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Critical factors for the use of machine learning to predict lake
surface water temperature

Azadeh Yousefi, Marco Toffolon

Department of Civil, Environmental and Mechanical Engineering, University of Trento, Italy

Abstract

Models based on Machine Learning (ML) are pervading all fields of science and practical
applications, including the problem of forecasting water temperature in lakes, a crucial variable for
ecosystems and a proxy of climate change alterations. Here, we review the most used ML algorithms
in this field and highlight some physical constraints that should be carefully considered when
adopting a black-box approach. To illustrate them, we refer to an artificial case study representing a
temperate lake simulated by means of a physically based model, for which we have full control of
input and output variables, and restrict the analysis to lake surface water temperature (LSWT). Three
main factors are relevant for a successful prediction of LSWT by means of ML models: the choice of
the predictors (mostly, meteorological variables), their pre-processing (we tested three approaches),
and the specific ML algorithm (nine different approaches). We show that selecting the suitable
physical inputs plays the most important role. In our case study, which is the product of a numerical
model and not a real lake, the minimum amount of information that is needed to obtain acceptable
results is to consider air temperature (AT) and day of the year. The use of additional predictors does
not substantially improve the performances (the relative improvement of RMSE was 7.75% for the
test data set). We also demonstrate that better results than the normal case are obtained by either pre-
processing air temperature data averaging them over a time window or including values from previous
days as inputs in the model. Considering the recent history of the forcing (AT) allows one to comply
with the physical fact that the large water mass makes lakes acting as “filters” in their thermal
response (thus, influenced also by AT from previous days), which changes depending on the lake’s
depth. Eventually, we did not find a definite answer about a single optimal ML algorithm when using
the same inputs (although artificial neural network had slightly better results), suggesting that the
insight into the physical dynamics is still the most important factor for a successful exploitation of
ML.

Keywords: Machine Learning, Lake Surface Water Temperature (LSWT), Lake thermal response,
Meteorological forcing, Heat capacity, Lake depth
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Highlights

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

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

1

2

3. Nine machine learning algorithms are compared, and none of them clearly prevails
4. Best predictors are air temperature and day of the year; others have minor effects
5

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

1. Introduction

Lake water temperature is influenced by the local climate conditions, and the current warming
trend (Woolway and Merchant, 2018; Woolway et al., 2020) represents a severe threat to the
biological and chemical processes in the aquatic ecosystem (O'Reilly et al., 2003). Understanding the
factors controlling the lake thermal response to changing climate conditions, and possibly quantifying
the expected alterations, is of paramount importance for aquatic life. To this end, several models have
been proposed ranging from very simple correlations to complex three-dimensional numerical

models.

Water temperature in lakes changes with depth due to the process of thermal stratification that
reaches its maximum during summer. Here we focus on lake surface water temperature (LSWT; all
the acronyms used in this work are also listed in Table S1 in the Supplementary Material) as a quantity
that can be easily observed and measured in situ or by remote sensing. LSWT prediction is
challenging because it is influenced by a complex interaction among different meteorological factors
(such as wind speed, air temperature, shortwave and longwave radiation, latent and sensible heat),
lake bathymetry, inflows and outflows (Livingstone, 2003; Piccolroaz et al., 2015). Many successful
models were implemented to forecast LSWT, which can be subdivided into two big categories:
physically-based models, which resolve the fundamental equations and could ideally provide results
in a prognostic way without any support of LSWT data (although data are needed for the calibration
of the empirical relations that are always present in this kind of models); and data-driven models,
whose application inevitably relies on the availability of LSWT measurements for the calibration of

generic relations.

Physical models for LSWT are formulated in terms of a set of deterministic equations describing
the heat budget for a bulk volume (Ragotzkie, 1978) or for one-, two- or three-dimensional
discretization of the water body (Hipsey et al., 2019; Irving et al., 2006). These models demand a
large amount and different types of input data, including lake bathymetry, inflow and outflow

characteristics and meteorological variables (Piotrowski and Napiorkowski, 2018).
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The category of data-driven models is more varied, containing the whole range of stochastic
methods, from simple linear and non-linear regression to autoregressive, periodic autoregressive
(Benyahya et al., 2007) and evolutionary polynomial regression (Doglioni et al., 2008). Data-driven
models relate LSWT to other influential factors, mostly air temperature (AT), in order to forecast the
thermal dynamics of water. Data-driven models also include machine learning (ML) algorithms,
which are becoming increasingly popular as general-purpose computational models (Mohri et al.,
2018). An increasing number of attempts to predict LSWT with supervised learning forecasts based
on the available information has been pursued in the last decade, with a remarkable acceleration since
2019. The main references are reported in Table 1, which summarizes the features of previous studies
about LSWT prediction by ML in lakes, highlighting the different ML algorithms and the features of
the investigated lakes. As shown in Table 1, Artificial Neural Network (ANN) is the most used and
successful ML algorithm for LSWT prediction (Sharma et al., 2008; Liu and Chen et al., 2012; Sener
et al., 2012; Samadianfard et al., 2016; Read et al., 2019; Saber et al., 2019; Heddam et al., 2020; Jia
et al., 2019 and 2020; Quan et al., 2020; Zhu et al., 2020).

As the problem of predicting water temperature with ML in rivers has some similarities to the case
of lakes, the corresponding literature has been examined and included in the Supplementary Material
(Table S2). It should be mentioned that lakes are lentic water bodies that are less affected by the
advection of water from upstream regions, which is often crucial in rivers, but their thermal behaviour

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

At the interface of the categories of physically based and data-driven models, we can identify the
so-called hybrid models, a generic definition that includes different approaches. Following Karpatne
et al. (2017), there are different ways to implement hybrid models. One approach is that the input of
data-driven models comes from physically based models, mostly used for downscaling of climate
variables. Moreover, the physically based outputs could also be used to control the training phase of
data-driven models by preparing the initial estimation of target output for the training phase (see Read
et al., 2019, for an example of this kind). Another approach is to use data-driven methods in the
framework of physically-based models to improve inaccurate estimates of parameters or reproducing

particularly complex processes.

Read et al. (2019) used traditional physically-based models to estimate weights and biases in the
pre-training of ML, as well as to calibrate the model using physical laws in the pre-training and
training phase. They compared their hybrid model, consisting of a combination of ML and physically-
based models, with the two methods individually. Based on their achievements, the ML outperforms

the physically-based model if the number of training data exceeds a certain value (which depends on
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the data set), while the performance of the process-based model does not improve after a certain
number of training data, confirming that ML approaches demand (and benefit from) a larger amount
of data. By analysing different sets of data clustered at seasonal or climatic scales, Read et al. (2019)
also emphasised that ML provides more accurate results when the data have the same pattern, and
confirmed that, for their case studies, the hybrid model was the most successful approach in

comparison to the ML and process-based methods separately.

