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Urban wildlife conservation has gained more importance worldwide, 
particularly in fast urbanizing regions like Kingdom of Saudi Arabia 
(KSA), where habitat fragmentation and biodiversity loss are major 
concerns. Unmanned aerial vehicle (UAV) imagery has emerged as a 
promising solution for wildlife monitoring, providing high-resolution, 
real-time data collection even in difficult-to-access urban areas. 
Nonetheless, the effective utilization of UAV images is seriously 
hampered by the metropolitan settings and interference from human 
activity. While deep learning (DL) models provide effective solutions 
for wildlife monitoring in UAV imagery, the scarcity of high-quality 
training datasets often limit their effectiveness. To the best of our 
knowledge, this is the first research to resolve these issues harnessing 
the combined power of adversarial and transfer learning. The research 
enhances the state-of-the-art YOLOv8 (You Only Look Once, version 8) 
model by integrating Generative Adversarial Networks (GANs) for data 
augmentation (DA) and EfficientNet-B3 for advanced feature 
extraction. Two research datasets namely, the Wildlife Animals Image 
Dataset (WAID) and the Animal Images Detection (AID) are used to 
evaluate the proposed model. Three comprehensive experimental 
analyses—DA, ablation, and cross-dataset validation (CDV) are carried 
out to prove its efficacy in urban wildlife monitoring. The results 
highlight the potential of the proposed model to considerably enhance 
detection accuracy and contribute to sustainable urban wildlife 
conservation efforts, which are consistent with the United Nations 
Sustainable Development Goals (UN SDGs). 
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1. Introduction 
Urban wildlife conservation has become more important as urbanization transforms natural ecosystems into 
regions designed largely for human use [1]. Urban areas are typically connected with habitat degradation, but 
with the correct conservation methods in place, they may serve as critical biodiversity sanctuaries. Wildlife in 
urban areas contributes to biodiversity, human health, and environmental stability [2-3]. This adheres to the UN 
SDGs, notably Goal 11: Sustainable Cities and Communities, Goal 13: Climate Change, and Goal 15: Life on Land 
[4]. These Goals emphasize the significance of incorporating ecological preservation into urban development in 
order to create resilient, inclusive, and sustainable environments. 
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KSA has distinctive environmental challenges that make urban wildlife preservation more important in 
comparison to other countries [5]. Driven by Vision 2030's economic diversification initiatives, the Kingdom's fast 
urbanization and growth has led to notable habitat loss and fragmentation, endangering its great biodiversity 
including famous species such as the Arabian oryx and Arabian leopard [6]. Additionally, KSA’s arid desert climate 
and scarcity of natural green spaces necessitate innovative strategies to create urban habitats that support wildlife 
and enhance ecosystem resilience. Vision 2030 emphasizes sustainable development and environmental 
protection, positioning urban wildlife conservation as a vital strategy for improving quality of life, mitigating 
climate change impacts such as rising temperatures and water scarcity, and promoting sustainable urban growth 
[4-6]. Similar to KSA, nations around the globe are tackling comparable challenges, highlighting the significance 
of incorporating urban wildlife conservation into broader sustainability initiatives. 

Nonetheless, urban wildlife preservation poses distinctive challenges that vary from those faced in rural 
environments. Urban ecosystems are characterized by fragmented habitats, pollution, human-animal conflicts, 
and intricate infrastructure, which hampers the observation and conservation of wildlife [7]. Moreover, urban 
environments have logistical and legal limitations, like no-fly zones and restricted access, which further impede 
conservation initiatives. Unlike the expansive and stable habitats typical of rural areas, urban ecosystems are 
dynamic and heavily influenced by human activity, necessitating innovative approaches for effective conservation. 

The aforementioned problems have lately prompted a plethora of solutions, including public awareness 
campaigns, green corridors, and habitat restoration. While conventional approaches set a standard, advancements 
in technology have significantly changed urban wildlife monitoring. Non-terrestrial networks (NTNs)—such as 
satellites, high-altitude platforms, and UAVs—are among the most effective tools for this purpose [8]. UAVs have 
become increasingly important as they are capable of generating high-resolution images, conducting low-altitude 
surveys, and providing on-demand data collection in urban areas that are spatially fragmented. UAVs are 
significant in observing urban biodiversity because of their flexibility and accuracy [9]. 

