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Abstract 6 

Models based on Machine Learning (ML) are pervading all fields of science and practical 7 

applications, including the problem of forecasting water temperature in lakes, a crucial variable for 8 

ecosystems and a proxy of climate change alterations. Here, we review the most used ML algorithms 9 

in this field and highlight some physical constraints that should be carefully considered when 10 

adopting a black-box approach. To illustrate them, we refer to an artificial case study representing a 11 

temperate lake simulated by means of a physically based model, for which we have full control of 12 

input and output variables, and restrict the analysis to lake surface water temperature (LSWT). Three 13 

main factors are relevant for a successful prediction of LSWT by means of ML models: the choice of 14 

the predictors (mostly, meteorological variables), their pre-processing (we tested three approaches), 15 

and the specific ML algorithm (nine different approaches). We show that selecting the suitable 16 

physical inputs plays the most important role. In our case study, which is the product of a numerical 17 

model and not a real lake, the minimum amount of information that is needed to obtain acceptable 18 

results is to consider air temperature (AT) and day of the year. The use of additional predictors does 19 

not substantially improve the performances (the relative improvement of RMSE was 7.75% for the 20 

test data set). We also demonstrate that better results than the normal case are obtained by either pre-21 

processing air temperature data averaging them over a time window or including values from previous 22 

days as inputs in the model. Considering the recent history of the forcing (AT) allows one to comply 23 

with the physical fact that the large water mass makes lakes acting as “filters” in their thermal 24 

response (thus, influenced also by AT from previous days), which changes depending on the lake’s 25 

depth. Eventually, we did not find a definite answer about a single optimal ML algorithm when using 26 

the same inputs (although artificial neural network had slightly better results), suggesting that the 27 

insight into the physical dynamics is still the most important factor for a successful exploitation of 28 

ML. 29 

Keywords: Machine Learning, Lake Surface Water Temperature (LSWT), Lake thermal response, 30 

Meteorological forcing, Heat capacity, Lake depth 31 
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Highlights 32 

1. Lake surface water temperature is simulated by means of machine learning models 33 

2. A physically based model is used to have full control of variables 34 

3. Nine machine learning algorithms are compared, and none of them clearly prevails 35 

4. Best predictors are air temperature and day of the year; others have minor effects 36 

5. Using forcing from previous days allows for considering the history of the system 37 

1. Introduction 38 

Lake water temperature is influenced by the local climate conditions, and the current warming 39 

trend (Woolway and Merchant, 2018; Woolway et al., 2020) represents a severe threat to the 40 

biological and chemical processes in the aquatic ecosystem (O'Reilly et al., 2003). Understanding the 41 

factors controlling the lake thermal response to changing climate conditions, and possibly quantifying 42 

the expected alterations, is of paramount importance for aquatic life. To this end, several models have 43 

been proposed ranging from very simple correlations to complex three-dimensional numerical 44 

models. 45 

Water temperature in lakes changes with depth due to the process of thermal stratification that 46 

reaches its maximum during summer. Here we focus on lake surface water temperature (LSWT; all 47 

the acronyms used in this work are also listed in Table S1 in the Supplementary Material) as a quantity 48 

that can be easily observed and measured in situ or by remote sensing. LSWT prediction is 49 

challenging because it is influenced by a complex interaction among different meteorological factors 50 

(such as wind speed, air temperature, shortwave and longwave radiation, latent and sensible heat), 51 

lake bathymetry, inflows and outflows (Livingstone, 2003; Piccolroaz et al., 2015). Many successful 52 

models were implemented to forecast LSWT, which can be subdivided into two big categories: 53 

physically-based models, which resolve the fundamental equations and could ideally provide results 54 

in a prognostic way without any support of LSWT data (although data are needed for the calibration 55 

of the empirical relations that are always present in this kind of models); and data-driven models, 56 

whose application inevitably relies on the availability of LSWT measurements for the calibration of 57 

generic relations.  58 

Physical models for LSWT are formulated in terms of a set of deterministic equations describing 59 

the heat budget for a bulk volume (Ragotzkie, 1978) or for one-, two- or three-dimensional 60 

discretization of the water body (Hipsey et al., 2019; Irving et al., 2006). These models demand a 61 

large amount and different types of input data, including lake bathymetry, inflow and outflow 62 

characteristics and meteorological variables (Piotrowski and Napiorkowski, 2018).  63 
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The category of data-driven models is more varied, containing the whole range of stochastic 64 

methods, from simple linear and non-linear regression to autoregressive, periodic autoregressive 65 

(Benyahya et al., 2007) and evolutionary polynomial regression (Doglioni et al., 2008). Data-driven 66 

models relate LSWT to other influential factors, mostly air temperature (AT), in order to forecast the 67 

thermal dynamics of water. Data-driven models also include machine learning (ML) algorithms, 68 

which are becoming increasingly popular as general-purpose computational models (Mohri et al., 69 

2018). An increasing number of attempts to predict LSWT with supervised learning forecasts based 70 

on the available information has been pursued in the last decade, with a remarkable acceleration since 71 

2019. The main references are reported in Table 1, which summarizes the features of previous studies 72 

about LSWT prediction by ML in lakes, highlighting the different ML algorithms and the features of 73 

the investigated lakes. As shown in Table 1, Artificial Neural Network (ANN) is the most used and 74 

successful ML algorithm for LSWT prediction (Sharma et al., 2008; Liu and Chen et al., 2012; Sener 75 

et al., 2012; Samadianfard et al., 2016; Read et al., 2019; Saber et al., 2019; Heddam et al., 2020; Jia 76 

et al., 2019 and 2020; Quan et al., 2020; Zhu et al., 2020).  77 

As the problem of predicting water temperature with ML in rivers has some similarities to the case 78 

of lakes, the corresponding literature has been examined and included in the Supplementary Material 79 

(Table S2). It should be mentioned that lakes are lentic water bodies that are less affected by the 80 

advection of water from upstream regions, which is often crucial in rivers, but their thermal behaviour 81 

is made more complex by the thermal stratification developing throughout the year. 82 

At the interface of the categories of physically based and data-driven models, we can identify the 83 

so-called hybrid models, a generic definition that includes different approaches. Following Karpatne 84 

et al. (2017), there are different ways to implement hybrid models. One approach is that the input of 85 

data-driven models comes from physically based models, mostly used for downscaling of climate 86 

variables. Moreover, the physically based outputs could also be used to control the training phase of 87 

data-driven models by preparing the initial estimation of target output for the training phase (see Read 88 

et al., 2019, for an example of this kind). Another approach is to use data-driven methods in the 89 

framework of physically-based models to improve inaccurate estimates of parameters or reproducing 90 

particularly complex processes. 91 

Read et al. (2019) used traditional physically-based models to estimate weights and biases in the 92 

pre-training of ML, as well as to calibrate the model using physical laws in the pre-training and 93 

training phase. They compared their hybrid model, consisting of a combination of ML and physically-94 

based models, with the two methods individually. Based on their achievements, the ML outperforms 95 

the physically-based model if the number of training data exceeds a certain value (which depends on 96 
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the data set), while the performance of the process-based model does not improve after a certain 97 

number of training data, confirming that ML approaches demand (and benefit from) a larger amount 98 

of data. By analysing different sets of data clustered at seasonal or climatic scales, Read et al. (2019) 99 

also emphasised that ML provides more accurate results when the data have the same pattern, and 100 

confirmed that, for their case studies, the hybrid model was the most successful approach in 101 

comparison to the ML and process-based methods separately.  102 

A different type of hybrid model that has been developed to predict LSWT is air2water (Piccolroaz 103 

et al., 2013, 2018, 2020, 2021; Toffolon et al., 2014; Piccolroaz, 2016), which derives simplified 104 

equations from physical laws condensing all the details into a reduced number of parameters to be 105 

calibrated against measurements. air2water needs only AT as input, making it as simple to use as 106 

other data-driven models while outperforming many of them (Heddam et al., 2020). Due to these 107 

features, it can also be used in comparative tests of ML algorithms.   108 

In this paper, we test the ML approaches to predict water temperature, with a special focus on 109 

LSWT, keeping a fundamental question in mind. How can we optimize the physical information to 110 

improve the performance of ML models, considering the choice of predictors, the pre-processing 111 

methods and the features of the ML algorithm? For instance, pre-processing is typically used to 112 

denoise the data or rescale them (Saber et al., 2019; Zhu et al., 2020): can it also help obtaining better 113 

results? To our knowledge, no study has reviewed these aspects so far, nor it has explicitly considered 114 

how physical processes (for instance, the effect of depth on the heat capacity of a lake) can influence 115 

the ML implementation. Our study aims at filling these gaps by means of a systematic analysis of the 116 

selection of predictors, their pre-processing, and the performance of different ML algorithms.  117 

