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ABSTRACT 

The present study focused on applying deep learning methods to analyze the dynamics of vegetation in 

Kazakhstan's ecosystem. Satellite-based indices, such as Normalized Difference Vegetation Index (NDVI) 

and Enhanced Vegetation Index (EVI) were utilized to develop predictive models assessing the effects of 

environmental parameters on vegetation health. Convolutional Neural Networks (CNNs) were employed 

for spatial feature extraction along with Recurrent Neural Networks (RNNs) for capturing temporal 

dependencies. Initially, the ResNet-50 model was deployed with the results revealing a poor correlation 

with the actual vegetation patterns. Extensive preprocessing and optimization methods, such as batch 

normalization and gradient clipping, were applied, and the findings demonstrated a significant 

improvement in predictive precision, enabling accurate forecasts of vegetation changes. This work 

highlighted the potential of combining advanced technology with ecological research to develop solutions 

for managing climate impacts. 
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I. INTRODUCTION  

As climate and human activity change, it is important to 
understand how vegetation responds in order to maintain 
biodiversity. Kazakhstan is a country with vast territories and 
ecological variety, ranging from semi-desert to the steppe zone, 
as well as mountains and forests. Steppes alone cover about 
28% of the total land area with more than 6,000 plant types, 

500 bird species, and 150 mammal kinds included in the 
country's ecosystem [1]. However, the stability of these 
habitats is constantly threatened by several biogenic and 
anthropogenic sources [2]. 

The Aral Sea desiccation, as depicted in Figure 1, was one 
of the most significant environmental disasters of the 20th 
century. Its surface area decreased from 58,000 km² to less than 
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8.000 km² in a time period of 37 years, revealing the 
progressive shrinkage of the sea. Particularly, the water volume 
declined by over 90% while the salinity increased from 10 g/L 
to more than 100 g/L, leading to the extinction of most fish 
species and consequently to the collapse of fishing industry [3]. 
Except these, the disaster impacted public health, including a 
rise in respiratory diseases, anemia, and cancer [4]. The 
consequences of current tendencies for the territory of 
Kazakhstan are associated with rising temperatures and 
changes in the precipitation regime (Figure 2), which enhance 
the process of desertification and further strain water resources 
[5]. 

 

 

Fig. 1.  Progressive desiccation of the Aral Sea (1977–2014). 

 
Fig. 2.  Trends in temperature anomalies and precipitation changes in 
Kazakhstan (1960–2020). 

For these reasons, the Government of Kazakhstan, in 
conjunction with many international organizations, has done 
several actions towards the conservation of its biodiversity by 
establishing nature reserves and national parks. In 2021, about 
ten national parks and a number of protected areas were 

established. Such strategies should be based on comprehensive 
environmental monitoring and management plans integrated 
with sustainable practices that align with global environmental 
norms. 

To address these challenges, the present research applied 
deep learning techniques to forecast vegetation health and 
distribution using indices, such as NDVI and Enhanced EVI, as 
well as CNNs and Recurrent RNNs for the analysis of both 
spatial and temporal patterns [6]. 

II. DATA COLLECTION AND PREPROCESSING 

A. Data Collection 

A comprehensive dataset was constructed using Moderate 
Resolution Imaging Spectroradiometer (MODIS) products 
onboard NASA's Aqua and Terra satellites [7]. Specifically, the 
MOD13Q1 Vegetation Index product was utilized, which 
provided 16-day composites of the NDVI and EVI at a spatial 
resolution of 250 m. The dataset covered a period from 20 
April 2022 to 1 September 2023, encompassing the entire 
territory of Kazakhstan (36.4212°–55.7177° N, 46.2508°–
87.6306° E), thereby enabling detailed observation of seasonal 
and regional vegetation patterns. 

To ensure temporal consistency, daily precipitation data 
from Advanced Microwave Scanning Radiometer 2 (AMSR2) 
and Special Sensor Microwave Imager onboard the Defense 
Meteorological Satellite Program (SSMI/DMSP) were 
aggregated into 16-day periods. This alignment combined with 
the NDVI composite interval facilitated time-synchronized 
analysis of vegetation response to rainfall. Additionally, 
precipitation rate maps from the Integrated Multi-Satellite 
Retrievals for GPM (IMERG) product were employed to 
enhance the dataset with high-resolution rainfall information. 
All imagery was retrieved using NASA's Worldview Snapshot 
API through automated scripts developed in Python, ensuring 
consistency and reducing manual errors. 

