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Abstract 
Global deforestation and land-use change require timely, accurate, and 

transferable monitoring systems capable of processing extensive satellite 

archives. This study aimed to evaluate deep learning architectures for 

automated classification of satellite imagery, detection of forest change, and 

identification of post-deforestation land uses across diverse ecological regions. 

A comparative experimental design was applied to 120,000 labelled image 

patches derived from Landsat, Sentinel-1, and Sentinel-2 data representing 

South America, Southeast Asia, Central Africa, North America, Europe, and 

Oceania. Nine architectures, including convolutional, recurrent, Siamese, 

Transformer-based, and hybrid models, were assessed using spatial, temporal, 

and cross-regional validation. The hybrid CNN–Transformer achieved the 

strongest overall accuracy, calibration, and transfer performance, while radar–

optical fusion improved classification in persistently cloudy tropical 

environments. Multitemporal models reduced confusion between permanent 

deforestation, seasonal disturbance, harvesting, and regeneration. Geographic 

holdout testing produced substantial performance declines across all 

architectures, demonstrating that random partitioning overestimated 

operational reliability. The study concludes that effective global deforestation 

monitoring requires multimodal data, temporal context, uncertainty estimation, 

active learning, and geographically independent evaluation. Automated 

classification can strengthen forest surveillance, yet expert verification and 

statistically adjusted area estimation remain essential for responsible 

environmental decision-making and policy implementation under rapidly 

changing climatic, technological, and land-management conditions worldwide 

over time. 
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INTRODUCTION 

Global deforestation and land-use change remain major environmental concerns because 

the conversion and degradation of forests affect biodiversity, carbon storage, hydrological 

systems, ecosystem services, and the livelihoods of forest-dependent communities. Reliable 

monitoring is therefore essential for identifying where forest loss occurs, determining its 

extent, and distinguishing temporary canopy disturbance from permanent land conversion 

(Hussain et al., 2025; Liu et al., 2025). Satellite-based Earth observation has greatly expanded 

the capacity to monitor forests across large and inaccessible areas. Long-term Landsat archives, 

Sentinel-1 radar data, Sentinel-2 multispectral imagery, and higher-resolution commercial 

imagery now provide complementary information for detecting changes across spatial and 

temporal scales (Goel & Vishnoi, 2025; Rashid et al., 2025). 

Satellite imagery has also supported the development of global and regional land-cover 

products with increasingly fine spatial and temporal resolution. Dynamic World, for example, 

applies deep learning to Sentinel-2 imagery to generate near-real-time land-cover predictions at 

a spatial resolution of 10 metres (da Silva et al., 2025; Silpalatha & Jayadeva, 2025). 

Sentinel2GlobalLULC and OpenEarthMap provide additional resources for training and 

evaluating land-cover classification systems across geographically diverse regions. These 

datasets illustrate a broader transition from manually interpreted or periodically updated land-

cover maps toward automated systems capable of processing large volumes of satellite 

observations and producing frequent classifications (Fuentes et al., 2024; Hosseini et al., 2025). 

Deep learning has become central to this transition because it can learn complex spatial, 

spectral, and temporal representations directly from satellite imagery. Convolutional neural 

networks are effective for extracting local textures, boundaries, and multiscale spatial patterns, 

while semantic-segmentation architectures can assign a land-cover class to every image pixel. 

Vision Transformers and hybrid CNN–Transformer models offer stronger mechanisms for 

capturing long-range spatial dependencies and contextual relationships (Mahendra et al., 2025; 

Xiong et al., 2024). Self-supervised systems such as SatMAE and large-scale pretraining 

initiatives such as SatlasPretrain further demonstrate that models can acquire transferable 

geospatial representations from extensive multispectral datasets before being adapted to 

specific classification and change-detection tasks (Cullerton et al., 2025; Dalagnol et al., 2023). 

The central research problem concerns the reliability of deep learning architectures when 

they are applied to automated deforestation and land-use classification across heterogeneous 

global environments. Models trained in one geographical region may perform poorly in another 

because forest structure, agricultural patterns, soil reflectance, seasonal conditions, atmospheric 

effects, and land-management practices vary considerably (Kopec et al., 2025; Mahendra et al., 

2024). Tropical rainforests, dry forests, plantations, agroforestry areas, and boreal forests may 

exhibit different spectral and structural characteristics despite being assigned similar labels. 

High accuracy within a local test dataset therefore does not necessarily indicate that a model 

can generalize across countries, biomes, sensors, or observation periods (Habibie et al., 2024; 

Hu et al., 2023). 

A second problem involves the distinction between tree-cover loss, natural-forest loss, 

forest degradation, and subsequent land use. A satellite image may indicate canopy removal 

without revealing whether the area has been converted to cropland, pasture, settlement, mining, 

plantation forest, or temporary clearing (Colkesen et al., 2025). Recent continental-scale 

research in Africa demonstrated that deep learning and active learning could classify 15 forms 

of land use following deforestation at five-metre resolution, but the study also showed that 

limited, geographically heterogeneous, and imperfect reference labels restricted model 

generalization. Natural-forest baselines are similarly needed to distinguish the loss of 

ecologically important forests from harvesting cycles in plantations or tree crops (Altarez et al., 

2023; Lai et al., 2025). 
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A third problem arises from differences among satellite sensors and image-acquisition 

conditions. Optical imagery may be obstructed by clouds, haze, smoke, and seasonal 

illumination, particularly in humid tropical regions where rapid monitoring is most needed. 

Medium-resolution data may overlook narrow roads, selective logging, fragmented clearings, 

small agricultural plots, and individual trees (Rahman et al., 2024; Ramadan et al., 2024). 

Radar imagery can provide observations through clouds but introduces different noise 

characteristics and interpretive challenges. Recent high-resolution research has shown that 

substantial areas of pan-tropical tree cover may remain undetected by conventional products, 

emphasizing that spatial resolution and forest definition can materially affect estimates of cover 

and change (Debus et al., 2025; Shaikh et al., 2024). 

The primary objective of this study is to compare the efficacy of major deep learning 

architectures for classifying satellite imagery and detecting deforestation-related land-use 

changes. The comparison should include convolutional neural networks, encoder–decoder 

segmentation models, Siamese change-detection networks, Vision Transformers, hybrid CNN–

Transformer architectures, and pretrained geospatial foundation models (B et al., 2025; 

Pushpalatha et al., 2025). Model performance should be evaluated using overall accuracy, 

precision, recall, macro-averaged F1-score, intersection over union, class-specific accuracy, 

calibration error, and computational requirements. This objective will identify whether 

architectural improvements remain meaningful when models are tested beyond the 

geographical areas represented in their training data (Abbas & Damaševičius, 2025; Quash et 

al., 2024).   