Table 1 118 

2. Characterization of the physical problem 119 

Before discussing the performances of the ML methods to simulate LSWT, it is interesting to 120 

understand the physics behind the investigated process. Indeed, water temperature in lakes is affected 121 

by a large number of different meteorological and limnological variables, and having a deeper insight 122 

into the heat budget yields useful information about the influential factors. 123 

It is well-known that lakes stratify, forming layers with different temperatures (hence, density) that 124 

tend to behave as independent regions as stratification becomes stronger. This is particularly evident 125 

in temperate lakes during summer when the surface layer (epilimnion) is often well mixed and 126 

separated from deep waters (hypolimnion) by a layer where the largest temperature difference is 127 

localized (thermocline). In the well-mixed surface layer, the volume-averaged temperature is strongly 128 
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correlated with LSWT, which eventually depends on the net heat flux exchanged through the lake 129 

surface. Among the factors controlling the net heat flux, we can recognize most of the variables that 130 

potentially affect the prediction of LSWT (more details in Appendix A): shortwave solar radiation; 131 

longwave radiation depending on AT and cloud cover; latent heat depending on AT, relative humidity 132 

and wind speed; sensible heat depending on AT and wind speed; and heat contribution of rainfall.  133 

Lake's depth is another crucial parameter to be considered in modelling lake temperature. For 134 

shallow lakes, the water temperature is often uniform over the whole water column, different from 135 

deep lakes, where the hypolimnetic temperature remains significantly colder than the surface 136 

temperature during summer. Consequently, lakes behave differently depending on their depth (e.g., 137 

Calamita et al., 2021), and the behaviour of deep lakes is typically affected by the evolution of 138 

stratification (e.g., Piccolroaz et al., 2015). The role of the depth can be highlighted also by looking 139 

at minimal physical models (e.g., see Appendix A and Toffolon et al., 2014). Here, it is sufficient to 140 

recall that lakes act as ‘filters’: the input signal (AT, solar radiation, etc.) is ‘physically’ elaborated 141 

so that the output signal (e.g., LSWT) is smoothed. 142 

3. Materials and methods 143 

3.1. Case study 144 

Our main purpose is to illustrate the crucial aspects for a proper application of a ML model to 145 

predict LSWT. To this end, instead of considering data from a real lake, we built a synthetic example 146 

for which we could compare and analyse the performances of the different approaches having the full 147 

control of all the involved variables. This also allows us to consider the effect of lake morphology 148 

(depth in particular) on the response of LSWT while keeping the same meteorological forcing, and 149 

hence on the capability of ML to simulate the thermal dynamics in different conditions.  150 

The synthetic case study was obtained by means of a 1D physically based model of widespread 151 

use, the General Lake Model (GLM) (Hipsey et al., 2019). The details of the model are uninfluential 152 

for our analysis, and any other model could have been used. We acknowledge that all results and 153 

conclusions that are drawn from our work are not based on a real case, but on numerical simulations, 154 

which however are known to reproduce the main lake dynamics correctly. The advantage is that using 155 

a fully controlled input allows us to focus on the performance of the ML model without introducing 156 

additional uncertainties related to the available measurements (such as missing data and erroneous 157 

values). Moreover, it allows us to compare lakes with different depths keeping all the other factors 158 

unchanged, thus isolating a single element in the analysis of its relevance. This approach can 159 
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potentially be extended to any other physical variables. The disadvantage is that the artificial case 160 

does not possess the complexity of the real world, and only the factors that are included in the lake 161 

model are evaluated. 162 

For the general features of the synthetic case study, we selected a medium-size peri-alpine lake in 163 

the temperate region (for more details, see Table 2) as a reference. In order to consider realistic values 164 

of the lake morphology and of the climatic conditions, we chose the shape of the hypsometric curve 165 

of Lake Caldonazzo (northern Italy) and the meteorological data in the corresponding latitude and 166 

longitude extracted from ERA5 (Hersbach et al., 2020). We notice that a real lake is only used as a 167 

reference to design the artificial case study, and we do not pretend to simulate any actual dynamics. 168 

The choice of an artificial lake allowed us to consider an extended and coherent data set and to see 169 

the effect of the same forcing factors in different depths, and in particular the difference between a 170 

shallow (maximum depth 5 m) and a deep (maximum depth 60 m) case, plus two intermediate depths 171 

(20 m and 40 m). In order to obtain these cases, the hypsometric curve of Lake Caldonazzo (having 172 

a maximum depth of 49 m) was altered by stretching the vertical coordinate. The surface area was 173 

maintained to keep the same interface with the atmosphere. The inflow to the lake was artificially 174 

adjusted to compensate the evaporation and keep the water level approximately constant from year 175 

to year; this choice minimizes the thermal effect of the inflows. An example of the seasonal evolution 176 

of the thermal stratification in the shallow and deep lake is reported in Fig. S1 in the Supplementary 177 

Material. Here it suffices to say that the shallow lake is almost always well-mixed, while the deeper 178 

cases clearly stratify in summer. 179 

The data used in the ML application include the LSWT obtained by GLM as the target variable, 180 

and the meteorological data from ERA5 as predictors. All the data sets were converted to a daily time 181 

step. The main features of the data set, including the duration, are provided in Table 2. 182 

Table 2 183 

3.2. Setup of ML models 184 

The setup of a ML model requires several steps: defining the inputs (predictors), pre-processing 185 

them, and, then, apply the ML algorithm. All the aspects of the methodology shown in Fig. 1 are 186 

analysed individually in the following paragraphs. 187 

Figure 1 188 

The first step, the choice of the predictors, i.e. the variables used as input to the ML algorithm, is 189 

crucial. Referring to our goal of predicting LSWT, a large number of predictors have been considered 190 

as an input of ML, also based on the considerations on the heat flux components discussed above: 191 
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Air Temperature (AT), Shortwave Radiation (SWR), Longwave Radiation (LWR), Relative 192 

Humidity (RH), Wind speed (WS), Rainfall (R) and Air Pressure (AP). To these physical variables, 193 

we added the Day Of the Year (DOY), and tested them both individually and in combination. The 194 

effect of considering different predictors is discussed in section 4.1. 195 

Care should be taken with the use of DOY, because its discontinuous behaviour at the change of 196 

year (from day 365 to day 1) is not consistent with the continuous variation of LSWT. Hence, we also 197 

investigated the sine and cosine of DOY, sin(𝐷𝑂𝑌 𝑛𝐷𝑂𝑌⁄ ) and cos(𝐷𝑂𝑌 𝑛𝐷𝑂𝑌⁄ ), where 𝑛𝐷𝑂𝑌 the 198 

number of days in a year: these are considered as two distinct input variables, which we indicate with 199 

the single term SCDOY for simplicity, but contain an equivalent amount of information as DOY.  200 

The second step is pre-processing. The input data cannot be considered as they are, as they need 201 

to be pre-processed to make their range of variation uniform in order to be comparable. We tested 202 

different strategies analysing the most common pre-processors (Min-Max; Robust and Standard 203 

Scaler). We anticipate that preliminary tests for our problem showed that Min-Max provided the best 204 

results, so we adopted this method for all the following analyses.  205 

However, LSWT responds to external forcing by filtering the input due to the heat capacity of the 206 

water mass, as discussed in section 2. Thus, we included in the pre-processing step also the possibility 207 

to temporally average some of the predictors, and in particular AT. As a different strategy to obtain 208 

the same effect, we also explicitly considered the ATs from previous days, thus increasing the number 209 

of input variables of the ML model. The different pre-processing strategies are discussed in section 210 

4.2. 211 

Following a standard procedure, the available data were split into two subsets, typically named 212 

training and test data sets. The parameters of the ML algorithms were optimized using the training 213 

data set, which in our case was 80% of the whole data set (other proportions such as 50%, 60% and 214 

70% were also tested, but the results did not change significantly, thanks to the availability of a large 215 

data set that reduces the risk of overparameterization). Then, the ML performances were examined 216 

using the test data set to be confident that the calibrated parameters were not the result of overfitted 217 

or underfitted training and could be used in other cases as well. The separation between training and 218 

test data sets was done chronologically (first 80%, last 20%) in order to maintain the temporal pattern 219 

of the variables within a data set. We also tested a random splitting, but the results of the two data 220 

sets were very similar in all cases reducing the possibility to identify the best parameters. 221 

