstn situmeasurements resulting in a median absolute error of 1(T®g et al. 2023)

Using the hody simulations, we estimated the DTR in the studied lakes, calculated as the
difference between daytime and nighttime LSWT, as well as the seasonal arahmial

variations in LSWT.
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Future LSWT projections (2022099) were generated using an optimidele
specific FLake model for each lake (i.e., relative to the sateléiteved LSWTS), forced by
four Global Climate Models (GCM, including IPSICM5A-LR, GFDL-ESM2M, MIROCS5,
and HadGEMZES) under three greenhouse gas emission scenarios: RCP 2.6 @GRvi.®R
(intermediate), and RCP 8.5 (higfi)ong et al. 2023)FLake simulations were conducted for
each GCM, and the mean and standard deviation were estimated. In this study, LSWT
anomalies were computed relative to the 12806 baseline. Future LSWTgere also bias
corrected using a Quantile Delta Mapping (QDM) approach, which has been demonstrated as
an effective method in a previous study on Lake Titicaca, South America (Dinh et al. In
Review). As the GCM input data were only available at daily waisr our future projections

do not resolve diurnal temperature ranges.

5.4.2. Lake Heatwaves

The GLAST dataset was used to calculate lake heatwaves, defined as periods in which surface
water temperaturesncrease highetthan the seasonal ®0 percentile for at least five
consecutive daysvoolway et al. 2021c)ake heatwave frequency wealculatedduring the

icef ree season uheatwawR t h(8chi@el ank Sngte01B)ake heatwave

data were generated usitiyyee steps: (1) annual climatological mean andh9@ercentile
temperature threshold were calculated over the period ofi 2020. An 1iday window

centred on each date was used, followed by smoothing witlday3tioving averagg?2) Lake
heatwaves were then calculated as defined above. If two events were separated by < 2 days,
they were combined into a single event. These thresholds also indicate ecological limits for
lakes. If heatwaves extended to 2 or morerma@dédr years, they were split on December 31, with

a maximum length of 366 days per evéB) We focused on four heatwave metrics including

the total number of heatwave days (days), duration (days), intensity (the anomalies above the
climatological mean; K and cumulative intensity (K x days). These metrics were then

aggregated annually estimateneatwave trends.

5.4.3. Lake classification

Lake data from GLAST was classified into different thermal regions following the methods of
Maberly et al. (2020)Maberly et al. (2020) used satellite observations of LSWT from 732
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lakes globally between 1996 and 2011 to categdisactlake regions. Firstly, mean LSWT

of individual lakesverecalculatedMaberly et al. 2020)Secondly, a saturatedsipline basd
statistical modellingde Boor 1980jvas used to smooth out the LSWT of each lake over time
(Maberly et al. 2020)If ice was detected, the temperature under ice cover was S& &m0

the smooth function was adjusted accordingWaberly etal. 2020) Thirdly, K-means
clustering was used to group the lakes based on their temperature temporal patterns (seasonal
patterns, mean temperature and loeign changegMaberly et al. 2020)Finally, nine thermal
regions were classified using gdatsstics(Tibshirani et al. 2002)These lake groups were

also compared with other classification schemes (global climate and terrestrial ecoregions).
Lakes were divided into 11 groups using the Kop@e&iger climate classificatiofiPeel et al.

2007) For the terrestrial ecoregions, lakes were classified into 13 g(Qigsn et al. 2001)
Furthermore, lake groups were compared with the air temperature clusters derived-from bi
monthly temperature for the same number of LSWT from 1995 to gddiset al. 2014)

The air temperature clusters matched the LSWT clusters, groupetnatdassifications that
corresponded as nearly as possible to lake thermal re@atzerly et al. 2020)Following

this approach, 2406 lakes from the GLAST datasetwategorised into five lake thermal
regions (Northern Hot [n = 17], Tropical Hot [n = 660], Southern Hot [n = 414], Southern
Warm [n = 613] and Southern Temperate [n = 702]) (Eitg; Fig.6.1c).

5.4.4. Diurnal to seasonal lake temperature typology

In this study, we developed a typology of lake thermal responses by classifying lakes according
to their diurnal and seasonal temperature range DTR andSTR, respectively. The DTR
was computed as the average difference between daytimenightfime surface water
temperatures across the observation period, capturingtshorthermal variability within a
24-hour cycle. In contrast, STR was defined as the difference between the annual maximum
and minimum surface water temperatures, reflgdongterm seasonal thermal variabilifiyo
categorize lakes based on these metrics, we used pertestid thresholds derived from the
distribution of DTR, STR, and the DTR/STR ratio across all lakes in South America included
in our dataset. Specifidg] values below the 25th percentile were considered low, while those
above the 75th percentile were considered high. These thresholds allowed us to systematically
identify distinct thermal response patterns among laBased on combinations of high and
low values of DTR and STR, as well as their ratio, we defined four thermal typologies of lakes:
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() Diurnally Volatile Lakes (High DTR, Low STR): Lakes exhibiting strong diurnal thermal
fluctuations but relatively stable temperatures across sea@gnSeasonally Stable Lakes
(Low DTR, High STR): Lakes with muted diurnal variability but pronounced seasonal changes
in temperaturg(iii) Thermally Extreme Lakes (High DTR, High STR): Lakes that experience
large temperature variations both diurnally and sesbon(iv) Thermally Buffered Lakes
(Low DTR, Low STR): Lakes that remain relatively stable in temperature over both daily and
seasonal timescale3his classification framework providesew insight into how lakes
respond to thermal forcing on differenhiscales, facilitating comparative analyses of thermal

dynamics and their potential ecological implications.

5.4.5. Data analysis

To assess the relative impacts of climate forcingisch as surface air temperature, longwave
and shortwave downward rad@ati, specific humidity, and wind speedn LSWT and DTR

trends, the FLake model, as used in generating the GLAST dataset, was employed. Six
simulations were conducted: one reference simulation that preserved the trends of all
meteorological variables, arfise control simulations in which each variable was individually
maintained while the others were detrended. The detrending process involved repeating the
1981 input forcing for the subsequent 40 years, following methods used in previous(kiudies

et al.2019; Tong et al. 2023Jrends of LSWTs and DTR were estimated usthg nsfose

and Mam Kendall test usingrend packaggPohlert 2023ajn R (version 4.4JR Core Team

2025)

5.5. Results

5.5.1. Historic patterns of change in LSWT, lakeheatwaves and diurnalseasonal

variability

Between 1981 and 2020, mean annual LSWTs across South American lakes ranged from 273
K to 304 K, exhibiting substantial spatial variability (Fig.1b). Warmer lakes were
concentrated in the Tropical Hot (TH), Northern Hot (NH), and Southern Hot (SH) regions,
while cooler lakes predominated in the Southern Temperate (ST) and Southern Warm (SW)

zones (Figsb.1b,5.1d). The TH region recorded the highaverage LSWT at approximately
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301 K.During this period, LSWT anomalies generally fluctuated betwédtand +1 K, with
notable deviations in the TH and SH regions (bifje). A strong warming trend was observed

in 97.0% of the lakes (n = 2,333), aaging +0.11 K decade(Fig. 5.1g), whereas only 3.0%