A different type of hybrid model that has been developed to predict LSWT is air2water (Piccolroaz
et al., 2013, 2018, 2020, 2021; Toffolon et al., 2014; Piccolroaz, 2016), which derives simplified
equations from physical laws condensing all the details into a reduced number of parameters to be
calibrated against measurements. air2water needs only AT as input, making it as simple to use as
other data-driven models while outperforming many of them (Heddam et al., 2020). Due to these

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

In this paper, we test the ML approaches to predict water temperature, with a special focus on
LSWT, keeping a fundamental question in mind. How can we optimize the physical information to
improve the performance of ML models, considering the choice of predictors, the pre-processing
methods and the features of the ML algorithm? For instance, pre-processing is typically used to
denoise the data or rescale them (Saber et al., 2019; Zhu et al., 2020): can it also help obtaining better
results? To our knowledge, no study has reviewed these aspects so far, nor it has explicitly considered
how physical processes (for instance, the effect of depth on the heat capacity of a lake) can influence
the ML implementation. Our study aims at filling these gaps by means of a systematic analysis of the
selection of predictors, their pre-processing, and the performance of different ML algorithms.

Table 1

2. Characterization of the physical problem

Before discussing the performances of the ML methods to simulate LSWT, it is interesting to
understand the physics behind the investigated process. Indeed, water temperature in lakes is affected
by a large number of different meteorological and limnological variables, and having a deeper insight

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

It is well-known that lakes stratify, forming layers with different temperatures (hence, density) that
tend to behave as independent regions as stratification becomes stronger. This is particularly evident
in temperate lakes during summer when the surface layer (epilimnion) is often well mixed and
separated from deep waters (hypolimnion) by a layer where the largest temperature difference is

localized (thermocline). In the well-mixed surface layer, the volume-averaged temperature is strongly
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correlated with LSWT, which eventually depends on the net heat flux exchanged through the lake
surface. Among the factors controlling the net heat flux, we can recognize most of the variables that
potentially affect the prediction of LSWT (more details in Appendix A): shortwave solar radiation;
longwave radiation depending on AT and cloud cover; latent heat depending on AT, relative humidity

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

Lake's depth is another crucial parameter to be considered in modelling lake temperature. For
shallow lakes, the water temperature is often uniform over the whole water column, different from
deep lakes, where the hypolimnetic temperature remains significantly colder than the surface
temperature during summer. Consequently, lakes behave differently depending on their depth (e.g.,
Calamita et al., 2021), and the behaviour of deep lakes is typically affected by the evolution of
stratification (e.g., Piccolroaz et al., 2015). The role of the depth can be highlighted also by looking
at minimal physical models (e.g., see Appendix A and Toffolon et al., 2014). Here, it is sufficient to
recall that lakes act as “filters’: the input signal (AT, solar radiation, etc.) is ‘physically’ elaborated
so that the output signal (e.g., LSWT) is smoothed.

3. Materials and methods

3.1. Case study

Our main purpose is to illustrate the crucial aspects for a proper application of a ML model to
predict LSWT. To this end, instead of considering data from a real lake, we built a synthetic example
for which we could compare and analyse the performances of the different approaches having the full
control of all the involved variables. This also allows us to consider the effect of lake morphology
(depth in particular) on the response of LSWT while keeping the same meteorological forcing, and

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

The synthetic case study was obtained by means of a 1D physically based model of widespread
use, the General Lake Model (GLM) (Hipsey et al., 2019). The details of the model are uninfluential
for our analysis, and any other model could have been used. We acknowledge that all results and
conclusions that are drawn from our work are not based on a real case, but on numerical simulations,
which however are known to reproduce the main lake dynamics correctly. The advantage is that using
a fully controlled input allows us to focus on the performance of the ML model without introducing
additional uncertainties related to the available measurements (such as missing data and erroneous
values). Moreover, it allows us to compare lakes with different depths keeping all the other factors

unchanged, thus isolating a single element in the analysis of its relevance. This approach can
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potentially be extended to any other physical variables. The disadvantage is that the artificial case
does not possess the complexity of the real world, and only the factors that are included in the lake

model are evaluated.

For the general features of the synthetic case study, we selected a medium-size peri-alpine lake in
the temperate region (for more details, see Table 2) as a reference. In order to consider realistic values
of the lake morphology and of the climatic conditions, we chose the shape of the hypsometric curve
of Lake Caldonazzo (northern Italy) and the meteorological data in the corresponding latitude and
longitude extracted from ERA5 (Hersbach et al., 2020). We notice that a real lake is only used as a
reference to design the artificial case study, and we do not pretend to simulate any actual dynamics.
The choice of an artificial lake allowed us to consider an extended and coherent data set and to see
the effect of the same forcing factors in different depths, and in particular the difference between a
shallow (maximum depth 5 m) and a deep (maximum depth 60 m) case, plus two intermediate depths
(20 m and 40 m). In order to obtain these cases, the hypsometric curve of Lake Caldonazzo (having
a maximum depth of 49 m) was altered by stretching the vertical coordinate. The surface area was
maintained to keep the same interface with the atmosphere. The inflow to the lake was artificially
adjusted to compensate the evaporation and keep the water level approximately constant from year
to year; this choice minimizes the thermal effect of the inflows. An example of the seasonal evolution
of the thermal stratification in the shallow and deep lake is reported in Fig. S1 in the Supplementary
Material. Here it suffices to say that the shallow lake is almost always well-mixed, while the deeper

cases clearly stratify in summer.

The data used in the ML application include the LSWT obtained by GLM as the target variable,
and the meteorological data from ERADS as predictors. All the data sets were converted to a daily time

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

Table 2

3.2. Setup of ML models

The setup of a ML model requires several steps: defining the inputs (predictors), pre-processing
them, and, then, apply the ML algorithm. All the aspects of the methodology shown in Fig. 1 are

analysed individually in the following paragraphs.

Figure 1
The first step, the choice of the predictors, i.e. the variables used as input to the ML algorithm, is
crucial. Referring to our goal of predicting LSWT, a large number of predictors have been considered

as an input of ML, also based on the considerations on the heat flux components discussed above:
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Air Temperature (AT), Shortwave Radiation (SWR), Longwave Radiation (LWR), Relative
Humidity (RH), Wind speed (WS), Rainfall (R) and Air Pressure (AP). To these physical variables,
we added the Day Of the Year (DOY), and tested them both individually and in combination. The

effect of considering different predictors is discussed in section 4.1.

Care should be taken with the use of DOY, because its discontinuous behaviour at the change of
year (from day 365 to day 1) is not consistent with the continuous variation of LSWT. Hence, we also
investigated the sine and cosine of DOY, sin(DOY /npoy) and cos(DOY /npoy), Where npoy the
number of days in a year: these are considered as two distinct input variables, which we indicate with

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

The second step is pre-processing. The input data cannot be considered as they are, as they need
to be pre-processed to make their range of variation uniform in order to be comparable. We tested
different strategies analysing the most common pre-processors (Min-Max; Robust and Standard
Scaler). We anticipate that preliminary tests for our problem showed that Min-Max provided the best
results, so we adopted this method for all the following analyses.

