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 a b s t r a c t

A new Artificial Neural Network (ANN)-based method for measuring surface-layer fluxes at low cost without 
compromising accuracy is presented. It is based on a one-year dataset of surface sensible and latent heat fluxes 
from eddy-covariance stations, along with classical meteorological variables from automatic weather stations, 
acquired over a meadow and a maize crop field. For each of these landscapes, ANNs are trained to estimate 
observed heat fluxes based on relevant variables that basically describe radiative and atmospheric forcing. The 
costly eddy-covariance station is required only for a short measurement period to collect sufficient reference 
data to train ANNs. Then, the estimation of heat fluxes relies on measurements from the affordable automatic 
weather station. The final objective is to deploy this method during a one-year field campaign to monitor differ-
ent land-surface covers. Three questions are investigated here: the experimental scenario that allows to constitute 
the best training dataset, the accuracy of the ANNs estimates across different timescales, and the ANNs perfor-
mance according to the land-surface cover. From a general perspective, the ANNs estimates have quite similar 
performance for all training datasets, irrespective of the vegetation cover. However, for conditions that were 
not well sampled in the training dataset, higher discrepancies were observed between ANNs estimated flux and 
those measured using eddy-covariance station. The comparison between the two vegetation covers indicated a 
degradation in ANNs performance for the maize crop compared to the meadow, with an increase of the bias up 
to 40 % and a decrease of the Pearson correlation coefficient up to 8 %.

1.  Introduction

The measurement and understanding of surface-atmosphere ex-
changes are essential to study the evolution of the atmosphere in re-
sponse to the surface at different space and time scales. These measure-
ments control the surface energy balance and are therefore needed to 
assess and validate numerical weather prediction and climatic models 
(Boone et al., 2009; Lohou et al., 2014; Couvreux et al., 2016). When 
considering complex environments, documenting surface-atmosphere 
exchanges is even more challenging (Bou-Zeid et al., 2020; Shen et al., 
2016). Indeed, heterogeneous landscapes are composed of many types 
of land covers (e.g., crops, meadow, forest, water, urban, etc.), each 
of them with a specific interaction with the atmosphere depending on 
its surface temperature and humidity, vegetation or cover character-
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istics (e.g., leaf area index, albedo, roughness, etc.). Besides the type 
of surface and soil conditions, surface-atmosphere exchanges depend 
strongly on the meteorological conditions. Soil, vegetation and meteo-
rology have both strong diurnal and seasonal cycles. Therefore, to ef-
ficiently estimate surface-atmosphere exchanges within heterogeneous 
numerical grid cells, the deployment of a network of measurement sta-
tions over different land cover types is required.

The interactions between the surface and the atmosphere were first 
measured and theorized under the assumption of a homogeneous sur-
face and stationary flow. Monin-Obukhov similarity theory (MOST) was 
formulated tens of years ago (Foken et al., 2006) to describe fluxes of 
momentum, heat and other quantities in the turbulent surface layer, 
over homogeneous surfaces and with stationary flow. MOST predicts 
the flux-gradient relationship in terms of the measurement height and 
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the Obukhov length through empirical stability functions. However, the 
Earth’s surface is often heterogeneous and there is no theory to de-
scribe the turbulence and flux-gradient relationship under such condi-
tions (Nakamura and Mahrt, 2001). Uncertainties in some of the MOST 
universal functions have already been pointed out and may be associated 
with the effects of a heterogeneous surface or with important entrain-
ment effects at the top of the boundary layer (Detto et al., 2008; Lohou 
et al., 2010; van de Boer et al., 2014). As noted by Moene et al. (2006), 
MOST is accurate as long as the dominant driving force is included in 
the scale that is used to normalize the scalar statistics.

Eddy-covariance stations are used to locally estimate and moni-
tor land-atmosphere interactions on an occasional (i.e., measurement 
campaigns) or permanent basis (i.e., permanent reference station). The 
eddy-covariance method (Foken et al., 2012) is based on the high-
frequency covariance of the vertical wind and air temperature (for the 
sensible heat flux) or water vapor mixing ratio (for the latent heat flux). 
Expensive fast response sensors are thus necessary. Moreover, an hetero-
geneous landscape composed of five to six main surface covers would 
need as many eddy-covariance stations, quickly becoming exceedingly 
expensive.

Recent studies (Kumar et al., 2002, 2010; Kelley and Pardyjak, 2019; 
Kelley, 2020; Kelley et al., 2020; Zouzoua et al., 2024) have proposed 
and tested a new way of estimating surface turbulent heat fluxes us-
ing Artificial Neural Networks (ANNs). The methodology is briefly as 
follows: the ANNs are trained to estimate eddy-covariance fluxes (ob-
served surface sensible and latent heat fluxes) using basic near-surface 
meteorological variables as inputs. Kelley and Pardyjak (2019) used 
ANNs to estimate water requirements for two crops (vegetable beans and 
hazelnuts). Indeed, the ANNs were trained to estimate the actual evap-
otranspiration with measurements from affordable automatic weather 
stations. Conclusive results were obtained using just four physical pa-
rameters (near-surface temperature, humidity, wind speed and incom-
ing solar radiation) and the time of day over a short training period of 
two weeks to estimate the evapotranspiration during wo months. Kelley 
and Pardyjak (2019) conclude that extending the estimate of the evap-
otranspiration throughout the growing season would require a training 
set that takes into account the variability of meteorological conditions 
as well as the different growing stages of the vegetation. These results 
highlight the ease with which such a method can be applied while also 
underscoring the importance and difficulty of sampling enough vari-
ability (meteorological conditions, development of the vegetation, soil 
conditions, etc.). Zouzoua et al. (2024) used a data-driven statistical 
model trained on observational data to evaluate surface turbulent heat 
fluxes estimation in numerical models. They used a total of 13 variables 
to build their ANNs including net radiative flux, meteorological con-
ditions, soil moisture and temporal coordinates. However, three vari-
ables showed the strongest influence on estimated fluxes: the net ra-
diative flux, the mean potential temperature and soil moisture. Kelley 
and Pardyjak (2019) found the contrary concerning this last variable. 
In their case, adding information related to the soil moisture deterio-
rates the ANNs performance. However, the conditions and objectives 
of the two studies are quite different, and while Zouzoua et al. (2024) 
trained their ANNs with several years of observational data, Kelley and 
Pardyjak (2019) only used a few months. Several studies (Kelley and 
Pardyjak, 2019; Kelley, 2020; Kelley et al., 2020) agree that few clas-
sical parameters from an automatic weather station as inputs to a sim-
ple ANN structure (Kumar et al., 2010) may reasonably estimate the 
evolution of surface turbulent heat fluxes. Finally, in their review con-
cerning ANN-based modeling of evapotranspiration, Kumar et al. (2010) 
highlighted one main limitation of the ANN estimation method: it is 
location-specific. Therefore, each automatic weather station deployed 
over a certain land cover type needs its own ANN configuration. The 
same conclusion was highlighted by Kelley et al. (2020).