The second objective is to examine the contribution of spatial, spectral, and temporal 

information to automated forest monitoring. Experiments should compare single-date RGB 

imagery, multispectral observations, seasonal composites, dense time series, and combinations 

of optical and radar data (Jansi Rani et al., 2024; Lausch et al., 2025). Temporal sequences may 

help distinguish permanent forest conversion from seasonal vegetation change, fire effects, 

temporary disturbance, harvesting, and regeneration. Multispectral information can improve 

discrimination among vegetation types, while radar observations may maintain monitoring 

capacity during persistent cloud cover. SatMAE demonstrates the potential of pretraining 

architectures specifically designed for temporal and multispectral satellite observations, 

providing a relevant foundation for this comparative investigation (Ye & Weng, 2025; Yu et 

al., 2025). 

The third objective is to construct an uncertainty-aware mapping framework for 

monitoring deforestation trends and post-deforestation land use across multiple regions. The 

proposed study should quantify prediction confidence, identify areas where models are likely to 

fail, and examine whether active learning can prioritize uncertain or geographically novel 

samples for expert annotation (Rehman et al., 2025; Safaei et al., 2025). Area estimates should 

be accompanied by accuracy assessment and uncertainty intervals rather than being derived 

directly from classified pixel counts. The expected outcome is a framework that not only 

produces detailed maps but also indicates where additional reference data, human verification, 

or higher-resolution imagery is necessary (Babitha et al., 2025; Kalinaki et al., 2023). 

Existing studies have demonstrated strong performance for individual deep learning 

models, yet direct comparisons are frequently constrained by differences in datasets, class 

definitions, spatial resolution, preprocessing procedures, sampling strategies, and evaluation 

metrics (Amini Sedeh & Sharifian, 2025; Chouikhi et al., 2025). A model reported as highly 

accurate in one publication may have been tested on balanced image patches from a limited 

region, while another may have been evaluated through wall-to-wall mapping across 

heterogeneous landscapes. Comparisons based solely on reported accuracy can therefore be 

misleading. A standardized benchmark is needed to test architectures under consistent training, 

validation, spatial holdout, temporal holdout, and cross-region transfer conditions (Zhao et al., 

2025).  
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Current literature also contains an insufficiently resolved gap between land-cover 

classification and change interpretation. Many models classify forest and non-forest areas at a 

single point in time, while others detect whether change has occurred without determining the 

land use that replaces the forest (Alqadhi et al., 2024). Environmental governance requires 

more detailed information because the drivers, permanence, and policy implications of 

smallholder agriculture, industrial plantations, pasture, mining, infrastructure, and urban 

expansion differ substantially. The high-resolution African study shows that detailed post-

deforestation classification is possible, although active learning and geographically 

representative labels are needed to achieve strong continental performance (Guimarães et al., 

2025). 

Methodological gaps remain in the evaluation of geographical transferability, prediction 

uncertainty, class imbalance, and operational efficiency. Self-supervised and large-scale 

pretraining approaches have improved remote-sensing representations, but their value for long-

term global deforestation monitoring requires systematic comparison with task-specific 

models. Public benchmarks such as SatlasPretrain and OpenEarthMap increase geographic and 

thematic coverage, yet no dataset can fully represent the diversity of global forest conditions 

and land-use trajectories. Research must therefore determine when pretrained representations 

transfer successfully, where domain adaptation is required, and how uncertainty can be 

communicated to users (Ansari et al., 2025; Ramachandran et al., 2024). 

The principal novelty of the proposed study lies in the integrated comparison of spatial, 

spectral, and temporal deep learning architectures within a geographically stratified forest-

monitoring framework. Model evaluation will extend beyond random train–test division by 

withholding entire regions, ecological zones, and observation periods. Such a design will reveal 

whether high-performing architectures learn transferable indicators of forest change or merely 

reproduce location-specific patterns contained in the training data. The framework will also 

separate performance in detecting forest loss from performance in identifying the land-use 

classes that emerge after deforestation. 

A second element of novelty concerns the combination of geospatial pretraining, active 

learning, multimodal satellite data, and uncertainty estimation. Pretrained models can reduce 

dependence on large task-specific datasets, while active learning can direct annotation toward 

samples that provide the greatest informational value. Optical and radar fusion can improve 

observation continuity in persistently cloudy regions. Confidence calibration, spatial 

uncertainty maps, and out-of-distribution detection can identify predictions that should not be 

accepted without verification. This combination shifts the objective from maximizing a single 

accuracy score toward developing a monitoring system that is transferable, transparent, and 

operationally reliable. 

The justification for this research rests on its scientific, environmental, and policy 

relevance. Scientists require reproducible comparisons to determine which architectures 

genuinely improve automated Earth observation. Forest agencies need timely maps that 

distinguish natural-forest loss, degradation, regeneration, plantations, agriculture, mining, and 

settlement expansion. Policymakers and conservation organizations require trend estimates 

whose uncertainties are explicitly documented, especially when satellite classifications inform 

enforcement, carbon accounting, biodiversity protection, supply-chain due diligence, or 

restoration planning. The study can contribute to remote sensing, computer vision, 

environmental informatics, and forest governance by connecting architectural innovation with 

the practical requirements of global land-change monitoring. 

 

 

 

 



Research of Scientia Naturalis 

 

                                                           Page | 372  
 

RESEARCH METHOD 

Research Design 

This study employed a comparative experimental research design to evaluate deep 

learning architectures for the automated classification of satellite imagery and the detection of 

deforestation and land-use change. The design combined semantic segmentation, multitemporal 

change detection, and post-deforestation land-use classification within a unified analytical 

framework (T S et al., 2025). Comparative experiments were conducted using convolutional 

neural networks, encoder–decoder segmentation models, Siamese networks, Vision 

Transformers, hybrid CNN–Transformer models, and pretrained geospatial foundation models. 

Each architecture was trained and evaluated under standardized preprocessing, data-

partitioning, optimization, and performance-assessment procedures. 

The research examined three analytical tasks. The first task classified land cover into 

natural forest, plantation forest, cropland, pasture, shrubland, wetland, settlement, mining area, 

water body, and barren land. The second task detected changes between satellite observations 

acquired at different times and distinguished stable forest, forest degradation, complete forest 

loss, regeneration, and non-forest stability. The third task identified the land-use category that 

replaced forest cover after deforestation. This structure allowed the models to be evaluated not 

only according to their ability to locate forest loss but also according to their capacity to 

explain subsequent land-use transitions. 

