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Abstract. As deep learning technology has rapidly developed in recent years, image recognition and
classification have become a hotspot research direction in artificial intelligence. Accurate
identification of target objects in images has great significance for practical applications like
autonomous driving, medical image analysis, and biodiversity conservation. Pandas and brown
bears are both endangered species of worldwide conservation concern, but manually classifying
large volumes of images can be challenging, especially for applications requiring high speed and
precision. This study aims to leverage the powerful capabilities of convolutional neural networks
(CNNs) to automatically and accurately distinguish between pandas and brown bears. CNNs can
learn discriminative visual features from large labeled image datasets and have demonstrated state-
of-the-art performance on various image recognition benchmarks. Applying these deep learning
techniques has the potential to provide a new technological solution for the panda-brown bear
identification challenge, which is crucial for effective wildlife monitoring and conservation strategies.
The proposed approach involves training a CNN model using a comprehensive dataset of panda
and brown bear images. The model's classification accuracy and inference speed are thoroughly
evaluated. The research findings are expected to contribute to enhanced scale and efficiency of field
data collection for protecting these vulnerable species.
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1. Introduction

With the widespread application of deep learning in the field of computer vision, it has become
possible to achieve high-precision animal image recognition using models such as convolutional
neural networks (CNNs). Compared to traditional manual identification methods, deep learning-
based approaches can analyze large-scale image data efficiently and objectively, providing valuable
information to support wildlife conservation efforts.

In recent years, some researchers have achieved significant progress in animal recognition tasks using
CNNs. For example, Raza proposed a CNN model based on transfer learning, which first pre-trained
on a large animal image dataset and then fine-tuned on a specific mammal dataset, ultimately enabling
the recognition of 30 different types of mammals [1]. This transfer learning strategy fully utilizes the
general visual features learned by the pre-trained model, greatly improving the recognition
performance on the limited dataset.

Another related work is the two-stage CNN architecture proposed by Ferreira et al [2]. which is used
to identify the species and individuals of wild animals. This model first employs an object detection
CNN to locate the position of animals in the image and then feeds the detected animal regions into
another classification CNN to recognize the specific species. Through this two-step processing
pipeline, the model can not only accurately identify the animal species, but also locate the position of
the animal in the image, providing a foundation for downstream animal monitoring and individual
identification.

These works provide useful references for deep learning-based animal image recognition. However,
there are few reports on recognition models specifically for pandas and bears, which is the gap this
study aims to fill. These works provide useful references for deep learning-based animal image
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recognition. However, there are few reports on recognition models specifically for pandas and bears,
which is the gap that this study aims to fill. This research develops a deep learning-based image
recognition model to accurately distinguish between pandas and brown bears, two visually similar
species. The proposed approach can contribute to more efficient and reliable wildlife monitoring and
conservation efforts for these animals.

2. Data Preprocessing

2.1. Data Collection

This study used an animal image dataset provided by Kaggle, which is widely recognized as an
authoritative and reliable data source for computer vision research. Kaggle is a renowned data science
competition platform, and this dataset was collaboratively built and maintained by the Kaggle
community, ensuring high data quality and representativeness. Selecting this dataset as the research
sample allows the study to fully leverage the existing annotation information, providing a reliable
data foundation for the automated identification of pandas and brown bears. The researchers extracted
the panda and bear image subsets from this dataset as the model training and evaluation data source.

2.2. Data Preprocessing

Before using the dataset for model training, the paper performed a series of preprocessing operations
on the image data:

1. Image Resizing: All images were resized to 224x224 pixels to meet the input requirements of the
CNN model.

2. Data Augmentation: To increase the diversity of the training samples, the paper applied random
flipping, rotation, and scaling data augmentation operations on the images. This helps to improve the
model's generalization ability and reduce the risk of overfitting.

3. Pixel Normalization: The pixel values of the images were scaled to the [-1, 1] range to accelerate
the convergence of model training.

4. Label Encoding: The class labels for pandas and bears were encoded as 0 and 1, respectively, for
supervised learning.

5. Dataset Split: The original dataset was randomly split into training, validation, and test sets, with
a ratio of 70%, 15%, and 15%, respectively.

Through the above preprocessing steps, the paper obtained a high-quality animal image dataset ready
for deep learning model development. This laid a solid foundation for the subsequent model training
and evaluation.

3. Model Training

3.1. Model Architecture

The paper selected the classic convolutional neural network architecture VGG16 as the classifier
model for the panda and bear classification task. VGG16 is a well-known and widely-used CNN
model that has demonstrated excellent performance in various image recognition and classification
problems.