The objective of our study is to test a low-cost and long-term way to 
monitor the surface turbulent heat flux heterogeneity over a landscape 
using a basic automatic weather station network, one eddy-covariance 

station and ANNs. The eddy-covariance station is maintained at one lo-
cation for a fixed time interval and then moved from one land-cover type 
to another. The final goal is that the meteorological conditions measured 
by the automatic weather stations over a surface cover feed a trained 
ANNs for this surface to estimate its exchange with the atmosphere. In 
this study, two one-year datasets are used to simulate the deployment 
of this method before its real deployment during a one-year field cam-
paign. These datasets include basic automatic weather station variables 
and surface turbulent heat fluxes (sensible heat flux and latent heat flux) 
measured over a meadow and a maize crop field at heights of 2.5 and 4.5 
m, respectively. The meadow changes slowly during the year, whereas 
the crop shows rapid growth or abrupt changes when harvested. The ro-
tation frequency of the eddy-covariance station from one instrumented 
surface to another is an important experimental setting because it deter-
mines the dataset used to train the ANNs. Several rotation frequencies 
will be tested on the two studied vegetation covers.

The conceptual experimental set-up and the datasets used to test the 
method are presented in Section 2. Then in Section 3, we evaluate the 
efficiency of the ANNs in estimating surface-atmosphere interactions ac-
cording to the rotation period of the eddy-covariance station and the 
type of vegetated surfaces. ANNs performances are also analyzed ac-
cording to the temporal resolution of the flux estimates. The discussion 
and conclusions are presented in Section 4.

2.  Methodology and Data

2.1.  Conceptual experimental set-up

Given a heterogeneous landscape with 𝑁 main surface covers 
(Fig. 1), the experimental set up would be composed of 𝑁 Automatic 
Weather Stations (AWSs) distributed over the surfaces and one single 
Eddy-Covariance Station (ECS) moving from one AWS to the other with 
a rotation period to be determined. This combination of fixed AWSs and 
moving ECS should be implemented for at least one year to sample vari-
ous meteorological and soil conditions over each of the surfaces. Because 
the ANN is specific to the instrumented surface, there will be 𝑁 ANNs. 
The repeated time period during which the ECS stays close to each AWS 
is called the training-period (𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔) for the ANN. During that period, 
the meteorological variables from the AWS are used as input variables, 
and, the surface fluxes from the ECS are used as control variables for 
the ANN training. The rotation-period (𝑃𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛) is defined as the time 
for the ECS to visit all the AWSs so that it is the sum over 𝑁 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔
(Eq. 1). As an example, a 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 of one-week would lead to a 𝑃𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛 of 
𝑁 weeks. Successive rotations throughout one year would be applied so 
that as many vegetation stages and meteorological conditions as possi-
ble are sampled. The entire year is then decomposed in repeated 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔
at the period of 𝑃𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛. 

𝑃𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛 =
𝑁
∑

𝑖=1
(𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔)𝐴𝑊 𝑆#𝑖 (1)

One of the objectives of this study is to examine how long the 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔
and the 𝑃𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛 should be to correctly sample the vegetation and meteo-
rological conditions so that the ANN of each surface type (slowly evolv-
ing for the meadow, and highly changing for the crop field) is correctly 
trained.

2.2.  The Artificial Neural Network

ANNs, consisting of interconnected mathematical neurons as de-
veloped by Rosenblatt (1960), are widely used in data-driven mod-
elling as they frequently outperform other approaches, especially in the 
parametrization of surface fluxes (Leufen and Schädler, 2019). For our 
purposes, we use the most basic type of ANN, the multi-layer perceptron 
also known as feed-forward network, in which neurons are arranged in 
fully interconnected sequential layers; one input layer to receive the 

Journal of the European Meteorological Society 3 (2025) 100021 

2 



M. Jomé, F. Lohou, M. Lothon et al.

Fig. 1. Conceptual experimental set-up of N automatic weather stations (AWS) distributed on the N main land covers composing a landscape. The Eddy-Covariance 
Station (ECS) will be regularly moved from one AWS to the other so that concurrent dataset of AWS and ECS are available for ANNs training for each land cover.

predictors, one output layer to deliver the response and at least one in-
termediate layer in between, the so-called hidden layer. As a supervised 
ANN, it is trained using paired inputs (here the meteorological parame-
ters) and targets (here the surface latent and sensible heat fluxes), and 
its internal parameters (weights and biases) are adjusted accordingly. 
The neuron output is calculated by adding a bias to the weighted sum 
and then applying an activation function to the result.

There is no well-established rule that defines the hyperparameters of 
ANNs, i.e., the number of hidden layers, their number of neurons, and 
their activation function. Several sensitivity experiments are then neces-
sary (Leufen and Schädler, 2019). In this study, all the ANNs were imple-
mented using tensorflow package (2.18.1 version). Following the previ-
ous studies of Leufen and Schädler (2019) and Zouzoua et al. (2024), the 
hyperbolic tangent and linear functions are used as activation functions 
for the hidden and output layers, respectively. The neurons in the out-
put layers are fixed to two, one for each flux. Eventually, an adequate 
topography for the hidden layer was found through sensitivity experi-
ments carried out with Keras auto-tuner (1.4.7 version;  O’Malley et al. 
(2019)). It consists of three hidden layers, each with 10 neurons. Be-
fore training the ANNs, the input and target data are normalized to fit 
a centered-reduced law.