Integrating UAVs with DL algorithms improves their use in wildlife monitoring. YOLO is a popular deep 
learning framework for object recognition, valued for its real-time processing capabilities and impressive 
accuracy. YOLO's rapidity and efficacy facilitate the examination of extensive datasets, making it optimal for 
animal monitoring. However, issues like fluctuating illumination, occlusion from infrastructure, and a paucity of 
annotated urban wildlife datasets restrict YOLO's effectiveness in urban environments [7, 10]. 

This work combats these limitations by taking advantage of GANs for the first time to create realistic synthetic 
datasets. GANs enrich training datasets with multiple urban situations, allowing the YOLO model to be fine-tuned 
over a wide range of urban settings. Further, the proposed approach not only adopts transfer learning but also 
develops a variant of YOLO with the EfficientNet-B3, a well-known Google’s Convolutional neural network (CNN) 
model, as its backbone. In this paper, efficient transfer learning on EfficientNet-B3 is used to improve the feature 
extraction performance of YOLO and promote detection accuracy and reliability in complicated urban driving 
scenarios. Transfer learning is applied in further optimizing the model. The two GAN-augmented study datasets 
on urban wildlife are used to fine-tuned the model, which leads to improved model generalization. Using cutting-
edge features from the GAN and the EfficientNet-B3 model to fine-tune the YOLO, the proposed approach 
consistently makes correct detections. 

To the best of the authors' knowledge, this work is the first to address the difficulties raised by urban wildlife 
monitoring by leveraging the benefits of transfer learning and adversarial learning, contributing to the domain 
with the following significant contributions: 

• The study explores the impact of utilizing EfficientNet-B3 as the backbone for feature extraction 
within the YOLOv8 network, highlighting improvements in speed, accuracy, and overall performance 
for UAV-based wildlife monitoring. 

• This study takes the benefits of transfer learning to train the developed YOLOv8 variant on the COCO 
(Common Objects in Context) dataset to build a robust pretrained model. The pretrained YOLOv8 
model is then fine-tuned to improve its performance for wildlife monitoring using UAV imagery. 

• This study is the first to use GANs for wildlife conservation, producing a diversified training dataset 
to overcome insufficient data. This enables the improved YOLOv8 model to generalize more well 
across various animals and urban areas. 

• These innovations address critical issues with data availability, model efficiency, and detection 
accuracy, representing a significant step forward for urban wildlife monitoring. 

1. Research Methodology  
In this part of the article, the proposed model is introduced. As seen in Fig.1, it starts by creating varied training 
datasets adopting adversarial learning using GAN. Then, to improve the speed and accuracy of real-time urban 
wildlife monitoring, the proposed model uses EfficientNet-B3 as the YOLOv8 backbone network and applies 
transfer learning. The dual strategy used here efficiently overcomes the difficulties of data scarcity and 
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unpredictability, allowing for more accurate and efficient monitoring of wildlife in urban contexts. The next part 
describes the essential components of the proposed model. 

 

 

Fig. 1 Proposed YOLOv8 variant with GAN and EfficientNet-B3 backbone for UAV-based wildlife detection 

1.1 Generative Adversarial Network (GAN) 
GANs are a powerful method for DA, particularly in scenarios, where acquiring large, diverse datasets is 
challenging, such as urban wildlife conservation. GANs are made up of two neural networks: the generator and 
the discriminator, which are trained concurrently in a competitive manner [11]. The generator generates 
synthetic data (such as images), while the discriminator tries to discriminate between actual and produced data. 
Over time, the generator improves at producing realistic, high-quality data that closely mimics the original dataset.  
The overall objective function for GANs may be written as follows [12]: 
 

𝐺𝐺𝐺𝐺𝐺𝐺 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 = min
𝜃𝜃

max
∅

 𝐸𝐸𝑥𝑥~𝑝𝑝(𝑥𝑥) [log𝐷𝐷∅(𝑥𝑥)] + 𝐸𝐸𝑧𝑧~𝑝𝑝(𝑧𝑧)[log 1 −𝐷𝐷∅(𝐺𝐺𝜃𝜃(𝑧𝑧)) ] (1) 
 

Within DA, GANs creates varied training samples by creating variants of current data, such images of wildlife 
from many angles, lighting conditions, or environments [13,14]. This method enhances the amount of training 
data without requiring expensive and labor-intensive manual data collection, leading to better accuracy and 
reliability in machine learning. 