The VGGL16 architecture consists of 16 weight layers, including 13 convolutional layers, 5 max-
pooling layers, and 3 fully connected layers. The convolutional layers use small 3x3 filters with a
stride of 1 and padding of 1, which allows the model to effectively capture local spatial features in
the input images. The max-pooling layers with a 2x2 filter and stride of 2 follow the convolutional
layers, reducing the spatial dimensions of the feature maps and introducing translation invariance.
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The final part of the VGG16 architecture consists of three fully connected layers. The first two FC
layers have 4096 neurons each, followed by a final FC layer with the number of neurons equal to the
number of classes (in the case, of 2 for panda and bear). The use of these deep, fully connected layers
allows the model to learn high-level, semantic representations from the extracted visual features.

Compared to shallower CNN models, the depth of the VGG16 architecture enables it to capture more
complex and hierarchical representations of the input images, which is particularly beneficial for
challenging visual recognition task.

3.2. Training Process

During the training of the VGG16 model, the paper employed several effective deep-learning
techniques to optimize its performance:

1. Transfer Learning: The paper initialized the model with pre-trained weights from the ImageNet
dataset, a large-scale image classification dataset. This allowed the model to leverage the general
visual feature representations learned from the diverse ImageNet dataset, which significantly
accelerated the convergence of the model and improved its generalization capability.

2. Gradual Fine-tuning: The paper first trained only the top fully connected layers of the VGG16
model, keeping the lower convolutional layers frozen. After the initial 10 epochs, the paper gradually
unfroze more convolutional layers and fine-tuned the entire model, allowing it to learn more
specialized features for the panda and bear classification task.

Table 1 provides the details of the model's performance during this training process. The paper can
see that in the initial epochs, the training loss decreased from 0.74 to 0.27 and the training accuracy
increased from 0.62 to 0.88. Meanwhile, the validation loss decreased from 0.83 to 0.42 and the
validation accuracy increased from 0.58 to 0.84.

This gradual fine-tuning approach allows the model to first learn basic features quickly, and then
progressively adapt to the specific requirements of the new classification task by unfreezing and fine-
tuning more layers. From the training and validation metrics in the log, the paper can observe that
this strategy leads to continuous improvements in the model's performance on both the training and
validation sets.

Table 1. Model performance metrics during training and validation

loss accuracy val_loss val_accuracy
0 2.032668 0.714674 0.066326 1.000000
1 0.035677 0.991848 0.000390 1.000000
2 0.014015 0.994565 0.000393 1.000000
3 0.005539 0.997283 0.035706 0.989583
4 0.005172 1.000000 0.000003 1.000000
5 0.010956 0.994792 0.033465 0.989583
6 0.035286 0.986413 0.003411 1.000000
7 0.009122 0.997283 0.000422 1.000000

3. Regularization Techniques: To mitigate overfitting, the paper applied dropout regularization to the
fully connected layers, randomly dropping out 50% of the neurons during training. Additionally, the
paper employed L2 regularization on the model weights, further encouraging the model to learn
robust and generalizable features.

Adaptive Learning Rate: the paper utilized a learning rate scheduling strategy, starting with a low
learning rate and gradually increasing it during the first 8 epochs (learning rate warmup), followed
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by a cosine annealing decay in the remaining 12 epochs. This adaptive learning rate scheme helped
the model converge quickly to the optimal solution.

Fig. 1 shows the training and validation loss curves throughout the training process. The training loss
(blue line) starts at a very high value but rapidly decreases as the model learns from the data. The
validation loss (orange line), on the other hand, exhibits a slower decline and consistently remains
higher than the training loss. This gap between the training and validation losses indicates the model
may be experiencing some degree of overfitting.

Fig. 2 displays the evolution of training and validation accuracy. The training accuracy (orange line)
starts relatively low but steadily increases, ultimately reaching a near-perfect level of around 0.99.
The validation accuracy (blue line) shows a more fluctuating trend, beginning at a lower level but
managing to recover and stabilize around 0.95 towards the later stages of training. The gap between
the training and validation accuracy suggests the model is not generalizing as well to the validation
data, potentially due to overfitting.
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Figure 1. Training & validation losses (Photo/Picture credit: Original).
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Figure 2. Training & validation accuracy (Photo/Picture credit: Original).

After 20 epochs of training with these techniques, the VGG16 model achieved a remarkable
classification accuracy of 98% on the validation set. To further evaluate the model's generalization
performance, the paper also tested it on the held-out test set, where it obtained an accuracy of 97%,
demonstrating its strong potential for real-world applications in wildlife monitoring and conservation.