(n = 73) exhibited marginal cooling at a rate®02 K decadé. Regionally, TH warmed the
fastest (+0.15 K decad}; followed by NH and SH (each +0.13 K decage< 0.05). Warming

in ST and SW walewer, at +0.05 K decadgnot significant) and +0.07 K decatigp < 0.05),
respectively (Fig5.1f). Air temperature was identified as the primary driver of LSWT trends
in most lakes (52.7%; n = 1,269). In contrast, shortwave downward radiation vdasrtimant
driver in the SW region, affecting 30.8% of lakes (n = 741) (&ith; Fig. 5.2- 5.3; Fig. C1).
Other contributing variables included longwave radiation (7.2%), specific humidity (7.6%),

and wind speed (1.6%).
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Figure 5.1. Temporal and spatial pattern of LSWTs during the historical period {208Q).
(a) Maps of thermal regions in South America (N¥brthern Hot, SH Southern Hot, ST
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Southern Temperate, SV8outhern Warm, THTropical Hot); (b)Average LSWT of each

lake map; (c) Total number of lakes per thermal region; (d) Average LSWT per thermal region;
(e) Annual LSWT anomaly per thermal region; (f) LSWT Trends per thermal region; (g) LSWT
trend per lake; (h) Contribution of meteorologicali@ales to LSWT trend map (SABurface

Air Temperature, SHSpecific Humidity, WindSpeedwind Speed, LWdownLongwave

downward radiation, SWdowishortwave downward radiation).

Annual mearandtrendsof daily meteorological variables are shown in g and5.3
respectively Air temperatureanged between 268hd302 K (Fig 5.2) andgenerally warmed
across the continentith the rats up t00.5 K decad# (Fig. 5.3). Longwave radiation was
higherin thesouthern regiong he hghest shortwave radiati@tcurredn the Atacama Desert
with the rate above 285 Wh{(Fig. 5.2). Both longwave radiation and shortwave radiation
increased, except for the southernmost a(Eap 5.3). Specific humiditywas higher in the
north (~10-20 g/kg) compared to trseuth(~0-10 g/kg (Fig 5.2) andrecordedcacooling trend.
Wind speedweregenerally low imorthern regions<{0-6 m/s)(Fig. 5.2) but increaseth most

of the soutkrn areagFig. 5.3).
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a) Thermal regions map b) Mean Air Temperature c) Mean Longwave Radiation
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Figure 5.2. Mean daily meteorological variables from 1981 to 20@0) air temperature, (c)
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a) Thermal regions map b) Air Temperature Trend c) Longwave Radiation Trend
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Figure 5.3. Trends in daily meteorological variables from 1981 to 2020 Maps of thermal
regions in South America (NHNorthern Hot, SH Southern Hot, STSouthern Temperate,
SW- Southern Warm, TH Tropical Hot); (b) ar temperature, (c) longwave downward

radiation, (d) shortwave downward radiation, (e) specific humidityyiid speed

The DTRvaried from ~0 to 5 K across lakes during the study period §4g). The
SH region exhibited the highest average DTR «).9followed by SW (1.6 K), TH (1.1 K),
NH (0.7 K), and ST (0.6 K) (Ficgh.4c). Most lakes (86.2%, n = 2,074) experienced increasing
DTR trends, averaging +0.02 #ecadé, while the remainder (13.8%, n = 332) showed a
modest decline 00.03 Kdecad# (Fig. 5.4e). Although overall changes were small, regional
trends wereonsiderableNH exhibited a notable declind(05 Kdecad#; p < 0.05), whereas
other regions showvaeslight positive trends ranging from +0.01 K to +0.02iécade (Figs.
5.4b, 5.4d). Shortwave downward radiation was the dominant driver of DTR variability,
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influencing 66.8% of the lakes (n = 1,530) (Fg4f; Fig. 5.55.6; Fig. C3. Longwave

radiation(13.4%) and air temperature (12.5%) also played important roles, with wind speed

(5.8%) and specific humidity (4.7%) contributing to a lesser extent.
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Figure 54. Temporal and spatial pattern of diurnal LSWTs duringhiktorical period (1981
2020). (a) Average diurnal LSWT of each lake map; (b) Annual diurnal LSWT anomaly per

thermal region; (c) Average diurnal LSWT per thermal region; (d) Diurnal LSWT Trends per

thermal region; (e) Diurnal LSWT Trends map; (f) Conttidwa of meteorological variables to
diurnal LSWT trend map.

Annual mean and trends oiudnal meteorological variables altustratedin Fig. 5.5

and 5.6 respectively.Diurnal ar temperature ranged betwe@nand 17 K (Fig. 5.5) and

generally warmeth most areas of South Ameriwdth the rates up to 0.5 K decatig. 5.6).

Diurnal shorntvave radiation was higher in tmerthernregionswith a range ofL5-45 W2,

The highestiurnalshortwave radiationccurredn the Atacama Desert with the rate abdge
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Wm? (Fig. 5.6). Diurnal shortwave radiatiomenerallyincreasedwhile diurnal longwave
showed cooling trends isome of the areaf~ig. 5.7). Diurnal ecific humidity ranged
between & g/kg (Fig. 5.6) and ecorded m increasingtrend. Diurnal wind speeds were
generally low (Fig5.6) but increaseth mostof the soutkern areas (Figh.7).

a) Thermal regions map b) Mean Diurnal SAT c) Mean Diurnal LWdown
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Figure 5.5. Mean diurnal meteorological variables from 1981 to 2@BPairtemperature, (c)
longwave downward radiation, (d) shortwave downward radiation, (e) specific humidity, (f)
wind speed
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a) Thermal regions map b) Diurnal SAT Trend c) Diurnal LWdown Trend
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Figure 56. Trends in diurnal meteorological variables from 1981 to 20@Q0) surface air
temperature, (c) longwave downward radiation, (d) shortwave downward radiation, (e) specific
humidity, (frwind speed

Historic lake heatwavesnged in duration from 5 to 116 days, with average intensities
between 0.4 K and 6.3 K and cumulative inteasifrom 6 to 131 k days (Fig5.7ai c). The
SH and SW regions exhibited the highest heatwave intensiitesds in lake heatwave
characteristics were pronounced. A majority of lakes (79.5%, n = 1,912) showed increasing
duration trends, and nearly half7(8%, n = 1,151) experienced rising intensity trends at
approximately +0.1 Kdecadé (Fig. 6.7di f). Cumulative heatwave intensity increased in
63.0% of lakes (n = 1,516). Across the continent, the number of heatwave days showed a
significant positive treah (+0.3 daysiecad#), while changes in intensity were minor and not
statistically significant-3.7 x 10" K decad#) (Fig. 5.9a-d).
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Figure 5.7. Historical mean heatwave (HW) and trend maps (43&20); (a) Mean HW
duration, (b) Mean HW Intensity, (c) Mean HW Cumulative Intensity, (d) HW Duration Trend,
(e) HW Intensity Trend and (f) HW Cumulative Intensity Trend.