1.2 You Only Look Once version 8 (YOLOv8) 
YOLOv8 is an advanced architecture for object detection and tracking that enhances the achievements of earlier 
versions by providing notable advancements in speed and accuracy. This model uses a single neural network to 
analyze the whole image at once, allowing for real-time detection and tracking of several objects at the same time. 
YOLOv8 comprises two modules viz, Feature extraction and Object detection as shown in Fig. 1. The feature 
extraction module also called backbone network employs a series of convolutional layers to extract features from 
the input image. Subsequently, the object detection module uses anchor boxes to predict bounding boxes and class 
probabilities for each detected object [15, 16]. This unified architecture simplifies the detection process and 
decreases the latency linked to multi-stage models, making it well-suited for applications that need quick response 
times, like monitoring wildlife in changing environments. YOLO models aim to reduce the loss function, consisting 
of three main components: classification loss (𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐), object loss (𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑜𝑜𝑜𝑜𝑜𝑜), and localization loss (𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) [15]. 
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𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 = 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 + 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑜𝑜𝑜𝑜𝑜𝑜 + 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐  (2) 

 
In our research methodology for monitoring urban wildlife, we utilize YOLOv8, leveraging its excellent 

capability to detect small and closely grouped objects. In urban settings where infrastructure and different 
challenges may hide wildlife, this capability is especially important. In addition, YOLOv8's efficiency allows for 
real-time processing, which making it possible for the continuous, lag-free monitoring of animal behaviors and 
movements. As a pretrained model, YOLOv8 may use the weights gained from the COCO dataset and get fine-tuned 
with the research wildlife datasets via transfer learning, improving accuracy even when training data is low [17, 
18]. This flexibility is especially useful in urban wildlife conservation, where gathering large labeled datasets 
presents considerable difficulties. This study's overarching goal is to strengthen YOLOv8 by integrating 
EfficientNet-B3 as its backbone. With this integration, we may build a robust and effective wildlife monitoring 
system that advances conservation efforts in urban settings by increasing detection rates. 

1.3 Pretrained Convolutional Neural Networks (CNN)  
The efficacy of pretrained CNNs in feature extraction has transformed several computer vision applications, such 
as image classification, object identification, and segmentation. Pretrained CNNs use transfer learning, enabling 
models trained on huge datasets like ImageNet to provide a robust basis for particular applications [19]. By using 
the features learned from these large datasets, pretrained models can perform impressively well even when 
working with smaller labeled datasets [20]. This method speeds up the training process and enhances model 
accuracy by offering strong feature representations that can be applied across various domains and applications.  
EfficientNet-B3 has emerged as a premier architecture for feature extraction among several pretrained CNNs, 
owing to its novel design and effective scalability [21]. EfficientNet-B3 utilizes a compound scaling approach that 
effectively balances network depth, breadth, and resolution, guaranteeing that each dimension enhances 
performance. This design has depthwise separable convolutions, enabling it to attain great accuracy with a very 
minimal parameter count. Consequently, EfficientNet-B3 excels in capturing fine features and complicated 
patterns in pictures, rendering it very efficient for tasks necessitating exact feature representation, such as item 
detection and classification in diverse contexts. 

The state-of-the-art object identification model YOLOv8 is built on top of EfficientNet-B3, which is ideal for 
this role because to its outstanding performance. In this study, we improve YOLOv8's detection speed and 
accuracy by using EfficientNet-B3 as its backbone and taking use of its strong feature extraction capabilities. This 
combination enables effective animal tracking and identification, particularly in urban environments where real-
time processing is essential. Due to its efficiency, which helps maintain a low computational load, EfficientNet-B3 
is well-suited for use on devices with limited resources, such as UAVs. Animal conservation efforts that rely on 
precise detection and monitoring gain significant advantages from using EfficientNet-B3 alongside YOLOv8. 