The third step is the choice of the ML algorithm, which is the kernel of the approach and contains 222 

some structural parameters, defined as hyperparameters, which are determined before training the 223 
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data (e.g., Probst et al., 2019). The distinction between hyperparameters and parameters is 224 

conventional and is based on the fact that the former define the features of the algorithm (e.g., the 225 

number of layers and neurons in Artificial Neural Networks, ANN), while the latter specify the 226 

coefficients used in the equations used in the algorithm (e.g., the values of weights and biases for 227 

ANN). Both the hyperparameters and the parameters are selected and obtained for the individual case 228 

studies and combinations of input variables: the best values for the hyperparameters are identified 229 

using optimization algorithms, while the way parameters are calibrated depends on the specific ML 230 

approach. 231 

The selection of the hyperparameters can be performed by means of different optimization 232 

methods, such as Grid Search, Random Search, Bayesian methods, Particle Swarm Optimization 233 

(PSO). In this paper, we refer to the Genetic algorithm (GA) for all ML approaches analysed: it is an 234 

evolutionary optimization method, which gives good results while keeping the computational 235 

burdening reasonable (Di Francescomarino et al., 2018).  236 

Several ML algorithms have been used to predict water temperature in lakes (see Table 1, and 237 

Table S2 in the Supplementary Material for the case of rivers): linear and non-linear (e.g., logistic) 238 

regressions, ANN, Decision Tree (DT), Support Vector Regression (SVR), K-Nearest Neighbour 239 

algorithm (KNN), Random Forest (RF), and Gradient Boosting Machines (GBM). Although linear 240 

and logistic regression algorithms can get proper results in spite of their simplicity, more advanced 241 

ML algorithms proved to be more suitable for water temperature prediction in more general scenarios 242 

(Sharma et al., 2008; Sener et al., 2012).  243 

In this paper, trying to consider all the options that have been proposed so far, we tested nine 244 

different ML approaches. Four of them can be traced back to the structure of ANN, although some 245 

have very peculiar features: Multilayer Perceptron Neural Network (MLPNN) and Back-Propagation 246 

Neural Network (BPNN) are two very similar approaches, that differ only for the strategy of 247 

parameter calibration; Long Short-Term Memory (LSTM) is a form of deep learning that retains the 248 

temporal memory of the system; Adaptive Neuro-Fuzzy Inference System (ANFIS) couples a 249 

network structure with fuzzy logic. Three approaches are part of DT: the standard DT and two of its 250 

branches, RF and Extremely Randomized Tree (ERT). Finally, the last two approaches are SVR and 251 

KNN. The main features of these ML algorithms are summarized and explained in Appendix B, and 252 

the details about the hyperparameters are presented in the Supplementary Material. The comparative 253 

evaluation of the nine ML is provided in section 4.3.  254 

For the analysis of the different pre-processing strategies and predictors in sections 4.1 and 4.2, 255 

we had to refer to a single ML method: to this end, we selected BPNN, as a commonly used branch 256 

https://towardsdatascience.com/grid-search-in-python-from-scratch-hyperparameter-tuning-3cca8443727b
https://en.wikipedia.org/wiki/Support_Vector_Machines
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of ANN that allows for finding nonlinear correlations between dependent and independent variables 257 

and that is prone to multiple methods of training (Tu, 1996). 258 

As a fourth and final step of the workflow, we had to evaluate the performances of the ML 259 

approaches. We adopted the root mean square error (RMSE) of the LSWT as objective function, with 260 

lower values representing the best fit. Other metrics can also be used (e.g., mean absolute error, 261 

correlation coefficient, Nash-Sutcliff efficiency index), but without significant differences in the 262 

ranking of best ML. In all cases, since we considered a synthetic case study, we assumed the GLM 263 

output as the observed truth for the present analysis.  264 

In order to improve the robustness of the ML results and to limit the possibility that a single run 265 

can provide inconsistent results due to an unsatisfactory choice of the initial guess of the parameters, 266 

or any other numerical artefact, we decided to run each of the algorithms for 20 times (similar to what 267 

was done by Piotrowski et al., 2021, who considered 50 runs). If not specified, the metrics used to 268 

illustrate the performance are averaged among the runs; more details are provided in the 269 

Supplementary Material. Moreover, as a measure of the robustness of the method (i.e., how different 270 

are the results for the different runs), we computed the standard deviation of the 20 estimates of 271 

LSWT in each day of the simulated period, and then averaged these values along the whole record to 272 

obtain the averaged value, 𝜎𝑅. 273 

4. Results 274 

In this section, the most influential inputs, the most effective pre-processing methods and the 275 

performance of ML approaches are discussed. The effect of the lake’s depth is also analysed, and the 276 

physical characteristics of the lake are considered in the statistical analysis. 277 

4.1. Identification of predictors 278 

Understanding the physics behind the thermal dynamics is crucial to obtain accurate predictions, 279 

and this is especially true for approaches that are not based on physical laws. In fact, ML algorithms 280 

are generic tools, and the success of their application heavily depends on the selection of the set of 281 

predictors. According to the analysis in section 3, the potential predictors for LSWT are manifold. 282 

Previous analyses (Table 3) included, depending also on the simulated variable (daily averaged 283 

temperature, monthly or annual average or maximum): AT, DOY, Gregorian calendar, lake surface 284 

area, maximum and average water depth, altitude, WS, frozen and snowing indicators, R, percentage 285 

of cloud cover, inflow, geopotential height, LWR, SWR, pH, total dissolved solids, SWR, RH, 286 

outflow, Secchi depth, and – for seasonal evaluations – the maximum number of daylight hours in 287 



Yousefi and Toffolon, Use of ML to predict LSWT 10/30 

June, mean July AT, mean annual AT, mean July precipitation, July SWR and July cloud cover 288 

(Sharma et al., 2008). We already listed most of these predictors when we discussed the factors 289 

affecting the heat flux at the lake surface. We additionally notice that, for each of them, it is necessary 290 

to choose the temporal and spatial scale of integration, which depends on the investigated problem 291 

and can affect the results significantly (e.g., Piccolroaz et al., 2016; Toffolon et al., 2020).  292 

Table 3 293 

The identification of the most influential predictors has often been based on statistical analysis. 294 

For instance, Zhu et al. (2020) investigated the linear and non-linear relationships between AT and 295 

LSWT. Mohseni et al. (1998) found that non-linear S-shaped functions work well for AT and LSWT 296 

correlation. Yang et al. (2020) utilized trend analysis, contribution analysis and (Pearson) correlation 297 

analysis, as methods to investigate the most influential predictors on LSWT, identifying AT and 298 

SWR.  299 

Figure 2 300 

It is important to recognize that there are correlations not only between the predictors and LSWT 301 

but also among the predictors themselves. We computed the Pearson and Spearman’s rank-order 302 

correlations to find the relationships among the variables for our synthetic shallow and deep test cases. 303 

We recall that Spearman’s rank-order measures the power and trend of monotonic relationship 304 

between two variables (Spearman, 1910), while Pearson considers the strength of linear correlation. 305 

Based on the results shown in Fig. 2, AT is the most relevant predictor for LSWT, also with a strong 306 

linear correlation, but SCDOY is also a very important predictor. The linear version of time (DOY) 307 

is significantly less correlated than SCDOY, and especially in the shallow case. Together with 308 

SCDOY and AT, also LWR and SWR follow similar trends in comparison to other predictors. Other 309 

relatively high correlations can be highlighted, e.g., R with RH and LWR, but with low scores with 310 

LSWT. We note that the influence of R might be overly small because rainfall did not affect the 311 

inflows in the simplified description used for the physically based model of the lake, a condition that 312 

is not fully representative of real cases.  313 

Table 4 314 

In order to analyse the effect of the choice of the predictors on the performances of ML in 315 

reproducing LSWT, we explored several combinations of the input variables based on the literature 316 

review summarized in Table 3. In this exercise, we referred only to BPNN, one of the most used ML 317 

algorithms. Table 4 reports the results of this analysis and shows the influence of each predictor, and 318 

of their combination, on the model’s performances. Looking first at the single predictors considered 319 

independently, we can see that SCDOY provides the lowest RMSE (hereinafter, we use the average 320 
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value among the 20 runs): 1.43°C for training set and 1.58°C for test set in the deep lake, with values 321 

around 1.78°C and 2.07°C for the shallow case. This implies that a mean year is likely a good 322 

representation of the intra-annual variability of LSWT. AT is the second choice, but the error grows 323 

significantly (3.04°C – 3.11°C for training and test sets in the shallow case, and 3.63°C – 3.91°C in 324 

the deep case), and the choice of the other predictors does not provide acceptable results. Nonetheless, 325 

the combination of different variables allows for a significant improvement. In particular, considering 326 

AT and SCDOY already provides good performances (1.31°C – 1.46°C for the shallow case, 1.16°C 327 