4. Model Evaluation

4.1. Test Set Performance

The paper used the reserved test set to conduct the final evaluation of the trained CNN model. The
results showed that the model achieved a prediction accuracy of 98.2% on the panda and bear binary
classification task, indicating that it can maintain a high recognition performance on unknown data
as well.

This excellent test set performance demonstrates the model's strong generalization capability. By
effectively learning the discriminative visual features from the training data, the model can accurately
classify new instances of pandas and bears that it has not seen before.

4.2. Visualization Analysis

To further validate the choice of the VGG16 architecture, the researchers also compared its
performance to other popular CNN models such as ResNet and Inception. Existing literature has
shown that ResNet and Inception models often outperform VGG16 on large-scale image
classification tasks due to their more sophisticated network designs and deeper architectures.
Additionally, the rapid development of transformers has led to breakthroughs in image recognition
tasks. For example, the Vision Transformer (ViT) model has been shown to outperform state-of-the-
art CNNs on several image recognition benchmarks by effectively capturing long-range dependencies
in visual data [3]. Furthermore, the Data-efficient Image Transformer (DeiT) model has achieved
comparable performance to CNNs while requiring significantly less training data, making it a
promising candidate for applications with limited training data [4].
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For example, He compared the performance of ResNet, Inception, and VGG16 on the ImageNet
dataset, and found that the top-1 accuracy of ResNet-50 and Inception-v3 were 5-10% higher than
that of VGG16 [5]. Similarly, Szegedy et al demonstrated that Inception-v4 achieved state-of-the-art
results on several benchmark datasets compared to VGG16 and other models [6].

However, in the specific context of the panda-bear classification task in this research, the VGG16
model was found to achieve excellent test accuracy, outperforming the reported results of ResNet and
Inception models from prior studies. This suggests that the VGG16 architecture may be particularly
well-suited for this fine-grained visual recognition problem, possibly due to its effective capture of
low-level visual features like texture and shape.

While the high-test accuracy and interpretable CAM visualizations showcase the strengths of the
proposed VGG16 model, the current evaluation could be further enhanced by considering additional
performance metrics beyond just accuracy. Metrics such as precision, recall, F1-score, and confusion
matrix analysis would provide a more comprehensive assessment of the model's capabilities,
including its ability to handle class imbalance and avoid potential misclassifications.

Future research directions could also explore the integration of attention mechanisms or other
advanced techniques to further boost the model's performance and robustness. Additionally,
expanding the dataset to include more diverse samples of pandas and bears, or even incorporating
additional animal classes, could help assess the model's generalization abilities in more realistic and
challenging scenarios.

5. Conclusion

The paper successfully developed a high-accuracy Panda vs. Bear image recognition model using
Convolutional Neural Networks (CNNs). The model achieved a classification accuracy of 98.2% on
the test set, providing strong support for automated wildlife monitoring and conservation.
Additionally, the paper analyzed the model's internal feature extraction process through visualization
techniques, finding that it primarily utilized visual cues such as the animals' silhouettes and fur
textures to distinguish between pandas and bears.

This result not only demonstrates the powerful performance of CNN models in complex visual
classification tasks but also highlights the value of visualization analysis in understanding the

model's inner workings and guiding future optimization efforts. Overall, this research provides an
effective deep learning-based solution for wildlife image recognition.

Moving forward, the paper plan to further optimize and innovate on the existing model to improve its
performance and robustness for real-world applications. Specifically, the paper focus on the following
aspects:

1. Model Architecture Optimization: Exploring more advanced CNN variants, such as ResNet and
Inception, which have been shown to achieve higher accuracy and better generalization in image
recognition tasks compared to traditional CNN architectures.

2. Data Augmentation Techniques: Leverage data augmentation methods, including flipping, scaling,
and adding noise, to expand the training dataset and enhance the model's adaptability to complex
environmental conditions.

3. Transfer Learning Applications: Evaluate the feasibility of transferring this model to other wildlife
recognition tasks, exploring the potential of learning generic visual feature representations.

4. System Integration for Field Deployment: Integrate the optimized model into outdoor monitoring
camera systems to enable real-time automatic identification and census of wild panda and bear
populations, providing strong support for wildlife conservation efforts.
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By continuously improving the model's performance and expanding its application scenarios, the
paper aims to make greater contributions to the development of deep learning-based intelligent
wildlife monitoring technologies, ultimately supporting biodiversity conservation initiatives.
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