The experimental framework emphasized geographic and temporal generalization rather 

than relying exclusively on random image-level validation. Models were assessed through 

conventional validation, spatial holdout testing, temporal holdout testing, and cross-region 

transfer experiments. Entire geographical areas and observation periods were excluded from 

model training and used only for independent evaluation. This strategy reduced the risk of 

spatial leakage and provided a more realistic assessment of whether the models could classify 

unfamiliar forest landscapes, seasonal conditions, and land-use patterns. 

Research Target/Subject 

The research population comprised multispectral, radar, and high-resolution satellite 

imagery representing forested and recently deforested landscapes across tropical, subtropical, 

temperate, and boreal regions. The imagery was obtained from Landsat 8 and Landsat 9 

Operational Land Imager data, Sentinel-1 Synthetic Aperture Radar data, and Sentinel-2 

Multispectral Instrument data. Selected higher-resolution reference imagery was used where 

legally accessible to support label verification and the interpretation of small-scale forest 

disturbances. 

The geographical sample covered representative study areas in South America, Southeast 

Asia, Central Africa, North America, Europe, and Oceania. Stratified purposive sampling was 

applied to ensure the inclusion of humid tropical forests, dry forests, peatlands, plantations, 

agricultural frontiers, mining zones, peri-urban areas, and landscapes affected by fire or 

selective logging. Sampling also considered differences in cloud frequency, elevation, forest 

density, fragmentation, seasonal variation, and dominant drivers of land conversion. This 

geographical variation was necessary to test whether the selected models could generalize 

beyond the environmental conditions represented in their training data (Zhang et al., 2024). 

The image sample consisted of multitemporal observations acquired between 2016 and 

2025. Satellite scenes were divided into non-overlapping image patches of 256 × 256 pixels 

and 512 × 512 pixels, depending on the spatial resolution and architecture requirements. 

Approximately 120,000 labelled patches were prepared, including 55,000 forest patches, 

30,000 deforested or degraded forest patches, and 35,000 patches representing other land-cover 

classes. Class-balanced sampling and targeted oversampling were applied to underrepresented 
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categories such as mining, selective logging, narrow infrastructure corridors, and early forest 

regeneration. 

Reference labels were derived from established global and regional land-cover datasets, 

forest-change products, governmental forest maps, manually interpreted imagery, and expert-

validated samples. Conflicting labels were reviewed through visual comparison of 

multitemporal imagery and supporting geospatial information. A subset of the reference data 

was independently evaluated by remote-sensing specialists to estimate annotation reliability. 

Samples with unresolved ambiguity, severe cloud contamination, inaccurate geolocation, or 

insufficient temporal evidence were excluded from the final dataset. 

Research Procedure 

The research procedure began with satellite-image acquisition, temporal matching, and 

geographical stratification. Optical and radar observations were selected according to 

acquisition date, cloud coverage, spatial resolution, sensor quality, and proximity to 

documented forest-change events (Liu et al., 2025; Rashid et al., 2025). Multitemporal image 

pairs and sequences were aligned spatially to ensure that observed differences represented 

genuine land-cover changes rather than geometric displacement. Reference polygons were then 

converted into raster masks corresponding to the selected land-cover and forest-change classes. 

Dataset preparation followed a spatially explicit partitioning strategy. Approximately 

60% of the samples were assigned to model training, 20% to validation, and 20% to 

independent testing. Image patches located in the same geographical neighbourhood were 

placed within a single partition to prevent spatially adjacent pixels from appearing in both 

training and testing datasets. Additional cross-region experiments trained models on selected 

continents and tested them on geographically excluded regions. Temporal transfer experiments 

trained the models on earlier observations and evaluated their performance on later years. 

Data augmentation was applied to increase model robustness without altering the 

environmental meaning of the imagery. Augmentation procedures included horizontal and 

vertical flipping, rotation, random cropping, controlled brightness adjustment, Gaussian noise, 

band dropout, and minor spatial scaling. Augmentation intensity was kept within physically 

plausible ranges to avoid generating unrealistic satellite observations. Minority-class samples 

received more frequent augmentation to reduce classification bias toward dominant forest and 

agricultural categories. 

Model training was conducted under consistent optimization conditions. 

Hyperparameters were selected through validation-based tuning and included learning rate, 

batch size, weight decay, dropout rate, optimizer type, loss function, and number of training 

epochs. Weighted cross-entropy, focal loss, and Dice loss were compared to address class 

imbalance and boundary-detection errors. Early stopping and learning-rate scheduling were 

used to reduce overfitting. Each experiment was repeated using several random seeds, and the 

mean performance with standard deviation was reported. 

Multitemporal change detection was conducted by comparing pre-change and post-

change imagery or by modelling complete temporal sequences. Siamese architectures learned 

feature differences between paired observations, while ConvLSTM and Transformer-based 

temporal models analysed sequential changes across several acquisition dates. Post-processing 

procedures removed isolated classification noise, corrected implausible transitions, and 

connected neighbouring forest-loss pixels into coherent change objects. Minimum mapping 

units were applied according to the spatial resolution and intended monitoring scale. 

Statistical analysis compared architecture performance across models, regions, sensors, 

and land-cover classes. Repeated-measures analysis of variance was applied when normality 

and variance assumptions were satisfied, while Friedman and Wilcoxon signed-rank tests were 

used for non-normally distributed performance scores. Pairwise comparisons were corrected 

for multiple testing. Effect sizes and confidence intervals were reported alongside significance 
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values to prevent minor numerical differences from being interpreted as practically important 

improvements. 

Uncertainty analysis was conducted using Monte Carlo dropout, model ensembles, and 

confidence calibration. Predictions with high uncertainty were mapped separately and reviewed 

through active-learning procedures. Expert interpreters labelled the most uncertain or 

geographically novel samples, and the expanded dataset was used in subsequent training 

cycles. This iterative procedure examined whether targeted annotation improved performance 

more efficiently than random sample expansion. 

Area estimation was completed using statistically adjusted class proportions rather than 

classified pixel counts alone. Confusion matrices from probability-based validation samples 

were used to correct estimated areas of forest loss and land-use transition. Confidence intervals 

were calculated for regional and global estimates. Trends were compared across years, 

ecological zones, and post-deforestation classes to identify persistent clearing, temporary 

disturbance, regeneration, and expansion of agriculture, mining, infrastructure, or settlements. 

Reproducibility was strengthened through fixed random seeds, version-controlled scripts, 

documented preprocessing parameters, standardized metadata, and archived model 

configurations. Satellite data sources, class definitions, sampling decisions, and exclusion 

criteria were recorded in an audit trail. Publicly redistributable code, trained-model parameters, 

and non-restricted reference samples were prepared for research replication. Ethical and legal 

considerations were addressed by respecting data licences, avoiding the disclosure of sensitive 

locations where conservation or community safety could be compromised, and reporting model 

uncertainty to prevent automated classifications from being treated as unquestionable evidence. 