– 1.29°C for the deep case), and we will use this combination as a reference for the following analyses. 328 

Indeed, adding further variables in the set of the predictors yields only minor improvements at the 329 

price of a larger amount of information to be used in the model (see the difference of RMSE in the 330 

last column of Table 4). However, we acknowledge that other variables can also be important in 331 

climatic conditions different from the temperate case investigated herein, and in the case of a real 332 

lake. 333 

We illustrate the effect of considering AT and DOY (or SCDOY) on the model in more detail in 334 

Fig. 3, which shows the simulated LSWT (using again BPNN) for the shallow and deep cases in 335 

single runs. For the sake of clarity, we limit the plots to two years. LSWT fluctuates more in the 336 

shallow than in the deep lake since the former is more sensitive to meteorological forcing due to the 337 

smaller thermal inertia (heat capacity per unit of surface area) (Toffolon et al., 2014, 2020). It clearly 338 

appears that the range of LSWT variability predicted when AT is considered alone is too large, while 339 

the use of the single information from DOY provides a smooth description (similar to the mean year) 340 

which however is not able to reproduce the interannual variability. The use of SCDOY instead of 341 

DOY is more suitable because of its smooth transition at the end of each year. The last row of Fig. 3 342 

shows the advantage of the combined use of SCDOY and AT to predict LSWT.  343 

Figure 3  344 

4.2. The importance of pre-processing 345 

Since the input values have different units and ranges of values, pre-processing methods such as 346 

standardization and normalization are needed to remove the anomalous values and transfer the data 347 

to the same scale (in a comparable range). Sener et al. (2012) used the Min-Max transform to resize 348 

the input data (RH, AT, air pressure, and water depth) from 0 to 1 for the data to be comparable. 349 

Moving Average with Min-Max (MAMM) and Wavelet Transform (WT) are more complex pre-350 

processing methods that not only denoise the data but also smooth them. The influence of pre-351 

processing methods and their effect on the ML performances are analysed in this section.  352 
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We have seen that lakes act as filters, damping high-frequency inputs, and that the effect becomes 353 

stronger for deep lakes. This is a process that depends on the thermal inertia of the lake and needs to 354 

be included in the pre-processing, if the ML algorithm is not able to deal with the memory of the 355 

system. Assuming AT as a predictor, it is not possible to establish a linear relation between AT and 356 

LSWT in general, but a hysteresis exists between the two variables (Toffolon et al., 2014). Linear 357 

relationships between daily-averaged values can be valid for very shallow lakes but become critical 358 

for deep lakes, where LSWT in one day heavily depends on the previous day's value. If the ML 359 

algorithm does not have a suitable way to retain the value of the previous condition of the system, 360 

pre-processing should be exploited to have a more physically sound description of the lake system.  361 

As a simple pre-processing approach to simulate the filtering behaviour of a lake, we considered 362 

smoothing and denoising the data using Moving Average (right-aligned window, which considers the 363 

AT of previous days) combined with Min-Max (MAMM). In this approach, different window sizes 364 

were used to minimize the RMSE. We found that the RMSE presents a minimum value for an optimal 365 

window size and that the shape of the curve is different for the shallow and deep lake (Fig. 4e,f). In 366 

the shallow case, the RMSE decreases rapidly and then increases at a similar rate for window sizes 367 

longer than the optimal value (Fig. 4e). In the deep case, the error for the test data set is less variable, 368 

different from the training data set, although it still presents a minimum for values of the windows 369 

size in the same range as that of the training data set (Fig. 4f). For this reason, the best window size 370 

was selected considering the minimum of the average of the training and test errors, and resulted in 371 

8 days for the shallow case and 13 days for the deep case, confirming the role of the depth in 372 

enhancing the filtering effect on LSWT.  373 

Figure 4 374 

Further analyses would be required to assess the optimal window size as a function of the depth. 375 

However, some preliminary insight can be obtained by considering two intermediate depths (20 m 376 

and 40 m). By comparing the RMSE in the four cases, it seems that a threshold on the depth exists 377 

and determines the qualitative behaviour (shown in Fig. 5): while a clear minimum (optimal window 378 

size) appears for the shallow lake (5 m), the behaviour of the other (deeper) cases is more similar. 379 

Indeed, the 5 m lake does not stratify (Fig. S1a in Supplementary Material) and the heat capacity 380 

remains the same in all seasons. Conversely, when the depth grows, stratification develops and the 381 

thermally reactive layer varies with the season. In our case study, the thermocline is approximately 382 

on the order of 10 m in the analysed case (Fig. S1b in Supplementary Material), so any deeper lake 383 

(e.g., depth of 20 m) likely behaves in a qualitatively similar manner. We speculate that the variability 384 
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of the heat capacity during the year may cause a less evident minimum in the RMSE curves because 385 

the optimal window size should change with the season. 386 

Figure 5 387 

A more sophisticated way to denoise and smooth the input signal is to use Wavelet Transform 388 

(WT), which fits a mother wavelet in limited periods to overcome the problems of Fourier transform 389 

of not being able to determine where and when a specific frequency occurs, as well as limitations of 390 

frequency scales caused by window length (Chun-Lin, 2010). WT are categorized into Continuous 391 

WT (CWT) and Discrete WT (DWT), which decomposes the data into specified level. In this study, 392 

the optimal mother wavelet is determined among 106 types for DWT and 21 types for CWT provided 393 

by the wavelet transform library available in Python. The DWT method decomposes the raw AT data 394 

to get the coefficients measuring the intensity of signal variations (Ranchin and Wald, 1993), and 395 

eventually leads to smoothed data. The level of decomposition of the input data was identified as 396 

𝑖𝑛𝑡[𝑙𝑜𝑔10(𝑁)], where 𝑁 is the length of the time series and the int function transfers the values to the 397 

nearest integer (Zhu et al., 2020).  398 

The different pre-processing methods were applied to AT data, using again BPNN method as the 399 

reference ML approach. Table 5 reports the comparison, showing that, in the shallow lake, MAMM 400 

outperformed the other methods in the both the shallow and the deep lake, while WT provided the 401 

worst results. The most effective mother wavelets can change depending on the way the optimization 402 

is performed. We note that, within the same Min-Max approach, smoothing the AT gives a clear 403 

improvement with respect to the standard, with RMSE decreasing from approximately 1.31 – 1.46°C 404 

(Min-Max) to 1.06-1.14°C (MAMM) in the shallow case, and from 1.16 – 1.29°C (Min-Max) to 0.98-405 

1.19°C (MAMM) in the deep case.  406 

Table 5 407 

4.3. Retaining the history of the forcing 408 

In standard ML approaches (except for LSTM), such as the BPNN method that we assume as a 409 

reference, the history of the system is not retained. Thus, a pre-processing of the input data can be 410 

useful, as demonstrated in the previous section. However, retaining the effect of previous AT by a 411 

moving average over an optimal period is a rough way to do it because it equally weighs the 412 

information from any day in the averaging window, while the last days are likely to have a stronger 413 

impact. There are various ways to overcome this deficiency, for instance by arbitrarily assigning 414 

different weights depending on the temporal distance from the simulated day. In this section, 415 
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however, we explore an alternative strategy based on the explicit inclusion of previous days’ inputs 416 

in the ML model. 417 

We keep using BPNN as a reference ML algorithm and SCDOY and AT as the most relevant input 418 

data. However, while the use of SCDOY is unchanged, the AT record is repeatedly duplicated with 419 

a shift of a variable number 𝑁 of days: AT in phase with LSWT, AT of the previous day, AT of two 420 

days before, etc. Thus, the number of input nodes of the BPNN is increased by 𝑁 − 1. In this way, 421 

the previous forcing conditions (assuming that AT is a proxy) are explicitly included in the ML 422 

algorithm, which will weigh them depending on the effective relevance for LSWT. The performances 423 

of the BPNN algorithm increase dramatically (Fig. 6) by adding a number of previous days that varies 424 

with the case study, until the improvement is saturated: adding further information becomes 425 

irrelevant. Optimal performances are reached by considering approximately 15 days for the shallow 426 

lake (Fig. 6a) and about 20 days for the deep case (Fig. 6b), thus confirming that the memory of the 427 

system is relatively long and slightly increases with the depth. The last row in Table 5 shows that 428 

using AT from previous days improves the results considerably (0.96-0.94°C for shallow lake and 429 

0.88-1.14°C for deep lakes). 430 

There is some similarity in using the moving average and the single values in previous days as 431 

additional inputs, and this is the reason we included both in Table 5. However, it is evident that the 432 

latter approach is not a pre-processing method as the ones discussed in section 4.2. 433 