However, LSWT responds to external forcing by filtering the input due to the heat capacity of the
water mass, as discussed in section 2. Thus, we included in the pre-processing step also the possibility
to temporally average some of the predictors, and in particular AT. As a different strategy to obtain
the same effect, we also explicitly considered the ATs from previous days, thus increasing the number
of input variables of the ML model. The different pre-processing strategies are discussed in section
4.2.

Following a standard procedure, the available data were split into two subsets, typically named
training and test data sets. The parameters of the ML algorithms were optimized using the training
data set, which in our case was 80% of the whole data set (other proportions such as 50%, 60% and
70% were also tested, but the results did not change significantly, thanks to the availability of a large
data set that reduces the risk of overparameterization). Then, the ML performances were examined
using the test data set to be confident that the calibrated parameters were not the result of overfitted
or underfitted training and could be used in other cases as well. The separation between training and
test data sets was done chronologically (first 80%, last 20%) in order to maintain the temporal pattern
of the variables within a data set. We also tested a random splitting, but the results of the two data

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

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

some structural parameters, defined as hyperparameters, which are determined before training the
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data (e.g., Probst et al., 2019). The distinction between hyperparameters and parameters is
conventional and is based on the fact that the former define the features of the algorithm (e.g., the
number of layers and neurons in Artificial Neural Networks, ANN), while the latter specify the
coefficients used in the equations used in the algorithm (e.g., the values of weights and biases for
ANN). Both the hyperparameters and the parameters are selected and obtained for the individual case
studies and combinations of input variables: the best values for the hyperparameters are identified
using optimization algorithms, while the way parameters are calibrated depends on the specific ML

approach.

The selection of the hyperparameters can be performed by means of different optimization
methods, such as Grid Search, Random Search, Bayesian methods, Particle Swarm Optimization
(PSO). In this paper, we refer to the Genetic algorithm (GA) for all ML approaches analysed: it is an
evolutionary optimization method, which gives good results while keeping the computational

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

Several ML algorithms have been used to predict water temperature in lakes (see Table 1, and
Table S2 in the Supplementary Material for the case of rivers): linear and non-linear (e.g., logistic)
regressions, ANN, Decision Tree (DT), Support Vector Regression (SVR), K-Nearest Neighbour
algorithm (KNN), Random Forest (RF), and Gradient Boosting Machines (GBM). Although linear
and logistic regression algorithms can get proper results in spite of their simplicity, more advanced
ML algorithms proved to be more suitable for water temperature prediction in more general scenarios
(Sharma et al., 2008; Sener et al., 2012).

In this paper, trying to consider all the options that have been proposed so far, we tested nine
different ML approaches. Four of them can be traced back to the structure of ANN, although some
have very peculiar features: Multilayer Perceptron Neural Network (MLPNN) and Back-Propagation
Neural Network (BPNN) are two very similar approaches, that differ only for the strategy of
parameter calibration; Long Short-Term Memory (LSTM) is a form of deep learning that retains the
temporal memory of the system; Adaptive Neuro-Fuzzy Inference System (ANFIS) couples a
network structure with fuzzy logic. Three approaches are part of DT: the standard DT and two of its
branches, RF and Extremely Randomized Tree (ERT). Finally, the last two approaches are SVR and
KNN. The main features of these ML algorithms are summarized and explained in Appendix B, and
the details about the hyperparameters are presented in the Supplementary Material. The comparative

evaluation of the nine ML is provided in section 4.3.

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

we had to refer to a single ML method: to this end, we selected BPNN, as a commonly used branch
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of ANN that allows for finding nonlinear correlations between dependent and independent variables

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

As a fourth and final step of the workflow, we had to evaluate the performances of the ML
approaches. We adopted the root mean square error (RMSE) of the LSWT as objective function, with
lower values representing the best fit. Other metrics can also be used (e.g., mean absolute error,
correlation coefficient, Nash-Sutcliff efficiency index), but without significant differences in the
ranking of best ML. In all cases, since we considered a synthetic case study, we assumed the GLM

output as the observed truth for the present analysis.

In order to improve the robustness of the ML results and to limit the possibility that a single run
can provide inconsistent results due to an unsatisfactory choice of the initial guess of the parameters,
or any other numerical artefact, we decided to run each of the algorithms for 20 times (similar to what
was done by Piotrowski et al., 2021, who considered 50 runs). If not specified, the metrics used to
illustrate the performance are averaged among the runs; more details are provided in the
Supplementary Material. Moreover, as a measure of the robustness of the method (i.e., how different
are the results for the different runs), we computed the standard deviation of the 20 estimates of
LSWT in each day of the simulated period, and then averaged these values along the whole record to

obtain the averaged value, oy.

4. Results

In this section, the most influential inputs, the most effective pre-processing methods and the
performance of ML approaches are discussed. The effect of the lake’s depth is also analysed, and the

physical characteristics of the lake are considered in the statistical analysis.
4.1. ldentification of predictors

Understanding the physics behind the thermal dynamics is crucial to obtain accurate predictions,
and this is especially true for approaches that are not based on physical laws. In fact, ML algorithms
are generic tools, and the success of their application heavily depends on the selection of the set of
predictors. According to the analysis in section 3, the potential predictors for LSWT are manifold.
Previous analyses (Table 3) included, depending also on the simulated variable (daily averaged
temperature, monthly or annual average or maximum): AT, DOY, Gregorian calendar, lake surface
area, maximum and average water depth, altitude, WS, frozen and snowing indicators, R, percentage
of cloud cover, inflow, geopotential height, LWR, SWR, pH, total dissolved solids, SWR, RH,

outflow, Secchi depth, and — for seasonal evaluations — the maximum number of daylight hours in
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June, mean July AT, mean annual AT, mean July precipitation, July SWR and July cloud cover
(Sharma et al., 2008). We already listed most of these predictors when we discussed the factors
affecting the heat flux at the lake surface. We additionally notice that, for each of them, it is necessary
to choose the temporal and spatial scale of integration, which depends on the investigated problem

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

Table 3

The identification of the most influential predictors has often been based on statistical analysis.
For instance, Zhu et al. (2020) investigated the linear and non-linear relationships between AT and
LSWT. Mohseni et al. (1998) found that non-linear S-shaped functions work well for AT and LSWT
correlation. Yang et al. (2020) utilized trend analysis, contribution analysis and (Pearson) correlation
analysis, as methods to investigate the most influential predictors on LSWT, identifying AT and
SWR.

Figure 2

It is important to recognize that there are correlations not only between the predictors and LSWT
but also among the predictors themselves. We computed the Pearson and Spearman’s rank-order
correlations to find the relationships among the variables for our synthetic shallow and deep test cases.
We recall that Spearman’s rank-order measures the power and trend of monotonic relationship
between two variables (Spearman, 1910), while Pearson considers the strength of linear correlation.
Based on the results shown in Fig. 2, AT is the most relevant predictor for LSWT, also with a strong
linear correlation, but SCDQOY is also a very important predictor. The linear version of time (DOY)
is significantly less correlated than SCDOY, and especially in the shallow case. Together with
SCDOY and AT, also LWR and SWR follow similar trends in comparison to other predictors. Other
relatively high correlations can be highlighted, e.g., R with RH and LWR, but with low scores with
LSWT. We note that the influence of R might be overly small because rainfall did not affect the
inflows in the simplified description used for the physically based model of the lake, a condition that

is not fully representative of real cases.