The ANN’s performance is quantified in terms of Pearson’s correla-
tion coefficient (𝑟), root-mean-squared-error (𝑅𝑀𝑆𝐸) and slope of the 
linear regression between observed and ANN-based surface turbulent 
heat flux. In order to take into account the effect of random initializa-
tion of the network weights and biases on the ANN estimates of surface 
flux, all the results in this study are presented as a statistic (median and 
standard deviation) over 50 trained ANNs with the same vector of in-
put parameters. A sensitivity study was conducted and showed that 30 
to 35 initialized runs with the same ANN structure and different ran-
dom weights and biaises are necessary to stabilize the performance of 
the ANNs for each scenario considered here (c.f., Section 2.3). How-
ever, a few runs still showed mediocre results, with scores at the ex-
tremes of the distribution, i.e. beyond the mean plus three times the 
standard deviation. We decided to repeat 50 identical runs to ensure that 
the ANNs performances are not substantially affected by these poorer
runs.

Our scientific objective is to evaluate the surface flux heterogeneity 
over a landscape. This means that we seek to evaluate the range of vari-
ation of the surface flux on time scales ranging from 10-days to monthly, 
rather than the exact surface flux at the temporal resolution at which it 
is calculated (30-minute sample). The choice of input variables is cru-
cial for the ANNs to work properly. An accurate estimation of the fluxes 
every 30 minutes might be obtained using a large number of meteoro-
logical and satellite variables. Basically, the input must be related to the 

targeted output. Accordingly, here we are tempted to use physical vari-
ables involved in the bulk formulation of surface turbulent heat fluxes. 
The input variables could therefore be (1) the vertical gradients of tem-
perature and humidity, as well as the wind speed to define atmospheric 
air conditions, (2) the leaf area index for the vegetation state, (3) the soil 
temperature and moisture, and finally (4) the incoming solar radiation 
for the energy input to the system.

With such a set of inputs, the ANNs would mimic the physical rela-
tionship of the bulk formulae. However, in line with our technical objec-
tive, we try to make these estimations as cheap and simple as possible. 
The proposed method is thus based on the use of variables measured 
by basic meteorological stations, as those used in operational networks. 
Then, the ANNs link the basic meteorological characteristics of air near 
the surface to the turbulent heat fluxes, as a consequence and also a 
cause, rather than mimic the physical explanation of the flux as a bulk 
formulae would do.

Basic meteorological stations are usually equipped with sensors for 
the measurements of incoming shortwave radiation, horizontal wind 
components, air temperature, relative humidity, pressure, and rainfall 
close to the surface. However, the stations used to test this method are 
equipped with either a net radiometer or an incoming solar radiome-
ter. Various studies have shown that radiative information such as net 
radiation (Zouzoua et al., 2024), incoming shortwave radiation (Ravin-
dran et al., 2021) or sunshine hours (Sattari et al., 2021) is crucial for 
the estimation of surface fluxes using an ANN-based method. Dimitri-
adou and Nikolakopoulos (2022) used the three parameters (among 
others) as inputs to estimate evapotranspiration and studied the nor-
malized importance of the input variables in the model performance. 
They found the following ranking among these three parameters, from 
the most important parameter to the least important: sunshine hours, in-
coming solar radiation and net radiation. Sunshine hours and incoming 
solar radiation have an almost similar percentage of normalized impor-
tance (around 40%) while the percentage for the net radiation is slightly 
lower (around 25%). The three radiative parameters are, however, less 
important than the mean air temperature, the vapour pressure deficit 
and the wind speed at 2 m from the surface. Based on this information, 
we assume that using net radiation or incoming solar radiation will not 
substantially influence our network performances and is in line with the 
idea of using basic and available meteorological station parameters as 
inputs.

This study will then evaluate the possibility of estimating the range 
of variation of the surface convective flux along a seasonal cycle with 
ANNs trained with net or incoming solar radiation, horizontal wind com-
ponents, temperature and water vapour content. To these meteorologi-
cal parameters, we add two temporal parameters that correspond to the 
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Fig. 2. (a) One year sensible heat flux measured by the eddy-covariance station in the meadow with the training and the test datasets in case of scenario 1. The 
duration of the 10.4 rotations of scenario 1 are indicated by black horizontal segments. The ratio of the number of 30-min samples in training and test datasets are 
indicated for each rotation. (b) Same as (a) but for latent heat flux in case of scenario 3. Thus, only 3.5 black horizontal segments indicate the rotations throughout 
the year in this panel. Period without data are those with instrumental breakdowns or erroneous data.

cyclic hour of the day:

𝐷𝑇𝑐𝑜𝑠 = cos
(

2𝜋 × 𝐷𝑇
24

)

(2)

𝐷𝑇𝑠𝑖𝑛 = sin
(

2𝜋 × 𝐷𝑇
24

)

(3)

with 𝐷𝑇  the Decimal Time so that 𝐷𝑇
24  varies from 0 at 00:00 to 0.98 at 

23:30 every day. Half-hourly values of 𝐷𝑇  are defined because surface 
turbulent heat fluxes are estimated from 30-min sampling, as explained 
in Section 2.3.