Figure 6 434 

Figure 7 confirms that adding AT from previous days as additional inputs can improve the model’s 435 

performance more than applying a moving average to the AT. It is interesting to note that both 436 

methods provide better results than considering all the input variables together in the same day as 437 

LWST. The combination of SCDOY and of the history of AT is the most effective input to simulate 438 

LSWT in this type of lakes. 439 

Figure 7 440 

4.4. The choice of the ML algorithm 441 

Based on our literature review (summarized in Table 1), the most utilized ML approach is ANN, 442 

but several other methods have been proposed. Here, we first examine the details of some ML 443 

algorithms, and then compare their performances for our synthetic case studies comprising a shallow 444 

and a deep lake.  445 
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We decided to test nine commonly used ML algorithms, also considering those used for the 446 

prediction of stream temperature: MLPNN, BPNN, LSTM, ANFIS, DT, RF, ERT, KNN and SVR 447 

(Table 6). More details about these methods are provided in the Appendix B. Trying to obtain a fair 448 

comparison among them, we set up a consistent procedure for the analysis: the same predictors were 449 

used (AT and SCDOY), the hyperparameters were optimized with the same algorithm (GA 450 

optimization), and the Min-Max pre-processing was applied to the input data without any smoothing. 451 

In the analysis of the performances, we examined the RMSE for the training and test data sets 452 

separately. We note that a low error for training and high for test implies that the model is overtrained, 453 

and does not predict other data sets properly.  454 

Table 6  455 

As shown in Table 6, the performances of most ML algorithms were comparable for the case of 456 

the shallow lake: RMSE in the range 1.16-1.37°C for the training data set, with the exceptions of 457 

ANFIS providing the worst results (2.91°C), and in the range 1.46-1.63°C for the test data set (2.85°C 458 

for ANFIS). The performances for the deep lake varied similarly: RMSE in the range 1.09-1.43°C 459 

for the training data set in most ML algorithms, again with very poor performances of ANFIS 460 

(3.74°C); and in the range 1.26-1.67°C for the test data set, always with unacceptable results from 461 

ANFIS (3.46°C). In both cases, the performances of RF deteriorated significantly in the test case, 462 

passing from the best results among the various ML algorithms for the training set to mediocre results 463 

for the test set (RMSE deteriorating of 0.35°C and 0.25°C for the shallow and deep lake, respectively). 464 

The fact that LSTM, which retains information from the previous state, works well for the deep case, 465 

and for both the training and test data set (the difference is only 0.02°C), is consistent with the fact 466 

that lakes keep the memory of previous days’ conditions. This implies that the results are good in this 467 

case also without the need of a heavy pre-processing of the data that includes the smoothing of AT, 468 

or the consideration of AT values in previous days. 469 

It is instructive to interpret the performances of the ML methods based on their specific features. 470 

We start considering the performances of two similar methods: ERT and RF. ERT is a modified 471 

version of the DT that randomly selects the parameters of the model and repeatedly train the model 472 

using the data. RF splits nodes based on optimum decision, while ERT splits the nodes randomly. 473 

Additionally, in the RF method, the inputs are divided into subsamples, and drawn with replacement 474 

each time (ending in repeated data), while in ERT the inputs are not drawn with replacement, avoiding 475 

the repetition of data (Geurts et al., 2006). Results in Table 6 show that ERT is a more robust approach 476 

because the deterioration of the performance from training to test is lower than for RF. 477 
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The results suggest that LSTM, MLPNN and BPNN are all successful methods for prediction of 478 

LSWT. In fact, these methods present the minimum difference of RMSE between the training and 479 

test data set among the various types of ML algorithms (Table 6). They share the property of being 480 

branches of Deep Learning (DL), which suggests that DL is able to extrapolate good performances 481 

to the test data set more effectively than other ML methods. DL methods are built with multiple 482 

hidden layers (layers between the input and output layer) and this introduces more degrees of freedom 483 

in the combination of weights and biases (the parameters that are calibrated in the training phase), 484 

leading to more accurate results. On the other hand, ANFIS exploits the structure of ANN, but consists 485 

of a single hidden layer of neural network, and other layers are governed by fuzzy logic (more details 486 

in Appendix B). This combination of layers makes ANFIS less accurate in comparison to the other 487 

ML methods tested in the paper. 488 

Figure 8 489 

The different behaviour of the shallow and deep lake can be detected by the intensity of LSWT 490 

fluctuations. The shallow lake admits a large variability on a short time scale, while fluctuations tend 491 

to be smaller in the deep lake (an example of the different behaviour is graphically illustrated in Fig. 492 

8). However, the damped variability in the deep lake is limited to the periods when the lake is not 493 

stratified, and in summer LSWT fluctuates more because of the smaller surface volume reacting to 494 

the heat flux. Reproducing such a behaviour is not trivial for a ML method. We appreciate that DL 495 

algorithms are able to follow the target (LSWT simulated by GLM) more than other ML methods. 496 

The worst method, ANFIS, is characterized by less accurate results exactly because of the presence 497 

of large and unrealistic fluctuations.  498 

4.5. The benchmark of a physically based data-driven model 499 

In order to have a benchmark against which to evaluate the performances of ML, the results were 500 

compared the results obtained by the physically based, data-driven model air2water. The input data 501 

for the 6-parameter version of this model (Toffolon et al., 2014) are AT and DOY. The model is based 502 

on the integration of a differential equation where the time derivative of LSWT is involved, which 503 

allows for retaining the effect of the thermal inertia of the lake. By calibrating the parameters of 504 

air2water, we obtained a RMSE of 1.098°C and 1.078°C (training and test, respectively) for the 505 

shallow case, and 0.946°C and 1.021°C for the deep case. Therefore, air2water obtains a performance 506 

that is comparable with the best ML models (Table 6), and is only slightly worse than the BPNN with 507 

AT from the previous days (Table 5). 508 
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It is interesting to note that the memory of previous conditions is retained in air2water by means 509 

of the time derivatives of LSWT, in a way that is similar to stochastic autoregressive algorithms. 510 

Moreover, air2water contains a parameter that change the thermal inertia of the systems on the basis 511 

of a simplified description of the seasonal stratification (Toffolon et al., 2014). LSTM follows the 512 

same strategy by adopting a complex structure of the ANN with internal loops. Conversely, the 513 

inclusion of previous days’ AT values, as in our modified BPNN application (Fig. 6g,h), includes the 514 

history of the forcing explicitly, and not that of the state of the physical system (previous day’s 515 

LSWT). 516 

5. Discussion 517 

ML is a successful approach for predicting LSWT, and it does not need the broad variety of data 518 

(for instance, about lake morphology, meteorological forcing, heat fluxes) that are required in 519 

physically-based models. Nevertheless, the choice of the correct predictors is a crucial step for the 520 

success of this approach. We show that, in our artificial case studies, SCDOY and AT are the most 521 

influential inputs in order to forecast the LSWT; other combinations may slightly improve the 522 

accuracy, but demanding more data. The role of AT is not surprising, as it affects several components 523 

of the heat flux and is a proxy for the meteorological conditions. More interesting is analysing the 524 

influence of DOY (or SCDOY, equivalently). First, it allows to reproduce the climatological mean 525 

year, i.e. the annual cycle of LSWT that is approximately repeated every year (for a formal definition 526 

see, e.g., Toffolon et al., 2020). The range of intra-annual variability between the minimum and 527 

maximum LSWT is very large in temperate lakes, and the inter-annual variability is often a minor 528 

addition to the global RMSE (in this respect, see the use of the modified Nash-Sutcliff efficiency in 529 

Piccolroaz et al., 2016). Second, and less obvious contribution, the DOY allows the model to include 530 

the seasonal variability of stratification, which has a fundamental effect in lakes that are deep enough 531 

not to be always or periodically well-mixed. 532 

Important factors affecting the thermal response of a lake are the morphological and hydrological 533 

features. We did not perform a comparative analysis considering a large number of lakes, as other 534 

authors did; for this reason, these lake features were not assumed as predictors. We restricted our 535 

analysis to the effect of the lake’s depth focussing on two cases (shallow, 5 m, and deep, 60 m). Our 536 

results suggest that a smoother behaviour in deep lakes (due to the larger heat capacity) may lead to 537 

lower RMSE values than in shallow lakes, although deeper lakes’ dynamics are in general more 538 

complex due to the nonlinear effect of stratification on LSWT.  539 
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It is well-known that optimization and pre-processing methods can effectively improve the 540 

performance of ML methods (e.g., Isik et al., 2012). We found that a moving average of the input AT 541 

was sufficient to smooth the high-frequency LSWT response, similar to the physical filtering effect 542 

of the large water mass in a lake. The other possibility to smooth the LSWT oscillations is to reduce 543 

the influence of the large day-to-day AT variability by including also values in previous days. 544 

