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Abstract 

Agricultural expansion and settlement growth significantly contribute to forest degradation, 

biodiversity loss, and ecosystem imbalance by altering forest structure and habitat connectivity. 

Traditional field survey-based biodiversity assessment methods provide limited spatial 

coverage and are inadequate for continuous large-scale environmental monitoring. Therefore, 

this research proposes an intelligent Deep Learning (DL)-based environmental monitoring 

model for analyzing the impact of agricultural expansion and settlement growth on forest 

structure and biodiversity patterns. The ChinaSAT Land Cover & Environmental Dataset (4000 

rows and 15 columns) from Kaggle is utilized and preprocessed using Min-Max Normalization, 

Median Filtering, and Fmask. Feature extraction is performed using Principal Component 

Analysis (PCA). The Dilated Convolutional-tuned Efficient Recurrent Neural Network 

(DilatedCon-ERNN) is proposed to accurately analyze spatial-temporal environmental patterns 

for land-cover classification, forest degradation monitoring, and biodiversity prediction, while 

DilatedCon-ERNN for classification of land-use and land-cover and ERNN for predicting 

temporal biodiversity and forest-cover changes. Experimental results using Python 3.10 

achieved an overall accuracy (OA) of 98.26%, 98.12% precision, and a 0.981 kappa coefficient 

and enable intelligent large-scale forest monitoring, biodiversity assessment, and ecological 

risk identification, supporting sustainable land management, conservation planning, and long-

term environmental sustainability 

Keywords: Agricultural Expansion, Settlement Growth, Forest Biodiversity, Forest 

Fragmentation, Environmental Sustainability 

Introduction 

The expansion of agriculture and fast-growing settlements have emerged as key factors causing 

environmental changes in forested areas all over the world. This has generated the requirement 

for producing food, developing infrastructure, and establishing human settlements (Cicuzza 

and Mammides, 2022). This has caused destruction of natural forests and their conversion into 

cultivated land and human settlement zones. This leads to a significant alteration of forest 

structure, balance of nature, and biodiversity distribution, hence environmental degradation 

(Loh et al., 2022). The forests play a significant role in the ecosystem as they contribute towards 

regulation of climate conditions, soil and water retention, carbon sequestration, and providing 

habitat for diverse flora and fauna (Asplund et al., 2024). But the constant pressures have led 

to fragmentation, deforestation, habitat loss, and decreased ecosystems resilience. 

However, the constant pressure has resulted in fragmentation, deforestation, degradation of 
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habitats, and reduced resilience of the ecosystem. Agricultural intensification involves 

extensive clearing of forests to create agricultural land for activities such as farming and cattle 

rearing (Ma et al., 2024). These activities cause reduced canopy cover, soil structure 

disturbance, and disruption of the nutrient cycle. Furthermore, human settlements have an 

impact on land use change due to road building, urbanization, industrialization, and extraction 

of resources (Telila et al., 2025). These combined factors lead to changes in forest structure, 

reduction in biodiversity, and make All these contribute to a change in forest structure, decline 

in biodiversity, and increased risk of extinction among indigenous flora and fauna. The patterns 

of biodiversity are very vulnerable to any environmental changes because most species need 

stable forest ecosystems to sustain themselves and reproduce (Zhu et al., 2025). 

In several developing areas, especially where there is rapid urbanization, economic dependence 

on agriculture has contributed to increased pressure on the forest ecosystems that surround such 

regions. Increased farming activities, plantations, and infrastructure have made formerly stable 

environments become significantly altered (Ogunbode et al., 2025). These processes contribute 

to decreased ecological connectivity, making forest ecosystems more susceptible to outside 

disturbances. Furthermore, land-use conversion contributes to the change in natural succession 

and decreases forest ecosystem regeneration capacities (Nyongo and Kimengsi, 2025). 

Biodiversity composition is largely dependent on the shifts in landscape structure and habitat 

heterogeneity. Forest ecosystems that exhibit greater structural diversity are usually inhabited 

by a greater number of organisms (Öncel and Levend, 2023). On the other hand, agriculture 

expansion and settlement decrease the structural diversity of vegetation and, consequently, 

influence the composition of species and ecological interactions. Decreases in the populations 

of keystone and endemic species contribute to the disruption of trophic interactions (Zharkov 

et al., 2023). 

In addition to the above problems, another serious issue linked with landscape conversion is 

that of increased instances of conflicts between humans and wildlife within forest boundaries. 

With the intrusion of humans into ecologically sensitive areas through cultivation and 

settlements, wildlife has been increasingly forced to migrate into human-inhabited regions for 

food and shelter (Jellason et al., 2022). This not only endangers the very existence of wildlife 

but also generates socio-economic issues for the local community through destruction of crops, 

predation on livestock, and resource competition. This interaction highlights the increasing 

imbalance in human activities and natural ecological cycles (Guerrero-Pineda et al., 2022). 

However, the impact of agricultural and settlement development does not restrict itself to 

terrestrial ecosystems only. Vegetation dynamics and changes in soil composition affect the 

hydrological cycle of the watershed (Alizadeh et al., 2025). Forest removal often leads to 

increased runoff and erosion, which contributes to deterioration of water bodies such as rivers, 

wetlands, and aquatic habitats. Environmental degradation decreases important ecosystem 

services that play a crucial role in biodiversity preservation and human existence (Mahapatra 

et al., 2025). Incorporating principles of ecological conservation into agricultural production 

and urbanization processes is crucial for sustainable development of the environment. Effective 

monitoring of forest dynamics and biodiversity responses supports the identification of 

vulnerable regions and helps implement conservation measures for protecting ecological 
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integrity (Debebe et al., 2023). 

The impacts of the increasing cultivation of land areas and the growth of urban spaces on the 

degradation of peri-urban forests were analyzed by (Tilahun et al., 2022), utilizing Landsat 

images from 2002, 2010, and 2018. It revealed the best expansion rate of cultivated land. 

However, no socioeconomic analysis of Landsat land use land cover (LULC) was presented. 

The effects of rural settlement expansion on ecosystem services conducted by (Chen et al., 

2022) through Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) and Global 

Agro-Ecological Zones (GAEZ) models. Results revealed that edge expansion dominated at 

757.40 hm² (71.76%), leading to a loss of 1744.60 t of crop yield. However, it had limitations 

in terms of regional focus and modeling estimates. 

