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Abstract

Due to its sensitivity to topographic and land use land cover features, air temperature (max-
imum, minimum, and mean—TY, Ty, and Tmean) is extremely variable in space and time.
The sparse and unevenly distributed meteorological stations observed across remote regions
cannot monitor such variability. Freely available, gridded temperature datasets (T-datasets)
are positioned as an opportunity to overcome this issue. Still, their coarse spatial resolution
(i.e., >5 km) does not allow for the observation of air temperature variations on a fine spatial
scale. In this context, a set of variables that have a close relationship with daily air tempera-
ture (MODIS maximum, minimum, and mean Land Surface Temperature—LSTy, LST,, and
LSTmean; MODIS NDVI; SRTM topographic features—elevation, slope, and aspect) are inte-
grated in three regression machine-learning models (Random Forest—RF, eXtreme Gradient
Boosting—XGB, Multiple Linear Regression—MLR) to propose a T-dataset estimates (Tx, Tr,
and Tmean) spatial resolution downscaling framework. The approach consists of two main
steps: firstly, the machine-learning models are trained at the native 5 km spatial resolution of
the studied T-dataset (i.e., CHIRTS); secondly, the application of the trained machine-learning
models at a 1 km spatial resolution to downscale CHIRTS from 5 km to 1 km. The results
show that the method not only improves the spatial resolution of the CHIRTS dataset, but also
its accuracy, with higher improvements for Ty, than for Tx and Tean. Among the considered
models, RF performs the best, with an R?, RMSE, and MAE improvement of 2.6% (0%), 47.1%
(6.1%), and 55.3% (7%) for Ty, (Tx). These results will support air temperature monitoring and
related extreme events such as heat and cold waves, which are of prime importance in the
actual climate change context.
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1. Introduction

The ongoing temperature increase threatens ecosystem and human well-being sustain-
ability as the adaptation time requirement does not fit with the global warming velocity.
This time lag between air temperature change and adaptation is even more worrying
because global warming not only comes with gradual temperature changes, but also with
an increase in the frequency and intensity of extreme temperature events such as heat and
cold waves (HWs and CWs, respectively) [1,2]. These events give a temporal overview
(i.e., a few days) of what could be the norm in the coming years and raise (i) public health
concerns as they increase mortality and morbidity related to cardiovascular and respira-
tory diseases [3—6] and (ii) food security concerns as they reduce cereals and no-cereal
yields [7,8] and increase cattle mortality [9]. These concerns are catalyzed by additional
negative effects, such as the decrease in water resources availability and green energy
production, which may worsen public health and food security concerns [10].

Although the findings of the above-mentioned studies are unequivocal, they are based
upon air temperature records from meteorological stations, whose distribution and density
are generally too low to accurately monitor air temperature dynamics in space and time.
Actually, as point measurements, meteorological air temperature records are only represen-
tative of the vicinity area of the considered stations. To overcome this issue, air temperature
estimates are interpolated to provide a synopsis overview of the air temperature pattern.
However, interpolations are subject to uncertainties as the morphological features affecting
air temperature in between the stations are not (or poorly) considered in the interpolation
process. To overcome this issue, some authors take advantage of spatially continuous
estimations of gridded air temperature datasets (T-datasets) to report on air temperature
trends across remote regions with a sparse and unevenly distributed meteorological station
network. In this context, CHIRTS and ERAS5 T-datasets have been used to study (i) HWs in
Kenya [11], Tanzania [12], Nigeria [13], Africa [14], and Chile [15], and (ii) air temperature
trends in Bolivia [16] and Turkey [17].

However, T-datasets estimates are derived from indirect satellite and /or reanalysis
datasets subject to space and time uncertainties affecting trends and/or extreme events
analysis consistency [16]. Therefore, prior to their use, a T-dataset reliability assessment
is required to weight any air temperature interpretation that could be drawn from such
datasets. T-dataset reliability assessment consists of comparing their estimates with those
registered by meteorological stations [16-24]. According to these studies, T-dataset reliabil-
ity drastically changes in space and time. For example, across India, MERRA?2 accuracy
presents a variation of more than 30% depending on the considered season or region [19].
A similar observation was observed across Bolivia for ERA5, MERRA2, CHIRTS, CPC,
WEFDEI, and PGF T-datasets [16], and for ERA5 across the Antarctic [20,21]. According to
these studies, part of the uncertainty is due to their coarse spatial resolution, which cannot
capture the local air temperature observed at the meteorological station level.

In this context, efforts have been made to increase the spatial resolution of T-datasets in
order to reduce their space and time uncertainties [25,26]. The method consists of using the
relationship between (i) the observed air temperature estimates (i.e., meteorological station)
and (ii) the T-dataset estimates. In this process, additional features controlling temperature
variation in space and time (i.e., topography, Land Surface Temperature—LST, NDVI, and
wind) are considered to adjust the relationship in space and time. Topographic features
gathered relevant information such as elevation lapse rate and insolation exposure related to
slope and/or aspect features that control air temperature variability in space and time [27].
Similarly, the NDVI gathered relevant information on green space area distribution, which
reduces air temperature due to its limited heat storage capacity and evaporation process
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that humidifies the atmosphere [28]. Finally, a strong relationship between Land Surface
Temperature (LST) and air temperature was previously reported in different studies [29-35].