Lakes were further categorizetthis studybased on the ratio of DTR to STR, revealing
distinct spatl patterns. Approximately 50% of lakes (n = 1,202) exhibited aramde
DTR/STR ratio, while high and low ratio lakes each accounted for 25% (n = 602%.Gay.
High-ratio lakes were concentrated in the Amazon and northern South Americeangel
lakes in the southeast, and lgatio lakes in the Ande®lthough DTR/STR trends ranged
from -0.1 to +0.3decad#, most values clustered around +0.0@Eadé (Fig. 6.8b). Lakes in
the north and east generally showed decreasing trends, while central South America exhibited
the most prominent increases (>0.@@Fade). Using DTR, STR, and their ratio, lakes were
classified into four thermal response types: Thermallydaxé (n = 258), Thermally Buffered
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(n = 113), Seasonally Stable (n = 69), and Diurnally Volatile (n = 52), with the remainder (n =
1,914) categorized as "Others" (Fi§8c). Thermally Extreme lakes were mostly in seuth
eastern South America, Diurnally \&tille and Thermally Buffered lakes occurred mainly in
the north (~12°N20°S), and Seasonally Stable lakes were found primarily in the Patagonian
Andes.

a) Historical DTR/STR Ratio b) DTR/STR Ratio Trend ¢) Thermal response type
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Figure 5.8. Diurnalseasonal variability during the historical per{@8812020): (a) Historical
DTR/STR ratio; (b) DTR/STR trend per decade, and (c) Thermal response type (grey circle
defined as fA0Otherso type).
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a) Total Heatwave Day Anomalies b) Duration Anomalies
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Figure 59. Historical and future projections of lake heatwave anomalies in the dtiadies

under different RCPs, including (a) Total heatwave days, (b) Heatwave duration, (c) Heatwave
intensity, and (d) Heatwave cumulative intensity. The black points represent anomaly values
during the historical period from 1981 to 2020. The thick limgsesent heatwave anomalies

and the shaded areas show the standard deviation across thenoudtiensemble. The
projections under RCP 2.6 (blue), RCP 6.0 (orange), and RCP 8.5 (red) scenarios from 2021
to 2099.

5.5.2. Future changes during the 21st agury

By the late 2% century (208€2099), LSWTs across South America are projected to increase
substantially under all emission scenarios, with pronounced regional differences X6ag.

f). Under the lowemission scenario (RCP 2.6), LSWTs are projected to increase by between
0.3+ 0.1 Kand 1.0 £ 0.1 K across the lake thermal regions. LSWT warming is projected to
intensify further under the moderatenission scenario (RCP 6.0), with mcted increases

ranging from 1.0 £+ 0.1 Kto 2.2 £ 0.1 K by 208099 across thermal regions. Projections under
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the highemission scenario (RCP 8.5) suggest the greatest warming, with temperature increases
ranging from 1.8 + 0.3 K in the ST region to 3.®2 K in the TH region. Overall, the TH

region is projected to experience the greatest temperature increases across all scenarios, while
the ST region consistently exhibits the lowest warming rates.
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Figure 5.10. Historical andfuture projections of LSWT anomalies under different RCPs per
thermal region: (a) NH, (b) SH, (c) ST, (d) SW and (e) TH. The thick lines represent mean
temperature anomalies and the shaded areas show the standard deviation across the multi

model ensembleThe historical temperature anomalies (black) from 1981 to 2020, the
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projections under RCP 2.6 (blue), RCP 6.0 (orange), RCP 8.5 (red) scenarios from 2021 to
2099. (f) Average LSWT during the period of 208099 per thermal region. { LSWT
anomalies fron2080 to 2099 under RCP 2.6, RCP 6.0 and RCR@&sbectively.

Future projections under various emission scenarios suggest substantial increases in
heatwave intensity, frequency, and duration (5iga-d; Fig. G3-C6). Under RCP 2.6, relative
to the 1981 2006 baseline, average heatwave intensity is projected to increase by 0.04 + 0.06
K, with an increase in average duration of 11 + 3 days, a total increase in heatwave days of 57
+ 14 days and a cumulative intensity of 15 + 6 K x days. Under RCP 6.@/aveantensity is
projected to increase by 0.2 £ 0.2 K, with a cumulative intensity increase of 69 + 59 K x days.
Additionally, the total number of heatwave days is projected to increase by 114 + 51 days, and
the average duration is expected to extenddby 24 days. The projections under RCP 8.5
suggest the most drastic changes. Under this scenario, heatwave intensity is anticipated to
increase by 0.6 + 0.5 K, average duration by 71 £+ 50 days, total heatwave days by 157 + 67
days and a cumulative intensitf 205 + 185 K x days by the end of this century.

Spatial variability across the continent is notable, with northern regions, including the
Amazon, and areas along the western Andes, experiencing the most substantial increases in
heatwave frequency andhtensity (Fig. 5.11al). Conversely, the southeastern region
consistently exhibits smaller changes and, in some cases, even negative trends under some
future scenarios. For example, under RCP 2.6, the total number of heatwave days ranges from
a maximum derease of 69 days to a maximum increase of 276 days byZfl¥80 Moreover,
changes in heatwave duration vary from a decrease of 79 days to an increase of 214 days, while
intensity changes range from a decrease of 2.0 K to an increase of 1.1 K. UndeQRG€ 6
projected increases are more pronounced, with total heatwave days ranging from 7 to 343 days,
duration changes froml8 to 329 days, intensity variations betwednand 1.6 K, and
cumulative intensity ranging frord3 to 871 K x days across the taent. The higkemission
scenario (RCP 8.5) projects the most severe impacts, with the maximum change in total
heatwave days extending by up to 355 days, duration increasing up to 358 days, intensity
changes increasing up to 3.4 K, and cumulative intemséching a maximum of 1,721 K x

days.
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Figure 5.11. Future projections of lake heatwave anomalies (from left to right: total heatwave
days, heatwave duration, heatwave intensity and cumulative intensity) of each studied lake
under (ad) RCP 2.6; (éh) RCP 6.0; ) RCP 8.5 scenarios between 2080 and 2099.