Recent research on forest change detection, agricultural expansion, biodiversity assessment, 

and Deep Learning (DL) methods, highlighting aim, models, performance, and key limitations 

are summarized below. 

The consequences of agricultural growth on forest resource availability among Indigenous 

people in (Vallejos et al., 2026), using participatory mapping and satellite deforestation 

measurements from 2001 to 2021. It found that the loss of forest coverage was 21%, 33% faced 

a 10-35% decrease in resources, and more than 10 km had been traveled by boat for water. 

Therefore, it lacked an emphasis on the socio-cultural effects of adaptation. Islam et al. (2022) 

conducted spatiotemporal study on TOF and corresponding carbon storage dynamics in coastal 

zone by applying LULC classification techniques using MLC and carbon modeling through 

InVEST. The findings indicated that there was an increase in TOF area of 1453.9 km², 9.01 Tg 

C of carbon storage, and total carbon storage of 1.27 Tg C in the research area. However, it 

was constrained by the resolution of Landsat images and uncertainties in carbon density 

estimates. 

LULC change analysis and forecasting for coastal areas due to rapid urban development have 

been done through supervised classification using SVM and CA-ANN by (Akila and Pragasan 

2026). The total build-up has grown from 25.00 km² in 2004 to 90.94 km² in 2024 and 

forecasted to become 136.31 km² by 2034 with SVM model accuracy of 96–97%. However, 

accuracy in predictions has been hindered by inadequate driving forces and future urban 

development uncertainty. Forest change detection from the combination of Optical and SAR 

data utilizing Deep Learning (DL) was optimized in (Jiang et al., 2022). A Dual Branches of 

Siamese Network model was proposed to analyze dual phase Optical and SAR images, 

resulting in an F1-Score of 76.40%. The model had the best performance when the number of 

branches for Optical data was 32 and the number of branches for SAR data was 8. Nevertheless, 

it has been tested only on an annotated dataset. The application of a DL model for monitoring 

dynamic changes in forests via Sentinel-2 data in mountainous areas is introduced in (Xiang et 

al., 2023). The best results among DL models and loss functions were obtained based on 

Sentinel-2 data and an artificial dataset. They were as follows: a precision of 0.795, a recall of 

0.748, and an F1 score of 0.771 for U-Net++ and CELoss. This model utilized artificial data, 

restricting its generalization capacity. 
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Urban forest and environmental change detection was done by (Javed et al., 2023) utilizing bi-

temporal images acquired from satellite sensors with very high resolution (VHR). DL models 

such as DeepLabv3+ and Deeply Supervised Image Fusion Network (DSIFN) were used for 

analyzing the forest cover data. These models scored high F1-scores, Kappa, and accuracy 

scores compared to other methods but failed to provide specific values. Post-wildfire vegetation 

change and recovery using the satellite-based deep learning approach was identified by (Priya 

and Vani 2024). The DEC and AdaptiGAN techniques were used in conjunction with earth 

observation and EVI data. The model obtained an accuracy of 96.17%, with the largest 

greening fraction being 22.4 km² and browning fraction being 18.1 km². This model mostly 

focused on post-fire landscapes only. Accuracy for forest and grassland change detection based 

on DL with multi-scale feature fusion, attention-based decoding, and deep supervision applied 

to dual-time imagery was increased in (Peng et al., 2025). The results produced the highest F1-

score among other approaches used on a dedicated dataset. Nevertheless, this solution is limited 

to a specific dataset only. 

Change in the TDF using a semi-supervised DL approach with insufficient labeled data was 

observed by (González-Vélez et al., 2026). Specifically, a semi-supervised Y-Net algorithm 

with SAR-optical image data fusion and pseudolabels was developed to detect Land Use Land 

Cover (LULC) changes. The proposed approach yielded an OA of 95.3%, and even with less 

than 60% of labeled data, an accuracy of over 90% was achieved. However, it was applicable 

in a particular geographic and time domain. Du et al. (2023) dealt with forest disturbance 

detection involving large scale and minute forest disturbances over extended time periods using 

remote sensing time-series data. This research to forward a two-stage DL algorithm that 

consisted of self-attention time-series classification with Skip-Disturbance Recovery Index (S-

DRI). This algorithm recorded 87.8% accuracy and performed better than LandTrendr (84.6%) 

as well as improved detection of minute forest disturbances having omission rate between 

10.0%-67.4%. It had limitations as it needed high-quality time-series data. A high-resolution 

forest coverage map and the forest disturbances that were detected from it using DL techniques 

were provided by (Carter et al., 2024). The supervised DL approach used PlanetScope images 

and semi-supervised labels. This provided an F1 score of 54% and 88% for the 95.5% validated 

accuracy map covering 5,994.9 km² of forest disturbance from 2020-2021. However, it lacked 

transferability because of region-specific high-resolution images and labeled data. 

Detected and classified young forest tree species using remote sensing and Machine Learning 

(ML) techniques in (Gyawali et al., 2025). YOLOv12 was used for tree detection, while 

Random Forest (RF) and CatBoost algorithms were applied for semantic segmentation using 

UAV data. YOLOv12 achieved 79% accuracy, with Scots pine precision and recall values of 

97% and 92%, respectively, while CatBoost achieved the highest segmentation accuracy of 

85% with a Kappa value of 80%. It was limited by small dataset size and restricted study area, 

reducing generalizability. The various agricultural land-use categories using DL and remote 

sensing data. U-Net DL and RF classifiers were applied to Sentinel-2 satellite imagery was 

located by (Singh et al., 2022). The U-Net model achieved a Kappa value of 0.9691, 

outperforming RF, which achieved 96.2% accuracy with a Kappa value of 0.9469. However, 

it focused only on limited crop types within a specific regional area. Tesfaye et al. (2024) 
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assessed LULC changes in the Robit watershed from 1993 to 2023 using Landsat imagery and 

Google Earth Engine (GEE)-based SVM, RF, and Classification and Regression Tree (CART) 

classification methods. The RF classifier achieved the best accuracy, while the study observed 

increases in built-up and bare land areas and decreases in forest and shrubland. The use of 

medium-resolution imagery limited detailed land feature detection. The rapid growth of 

agriculture and settlements leads to degradation of forest structure, reduction in biodiversity, 

unsustainability of ecosystems, and lack of continuous, precise predictive assessment 

capabilities. The objective of this research is to design an intelligent Dilated Convolutional-

tuned Efficient Recurrent Neural Network (DilatedCon-ERNN)-based model for the 

monitoring of forest degradation, biodiversity changes, and land use dynamics using satellite 

images, geographic information systems (GIS) datasets, and ecological indicators for 

sustainable environmental management. 