Table 4

In order to analyse the effect of the choice of the predictors on the performances of ML in
reproducing LSWT, we explored several combinations of the input variables based on the literature
review summarized in Table 3. In this exercise, we referred only to BPNN, one of the most used ML
algorithms. Table 4 reports the results of this analysis and shows the influence of each predictor, and
of their combination, on the model’s performances. Looking first at the single predictors considered
independently, we can see that SCDOY provides the lowest RMSE (hereinafter, we use the average
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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
around 1.78°C and 2.07°C for the shallow case. This implies that a mean year is likely a good
representation of the intra-annual variability of LSWT. AT is the second choice, but the error grows
significantly (3.04°C — 3.11°C for training and test sets in the shallow case, and 3.63°C — 3.91°C in
the deep case), and the choice of the other predictors does not provide acceptable results. Nonetheless,
the combination of different variables allows for a significant improvement. In particular, considering
AT and SCDOY already provides good performances (1.31°C — 1.46°C for the shallow case, 1.16°C
—1.29°C for the deep case), and we will use this combination as a reference for the following analyses.
Indeed, adding further variables in the set of the predictors yields only minor improvements at the
price of a larger amount of information to be used in the model (see the difference of RMSE in the
last column of Table 4). However, we acknowledge that other variables can also be important in
climatic conditions different from the temperate case investigated herein, and in the case of a real

lake.

We illustrate the effect of considering AT and DOY (or SCDOY) on the model in more detail in
Fig. 3, which shows the simulated LSWT (using again BPNN) for the shallow and deep cases in
single runs. For the sake of clarity, we limit the plots to two years. LSWT fluctuates more in the
shallow than in the deep lake since the former is more sensitive to meteorological forcing due to the
smaller thermal inertia (heat capacity per unit of surface area) (Toffolon et al., 2014, 2020). It clearly
appears that the range of LSWT variability predicted when AT is considered alone is too large, while
the use of the single information from DOY provides a smooth description (similar to the mean year)
which however is not able to reproduce the interannual variability. The use of SCDQOY instead of
DOY is more suitable because of its smooth transition at the end of each year. The last row of Fig. 3
shows the advantage of the combined use of SCDOY and AT to predict LSWT.

Figure 3

4.2. The importance of pre-processing

Since the input values have different units and ranges of values, pre-processing methods such as
standardization and normalization are needed to remove the anomalous values and transfer the data
to the same scale (in a comparable range). Sener et al. (2012) used the Min-Max transform to resize
the input data (RH, AT, air pressure, and water depth) from 0 to 1 for the data to be comparable.
Moving Average with Min-Max (MAMM) and Wavelet Transform (WT) are more complex pre-
processing methods that not only denoise the data but also smooth them. The influence of pre-

processing methods and their effect on the ML performances are analysed in this section.
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We have seen that lakes act as filters, damping high-frequency inputs, and that the effect becomes
stronger for deep lakes. This is a process that depends on the thermal inertia of the lake and needs to
be included in the pre-processing, if the ML algorithm is not able to deal with the memory of the
system. Assuming AT as a predictor, it is not possible to establish a linear relation between AT and
LSWT in general, but a hysteresis exists between the two variables (Toffolon et al., 2014). Linear
relationships between daily-averaged values can be valid for very shallow lakes but become critical
for deep lakes, where LSWT in one day heavily depends on the previous day's value. If the ML
algorithm does not have a suitable way to retain the value of the previous condition of the system,

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

As a simple pre-processing approach to simulate the filtering behaviour of a lake, we considered
smoothing and denoising the data using Moving Average (right-aligned window, which considers the
AT of previous days) combined with Min-Max (MAMM). In this approach, different window sizes
were used to minimize the RMSE. We found that the RMSE presents a minimum value for an optimal
window size and that the shape of the curve is different for the shallow and deep lake (Fig. 4e,f). In
the shallow case, the RMSE decreases rapidly and then increases at a similar rate for window sizes
longer than the optimal value (Fig. 4e). In the deep case, the error for the test data set is less variable,
different from the training data set, although it still presents a minimum for values of the windows
size in the same range as that of the training data set (Fig. 4f). For this reason, the best window size
was selected considering the minimum of the average of the training and test errors, and resulted in
8 days for the shallow case and 13 days for the deep case, confirming the role of the depth in

enhancing the filtering effect on LSWT.

Figure 4

Further analyses would be required to assess the optimal window size as a function of the depth.
However, some preliminary insight can be obtained by considering two intermediate depths (20 m
and 40 m). By comparing the RMSE in the four cases, it seems that a threshold on the depth exists
and determines the qualitative behaviour (shown in Fig. 5): while a clear minimum (optimal window
size) appears for the shallow lake (5 m), the behaviour of the other (deeper) cases is more similar.
Indeed, the 5 m lake does not stratify (Fig. Sla in Supplementary Material) and the heat capacity
remains the same in all seasons. Conversely, when the depth grows, stratification develops and the
thermally reactive layer varies with the season. In our case study, the thermocline is approximately
on the order of 10 m in the analysed case (Fig. S1b in Supplementary Material), so any deeper lake

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

the optimal window size should change with the season.

Figure 5

A more sophisticated way to denoise and smooth the input signal is to use Wavelet Transform
(WT), which fits a mother wavelet in limited periods to overcome the problems of Fourier transform
of not being able to determine where and when a specific frequency occurs, as well as limitations of
frequency scales caused by window length (Chun-Lin, 2010). WT are categorized into Continuous
WT (CWT) and Discrete WT (DWT), which decomposes the data into specified level. In this study,
the optimal mother wavelet is determined among 106 types for DWT and 21 types for CWT provided
by the wavelet transform library available in Python. The DWT method decomposes the raw AT data
to get the coefficients measuring the intensity of signal variations (Ranchin and Wald, 1993), and
eventually leads to smoothed data. The level of decomposition of the input data was identified as
int[log.o(N)], where N is the length of the time series and the int function transfers the values to the

nearest integer (Zhu et al., 2020).

The different pre-processing methods were applied to AT data, using again BPNN method as the
reference ML approach. Table 5 reports the comparison, showing that, in the shallow lake, MAMM
outperformed the other methods in the both the shallow and the deep lake, while WT provided the
worst results. The most effective mother wavelets can change depending on the way the optimization
is performed. We note that, within the same Min-Max approach, smoothing the AT gives a clear
improvement with respect to the standard, with RMSE decreasing from approximately 1.31 — 1.46°C
(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-
1.19°C (MAMM) in the deep case.