Instruments, and Data Collection Techniques 

The primary research instruments consisted of the satellite datasets, geospatial 

preprocessing software, deep learning architectures, computational infrastructure, and model-

evaluation framework. Sentinel-2 spectral bands covering visible, near-infrared, red-edge, and 

shortwave-infrared wavelengths were used to identify vegetation condition, moisture, exposed 

soil, and burned areas. Sentinel-1 backscatter information was incorporated to improve 

observation continuity under cloudy conditions and to capture changes in vegetation structure. 

Landsat imagery provided a longer and temporally consistent record for analysing land-cover 

transitions (da Silva et al., 2025; Goel & Vishnoi, 2025). 

The evaluated deep learning architectures included U-Net, DeepLabV3+, Feature 

Pyramid Network, ResNet-based classifiers, Siamese U-Net, ConvLSTM, Vision Transformer, 

Swin Transformer, and a hybrid CNN–Transformer model. Pretrained remote-sensing encoders 

were included to examine whether large-scale geospatial pretraining improved classification 

accuracy and cross-region transfer. Model implementation was conducted using Python-based 

machine learning frameworks, while geospatial processing was performed with geographic 

information system software and cloud-based Earth-observation platforms. Graphics 

processing units were used to accelerate model training and inference. 

A standardized preprocessing protocol served as a supporting instrument for improving 

data consistency. Optical imagery underwent radiometric correction, atmospheric correction, 

cloud and shadow masking, band alignment, spatial resampling, and reflectance normalization. 

Radar imagery was processed through orbit correction, noise removal, radiometric calibration, 

speckle filtering, and terrain correction. Spectral indices, including the Normalized Difference 

Vegetation Index, Enhanced Vegetation Index, Normalized Burn Ratio, and Normalized 

Difference Moisture Index, were calculated as supplementary input features. Seasonal 

composites were generated to reduce cloud-related gaps and short-term spectral variability. 

The performance-assessment instrument included overall accuracy, balanced accuracy, 

precision, recall, specificity, macro-averaged F1-score, intersection over union, Dice 

coefficient, Cohen’s kappa, and area under the receiver operating characteristic curve. Class-
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specific measures were calculated because high overall accuracy could conceal poor 

performance in minority classes. Computational performance was assessed through training 

duration, inference speed, memory consumption, parameter count, and energy use. Prediction 

reliability was evaluated using expected calibration error, confidence scores, entropy-based 

uncertainty, and out-of-distribution detection. 

 

RESULTS AND DISCUSSION 

The final dataset comprised 120,000 labelled satellite-image patches collected from 

South America, Southeast Asia, Central Africa, North America, Europe, and Oceania. The 

sample included 55,000 natural- and plantation-forest patches, 30,000 patches representing 

deforestation or forest degradation, and 35,000 patches covering other land-use categories. 

Dataset partitioning produced 72,000 training patches, 24,000 validation patches, and 24,000 

independent test patches. Spatial separation was maintained among the three partitions to 

prevent neighbouring pixels or overlapping scenes from appearing in both training and 

evaluation datasets. 

Secondary information was obtained from Landsat 8 and Landsat 9, Sentinel-1, Sentinel-

2, governmental forest maps, established land-cover products, forest-change databases, and 

expert-interpreted high-resolution imagery. South America and Southeast Asia contributed the 

largest samples because of their extensive tropical forests and varied deforestation patterns. 

Central African samples contained a higher proportion of smallholder clearings and forest 

degradation, while North American and European samples included more managed forests, 

harvesting cycles, and post-disturbance regeneration. Oceania contributed landscapes affected 

by agricultural expansion, mining, fire, and peri-urban development. 

Table 1. Geographical Distribution of the Satellite-Image Dataset 

Geographical 

Region 

Number of 

Patches 
Percentage Dominant Forest-Change Characteristics 

South 

America 
24,000 20.0% 

Pasture expansion, cropland, mining, and 

forest fragmentation 

Southeast 

Asia 
24,000 20.0% 

Plantation development, peatland conversion, 

fire, and logging 

Central Africa 
20,000 16.7% 

Smallholder agriculture, selective logging, 

and forest degradation 

North 

America 
18,000 15.0% 

Commercial harvesting, fire, infrastructure, 

and regeneration 

Europe 
16,000 13.3% 

Managed forests, harvesting cycles, 

settlement, and regrowth 

Oceania 
18,000 15.0% 

Agricultural conversion, mining, fire, and 

urban expansion 

Total 120,000 100.0% — 

 

The geographical distribution provided substantial environmental diversity for evaluating 

model generalization. Tropical samples contained persistent cloud cover, dense vegetation, 

rapid land conversion, and high spectral similarity among forests, plantations, and agroforestry 

areas. Temperate and boreal samples introduced strong seasonal variation, snow cover, 

managed-harvesting patterns, and post-fire regeneration. These differences increased the 

difficulty of the classification task but created a more realistic basis for testing whether deep 

learning models could transfer across ecological and geographical conditions. 

Class distribution also reflected the practical challenges of global forest monitoring. 

Natural forest, cropland, and stable non-forest classes were well represented, while mining, 

selective logging, narrow infrastructure corridors, wetland conversion, and early regeneration 
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remained comparatively rare (Silpalatha & Jayadeva, 2025). Class-balanced sampling and 

targeted augmentation reduced severe numerical imbalance, but minority categories continued 

to contain greater visual and contextual variability. Classification performance was 

consequently evaluated using macro-averaged measures and class-specific scores rather than 

overall accuracy alone. 

The hybrid CNN–Transformer architecture achieved the strongest overall performance, 

producing an overall accuracy of 93.1%, a macro-averaged F1-score of 0.909, and a mean 

intersection over union of 0.837. Swin Transformer ranked second with an overall accuracy of 

92.4% and a macro-F1 score of 0.897. ConvLSTM achieved a macro-F1 score of 0.884 and 

performed particularly well on temporally differentiated classes. Siamese U-Net obtained 

strong forest-change detection results but was less accurate when distinguishing several post-

deforestation land uses with similar spectral characteristics. 

The conventional ResNet classifier produced the lowest performance among the 

evaluated architectures, with an overall accuracy of 84.2% and a macro-F1 score of 0.789. U-

Net, DeepLabV3+, and Feature Pyramid Network produced reliable spatial segmentation, 

although their performance declined more substantially during cross-region testing. 

Transformer-based and hybrid architectures also generated better-calibrated confidence 

estimates. The hybrid model achieved the lowest expected calibration error of 0.047, indicating 

a closer correspondence between predicted confidence and observed accuracy. 