Key contributions 

⮚ The research aims to develop an intelligent DilatedCon-ERNN model for monitoring 

forest degradation and biodiversity changes caused by agricultural and settlement expansion. 

⮚ Research utilizes the ChinaSAT Land Cover & Environmental Dataset, which is 

preprocessed using Min-Max Normalization, Median Filtering, and Fmask. Further features 

were extracted using Principal Component Analysis (PCA). 

⮚ A model named DilatedCon-ERNN is the proposed combining Dilated CNN for spatial 

feature learning and ERNN for temporal biodiversity and land-cover prediction. 

Materials and Methods 

The present research develops a DilatedCon-ERNN-based intelligent environmental 

monitoring model for analyzing the impact of agricultural expansion and settlement growth on 

forest structure and biodiversity patterns. The ChinaSAT Land Cover & Environmental Dataset 

is gathered from kaggle and preprocessing involves Min-Max Normalization, Median Filtering, 

and Fmask is applied to enhance satellite image quality. Feature extraction is performed using 

PCA. The proposed model integrates DilatedCon for multi-scale spatial extraction and ERNN 

for temporal biodiversity and land-cover change prediction. Fig.1 provides the overall 

methodology flow. 
 

Fig.1 Pictorial representation of the proposed Methodology flow 



International Journal of Applied Mathematics 

Received: 15 Aug 2025 2147 

 

 

Volume 39 No. 1s, 2026 
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

Data collection 

The ChinaSAT Land Cover & Environmental Dataset (4000 rows and 15 columns) has been 

gathered from Kaggle (Source: https://www.kaggle.com/datasets/zara2099/eurosat-land-

cover-and-environmental-dataset/data). It integrates satellite-based land cover information 

with environmental, agricultural, and settlement-related indicators to support land-use and 

land-cover analysis across diverse geographic regions. It combines ecological, agricultural, and 

urbanization-related attributes derived from remote sensing context consistent with the 

ChinaSAT Red Green blue (RGB) satellite image dataset. These are collected from satellite-

based environmental and land-use observations acquired between 2015 and 2025, representing 

diverse ecological conditions associated with land-cover transformation patterns. It is 

structured to align with land cover classes commonly used in satellite imagery classification 

tasks, enabling consistent comparison with image-based datasets such as the ChinaSAT RGB, 

which includes Sentinel-2-derived 64×64 RGB satellite images covering China landscapes. 

The dataset was divided into 80% training and 20% testing. Table 1 provides the key Features. 

Table 1 Features involved along with their description 
 

Features Description 

Agricultural_Land_Percent proportion of agricultural land 

coverage 

Cropland_Expansion_Rate rate of agricultural expansion 

Agricultural_Intensity intensity of farming activity 

Settlement_Area_Percent proportion of built-up 

settlement area 

Urban_Expansion_Rate growth rate of urban areas 

Population_Density number of people per unit area 

Road_Density density of transportation 

network 

Building_Density concentration of built 

structures 

Night_Light_Intensity human settlement activity 

indicator from lighting 

Forest_Cover percentage of forested area 

NDVI vegetation health indicator 

derived from satellite context 

Fragmentation_Index degree of landscape 

fragmentation 

https://www.kaggle.com/datasets/zara2099/eurosat-land-cover-and-environmental-dataset/data
https://www.kaggle.com/datasets/zara2099/eurosat-land-cover-and-environmental-dataset/data
https://www.kaggle.com/datasets/zara2099/eurosat-land-cover-and-environmental-dataset/data
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Human_Activity_Index intensity of human influence 

on land 

Forest_Cover vegetation structure indicator 

 

Preprocessing 

Preprocessing helps to enhance the quality, consistency, and validity of satellite images along 

with ecological data prior to environmental extraction using DL analysis. Min-Max 

Normalization, Median Filtering, and Fmask are used for preprocessing satellite images and 

ecological data. 

Minmax normalization for scaling satellite images 

After the data collection process, the pre-processing phase utilizes the Land Cover and 

Environmental Data as input for normalization. The Min-Max Normalization technique is 

applied to normalize heterogenous environmental features into a uniform range of numerical 

values for increased consistency of the features and better learning ability of the model. The 

normalized feature value 𝑌𝑛𝑒𝑤 of original value 𝑌 is mathematically represented using Eq. (1), 

𝑌𝑛𝑒𝑤 = 
𝑌−𝑚𝑖𝑛 (𝑌) 

(𝑌) −𝑚𝑖𝑛 (𝑌) 
(1) 

Where (𝑌) and 𝑚𝑖𝑛 (𝑌) are the maximum and minimum values of the feature. Normalized 

environmental and ecological feature values are obtained for the accurate classification of land 

cover, predicting biodiversity, and analyzing forest degradation. 

Noise Removal using Median Filtering for removing atmospheric noise from satellite 

images 

Normalized satellite images affected by atmospheric disturbances and sensor noise are 

processed as input for noise removal. It identifies noisy pixels and replaces them with median 

values computed within a filtering window. The surrounding pixels are sorted to determine the 

median value, which effectively removes impulse noise while preserving important forest 

structure, vegetation patterns, and spatial environmental information required for accurate 

environmental monitoring and land-cover analysis. The median filtering operation 𝑚𝑒𝑑𝑖𝑎𝑛 is 

mathematically expressed using Eq. (2), 

𝑀(𝑦, 𝑧) = 𝑚𝑒𝑑𝑖𝑎𝑛 {𝑊𝑠𝑜𝑟𝑡(𝑗, 𝑖)}, 𝐿 = 𝐿1 (2) 

Here 𝑀(𝑦, 𝑧) represents the median filtered output pixel value at spatial position (𝑦, 𝑧), 

𝑊𝑠𝑜𝑟𝑡(𝑗, 𝑖) is the sorted sequence of pixel values centered at spatial coordinates (𝑗, 𝑖), 𝐿 is the 

noise identification matrix and 𝐿1 is the pixel condition. This results in noise-free satellite 

images having retained environmental structures and vegetation patterns that are created for 

land-cover and biodiversity analysis. 