Table 5

4.3. Retaining the history of the forcing

In standard ML approaches (except for LSTM), such as the BPNN method that we assume as a
reference, the history of the system is not retained. Thus, a pre-processing of the input data can be
useful, as demonstrated in the previous section. However, retaining the effect of previous AT by a
moving average over an optimal period is a rough way to do it because it equally weighs the
information from any day in the averaging window, while the last days are likely to have a stronger
impact. There are various ways to overcome this deficiency, for instance by arbitrarily assigning

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

in the ML model.

We keep using BPNN as a reference ML algorithm and SCDOY and AT as the most relevant input
data. However, while the use of SCDOY is unchanged, the AT record is repeatedly duplicated with
a shift of a variable number N of days: AT in phase with LSWT, AT of the previous day, AT of two
days before, etc. Thus, the number of input nodes of the BPNN is increased by N — 1. In this way,
the previous forcing conditions (assuming that AT is a proxy) are explicitly included in the ML
algorithm, which will weigh them depending on the effective relevance for LSWT. The performances
of the BPNN algorithm increase dramatically (Fig. 6) by adding a number of previous days that varies
with the case study, until the improvement is saturated: adding further information becomes
irrelevant. Optimal performances are reached by considering approximately 15 days for the shallow
lake (Fig. 6a) and about 20 days for the deep case (Fig. 6b), thus confirming that the memory of the
system is relatively long and slightly increases with the depth. The last row in Table 5 shows that
using AT from previous days improves the results considerably (0.96-0.94°C for shallow lake and
0.88-1.14°C for deep lakes).

There is some similarity in using the moving average and the single values in previous days as
additional inputs, and this is the reason we included both in Table 5. However, it is evident that the

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

Figure 6

Figure 7 confirms that adding AT from previous days as additional inputs can improve the model’s
performance more than applying a moving average to the AT. It is interesting to note that both
methods provide better results than considering all the input variables together in the same day as
LWST. The combination of SCDOY and of the history of AT is the most effective input to simulate
LSWT in this type of lakes.

Figure 7
4.4. The choice of the ML algorithm
Based on our literature review (summarized in Table 1), the most utilized ML approach is ANN,
but several other methods have been proposed. Here, we first examine the details of some ML

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

and a deep lake.
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We decided to test nine commonly used ML algorithms, also considering those used for the
prediction of stream temperature: MLPNN, BPNN, LSTM, ANFIS, DT, RF, ERT, KNN and SVR
(Table 6). More details about these methods are provided in the Appendix B. Trying to obtain a fair
comparison among them, we set up a consistent procedure for the analysis: the same predictors were
used (AT and SCDOY), the hyperparameters were optimized with the same algorithm (GA
optimization), and the Min-Max pre-processing was applied to the input data without any smoothing.
In the analysis of the performances, we examined the RMSE for the training and test data sets
separately. We note that a low error for training and high for test implies that the model is overtrained,

and does not predict other data sets properly.

Table 6

As shown in Table 6, the performances of most ML algorithms were comparable for the case of
the shallow lake: RMSE in the range 1.16-1.37°C for the training data set, with the exceptions of
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
for ANFIS). The performances for the deep lake varied similarly: RMSE in the range 1.09-1.43°C
for the training data set in most ML algorithms, again with very poor performances of ANFIS
(3.74°C); and in the range 1.26-1.67°C for the test data set, always with unacceptable results from
ANFIS (3.46°C). In both cases, the performances of RF deteriorated significantly in the test case,
passing from the best results among the various ML algorithms for the training set to mediocre results
for the test set (RMSE deteriorating of 0.35°C and 0.25°C for the shallow and deep lake, respectively).
The fact that LSTM, which retains information from the previous state, works well for the deep case,
and for both the training and test data set (the difference is only 0.02°C), is consistent with the fact
that lakes keep the memory of previous days’ conditions. This implies that the results are good in this
case also without the need of a heavy pre-processing of the data that includes the smoothing of AT,

or the consideration of AT values in previous days.

It is instructive to interpret the performances of the ML methods based on their specific features.
We start considering the performances of two similar methods: ERT and RF. ERT is a modified
version of the DT that randomly selects the parameters of the model and repeatedly train the model
using the data. RF splits nodes based on optimum decision, while ERT splits the nodes randomly.
Additionally, in the RF method, the inputs are divided into subsamples, and drawn with replacement
each time (ending in repeated data), while in ERT the inputs are not drawn with replacement, avoiding
the repetition of data (Geurts et al., 2006). Results in Table 6 show that ERT is a more robust approach
because the deterioration of the performance from training to test is lower than for RF.
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The results suggest that LSTM, MLPNN and BPNN are all successful methods for prediction of
LSWT. In fact, these methods present the minimum difference of RMSE between the training and
test data set among the various types of ML algorithms (Table 6). They share the property of being
branches of Deep Learning (DL), which suggests that DL is able to extrapolate good performances
to the test data set more effectively than other ML methods. DL methods are built with multiple
hidden layers (layers between the input and output layer) and this introduces more degrees of freedom
in the combination of weights and biases (the parameters that are calibrated in the training phase),
leading to more accurate results. On the other hand, ANFIS exploits the structure of ANN, but consists
of a single hidden layer of neural network, and other layers are governed by fuzzy logic (more details
in Appendix B). This combination of layers makes ANFIS less accurate in comparison to the other
ML methods tested in the paper.

Figure 8

The different behaviour of the shallow and deep lake can be detected by the intensity of LSWT
fluctuations. The shallow lake admits a large variability on a short time scale, while fluctuations tend
to be smaller in the deep lake (an example of the different behaviour is graphically illustrated in Fig.
8). However, the damped variability in the deep lake is limited to the periods when the lake is not
stratified, and in summer LSWT fluctuates more because of the smaller surface volume reacting to
the heat flux. Reproducing such a behaviour is not trivial for a ML method. We appreciate that DL
algorithms are able to follow the target (LSWT simulated by GLM) more than other ML methods.
The worst method, ANFIS, is characterized by less accurate results exactly because of the presence

of large and unrealistic fluctuations.
4.5. The benchmark of a physically based data-driven model

In order to have a benchmark against which to evaluate the performances of ML, the results were
compared the results obtained by the physically based, data-driven model air2water. The input data
for the 6-parameter version of this model (Toffolon et al., 2014) are AT and DOY. The model is based
on the integration of a differential equation where the time derivative of LSWT is involved, which
allows for retaining the effect of the thermal inertia of the lake. By calibrating the parameters of
air2water, we obtained a RMSE of 1.098°C and 1.078°C (training and test, respectively) for the
shallow case, and 0.946°C and 1.021°C for the deep case. Therefore, air2water obtains a performance
that is comparable with the best ML models (Table 6), and is only slightly worse than the BPNN with
AT from the previous days (Table 5).
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It is interesting to note that the memory of previous conditions is retained in air2water by means
of the time derivatives of LSWT, in a way that is similar to stochastic autoregressive algorithms.
Moreover, air2water contains a parameter that change the thermal inertia of the systems on the basis
of a simplified description of the seasonal stratification (Toffolon et al., 2014). LSTM follows the
same strategy by adopting a complex structure of the ANN with internal loops. Conversely, the
inclusion of previous days’ AT values, as in our modified BPNN application (Fig. 6g,h), includes the
history of the forcing explicitly, and not that of the state of the physical system (previous day’s
LSWT).