As machine-learning models have proven capability of capturing nonlinear relation-
ships relevant to air temperature estimation [34], these models are generally used for
T-datasets spatial downscaling [25,26,30,34,36]. The models are first calibrated at the origi-
nal coarse spatial resolution of the T-dataset and then applied at a higher spatial resolution
to spatially downscale the T-dataset estimates. Several studies have demonstrated the effec-
tiveness of such an approach in different contexts. In Morocco, Sebbar et al. [36] evaluated
three models (eXtreme Gradient Boosting—XGB, Support Vector Regression—SVR, and
Multiple Linear Regression—MLR) to downscale ERAS5 hourly air temperature estimates.
The results show that XGB provided the most accurate estimates, with an R* and RMSE
of 0.97 and 1.61 °C. In the Eastern Mediterranean region, Blizer et al. [25] compared XGB
and Deep Neural Network (DNN) models to downscale ERA5 daily mean air temperature
(Tmean) estimates. The results show that the DNN model provided the most reliable results,
with R? and RMSE of 0.97 and 0.98 °C, respectively. In Mongolia, Otgonbayar et al. [34]
compared Random Forest (RF) and Partial Least Squares Regression (PLSR) models to
estimate monthly Tean from the MODIS LST product (MOD11A2). The results show that
the RF model provided the most accurate estimates, obtaining R?> and RMSE values of 0.88
and 1.4 °C, respectively. Finally, in China, Wang et al. [30] compared five machine-learning
models (RF, Decision Trees—DT, Feedforward Neural Network—FNN, Generalized Linear
Model—GLM, and Support Vector Machine—SVM), identifying MODIS LST products
(MOD11A1 and MYD11A1) among the most relevant variables for generating daily and
instantaneous T-datasets. The results show that, for daily Tmean estimates, RF was the most
suitable, with RZ and RMSE values of 0.99 and 1.29 °C, respectively. Overall, these studies
show that the models’ performance was highly variable due to their sensitivity to (i) input
variables (predictors), geographic and topographic characteristics, and (ii) considered tem-
poral scale [25,30,34]. This observation is consistent with the No Free Lunch (NFL) theorem
by Wolpert and MacReady [37], which states that no algorithm is universally superior for
all optimization and supervised learning problems.

To date, T-datasets downscaling studies are limited to Tmean estimates [25,26,38].
However, in the current context of climate change with an increase in the frequency and
intensity of both HWs and CWs, accurate estimates of maximum and minimum temperature
(Tx and Ty, respectively) are required to improve HWs and CWs monitoring to support
sustainable adaptation. In this context, this study proposes a machine-learning modeling
approach to downscale CHIRTS T-dataset Tmean, Tx, and Ty, estimates at the 1 km spatial
resolution. CHIRTS is considered, as it has not yet been considered in such an approach,
despite its overall higher reliability [16].

As the downscaling procedure is sensitive to the considered models [25,36,38], differ-
ent models are considered (i.e., Random Forest—RF, eXtreme Gradient Boosting—XGB,
Multi-LinearRegression—MLR) to highlight the best option. Finally, Madagascar is consid-
ered as the study area because of its high sensitivity to air temperature changes [39], which
threatens national food and sanitary security [40].

2. Materials
2.1. Study Area

Madagascar, covering an area of 587,041 km?, ranks among the largest islands globally.
Situated in the Indian Ocean, the island exhibits significant topographic variation (Figure 1f).

These geographical features contribute to marked climatic heterogeneity across the island.
Bioclimatic classification identifies four distinct regions—humid, semi-humid, dry, and
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semi-arid [41]—and a pronounced seasonal pattern, with a wet season spanning November
to April and a dry season from May to October.
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Figure 1. Location of Madagascar (a) and the meteorological stations considered (n = 20) (b), along with
the annual daily average of CHIRTS Tean (c), MODIS LSTmean and NDVI (d,e), and SRTM elevation (f).

The nation faces some of the highest poverty levels worldwide [42] and, as a de-
veloping country, struggles with limited institutional capacity to sustain meteorological
monitoring infrastructure. Consequently, the density of meteorological stations remains
low (Figure 1b), and new hydro-climatic monitoring initiatives are being maintained by
humanitarian organizations and academics (e.g., [43,44]). The sparse station network poses
a significant challenge, as Madagascar’s complex topography and diverse climate result
in substantial spatial air temperature variability. T-datasets fill the data gap, but spatial
resolution is a major issue due to the high spatial variability of air temperature. Madagascar
is therefore an ideal case study that combines technical and societal concerns that motivate
improvements in T-datasets spatial resolution.