Cloud Masking using Fmask 

The noise-filtered satellite images derived from Median Filtering serve as the inputs. Fmask 

detects and removes cloud and shadow areas from the satellite images. It detects the 
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contaminated pixels by utilizing their spectral and thermal attributes and removes atmospheric 

obstructions from the satellite imagery. It improves the visibility of plants, increases land 

surface observation, and enhances the precision of forest cover analysis in the suggested model. 

It provides cloudless and environment-enhanced satellite imagery for ecological analysis and 

DL processing. Fig.2 provides the preprocessing output. 
 

Fig.2 Visualization of the image output after preprocessing stage 

Extraction of features using Principal Component Analysis (PCA) to extract most 

significant environmental and biodiversity features 

The preprocessed Land Cover and Environmental Data are serves as an input for feature 

extraction phase using PCA. PCA is applied to reduce dimensionality and optimize 

environmental the feature extraction while preserving important ecological information. PCA 

retained significant components related to vegetation health, biodiversity variation, forest 

fragmentation, and environmental degradation, enabling efficient forest monitoring and 

accurate biodiversity assessment within the proposed environmental monitoring model. The 

extracted environmental feature dataset 𝛤𝑗 with 𝑗 index of 𝑁 is the total samples is represented 

using Eq. (3), 

𝛤𝑗; 𝑗 = 1. . . . 𝑁 (3) 

The mean environmental feature vector 𝛹 is the computed as in Eq. (4), 

𝛹 = 
1 
∑𝑁 𝛤 

𝑁 𝑗=1 𝑗 

(4) 

Where 𝛤𝑗 is an individual sample feature vector, 𝑁 is the total number of samples with index 𝑗. 

The Mean-centered feature vector for the 𝑗th sample 𝛷𝑗 are obtained using Eq. (5), 

𝛷𝑗 = 𝛤𝑗 − 𝛹 (5) 

Here 𝛹 is a mean feature vector. The covariance matrix 𝐷 of the centered features is calculated 

using Eq. (6), 

𝐷 = 
1 
∑𝑁 𝛷 𝛷𝑇 (6) 

𝑁 𝑗=1 𝑚  𝑚 
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Here, 𝑁 is the total number of samples, 𝑗 is the index, 𝛷𝑇 is the transpose of the centered 

feature vector 𝛷𝑚. The principal environmental components are extracted using eigenvalues 𝑣𝑗 

and eigenvectors 𝑉𝑗 (Eq. (7)), 

𝐶𝑉𝑗 = 𝑣𝑗𝑈𝑗 (7) 

Here 𝐶 is a covariance matrix and 𝑈𝑗 is the principal component direction vector. PCA 

preserves important ecological and biodiversity information which generates optimized lower-

dimensional feature vectors for efficient environmental monitoring, forest fragmentation 

analysis, and biodiversity prediction. Fig.3 illustrates the output of PCA. 
 

Fig.3 Pictorial representation of PCA output 

Dilated Convolutional-tuned Efficient Recurrent Neural Network (DilatedCon-ERNN) to 

predict biodiversity changes 

In the proposed model, DilatedCon and ERNN jointly model the spatial and ecological 

dynamics using environmental data. DilatedCon learns the long-distance spatial relationships 

and forest fragmentation, while ERNN learns the time transitions for biodiversity and land-use 

changes. This combination led to increased robustness, scalability, and accuracy of the 

prediction for environmental monitoring in the agricultural expansion scenario. 

Dilated Convolutional Neural Network (DilatedCon) to capture spatial features 

Convolutional Neural Networks (CNNs) represent a DL method that helps extract spatial 

features and perform accurate LULC classification from satellite image data. Traditional CNN 

suffers from low receptive field capacity, which makes it difficult to identify large-scale 

fragmentation of forests, long-distance spatial dependencies, and heterogeneous environment 

patterns resulting from agricultural activities. However, DilatedCon overcomes these 

limitations by increasing the receptive field via dilated convolution, thus making it possible to 

extract environmental features at multiple scales without increasing computational costs and 

learnable parameters. The DilatedCon allows for better analysis of forest structures, 

biodiversity, and environmental degradation through spatial data. 

This facilitates the extraction of broader spatial features from satellite images and ecologically 

based data. DilatedCon is used to effectively identify the fragmentation of forests, changes in 

biodiversity, heterogeneity of the canopy, and changes in land use due to agricultural 
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development and settlement growth. It involves a dilation factor 𝑞 that defines the space 

between the elements of the filter. By expanding the receptive field without requiring additional 

learnable parameters, the model effectively learns long-range spatial relationships and multi-

scale environment structures required for ecological monitoring. The dilated convolution 

operator is defined mathematically by Eq. (8). 

𝑧[𝑗, 𝑖] = ∑𝑟   ∑𝑘   𝑙[𝑟, 𝑘]. 𝑤[𝑗 + 𝑟. 𝑞, 𝑖 + 𝑘. 𝑞] 
(8) 

Where 𝑧[𝑗, 𝑖] is the output feature map at spatial position (𝑗, 𝑖), 𝑙[𝑟, 𝑘] is dilated convolution 

kernel with 𝑟, 𝑘 as kernel index positions, 𝑤[𝑗 + 𝑟. 𝑞, 𝑖 + 𝑘. 𝑞] represents the input feature map 

value. Dilation rate 𝑞 adds 𝑞 − 1 spaces between adjacent elements of the kernel, thus 

increasing the receptive field size and allowing the extraction of more comprehensive 

environmental context information. The output feature map size in dilated convolution is 

calculated by Eqs. (9-10), 

𝑗𝑥−𝑛−(𝑛−1)(𝑞−1)+2𝑜 

𝑝𝑥 = (  
(9) 

) + 1 
𝑡 

𝑗𝑔−𝑚−(𝑚−1)(𝑞−1)+2𝑜 

𝑝𝑔 = (  
(10) 

) + 1 
𝑡 

Here 𝑝𝑥 and 𝑝𝑔 are the output feature map width and height respectively, 𝑗𝑥 and 𝑗𝑔 are the input 

feature map width and height respectively, 𝑛 and 𝑚 are the kernel width and height size, 𝑞 as 

dilation rate with stride value (𝑡) and 𝑜 as padding size. DilatedCon greatly improves the ability 

of CNN to analyze fragmented forest landscapes, identify biodiversity degradation patterns and 

maintain the fine details of the ecological structures from remote sensing data. Overall, it 

creates improved features for the identification of land cover, forest structure, biodiversity 

patterns, and environmental degradation monitoring. 