5. Discussion

ML is a successful approach for predicting LSWT, and it does not need the broad variety of data
(for instance, about lake morphology, meteorological forcing, heat fluxes) that are required in
physically-based models. Nevertheless, the choice of the correct predictors is a crucial step for the
success of this approach. We show that, in our artificial case studies, SCDOY and AT are the most
influential inputs in order to forecast the LSWT; other combinations may slightly improve the
accuracy, but demanding more data. The role of AT is not surprising, as it affects several components
of the heat flux and is a proxy for the meteorological conditions. More interesting is analysing the
influence of DOY (or SCDOY, equivalently). First, it allows to reproduce the climatological mean
year, i.e. the annual cycle of LSWT that is approximately repeated every year (for a formal definition
see, e.g., Toffolon et al., 2020). The range of intra-annual variability between the minimum and
maximum LSWT is very large in temperate lakes, and the inter-annual variability is often a minor
addition to the global RMSE (in this respect, see the use of the modified Nash-Sutcliff efficiency in
Piccolroaz et al., 2016). Second, and less obvious contribution, the DOY allows the model to include
the seasonal variability of stratification, which has a fundamental effect in lakes that are deep enough

not to be always or periodically well-mixed.

Important factors affecting the thermal response of a lake are the morphological and hydrological
features. We did not perform a comparative analysis considering a large number of lakes, as other
authors did; for this reason, these lake features were not assumed as predictors. We restricted our
analysis to the effect of the lake’s depth focussing on two cases (shallow, 5 m, and deep, 60 m). Our
results suggest that a smoother behaviour in deep lakes (due to the larger heat capacity) may lead to
lower RMSE values than in shallow lakes, although deeper lakes’ dynamics are in general more

complex due to the nonlinear effect of stratification on LSWT.
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It is well-known that optimization and pre-processing methods can effectively improve the
performance of ML methods (e.qg., Isik et al., 2012). We found that a moving average of the input AT
was sufficient to smooth the high-frequency LSWT response, similar to the physical filtering effect
of the large water mass in a lake. The other possibility to smooth the LSWT oscillations is to reduce

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

In our modelling exercise, we did not find clear indications about a single best ML approach. A
group of methods performed reasonably well (depending also on the shallow/deep case) and only
ANFIS was characterized by unacceptable errors. The lack of indications about a prevailing approach
is confirmed by our literature review. We found that ANN, with its variations, represents the most
used model and has become a sort of standard for LSWT predictions (Table 3). However, traditional
methods sometimes performed better than advanced algorithms: for instance, Sharma et al. (2008)
showed that the multiple regression algorithm, considering linear relationships, can be more effective
than ANN. Moreover, SVR using GA outperformed the ANN in an application to reservoirs (Quan
et al., 2020). Heddam et al. (2020) found ERT more robust than ANN and RF for the prediction of
LSWT in shallow lakes, as well as demanding less computation time compared to ANN.
Nevertheless, according to their study, a physically based data-driven model (air2water)
outperformed all the ML methods, an outcome that our analysis seems to confirm. Liu and Chen
(2012) studied the accuracy of ANN in comparison to a 3D hybrid model in the shallow Yuan-Yang
lake (maximum depth 4.5 m), finding that ANN forecasts the water temperature at 1, 2 and 3 m below
the surface not as accurately as LSWT. Besides, Samadifard et al. (2016) investigated ANN, gene
expression programming (GEP) and ANFIS in the Yuan-Yang lake. Similar to our results, they
showed that, generally, ANN is more robust than ANFIS. It is worth mentioning that ANN is capable
of forecasting more precisely, but obtaining high performances requires a careful choice of the
optimization method, and a higher number of hidden layers and neurons. Moreover, different
branches of ANN are available such as MLPNN, RNN and BPNN.

Physical constraints help ML obtain more accurate predictions. In our analysis, we worked on the
pre-processing of AT, including the information from previous days, to mimic the effect that the
history of the forcing has in combination with the memory of the system. Other scholars included
constraints directly in their model: for instance, Jia et al. (2019) added two physical constraints to
their LSTM model simulating the temperature profile along the water column in Lake Mendota, the
requirement that density increases with depth and the conservation of energy. Moreover, Jia et al.
(2020) pretrained their LSTM model by means of a physical-based model in the case of data
deficiency to get more accurate results, a procedure that transfers ML towards a hybrid model.
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ML methods generally perform well with respect to pure statistical computations such as linear
and nonlinear regressions. However, physically based data-driven models like air2water are able
perform better than almost all the ML method we investigated, because they retain some physics
while being flexible in adapting to the different case studies thanks to the specific calibration of the
model’s parameter. Thus, why using a ML approach? We feel that the flexibility of ML may represent
a striking advantage when the physics of the system is not clear enough, or simplified models are not
available for a specific class of problems. This is the case of global-scale analyses where different
types of lakes are considered with the same approach: for instance, Piccolroaz et al. (2020)
demonstrated that the performances of air2water are good for temperate lakes but worsen for tropical
and equatorial lakes, where other factors may become as relevant as AT. A global analysis of LSWT
in lakes by means of ML methods deserves some attention.

6. Conclusions

Water temperature of freshwater bodies can be predicted using different methods, among which
machine learning (ML) algorithms are becoming one of the most popular approaches. In this study,
we reviewed the most common ML approaches to predict lake surface water temperature (LSWT)
and tried to disentangle the effect of the main factors affecting their performances. In particular, we
analysed (i) the effect of considering different predictors, i.e. the variables used as input data; (ii) the
improvement that can be obtained by including the effect of the history of the forcing and the memory
the system on the thermal response, for instance by smoothing the air temperature input or considering
previous days’ values, thus mimicking the filtering effect that lakes can exert thanks to their capability
to store heat for a relatively long time; and, eventually, (iii) the performances of different ML
approaches. Such a comparative exercise was based on a literature review, but more importantly on
the application of nine ML methods on two specifically designed case studies: a shallow lake
(maximum depth 5 m) and a deep lake (maximum depth 60 m), for which the LSWT was artificially
obtained by means of a physically based one-dimensional model (GLM). The use of a synthetic case
allowed us to control all the variables involved in the problem and to make a comparison between the
shallow and deep cases without any other factor altering the thermal response. In this respect, it should
be considered that all results are based on a synthetic case and are not representative of real lakes.