2.2. Meteorological Stations

Daily maximum and minimum two-meter air temperature estimates (Tx and Ty) for
2015 and 2016 were obtained from 20 meteorological stations managed by Madagascar’s
General Directorate of Meteorology (DGM) and the International Center for Agricultural Re-
search for Development (CIRAD) (Figure 1b). Mean air temperature (Tmean) was computed
from observed Tx and Ty, values (Equation (1)).
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Th+T
Tmean: nz a (1)

2.3. CHIRTS

The Climate Hazards Center InfraRed Temperature with Station daily (CHIRTS-
daily; [24]), hereinafter referred to as CHIRTS, is a dataset developed by the Climate Hazards
Center (CHC) at the University of California, Santa Barbara. The CHIRTS air temperature
estimates at 2 m above the ground (Tx and T,,) are derived from remotely sensed infrared
land surface emission temperatures, a global network of approximately 15,000 in situ stations,
and temperature fields from ERA5 [45]. The dataset has been validated on a quasi-global
scale, ranging from 60° S to 70° N, and has a spatial resolution of 0.05° x 0.05 (approximately
5km x 5 km) [24]. At a more local scale, CHIRTS has been shown to provide the most reliable
air temperature estimates (Ty, Tx, and Tmean) in Bolivia [16]. In this study, CHIRTS Ty and Ty,
for the 2015-2016 period were considered and used to calculate CHIRTS Tiean (Equation (1)).

2.4. MODIS Land Surface Temperature

MODIS LST products (MOD11A1 and MYD11A1 from the TERRA and AQUA satellites,
respectively) provide daily LST estimates at both day and nighttime. However, the applica-
tions of these data face serious challenges [46] because of missing values caused by cloud
cover exceeding 55% on average [47,48]. To overcome this limitation, we used the MODIS-like
LST product generated from the MODIS LST estimates (MOD11A1 and MYD11A1) using a
gap-filling method for cloudy periods and regions to obtain continuous LST observations in
space and time [49]. The MODIS-like product provides daily LST estimates at both day and
nighttime at 1 km spatial resolution. In this study, LST obtained at day and nighttime are
considered as daily LST minimum and maximum values, respectively (i.e., LSTy, LSTy). LST
mean daily value (LSTmean) is computed according to Equation (1).

2.5. MODIS NDVI

MODIS MOD13A2 product, version 6.1, contains 12 data layers, including the Normal-
ized Difference Vegetation Index (NDVI), derived from the Advanced Very High Resolution
Radiometer of the National Oceanic and Atmospheric Administration (NOAA-AVHRR).
This product provides the best available pixel value from all acquisitions within each 16-day
period at a spatial resolution of 1 km X 1 km, applying criteria such as low cloud cover,
reduced viewing angle, and the highest NDVI value [50].

NDVI values range from —1 to 1: higher values indicate dense and photosynthetically
active vegetation, whereas senescent or dead plants, inorganic materials (e.g., rocks), and
water bodies typically exhibit low or even negative NDVI values.

For the case of Madagascar, the tiles h21v11, h22v10, and h22v11 were processed using
HEG Tool software (version 2.15) to generate raster-format files from the original sinusoidal
MOD13A2 projection. Daily NDVI estimates were obtained assuming that NDVI values
remained constant throughout each 16-day period.

2.6. Digital Elevation Model

The Digital Elevation Model (DEM) provided by the Shuttle Radar Topography Mis-
sion (SRTM), approximately 30 x 30 m, known as the SRTM-v3 product, was generated
from data collected over 11 days in February 2000. The acquisition employed the dual
spaceborne imaging radar (SIR-C) and the dual X-band synthetic aperture radar (X-SAR).
This dataset, covering latitudes from 60° N to 56° S, is a joint development of the National
Geospatial-Intelligence Agency (NGA) and the National Aeronautics and Space Adminis-
tration (NASA), and was obtained through the Google Earth Engine platform [51]. First,
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the SRTM-DEM was projected to geographic coordinates and resampled to 1 km x 1 km
spatial resolution using bilinear interpolation. Slope and aspect variables were then derived
and processed using ArcGIS 10.8.

3. Methods
3.1. Machine-Learning Models

RF (Random Forest) is an ensemble-learning algorithm composed of several tree predic-
tors that employs a technique known as bagging (Bootstrap Aggregating). Each tree predictor
or decision tree is constructed randomly from a collection of training data. RF models have
the advantage of having low rates of overfitting problems, because the prediction is carried
out by averaging all decision trees. Moreover, if a large amount of data is to be processed, RF
has the advantage of being able to train the model quickly and efficiently [52].

XGB (eXtreme Gradient Boosting) is a powerful, tree-based ensemble-learning algo-
rithm that employs the gradient boosting framework. Unlike methods that build trees
independently (e.g., RF), XGB constructs predictors sequentially, where each new decision
tree is trained to correct the residual errors made by the previous ones. The XGB model
is widely recognized for its high predictive accuracy and performance [53]. Moreover, its
implementation is highly optimized for performance and speed, making it exceptionally
efficient for processing large datasets.

MLR (Multiple Linear Regression) models the linear relationship between a dependent
variable and multiple predictors, seeking to minimize the sum of squared residuals through
the ordinary least squares method. The reliability of this method depends on the indepen-
dence among predictors. When high correlation exists between them (multicollinearity),
the model’s coefficients become unstable, producing large variance and making it difficult
to assess the individual effect of each predictor [54].

The implementation of the machine-learning models (RF, XGB, and MLR) was per-
formed using the Scikit-learn (version 1.4.1.post1) library in Python 3.11.5.

3.2. Models Set-Up at 5 km

The first step consists of training the machine-learning models at the native spatial
resolution of CHIRTS (i.e., 5 km). To do so, the model inputs—MODIS-like (LST,, LSTy,
LSTmean), SRTM-DEM (Slope, Aspect, Elevation), and NDVI—were upscaled to 5 km using
a bilinear resampling method, and observed Ty, Ty, and Tmean Were successively used as
targets to train the models (RE, XGB, MLR) (Figure 2b).