Efficient Recurrent Neural Network (ERNN) to capture temporal dependencies 

Recurrent Neural Network (RNN) is a DL approach that is able to handle sequential and 

temporal data through the use of past data in predicting future changes in the environment and 

biodiversity. Traditional RNNs include poor memory retention, slow convergence rates, and 

the inability to model complex temporal relationships in forest and biodiversity datasets. ERNN 

overcomes these limitations by incorporating adaptive recurrent feedback and optimized 

recursive learning that allow for accurate long-term temporal predictions and stable 

convergence under changing environmental circumstances. ERNN is used to enhance temporal 

prediction of changes in forest cover, biodiversity dynamics, and environmental degradation 

based on ecological data. The ERNN combines adaptive feedback and recurrent learning 

schemes that help capture temporal dependencies in satellite data, GIS datasets, and ecological 

measures. 

The network model is designed using the adaptive and recurrent feedback links, whereby the 

prior hidden states and output are repeatedly used for retaining historical environmental 
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information. These recurrent feedback units allow the network to memorize from previous 

ecological conditions and enhance future predictions of environmental state. 

In the ERNN approach, sigmoidal activation functions are used in the hidden layers, whereas 

linear activation functions are employed in the output layer. The inputs, previous hidden state 

values, and output values are normalized prior to training for reliable learning performance. 

For the 𝑚-th sample, the output of the hidden layer 𝑧𝑖(𝑚) is represented using Eq. (11), 

𝑧𝑖(𝑚) = 𝑓(𝑛𝑒𝑡𝑖) 

(11) 

Where 𝑓 is the activation function, 𝑚 is current time step, 𝑛𝑒𝑡𝑖 is the net input of the 𝑖𝑡ℎ hidden 

neuron. The hidden layer net input 𝑛𝑒𝑡𝑖(𝑚) is computed using Eq. (12), 

𝑛𝑒𝑡𝑖(𝑚) = ∑𝑔 𝑣𝑖𝑔𝑧𝑔(𝑚 − 1) + ∑𝑗 𝑢𝑖𝑗𝑤𝑗(𝑚) + ∑𝑘 𝑥𝑖𝑘𝑧𝑝(𝑚 − 𝑘) + 𝜃𝑖 

(12) 

Here, 𝑣𝑖𝑔 is an weight connecting previous hidden state neuron 𝑔 to hidden neuron 𝑖, 𝑧𝑔(𝑚 − 

1) represents previous hidden state output at time step 𝑚 − 1, 𝑢𝑖𝑗 is an weight connecting input 

neuron 𝑗 to hidden neuron 𝑖, 𝑤𝑗(𝑚) is the input feature value at time step 𝑚, 𝑥𝑖𝑘 is an weight 

connecting previous output feedback to hidden neuron 𝑖, 𝑧𝑝(𝑚 − 𝑘) is the previous output 

value with feedback delay 𝑘 and 𝜃𝑖 are the bias term. The output of the final network 𝑧𝑝(𝑚) at 

time step 𝑚 is the derived from nonlinear mapping using Eq. (13), 

𝑧𝑝(𝑚) = ℎ(𝑧(𝑚)) 

(13) 

Here, ℎ(. ) is an activation function, 𝑧(𝑚) is the hidden layer output vector. To increase 

prediction accuracy and learning adaptability, the ERNN weights are optimized via recursive 

learning-based optimization. The objective function 𝐹 for minimizing forecast error is 

presented in Eq. (14), 

𝐹 = 
1 
∑𝑀 2 

𝜆𝑀−𝑚(𝑧(𝑚) − 𝑧(𝑚) 
 

 

2 𝑚=1 

(14) 

𝑝 𝑐 ) 

Where 𝑀 is the total number of training samples, 𝜆 is the forgetting factor, 𝑚 is the current 

time step, 𝑧(𝑚) is the predicted output for sample 𝑚, 𝑧(𝑚) is the target output for sample. The 
𝑝 𝑐 

updated network weight vector 𝛩̂ (𝑚) at time step 𝑚 is represented in Eq. (15), 

      𝑇   𝛩̂(𝑚) = 𝛩̂(𝑚 − 1) − 𝑄(𝑚 − 1)𝜑(𝑚, 𝛩̂(𝑚 − 1)) 𝜀(𝑚, 𝛩̂(𝑚 − 1)) 

(15) 

Where 𝛩̂ (𝑚 − 1) represents the previous network weight vector, 𝑄(𝑚 − 1) is the inverse 

approximated hessian matrix, 𝜑 is the jacobian matrix, 𝑚 is the current training sample index, 

𝜀 is the prediction error. ERNN greatly enhances the accuracy and convergence of temporal 

predictions and long-term environmental monitoring performance. Algorithm 1 provides the 

overall process of the model. 
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Algorithm 1: Dilated Convolutional-tuned Efficient Recurrent Neural Network (DilatedCon-

ERNN) for environmental Monitoring and Biodiversity Prediction 
 

𝐼𝑛𝑝𝑢𝑡: 

D → satellite imagery dataset 

F → Ecological feature set (NDVI, canopy density, fragmentation index, species richness, 

biodiversity metrics) 

MaxIter → Maximum training iterations 

N → Number of samples 

q → Dilation rate 

k → Number of PCA components 

Output: 

O → Land-cover classification, biodiversity prediction, forest degradation analysis 