Table 1 Architectural design structure of GAN  Table 2 Class distribution details in the research 
dataset 

Layer Output Size Filters/ 
Neurons 

Act. 
func 

Generator     
Input (100,)   
Fully connected  (512,) 512 ReLU 
Reshape 75x75x128   
ConvTranspose2D 150x150x128 256 ReLU 
ConvTranspose2D 300x300x64 128 ReLU 
ConvTranspose2D 300x300x3 3 Tanh 

 

 

Dataset WAID AID 
Classes  Train Val Test Train Test 

Camelus 512 149 82 67 27 
Sheep  3602 349 173 99 74 
Zebra  443 126 65 181 31 
Fox  - - - 148 69 
Leopard - - - 123 57 
Ostrich  - - - 136 76 

 

2. Experimental Setup  

2.1 Model Development  
The generator in the proposed GAN is structured to transform a random noise vector of dimension 100 into a RGB 
image of size 300×300×3. The noise vector is processed through a series of dense layers with 512 neurons and 
reshaping layer to converts it into a three-dimensional tensor of size 75×75×128. Following this, transposed 
convolutional layers progressively upscale the tensor, first to 150×150×128 and then to 300×300×64. Each stage 
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is supplemented with batch normalization to stabilize the training process and dropout layers with 0.2 to mitigate 
overfitting. While the discriminator used the same architecture but in reverse order. Both networks used the leaky 
ReLU activation function to enhance gradient flow, as shown in Table I.  

We used a 24 GB GPU to improve performance and built YOLOv8 on top of EfficientNet-B3 using the Ultralytics 
and Keras Python libraries on the Google Colab platform. The Ultralytics library offers an easy-to-use interface for 
working with YOLOv8, making it simple to develop and test the model for object detection tasks [22, 23]. Similarly, 
the Keras library, recognized for its user-friendliness and adaptability, was utilized to construct and modify the 
EfficientNet-B3 backbone, facilitating improved feature extraction suited to the particular needs of wildlife 
monitoring. 

2.2 Research Dataset  
This study uses two datasets: the AID Dataset from Kaggle [24] and the WAID dataset from GitHub [25]. Both 
provide useful resources for con�irming DL models in UAV-focused urban wildlife conservation. The Kaggle dataset 
features almost 29,000 high-quality images along with bounding box annotations, serving as a reliable resource 
for object detection tasks and showcasing a variety of animals in both natural and urban environments. In contrast, 
the WAID dataset has a larger volume of UAV images depicting diverse species, providing a broad environmental 
context that ranges from urban areas to wild habitats, which is crucial for constructing robust models. The use of 
both datasets enhances the experiments' capacity to evaluate the proposed model's ef�icacy in animal monitoring, 
guaranteeing robust generalization across diverse landscapes critical for urban wildlife conservation. From the 
images presented, only images of six animals were selected for the training and evaluation of the proposed model, 
as seen in Table 2. 

2.3 Dataset Preparation  
The dataset preparation encompasses critical measures to augment model correctness, optimize training 
ef�iciency, and guarantee superior generalization across varied datasets and situations, which is vital for resilient 
real-world performance. The datasets used for this investigation are prepared as follows: 

2.3.1 Data Preprocessing  
Following the acquisition of data from open sources, it is essential to preprocess the images to maintain uniformity 
in their dimensions. The animal images in the chosen datasets exhibit variable dimensions, which might provide 
considerable hurdles during the training process [26]. To overcome this, all images are reduced to 300 x 300 x 3 
to match the input layer size of the Ef�icientNet-B3, which is used as the backbone of the produced YOLOV8. This 
scaling phase is critical because it provides consistency across both datasets, enabling the model to handle data 
more ef�iciently. Furthermore, downsizing reduces computing complexity while maintaining crucial information 
required for successful animal recognition and tracking, improving both accuracy and ef�iciency in the proposed 
model.  
 
 

    

    

Fig. 2 Synthetic images generated by traditional methods (HE, CS, TI, NI) in (Row-1) and GAN (Row-2) 
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2.3.2 DA Process  
In the proposed study, after the preprocessing of both datasets to standardize image dimensions, DA using 
fundamental classical techniques such as histogram equalization (HE), contrast stretching (CS), and GAN-based 
augmentation is used to increase the quality and variety of the training dataset. HE produces images by 
reallocating intensity levels, hence enhancing feature distinguishability. CS produces images by augmenting the 
contrast between objects and their backdrop, which is essential for differentiating animals from their 
surroundings in wildlife monitoring [27]. Thermal (TI) and negative (NI) images were made to provide additional 
variation to the collection and simulate different environmental scenarios. The developed GAN model generates 
synthetic images that mimic the attributes of the original images. By supplementing the training dataset with rich 
and better set of generated images, the created model may learn more effectively and improve accuracy in 
detecting and tracking animals in a variety of environmental settings. Fig. 2 shows samples of synthetic images 
made using the developed GAN and traditional techniques. 