Several tests on the input variables were conducted to check their 
relevance in estimating the surface fluxes. For example, we tested the 
impact of the use of wind speed instead of horizontal wind components, 
which adds information about the air mass origin. The performance of 

the ANNs was not improved significantly. However, a more heteroge-
neous footprint might support incorporating air mass provenance into 
the ANNs inputs. Even if it might be unexpected from a physical point 
of view, the two diurnal cycle coordinates (Eqs. 2 and 3), also used 
by Zouzoua et al. (2024) and Kelley and Pardyjak (2019), improve the 
ANNs performance. In addition to these temporal coordinates, Zouzoua 
et al. (2024) use two other similar parameters defining the seasonal 
cycle. However, including these seasonal coordinates in our input vari-
ables deteriorates the ANNs performance. This might be due to an over-
representation of time (4 input parameters) compared to only five mete-
orological variables and because the data used in this study only covers 
one annual cycle. This illustrates that no rigid rules regulate the ANN 
use, thereby tests are necessary to verify the relevance of the input vari-
ables according to the dataset, the objectives and the desired accuracy.
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Fig. 3. Same as Figure 2 for the crop site.

2.3.  ANN method evaluation and data set

To evaluate the method, we used meteorological variables (input 
variables) and turbulent surface turbulent heat fluxes (control vari-
ables) measured over one year in two fields: (1) a meadow that evolves 
slowly throughout the year, (2) a crop field in which the vegetation 
changes from grass during winter to maize during summer. A set of 
50 ANNs are trained and tested for each of these two fields. Before 
we describe the measurement sites later in this section, the way these 
two one-year datasets are used to train and evaluate the ANNs is
explained.

This full year of input and control variables measured at the same 
time in the two fields allows us to change the 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 and evaluate its im-

pact according to the vegetation cover. Each of the two one-year datasets 
is separated into a training and a test datasets. The training data are used 
for training (adjustment of the network weights) and validation (appli-
cation of the trained network) of the ANN. The validation phase allows 
us to see how the network performs on new data, not used for the ANN 
training. In particular, during the validation, we search for potential net-
work overfitting (i.e., the ANN has learned too “much" from its training 
and is not able to perform on new data). The data used for validation 
represent 10% of the training dataset. Once the ANN is trained and val-
idated, it is applied to the test dataset to evaluate the ANN scores for 
data that are not used for training or validation. The way in which train-
ing and test datasets are built according to the rotation scenario is now 
discussed.
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Fig. 4. Median and standard deviation of the scores 𝑅𝑀𝑆𝐸 and 𝑟 of the 50 ANNs in simulating surface sensible and latent heat fluxes for the test dataset according 
to the three ECS rotation scenarios for the meadow and the crop field.

We arbitrarily assume that the landscape is characterized by five 
main surface covers (𝑁 = 5), the meadow and the crop field being two 
of those. Three 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 are tested: 1 week, 2 weeks, and 3 weeks. The 
time in between two consecutive 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 in a given surface cover, is 
called the test-period (𝑃𝑡𝑒𝑠𝑡) because the dataset acquired during that 
period can be used to evaluate the ANN flux estimates. 𝑃𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛 is the 
sum of 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 and 𝑃𝑡𝑒𝑠𝑡 and is repeated throughout the year. The three 
scenarios tested in this study can be summarized as follows:

• scenario-1: 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 of one week, 𝑃𝑡𝑒𝑠𝑡 of 4 weeks, repeated 10.4 times 
over one year,

• scenario-2: 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 of two weeks, 𝑃𝑡𝑒𝑠𝑡 of 8 weeks, repeated 5.2 times 
over one year,

• scenario-3: 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 of three weeks, 𝑃𝑡𝑒𝑠𝑡 of 12 weeks, repeated 3.5 
times over one year.

It should be noted that the year is not divisible by 𝑃𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛, which 
explains the repetition of 10.4, 5.2 or 3.5 for the three scenarios. 
The minimum value of the 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 is one week. It is relevant to sam-
ple with high frequency the evolution of the vegetation state and 
the range of meteorological conditions throughout the year. However, 
moving the ECS is time consuming (at least one day of work), so 
that achieving this once a week throughout the year can be difficult 
to realize. In addition to the manpower issue, this scenario implies 
that there is no ECS measurements for one day per week, inducing 
a lost of 14% of the ECS data. The maximum value of three weeks 
for 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 is motivated by the fact that the seasonal change of vege-
tation and meteorological conditions must still be sampled frequently 
enough to catch the different stage of their evolution, especially for the 
crop field. 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 of one to three-week thus correspond to satisfying
compromise.
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Fig. 5. Sensible heat (a) and latent heat fluxes (b) median estimate (of the 50 ANNs estimates) according to the fluxes calculated with eddy-covariance measurements 
for the meadow. (c) and (d) same as (a) and (b), respectively, for crop field. The 30-min samples of the test dataset of 𝑆3.𝑚𝑒𝑎𝑑𝑜𝑤 and 𝑆3.𝑐𝑟𝑜𝑝 are used in this figure. 
The linear regression (continuous red line) and its equation are displayed in each panel and can be compared to the 1:1 line (dashed red line).

The meadow and crop datasets used in this study were acquired at 
the P2OA instrumented site (https://p2oa.aeris-data.fr/, Lothon et al. 
(2024)). The P2OA site is located in South-West France, on the Lan-
nemezan Plateau in the northern front range of the Pyrénées mountains. 
The most frequent synoptic meteorological situations are (1) the west-
erly and north-westerly Atlantic flow, (2) the southerly winds often asso-
ciated with Foehn situations, and, (3) anticyclonic conditions with weak 
northeasterly flow. Under anticyclonic situation or low synoptic forcing, 
the P2OA site is impacted by mountain breezes from the north-east for 
the anabatic wind and the south-east for the katabatic wind. The annual 
rainfall is about 1200 mm. All the instrumentation and meteorological 
conditions at the P2OA site are described in Lothon et al. (2024).

The meadow site is located in a cow pasture that maintains a regular 
height of vegetation throughout the year between 20 and 50 cm. For the 

crop site, the AWS and EC stations were set up in the middle of a large 
area of maize cultivation during summer and grass during winter. How-
ever, this large area consists of several fields that were not all planted 
with maize at the same time, resulting in different stages of vegetation 
around the station (Table 1). Compared to the meadow site, the crop 
site produces difficulties for our ANNs method. Not only does the veg-
etation cover change over the year, it is not always fully homogeneous 
in the footprint of the eddy-covariance station. These two extreme con-
figurations will allow us to compare the scores of the meadow’s ANNs 
and the maize’s ANNs.