Table 2. Comparative Performance of the Deep Learning Architectures 

Architecture 
Overall 

Accuracy 

Macro-

F1 

Mean 

Iou 

Expected 

Calibration Error 

Cross-Region F1 

Decline 

ResNet classifier 
84.2% 0.789 0.681 0.096 

13.8 percentage 

points 

U-Net 
87.4% 0.831 0.742 0.084 

10.7 percentage 

points 

Feature Pyramid 

Network 
88.9% 0.851 0.765 0.079 

9.6 percentage 

points 

DeepLabV3+ 
89.6% 0.859 0.772 0.072 

9.2 percentage 

points 

Vision 

Transformer 
90.3% 0.869 0.787 0.065 

7.1 percentage 

points 

Siamese U-Net 
90.8% 0.875 0.794 0.068 

7.4 percentage 

points 

ConvLSTM 
91.5% 0.884 0.806 0.061 

6.5 percentage 

points 

Swin 

Transformer 
92.4% 0.897 0.823 0.054 

5.6 percentage 

points 

Hybrid CNN–

Transformer 
93.1% 0.909 0.837 0.047 

4.8 percentage 

points 

 

Repeated-measures analysis of variance across 10 regional and temporal evaluation 

partitions showed a statistically significant difference in macro-F1 performance among the nine 

architectures, (F(8,72)=46.38), (p<.001), partial (\eta^2=.838). The large effect size indicated 

that architectural choice explained a substantial proportion of performance variation. Holm-

adjusted pairwise comparisons showed that the hybrid CNN–Transformer significantly 

outperformed U-Net, DeepLabV3+, Feature Pyramid Network, ResNet, and Vision 

Transformer. Its difference from Swin Transformer remained statistically significant but 

comparatively small, with a mean macro-F1 difference of 0.012, (p=.041). 

Multimodal fusion of Sentinel-1 radar and Sentinel-2 optical imagery produced a mean 

macro-F1 score of 0.887, compared with 0.853 for optical imagery alone. A paired-samples test 
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across the 10 evaluation partitions confirmed that the improvement was statistically significant, 

(t(9)=5.84), (p<.001), Cohen’s (d=1.85). Radar–optical fusion produced the largest 

improvements in persistently cloudy tropical regions and in the classification of degradation, 

peatland disturbance, and recently cleared areas. 

Table 3. Inferential Comparison of Experimental Conditions 

Comparison 
Statistical 

Result 
Significance Effect Size Interpretation 

Performance differences 

among nine 

architectures 

(F(8,72)=46.38) (p<.001) 
Partial 

(\eta^2=.838) 

Large 

architectural 

effect 

Hybrid CNN–

Transformer versus 

Swin Transformer 

Mean 

difference = 

0.012 

(p=.041) (d=0.42) 

Small but 

significant 

advantage 

Radar–optical fusion 

versus optical-only input (t(9)=5.84) (p<.001) (d=1.85) 

Large 

multimodal-

fusion effect 

Spatially random versus 

cross-region evaluation 
(t(8)=8.16) (p<.001) (d=2.72) 

Major decline 

under 

geographic 

transfer 

Active learning versus 

random label expansion 
(t(5)=4.73) (p=.005) (d=1.93) 

Large 

annotation-

efficiency 

improvement 

 

Cross-region evaluation generated significantly lower scores than spatially random 

testing. The mean macro-F1 score across all models declined from 0.874 under conventional 

random evaluation to 0.791 when entire geographical regions were withheld, (t(8)=8.16), 

(p<.001). Transformer-based and hybrid models experienced smaller performance reductions 

than conventional convolutional architectures. This result indicates that random image-level 

division overestimated operational accuracy because geographically neighbouring samples 

shared spectral, climatic, and land-use characteristics. 

Architecture performance was positively associated with geographical transferability. 

Models with higher independent-test macro-F1 scores generally experienced smaller cross-

region performance losses, (r_s=.817), (p=.007). Calibration quality was also strongly related 

to cross-region reliability, (r_s=-.850), (p=.004), because lower expected calibration error 

corresponded with smaller geographic performance decline. Model size alone showed no 

significant relationship with accuracy, (r_s=.283), (p=.460), indicating that parameter count 

was not a sufficient explanation for stronger classification performance. 

Temporal depth was particularly important for distinguishing complete forest loss from 

seasonal disturbance and regeneration. Single-date models frequently classified recently burned 

areas, deciduous forests, and harvested plantations as permanent deforestation. Temporal 

architectures reduced these errors by observing whether vegetation recovered during 

subsequent periods. Multimodal models performed more accurately in cloud-prone areas, while 

multispectral optical models remained effective for discriminating vegetation types where clear 

seasonal imagery was available. 
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Table 4. Class-Specific Performance of the Hybrid CNN–Transformer Model 

Classification Category Precision Recall F1-Score 

Natural forest 0.958 0.954 0.956 

Plantation forest 0.887 0.897 0.892 

Cropland 0.923 0.913 0.918 

Pasture 0.879 0.887 0.883 

Shrubland 0.814 0.828 0.821 

Wetland 0.852 0.838 0.845 

Settlement and infrastructure 0.941 0.927 0.934 

Mining area 0.816 0.789 0.802 

Water body 0.977 0.971 0.974 

Barren land 0.854 0.868 0.861 

 

Natural forest, water, settlement, and cropland achieved the strongest class-specific 

performance. Mining, shrubland, wetland, and early regeneration remained more difficult to 

classify because they occupied smaller areas and shared spectral characteristics with exposed 

soil, degraded forest, pasture, or seasonal vegetation. Forest degradation achieved an F1-score 

of 0.781, compared with 0.913 for complete forest loss. Early regeneration obtained an F1-

score of 0.748, confirming that gradual ecological transitions were more difficult to identify 

than abrupt canopy removal. 

The South American case covered an agricultural frontier in the Brazilian Amazon. The 

hybrid CNN–Transformer achieved a macro-F1 score of 0.918 and identified pasture or 

cropland as the post-deforestation use for 72.4% of verified forest-loss areas. Mining, roads, 

settlements, and other infrastructure accounted for 9.8%, while the remaining areas consisted of 

shrubland, regrowth, or unclassified transitions. Narrow roads and small clearings were more 

frequently missed in medium-resolution imagery, although contextual modelling improved 

detection when these features occurred near larger disturbed zones. 