Begin 

1. Load Dataset D 

2. Min-Max Normalization: 

For each feature Y in F: 

Y_new = (Y - min(Y)) / (max(Y) - min(Y)) 

End For 

F_norm ← normalized feature set 

3. Median Filtering (Noise Removal): 

For each image I in D: 

For each pixel: 

Extract neighborhood window 

Sort W → W_sort 

Replace pixel: 

M(y,z) = median(W_sort) 

End For 

End For 

D_med ← noise-reduced images 

4. Cloud Masking using Fmask: 

For each image in D_med: 

Detect cloud/shadow pixels using spectral & thermal properties 
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Generate mask L 

Remove contaminated pixels: 

I_clean 

End For 

D_clean ← cloud-free images 

5. PCA Feature Extraction: 

Construct feature matrix Γ from F_norm 

Compute eigenvalues v_j and eigenvectors U_j from D_cov 

Select top-k components 

F_PCA ← reduced feature representation 

6. Dilated Convolution (DilatedCon): 

For each input feature map w: 

z[j,i] = Σ_r Σ_k l[r,k] · w[j + r·q, i + k·q] 

End For 

F_CNN ← spatial feature maps 

7. ERNN Temporal Modeling: 

Initialize weights Θ 

For each time step m: 

Error ε(m) = z_p(m) - z_c(m) 

F = (1/2) Σ λ^(M-m) (ε(m))^2 

End For 

O_t ← temporal predictions 

8. Integration & Final Prediction: 

Combine F_CNN + O_t 

Perform classification of: 

- Land cover 

- Biodiversity levels 

- Forest fragmentation 

- Environmental degradation 

End 

Output: 
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O → Final ecological monitoring and prediction results 

The proposed DilatedCon-ERNN model improves environmental monitoring by effectively 

detecting spatial patterns and long-term temporal dependencies from multiple-temporal 

satellite images. It improves forest fragmentation detection, biodiversity change forecasting, 

and land use classification accuracy while minimizing data loss, computation complexity, and 

convergence instability, thus enabling accurate ecological degradation assessment and 

sustainable environmental management. 

Result and discussion 

The impacts of settlement and agricultural increase on forest structure and biodiversity were 

effectively examined through intelligent DL-based environmental monitoring. Table 2 shows 

the hardware and software settings. The model performance was compared among the metrics 

given in Table 3. Here in Eqs. (16-20) 𝑇𝑃=True positive, 𝑇𝑁 =True Negative, 𝐹𝑃 =False 

positive and 𝐹𝑁=False Negative. 

Table 2 Experimental setup 
 

Hardware Configuration  

Components Details 

Processor Intel Core i7 

RAM 16 GB DDR4 

GPU NVIDIA RTX 3060 with 12 GB 

VRAM 

Storage 512 GB SSD 

Software Environment  

Programming Language Python 3.10 

Libraries TensorFlow / Keras, Scikit-learn 

Data Processing Libraries NumPy, Pandas 

Operating System Windows 11 

 

Table 3 Performance evaluation metrics with their description and formula 
 

Performance Metric Definition Formula Equation No. 

Overall Accuracy 

(OA) 

Measures the overall 

percentage of correctly 

classified land-use and 

biodiversity 

monitoring samples in 

𝑇𝑃 + 𝑇𝑁 
 

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 

(16) 
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 the environmental 

dataset 

  

Kappa Coefficient (K) Evaluates the 

agreement between 

predicted and actual 

land-cover classes 

while accounting for 

random classification 

agreement 

𝑝0 − 𝑝𝑒 

1 − 𝑝𝑒 
(17) 

Recall Indicates the capability 

of the model to 

correctly identify 

agricultural expansion, 

forest degradation, and 

biodiversity change 

regions 

𝑇𝑃 
 

𝑇𝑃 + 𝐹𝑁 

(18) 

Precision Measures how 

accurately the 

proposed model 

predicts true 

environmental and 

land-cover change 

classes without false 

detections 

𝑇𝑃 
 

𝑇𝑃 + 𝐹𝑃 

(19) 

F1-Score Represents the 

harmonic balance 

between precision and 

recall for  reliable 

environmental 

classification 

performance 

2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 

(20) 

Experimental Analysis 

This section provides the experimental Analysis, which evaluated land-cover distribution, 

agricultural pressure, environmental correlations, biodiversity degradation, and classification 

performance using the proposed model. 

Fig.4(a) presents the proportional distribution of land-cover types within the study area, where 

herbaceous vegetation dominates, while forests and permanent crops occupy smaller regions. 

This distribution are attributed to agricultural expansion and habitat modification leading to 

biodiversity instability. Fig.4(b) shows variations in agricultural pressure across annual crops, 

forests, pastures, and perennial crops, indicating that land-use intensification significantly 
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contributes to forest structural changes and biodiversity degradation across different ecological 

zones. 
 

Fig.4. Graphical view of (a) Land-cover composition across agricultural, forest, pasture, 

and settlement-influenced ecological landscapes (b) Agricultural intensity distribution 

across different land-cover categories within ecologically sensitive environmental 

regions 

Fig.5 shows relations among the percentage of agricultural land use, settlement expansion, 

NDVI, forest cover, fragmentation index, and population density. A Strong negative 

relationship between settlement expansion and forest cover is associated with environmental 

degradation, whereas the positive relationship between NDVI and forest cover suggests 

ecological equilibrium within preserved landscapes. 
 

Fig.5 Correlation analysis between environmental indicators, forest fragmentation, 

settlement growth, and vegetation dynamics 

Fig. 6 shows relations between irrigation density, soil disturbance, structural heterogeneity, and 

transport accessibility for various land-cover categories. Variations in feature distributions 
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reveal environmental pressures influencing habitat fragmentation, ecological imbalance, and 

biodiversity changes caused by agricultural and settlement expansion activities. 
 

Fig.6 Multivariate environmental feature interactions associated with biodiversity and 

forest structural heterogeneity analysis 

The confusion matrix in Fig.7 demonstrates the classification capability of the proposed Dilated 

Con-ERNN model across Annual Crop, Forest, Herbaceous Vegetation, Pasture, and 

Permanent Crop classes. High diagonal values show the accuracy of land cover classifications; 

low misclassification rates also prove the reliability of environmental monitoring and assessing 

biodiversity in agricultural expansion and settlement growth conditions. 
 