B. Preprocessing 

The preprocessing stage involved several steps to prepare 
the raw data for analysis. Initially, satellite images underwent 
cleaning through correction algorithms to remove artifacts, 
such as cloud cover and sensor noise. This was followed by 
reprojection to a common coordinate system and resampling to 
a unified spatial resolution. A min-max normalization method 
was applied to scale both vegetation indices and precipitation 
values to a [0, 1] range, preserving their relative distributions 
while ensuring compatibility for modeling. Precipitation data 
were also temporally aggregated to match the NDVI intervals. 
The processed dataset consisted of 499 preprocessed and 
temporally aligned NDVI-precipitation samples. Of those, 80% 
(399 samples) were used for model training, and 20% (100 
samples) for validation [8]. 

C. Satellite Remote Sensing for Vegetation Monitoring 

Satellite remote sensing has completely revolutionized the 
understanding of vegetation monitoring, focusing into 
vegetation health, growth trends, and ecological change. 
Specifically, the MODIS Vegetation Index (L3, 16-Day) layer 
provides a summary of vegetation conditions every 16 days at a 
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250-m spatial resolution, which is very beneficial in the field of 
vegetation dynamic monitoring [9]. A key parameter derived 
from MODIS is the NDVI, which calculates the difference 
between near-infrared light, highly reflected by vegetation, and 
visible red light, which vegetation strongly absorbs. NDVI is 
calculated by: 

NDVI  � ��	
 �
�
�	
�
�
�    (1) 

where NIR is the reflectance of near-infrared light (typically 
around 0.76-0.90 μm) and RED is the reflectance of visible red 
light (typically around 0.63-0.69 μm). NDVI values range from 
-1 to +1, with higher values indicating healthy, dense 
vegetation, while lower values representing less vegetation or 
non-vegetated surfaces. 

Such data are particularly crucial for regions affected by 
prolonged droughts, which severely impact vegetation cover 
and ecosystem functioning [10-12]. For instance, authors in 
[13] utilized NDVI in monitoring drought conditions in sub-
Saharan Africa, providing valuable early warnings for food 
security planning. Furthermore, the integration of these tools 
with land-use strategies enables researchers and policymakers 

to track vegetation trends, assess ecosystem health, and 
mitigate the impacts of environmental degradation through 
informed interventions. It has been shown that NDVI, along 
with indices, such as the Global Vegetation Moisture Index 
(GVMI) and the Normalized Difference Water Index (NDWI), 
serves as an important input for CNN-based ecological 
modeling [14]. For the last decade, MODIS NDVI data have 
revealed that, for most parts of northern Kazakhstan, a 5% 
increase in vegetation has occurred due to more frequent rains, 
while for southern Kazakhstan, a 7% decrease in vegetation 
growth has occurred due to drought [15]. 

The historical data obtained from the Advanced Very High-
Resolution Radiometer (AVHRR) of the National Oceanic and 
Atmospheric Administration (NOAA) complements MODIS 
NDVI data by providing a long-term historical record dating 
back to the late 1970s [16]. While AVHRR offers long-term 
temporal coverage, MODIS ensures high-quality and precise 
helping the tracking of vegetation changes influenced by 
environmental factors. The MODIS algorithm, as illustrated in 
Figure 3, identifies the optimal possible pixel values by 
selecting those with minimal cloud cover, optimum viewing 
angles, and the highest NDVI values [17]. 

 

 
Fig. 3.  Illustration of the MODIS target area extraction process and NDVI-based indices. 

D. Gathering Satellite Data 

Satellite data were collected through NASA's Worldview 
Snapshot API, a service that enables automated access to 
georeferenced Earth observation imagery. Python scripts were 
developed to streamline the data acquisition process, allowing 
the daily download of MODIS vegetation layers, reflectance 
products, and precipitation data. These scripts handled not only 
the API interaction, but also spatial filtering, date iteration, and 
storage management, ensuring reproducibility and scalability. 

For preprocessing, tools such as NumPy and SciPy were 
utilized for normalization and filtering, while Geospatial Data 
Abstraction Library (GDAL) facilitated coordinate 
transformation and raster handling. Data were systematically 
organized by type, date, and spatial region to support efficient 
retrieval during model training and evaluation. Additionally, 
temporal metadata were employed to index and align the 
datasets. 