In our modelling exercise, we did not find clear indications about a single best ML approach. A 545 

group of methods performed reasonably well (depending also on the shallow/deep case) and only 546 

ANFIS was characterized by unacceptable errors. The lack of indications about a prevailing approach 547 

is confirmed by our literature review. We found that ANN, with its variations, represents the most 548 

used model and has become a sort of standard for LSWT predictions (Table 3). However, traditional 549 

methods sometimes performed better than advanced algorithms: for instance, Sharma et al. (2008) 550 

showed that the multiple regression algorithm, considering linear relationships, can be more effective 551 

than ANN. Moreover, SVR using GA outperformed the ANN in an application to reservoirs (Quan 552 

et al., 2020). Heddam et al. (2020) found ERT more robust than ANN and RF for the prediction of 553 

LSWT in shallow lakes, as well as demanding less computation time compared to ANN. 554 

Nevertheless, according to their study, a physically based data-driven model (air2water) 555 

outperformed all the ML methods, an outcome that our analysis seems to confirm. Liu and Chen 556 

(2012) studied the accuracy of ANN in comparison to a 3D hybrid model in the shallow Yuan-Yang 557 

lake (maximum depth 4.5 m), finding that ANN forecasts the water temperature at 1, 2 and 3 m below 558 

the surface not as accurately as LSWT. Besides, Samadifard et al. (2016) investigated ANN, gene 559 

expression programming (GEP) and ANFIS in the Yuan-Yang lake. Similar to our results, they 560 

showed that, generally, ANN is more robust than ANFIS. It is worth mentioning that ANN is capable 561 

of forecasting more precisely, but obtaining high performances requires a careful choice of the 562 

optimization method, and a higher number of hidden layers and neurons. Moreover, different 563 

branches of ANN are available such as MLPNN, RNN and BPNN. 564 

Physical constraints help ML obtain more accurate predictions. In our analysis, we worked on the 565 

pre-processing of AT, including the information from previous days, to mimic the effect that the 566 

history of the forcing has in combination with the memory of the system. Other scholars included 567 

constraints directly in their model: for instance, Jia et al. (2019) added two physical constraints to 568 

their LSTM model simulating the temperature profile along the water column in Lake Mendota, the 569 

requirement that density increases with depth and the conservation of energy. Moreover, Jia et al. 570 

(2020) pretrained their LSTM model by means of a physical-based model in the case of data 571 

deficiency to get more accurate results, a procedure that transfers ML towards a hybrid model. 572 
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ML methods generally perform well with respect to pure statistical computations such as linear 573 

and nonlinear regressions. However, physically based data-driven models like air2water are able 574 

perform better than almost all the ML method we investigated, because they retain some physics 575 

while being flexible in adapting to the different case studies thanks to the specific calibration of the 576 

model’s parameter. Thus, why using a ML approach? We feel that the flexibility of ML may represent 577 

a striking advantage when the physics of the system is not clear enough, or simplified models are not 578 

available for a specific class of problems. This is the case of global-scale analyses where different 579 

types of lakes are considered with the same approach: for instance, Piccolroaz et al. (2020) 580 

demonstrated that the performances of air2water are good for temperate lakes but worsen for tropical 581 

and equatorial lakes, where other factors may become as relevant as AT. A global analysis of LSWT 582 

in lakes by means of ML methods deserves some attention. 583 

6. Conclusions 584 

Water temperature of freshwater bodies can be predicted using different methods, among which 585 

machine learning (ML) algorithms are becoming one of the most popular approaches. In this study, 586 

we reviewed the most common ML approaches to predict lake surface water temperature (LSWT) 587 

and tried to disentangle the effect of the main factors affecting their performances. In particular, we 588 

analysed (i) the effect of considering different predictors, i.e. the variables used as input data; (ii) the 589 

improvement that can be obtained by including the effect of the history of the forcing and the memory 590 

the system on the thermal response, for instance by smoothing the air temperature input or considering 591 

previous days’ values, thus mimicking the filtering effect that lakes can exert thanks to their capability 592 

to store heat for a relatively long time; and, eventually, (iii) the performances of different ML 593 

approaches. Such a comparative exercise was based on a literature review, but more importantly on 594 

the application of nine ML methods on two specifically designed case studies: a shallow lake 595 

(maximum depth 5 m) and a deep lake (maximum depth 60 m), for which the LSWT was artificially 596 

obtained by means of a physically based one-dimensional model (GLM). The use of a synthetic case 597 

allowed us to control all the variables involved in the problem and to make a comparison between the 598 

shallow and deep cases without any other factor altering the thermal response. In this respect, it should 599 

be considered that all results are based on a synthetic case and are not representative of real lakes. 600 

The results of our analysis, which was performed using BPNN as the reference ML approach, 601 

show that a combination of air temperature (AT) and day of the year (DOY), in particular adopting a 602 

continuous description of the latter variable through the use of trigonometric functions (SCDOY), 603 

provides the minimum amount of information required to obtain reasonable results, and that adding 604 
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further variables does not allow for significant improvements. Moreover, we demonstrated that 605 

smoothing the input signal for AT, for instance using a moving average, yields a noticeable 606 

improvement of the performances. As a more complicated but even more fruitful approach, previous 607 

days’ AT values can be included as inputs of the ML to retain the history of the forcing conditions. 608 

This evidence confirms the need to include a memory effect in those ML approaches that cannot 609 

intrinsically consider it (the only option we tested was Long Short-Term Memory, LSTM). Finally, 610 

the comparison of nine different ML algorithms did not show striking differences in the performances, 611 

although the LSTM method seems to be slightly more robust than other approaches and ANFIS was 612 

constantly providing unacceptable results. Hence, our analysis suggests that the success of the 613 

application of ML to predict LSWT depends mostly on the identification of the correct predictors, 614 

while there is not a definitive choice of the best ML algorithm. 615 
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Appendix A – Minimal model of the thermal response of a lake 623 

In this appendix, we revisit the heat budget in a lake by initially referring to a simplified one-624 

dimensional (1D) description, 625 

𝜕

𝜕𝑡
(𝜌 𝑐𝑝 𝑆 𝑇) +

𝜕

𝜕𝑧
(𝑆 𝜙 + 𝐼) = 0 

(A1) 

where 𝑡 is time [s], 𝑧 is the vertical coordinate [m], 𝑇(𝑧, 𝑡) is the water temperature [K], 𝜌(𝑇) is water 626 

density [kg m-3], 𝑐𝑝(𝑇) is the specific heat capacity [J kg-1 K-1], 𝑆(𝑧) is the horizontal surface area 627 

[m2], 𝜙(𝑧, 𝑡) is the heat flux [W m-2], which includes diffusion, convection and penetrating shortwave 628 

solar radiation, and 𝐼(𝑧, 𝑡) represents the contribution [W] of lateral inflows and outflows. Eq. (A1) 629 

is solved with proper boundary conditions at the lake bottom (heat exchanged with sediments) and at 630 

the surface (heat exchanged at the air-water interface). 631 

We can consider a bulk version of Eq. (A1) to understand the behaviour of LSWT, assuming that 632 

it is correlated with the average temperature in the surface layer. By integrating Eq. (A1) over the 633 

thermally reactive volume 𝑉𝑟 [m3] at the surface, the volume-averaged temperature 𝑇̅(𝑡) follows the 634 

equation 635 

𝑑

𝑑𝑡
(𝜌 𝑐𝑝 𝑉𝑟 𝑇̅) = 𝑆0 𝜙𝑛𝑒𝑡 + 𝑆𝐷 𝜙𝐷 + ∑ 𝜌 𝑐𝑝 𝑄𝐼,𝑗  𝑇𝐼,𝑗

𝑁𝐼

𝑗=1

− ∑ 𝜌 𝑐𝑝 𝑄𝑂,𝑗 𝑇𝑂,𝑗

𝑁𝑂

𝑗=1

 

(A2) 

where 𝑆0 is the surface area and 𝜙𝑛𝑒𝑡 is the net heat flux [W m-2] exchanged with the atmosphere 636 

(assumed positive towards the lake), 𝑆𝐷 is the area at the bottom of the surface layer and 𝜙𝐷 is the 637 

heat flux exchanged with deeper waters (positive if entering the surface layer), and the last two 638 

summations include the effects of inflows and outflows. 𝑄𝐼,𝑗 and 𝑇𝐼,𝑗 are, respectively, the discharge 639 

and the temperature associated with the 𝑗-th inflow; 𝑄𝑂,𝑗 and 𝑇𝑂,𝑗 are the equivalent variables for the 640 