2.3.3 Training Procedure   
Transfer learning is employed to tackle the problem of limited sample size and speed up network convergence by 
using EfficientNet-B3 model which is ImageNet pretrained as the backbone network’s initialization weights and 
then training the developed YOLOV8 model on the study dataset. Selecting the optimal training hyperparameters 
to maximize model performance on both datasets required some deliberation. In order to promote continuous 
convergence, an Adam optimizer—renowned for its adjustable learning rates—was used with a learning rate of 
0.001. Training with a batch size of 16 made efficient use of Google Colab's 24GB GPU, enabling quick image 
processing. We discovered an optimal training duration of 50 epochs that would allow us to train the model 
thoroughly while keeping the overfitting risk to a minimum. 

3. Result and Discussion 
This section describes the tests carried out to assess the usefulness of the suggested model in monitoring urban 
animals using UAV images. The results of these studies are described, demonstrating the model's capabilities and 
potential for accurate identification and tracking of animals in urban situations. 

3.1 DA Analysis  
The experiment sought to assess the impact of various DA approaches on the efficacy of the proposed model, 
specifically using the two research datasets. DA is essential for improving model generalization, particularly when 
training data is few or insufficiently diverse. In this case, three DA approaches were examined: traditional 
methods, GAN-based methods, and a combination of both. Each approach was assessed based on precision (P), 
recall (R), and accuracy (Acc) to determine its influence on the model’s effectiveness. The results of this analysis 
are summarized in Table 3.  

Table 3 DA analysis results 
DA Methods P R Acc 
Traditional  0.937 0.927 0.945 
GAN 0.914 0.902 0.922 
Both (Proposed)  1 0.959 0.987 

 
The first method, classical DA, yielded commendable performance, with a precision of 0.937, a recall of 0.927, 

and an accuracy of 0.945. This indicates that conventional procedures, such as flipping, cropping, and modifying 
picture brightness, may significantly enhance model performance by including basic variations in the data. 
Nonetheless, while these strategies provide enhancements, they are relatively constrained in the variety they 
include. Thus, the model's generalization capability is modest, indicating possibility for improvement, particularly 
in the context of more intricate data variances.  

The second strategy emphasized GAN-based DA, which produced synthetic data to enhance the size and 
variety of the training set. This method led to a minor decrease in performance relative to conventional 
augmentation, achieving a precision of 0.914, recall of 0.902, and accuracy of 0.922. GANs are capable of 
generating a wider range of intricate images, mimicking data from different perspectives and situations that might 
not exist in the initial dataset. However, GANs may contribute artificial noise or unrealistic components, which 
may explain the minor performance drop. Although GANs can alleviate data shortages, relying only on synthetic 
data might reduce the model's accuracy and recall. 

The most promising outcomes came from combining classical and GAN-based augmentation. This strategy 
considerably improved the model's performance, resulting in perfect precision (1.000), recall (0.959), and 
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accuracy (0.987). By integrating the advantages of both techniques, the model gained from the simplicity of 
classical augmentation and the variety supplied by GAN-generated images. This combination resulted in a more 
robust training dataset, enhancing the model's capacity to generalize to various settings. This is particularly 
important for practical applications like animal monitoring in complex urban environments. 

Lastly, the results of this experiment highlight the significant role of employing a varied DA technique to 
enhance the model's dependability for wildlife identification tasks in changing urban environments. The PR curve 
is a useful tool for determining how well DL models perform, particularly when the datasets are not balanced [28, 
29]. This curve sheds light on the trade-off between accuracy and recall, providing for a complete understanding 
of the suggested model's promises. We can assess the proposed model's efficacy across several threshold settings 
by looking at the area under the curve (AUC) in the PR curve in Fig. 3. This research helps to make intelligent 
decisions on the appropriate balance of false positives and false negatives for certain applications. 

