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Introduction: Habitat fragmentation, land use change, and human activities that affect the natural 
movement of animals have become the cause of many threats to large mammal populations. It is 
necessary to identify important wildlife corridors as a way to ensure habitat continuity and the 
movement of species. Conventional techniques to determine wildlife corridors rely mainly on field 
work and ecological modeling and can be limited in analyzing the correlation between various 
environmental variables. Materials & Methods: The present study offers a method based on deep 
learning for corridor identification for large mammals. The method incorporates the data from remote 
sensing, mammal occurrence data, environmental factors, vegetation information, topographic factors, 
and human interference index. The obtained data is then preprocessed and subjected to feature 
extraction and integration, and is used for analysis through deep learning models. The proposed 
method ranks corridor locations based on habitat suitability and landscape connectivity. Results: The 
outcomes show that the proposed deep learning framework has been able to capture the intricate 
relationships between the ecological parameters and animal movement. The model performed well 
when it came to classifying corridors with 95.2% accuracy, 94.7% precision, 93.9% recall, 94.3% F1-
Score, and 0.96 AUC, which is superior to traditional methods. The prioritized corridors were linked 
to dense vegetative coverage, low human disturbance, and connectivity to protected areas. 
Conclusion: The presented framework is a good example of an effective data-driven technique for 
large mammal corridor identification and conservation. Through the combination of ecological and 
geographical information, the model contributes to more effective decision-making in regard to habitat 
and biodiversity preservation as well as sustainable wildlife conservation. Future research may involve 
the use of real-time data and multiple species movements. 
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Introduction 

Earlier research has focused on the role of 

habitat connectivity, animal movement studies, 

and spatial technologies for the conservation of 

large mammals. Bastille-Rousseau and 

Wittemyer (2021) studied the movement 

landscapes of wildlife to determine the critical 

habitats and corridors for conservation. Bleyhl et 

al. (2017) used seasonal Landsat 8 composite 

images for the analysis of landscape connectivity 

for large mammals, proving the applicability of 

remote sensing techniques in the evaluation of 

habitat corridors. Chuong Van and Shimada 

(2026) examined the landscape-level 

connectivity of habitats and conservation 

prioritization of endangered wildlife species.  

Ecological peace corridors have been 

proposed by Gatti (2025) as a new conservation 

concept in order to preserve biological diversity 

and ensure coexistence of humans and wild 

animals. The application of GNSS and remote 

sensing together for spatial analysis purposes was 

proven to be successful by Nihlani and Sharma 

(2025). A technology-based approach to wildlife 

conservation – WildlifeRailGuard – was 

proposed by Awasthi and Nair (2026) in order to 

reduce train collisions with wildlife species. 

These studies suggest the increasing relevance of 

spatial analysis, connectivity analysis, and 

intelligent conservation strategies. 

Literature Review 

corridor modelling, intelligent monitoring via 

AI-based techniques, and spatial techniques for 

enhancing conservation strategies. Giliba et al. 

(2023) have developed a model of elephant 

corridors on a long-term basis and explained the 

necessity of retaining connectivity within the 

landscape in the case of networks of protected 

areas. Hou et al. (2026) have introduced an 

advanced AI-based approach for the behavior 

monitoring of the giant panda, underlining the 

significance of intelligent monitoring 

technologies in the context of wildlife 

conservation and ecological evaluation. Li et al. 

(2025) have analyzed the connection between 

transport network and ecological corridors 

through MaxEnt modelling and the use of circuit 

theory, emphasizing the necessity of balancing 

the two issues. Mishra et al. (2024) have 

combined deep learning and GIS for predictive 

maintenance purposes, presenting the 

effectiveness of combining intelligent models 

with spatial data analysis. 

Methodology 

 

Figure 1: Overall Architecture for Proposed Methodology 
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Figure 1 describes the process flow of Deep 

Learning Identification of Priority Corridors for 

Large Mammal Conservation with the help of the 

presented framework. The process starts with the 

collection of various types of data inputs such as 

remote sensing data, occurrence of mammal, 

environmental variables, and human disturbance. 

The datasets are preprocessed with cleaning, 

feature extraction, data integration, and split into 

train-test to provide appropriate inputs to the 

deep learning model. Habitat pattern learning, 

habitat suitability prediction, and connectivity 

analysis are carried out in the deep learning 

model to predict the movement paths of 

mammals. Using the predictions from habitat 

suitability and connectivity analysis, potential 

wildlife corridors are identified, ranked, and 

prioritized. 