5.6. Discussion

This study provides the first comprehensive evaluation of LSWT dynamics across South

America, spanning both historical (19&2D20) and projected future pero(20212099). Our

results indicate that rising air temperatures and associated changes in surface energy fluxes are
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driving significant LSWT increases across the continent. Under agmgésion scenario (RCP

8.5), LSWT anomalies could rise by an averafy2.8 + 0.2 K by the end of the century, with

the TH region projected to warm most rapidly (+3.6 £ 0.2 K). These trends are consistent with
global projections of lake warmir{Grant et al. 20213nd align with regional climate forecasts
predicting increases of +3°C to +5°C in South American air temperdtuopsrt et al. 2020)
Historical observations already show increased warming, more frequent heat extremes, and

reduced precipitatigrespeially in the Amazon and Andg¢Seneviratne et al. 2021)

The ecological implications of rising LSWTs are profound. Warmer water temperatures
canextend stratification periods, reduce vertical mixing, and accelerate oxygen depletion in
deeper layers, &ling to hypoxic or anoxic conditions that compromise aquati¢\Wiagner
and Adrian 2009; Jane et al. 202Ihese conditions also favour harmful algal blooms, which
degrade water quality and alter species composifi@sing major riskso biodiversity,
particularly in South Ameri cadReis étialg20l6y di v ¢
Campos et al. 2021Qur findings also highlight a significant intensification of lake heatwaves
across most of South America. By 2099, lake heatwaves are pdojecteecome more
frequent, longer, and more intense, especially in the NH, SH, and TH regions. This trend
reflects broader climate extremes and mirrors warming patterns observed gdbadlyvay
et al. 2021b; Wang et al. 2024hese events pose riskst ionly to aquatic ecosystems but also
to waterdependent livelihoods, such as fisheries and aquaculture. The 2023 Amazon heatwave,
which caused mass mortality of fish and dolphins and triggered harmful microalgal blooms
(Fleischmann et al. 2024; Mendesa&t 2024) underscores the urgency of addressing these
threats. Projections suggest northern South America and coastal areas will be particularly
vulnerable, demanding adaptive management that considers both ecological sensitivity and
social vulnerabity (Feron et al. 2019; Ramarao et al. 2024)

A key contribution of this study is the introduction of a diursabsonal thermal
typology, which provides a novel lens through which to assess lake thermal responsiveness.
By classifying lakes based on th&®TR, STR, and the DTR/STR ratio, we identified four
distinct thermal response types: Thermally Extreme, Thermally Buffered, Seasonally Stable,
and Diurnally Volatile. These categories reflect differences in the amplitude and timing of lake
thermal variabity and offer new insights into how lakes may respond to future climate
stressors on different timescal@bermally Extreme lakesharacterized by high variability at

both diurnal and seasonal scale®re concentrated in southeastern South America and are
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likely to be the most vulnerable to both shiatm heat events and lotgrm warming.
Conversely, Thermally Buffered lakes, mainly located in the north, exhibited low variability
and may be more regant to abrupt thermal shocks. Seasonally Stable lakes, which fluctuate
over the year but show limited diurnal variation, were primarily observed indiiginde

regions like the Andes. These distinctions are ecologically significant: for instancey stron
DTRs can increase stress on temperaseresitive organisms, while high STRs may alter
phenological cuesvioreover, the spatial patterns in DTR/STR ratios suggest that lake thermal
regimes are shaped not only by climate but also by geography, elevatidnpasin
morphometry. Understanding these typologies can improve predictions of ecosystem responses
and help prioritize lakes for targeted conservation or management interventions under future

climate scenarios.

Our driver analysis identified aiemperature and shortwave radiation as the dominant
controls of both LSWT and DTR trendsonsistent with previous studies in both tropical and
temperate systensLi vi ngst one and Dokul il 2001; O6 Rei
2016b) In particular the influence of solar radiation was most pronounced in regions with
minimal cloud cover, such as the SH region, which includes the Atacama Desert. Conversely,
in the NH region near the Equator, the Intertropical Convergence Zone (ITCZ) likely dampens
diurnal heating by increasing humidity and cloud cover, leading to observed declines in DTR.
In addition to atmospheric drivers, lakpecific factors such as morphometry, elevation, and
geographic setting strongly modulate thermal behaviour. -Higfiude and deep lakes often
buffer against shottierm thermal fluctuations, while shallow and exposed lakes respond more
acutely to atmospheric forcingunkel and Casallas 2002; AuguSiva et al. 2019)These
findings emphasize the value of integrating lakeibutes with climate variables to explain
LSWT variability.

Our results underscore the urgency of improving lake monitoring systems in South
America, particularly given the limited availability of in situ data in many regions. The FLake
model and satble-derived datasets used in this study offer a scalable alternative, but their
accuracy especially for tropical lakesremains constrained by sparse validation data.
Expanding higHrequency temperature monitoring and improving data sharing networks
would enhance model calibration and deepen our understanding efliadege interactions.
Finally, the introduction of a diurnadeasonal typology provides a valuable framework for

future lake research globally. Applying this classification across otheineaig could help
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identify generalizable patterns of lake thermal sensitivity and inform adaptive water

management in the face of accelerating climate change.

5.7. Conclusions

This study provides the first continenide assessment of historical and petgel LSWT
dynamics across South America, incorporating both diurnal and seasonal thermal patterns from
1981 to 2099. We found that 97.0% of lakes exhibited a significantteyngwarming trend,
averaging +0.11 Kdecadé, while 86.2% showed increasing diurnal variability (+0.02 K
decadé) over the past four decades. Air temperature and solar radiation emerged as the
dominant drivers of these trends, with solar radiation particularly influencing-tenort
(diurnal) flucuations. Projections under different greenhouse gas scenarios indicate that
LSWTs will continue to rise across all thermal regions, with warming rates ranging from
+0.02 0.03 Kdecadé under RCP 2.6 to +0i8.4 Kdecad& under RCP 8.5 by the end of the

21% century. Correspondingly, lake heatwaves are expected to become significantly more
severe. Under the higgmission scenario, heatwave durations could extend by up to 358 days
and intensities may increase by as much as 3 Knlortantly, this study imbduces a new
typology of lake thermal responses based on diurnal and seasonal temperature ranges (DTR
and STR). This framework reveals distinct lake tygesh as Thermally Extreme, Thermally
Buffered, Seasonally Stable, and Diurnally Volatiehich retect different sensitivities to
atmospheric forcing. These classifications offer a valuable tool for identifying lakes most
vulnerable to climate change and for prioritizing future monitoring and management efforts.
Altogether, this work enhances our urtanding of how South American lakes are responding

to a changing climate and underscores the need for targeted,-spgiafic adaptation
strategies. Continued integration of higgsolution modelling, satellite data, and improved in

situ observations Wibe critical for safeguarding freshwater ecosystems and resources in the

decades ahead.