Table 2 gives, for the meadow and crop sites, the measurement 
heights, the beginning and end dates of the datasets, the instrumen-
tation, the measured parameters and the acquisition frequency. For 
the meadow station, ECS measurements are used to compute both
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Fig. 6. ANN scores (𝑅𝑀𝑆𝐸 and 𝑟) at estimating average diurnal cycles of sensible and latent heat fluxes for meadow and crop field according to the averaging 
period used to calculate average diurnal cycles.

input variables and target/control variables which are indicated in the 
two last columns of Table 2. This was done because no AWS was as-
sociated with this EC station. On the contrary, for the crop field, an 
AWS was set up and provided the input parameters. Input and tar-
get/control parameters are then given by different instruments. From 
the measurements of the sonic anemometer and the CO2/H2O anal-
yser, 30-minute surface sensible (𝐻) and latent (𝐿𝐸) heat fluxes have 
been estimated using the eddy-covariance method EddyPro® Software 
(Version 6.2.0) from LI-COR (https://www.licor.com/env/support/Ed-
dyPro/topics/whats-new.html). Consistently with the time resolution of 
the surface flux, the input variables are 30-minute averaged.

Standard quality control procedures are applied. Rain events have 
been removed and flux calculations are flagged according to Mauder 
and Foken (2011). Only flux estimates with flags equal to 0 or 1 are 
used here, ensuring that basic hypotheses for flux calculation by eddy-
covariance method are satisfied. Gap-filling procedures were not used to 
prevent introducing additional bias. In total, erroneous data and instru-

mentation break down affect 34.7% (34.2%) of the samples acquired on 
the meadow (crop), so that 11433 (11552) samples over 17519 (17567) 
remain after data cleaning and selection. There are several reasons for 
the large number of rejected samples: (1) if only one parameter (input 
or control) is not available at time 𝑡, this sample cannot be used either 
for training the ANN or for its evaluation; (2) the measurement site is 
located in a rainy area, which affects the measurement of humidity by 
the gas analyzer and therefore the estimation of 𝐿𝐸.

Figures 2 and  3 present the temporal evolution of 𝐻 and 𝐿𝐸
throughout the year in meadow and crop field, respectively. Training 
data and test data split is displayed in case of scenario 1 (one-week 
𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔) in Figures 2a and  3a, and in case of scenario 3 (three-week 
𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔) in Figures 2b and  3b. Training and test datasets do not rely on 
continuous 30 minute samples as would other methods because samples 
(in time) are treated independently from each other in the ANN method. 
These figures highlight how differently the training data are distributed 
throughout the year between the two scenarios. This has two important 
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Fig. 7. Monthly averaged diurnal cycle and its standard deviation for the eddy-covariance measurements and the median ANN estimates of (a) sensible and (b) 
latent heat flux for 𝑆3.𝑚𝑒𝑎𝑑𝑜𝑤.

consequences. First, the training dataset includes different conditions in 
terms of meteorology, surface conditions and vegetation state. For ex-
ample, it can be noted for the meadow (Fig. 2) that neither scenario 
allows for the inclusion of the high values of 𝐻 , that occur in late July 
and early August, in the training data set. The poor representation of 
the most unstable conditions in the training dataset could imply weaker 
performance of the ANN during the summer. With regard to 𝐿𝐸, the 
training dataset for scenario 1 includes the high values measured dur-
ing rotations 1 and 2, while the training dataset for scenario 3 does not. 
This could imply a better performance of the ANN in estimating high 𝐿𝐸
values in case of scenario 1 than in scenario 3. The second consequence 
is the different partition of the 30-minute samples between the training 
and the test datasets according to the scenario, as shown in Table 3. 
These differences should be considered when the ANN’s performances 
are compared according to the scenario.

3.  Results

The ANN scores for the three scenarios and the two vegetation covers 
are now analyzed. The 𝑟 and 𝑅𝑀𝑆𝐸 between the measured and each 
of the 50 ANN estimates of the surface turbulent heat fluxes are calcu-
lated for the training and test datasets. The median values of the scores 
are presented in Table 4 and displayed, with their standard deviations, 
in Figure 4. The name of the test is composed of the scenario number 
and the vegetation cover on which this test is performed. As an exam-
ple, 𝑆1.𝑚𝑒𝑎𝑑𝑜𝑤 is the test for one-week training-period applied on the 
meadow dataset.

Table 4 and Figure 4 show relatively good median scores and small 
standard deviations, with 𝑟 above 0.86 and 𝑅𝑀𝑆𝐸 below 42 𝑊𝑚−2, ir-
respective of the scenario and the vegetation cover. These results are 
reassuring because, at first sight, they suggest a fairly robust method. 
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Fig. 8. Same as Figure 7 for 𝑆3.𝑐𝑟𝑜𝑝.

However, there is more to say about the variability of the scores de-
pending on the scenario and vegetation cover.

3.1.  Training-period effect

The test on the ECS rotation scenario should allow us to decide which 
𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 is acceptable in terms of ANN scores and manpower involvement 
for ECS moving from one AWS to the other. As shown in Table 4 and 
Figure 4, the scores for the test dataset do not change drastically from 
one ECS rotation scenario to another. This is particularly the case for 
the meadow site, while opposite weak score trends are observed for 𝐻
and 𝐿𝐸 in the crop field. Whereas 𝑆2.𝑐𝑟𝑜𝑝 has the largest 𝑅𝑀𝑆𝐸 for 
𝐿𝐸 compared to 𝑆1.𝑐𝑟𝑜𝑝 and 𝑆3.𝑐𝑟𝑜𝑝, it is the opposite for 𝐻 . It is im-