This structured and automated approach enhanced data 
quality and enabled robust integration with downstream deep 
learning pipelines. A visual example of the dataset is presented 
in Figures 4 and 5. NDVI-based vegetation patterns over 
Kazakhstan derived from the MODIS Aqua L3 product are 
illustrated in Figure 4, while Figure 5 depicts the precipitation 
patterns, using a combination of data layers that include the 
MODIS Terra Corrected Reflectance True Color, AMSR2, and 
SSMI/DMSP instruments. These layers provided a 
comprehensive coverage of precipitation events, crucial for 
correlating vegetation health with water availability in these 
arid and semi-arid regions [18]. 

Figure 6 presents the vegetation cover (green shading) and 
precipitation distribution (blue shading) derived from satellite 
data, while Figure 7 illustrates the preprocessed vegetation 
distribution. 
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Fig. 4.  Vegetation distribution of Kazakhstan covering the region bounded by the coordinates Top Right: (Latitude 55.5607, Longitude 87.5943) and Bottom 
Left: (Latitude 36.4112, Longitude 46.2757). NASA Worldview: https://worldview.earthdata.nasa.gov/. 

 
Fig. 5.  Precipitation map of Kazakhstan covering the region bounded by the coordinates Top Right: (Latitude 55.5607, Longitude 87.5943) and Bottom Left: 
(Latitude 36.4112, Longitude 46.2757). ). NASA Worldview: https://worldview.earthdata.nasa.gov/. 

 
Fig. 6.  Improved satellite-based visualization of vegetation and 
precipitation patterns across Kazakhstan. 

 
Fig. 7.  Gathered and preprocessed vegetation image. 
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E. Preprocessing Techniques 

Distinct preprocessing approaches were implemented for 
vegetation and precipitation data to optimize them for deep-
learning applications. Specifically, they focused on analyzing 
and predicting vegetation dynamics, which referred to changes 
in vegetation health, density, and distribution over time and 
space in response to environmental factors, such as climate 
variability, precipitation patterns, and human activities. 

For vegetation analysis, satellite data were captured almost 
daily by MODIS, but the NDVI product was derived from 16-
day composites. These composites provided a more stable view 
of the vegetation cover over time, as daily reflectance images, 
which are acquired more frequently, may contain redundant 
information for this particular analysis. To streamline the 
model's performance and focus on the key features, the NDVI 
data were converted to a single channel format, which merged 
multiple channels representing different reflectance dynamics 
into one grayscale image (Figure 8). This simplification 
reduced computational complexity without losing critical 
information. The images were stored in the PyTorch tensor 
format ('*.pt'), which maintained data integrity for further 
analysis. 

On the other hand, precipitation data presented unique 
challenges due to their daily variability and the distinct effects 
of different precipitation types, such as rain and snow, on 
vegetation. To address these challenges, precipitation data for 
each 16-day vegetation monitoring period were aggregated into 
a composite file. Each day was represented by three channels 
corresponding to rainfall, snowfall, and mixed precipitation, 
resulting in a total of 48 channels (16 days × 3 channels). This 
structure allowed the model to differentiate the varying impacts 
of precipitation types on vegetation dynamics. 

The original resolution of these data (2,048 × 4,096 pixels) 
was resized to 512 × 512 pixels. Each pixel represented an 
aggregated value derived from the corresponding area in the 
original image, ensuring the spatial integrity of the data while 
reducing computational demands. This resizing process helped 
streamline the model training pipeline without compromising 
the quality and detail required for accurate predictions. As 
described in Figure 8, the pipeline was designed to optimize the 
input data for deep learning models, enhancing the model's 
prediction ability. By structuring the data effectively and 
tailoring the preprocessing steps to the needs of the study, the 
research demonstrated the utility of advanced ML techniques 
[19] for analyzing vegetation dynamics in Kazakhstan. 

 

 
Fig. 8.  Dataset creation end-to-end pipeline.

III. MODEL BUILDING AND ANALYSIS 

The accurate prediction of vegetation dynamics required a 
modeling approach capable of capturing both the spatial and 
temporal complexities inherent in ecological data. To achieve 
this, a hybrid deep learning model was developed, integrating 
CNNs and RNNs. CNNs are well-suited for extracting spatial 
features from satellite imagery, identifying intricate patterns, 
and variations in vegetation cover, while RNNs -particularly 
LSTMs- capture temporal dependencies, enabling analysis of 
vegetation changes over time and predictions of future states 
[20]. 

The model was designed to address challenges associated 
with high-dimensional ecological data, such as computational 
efficiency, prevention of overfitting, and scalability. By 
incorporating advanced systems, like batch normalization, 
dropout, and gradient clipping, the architecture ensured 
stability during training while maintaining high predictive 
accuracy and practical applicability [21]. 