𝑗-th outflow. The net heat flux 𝜙𝑛𝑒𝑡 is the combination of multiple factors: 641 

𝜙𝑛𝑒𝑡 = 𝐻𝑆𝑊 + 𝐻𝐿𝑊_𝑖𝑛 − 𝐻𝐿𝑊𝑜𝑢𝑡
± 𝐻𝐿 ± 𝐻𝐶 + 𝐻𝑃 (A3) 

where 𝐻𝑆𝑊 is the fraction of the shortwave solar radiation penetrating into the lake and absorbed in 642 

the surface volume, depending on water transparency; 𝐻𝐿𝑊_𝑖𝑛 is the net longwave radiation emitted 643 

from the atmosphere to the lake, depending on AT and cloud cover; 𝐻𝐿𝑊_𝑜𝑢𝑡 is the longwave radiation 644 

emitted from the water, depending on LSWT; 𝐻𝐿 is the latent heat flux considering evaporation and 645 

condensation, which depends on AT, LSWT, relative humidity and wind speed; 𝐻𝐶 is the sensible 646 

heat flux because of convection, depending on AT, LSWT and wind speed; 𝐻𝑃 is the heat flux 647 
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associated with rainfall. The deep-water heat flux 𝜙𝐷 can be affected by subsurface fluxes and by the 648 

geothermal heat flux at the sediment-water interface.  649 

The role of the depth, and in particular of the thickness ℎ = 𝑉𝑟 𝑆0⁄  of the thermally reactive surface 650 

layer, can be highlighted considering a simplistic (only for illustration purposes) version of Eq. (A2): 651 

𝛼
𝑑𝑇

𝑑𝑡
= 𝛽 sin(𝜔𝑡) 

(A4) 

where 𝛼 includes the heat capacity of the surface layer (linearly dependent on ℎ), and the sinusoidal 652 

function on the right-hand side mimics the temporal variability of the net heat flux. In this simplified 653 

formulation, we refer only to single harmonics of a Fourier decomposition of the heat flux because 654 

the linearity in 𝑇 (a rough approximation of the actual behaviour) allows to consider them separately. 655 

Hence, 𝛽 is the amplitude of the sinusoidal variability associated with a given frequency 𝜔: for 656 

instance, two dominant frequencies of the heat flux are related to the variability of solar radiation at 657 

daily and annual periods. The solution of Eq. (A4) is straightforward: 658 

𝑇 = −
𝛽

𝛼 𝜔 
cos(𝜔𝑡) + 𝑐 

(A5) 

with 𝑐 an integration constant depending on the initial conditions. It is immediately evident that the 659 

amplitude of the water temperature oscillations at a given frequency is inversely dependent on 𝛼 (for 660 

a similar analysis, see Toffolon et al., 2014). Thus, a deeper surface layer (larger ℎ, larger thermal 661 

inertia, longer memory) will reduce the difference between the maximum and minimum temperature; 662 

for instance, at a daily time scale. Of course, larger ℎ are more likely to occur for deep lakes. 663 

Moreover, we can see that the amplitude is also inversely dependent on the frequency of the forcing, 664 

so that higher frequencies are more damped than lower frequencies, suggesting the ‘filter’ analogy 665 

introduced in the main text. 666 

Appendix B – Review of Machine Learning algorithms 667 

In this section, we review the main features of the ML algorithms that we analysed in this paper. 668 

The specification of the values of the hyperparameters optimized for our application is provided in 669 

the Supplementary Material. 670 

• Artificial Neural Network (ANN) and derived algorithms 671 

ANN algorithms consisting of straightforward processors and their interconnections are complex 672 

systems with organizational principles that parallelly recognize the pattern, predict and optimize the 673 

weights and biases (Jain et al., 1996). The network algorithm is composed of interconnected nodes 674 
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(called neurons) structured into parallel layers (Fig. B1). The first (input) layer receives the input data 675 

and, through a variable number of internal (hidden) layers, the information percolates until reaching 676 

the last (output) layer, which provides the results of the simulation. The directional links among nodes 677 

of adjacent layers transfer signals from the upstream to the downstream neurons. In each of the hidden 678 

and input layers, an additional parameter is provided to the neurons by the so-called biases. The signal 679 

exiting from one neuron is suitably weighed before entering into the subsequent one, where it is 680 

summed to the signals from the other neurons and to the bias of the same layer; then, such a sum 681 

feeds an activation function, whose output represents the new signal that is transferred downstream. 682 

Figure B1  683 

The number of hidden layers and the number of neurons for each layer are hyperparameters of the 684 

ANN, together with the type of activation function and the parameters of the optimization procedure 685 

for the calibration of weights and biases. The procedure for the optimization characterizes the branch 686 

of ANN. In general terms, it begins with random values of weights and biases. In the first run, the 687 

ANN provides an output that is compared with the target. Then, weights and biases are updated using 688 

gradient descent method. The iteration continues until the difference between the output and the target 689 

is minimized. 690 

In our analyses, we considered three different types of ANN: Multi-Layer Perceptron Neural 691 

Network (MLPNN), Back-Propagation Neural Network (BPNN) and Long Short-Term Memory 692 

(LSTM) as a type of Recurrent Neural Network (RNN); and Adaptative Neuro-Fuzzy Inference 693 

System (ANFIS) which consists of one layer of neural network. These methods are further analysed 694 

hereafter. 695 

 (1) The MLPNN is an ANN consisting of more than one hidden layer. In this paper, we use this 696 

term to refer to a feed forward neural network. Its peculiarity is updating the weights based on error 697 

from input to output in just one direction. 698 

 (2) The BPNN approach is characterized by the algorithm used to update weights and biases in 699 

order to minimize the error (Li et al., 2012). First, the value of each neuron is calculated based on the 700 

initial weights. Then, the weighs are adjusted from the output layer backwards toward the input layer, 701 

knowing how much each node contributes to the error of prediction from observed data (Hecht-702 

Nielsen, 1992). IN BPNN, the weights are updated from the output layer backwards to the input layer 703 

while in MLPNN, the weights are updated based on the error and move just forward (Dudek, 2019). 704 

(3) The LSTM method is a type of RNN, which is a branch of ANN that has a sequential 705 

connection between time steps (Sainath et al., 2015). LSTM keeps the information for a longer period 706 
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in comparison to the standard RNN. In the hidden layers, memory blocks are special units consisting 707 

of memory cells, storing and controlling the passing of information by three gates (Fig. B2). The 708 

gates are: forget gate (for keeping or removing the information), input gate (adding information to 709 

the cell) and output gate (selecting the necessary information). The hidden state, which contains the 710 

memory of neural network, keeps the previous information (Gonzalez-Dominguez et al., 2014).   711 

Figure B2  712 

The ANN requires low statistical training, and identifies complex non-linear connections of 713 

dependent and independent variables and also between predictor variables, as well as being a multiple 714 

training algorithm. Liu and Chen (2012) suggested that ANN is a cost-effective approach with respect 715 

to a three-dimensional semi-implicit Eulerian-Lagrangian finite-element method (Zhang and Baptisa, 716 

2008), and could be used for water quality prediction and ecological management. Despite the 717 

mentioned advantages, the ANN is a black box that requires computational effort and is susceptible 718 

to overfitting (Tu, 1996). The overfitting could be controlled by dropout (Piotrowski et al., 2020; Zhu 719 

and Piotrowski, 2020), whereby the nodes with their connections are randomly eliminated in the 720 

training phase (Srivastava et al., 2014). 721 

• ANFIS 722 

The ANFIS is a subcategory of ANN based on Takagi-Sugeno-type fuzzy inference system 723 

(Anikin and Zinoviev, 2015). The method based on the fuzzy logic principles train the model set to 724 

calculate the parameters of the membership function, which represents the degree of truth in fuzzy 725 

logic (Opeyemi, and Justice, 2012). Three methods of ANFIS are widely used: (i) ANFIS with grid 726 

partition method called ANFIS_G, (ii) ANFIS with subtractive clustering (SC) called ANFIS_S, and 727 

(iii) ANFIS with fuzzy c-means clustering (FCM) called ANFIS_F. The difference between the three 728 

algorithms is mainly related to the optimization of the fuzzy rules. The ANFIS_G needs a large 729 

number of fuzzy rules, while the two other ANFIS_S and ANFIS_F were adopted for providing a 730 

model with fewer fuzzy rules. For example, ANFIS_G cannot be applied using more than six inputs 731 

variables. We applied ANFIS_G considering its rules and limitations. Based on a first-order Sugeno 732 

model, there are two if-then rules for fuzzy logic. The network is composed by 5 layers (Fig. B3). 733 