portant to note that the scores differences are inconsequential and do 
not depend on the length of the training dataset (Table 3). Scenario 
2 has the training dataset with the largest number of 30-min samples 
but does not systematically have the best scores for 𝐻 and 𝐿𝐸 esti-
mates. To understand the impact of sampled conditions (not shown) in 
the training dataset, the 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 was delayed a few days to include, in 
the training dataset, some of the highest values of one of the surface 
turbulent heat flux. The performance of the ANNs are then slightly im-
proved for the flux considered once applied to the test dataset. However, 
this result contains several biases. The improvement of the ANNs per-
formance concerns only one flux. 𝐻 and 𝐿𝐸 being linked by the surface 
energy balance equation, favoring a good representation of high 𝐻 val-
ues in the training dataset reduces the representation of high 𝐿𝐸 values.
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Table 1 
Vegetation cover and height in the fields surrounding the measure-
ment station at crop site throughout the year.
 Date  Vegetation  Comment

 cover  height (cm)
 2024/06/08  grass  5  first field

 maize < 10  planted in maize
 2024/08/03  maize  10 to 200  according

 to fields
 2024/09/12  maize  250  in all fields
 2024/09/27  harvested field  0  first field

 maize  250  harvested
 2024/11/29  bare soil  0  all fields harvested
 2025/02/14  grass  5 to 10  in all fields

Furthermore, as the dataset is limited to one year in this method, if high 
values are placed in the training dataset, they will be less present in the 
test dataset and therefore the ANN’s ability to estimate them will be less 
evaluated.

As mentioned above, one-week 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 is practically very time con-
suming and one day of measurements is lost every seven days. Thus, two 
or three-weeks 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 seem to be a good compromise for both meadow 
and crop. One could have expected that a shorter 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 would be able 
to catch rapid growth or drastic vegetation changes at the crop site and 
would have improved the scores. This is clearly not the case. We will 
now analyze the ANN scores according to the vegetation cover based 
only on scenario 3.

3.2.  Vegetation effect

The comparison between the two vegetation covers shows a loss of 
ANN performance for the crop compared to the meadow (Table 4 and 
Figure 4). For the test dataset of scenario 3, 𝑟 is reduced from values 
above 0.92 for meadow to 0.87 for crop, and 𝑅𝑀𝑆𝐸 increases from 
20.7 above meadow to 28.8 𝑊𝑚−2 above crop for 𝐻 and from 30.1 to 
38.9 𝑊𝑚−2 for 𝐿𝐸.

Figure 5 illustrates a comparison between the median of the 50 ANN 
estimates and the measured heat flux for the 𝑆3.𝑚𝑒𝑎𝑑𝑜𝑤 and 𝑆3.𝑐𝑟𝑜𝑝
test datasets. This figure highlights the ability of the ANN to simulate 
the different ranges of flux values. The sensible heat flux in 𝑆3.𝑚𝑒𝑎𝑑𝑜𝑤
(Fig. 5a) is underestimated by the ANN in the case of unstable conditions 
(values above 150𝑊 .𝑚−2). The overestimation of 𝐿𝐸 for such conditions 
is also observed but not systematically (Fig. 5b). This different ability 
of the ANN to represent the two heat flux for unstable conditions is 
probably related to the low occurrence of high values of 𝐻 and the 
quite high occurrence of high values of 𝐿𝐸 in the training dataset in 
June and July (Fig. 2). Some very important underestimations of 𝐿𝐸 by 
the ANNs are also possible. Different ANN behaviors can be noticed for 
𝑆3.𝑐𝑟𝑜𝑝 compared to 𝑆3.𝑚𝑒𝑎𝑑𝑜𝑤. In addition to lower scores as indicated 
in Table 4, the ANN estimates are 20% underestimated on average, with 
slopes of the linear regression for 𝐻 and 𝐿𝐸 equal to 0.8 compared to 
0.9 for the meadow. The ANN does not underestimate the high values 
of 𝐻 , but the results are scattered above 100 𝑊𝑚−2, and 𝐿𝐸 is often 
underestimated for values above 200 𝑊𝑚−2. These behaviors could be 
partly explained by the highest values of 𝐻 (early May) included in the 
training dataset (rotation 1), while the highest values of 𝐿𝐸 (June) are 
not (Fig. 3).

ANN seems to make the average of surface-atmosphere interactions 
of different vegetation covers that follow each other in the field through-
out the year (Table 1). The ANN estimates of the flux are then what an 
average vegetation between bare soil, grass and maize would give. High 
values of 𝐿𝐸 cannot be accurately estimated because the average vege-
tation cannot transpire as much as fully grown maize.

3.3.  Averaged diurnal cycle

As already mentioned, this method is set up to monitor the surface 
flux heterogeneity of a landscape. This means that at the scale of a model 
grid, which can vary from 1𝑘𝑚 × 1𝑘𝑚 to 50𝑘𝑚 × 50𝑘𝑚 for weather fore-
cast and climate numerical models respectively, the range of variation of 
the surface flux must be determined. Therefore, a sufficiently accurate 
mean diurnal cycle with its standard deviation is required. The period 
over which all daily diurnal cycles are averaged to compute the mean di-
urnal cycle is called the averaging period. The choice of its length is the 
result of a balance between the accuracy and the temporal frequency 

Table 2 
Sensors, measured variables and acquisition frequency for the instrumented towers in the meadow and the crop 
field. Height measurements of the sensors and start and end dates of the two datasets are given. Input and tar-
get/control variables used for the ANN method are indicated in the two last columns. Both input and target/control 
variables have a 30-minute temporal resolution.
 Sensor  Measured var.  Acq. freq. (Hz)  Input var.  Target-Control var.
 Meadow station - 2.5 m height - 1 May 2013 to 30 April 2014
 NR lite  Net radiation 0.2  Net radiation
 (Kipp Zonen) 𝑊 𝑚−2

 Sonic anemometer  Air temperature  20  Temperature
 (CSAT Campbell Sci.) (◦𝐶)  Sensible and

 3 wind components  20  Hor. wind comp.  Latent heat flux
(𝑚 𝑠−1)  (𝐻 , 𝐿𝐸)