A. Model Architecture 

The proposed deep learning architecture was created to 
analyze and predict vegetation dynamics from satellite 
imagery, containing convolutional, pooling, and fully 
connected layers. Specifically, convolutional layers can 
automatically extract spatial structures in images, detecting 
vegetation changes [22]. MaxPooling layers reduce feature 
map size while preserving essential information [23] and fully 
connected layers process the extracted features, with batch 
normalization and dropout be applied to stabilize training and 
prevent overfitting. 

To capture temporal dependencies efficiently, Gated 
Recurrent Units (GRUs) were utilized, simplifying the 
architecture and reducing computational complexity compared 
to LSTMs, which predict vegetation changes by analyzing 
time-series satellite imagery [24, 25]. 

The model processed input images of size 512 × 512 × 3 
(Table I). A series of convolutional layers increased the number 
of filters from 32 to 512, alternated with MaxPooling layers to 
reduce dimensionality. The final convolutional output was 
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passed to an Adaptive Average Pooling layer 
(AdaptiveAvgPool2d), preparing it for the fully connected 
layers. These by turn, contained a significant number of 
parameters with the first one having 134 million, the second 4 
million, and the last 268 million. In total, the model involved 
408 million parameters and consumed 1,770 MB of memory. 

Visualization techniques for CNNs helped interpret 
extracted features and optimize the model architecture [25, 26]. 
Model improvements can be achieved by reducing the number 
of parameters in the fully connected layers and eliminating 
redundant computations. 

Following the initial layer, the model employed a deeper 
convolutional layer (Conv2d-2) (Figure 9), with 32 channels 
and 896 parameters, allowing for more complex feature 
extraction without a substantial rise in computational cost [27]. 

TABLE I.  COMPLETE MODEL ARCHITECTURE 

Layer (Type) Output shape Parameters 

Conv2d-1 -1, 3, 512, 512 147 

Conv2d-2 -1, 32, 512, 512 896 
MaxPool2d-3 -1, 32, 256, 256 0 

Conv2d-4 -1, 64, 256, 256 18,496 
MaxPool2d-5 -1, 64, 128, 128 0 

Conv2d-6 -1, 128, 128, 128 73,856 
MaxPool2d-7 -1, 128, 64, 64 0 

Conv2d-8 -1, 256, 64, 64 295,168 
MaxPool2d-9 -1, 256, 32, 32 0 
Conv2d-10 -1, 512, 32, 32 1,180,160 

MaxPool2d-11 -1, 512, 16, 16 0 
AdaptiveAvgPool2d-12 -1, 512, 8, 8 0 

Linear-13 -1, 4096 134,221,824 
Linear-14 -1, 1024 4,195,328 
Linear-15 -1, 262,144 268,697,600 

Total parameters - 408,683,475 
 

 
Fig. 9.  Convolution layer in model architecture. 

B. Model Training and Optimization 

The model's efficiency relied not only on its architecture, 
but also on its training and optimization. Advanced methods, 
including adaptive optimizers, regularization, and gradient 
stabilization, ensured reliable analysis and prediction of 
vegetation dynamics. 

During training, NDVI and EVI indices were processed 
through CNNs and RNNs. The model adjusted its parameters 
using the Adam optimizer, which combined Momentum and 
Root Mean Square Propagation (RMSProp) to efficiently 

manage sparse gradients and improve convergence speed by 
over 50% compared to traditional methods [28]. 

Additionally, techniques, such as batch normalization, 
dropout, and regularization prevented overfitting. Generally, 
batch normalization accelerates training, stabilizes learning, 
and reduces the number of required epochs by 20% [29], while 
dropout prevents overfitting by deactivating random neurons, 
improving generalization by about 4%. Parallel computing 
resources, like GPUs and TPUs, significantly speeded up 
training, supporting large-scale ecological data processing. 
Learning rate decay and early stopping strategies improved 
efficiency by up to 10% in deep architectures [30]. In these 
experiments, an optimal learning rate of 0.001 was identified 
using validation loss-based early stopping. Gradient clipping 
was also implemented to ensure stable weight updates and 
preventing divergence [31]. 

IV. RESULTS AND DISCUSSION 

Developing effective predictive models for vegetation 
dynamics involves handling the complexities of large neural 
networks. In this study, the application of ResNet-50, a model 
well-known for its depth and complexity with few parameters 
was initially considered [32]. This model was first designed for 
classification, containing around 23 million parameters and 50 
convolutional layers [33]. Despite its sophisticated architecture, 
the model's performance in this investigation was suboptimal, 
as detailed in Figure 10, which depicts the poor results obtained 
from initial tests. This inefficacy could be attributed to several 
factors intrinsic to the nature of the specific application. 