Results and Discussion 

The efficacy of the deep learning 

methodology to determine priority corridors that 

would support large mammal conservation 

efforts was analyzed. In this model, there were 

combined ecological and landscape features such 

as habitat suitability, vegetation availability, 

terrain attributes, human disturbance and 

connectivity measures. The output map of 

corridor showed the landscape in terms of 

conservation priority levels based on its 

ecological significance for large mammals. This 

study shows that deep learning can identify the 

complicated connections among the environment 

and connectivity measures. 

Priority corridors identified had higher 

suitability scores for areas that were associated 

with uninterrupted vegetated cover, low human 

influence, and nearness to existing habitat areas. 

On the other hand, fragmented agricultural zones 

and developed areas had low scores of suitability 

because of habitat isolation and presence of 

barriers in the environment. The suggested 

framework had better ability to detect movement 

routes through simultaneous consideration of 

multiple environmental features instead of 

individual habitat features. 

Quantitative evaluation of the corridor 

classification performance is done using the table 

below. From the table above, it is evident that the 

deep learning approach resulted in higher 

accuracy and F1 score compared to other 

machine learning methods, suggesting better 

classification of the conservation hotspots. 

Higher precision and recall values indicate that 

the method minimizes false corridor 

classification and missed connectivity areas. In 

addition, the high area under the curve (AUC) 

proves the validity of the prediction made. 

Table 1: Performance Comparison of Corridor Identification Models 

Model Accuracy  

(%) 

Precision  

(%) 

Recall  

(%) 

F1-Score  

(%) 

AUC 

Logistic Regression 82.6 80.4 78.9 79.6 0.84 

Random Forest 87.9 86.8 85.7 86.2 0.89 

Support Vector Machine 85.4 84.2 83.5 83.8 0.87 

Convolutional Neural Network (CNN) 91.3 90.6 89.8 90.2 0.93 

Proposed Deep Learning Corridor Model 95.2 94.7 93.9 94.3 0.96 



Journal of Animal Environment, Vol. 17, No. 3, Summer 2025 

257 

 

Figure 2: Performance Comparison of Corridor Identification Models 

Table 1 and figure 2 present the performance 

comparison made in table 1, which clearly 

indicates the superior performance of the 

proposed Deep Learning Corridor Model in 

identifying the priority conservation corridors for 

large mammals when compared with traditional 

machine learning techniques. In this context, the 

proposed model provided the highest accuracy 

rate of 95.2%, precision rate of 94.7%, recall rate 

of 93.9%, F1 score of 94.3%, and the highest area 

under curve (AUC) value of 0.96, thereby 

showing its excellent ability to classify the 

suitable habitat connectivity areas. On the other 

hand, traditional models like Logistic 

Regression, Random Forest, and Support Vector 

Machine were unable to provide satisfactory 

performance because of the inability of those 

models to analyze the complex spatial 

relationships between ecological and landscape 

variables. The CNN-based technique managed to 

improve the classification performance by 

extracting deeper spatial features, with accuracy 

and F1 score of 91.3% and 90.2%, respectively. 

However, the proposed framework was 

successful in further improving the prediction 

accuracy by taking into account multiple 

environmental factors along with the nonlinear 

patterns related to mammal movements and 

habitat connectivity. 

Conclusion 

In this research, an innovative deep learning 

algorithm for defining key corridors for large 

mammal conservation by considering ecological, 

environmental, and spatial elements was 

introduced. This method is able to overcome the 

constraints of conventional corridor detection 

models by considering various landscape factors 

at once as well as detecting complex correlations 

between different landscape features and animal 

movements. The developed approach succeeded 

in combining remote sensing data, mammal 

occurrence information, vegetation status, terrain 

factors, and anthropogenic disturbances to 
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calculate habitat suitability and landscape 

connectivity. It was shown that deep learning 

algorithms enhance the potential of ecological 

corridors identification.  The model presented 

here had an accuracy of 95.2%, 94.7% precision, 

93.9% recall, 94.3% F1-Score, and 0.96 AUC, 

suggesting that its performance is satisfactory 

with regards to classification of corridors and 

prediction of connectivity. Priority corridors 

identified by the model were mostly located 

within the areas characterized by continuous 

vegetation cover, low levels of human 

interference, and connectivity with protected 

habitats, whereas regions with fragmented 

habitats and heavy development had lower levels 

of suitability. The proposed framework may 

prove useful as a decision-making tool for 

conservation organizations to help identify and 

manage wildlife migration corridors. It can be 

employed in habitat conservation and restoration 

efforts and sustainable land planning in favor of 

large mammal species. In the future, the 

framework can be improved by accounting for 

real-time tracking data, climate variability, multi-

species interaction, and larger geographical areas 

in order to increase accuracy of corridor 

predictions and conservation success. 
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