 CO2/H20 analyser  Air humidity  20  Air humidity
 (7500A Licor) (𝑚𝑚𝑜𝑙𝑒 𝑚−3) (𝑊 𝑚−2)

 Crop station - 4.5 m height - 1 May 2023 to 30 April 2024
 GHIS320  Incoming solar rad. 0.2  Incoming solar rad.
 (Campbell Sci.) (𝑊 𝑚−2)

 2D Sonic anemometer  Hor. wind comp. 0.2  Hor. wind comp.
 (windsonic4 Campbell Sci.) (𝑚 𝑠−1)
 Thermometer-hygrometer  temp. and rel. hum. 0.2  Air temp. and humidity
 (windsonic4 Campbell Sci.) (◦𝐶, %)
 Sonic anemometer  3D wind comp.  10 𝐻 and 𝐿𝐸
 and hygrometer  Air temp. and hum.  10
 (Irgason, Campbell Sci.) (𝑚 𝑠−1 ,◦ 𝐶,𝑚𝑚𝑜𝑙𝑒 𝑚−3) (𝑊 𝑚−2)
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Table 3 
Number of 30-minute samples in the training 
and test datasets for the three scenarios and for 
the two vegetation covers. Scenario 1, 2 and 3 
are for 𝑃𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 of one week, two and three weeks, 
respectively.

 Training  Test
 meadow / crop  meadow / crop

 Scenario 1  2528 / 2557  8905 / 9406
 Scenario 2  2906 / 2627  8527 / 9336
 Scenario 3  2597 / 2439  8836 / 9524

Table 4 
Median scores of the 50 ANNs estimates of the surface turbulent heat flux, for 
train and test datasets for the meadow and the crop field. The letter 𝑆 com-
posing the name of the tests stands for 𝑆𝑐𝑒𝑛𝑎𝑟𝑖𝑜 and the number corresponds 
to the scenario number.

 Sensible heat flux  Latent heat flux
𝑅𝑀𝑆𝐸 (𝑊𝑚−2) 𝑟 𝑅𝑀𝑆𝐸 (𝑊𝑚−2) 𝑟
 Train/Test  Train/Test  Train/Test  Train/Test

 S1.meadow  10.7 / 21.5  0.97 / 0.91  18.6 / 30.4  0.98 / 0.94
 S1.crop  17.6 / 27.9  0.96 / 0.86  23.4 / 38.4  0.94 / 0.88
 S2.meadow  11.0 / 22.3  0.98 / 0.89  18.9 / 30.8  0.98 / 0.94
 S2.crop  18.6 / 24.7  0.96 / 0.88  22.7 / 42.6  0.94 / 0.86
 S3.meadow  11.2 / 20.7  0.97 / 0.92  19.8 / 30.1  0.97 / 0.95
 S3.crop  16.0/ 28.8  0.96 / 0.87  23.1 / 38.9  0.95 / 0.87

of the flux estimates by the ANN. The accuracy (temporal frequency) 
increases (decreases) with the lengthening of the averaging period.

The evolution of ANN scores for 𝑆3.𝑚𝑒𝑎𝑑𝑜𝑤 and 𝑆3.𝑐𝑟𝑜𝑝 according 
to the averaging period used to compute the mean diurnal cycle is pre-
sented in Figure 6. Two days, 1 week, two weeks and 1 month are used 
to estimate the mean diurnal cycles for both the flux measurements and 
the ANN estimates before computing the 𝑅𝑀𝑆𝐸 and 𝑟. Figures 7 and 
8 illustrate the mean diurnal cycles with an averaging period of one 
month. As expected, the scores are better than those presented in Ta-
ble 4 for which 30-min samples are used without average. The longer 
the averaging period, the better the scores for the two vegetation cov-
ers. Figure 6 also suggests that the averaging period could be different 
depending on the vegetation cover and its complexity.

The seasonal evolution of the two fluxes on the meadow (Fig. 7a, 
b) is well represented by the ANN estimates (𝑅𝑀𝑆𝐸 below 10 𝑊𝑚−2

and 𝑟 above 0.98, Fig 6). The diurnal cycle is also very well represented, 
even at night when complex variations of 𝐻 occur. However, one can 
note bad estimations of the surface turbulent heat fluxes at midday in 
August, with an underestimation of 𝐻 and an overestimation of 𝐿𝐸. 
These discrepancies between measurements and ANN estimates median 
value are the direct consequences of the already discussed imperfect 
sampling of unstable conditions in the case of scenario 3 (Fig. 2), so 
that the ANN cannot correctly estimate the flux in such conditions.

The seasonal evolution of the crop-field fluxes (Fig. 8) is well rep-
resented by the ANN for 𝐻 but much less for 𝐿𝐸. The latter is under-
estimated by the ANN in May, June and September and overestimated 
from November to February, implying a 𝑅𝑀𝑆𝐸 larger than 15 𝑊𝑚−2

(Fig. 6). The ANN, trained by a range of different vegetation states and 
types, may simulate an average vegetation. This leads to 𝐿𝐸 underesti-
mation by the ANN when the maize in the field is growing and transpires 
more than the average vegetation, and 𝐿𝐸 overestimation by the ANN 
when the maize is harvested and transpires less than the average vege-
tation.

4.  Discussion and conclusion

Surface-atmosphere exchanges are key parameters in assessing and 
validating weather and climatic forecast models (Boone et al., 2009; 
Lohou et al., 2014; Couvreux et al., 2016). Documenting and under-

standing their evolution is crucial for improving weather and climate 
forecasting, especially when considering heterogeneous conditions in 
landscape (Bou-Zeid et al., 2020; Shen et al., 2016) and meteorolog-
ical conditions. To efficiently estimate surface-atmosphere exchanges 
in a considered area, a network of measurement stations is required. 
Eddy-covariance is a widely used method to locally measure surface-
atmosphere exchanges. However, this method is based on fast response 
sensors which are rather expensive.