 

(a) 

 

(b) 

 

Fig. 10.  (a) ResNet-50 Model and (b) actual image of vegetation. 
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The pixel-level prediction required for vegetation health 
and coverage did not aligned well with the classification 
strengths of ResNet-50. An attempt to classify pixel data into 
five distinct classes was developed within specific intervals: [0, 
0.1, 0.3, 0.5, 0.7]. This classification was designed to handle 
the prevalence of black pixels (0 value), which are common in 
satellite imagery due to shadowing and other factors, by 
assigning them to a distinct class. Figure 11 illustrates the 
architecture of the ResNet50 model used in this experiment, 
detailing its complex structure and numerous layers. 

 

 
Fig. 11.   Architecture of ResNet50 model used for vegetation dynamics 
prediction. 

The confusion matrix of this model is presented in Table II. 
While its accuracy was recorded at 86.7%, this metric was not 
appropriate given the class imbalance in the dataset. As a 
result, the balanced-accuracy score significantly dropped to 
61.2%. To address the complexity and overfitting risks 
associated with deep models, dropout, batch normalization, and 
custom loss functions were incorporated during training. These 
enhancements improved the model's generalization ability and 
robustness when applied to unseen data. Specifically, dropout 
helped prevent co-adaptation of neurons, batch normalization 
stabilized the learning process, and task-specific loss functions 
ensured more meaningful gradient updates in the context of 
vegetation regression. 

TABLE II.  CONFUSION MATRIX FOR RESNET-50 MODEL 

 Predicted 
Predicted 

1 

Predicted 

2 

Predicted 

3 

Predicted 

4 

Class 0 217012 812 663 454 546 
Class 1 15750 7812 3023 5012 3626 
Class 2 1099 300 1012 1032 1111 
Class 3 209 215 312 1533 512 
Class 4 1 3 15 22 58 

 

Figure 12 presents the convergence of training and testing 
loss across 30 epochs, demonstrating the effective learning rate 
of 0.0001, which was selected based on optimization studies, as 
shown in Table III. The regression model, utilizing a sequence 
of deep learning architectures, demonstrated remarkable 
performance in terms of loss reduction and prediction accuracy 
over the training period. Specifically, the model learned to 
predict vegetation dynamics based on temporal and spatial 
features, effectively capturing critical trends and relationships 
within the dataset. This was evidenced by the training and 
testing loss data: 

 Epoch 1/30, Train Loss: 0.0419, Test Loss: 0.0160 

 Epoch 30/30, Train Loss: 0.0055, Test Loss: 0.0091 

In Table IV, various learning rates were compared along 
with their impact on the speed and stability of convergence, 
establishing that a rate of 0.0001 provided the optimal balance 
for the current model. Table V further detailed the training and 
testing loss for the best hyperparameters, confirming the 
model's stability and generalization performance. In addition to 
quantitative metrics, visual results also played a pivotal role in 
evaluating model performance. Particularly, predicted 
grayscale images of vegetation health (Figure 13), revealed 
critical spatial patterns and temporal dynamics in vegetation 
conditions. By comparing these images with the original 
ground descriptions (Figure 14), the accuracy and performance 
of this model can be determined. The findings of this 
comparison demonstrated that the model was not merely 
reproducing the input images but instead it generated 
meaningful predictions based on learned representations of 
vegetation dynamics from the input data. 

To verify the significance of these results, a comparison 
between the proposed model and the results of previous studies 
in the field of vegetation forecasting was developed. For 
instance, authors in [6] investigated the utility of autoencoders 
for tabular data classification in ecological tasks but did not 
incorporate spatial structures or raw satellite imagery. In 
contrast, this approach utilized raw NDVI composites and 
synchronized precipitation maps, enabling pixel-level 
predictions with spatial context preserved. Authors in [22] 
employed LSTM networks to construct global NDVI and EVI 
time series, focusing primarily on temporal trends. While their 
work achieved strong performance in modeling temporal 
continuity, it lacked integration with auxiliary climatic 
variables, such as precipitation. Similarly, in [21], the use of 
RNNs was explored for forecasting environmental variables 
but did not apply these methods to the vegetation domain or 
integrate high-resolution remote sensing data. In contrast, the 
proposed method combined CNNs for spatial feature extraction 
and recurrent networks for temporal modeling, supported by a 
robust preprocessing pipeline. This hybrid architecture, along 
with the use of precipitation composites from AMSR2, 
SSMI/DMSP, and IMERG sources, achieved high accuracy 
(MAE = 0.0091) in predicting vegetation health, especially 
under the challenging conditions of arid and semi-arid regions. 