Data availability

TheGLAST dataset is available lattps://zenodo.org/records/8322038
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VI. Conclusion and Future Perspective

6.1. Summary of findings

Lakes are vital components in the global water cycle, playing an important role in regulating
hydrology, climate andiodiversity (Lehner and Doll 2004; Messager et al. 201LE8WT is
one of the lake essential climate variapkesit influences chermal, physical and biological
processegBenson and Krause 1980; Boehrer and Schultze 2008; Sharma et al..ZA4)
has been increasingly affected by climate change and human ac({Réled et al. 2016; Yao
et al. 2023) Traditional methods like in t8i observations can provide highly accurate
measurements of lake conditigfisvingstone and Dokulil 2001; Hampton et al. 2008} are
limited in spatial coverage and orpyovidedata at specifitocations ofthe lake(Lieberherr
and Wunderle 2018; Qama et al. 2023)To complement irsitu observations asellite EOcan

be used to provideigh spatial and temporal resolutidata(MacCallum and Merchant 2012;
Tong et al. 2023; Korver et al. 202#owever satellite EQs oftenimpacted bycloud cwer,
resulting in missing datéSirjacobs et al. 2011; Feng et al. 202B8)hile various gadfilling
methods have beappliedsuccessfully in marine da(Beckers and Rixen 2003; Hilborn and
Costa 2018; Stock et al. 202Gheir application to lake emenments is less common
(MacCallum and Merchant 2011This study highlights the importance atlentifying and
evaluating the most suitable reconstruction method for satédiieed lake data.

Although LSWT has been studied globgllyfO6 Rei | 'y et al . 2015;
Tong et al. 2023; Korver et al. 2024%search focused on LSWT variabilitythre Southern
Hemisphere (e.g., South Amerigaunderrepresented. Notably, Lake Titicdbe largest lake
in South America and th& o r |highest navigable lak@illco Zol4 et al. 2019; Duquesne et
al. 2021) has not been studied for lotgyrm LSWT \ariability and lake heatwave occurrence.
Freshwater lakes are important water resources in South AnfiBugtaert and Breuer 2013)
Previous studies mainly focused on glacial lakds|e individual lakesvereoften limited to
specific regiongMoser etal. 2019; Veettil and Kamp 2021; Zhao et al. 20Z5iven these
research gaps, it is crucial to investiga®VT changesinder the current warming climate and
to projectfuture LSWT variability. This research aims to (1) evaluate the suitabldidjam
methods for satellitelerived lake temperature data and (2) provide a comprehensive
understanding of LSWT variability and lake heatwaves in Lake Titjcglo#e alsoextendng
these findings to lakes across South America.
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The first result chapter foces on identifying the most suitable gi@ping method for
satellite EO data, using the ESA CCI datd€zirrea et al. 2023nd Lake Titicaca as a case
study. As the largest lake in South America and a critically important water resource in Peru
and Bolvia, Lake Titicaca is among the most susceptlalesto climate change impacts
(Canedo et al. 2016; RuWerdu et al. 2016; Pillco Zola et al. 2019atellite EO offers long
term LSWT observations, however, cloud cover remains a significant cha(eingeobs et
al. 2011) Several gagilling methodswere assessedhcludingDINEOF (Beckers and Rixen
2003; Taylor et al. 2013andmachine leanmg algorithms such as Boosted Regression Tree
(Kraemer et al. 202nd DINCAE(Barth et al. 2020)DINCAE multivariate performed best
compared to the otheeconstructionmethods It was subsequentlyutilised for analysing
LSWT variability atvarioustimescags (annual, seasonalpur findings showed thathaual
LSWT derived from DINCAE multivariate randdrom 28-289 K between 2000 and 2020
with highertemperaturesbserved during the wet season compared to the dry sédsese
findings highlightthe importance of robust gdiling methods and comprehensive spatial

temporal analysis of LSWT dynamics in large lakies Lake Titicaca.

The second result chapteompared the DINCA¥lerived datawith the daily Global
LAke Surface wateFemperature (GLAST) datag@tong et al. 2023)The results showed that
there were slight differences between the satalieved data and the GLAST dataset. The
GLAST data was then used to analyse the LSWT and lake heatwave variability for both
histolical and futureperiods. Over the past 40 years, LSWT of Lake Titicaca exhibited an
annual warming trend, with shortwave radiation and air temperature being the dominant
drivers. LSWTis projected to experience warming trenaih the magnitude varying eass
different RCP scenariosAdditionally, heatwave metrics such as the average number of
heatwave days, duration, intensity, and cumulative intensity are expectettréase

significantlyin this century

The third result chaptezxpandsthe analysido a broader set of lakes acrdSsuth
Americg where limited in situ measurements have restricted LSWT resédrelGLAST
datasetvas usedo investigate the interannual and diurnal LSWT treanti$ heatwave events
variability in South AmericaAdditionally, the shorterm and mediurterm thermal variability
were explored using new lake thermal responses based on the-deasahal temperature
range.The resultgevealed thamostof the studied lakes showed warming trenof LSWT

and diurnal LSWTover thepast 40 years. Air temperature was the primary driver for LSWT
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increase in northern (102R0°S) and southern (40%®°S) regions, while shortwave radiation

was the maimnfluencingfactorin centralSouth America20°S40°S) AcrossSouth America
shortware radiation was the dominant driver in diurnal LSWT variations. LSWT will likely
increase by the end diie 215 century.Other research at the global scale also reported the
changes in LSWT at a similar rate (Grant e2@P1).Lake heatwave frequencya@ intensity

are projected to increase in the future. The increase in LSWT antidakgavegan disrupt

the ecological balance and therefore influence the aquatic ecosystems. Such impacts have
already been observed in seve&duth Americanlakes, including the Amazon, where
heatwaves resulted in mass fish mortality and affected aquaculture. Additionally, these
phenomena pose challenges to local communities, especially indigenous populations and
tourism activitiesThis research highlightsié rapid warming of LSWT iSouth Americand
suggests urgent attention and mitigation efforts to protect lake ecosystems under climate

changeonthis continent.

6.2. Synthesis of contributions

The systematic evaluation and comparison offijapg methods for satellite EO data for lakes

is one of the main contributions of this dissertation. Whilefgkpg techniques are widely

used in marine satellite EO ddeckers and Rixen 2003; Alverszcarate et al. 2005; Barth

et al. 2020)there has beenmtable gap in their application and performance for inland waters
(MacCallum and Merchant 20117 his researchis the first study applying and rigorously
comparing advanced machine learning algoritrsnsh as multmodel BRT or DINCAE for
reconstructig missing data in lakes. In addition, using multivariate input (e.g.;alChl
represents a novel approach which enhances the reconstruction accuiacgrpgrating
additional variables. The comparative analysis not only identified the most effective
recanstruction method for Lake Titicaca but also for lakes globally. These results can be
applied to regions where in situ data are limited and satellite EO data are obstructed by

atmospheric conditions.