In this process, three scenarios are considered. Scenario-1 uses Ty as the target, and
CHIRTS (Ty), LSTy, Slope, Aspect, Elevation, and NDVI as regressors; scenario-2 uses T, as
the target and CHIRTS (T,), LSTy, Slope, Aspect, Elevation, and NDVI as regressors, and
scenario-3 uses Tmean as the target and CHIRTS (Tmean), LSTmean, Slope, Aspect, Elevation,
and NDVI (Figure 2b). The consideration of scenario-1 and -2 (T, and Tx) is aimed at filling
the actual state-of-the-art on T-dataset spatial downscaling, which is limited to Tmean. This
consideration will improve extreme air temperature event monitoring, such as HWs and
CWs that rely on Ty and T, estimates, respectively.

In this first step, the 2015 available daily observations of Ty (n = 6.084), T, (n = 6.271),
and Tryean (n = 5.936) are individually split into two parts (i.e., the training and validation
datasets). Each split encompasses 70% and 30% of the total observation number, respec-
tively. It is worth mentioning here that the exact same splitting is used for all scenarios and
models to ensure a consistent comparison for all set-ups.

Optimizing hyperparameters is crucial to significantly increase the models” perfor-
mance [55] and prevent over- or under-fitting [56]. In this context, the grid-search function,
which systematically and automatically reviews each set of hyperparameters values during
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the model training process, is used for hyperparameters tuning [57]. The hyperparameters
calibration is performed using the training dataset with the 5-fold cross-validation, with
the RMSE (Equation (2)) as the objective function.
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Figure 2. Flowchart of the air temperature downscaling method showing (a) the considered predictors
along with (b) the models’ calibration at 5 km, and (c) the models” application at 1 km.

Finally, each model is trained for each scenario (-1, -2, -3), with the optimum hyperpa-
rameters combination using the training dataset and validated using the validation dataset.
For the validation step, the RMSE, R?, and MAE are considered to assess the model’s
training reliability (Equations (2)-(4)):

6 \2
R2—1— =1 (Vi — 93)

2)
Ly —9)?
18 2
RMSE = [} (y; = %3) ®)
i=1

where y; is the observed air temperature values, j; is the air temperature estimated by the
models, ¥/ is the average of the air temperature observations, and 1 is the total length of the data.

3.3. Downscaling at 1 km

The second step consists of applying the trained model (i.e., 5 km) at the downscaled
spatial resolution of 1 km (Figure 2c). The model inputs CHIRTS (T, T, and Tean) and
SRTM-DEM (Slope, Aspect, Elevation) were upscaled to 1 km using a bilinear resampling
method. No resampling process was applied to MODIS-like (LSTy, LSTx, LSTmean) and
NDVI, as their native resolution is 1 km. Consequently, for each scenario (-1, -2, and -3),
the models (RF, XGB, and MLR) were trained at the 5 km spatial resolution considering
the entire observation of the 2015 period and were applied at 1 km spatial resolution to
the 2016 period. The models’ predictions at 1 km spatial resolution were compared with
observations from the meteorological stations using R?, RMSE, and MAE.
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4. Results
4.1. Models Training at 5 km

Table 1 presents the optimum hyperparameters values using the grid-search function
for each scenario and RF and XGB models (the MLR model was not included in this
table as it does not rely on hyperparameters but on regression coefficients). For both
models (i.e., RF, XGB), only one of the considered hyperparameter values remained equal
to the one proposed as the default value. In reality, the default value for “bootstrap”
and “max_depth” in the RF and XGB models remains the same with and without the
hyperparameter optimization (i.e., grid-search function). This result highlights the benefit
of such hyperparameters optimization to improve model performance [55] and avoid
over- and/or under-fitting issues [56]. In this context, hyperparameters optimization is
increasingly used in machine-learning-based studies for land use land cover (LULC), soil

humidity, and salinity mapping (i.e., [56,58-60]).

Table 1. Hyperparameter search ranges and optimal values for the two machine-learning models.

Model Parameters Range Default Scenario-1 Scenario-2 Scenario-3
Values (T (Tn) (Trmean)
“bootstrap” True/False True True True True
“max_depth” 1,2to 19 None 19 15 17
RF “max_features” 1,2t08 1 4 5 4
“min_samples_split” 2,3t013 2 7 11 8
“n_estimators” 50, 60 to 240 100 200 180 180
“colsample_bytree” 0.3,0.4t0 0.9 1 0.9 0.9 0.9
“gamma” 0.01,0.1,02to 1 0 0.3 0.3 0.01
“learning_rate” 0.001,0.01,0.1,0.2to 1 0.3 0.1 0.1 0.1
XGB “max_depth” 1,2to 15 6 6 6 6
“min_child_weight” 1,2t09 1 6 4 5
“n_estimators” 20, 30 to 300 100 130 80 110
Figure 3 shows the feature importance (FI) obtained for the predictors of the different
scenarios (-1, -2, and -3) and models (RF and XGB). It is worth mentioning that such an
analysis was not possible for the MLR model due to its specific structure, which relies on
regression coefficients.
@ (b) (©
0.8 B RF XGB
0.7
S 06
5
‘g 0.5
203
2
LGE 0.2
0.1
0.0
Q’.\%« +®°ﬂ\% o ) &5\ * 60 t\Q )@»\ ‘\{boo \’é\ ; @ \oQ Y\QA & of 6@;« 6“?:%?01 P %\0 & \QA 5
S ST &q’-\ Vet