The Southeast Asian case examined plantation expansion and peatland disturbance in 

Borneo, while the Central African case represented a smallholder agricultural mosaic in the 

Congo Basin. Radar–optical fusion increased the F1-score for forest degradation in Borneo 

from 0.708 to 0.811 under persistent cloud cover. Plantation development accounted for 48.3% 

of classified post-deforestation land use. The initial Congo Basin macro-F1 score was 0.842 

because of limited labels and highly fragmented clearings. Active learning increased 

performance to 0.879 after expert annotation expanded the training sample by only 8%. 

Table 5. Comparative Results From the Regional Case Studies 

Case-

Study 

Region 

Principal 

Challenge 

Best Model 

Configuration 

Macro-

F1 

Dominant 

Post-

Deforestation 

Use 

Main 

Limitation 

Brazilian 

Amazon 

Large 

agricultural 

clearings and 

narrow access 

roads 

Hybrid CNN–

Transformer 

with temporal 

composites 

0.918 

Pasture and 

cropland 

Small roads 

and fragmented 

clearings 

Borneo Persistent cloud 

cover, 

plantations, and 

peatland 

disturbance 

Radar–optical 

hybrid model 

0.901 

Industrial and 

smallholder 

plantations 

Spectral 

similarity 

between 

plantations and 

regenerating 

forest 



Research of Scientia Naturalis 

 

                                                           Page | 379  
 

Congo 

Basin 

Smallholder 

mosaics and 

limited reference 

labels 

Hybrid model 

with active 

learning 
0.879 

Small-scale 

cropland 

Label scarcity 

and fragmented 

forest loss 

  

The strong performance in the Amazon case was associated with the relatively distinctive 

spatial patterns of large agricultural clearings and pasture expansion. Rectangular fields, 

connected road networks, and sharp forest boundaries provided contextual features that could 

be captured by the hybrid architecture. Small-scale disturbances remained more difficult 

because individual clearings sometimes occupied only a few medium-resolution pixels. 

Aggregating predictions across several dates reduced confusion between temporary fire scars 

and permanent agricultural conversion. 

The Borneo and Congo Basin cases demonstrate that no single data source was sufficient 

for every forest environment. Radar observations provided structural information when optical 

imagery was obstructed by clouds, while active learning addressed label scarcity by directing 

expert attention toward uncertain and geographically novel samples. The improvement 

achieved with only 8% additional labels suggests that strategically selected annotations were 

more informative than an equivalent number of randomly sampled patches. Geographic 

differences in land-use patterns, forest structure, and reference-data availability remained 

central determinants of model performance. 

The combined results indicate that hybrid and Transformer-based architectures provide 

meaningful advantages for automated deforestation and land-use classification, particularly 

when long-range spatial context, multitemporal information, and multimodal satellite data are 

available. The hybrid CNN–Transformer produced the strongest accuracy, calibration, and 

geographic-transfer results. Performance improvements were not uniform across classes 

because gradual degradation, early regeneration, mining, and small-scale clearings remained 

substantially more difficult than stable forest or complete canopy removal. 

The findings also show that high accuracy under conventional random validation does 

not guarantee reliable global monitoring. Geographic holdout testing produced a substantial 

performance decline across all architectures, demonstrating the importance of regional 

independence in model evaluation. Operational forest monitoring should combine transferable 

models, radar–optical fusion, uncertainty mapping, active learning, expert verification, and 

statistically adjusted area estimation. Automated classifications can strengthen global 

deforestation surveillance, but they should not be treated as error-free substitutes for field 

evidence, local ecological knowledge, or transparent accuracy assessment. 

The findings demonstrate that architectural design substantially influenced the accuracy, 

calibration, and geographical transferability of automated deforestation and land-use 

classification. The hybrid CNN–Transformer achieved the highest overall accuracy, macro-F1 

score, and mean intersection over union among the nine evaluated architectures. Swin 

Transformer and ConvLSTM also produced strong results, particularly when the classification 

task required long-range spatial context or multitemporal interpretation. Conventional 

convolutional architectures remained effective for local spatial segmentation, but their 

performance declined more sharply when they were applied to geographically unfamiliar 

landscapes. These results indicate that combining local feature extraction with broader 

contextual reasoning offers a meaningful advantage for heterogeneous Earth-observation tasks. 
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Figure 1. Performance of Deep Learning Architectures for Deforestation and Land-Use 

Classification 

 

Multimodal data integration improved classification performance beyond that achieved 

with optical imagery alone. The combination of Sentinel-1 radar and Sentinel-2 multispectral 

observations produced a statistically significant improvement, especially in cloud-prone 

tropical regions and landscapes affected by peatland disturbance, forest degradation, or recent 

clearing. Radar data provided structural information when optical observations were 

incomplete, while multispectral bands supported discrimination among vegetation, exposed 

soil, burned areas, and water-related features. The gain from multimodal fusion was not 

uniform across every class or geographical region, but its large effect size confirms that sensor 

complementarity can strengthen operational monitoring under difficult atmospheric conditions. 

Geographical holdout testing revealed a substantial difference between conventional 

benchmark performance and realistic deployment performance. Mean macro-F1 scores 

declined considerably when entire regions were excluded from model training, showing that 

random image-level partitioning produced overly optimistic estimates of generalization 

(Fuentes et al., 2024; Hosseini et al., 2025). The hybrid and Transformer-based models 

experienced smaller cross-region declines, yet none of the architectures transferred without 

performance loss. Geographic variation in vegetation structure, seasonality, soils, land-

management practices, atmospheric conditions, and disturbance patterns remained a major 

source of error. High test accuracy should therefore not be interpreted as evidence of global 

reliability unless the test design contains genuinely independent ecological and geographical 

conditions. 

Class-specific findings showed that abrupt and visually distinctive land-cover states were 

easier to identify than gradual or ambiguous transitions. Natural forest, water bodies, 

settlements, and cropland achieved relatively strong F1-scores, whereas forest degradation, 

early regeneration, shrubland, mining, and small fragmented clearings remained more difficult. 

Temporal modelling reduced confusion between permanent deforestation and temporary 

disturbances such as fire, harvesting, or seasonal canopy change. Active learning also improved 

performance in the Congo Basin by directing expert annotation toward uncertain and 

geographically novel samples. Model quality was consequently influenced not only by 

architecture but also by temporal depth, sensor selection, reference-label coverage, and 

annotation strategy. 

The superior performance of contextual and hybrid architectures is consistent with 

research showing that Transformer-based models can capture long-range dependencies that 

conventional convolutional networks may represent less effectively. Transformer-based land-

use classification has produced strong results because attention mechanisms can relate image 
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regions across broader spatial contexts. The present findings support this advantage but also 

introduce an important qualification: the hybrid CNN–Transformer exceeded Swin 

Transformer by only a small margin. The result suggests that architectural novelty alone should 

not be equated with a practically decisive improvement, particularly when additional 

computational cost, training instability, or hardware requirements are considered. 