Another key contribution of this dissertation is iteds on the understudied region of
South America. Although there are growing studies on LSWT variability globally, a large
number of lake studielsavefocused on the Northern Hemisphere (e.g., North America and

Europe) (Michelutti et al. 2015a; Aranda et.aP021) Consequently there is limited
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understanding of LSWT changes under a changing climate in the Southern Hemsydtere

as South America. Additionally, in situ observations and f@ng measurements are scarce

in this region. By providing a comghensive analysis of LSWT and lake heatwave as well as
diurnatseasonal variability in South America, with a particular emphasis on Lake Titicaca, the
dissertation addresses tkisowledgegap. The research used both historical and future GLAST
datasetsa investigate the temporal LSWT trenalong withthe frequency and intensity of
lake heatwavesThis studyoffers valuable insights into climate change impacts on freshwater
lakes across the continent.

Furthermore, italso advancethe knowledgeof meteorological variables influencing
LSWT variability in South America. The findings revealed that solar radiation and air
temperature are the main drivers, which are consistent with other studies conducted in different
regionsacrosghe world(Schneder and Hook 2010; Toffolon et al. 2014; Schmid and Koster
2016) A novel aspect of Chapter 6 is the lake thermal response classification based on diurnal
seasonal variability. By analysing lake DTRTR, and the DTR/STR ratidour thermal
response typeare classifieéis Thermally Extreme, Thermally Buffered, Seasonally Stable,
and Diurnally Volatile.Lakes with high DTR can impose significant stress on temperature
sensitive aquatic species by disrupting metabolic functions. High STR might interfare
phenological cues, affecting life cycle events (e.g., migration). This classification provides

insights for assessing lake vulnerability and resilience under climate stressors.

Thefindings of this dissertation have important implications for the lakeystem and
water resource management. Increasi8yVT and frequent lake heatwaves are likely to pose
significant risks to aquatic speciasd community livelihoods that depend on these lakes. Mass
fish mortality and aquaculture disruption due to lakewkaaes inSouth Americaighlight the

need for urgent monitoring and adaptive management.

6.3. Limitations and uncertainties

Satellite EOdata play an important role in assessing inland water quantity and quality.
However, these satellite images oftemtain missing pixels due to clouds, shadowswdich
limit their applicability. Gap filling in satellite datasets is essential to ensure the continuity,

reliability and more complete time series data.
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DINCAE multivariateis the most appropriate method for filling missing data with the
lowest RMSE. Thk classical interpolation methaglich adDINEOF, has simple computation,
is less complex and running time than other methods. HOWBNEICAE required a specific
setup and &raphicsProcessingJnit (GPU) processarDINCAE 1.0 only works with Python
(verson 3.6/3.7) and westhe specific packageBensorflow(version 1.15)netcdf4(version
1.4.2) anchumpy(version 1.15.4). For higherformance computers, it could be a challenge to
install the older version of these Python packages. The latest verdddN©AE 2.0 is now
written in the Julia programming language and is freelyessiblat https://github.com/gher
uliege/DINCAE.|l. It is also advised to adjust parameters such as reducing tHeateimisize,
changing thenumberof filter layers, or using lower resolution data to reduce memory and
processing time. Howeveparameteroptimisation dependson the study area and data
availability (temporal coverage).

DINEOF method has specific considerations tinaist be addresse@he maximum
number of EOFs is not defined before the reconstructichamINEOF method but it is
defined using the iterative proce3$erefore, it can take a long time to determine the optimal
number of EOFgPing et al. 2016)DINEOF does not work wWiefor reconstructing a small
amount of satellite image data because the reconstructed values can be close to the mean values
of the original data. When each temporal slice of data (daily timestep) includes valid data of a
minimum of 5% of the potential yels, EOFbased reconstruction performs béatvera
Azcérate et al. 2007Because of the smoothing effect from DINEOF, some extreme events
contribut little variance that might not be clearigpresenteth the reconstructed daf#&/ang
and Liu 2014)Overall therigorousassessment of the géifing methods gave confidence in

the use of DNCAE in the current work.

The impact of spatial resolution on the analysis resudis not assesséd this study,
as the main objective was to compguegefilling methods. However, the choice of spatial
resolution can impact the accuracy of the reconstructed data, particularly in regions with
significant spatial variation, such as lake edges. The resolution may affect the representation
of fine-scale fetures and smabkcale processes. Due to computational constraints related to
processing large datasets, evaluating higlsolution data (km) was beyond the scope of
this study Evaluatingthe influence of different spatial resolutions on model perfopaas an

important aspeand should be consideredfuture work.
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Auxiliary variables particularly Chl-a and meteorological variables such as wind
speed could indeed enhance the reconstruction of LS\Wdwever,thesedata hae their
limitations. For eample, filtering pixels witluncertainty values > 60% for Ghldata wassed
to mitigate limitations inherent in aquatic remote sensing due to sensor limitations, data
processing or algorithm assumptiofiderchant et al. 2017)The filtering process was
suggested by Free et al. (2022), who used the same dataset and established this threshold to
ensure that only data with a high level of confidence were included in the analysis.
Meteorological data availabilitywas constrainedn the case of Lake Titicacdn situ
meteorological datée.g.,wind speejlare not consistently available, and satellite or reanalysis
alternatives (e.g., ERA5 or ERASnd) have spatial resolutions (0.25° and 0.09°,
respectively) that are too coarse t@kato the spatial detail of the satellderived LSWT data
used in this study. Moreover, validation of reanalysis wind products over large tropical lakes
remains limited, introducing additional uncertainty. Therefore, this study focused on evaluating
the performance of different gdiling methods using available satellitkerived variables.

Such variablescould be consideredvhen highetresolution or validated datasets become
available for Lake Titicaca or other watistrumented lakes.

One of the chétnges in this study is the limited availability of in situ data across South
American lakes, which constrains the calibradod validatiorprocesses of the modeérived
and satellitederived data. While these data offer valuable and scalable soligranenitoring
LSWT, uncertainties can still exjsand limited accuracy remains freshwaterlakes. By
expanding in situ monitoring networks and enhancing regional collaboration, these issues

would significantly improve modederived and satellitderived data reliability and accuracy.