 

 
Fig. 3 PR curve on AID testing dataset 

3.2 Ablation Analysis 
Next, an ablation analysis was performed on the two chosen study datasets by creating variants of YOLOv8 using 
different backbone networks, such as ResNet50 and EfficientNet-B3. This analysis is essential for showing how 
various elements of the proposed model impact its overall performance, especially regarding wildlife detection 
and monitoring. Model optimization relies heavily on ablation analysis, which verifies the proposed model's 
design choices. We can evaluate the impact of each backbone network on critical performance measures like Acc, 
P, and R by systematically modifying the networks. The results of this experiment are summarized in Table 4. Due 
to space constraints, sample outputs from the suggested model on the AID test set are displayed in Fig. 4, providing 
visual evidence of the model's capabilities.  

Table 4 Ablation analysis results  

Dataset  AID WAID 

YOLOv8 Backbones  P R Acc P R Acc 

CSPDarkNet53 0.969 0.942 0.953 0.966 0.941 0.958 

ResNET50 0.881 0.874 0.861 0.779 0.775 0.761 
EfficientNetB3 
(Proposed) 

1.000 0.979 0.987 0.972 0.953 0.964 
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Fig. 4.   Sample animal detection output images from the proposed model on AID testing set 

 
The analysis results reveal clear distinctions in how well each backbone - CSPDarkNet53, ResNet50, and 

EfficientNet-B3 supports the model's ability to detect wildlife in two different datasets, AID and WAID. This 
experiment enables a thorough understanding of how different pretrained CNN backbones contribute to overall 
detection accuracy, precision, and recall, all of which are crucial in real-world applications. With the 
CSPDarkNet53 backbone, the model performs well on both datasets. It delivers great precision, recall, and 
accuracy with little differences among datasets. On the AID dataset, CSPDarkNet53 produces P: 0.969, R: 0.942, 
and Acc: 0.953, but on the WAID dataset, it produces P: 0.966, R: 0.941, and Acc: 0.958. These findings show that 
CSPDarkNet53 is capable of handling both datasets, however it is not the best-performing backbone in our 
investigation. The effectiveness of this backbone's performance is rooted in its design and depth, making it well-
suited for feature extraction in complex urban settings for wildlife monitoring. 

The performance of the ResNet50 backbone is, however, noticeably lower than that of the other backbones. 
On the AID dataset, ResNet50 records P: 0.881, R: 0.874, and Acc: 0.861. However, its performance decreases on 
the WAID dataset, showing P: 0.779, R: 0.775, and Acc: 0.761. The results indicate that ResNet50 has difficulty 
managing the variability and complexity of the datasets utilized in this study.  In spite of its extensive use in several 
image identification tasks, this backbone completely performs low in this specific context.  

EfficientNet-B3 backbone produces outstanding results when compared with CSPDarkNet53 and ResNet50. 
On the AID dataset, EfficientNet-B3 achieves detection performance with perfect precision (P: 1.000) along with 
R: 0.979, and Acc: 0.987. The results on the WAID dataset demonstrate resilience across both datasets, with P: 
0.972, R: 0.953, and Acc: 0.964. All of these outcomes prove that EfficientNet-B3 is the best backbone when 
compared to its competitors in terms of depth, breadth, and resolution balance. Its robust accuracy and recall 
across several images demonstrate its applicability to intricate applications such as urban animal identification, 
where images may be very noisy and subject to variation. 

The visual outputs presented in Fig. 4 further corroborate these findings, showcasing the model’s ability to 
detect animals accurately in test images from the AID dataset. The bounding boxes around the observed animals 
give a clear visual representation of the EfficientNet-B3 performance, demonstrating its great precision and 
accuracy in real-world detection. This not only confirms the quantitative findings of the ablation study but also 
demonstrates the model's practical relevance in field deployments for urban wildlife monitoring. Overall, the 
ablation study shows that EfficientNet-B3 is the best backbone for YOLOv8 when it comes to detecting animals in 
urban areas. It outperforms CSPDarkNet53 and ResNet50 in terms of precision, recall, and accuracy. Its high 
feature extraction capacity makes it ideal for dealing with the complexities of urban wildlife identification jobs 
across a variety of datasets. 