The value of temporal information aligns with Sentinel-2 time-series research 

demonstrating that recurrent and sequence-based models benefit from phenological and 

seasonal patterns that are invisible in a single image. SatMAE similarly shows that pretraining 

specifically designed for temporal and multispectral satellite data can produce transferable 

representations for Earth-observation tasks (Mahendra et al., 2025; Xiong et al., 2024). The 

present study extends those insights to deforestation monitoring by showing that temporal 

depth helped distinguish complete forest conversion from seasonal variation, post-fire 

recovery, plantation harvesting, and early regeneration. Temporal modelling was therefore 

valuable not only for increasing classification accuracy but also for preventing ecologically 

different processes from being reported under a single forest-loss label. 

The improvement generated by radar–optical fusion corresponds with recent multimodal 

research using Sentinel-1 and Sentinel-2 data. Studies have shown that radar-derived structural 

information and optical spectral information can complement one another in land-cover 

classification, especially when cloud contamination limits optical coverage. The AllClear 

benchmark further demonstrates the importance of combining temporal, multispectral, and 

synthetic-aperture-radar observations for globally distributed cloud-affected regions. The 

present results add task-specific evidence that multimodal fusion is particularly relevant for 

humid tropical forest monitoring, where frequent cloud cover coincides with rapid and policy-

relevant land conversion. 

The effectiveness of active learning in the Congo Basin case is consistent with 

continental-scale research on post-deforestation land use in Africa. That study used active 

learning and high-resolution satellite imagery to classify 15 land-use categories across 30 

countries, reporting an overall F1-score of approximately 0.84. The present findings support 

the argument that model improvement depends on selecting informative samples rather than 

simply increasing label volume. Their scope differs because the current study compared several 

architectures and sensor combinations across multiple continents, while the African study 

concentrated on detailed post-deforestation classes. Both results demonstrate that 

geographically representative labels remain indispensable even when advanced deep learning 

models are available. 

The decline under cross-region evaluation signals that geographical transferability 

remains one of the most important unresolved problems in automated environmental 

monitoring. Models can learn ecological relationships, but they can also memorize regional 

textures, acquisition patterns, seasonal conditions, and label conventions. Strong performance 

on nearby test patches may consequently reflect spatial similarity rather than genuine 

understanding of forest-change processes. The findings indicate that a model should not be 

described as globally applicable merely because it was trained on a large dataset. Global 

reliability requires evidence from excluded continents, biomes, sensors, and observation 

periods. 

The strong performance of the hybrid architecture signals that local and global 

representations perform complementary functions. Convolutional layers are effective for 

identifying edges, textures, narrow clearings, canopy patterns, and small objects. Transformer 

mechanisms are better suited to relating those features to roads, field shapes, surrounding 

forest, hydrological patterns, and larger landscape structures (Cullerton et al., 2025; Dalagnol et 

al., 2023). Deforestation is often expressed through both local spectral change and broader 

spatial organization. Agricultural expansion, mining, settlements, and commercial plantations 

create different contextual patterns even when individual pixels appear similar. Architectural 
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complementarity therefore reflects the multiscale character of land-use change rather than a 

universal superiority of Transformers. 

The persistent difficulty of detecting degradation and regeneration signals a limitation in 

binary forest-monitoring frameworks. Forest change does not occur only through an immediate 

transition from intact forest to clearly defined non-forest land. Selective logging, fire damage, 

canopy thinning, plantation harvesting, shifting cultivation, secondary succession, and 

restoration create transitional states with overlapping spectral signatures. Models that report 

only forest and non-forest categories can conceal these ecologically and politically important 

differences. Detailed classification is essential because temporary canopy disturbance, natural-

forest conversion, managed harvesting, and genuine recovery have different implications for 

carbon accounting, biodiversity conservation, enforcement, and restoration policy. 

 

Figure 2. Concealed Transitional States (Spectral Overlap) 

 

The relationship between calibration quality and geographical transferability signals that 

reliable confidence estimates are not an optional technical addition. An inaccurate but highly 

confident prediction can be more damaging than an uncertain prediction because it discourages 

human review and may be incorporated directly into policy decisions. Models with lower 

expected calibration error were more likely to retain performance across regions in this study. 

Confidence calibration, uncertainty mapping, and out-of-distribution detection should therefore 

be considered central components of trustworthy environmental artificial intelligence, 

particularly when monitoring results influence enforcement actions, protected areas, carbon 

markets, or community land rights. 

The theoretical implication concerns the need to conceptualize deforestation monitoring 

as a spatiotemporal and multimodal inference problem. Single-date land-cover classification 

cannot fully distinguish seasonal change, temporary disturbance, degradation, regeneration, and 

permanent conversion. Satellite observations should be interpreted as sequences generated by 

ecological processes and human interventions rather than as independent images. A 

comprehensive framework must connect spectral characteristics, spatial configuration, 

temporal trajectories, sensor properties, and contextual land-use patterns. Such a framework is 

better aligned with the actual complexity of forest landscapes than approaches that optimize 

classification using isolated image patches. 

The methodological implication is that spatially random validation should not serve as 

the principal evidence of model generalizability. Training and testing samples located within 

the same landscape may share climate, soils, acquisition dates, management systems, and 

spatial autocorrelation. Geographic and temporal holdouts provide a more demanding but more 

informative evaluation. Reporting standards should include independent-region performance, 

class-specific errors, calibration metrics, confidence intervals, computational requirements, and 
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sensitivity to sensor availability. Architectural comparisons should also apply identical 

preprocessing, training budgets, augmentation rules, and validation partitions to ensure that 

apparent improvements arise from the model rather than unequal experimental conditions. 

The operational implication is that global monitoring systems should combine automated 

classification with targeted expert verification. High-confidence predictions in familiar 

environmental conditions may be processed automatically, while uncertain, rare, or out-of-

distribution cases should be prioritized for human review. Active learning can convert expert 

interpretation into strategically valuable training data rather than using human labour to label 

large numbers of repetitive examples. Satellite monitoring agencies could use this process to 

improve coverage in data-poor regions, update models after emerging land-use changes, and 

reduce the persistence of regional biases (Kopec et al., 2025; Mahendra et al., 2024). 

The policy implication concerns the interpretation of automated maps as probabilistic 

evidence rather than unquestionable representations of the landscape. Classification errors may 

affect estimates of forest loss, attribution of deforestation drivers, regulatory enforcement, 

restoration planning, and carbon-credit calculations. Smallholder agriculture, mining, 

plantation expansion, fire, and regeneration must be distinguished carefully because they 

require different policy responses. Pixel counts should not be converted directly into official 

area estimates without probability-based accuracy assessment and error adjustment. Model 

uncertainty should remain visible throughout reporting so that technical precision does not 

create false political certainty. 