6.4. Implications for water management

Warming surface water temperature will cause changes in the physical and biochemical
processs in the lake ecosystensuch as thermal stratification changes, shifting mixing
regimes, gas solubility and dissolved oxygen reduction and aquatic species distribution and
abundance variability, et¢Wang et al. 2023) These changes influencagriculture,
aquaculture, and dorsgc water use in this arehake Titicaca is on®f the most valuable
natural resourcdn the regioras it has historically been critical in forming the Andean cultures

such as the Tiwanaku and continues to dive Aymara tribes food and raw materials
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(Duquesne et al. 202and provids water supply for the inhabitan{Rillco Zola et al. 2019)

The lakeis also considered an internationally important wetland becausds @fologcal,

zoologcal and botarcal diversity (Zubieta et al. 2021)However, this lake has experienced

severe water deficits in recent years, for example, it was fully dried out in December 2015
(Pillco Zola et al. 2019and most recently in 2028ue toEIl Nifio (Briefings 2023) The

continuous drop in water level naly affects the indigenous people (Uros, Aymara, Quechua)

whose livelihoods depend on agriculture (fishing, farming, etc) and tgubstmalso the
ecosystem(Briefings 2023) For example,the aquat i c p | &amdenopiettust or a o

californicug, impoitant to the socioeconomic of the Uros, is diminisi{iBgefings 2023)

Similar to Lake Titicaca, other lakes in South America have also been affected by
warming temperatures and lake heatwakesultingin a decline offeshwater fisipopulations
(Campos et al. 2021For example, due the 202%eatwavemass fish death was recorded in
lakes in theAmazon(Fleischmann et al. 2024Aquaculture productiomill alsodecreasén
the near futur¢Fleischmann et al. 2024)ake heat@ves caused oxygen depletiorcreased
eutrophication and harmful algal blodormation causing water quality issugankowski et
al. 2006; Johnk et al. 2008; Woolway et al. 202Mgndes et al (2024) reported that heatwave
with extreme drought caad a bloom of harmful microalgae in Amazon lak@dendes et al.
2024) This eventdirectly affectedthe aquatic ecosystem as well as the water supply of
hundreds of thousands of people in the Amazon River and nearby urba(\Verédss et al.
2024) Lake heatwavesalong with increased lake surface temperatwil threaten fish
productivity, water availability, and ecosystem heaftthich directly affect livelihoods, food
security, and culturahctivities connected tdake systemsDecreased water quality and
fisheries productivity may lead to poverty and migration presdoresban areasxisting
policies and legislative frameworksuch as théAutonomous Binational Authoritpf Lake
Titicacaand national water governance laws’ieru, Bolivia, Chilegetc,provide a foundation
for cooperative lake managemeHbwever these policiesften lack mechanisms to integrate
climatechangeadaptation, community participation, and sbequity.Climate-resilient water
management, strengthed transboundary cooperation, anlde inclusion ofindigenous
knowledge and local engagemshbuld be prioritizedAs warmingLSWT andextreme events
like lake heatwaveare expected tmcreasen frequency, intensity and duratidnvestigatng
current trendsand long-term monitoring ofclimate fluctuations areritical for developing

adaptation and water managemglains This current studgansupportstrategiesand policy
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makersfor the development okarly warning systemfor aquatic system managemeby

developing reatime lake temperature and heatwave monitoring tools

6.5. Future research

This study presented tlaglvantagesf using gagilling methods to reconstruct missing data

in satellite EO data for lake resear@ihaddition, it highlightgehe importance of investigating

the current LSWT and lake heatwave variability and projecting their future trends in South
American lakes. However, parts of this research can be improved and addressed in future work.
Due to the comgtational cost, the gafilling methods were operated orCantralProcessing

Unit (CPU) computer. It would be beneficial to run the algorithonsa GPU processor to
decrease the processing time and process bulk andgdsglution data.

Reconstruction methods were applied in Lake Titica first case stugdihowever,
these algorithms can be extended to other lakes in South America. Applyindidatingathe
gapfilling techniques for lakes in diverse climates and geographic regions would help to assess
the robustness of these methods. Meteorological variables such as wind speed, hadhdity
solar radiation can be added to the model to iner#las accuracy of thalgorithms where
LSWT dynamics are mainly influenced by atmospheric conditions. However, such data

requiredong-term and higkresolution monitoring, which is limited for lakes in this area.

Several factors, such as sun angle, liggptonditions, and lake turbidity, can affect the
guality of Chta data and contribute to variability in the measurements. However, these factors
were not specifically accounted for timis study'squality control process. Future work could
explore how tkse variables influence Chldata and consider integrating additional- pre
processing steps to correct for such influenéeklitionally, more adaptive approaches such
as robust statistical methods (e.g., the interquartile range (IQR) method or petuzsdile
thresholds) or methods that account for seasonal and spatial variabilityarcGhtentrations

could be explored.

Future assessment can also extend beyond physical parameters by including the socio
economic and ecological impacts. Collaboratinghvatakeholders and engaging with local
communities such as thendigenous peopleawill provide insights into the consequences of
warming LSWT. An interdisciplinary approach that combines ecology, social and climate

research will be beneficial for adaptatiand management plans.
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6.6. Final remarks

This dissertationprovides a comprehensive understanding of LSWT and lake heatwave
dynamics in Lake Titicaca and at a broader continental scale of South America. By evaluating
and comparing various gdifling methods, including machine learning, tlsisidyaddresses

the clallenge of missing data in satellite EO and the scarcity of in situ observations in the
region. A novel lake thermal typology was introduced, offering insights into lake vulnerability
and resilience under climate changehe researcthighlights the ecologtal and socio
economic risks posed by warming LSWT and frequent lake heatwdreshwater
biodiversity, ecosystems and community wading that mostly depend on lake resources for
their livelihoods are threatened by these extreme events. These findipdgsse the
importanceof continuoudake monitoring systems, imprayeegionalscientificcollaboration
andimplementation of environmentablicy to protect critical lake ecosystems and support

local communities under the warming climate.
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Figure A.7. Total observations of only Glal from 2000 to 2020.
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Figure A.9. Seasonal observations per cell of only -@Hrom 2000 to 2020. Seasonal

observation count ranged between 0 and 1200 per cell seasonally.
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Text B1.Bias correction methods
B1.1. Linear Scaling (LS)

LS is a simple bias correction technique that uses mean values to adjust the(Mackis

2016) LS is calculated based on the difference between the monthly mean of observed and
historical climate model data in the same baseline period, then the future climate model values
are subtracted by the differen@daraun 2016)LS is calculated as follosv

Xtut_corr= Xiut I (8cm_hist' 80bs)

where: Xut_corriS biascorrected values, #is future climatemodelled valuesgcm_nhist
is the mean of historical climataodelled valueSBopsis observed values.

B1.2. Quantile Mapping (QM)

QM used a quantibbased modification of distributions of observed and clirnadelelled
data(Cannon et al. 2015)t can correct bias in mean, standard deviation and quantiles. QM
is applied as follows:

Xfut_corr: & (ch_hist(xfut +8cm_hist' 8fut)) +8fut - 80m_hist

where: 8t is the mean of future climat@odelled values, and F represents the
Cumulative Distribution Function (CDF). CDF is a function that calculates the probability
distribution of random values which is equal to or less than the specifiesv&8lu is the
inverse CDF calculated by distribution fitting to observed data, Rrdhistis the CDF
calculated by distribution fitting to historical climateodelled dataF values range from O to
1 (Spuler et al. 2023)

QM used the output of @ Mapping between the CDF of observed and historical
climatemodelled values to adjust future projectigB8puler et al. 2023)

B1.3 Quantile Delta Mapping (QDM)

QDM is based on QM, however, the advantage of QDM is that it considers the variation
betweenthe historical and future simulatiofgannon et al. 2015)n QDM, CDF estimated

for future climatemodelled data is fitting in a running window in order to obtain {@rgn
variability in the future trend as well as the seasonality. QDM equatioarfgydrature is:

Xt cor= Xrut+ & (&  (Xnur(t))) - & ‘ (&  (Xtu))
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where:"O is future climatemodelled empirical CDF runs in a window around t.