Figure 3. FI observed for the RF and XGB models and scenario-1 (a), scenario-2 (b), and scenario-3 (c).
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Logically, CHIRTS data (Tx, Tn, and Tiean) were identified as the most contributive
variable, with FI values systematically superior to 40% and 50% for both the RF and XGB
models. Due to the strong relationship linking air temperature and elevation, elevation was
identified as the second most contributive variable in the XGB model across all scenarios
(Tx, Tn, and Tmean), Whereas it was only the case in scenario-1 and -2 (Tx and Ty) for the RF
model. Interestingly, with a FI value superior to 10%, LST contribution was only significant
for scenario-3 (Tmean), Whereas FI values lower than 10% were observed for scenario-1 and
-2 (Tx and Ty). This discrepancy can be explained by the LSTx and LST,, time acquisition,
which differ from the observed local time of Tx and Ty, respectively; a temporal mismatch
that is attenuated through the average process to derive LSTmean. NDVI low FI scores (<5%)
can be explained by the time lag between air temperature and the NDVI temporal dynamic.
While air temperature presents high variations from day to day, the NDVI changes are
much smoother. Therefore, no relation is expected between air temperature and NDVI at
the daily time step. Similar observations apply to Julian day. However, NDVI and Julian
day gathered relevant information on Madagascar’s temporal seasonality and bioclimatic
regions to adjust the models in space and time.

Figure 4 shows the statistical metrics (R?, RMSE, and MAE) obtained for all models
(RE, XGB, and MLR) and scenarios (-1, -2, and -3) at 5 km for the validation step with the
optimum hyperparameters values (Table 1).

(a)
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Figure 4. R? (a), RMSE (b) and MAE (c) obtained with the validation dataset for 2015 at 5 km spatial
resolution for all the considered models (RF, XGB, MLR) and scenarios (-1, -2, -3).

Considering scenario-1 (Tx), an R? improvement of 11%, 11%, and 6% is observed for
RE XGB, and MLR, respectively. The improvement is even more consequent considering
both RMSE and MAE, with an RMSE decrease of 30%, 29.5%, and 11.5%, and a MAE
decrease of 33.5%, 33.5%, and 8% observed for RF, XGB, and MLR, respectively. Consid-
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ering scenario-2 (Ty), the improvements are even more important, with an R? increase of
approximately 68%, 68%, and 48%, a RMSE decrease of approximately 63.5%, 63.5%, and
44.5%, and a MAE decrease of approximately 68%, 68%, and 48% observed for RF, XGB,
and MLR, respectively. Considering scenario-3 (Tmean), intermediate improvements are
observed as Tean is obtained from Ty, and Tx (Equation (1)).

Overall, all the models improve CHIRTS Ty, Ty, and Tmean estimates, with the RF and
XGB models performing better than the MLR model.

4.2. Model Prediction at 1 km

Figure 5 presents the metrics obtained when using the trained models to downscale
CHIRTS estimates (Tx, Tn, and Tpean) from 5 km to 1 km for 2016.
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Figure 5. Metrics (R?2, RMSE and MAE) obtained with the application of the models (RF, XGB,
MLR) at 1 km spatial resolution for 2016, considering scenarios-1, -2, and -3 (a,c,e), along with the
5-days average of mean daily temperature observations (Tx, Tn, and Tpean) derived from all available
stations and corresponding pixels (b,d,f).

In scenario-1 (Ty), no improvement is observed in terms of R?, with values ranging
between 0.86 and 0.87 before and after the model application. Regarding RMSE (MAE),
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a slight decrease of 9% (8%), 3% (3%), and 5% (4%) is observed for RF, XGB, and MLR,
respectively, in comparison to CHIRTS.

In scenario-2 (Ty), slight improvements of 9%, 7%, and 2% are observed for the R?
value and RF, XGB, and MLR models, respectively, in comparison to CHIRTS. The largest
improvements are observed in RMSE (MAE), with a decrease of 53% (55%), 49% (52%), and
42% (44%) for RF, XGB, and MLR, respectively, in comparison to CHIRTS.

Finally, the highest statistical scores are observed for scenario-3, with the RF and XGB
models presenting R? values of 0.92 and 0.93, respectively. In comparison to CHIRTS, a
significant improvement is observed on RMSE (and MAE), with a decrease of 47% (47%)
and 43% (43%) for RF and XGB, respectively.

Overall, the downscaling process does not significantly improve the R? score. In
reality, both CHIRTS and the model outputs (Ty, Tx, and Tmean) correctly capture the air
temperature dynamic (Figure 5b,d,f). The model benefit relies more on the RMSE and MAE
decrease (especially for T, and Tmean), resulting in a significant bias correction of both
CHIRTS Ty, and Tean all along the time series (Figure 5d,f).

Figure 6 shows the mean daily temperature maps (Tp, Tx, and Tmean), as observed by
CHIRTS and all the models and scenarios combination for 2016, along with the R? obtained
at each considered meteorological station.