 

 
Fig. 12.  Training and testing loss over epochs. 
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TABLE III.  TRAIN/TRAINING DATASET LOSS FUNCTION 
SUM 

Epoch learning rate 0.1 0.001 0.0001 0.00001 
10 0.550 0.430 0.3110 0.450 
20 0.470 0.390 0.3205 0.410 
30 0.460 0.370 0.3102 0.400 
40 0.445 0.360 0.3150 0.390 
50 0.435 0.350 0.3170 0.380 

TABLE IV.  TEST DATASET LOSS FUNCTION SUM 

Epoch learning rate 0.1 0.001 0.0001 0.00001 
10 0.550 0.430 0.3110 0.450 
20 0.470 0.390 0.3205 0.410 
30 0.460 0.370 0.3102 0.400 
40 0.445 0.360 0.3150 0.390 
50 0.435 0.350 0.3170 0.380 

TABLE V.  TRAINING AND TESTING LOSS FOR BEST 
HYPERPARAMETERS 

Epochs Train loss Test loss 

1 0.0419 0.016 
2 0.0163 0.0175 
3 0.0147 0.0146 
4 0.0141 0.014 
5 0.0132 0.0132 
6 0.0132 0.013 
7 0.0124 0.0122 
8 0.0119 0.0123 
9 0.0113 0.0116 
10 0.0113 00114 
11 0.0109 0.0112 
12 0.0107 0.0115 
13 0.0101 0.0111 
14 0.0094 0.0109 
15 0.0094 0.0108 
16 0.0085 0.0108 
17 0.0080 0.0106 
18 0.0074 0.0095 
19 0.0073 0.0099 
20 0.0071 0.0096 
21 0.0069 0.0095 
22 0.0067 0.0092 
23 0.0064 0.0092 
24 0.0062 0.0093 
25 0.0061 0.0092 
26 0.0060 0.0092 
27 0.0060 0.0092 
28 0.0058 0.0092 
29 0.0056 0.009 
30 0.0055 0.0091 

 

V. CONCLUSIONS 

This study examined the use of advanced deep learning 
approaches for predicting vegetation dynamics across a wide 
range of ecological zones in Kazakhstan. The integration of 
Convolutional Neural Networks (CNNs) and Recurrent Neural 
Networks (RNNs) proved to be effective in dealing with the 
time-series vegetation cover associated with satellite imaging 
and climate data. A methodological framework was prepared 
for inputting Moderate Resolution Imaging Spectroradiometer 
(MODIS)-derived indices, such as Normalized Difference 
Vegetation Index (NDVI) and Enhanced Vegetation Index 
(EVI), into these models, allowing effective assessment of 
vegetation changes over time. Model training and optimization 

were carried out through techniques, such as batch 
normalization and dropout together with the Adam optimizer. 

 

 
Fig. 13.  Predicted grayscale map of vegetation health indicators, covering 
the region bounded by the coordinates. Top right: (latitude 55.5607, longitude 
87.5943) and bottom left: (latitude 36.4112, longitude 46.2757). 

 
Fig. 14.  Original ground truth grayscale map of vegetation health 
indicators, covering the region bounded by the coordinates. Top right: 
(latitude 55.5607, longitude 87.5943) and bottom left: (latitude 36.4112, 
longitude 46.2757). 

An experimental application of ResNet50 for classification 
was considered, with the results demonstrating suboptimal 
observation compared to the actual data. Due to this, a 
reformulation of regression problem was vital, as well as the 
incorporation of dropout, batch normalization, and custom loss 
functions during training. The output of this reformation 
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indicated that deep learning was effective in predicting 
vegetation dynamics with very high accuracy. Model 
validations with different independent metrics allowed showing 
the engaging behavior to the real data of the predicted values of 
the models, thus providing real potential application (MAE = 
0.0091). 

Also, more complex models with advanced architectures, 
such as hybrid models combining CNNs with graph neural 
networks, could be introduced to handle even larger datasets 
with greater variability. This would, in turn, make predictions 
in different biomes even more accurate and provide for region-
specific conservation strategies, ultimately expanding the 
applicability of ecological forecasting models on a global scale. 
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