3.3 Cross – Dataset Validation (CDV) Analysis 
CDV is essential for assessing the proposed model, especially because the YOLOv8 backbone is built on a transfer 
learning technique. This validation assures that the model generalizes successfully beyond the dataset on which 
it was fine-tuned, demonstrating its resilience under a variety of scenarios. Since YOLOv8 relies on transfer 
learning to employ pre-trained weights, CDV is necessary to assess its flexibility in dealing with different types of 
data and real-world scenarios. In this experiment, we train and test the proposed model with different 
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combinations of the two datasets to see how it does in different scenarios. The experimental findings are shown 
in Table 5, which demonstrates the model's robustness and generalizability. 

Table 5 CDV analysis results  

Training Set  Test Set P R Acc 

WAID WAID 0.972 0.953 0.964 
WAID  AID 0.583 0.629 0.635 
AID WAID 0.776 0.719 0.743 
AID AID 1.000 0.959 0.987 
{AID, WAID} WAID 0.981 0.974 0.988 
{AID, WAID} AID 1.000 0.991 1.000 

 
The results of the CDV analysis provide crucial details on the suggested model's performance across different 

dataset combinations during training and testing. When the model is trained and tested on the same dataset, either 
WAID or AID, it demonstrates excellent performance. For example, the model trained and evaluated on the WAID 
dataset has 0.972 precision, 0.953 recall, and 0.964 accuracy. In the same way, when the model is trained and 
tested on the AID dataset, it achieves outstanding scores, with precision and accuracy both at 1.000 and recall at 
0.991. This shows that the model successfully reflects the traits of each dataset when there is consistency between 
training and testing data, indicating a strong ability for precise detection within the same data environment. 
Nonetheless, the model's performance decreases noticeably when evaluated on a dataset different from the one it 
was trained on, highlighting the difficulties of adapting to new domains. For example, the precision falls to 0.583, 
recall to 0.629, and accuracy to 0.635 when trained on WAID and evaluated on AID. In the same way, when the 
model is trained on AID and then tested on WAID, it shows a slight improvement with a precision of 0.776, recall 
of 0.719, and accuracy of 0.743, yet these figures remain significantly lower than the results obtained from the 
same dataset. This performance decline emphasizes the difficulty of the model in generalizing across datasets with 
different features, so stressing the need of careful CDV to evaluate robustness in practical applications where data 
distributions vary. 

Finally, when the model is trained on a combination of both datasets (AID + WAID) and tested on each 
individually, the results show substantial improvement. For WAID, the model shows a precision of 0.981, a recall 
of 0.974, and an accuracy of 0.988, while for AID, it achieves perfect precision and accuracy scores of 1.000. This 
shows that using a wider variety of datasets improves the model's ability to apply its knowledge to various animal 
species, making it more reliable and flexible in handling new data situations. These findings highlight the 
significance of CDV in facilitating model deployment for urban wildlife conservation efforts. 

4. Conclusion 
This study presents an innovative DL model for urban wildlife monitoring using UAV imagery, integrating 
adversarial and transfer learning techniques within the YOLOv8 framework. The model makes detection much 
more accurate, reliable, and fast by using GANs for DA and EfficientNet-B3 as the backbone for feature extraction. 
Three experimental analyses—DA, ablation, and CDV—proved the success of the proposed approach. Specifically, 
DA analysis highlighted the advantages of combining traditional and GAN-based augmentation for achieving 
superior model generalization. EfficientNet-B3 was found to be the best backbone for improving detection 
accuracy through ablation analysis. CDV demonstrated the model's adaptability to a wide range of animal species 
and its application to real-world urban settings. 

As previously stated, the proposed approach in this study may be applied to meet the UN SDGs, notably Goals 
11,13, 15. The improved wildlife detection capabilities of the proposed model may also serve as a practical tool 
for increasing the ecosystem resilience and biodiversity of urban landscapes, which can benefit conservation and 
sustainability efforts worldwide. 

Future research could investigate expanding the model to incorporate other species or areas, so enhancing 
adaptation to different ecological environments. Moreover, incorporating more advanced DA strategies or by 
integrating hybrid DL architectures may further refine its performance. Looking forward, the proposed model 
could open the path for more extensive uses of conservation technology, so guaranteeing that it will have a long-
term effect on conservation initiatives in urban areas and beyond. 
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