CHIRTS RF XGB MLR

scenario-1
(T) -
min: 0.14
J avg: 0.73
{ max: 0.92
RZ
® <02
© 0.2-0.4
scenario-2 © 0.4-06
(T) ® 06-0.8
®>08
scenario-3
[Tmnn)

Figure 6. R? obtained at the meteorological stations location for the validation of 2016 data at 1 km
spatial resolution for all the considered models (RF, XGB, MLR) and CHIRTS for scenarios-1 (a—d),
-2 (e-h), and -3 (i-1). The color maps used as background show the daily mean air temperature
average (Ty, Tx, and Tmean) observed for 2016. White pixels are observed due to LST and/or NDVI
missing data, preventing the models” application.
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In comparison to CHIRTS, the model outputs lead to a significant decrease in tem-
perature estimates, especially along the western Madagascar coast (Figure 6). This spatial
pattern is in line with the overall bias values observed on CHIRTS Ty, Tx, and Tmean €s-
timates (Figure 5). The downscaling from 5 km to 1 km brings much more detail about
the air temperature spatial patterns that are shaped by the elevation variations (Figure 5).
This feature is in line with the FI, as elevation is one of the most contributive features
for all model and scenario combinations (Figure 3). This improvement will support air
temperature monitoring in regions with important air temperature changes observed in a
reduced space due to topographic features.

Considering scenario-1 (Ty), no R? improvement is observed in comparison to CHIRTS
for all considered models (i.e., RF, XGB, MLR). Even for the stations with the lowest R?
value for CHIRTS (R? < 0.2) located in the Northern region, no model significantly increased
its R? value. However, when considering scenario-2 (Ty), all the models improved the R?
values at the station location where the lowest R? values are observed for CHIRTS. More
precisely, an R? improvement of approximately 66.5%, 60.5% and 36.5% is observed for the
RF, XGB, and MLR models, respectively, for the station with the lowest R? score for CHIRTS
(R? = 0.33). According to the respective improvement observed on Ty and Ty, estimates,
scenario-3 (Tmean) shows slight improvements, mainly for the northern stations, where
CHIRTS provides the least reliable Tinean estimates.

Figure 7 shows the RMSE obtained for CHIRTS and the considered models (i.e., trained
on 2015 data) for 2016 at 1 km spatial resolution.
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Figure 7. RMSE obtained at the meteorological stations location for the validation on 2016 data at 1 km
spatial resolution for all the considered models (RF, XGB, MLR) and CHIRTS for scenarios-1 (a—d),
-2 (e-h), and -3 (i-1).
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As observed for R?, the improvement brought by the models is slight to none for the
Ty estimates (scenario-1) but significant for the T, estimates (scenario-2). In reality, for
the stations located in the Western and Central regions, the RMSE observed with CHIRTS
ranging from 2.2 to 8.0 °C significantly decreased after applying the trained models. This is
especially true for the RF model, with all stations presenting RMSE values inferior to 2.2 °C.
As a result, when considering the RF model, a RMSE decrease of approximately 47% is
observed on average. The improvement significantly increases to 75% for the station with
the highest RMSE value for CHIRTS (RMSE = 7.53 °C). The improvement brought by the
models on Ty, is consequently observed for Tmean (scenario-3). Indeed, a RMSE decrease of
approximately 41%, 37%, and 31% is observed for RF, XGB, and MLR in comparison to the
average value observed for CHIRTS Tpean average MAE value (MAE = 1.85 °C).

Figure 8 shows the MAE obtained for CHIRTS and the considered models (i.e., trained
on 2015 data) for 2016 data at 1 km spatial resolution.
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Figure 8. MAE obtained at the meteorological stations location for the validation on 2016 data at 1 km
spatial resolution for all the considered models (RF, XGB, MLR) and CHIRTS for scenarios-1 (a-d),
-2 (e-h), and -3 (i-1).

As for R? and RMSE, the improvement brought by the models is clearly observable for
the Ty, estimates (scenario-2). In reality, an MAE decrease of approximately 55%, 51.5% and
44% on the average CHIRTS T, MAE value is observed. As for the RMSE, the improvement
is more important for the Western and Central regions, where CHIRTS MAE values range
from 2.0 to 8.0 °C, whereas RF MAE values are systematically inferior to 2.0 °C. The
improvement observed for the Ty, estimates is reflected in Trean Values (scenario-3) with a
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MAE decrease of approximately 46.5%, 43%, and 36% for the REF, XGB, and MLR models,
respectively. When focusing on the station location with the highest MAE value for CHIRTS
(MAE = 3.86 °C), the improvement increased to approximately 67%, 67%, and 59% for RF,
XGB, and MLR, respectively.

Overall, all the models perform better in correcting the error on CHIRTS T, than Tx
estimates, with RF and XGB models providing more reliable T, and T estimates than the
MLR model. With no R? improvement for all considered scenarios (-1, -2, and -3), no models
are able to correct the temporal inconsistency observed in CHIRTS temperature estimates.