In this study, we applied a new method based on neural networks 
to estimate sensible and latent heat fluxes at lower cost, using sim-
ple automatic weather station parameters. The goal was to define a 
deployment plan to perform long-term monitoring of the surface tur-
bulent heat fluxes heterogeneity over a landscape with an Automatic 
Weather Station (AWS) network and trained artificial neural networks 
(ANN). One eddy-covariance station (ECS) is needed to train the ANNs, 
but once the ANNs are well trained, the ANNs estimated surface turbu-
lent heat fluxes rely only on the network of AWSs. The ANNs param-
eterizations depend on the land cover instrumented: one ANN for one 
AWS (Kumar et al., 2010; Kelley and Pardyjak, 2019). This is interest-
ing from a financial point of view because only one ECS is needed to 
train several ANNs. In this study (1) we simulated the rotation of the 
ECS as if we needed to train five AWSs and, (2) we investigated the ef-
ficiency of the ANNs at estimating the sensible and latent heat flux on a 
meadow and a crop field. The meadow changes slowly during the year, 
whereas the crop shows rapid growth or abrupt changes when harvested. 
The use of these very different vegetation covers allows us to test this 
method in quite easy, with the meadow, and challenging, with the crop,
conditions.

The one-year datasets over the meadow and the crop field were split 
in training and test datasets according to the frequency at which the 
ECS is moved from one AWS to another. This determines the sampling 
of the data included in the training dataset and then the ANN’s abil-
ity to estimate the flux in all conditions (meteorological and vegetation 
state). The more representative the training dataset is of the variability 
of conditions, the better the ANN scores (Kelley and Pardyjak, 2019; 
Kelley, 2020). Three scenario were tested in this study: one-, two- and 
three-week rotations.

The results show that the use of AWS associated with an ANN allows 
to estimate sensible and latent heat flux with 𝑅𝑀𝑆𝐸 below 42 𝑊𝑚−2

and Person correlation coefficient above 0.86 when 30-minute ANN es-
timates are compared to Eddy-covariance measurements, irrespective 
of the scenario and the vegetation cover. However, the objective of im-
plementing this method is not to determine flux every 30 minutes, but 
rather to provide information on the variability of seasonal and intra-
seasonal changes of flux across a heterogeneous landscape. This allows 
averages to be calculated that will significantly reduce the uncertainty 
of ANN estimates. The 𝑅𝑀𝑆𝐸 is divided by three when the diurnal cy-
cle is monthly averaged. This averaging period can also be adapted to 
the type of vegetation and its evolution throughout the year.

Concerning the scenario, inconsequential differences were noticed 
in the ANN scores between the different scenarios. One could have ex-
pected that a more rapid rotation of the ECS on the different AWS would 
allow to include in the training dataset larger meteorological conditions 
range, rapid growth or drastic vegetation changes. However, ANN scores 
do not vary significantly for meadow and crop. Moving the station ev-
ery one-week is logistically demanding when considering a one-year-
long campaign. The two- or three-week rotation periods then seem to 
be a good compromise between good scores and logistically manageable 
deployment conditions.

The comparison between the two vegetation covers shows a loss of 
ANN performance for the crop compared to the meadow. The train-
ing set for the meadow consists only of data resulting from surface-
atmosphere interactions on a single type of vegetation cover, which 
changes little throughout the year. The meadow training dataset only 
needs to sample as many weather conditions as possible. The ANN scores 
are therefore very good. Regarding the crop site, maize is planted in 
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spring, harvested in autumn, and grass is sown in winter. Between these 
two periods, the field goes through a stage of bare soil. The ECS rotation 
is carried out independently of these different cultivation stages, and the 
training dataset mixes different crops and different weather conditions. 
Therefore, it was expected that the ANN would perform less well than 
for the meadow, with an increase of the 𝑅𝑀𝑆𝐸 up to 40 % and a de-
crease of the Pearson correlation coefficient up to 8 % for 30-minute 
ANN estimates.

In some way, various improvements could be applied to get more 
robust results for crop field. For example, adding humidity or temper-
ature gradients, or introducing larger training periods by buying more 
ECS to better sample the yearly evolution of the surface fluxes. However, 
we would like to remind that the main objective here was to monitor 
the evolution of several types of land cover at the lowest possible cost. 
We are not expecting perfect correlation between 30-min surface fluxes 
measurements and ANN estimated fluxes, as long as the overall yearly 
evolution is well represented. Therefore, adding complexity to the in-
strumentation deployed by adding more ECSs or sensors goes against 
this main objective.

However, two types of improvement could be considered. Firstly, 
adding information on the state of the vegetation cover might help over-
come the issue of strongly evolving vegetation. To not increase the in-
strumentation cost with new sensors, remote sensing data could be used. 
For example, the Leaf Area Index is a commonly used remote sensing 
product that can be added as an input parameter to follow the vegetation 
evolution. This could help the ANN to distinguish between the different 
types of vegetation that grow in succession in a field. Remotely sensed 
data products would require considering scale-dependent effects when 
translating intermittent, gridded data to continuous, ground-based ob-
servations. Secondly, a transfer learning method could be applied. It 
consists of two steps. First, the ANN is trained using a large database 
acquired on the same type of agricultural field as the one studied. Next, 
the ANN is retrained, so that the weights and biases of the last hid-
den and output layers adapt to the shorter dataset being studied. Some 
large data bases for different crops field are available on ICOS ERIC 
database for example (https://www.icos-cp.eu/). Attention should be 
paid to weather conditions, which should not differ too greatly between 
the datasets used for the first and second steps.

Based on these results, the method was tested during the third and 
last Enhance Observation Period (EOP) of the Model and Observation for 
Surface-Atmosphere Interactions over heterogeneous landscape project 
(MOSAI project, (Lohou et al., 2025)). Three AWSs were deployed dur-
ing this field campaign, along with one ECS moving from one station to 
another every three weeks. The three land covers instrumented were: 
meadow, summer (maize) and winter (wheat) crop fields. This experi-
mental campaign will help us investigate the two major issues concern-
ing this method mentioned above: (1) using remote sensing products to 
add an input parameter concerning the vegetation state, and (2) apply-
ing the transfer learning method.
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