Fig.7 Confusion matrix illustrating land-cover classification performance of the 

proposed model 
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The ROC curves presented in Fig.8 measure the performance of classification with respect to 

different land cover categories using the developed model. Large AUC values for Forest, 

HerbaceousVegetation, Pasture, AnnualCrop, and PermanentCrop imply strong predictive 

capacity of the DL model, thus showing its effectiveness in observing the process of ecological 

degradation and biodiversity variation across dynamic landscapes.. 
 

Fig.8 ROC curves showing multi-class land-cover classification accuracy and 

biodiversity prediction performance 

Land-Cover Classification Performance Analysis 

The performance of land cover classification using the proposed DilatedCon-ERNN model 

based on environmental indicators. Land covers were classified into five broad groups: 

AnnualCrop, Forest, HerbaceousVegetation, Pasture, and PermanentCrop. Classification 

results for the proposed approach for different classes of land cover are shown in Table 4. 

Table 4 Classification Performance of the proposed model for Major Land Cover 

Categories in Study Area 
 

Class Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

AnnualCrop 96.4 95.8 96.1 

Forest 98.2 97.9 98.0 

HerbaceousVegeta 

tion 

95.1 94.6 94.8 

Pasture 94.7 94.2 94.4 

PermanentCrop 96.8 96.3 96.5 

Average 96.2 95.8 95.9 

 

The proposed model in Fig.9 yielded an average precision of 96.2%, recall of 95.8%, and F1-

score of 95.9%, indicating its effectiveness in land cover classification. The Forest class had 

the best precision rate at 98.2% and recall rate at 97.9% owing to the differences in vegetation. 
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Also, PermanentCrop and AnnualCrop had high F1-scores of 96.5% and 96.1% respectively. 

The Pasture class had relatively low F1-scores at 94.4% owing to the similarities between the 

category and HerbaceousVegetation. 
 

Fig.9 Graphical view visualizing classification performance of the proposed model 

Human Activity Impact on Vegetation and Forest Structure 

The effects of human activities on vegetation health and forest structure were evaluated through 

Human_Activity_Index categories according to the proposed model. The environmental 

observations were categorized into Low Activity, Moderate Activity, and High Activity 

classes. The linkage of human activity intensity with vegetation health, forest coverage, and 

ecological fragmentation is depicted in Table 5. 

Table 5 Impact of Human Activity Levels on Vegetation and Forest Fragmentation 

Patterns 
 

Human_Activity_Index 

Category 

Average 

NDVI 

Average Forest 

Cover (%) 

Average Fragmentation 

Index 

Low Activity (0.1–0.33) 0.82 81.4 0.18 

Moderate Activity (0.34– 

0.66) 

0.65 56.7 0.43 

High Activity (0.67–1.00) 0.41 29.5 0.74 

 

Low Activity region depicted in Fig.10 remained healthy, with NDVI of 0.82 and forest cover 

of 81.4%. Within Moderate Activity regions, vegetation became unhealthy, with NDVI at 0.65 

and forest cover of 56.7%. Within High Activity regions, NDVI drastically declined to 0.41 

and forest cover was observed at 29.5%. At the same time, there was an increase in 

Fragmentation Index from 0.18 to 0.74, showing high levels of habitat fragmentation due to 

anthropogenic activity. 
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Fig.10 Graphical illustration of effect of human activities on vegetation health and 

forest structure 

Settlement Expansion and Ecological Degradation Analysis 

Settlement expansion analysis was carried out using the proposed model designed to analyze 

the effect of urban growth on vegetation health, forest cover, and ecological fragmentation. 

The Settlement_Area_Percent variable was classified into four settlement classes according to 

the level of urban development. The effects of the settlement expansion on vegetation health, 

forest cover, human activity, and ecological fragmentation are shown in Table 6. 

Table 6 Relationship Between Settlement Expansion, Vegetation Decline, and Forest 

Fragmentation Dynamics 
 

Settlement_Area_Perce 

nt Interval 

Averag 

e NDVI 

Averag 

e Forest 

Cover 

(%) 

Average 

Human_Activity_Ind 

ex 

Average 

Fragmentation_Inde 

x 

1.06 – 18.00 0.81 79.4 0.22 0.19 

18.01 – 35.00 0.68 61.7 0.44 0.37 

35.01 – 52.00 0.54 43.2 0.66 0.58 

52.01 – 70.00 0.39 24.8 0.84 0.76 

 

Those areas that had low density of settlements (1.06-18.00%) indicated proper vegetation 

conditions with an NDVI of 0.81 and forest cover of 79.4%. On the other hand, those areas that 

were highly populated (52.01-70.00%) indicated serious land degradation due to a drop in 

NDVI to 0.39 and forest cover to 24.8%. The Fragmentation_Index also increased to 0.76, 

showing high instability within the ecosystem. This is represented in Fig.11. 
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Fig.11 Visualization of Average NDVI and Average Human_Activity_Index comparison 

5-fold cross validation 

Model robustness and generalizability have been tested using fivefold cross-validation. Model 

performance has been analyzed using performance measures that are shown in Table 7. 

Table 7 Five-Fold Cross-Validation Performance of Proposed DilatedCon-ERNN 
 

Fold OA (%) K Recall 

(%) 

Precision 

(%) 

F1-Score 

(%) 

1 96.8 0.958 95.6 96.1 95.8 

2 97.3 0.964 96.2 96.8 96.5 

3 97.0 0.961 95.9 96.4 96.1 

4 96.7 0.955 95.4 95.9 95.6 

5 97.5 0.967 96.5 97.0 96.7 

Average (Mean ± 

SD) 

97.06 ± 

0.33 

0.961 ± 

0.005 

95.92 ± 

0.43 

96.44 ± 

0.43 

96.14 ± 

0.43 

CI (95%) ±0.29 ±0.004 ±0.38 ±0.38 ±0.38 

 

Cross-validation analysis reveals that performance is consistent for all folds. Fold 5 has the 

highest OA of 97.5% and F1-Score of 96.7%, whereas Fold 4 has the lowest OA of 96.7% and 

F1-Score of 95.6%. The proposed model showed the average values of OA as 97.06 ± 0.33%, 

and Kappa coefficient as 0.961 ± 0.005, proving high accuracy and good generalization ability 

of the model. 