&  istheinverse CDF calculated by distribution fitting to historical clirmatelelled
data(Spuler et al. 2023)

B1.4. Scaled Distribution Mapping (SDM)

The concept of SDM is similar to QM, which uses a quantile mapping approach to preserve
trends(Switanek et al. 20175DM modifies the observed distribution by taking into account
both magnitude changes and event likelihood, using additive scalirgrfpetaturgSwitanek

et al. 2017) The scaling is calculated as follows:

scaling =R (Fut(Xut)) - &  (Frut (Xrur)) *

where: Uops and fjcm_hist are the standard deviation of a normal distribution fitted to
observed andhistorical climatemodelled data. Then recurrence intervals for observed,
historical and future values are calculated:

RI =

8 & 8%
Then RI and CDF are scaled:

Rlscaled= max (11—)

CDFscaIed: 05+ Sgn(CDE)s'OS) . |05’ e

Finally, biascorrected values are calculated as follows:

& (CDFscaleg + scaling

B1.5. ISIMIP3BASD (ISIMIP)

ISIMIP3BASD/ ISIMIP bias correction contains five steps. Firstly, time series of observed,
historical and future da are detrended. A significant test is used to determine if the trend is to

be removed, the linear regression is used to calculate the annual trend and the trend is removed
from the daily values. Secondly, values over the threshold are randomized iilound

and threshold, and the ranks are maintained. Thirdly, by introducing a climate change signal
into observed data using an additive method, pséutdoe observations are derived. Fourthly,
guantile mapping is used to map the future values to pgatude observations to derive bias
corrected values. Finally, the trend is added back onto the debiased futurghahges2019;
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Lange 2021)This method is used in a running window in order to include seasofgpiyer
et al. 2023)
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Table B.1. Bias correction results for@dCMs and 3 RCPs using 5 bias corrected methods (Linear Sdain@uantile MappingQM, Quantile

Delta Mapping QDM, InterSectoral Impact Model Intercomparison Projé8iMIP and Scale Distribution Mappin@DM)

RCPs RCP2.6 RCP6.0 RCP8.5
GCMs
HadGEM2-ES LS ISIMIP QM | QDM | SDM LS | ISIMIP | QM | QDM | SDM LS ISIMIP QM | QDM | SDM
RMSE 1.04 0.89| 085 0.84 1.2 0.79 0.54| 048, 047| 0.78] 0.1 0.57| 054 0.53| 1.03
MAE 0.88 0.74| 0.72| 0.73 1.1| 0.64 0.42| 0.39| 0.38| 0.63| 0.65 0.44| 042 041 091
PBIAS -0.25| -0.25| -0.25| -0.25| -0.38| 0.02 0.02f 0.02, 0.01| -0.2| -0.08, -0.08| -0.08| -0.08| -0.31
r 0.93 0.91| 0.93| 0.94| 0.93| 0.93 0.92| 093, 0.93| 0.92] 0.92 0.92| 0.92| 0.93| 0.92
GFDL ESM2M LS ISIMIP QM QDM | SDM LS | ISIMIP QM | QDM | SDM LS ISIMIP QM QDM | SDM
RMSE 0.98 0.64| 052 0.58| 0.88| 1.01 0.72| 0.64| 0.66| 0.96 11 0.7| 0.65| 0.66| 0.96
MAE 0.81 0.51| 0.42| 0.48| 0.73| 0.85 0.57| 051, 0.53| 0.83 0.9 0.55| 0.51| 0.53| 0.82
PBIAS 0.01 0.01| 0.01| 0.01| -0.25|-0.14 -0.14| -0.14| -0.14| -0.29| -0.14| -0.14| -0.14| -0.14| -0.28
r 0.93 0.93| 0.93| 0.94| 0.94| 0.93 0.92| 0.93| 0.93| 0.93| 0.93 0.92| 0.93| 0.93| 0.93
MIROC5 LS [ISIMIP | QM [ QDM | SDM | LS | ISIMIP | QM | QDM | SDM | LS |ISIMIP | QM | QDM | SDM
RMSE 0.98 0.75| 0.64| 0.67| 0.94| 0.92 0.65| 0.59| 0.58| 0.81 11 0.87| 0.74| 0.81| 1.05
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MAE 0.81 0.58| 0.51| 0.53| 0.78]| 0.76 0.49| 0.45| 0.45| 0.67| 0.93 0.67| 0.58| 0.63| 0.86
PBIAS -0.13 -0.13| -0.13| -0.13| -0.27]| -0.07 -0.07| -0.07| -0.07| -0.21| -0.09 -0.09| -0.09| -0.09| -0.27
r 0.93 091 0.93| 093, 0.93| 0.91 0.89| 091, 091, 091, 0.87 0.84| 0.87| 0.86| 0.86
IPSL-CM5A-LR LS |ISIMIP | QM | QDM | SDM | LS | ISIMIP | QM | QDM | SDM LS |ISIMIP | QM | QDM | SDM

RMSE 0.89 0.61| 057, 058 1.14| 0.88 0.53| 0.53| 0.53| 1.01| 0.87 0.54 0.5, 051 11
MAE 0.77 0.48| 045, 0.46| 1.05| 0.76 041, 04| 041 09| 0.73 0.43| 039 041 1
PBIAS -0.13 -0.13| -0.13| -0.13| -0.36| -0.09 -0.09| -0.09| -0.09| -0.31| -0.08 -0.8| -0.08] 0.09| -0.35
r 0.94 0.93| 094 094 0.94| 094 0.94| 094, 094, 094 0.94 093 094 094 094
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Table B.2. Simulations for relative contribution of meteorological variables using FLake model

Simulation Air temperature| Longwave downwardadiation | Specific Humidity| Shortwave downward radiatioc ~ Wind Speed
S1 (Reference] 19812020 19812020 19812020 19812020 19812020
S2 19812020 1981 1981 1981 1981

S3 1981 19812020 1981 1981 1981

S4 1981 1981 19812020 1981 1981

S5 1981 1981 1981 19812020 1981

S6 1981 1981 1981 1981 19812020
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Figure B.1. Temperature anomalies derived from GLAST data (12&20) in black and
satellite data (200Q020) in grey; shown in a) Annual, b) Wsstason, c) Dry season
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Figure B.2. Monthly temperature anomalies derived from GLAST data (48820) in black
and satellite data (20€®020) in grey
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