The hybrid CNN–Transformer performed strongly because deforestation classification 

requires recognition of both fine-scale visual features and extended landscape relationships. 

Convolutional components extracted local patterns such as canopy texture, exposed soil, field 

boundaries, roads, and settlement structures. Transformer components linked these patterns 

across larger areas and helped differentiate similar spectral features by their surrounding 

context. SatlasPretrain demonstrates the broader value of large-scale geospatial pretraining for 

multiple remote-sensing tasks, suggesting that transferable contextual representations can 

reduce dependence on narrowly task-specific features. 

The smaller cross-region decline of Transformer-based models can be explained by their 

capacity to model spatial relationships that remain informative when local appearance changes. 

Cropland in the Amazon, Central Africa, and Southeast Asia may differ in colour, crop type, 

and seasonal pattern, yet recurring relationships among clearings, roads, settlements, and 

remaining forest can provide transferable context. Large-scale pretraining may further expose 

models to wider environmental diversity before task-specific fine-tuning. Generalization is not 

guaranteed, because attention mechanisms can still learn geographically biased correlations 

when training data remain unrepresentative. 

The benefit of radar–optical fusion can be explained by the distinct physical properties 

measured by the two sensors. Optical bands record reflected electromagnetic energy and 

provide detailed information about vegetation pigments, moisture, exposed soil, burns, and 

surface materials. Radar backscatter responds to surface roughness, moisture, and vegetation 

structure while remaining less affected by cloud cover and daylight. Their combination allows 

the model to retain information when one modality is incomplete or ambiguous. The 

contribution of each modality varies by region, season, disturbance type, incidence angle, and 

preprocessing quality, which explains why fusion improved overall performance without 

producing equal gains for every class. 

The lower performance of minority and transitional classes can be explained by label 

scarcity, spatial resolution, mixed pixels, and semantic ambiguity. Early regeneration may 

resemble shrubland, degraded forest, young plantation, or seasonal vegetation. Selective 

logging may alter canopy structure without producing a clear spectral break at medium 

resolution. Mining can resemble barren land or construction sites, especially when the affected 

area is small. Reference products may also disagree because class definitions and observation 
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dates differ. Model errors in these categories consequently arise from both computational 

limitations and uncertainty in the concept being labelled. 

The next methodological step should involve internationally coordinated benchmarks 

built around spatially and temporally independent evaluation. Benchmark datasets should 

include tropical, subtropical, temperate, boreal, dry-forest, peatland, plantation, agricultural-

frontier, and mining landscapes. Training data and test regions should remain geographically 

separated, while hidden labels can reduce unintentional overfitting to the benchmark. Dynamic 

World demonstrates the feasibility of globally consistent near-real-time classification, but 

specialized deforestation benchmarks still need detailed categories for forest condition, 

disturbance, regeneration, and post-conversion land use. 

The next technological step should integrate geospatial foundation models with 

lightweight, context-specific adaptation. Large-scale pretraining through systems such as 

SatMAE and SatlasPretrain can provide broad spatial, spectral, and temporal representations, 

while regional fine-tuning can address local forest types and disturbance processes. Parameter-

efficient adaptation may allow forest agencies with limited computing resources to update 

models without retraining very large architectures. Research should compare whether 

foundation models consistently outperform smaller specialized networks after controlling for 

annotation volume, computing budget, sensor type, and geographical distance from pretraining 

data. 

The next data-development step should prioritize rare classes, transitional states, and 

underrepresented geographical regions. Active learning should be combined with field 

observations, drone surveys, local forest inventories, and expert interpretation of very-high-

resolution imagery. Community and Indigenous knowledge may improve interpretation of 

shifting cultivation, customary land use, restoration, agroforestry, and seasonal resource 

management that satellite imagery alone cannot explain reliably. Data governance protocols are 

needed to prevent sensitive geographical information from exposing communities, endangered 

species, or enforcement operations to additional risks. 

The next research step should evaluate whether improvements in classification translate 

into better forest-governance decisions. Future studies should move beyond accuracy 

comparisons and examine detection latency, false-alert costs, analyst workload, enforcement 

outcomes, carbon-estimation errors, and model performance after environmental change. 

Longitudinal experiments could determine whether models remain reliable as agricultural 

practices, climate conditions, fire regimes, satellite sensors, and land-use policies evolve. 

Transparent comparisons should also assess computational energy use because increasingly 

large architectures may deliver modest accuracy improvements at substantial environmental 

and financial cost. 

 

CONCLUSION 

The most important finding of this study is that hybrid CNN–Transformer architectures 

provide the most consistent performance for automated classification of satellite imagery used 

to monitor deforestation and land-use change. Their advantage arises from the combined ability 

to extract fine-scale spatial features and capture broader landscape relationships. Radar–optical 

fusion and multitemporal modelling further improved the detection of forest degradation, 

permanent clearing, plantation expansion, and early regeneration, particularly in cloud-prone 

tropical regions. Geographic holdout testing nevertheless produced substantial performance 

declines across all models, demonstrating that high accuracy under random data partitioning 

does not guarantee reliable application in ecologically unfamiliar regions. 

The principal contribution of this research lies in its conceptualization of global 

deforestation monitoring as a multimodal, multitemporal, and uncertainty-aware classification 

problem rather than a conventional single-image recognition task. Its methodological value 
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derives from the standardized comparison of convolutional, recurrent, Siamese, Transformer-

based, and hybrid architectures under spatial, temporal, and cross-regional evaluation settings. 

The study also integrates class-specific assessment, confidence calibration, active learning, 

sensor fusion, and statistically adjusted area estimation within a unified framework. This 

approach provides a more rigorous basis for evaluating model transferability and identifying 

where automated predictions require expert verification. 

The limitations of this study include unequal reference-data quality across regions, 

limited representation of rare and transitional land-cover classes, differences in satellite 

resolution, and the computational demands of advanced architectures. Medium-resolution 

imagery remained less effective for detecting selective logging, narrow roads, small mining 

sites, fragmented clearings, and early ecological recovery. The illustrative global dataset could 

not fully represent every forest type, disturbance process, and land-management system. Future 

research should develop geographically independent benchmarks, expand field-validated 

labels, incorporate very-high-resolution imagery, and evaluate geospatial foundation models 

through longitudinal testing. Further investigation should also examine model drift, 

computational energy consumption, ethical data governance, and the practical effects of 

automated classifications on forest enforcement, carbon accounting, restoration planning, and 

community land rights. 
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