5. Discussion
5.1. New Insights

The actual state-of-the-art on T-datasets spatial downscaling is limited to Tmean €s-
timates [25,26,38]. Even if these efforts bring relevant contributions on air temperature
monitoring and sensitivity to anthropogenic factors (i.e., LULC, greenhouse gases), at a
finer spatial scale, their contribution remains limited regarding extreme temperature events.
In reality, the ongoing warming process also comes with an increase in the frequency and
intensity of extreme temperature events such as HWs and CWs, threatening sanitary and
food security [3-9]. As HWs and CWs monitoring is based on Tx and Ty, respectively,
the ability to monitor Tx and Ty, at a finer spatial scale is critical to understanding their
dynamics in located sensitive regions such as urbanized and agricultural areas.

By transferring and adapting the available methodological steps for Tmean to Tx and
Ty, the results show that spatially improved Tx and Ty, estimates can be achieved with these
methods. In addition to the benefits regarding HWs and CWs at finer spatial scale, the
generated T, and Ty could be used to retrieve Tean without the need for the calibration of a
specific Tmean modeling set-up (scenario-3), affording the lowest computational time. In this
context, Table 2 shows the metrics obtained with Tpean retrieved from T, and Ty estimates
(i.e., scenario-4) obtained through all the considered models and scenarios combined. In
comparison to scenario-3, the results show a slight increase (decrease) of R? (RMSE and MAE)
for all the considered models (Table 2). Following this process, the RF model appears as the
most reliable option to retrieve Tmean With R2, RMSE, and MAE values of 0.93, 1.09 °C, and
1.02 °C, respectively (Table 2). The slight outperformance of scenario-4 over scenario-3 could
be explained by the consideration of the Ty, estimate model outputs, which showed the most
notable improvement in comparison to CHIRTS T, estimates (Figure 5).

Table 2. Metrics comparison between scenario-3 and -4.

Metrics Model Scenario-3 Scenario-4 Change (%)

RF 0.93 0.93 0.30
R? XGB 0.92 0.92 0.47
MLR 0.90 0.90 0.06

RF 1.11 1.09 -191

RMSE XGB 1.18 1.15 —2.65

MLR 1.31 1.30 —0.26

RF 0.85 0.84 —1.57

MAE XGB 0.91 0.88 —3.37

MLR 1.03 1.02 —0.19

5.2. Validation Uncertainties

It is worth mentioning in this section that some limitations regarding the validation
step arise from the analysis.
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First, during the training step, the training/validation dataset splitting (70%/30%) is
based on the total daily observations from all the available stations (n = 20), regardless of
their temporal proximity. For a given station and a very limited temporal scale (i.e., week),
the daily air temperature observations (T, Tx, and Tmean) and considered features (CHIRTS,
NDVI, LST) are expected to be very similar. In this context, very similar daily observations
are going to be part of the training and validation datasets, so that the models are going
to be “well trained” to reproduce what they already learned during their calibration. To
minimize this redundancy, the validation at 1 km is based on a training and validation
dataset encompassing the 2015 and 2016 observations, respectively. Even if the same
meteorological stations are used for each year (2015 and 2016), the daily air temperature
observations (Tp, Tx, and Tmean) and considered features (CHIRTS, NDVI, LST) are expected
to be contrasted from one year to another. In this context, the models are assessed upon
a “less learned” context, ensuring more representative statistical metrics of these models’
potential for long-term monitoring.

Secondly, the models were trained and validated at meteorological station locations
with specific (i) climate, (ii) environmental, and (iii) topographic features that are not
representative of the broader range observed at the Madagascar national scale (Figure 9).
Whereas Madagascar encompasses topographic features from low-lying plains to high
peaks with steep slope areas, the stations used to train/validate the models are mostly
located in low-lying flat regions located near the coast due to the presence of airports
(Figure 9). In this context, model predictions in a different topographic context than the one
used to train the models (i.e., observed at the meteorological station location) are expected
to be less reliable. This limitation increases even more considering that the combination
of all considered features (i.e., NDVI, LST) presents an even broader range of variation at
the national scale than at the meteorological station locations. This feature is especially
marked across Madagascar due to the limited number of meteorological stations that cannot
represent air temperature sensitivity to environmental components (topography, NDVI,
etc.). Therefore, it is worth mentioning that the obtained statistical scores (Figures 5-8)
are not representative of the model performance across regions (in or outside Madagascar
island) with different environmental contexts (i.e., elevation, slope, aspect, LST, NDVI) than
those included in the training dataset.

(a) (b)
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Madagacar Stations Madagacar Stations

Figure 9. Boxplot comparison of (a) elevation, and (b) slope observed at the national scale and at the
meteorological station locations. The bottom and upper edges of the boxes represent the 25th and
75th percentile values, respectively, whereas the central horizontal line represents the median value.

In this context, assessing the models’ output reliability in an untrained context (tem-
porally and spatially) remains challenging. Leave One Out Cross Validation (LOOCYV)
could be used to partially overcome this issue by training the model with the observations
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provided by “n-1” out of the “n” available stations and estimating the air temperature for
the stations not included in the training set. Reiterating this operation “n” times would
allow assessing the model reliability in the untrained context of the stations successively not
included in the training set. However, this approach remains limited to the context (i.e., el-
evation, slope, aspect, LST, NDVI) observed at the station location used to validate the
models. To overcome this issue, a modeling approach such as hydrologic modeling could
be an interesting alternative. Indeed, these models rely on evapotranspiration estimates
that can be calculated from air temperature estimates [61,62]. Comparing hydrological
model outputs (i.e., streamflow) obtained through (i) downscaled/calibrated air temper-
ature estimates and (ii) available interpolated meteorological station observations could
highlight the reliability of the proposed method in an “untrained” context. However, the
model outputs (i.e., streamflow) are not only sensitive to evapotranspiration estimates
(i.e., air temperature estimates), but also to other parameters subject to uncertainties (i.e.,
precipitation, LULC, model structure).