The results of our analysis, which was performed using BPNN as the reference ML approach,
show that a combination of air temperature (AT) and day of the year (DOY), in particular adopting a
continuous description of the latter variable through the use of trigonometric functions (SCDOY),

provides the minimum amount of information required to obtain reasonable results, and that adding
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further variables does not allow for significant improvements. Moreover, we demonstrated that
smoothing the input signal for AT, for instance using a moving average, yields a noticeable
improvement of the performances. As a more complicated but even more fruitful approach, previous
days’ AT values can be included as inputs of the ML to retain the history of the forcing conditions.
This evidence confirms the need to include a memory effect in those ML approaches that cannot
intrinsically consider it (the only option we tested was Long Short-Term Memory, LSTM). Finally,
the comparison of nine different ML algorithms did not show striking differences in the performances,
although the LSTM method seems to be slightly more robust than other approaches and ANFIS was
constantly providing unacceptable results. Hence, our analysis suggests that the success of the
application of ML to predict LSWT depends mostly on the identification of the correct predictors,
while there is not a definitive choice of the best ML algorithm.
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Appendix A — Minimal model of the thermal response of a lake

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

dimensional (1D) description,

%(pCpST)-i-%(Sd)-i-I):O (AD
where t is time [s], z is the vertical coordinate [m], T(z, t) is the water temperature [K], p(T) is water
density [kg m=], c, (T is the specific heat capacity [J kgl K1, S(2) is the horizontal surface area
[m?], ¢(z, t) is the heat flux [W m2], which includes diffusion, convection and penetrating shortwave
solar radiation, and I(z,t) represents the contribution [W] of lateral inflows and outflows. Eq. (A1)
is solved with proper boundary conditions at the lake bottom (heat exchanged with sediments) and at
the surface (heat exchanged at the air-water interface).

We can consider a bulk version of Eq. (A1) to understand the behaviour of LSWT, assuming that
it is correlated with the average temperature in the surface layer. By integrating Eq. (Al) over the
thermally reactive volume V. [m?] at the surface, the volume-averaged temperature T (t) follows the

equation

Ny No A2
d B (A2)
E(P cp Vr T) = So Pnet +Sp ¢p + ZP Cp Q1 Tij— ZP ¢p Qo,j To,j

= =

where S, is the surface area and ¢,,, is the net heat flux [W m2] exchanged with the atmosphere
(assumed positive towards the lake), Sj, is the area at the bottom of the surface layer and ¢, is the
heat flux exchanged with deeper waters (positive if entering the surface layer), and the last two
summations include the effects of inflows and outflows. Q, ; and T; ; are, respectively, the discharge
and the temperature associated with the j-th inflow; Q, ; and T, ; are the equivalent variables for the

j-th outflow. The net heat flux ¢,,.; is the combination of multiple factors:
bnet = Hsw + Hyw in — Hyw,,,, + H, + He + Hp (A3)

where Hgy, is the fraction of the shortwave solar radiation penetrating into the lake and absorbed in
the surface volume, depending on water transparency; Hyy, i, is the net longwave radiation emitted
from the atmosphere to the lake, depending on AT and cloud cover; Hyy, o, IS the longwave radiation
emitted from the water, depending on LSWT; H, is the latent heat flux considering evaporation and
condensation, which depends on AT, LSWT, relative humidity and wind speed; H, is the sensible

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

geothermal heat flux at the sediment-water interface.

The role of the depth, and in particular of the thickness h = V,./S, of the thermally reactive surface

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

a i—: = B sin(wt) (A4)

where « includes the heat capacity of the surface layer (linearly dependent on h), and the sinusoidal
function on the right-hand side mimics the temporal variability of the net heat flux. In this simplified
formulation, we refer only to single harmonics of a Fourier decomposition of the heat flux because
the linearity in T (a rough approximation of the actual behaviour) allows to consider them separately.
Hence, B is the amplitude of the sinusoidal variability associated with a given frequency w: for
instance, two dominant frequencies of the heat flux are related to the variability of solar radiation at

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

T = —%cos(wt} +c (AS)

with ¢ an integration constant depending on the initial conditions. It is immediately evident that the
amplitude of the water temperature oscillations at a given frequency is inversely dependent on « (for
a similar analysis, see Toffolon et al., 2014). Thus, a deeper surface layer (larger h, larger thermal
inertia, longer memory) will reduce the difference between the maximum and minimum temperature;
for instance, at a daily time scale. Of course, larger h are more likely to occur for deep lakes.
Moreover, we can see that the amplitude is also inversely dependent on the frequency of the forcing,
so that higher frequencies are more damped than lower frequencies, suggesting the ‘filter’ analogy

introduced in the main text.
Appendix B — Review of Machine Learning algorithms

In this section, we review the main features of the ML algorithms that we analysed in this paper.
The specification of the values of the hyperparameters optimized for our application is provided in
the Supplementary Material.

e Artificial Neural Network (ANN) and derived algorithms

ANN algorithms consisting of straightforward processors and their interconnections are complex
systems with organizational principles that parallelly recognize the pattern, predict and optimize the

weights and biases (Jain et al., 1996). The network algorithm is composed of interconnected nodes
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(called neurons) structured into parallel layers (Fig. B1). The first (input) layer receives the input data
and, through a variable number of internal (hidden) layers, the information percolates until reaching
the last (output) layer, which provides the results of the simulation. The directional links among nodes
of adjacent layers transfer signals from the upstream to the downstream neurons. In each of the hidden
and input layers, an additional parameter is provided to the neurons by the so-called biases. The signal
exiting from one neuron is suitably weighed before entering into the subsequent one, where it is
summed to the signals from the other neurons and to the bias of the same layer; then, such a sum

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

Figure B1

The number of hidden layers and the number of neurons for each layer are hyperparameters of the
ANN, together with the type of activation function and the parameters of the optimization procedure
for the calibration of weights and biases. The procedure for the optimization characterizes the branch
of ANN. In general terms, it begins with random values of weights and biases. In the first run, the
ANN provides an output that is compared with the target. Then, weights and biases are updated using
gradient descent method. The iteration continues until the difference between the output and the target
IS minimized.

In our analyses, we considered three different types of ANN: Multi-Layer Perceptron Neural
Network (MLPNN), Back-Propagation Neural Network (BPNN) and Long Short-Term Memory
(LSTM) as a type of Recurrent Neural Network (RNN); and Adaptative Neuro-Fuzzy Inference
System (ANFIS) which consists of one layer of neural network. These methods are further analysed

hereafter.

(1) The MLPNN is an ANN consisting of more than one hidden layer. In this paper, we use this
term to refer to a feed forward neural network. Its peculiarity is updating the weights based on error

from input to output in just one direction.

(2) The BPNN approach is characterized by the algorithm used to update weights and biases in
order to minimize the error (Li et al., 2012). First, the value of each neuron is calculated based on the
initial weights. Then, the weighs are adjusted from the output layer backwards toward the input layer,
knowing how much each node contributes to the error of prediction from observed data (Hecht-
Nielsen, 1992). IN BPNN, the weights are updated from the output layer backwards to the input layer
while in MLPNN, the weights are updated based on the error and move just forward (Dudek, 2019).