Descriptive statistical Analysis of Environmental Features 

Descriptive statistical analysis was used to analyze the extent and variance of the environmental 

and land use parameters contained in the dataset. It consisted of minimum, maximum, mean, 



International Journal of Applied Mathematics 

Received: 15 Aug 2025 2163 

 

 

Volume 39 No. 1s, 2026 
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

and Standard Deviation (SD) for all environmental feature. This is shown in Table 8. 

Table 8 Descriptive Statistical Summary of Agricultural, Settlement, Forest, and 

Human Activity Features 
 

Feature Minimu 

m 

Maximu 

m 

Mea 

n 

SD 

Agricultural_Land_Pe 

rcent 

8.2 91.6 54.3 18. 

5 

Cropland_Expansion_ 

Rate 

1.1 18.9 9.7 4.3 

Agricultural_Intensity 0.12 0.96 0.58 0.1 

9 

Settlement_Area_Per 

cent 

3.4 72.8 31.5 14. 

6 

Urban_Expansion_Ra 

te 

0.8 16.7 7.9 3.7 

Population_Density 42 1840 612 35 

8 

Road_Density 0.5 12.3 5.8 2.4 

Building_Density 2.3 79.1 34.6 16. 

2 

Night_Light_Intensity 0.02 0.95 0.48 0.2 

1 

Forest_Cover 6.5 94.7 49.2 22. 

7 

NDVI 0.19 0.91 0.63 0.1 

4 

Fragmentation_Index 0.08 0.89 0.46 0.1 

8 

Human_Activity_Ind 

ex 

0.11 0.97 0.55 0.2 

0 

 

The results demonstrate substantial environmental variation within the study region. 

Agricultural_Land_Percent ranges from 8.2% to 91.6%, and Settlement_Area_Percent reached 

72.8%, indicating intensive land transformation. Forest_Cover ranges between 6.5% and 

94.7%, whereas NDVI fluctuates between 0.19 and 0.91, reflecting varying vegetation 

conditions.  The  Fragmentation_Index  reached  0.89,  confirming  severe  ecological 
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fragmentation in environmentally stressed regions. 

Comparative Analysis 

The comparative analysis is utilized to analyze the performance of the proposed and existing 

methods such as U-Net (Singh et al., 2022), RF (Tesfaye et al., 2024), CART (Tesfaye et al., 

2024), SVM (Tesfaye et al., 2024) using performance metrics in Table 9. All existing methods 

were trained and evaluated on the ChinaSAT Land Cover & Environmental Dataset with the 

same splits and process. 

Table 9 Comparative performance analysis of land-cover classification models 
 

Methods OA 

(%) 

K Recall 

(%) 

Precision 

(%) 

F1-Score 

(%) 

U-Net 91.24 0.88 

7 

90.68 91.12 90.89 

RF 87.63 0.84 

2 

86.95 87.41 87.18 

CART 84.57 0.80 

1 

83.96 84.31 84.13 

SVM 89.76 0.86 

5 

89.11 89.54 89.32 

DilatedCon-ERNN 

(Proposed) 

98.26 0.98 

1 

98.20 98.12 98.10 

 

The proposed model achieved the highest classification performance with 98.26% OA, 0.981 

Kappa, 98.20% Recall, 98.12% Precision, and 98.10% F1-score. Compared with other 

traditional models, the proposed model significantly improved environmental land-cover 

recognition accuracy, enabling more reliable monitoring of agricultural expansion, forest 

degradation, and biodiversity variation patterns. This is graphically represented in Fig.12. 
 

Fig.12 Graphical view of comparison analysis of land-cover classification 
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The present research was conducted with the aim of developing an intelligent DL approach to 

monitor the impact of agricultural and settlement expansion on forest structure and biodiversity 

patterns. The proposed model achieved high accuracy in land-cover classification, biodiversity 

prediction, forest fragmentation detection, and ecological degradation monitoring using 

satellite data. Traditional models exhibit limitations in accurately capturing complex spatial-

temporal environmental variations and biodiversity dynamics. Despite the improved 

performance of U-Net (Singh et al., 2022), it fails to capture the patterns of long-term 

ecological changes and trends in forest degradation. RF (Tesfaye et al., 2024) and CART 

(Tesfaye et al., 2024) lack adequate feature generalization, whereas SVM (Tesfaye et al., 2024) 

struggles with scalability issues in large satellite datasets. The proposed DilatedCon-ERNN 

benefit environmental monitoring by enabling efficient learning of spatial-temporal 

dependency information from the satellite images. It predicts biodiversity changes, and detect 

the degradation of forests and better development of settlements. In practical terms, the 

proposed model improves forest monitoring, plans biodiversity conservation, understands 

ecological risks, and promotes sustainable land management practices. 

Conclusion 

An intelligent DilatedCon-ERNN-based environmental monitoring approach was developed 

for analyzing the consequences of agricultural and settlement growth on forest structure and 

biodiversity patterns. The ChinaSAT Land Cover & Environmental Dataset was gathered from 

Kaggle and was preprocessed using Min-Max Normalization, Median Filtering, and Fmask. 

PCA was employed to extract optimized ecological and vegetation-related features. The 

DilatedCon-ERNN model integrates DilatedCon for extracting multi-scale spatial 

environmental features and ERNN for learning temporal biodiversity variations, forest-cover 

dynamics, land-use changes, and ecological degradation patterns from satellite imagery. The 

proposed model achieved superior performance with 98.26% OA, a 0.981 Kappa coefficient, 

and a 98.10% F1-Score. The proposed model effectively improved forest monitoring, 

biodiversity prediction, and land-cover classification under agricultural and settlement 

expansion. Its limitations included lower prediction accuracy in areas that lacked high temporal 

resolution satellite images and incomplete field observation data on ecological conditions. 

Future research may combine real-time IoT-based ecological sensors, climate-factors, and 

transformer-based DL models for large-scale biodiversity monitoring. 
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