Layer 1, named fuzzification layer, consisting of adaptive nodes, determining the degree of fuzzy 734 

membership inputs. In our study, the triangular membership function gets more accurate results than 735 

other functions. In layer 2, the signals connected to it are multiplied (𝑤𝑖), and the output of this node 736 

is called the firing strength of the rule. In layer 3, node N normalizes firing strength (𝑤͞͞𝑖 ). In layer 4, 737 

the output of the adaptive nodes is the product of the results of the previous layer and a first order 738 

https://www.sciencedirect.com/science/article/pii/S0098300412000982?casa_token=f7hhH54FI_UAAAAA:713onEJtFardfprwZcoLrVcCWtYVHNyagSdAqOLfo15XbKmTB7RreGfKnxta4kngsO6eOlVWtoE#bib27
https://www.sciencedirect.com/science/article/pii/S0098300412000982?casa_token=f7hhH54FI_UAAAAA:713onEJtFardfprwZcoLrVcCWtYVHNyagSdAqOLfo15XbKmTB7RreGfKnxta4kngsO6eOlVWtoE#bib27
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polynomial (𝑓𝑖) due to first order Sugeno model. In layer 5, the summation of all connected signals 739 

is calculated (Opeyemi and Justice, 2012). 740 

Figure B3  741 

• Decision Tree (DT) and derived algorithms  742 

DT is used to differentiate and predict in classification or regression cases through dividing, which 743 

leads to discovered features and pattern extraction. Regarding these features, DTs are widely used for 744 

prediction models and investigative data analysis (Myles al., 2004). As shown in Fig. B4, internal 745 

nodes and root nodes are filtered down along the tree to gain proper outputs, named leaf nodes, as 746 

patterns' categories (Navada et al., 2011). We tested (1) the standard DT approach and two derived 747 

algorithms, (2) Extremely Randomized Tree (ERT) and (3) Random forest (RF). 748 

Figure B4  749 

(1) The standard DT is drawn from root, upside, to the leaf nodes, where the nodes do not split 750 

anymore (Fig. B4). The root and internal nodes are split into branches ended to nodes, called 751 

child node. In regression cases, the attribute or feature to split is reducing the variance of each 752 

split considering the weighted average variance of child nodes (Sharma, 2020). 753 

(2) The ERT randomly selects the features and cut point (threshold value of features) to split (Geurts 754 

et al. 2006), and trains repeatedly. The model is constructed by multiple trees using all data 755 

(Alswaina and Elleithy, 2018; Heddam et al., 2020). The ERT superiority over the DT is because 756 

of preventing overfitting, efficient computation, random selection and cut point values and more 757 

accurate prediction (Galelli and Castelletti 2013). Heddam et al. (2020) found this method more 758 

robust than ANN and RF in order to predict the water temperature of shallow lakes. 759 

(3) The RF is in both groups of classification and regression trees implemented by selecting features 760 

randomly and training the features with bootstrap sampling, random samples with replacement 761 

(Fig. B5). The majority decision of trees for the final decision of RF is considered. RF's advantage 762 

is the accurate prediction and the combination of favourable features, evaluation of built-in 763 

performance, grading the significance of features and the relative weights due to composed 764 

similarity (Svetnik et al., 2003). In order to steadily approximates the significance of features, 765 

many trees should be utilized. Although the measurement of features significance is different in 766 

each run, their rank of importance is approximately steady (Liaw and Wiener, 2002).  767 

Figure B5 768 

• Support Vector Machines (SVM) 769 
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SVM is a ML approach for classification and regression analysis that for regression is called 770 

Support Vector Regression (SVR). The advantages of SVM are the good performance in the case of 771 

a small number of data, low computational effort and robustness in the case of the existence of outliers 772 

in the model (Steinwart and Christmann, 2008). Fig. B6 shows a classifier for hyperplane division, 773 

which should be optimized not only for the training case but also for any other test data (Gunn, 1998). 774 

A hyperplane in an n-dimensional Euclidean space is a flat, n-1 dimensional subset that divides the 775 

space into two disconnected parts (Veling et al, 2019). SVR minimizes the offsets between features 776 

and hyperplane, while SVM maximizes the separation distances between features (Quan et al., 2020). 777 

In Fig. B6, the circles and triangles are the features that are divided by hyperplane with best margin. 778 

Since SVR only depends on a subset of the training data, and is independent of the dimensions of 779 

input space, it is beneficial to utilize it for high dimensionality space inputs (Drucker et al., 1997). 780 

The hyperparameters of the kernel function (mapping the nonlinearity in regression algorithms in 781 

order to optimize the location of hyperplane) and the penalty could be optimized using optimization 782 

algorithms such as a GA to have more accurate results (Quan et al., 2020).  783 

Figure B6 784 

• K-Nearest Neighbor (KNN) 785 

The KNN algorithm is utilized in the case of lack of prior knowledge of the data distribution 786 

(Peterson, 2009). The classification is defined as giving similarity or distance to samples (Keller et 787 

al., 1985). After detecting the nearest neighbours between the training data (see Fig. B7), the 788 

candidates of the category are scored due to their similarities to K neighbours' category (each category 789 

is determined and separated by black circles in Fig. B7). The highest score represents the sample’s 790 

category (Jiang et al., 2012).  791 

Figure B7 792 
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Figures 

 

 

 

Figure 1. Workflow summarizing the steps of the comparative analysis of the performance of the different ML 

methods. 
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Figure 2. Correlation between variables: (a) Pearson’s (linear) correlation; (b) Spearman’s Rank-Order (non-

linear) correlation. 
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Figure 3. Effect of using AT (a,b), DOY (c,d), SCDOY (e,f), and the combinations of AT and SCDOY (g,h) 

on the LSWT modelled by the BPNN for a shallow (5 m, left column) and a deep (60 m, right column) lake. 
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Figure 4. Effect of using a moving average for pre-processing the AT data (in addition to SCDOY of the 

simulated day) to predict LSWT by BPNN in a shallow (left column) and a deep (right column) lake. (a,b) 

Results in the standard BPNN application, with AT input only from the same day as the predicted LSWT. (c,d) 

Results with the optimal window size of the moving average. (e-f) Variation of the RMSE as a function of the 

window size. 
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Figure 5. The effect of the depth on the window size of the moving average, using AT+SCDOY (ML method: 

BPNN) for the training (a) and test (b) dataset in different depths (5, 20, 40 and 60 m). All RMSE values are 

averaged over 20 independent runs. 
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Figure 6. Variability of the RMSE using AT from a variable number of previous days in the shallow (a, 5 m) 

and deep (b, 60 m) lake. All RMSE values are averaged over 20 independent runs. 
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Figure 7. Scatter plots of observed and predicted LSWT using AT + SCDOY as predictors for the shallow lake 

(left column, subplots a, c, e, g) and the deep lake (right column, subplots b, d, f, h) for different ways to 

include AT in the inputs: (a, b) reference case (using AT and LSWT of the same day); (c, d) moving average 

of AT with windows of 10 (shallow) and 13 (deep) days; (e, f) ATs from the previous 15 and 20 days for 

shallow and deep lakes, respectively, as additional inputs; (g, h) considering all meteorological predictors of 

the same day as LSWT. 
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Figure 8. The evolution of LSWT in a single year (2015) as predicted by different ML approaches using AT+ 

SCDOY for the shallow (a) and deep (b) lake; the target is LSWT simulated by the physically based model 

GLM. 
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Figures in Appendix B 

 

 

Figure B1. The general scheme of an Artificial Neural Network (ANN). 
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Figure B2. The scheme of Long Short-Term Memory (LSTM), a branch of ANN. 

  



Yousefi and Toffolon, Use of ML to predict LSWT 11/15 

 

 

Figure B3. The scheme of Adaptative Neuro-Fuzzy Inference System (ANFIS), a branch of ANN that 

exploits fuzzy logic (adapted from Opeyemi and Justice, 2012). 

  



Yousefi and Toffolon, Use of ML to predict LSWT 12/15 

 

 

Figure B4. The scheme of Decision Tree (DT). 
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Figure B5. The scheme of Random Forest (RF) (Aldrich, 2020). 

  

https://sciprofiles.com/profile/367134
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Figure B6. The scheme of Support Vector Machines (SVM). The circles and triangles are the features that 

need to be divided by a hyperplane with best margin. 

  

https://en.wikipedia.org/wiki/Support_Vector_Machines


Yousefi and Toffolon, Use of ML to predict LSWT 15/15 

 

 

Figure B7. The scheme of KNN scheme. Small circles, squares and stars represent different categories. 

 

 

 

 

 