(3) The LSTM method is a type of RNN, which is a branch of ANN that has a sequential
connection between time steps (Sainath et al., 2015). LSTM keeps the information for a longer period
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in comparison to the standard RNN. In the hidden layers, memory blocks are special units consisting
of memory cells, storing and controlling the passing of information by three gates (Fig. B2). The
gates are: forget gate (for keeping or removing the information), input gate (adding information to
the cell) and output gate (selecting the necessary information). The hidden state, which contains the

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

Figure B2

The ANN requires low statistical training, and identifies complex non-linear connections of
dependent and independent variables and also between predictor variables, as well as being a multiple
training algorithm. Liu and Chen (2012) suggested that ANN is a cost-effective approach with respect
to a three-dimensional semi-implicit Eulerian-Lagrangian finite-element method (Zhang and Baptisa,
2008), and could be used for water quality prediction and ecological management. Despite the
mentioned advantages, the ANN is a black box that requires computational effort and is susceptible
to overfitting (Tu, 1996). The overfitting could be controlled by dropout (Piotrowski et al., 2020; Zhu
and Piotrowski, 2020), whereby the nodes with their connections are randomly eliminated in the

training phase (Srivastava et al., 2014).
e ANFIS

The ANFIS is a subcategory of ANN based on Takagi-Sugeno-type fuzzy inference system
(Anikin and Zinoviev, 2015). The method based on the fuzzy logic principles train the model set to
calculate the parameters of the membership function, which represents the degree of truth in fuzzy
logic (Opeyemi, and Justice, 2012). Three methods of ANFIS are widely used: (i) ANFIS with grid
partition method called ANFIS_G, (ii) ANFIS with subtractive clustering (SC) called ANFIS_S, and
(iii) ANFIS with fuzzy c-means clustering (FCM) called ANFIS_F. The difference between the three
algorithms is mainly related to the optimization of the fuzzy rules. The ANFIS_G needs a large
number of fuzzy rules, while the two other ANFIS_S and ANFIS_F were adopted for providing a
model with fewer fuzzy rules. For example, ANFIS_G cannot be applied using more than six inputs
variables. We applied ANFIS_G considering its rules and limitations. Based on a first-order Sugeno
model, there are two if-then rules for fuzzy logic. The network is composed by 5 layers (Fig. B3).
Layer 1, named fuzzification layer, consisting of adaptive nodes, determining the degree of fuzzy
membership inputs. In our study, the triangular membership function gets more accurate results than
other functions. In layer 2, the signals connected to it are multiplied (w;), and the output of this node
is called the firing strength of the rule. In layer 3, node N normalizes firing strength (w; ). In layer 4,

the output of the adaptive nodes is the product of the results of the previous layer and a first order
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polynomial (f;) due to first order Sugeno model. In layer 5, the summation of all connected signals

is calculated (Opeyemi and Justice, 2012).

Figure B3

e Decision Tree (DT) and derived algorithms

DT is used to differentiate and predict in classification or regression cases through dividing, which
leads to discovered features and pattern extraction. Regarding these features, DTs are widely used for
prediction models and investigative data analysis (Myles al., 2004). As shown in Fig. B4, internal
nodes and root nodes are filtered down along the tree to gain proper outputs, named leaf nodes, as
patterns' categories (Navada et al., 2011). We tested (1) the standard DT approach and two derived
algorithms, (2) Extremely Randomized Tree (ERT) and (3) Random forest (RF).

Figure B4

(1) The standard DT is drawn from root, upside, to the leaf nodes, where the nodes do not split
anymore (Fig. B4). The root and internal nodes are split into branches ended to nodes, called
child node. In regression cases, the attribute or feature to split is reducing the variance of each
split considering the weighted average variance of child nodes (Sharma, 2020).

(2) The ERT randomly selects the features and cut point (threshold value of features) to split (Geurts
et al. 2006), and trains repeatedly. The model is constructed by multiple trees using all data
(Alswaina and Elleithy, 2018; Heddam et al., 2020). The ERT superiority over the DT is because
of preventing overfitting, efficient computation, random selection and cut point values and more
accurate prediction (Galelli and Castelletti 2013). Heddam et al. (2020) found this method more
robust than ANN and RF in order to predict the water temperature of shallow lakes.

(3) The RF is in both groups of classification and regression trees implemented by selecting features
randomly and training the features with bootstrap sampling, random samples with replacement
(Fig. B5). The majority decision of trees for the final decision of RF is considered. RF's advantage
is the accurate prediction and the combination of favourable features, evaluation of built-in
performance, grading the significance of features and the relative weights due to composed
similarity (Svetnik et al., 2003). In order to steadily approximates the significance of features,
many trees should be utilized. Although the measurement of features significance is different in
each run, their rank of importance is approximately steady (Liaw and Wiener, 2002).

Figure B5

e Support Vector Machines (SVM)
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SVM is a ML approach for classification and regression analysis that for regression is called
Support Vector Regression (SVR). The advantages of SVM are the good performance in the case of
a small number of data, low computational effort and robustness in the case of the existence of outliers
in the model (Steinwart and Christmann, 2008). Fig. B6 shows a classifier for hyperplane division,
which should be optimized not only for the training case but also for any other test data (Gunn, 1998).
A hyperplane in an n-dimensional Euclidean space is a flat, n-1 dimensional subset that divides the
space into two disconnected parts (Veling et al, 2019). SVR minimizes the offsets between features
and hyperplane, while SVM maximizes the separation distances between features (Quan et al., 2020).
In Fig. B6, the circles and triangles are the features that are divided by hyperplane with best margin.
Since SVR only depends on a subset of the training data, and is independent of the dimensions of
input space, it is beneficial to utilize it for high dimensionality space inputs (Drucker et al., 1997).
The hyperparameters of the kernel function (mapping the nonlinearity in regression algorithms in
order to optimize the location of hyperplane) and the penalty could be optimized using optimization

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

Figure B6

e K-Nearest Neighbor (KNN)

The KNN algorithm is utilized in the case of lack of prior knowledge of the data distribution
(Peterson, 2009). The classification is defined as giving similarity or distance to samples (Keller et
al., 1985). After detecting the nearest neighbours between the training data (see Fig. B7), the
candidates of the category are scored due to their similarities to K neighbours' category (each category
is determined and separated by black circles in Fig. B7). The highest score represents the sample’s
category (Jiang et al., 2012).

Figure B7
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Figure 1. Workflow summarizing the steps of the comparative analysis of the performance of the different ML

methods.



Yousefi and Toffolon, Use of ML to predict LSWT

1.00
Pearson’s Correlation
Doy 075
scpoy -0.012
0.50
SWR
AT
025
RH
ws =0.00
R
=025
WR
s
- -0.50
LSWT (d=5m) | 0.18 H 0.019
e AR ~-m@ -
> > © 53 @ © & 3
8§ 2 3 g 2 g 8
3 -1.00

LSWT (d
LSWT (d=60m)

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); (¢, 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
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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.
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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).
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Figure B4. The scheme of Decision Tree (DT).
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Figure B5. The scheme of Random Forest (RF) (Aldrich, 2020).
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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.
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Figure B7. The scheme of KNN scheme. Small circles, squares and stars represent different categories.