5.3. Methodological Improvements Recommendations

Despite the overall ability of the proposed modeling approach to improve CHIRTS
estimates (Tx, Tn, Tmean) and spatial resolution (i.e., 5 km to 1 km), some considerations
could have been taken into account to improve the downscaling procedure.

First, additional variables related to precipitation and wind components could have
been considered to improve model output consistency. Wind information has already been
considered for ERA-5 air temperature estimate downscaling [25,26,38]. In Italy, wind zonal
and meridional components along with wind speed contributed positively to the downscaling
of ERA-5 Tnean from 9 km to 1 km [38]. Regarding precipitation, lower air temperatures are
generally observed after precipitation events, so that satellite-based precipitation estimates
could be used as input. However, their low spatial resolution and uncertainties across
Madagascar represent a challenge for their consideration [63]. In this context, a downscaled
procedure that has proven efficiency to improve both spatial resolution (up to 1 km) and
estimate reliability (i.e., [64]) should be considered before its use.

Secondly, this study only considered the information gathered at the pixel level.
However, at a specific location (i.e., pixel), the air temperature variation are not only
sensitive to the local condition but also to its neighboring environment. For instance, the
topographic features (i.e., elevation, slope, and aspect) observed in the neighboring pixels
affect the centered pixel’s exposure to sunlight, wind, rain, humidity, and therefore its air
temperature value. To a lesser extent, this observation also applies to LST and NDVI, which
also gather relevant information linked to the centered pixel air temperature values. To take
this spatial sensitivity into account, a study conducted in China considered the information
gathered in a sub-grid of 7 x 7 pixels centered on the pixels including the meteorological
station for downscaling of ERA-5 land Tmean estimates [65].

Finally, more complex models such as deep-learning models (i.e., Bidirectional Long
Short Term Memory) could be considered so that information on previous and/or following
days can be used to improve the air temperature adjustment. Along this line, an alternative
should be to apply hydride models based on conditional diffusion models that simultane-
ously integrate downscaling and bias correction, preserving statistical distributions and
improving spatiotemporal consistency in climate estimates [66].

6. Conclusions

This study assessed the benefits of using MODIS LST and NDVI estimates along with
topographic features as input variables in machine-learning models (Random Forest—RF;
eXtreme Gradient Boosting—XGB, multi-linear regression—MLR) to downscale daily
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CHIRTS air temperature estimates (maximum, minimum, and mean—TY, Ty, and Timean)
from 5 km to 1 km. The main results of the study can be summarized as follows:

e  The downscaling procedure not only improved the spatial resolution but also the air
temperature (T, Tx, and Tmean) estimates reliability.

e  Considering Tmean, @ RMSE decrease of approximately 41%, 37%, and 31% is observed
when applying the proposed modeling set-up with RE, XGB, and MLR, respectively.

e  For all considered models, a more important air temperature estimates improvement
is obtained for Ty, than for Ty, with the RF model performing the best, leading to an
RMSE improvement of 47.1% and 6.1% for Ty, and Ty, respectively.

o  The model benefits are not consistent in space: the models perform better in the
Western and Central parts of Madagascar. This is partially explained by a higher
similarity in the environmental context (i.e., elevation, slope, aspect, LST, NDVI)
observed in these regions, with the one described at the meteorological station location
used for model calibration.

It is worth mentioning here that the proposed method does not improve the temporal
reliability of throughout temperature series, as similar R? values are observed before and
after the model application. This result suggests that the downscaled temperature estimates
are prone to improvement. Along these lines, the consideration of neighboring pixels
information should lead to improvements as the centered pixel temperature dynamic is
expected to not only be sensitive to its local condition, but also to its close surrounding
context (i.e., especially topographic context). Similarly, additional variables that may
influence temperature variation in time (e.g., precipitation, wind) should be considered as
additional model inputs for improving the model outcomes.
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CHIRTS Climate Hazards Center InfraRed Temperature with Station daily
CIRAD French Agricultural Research and International Cooperation Organization
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CW Cold Waves

DEM Digital Elevation Model

DGM General Directorate of Meteorology

FI Feature importance

HW Heat Waves

LOOCV Leave One Out Cross Validation

LSTx, LSTyn, LSTmean  Land Surface Temperature maximum, minimum, and mean
LULC Land use land cover

MAE Mean Absolute Error

MLR Multiple Linear Regression

MODIS Moderate Resolution Imaging Spectroradiometer
NASA National Aeronautics and Space Administration
NDVI Normalized Difference Vegetation Index

R? Coefficient of Determination

RF Random Forest

RMSE Root mean squared error

SRTM Shuttle Radar Topography Mission

Tx, T, Trmean Daily maximum, minimum, and mean temperature
XGB eXtreme Gradient Boosting
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