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ABSTRACT

Dog breed identification is a challenging fine-grained visual classification task due to high inter-breed similarity
and substantial intra-breed variation in appearance, pose, and lighting. Accurate automated identification is valuable
for pet management, veterinary care, lost pet recovery, and animal research. This paper proposes a Hybrid Deep
Learning approach that combines the complementary strengths of ResNet-101, InceptionV3, and Xception
architectures through ensemble feature fusion and weighted majority voting. The hybrid system leverages transfer
learning from ImageNet pre-trained weights and applies extensive data augmentation to improve generalization on
the Stanford Dogs dataset (120 breeds, 20,580 images). A comparative analysis evaluates individual and hybrid
models. Experimental results demonstrate that the proposed hybrid approach achieves 91.4% top-1 accuracy,
outperforming individual models by 3-7%, offering a robust solution for automated dog breed recognition.

Index Terms — Dog Breed Identification, Hybrid Deep Learning, ResNet-101, InceptionV3, Xception, Transfer
Learning, Fine-Grained Visual Classification, CNN Ensemble

I. INTRODUCTION

Fine-grained visual classification is among the most challenging problems in computer vision, requiring models to
distinguish between visually similar subcategories that share common global structure but differ in subtle local
features. Dog breed identification exemplifies this challenge: 120 distinct breeds exhibit highly similar body
structures, varying primarily in coat texture, ear shape, facial features, and color patterns. Additionally, intra-breed
variation due to age, lighting, pose, and background introduces further complexity.

Convolutional Neural Networks have demonstrated remarkable success in standard image classification, but single-
architecture models often struggle with the fine-grained discrimination required for breed-level recognition.
Transfer learning from large-scale datasets like ImageNet provides a strong initialization, but different architectures
capture complementary features: ResNet-101 excels at deep residual feature learning, InceptionV3 at multi-scale
feature aggregation, and Xception at depthwise separable convolution-based efficient feature extraction.

This work proposes a hybrid ensemble approach combining ResNet-101, InceptionV3, and Xception through
feature-level fusion and weighted soft voting. The system employs data augmentation, fine-tuning of pre-trained
weights, and ensemble decision fusion to achieve superior classification accuracy across 120 dog breeds on the
Stanford Dogs dataset.

II. LITERATURE SURVEY

A comprehensive review of existing literature reveals various approaches adopted for dog breed identification, fine-
grained visual classification, and CNN ensemble methods for animal species recognition.
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Ref. Authors & Year Method / Dataset Result Limitation
[1] Khoslaetal., 2011 Stanford Dogs dataset; 120 22% accuracy Traditional

breeds; SVM + HOG features (baseline) features; poor
discrimination

of similar breeds

[2] Szegedy et al., 2016 InceptionV3; ImageNet; multi- 78.1% top-1 on Single
scale convolutions ImageNet architecture;
sub-optimal for
fine-grained

tasks
[3] Heetal, 2016 ResNet-101; deep residual 77.4% top-1 Depth alone
learning; ImageNet accuracy insufficient for

fine-grained
breed features

[4] Chollet, 2017 Xception; depthwise separable 79.0% top-1 Single model;
convolutions; ImageNet accuracy no ensemble or
breed-specific
fine-tuning
[5] Liuetal., 2020 Attention-based CNN for dog 88.6% on Single model
breed recognition Stanford Dogs with attention;
no hybrid
architecture

[6] Nguyen etal., 2021 EfficientNet-B4 for fine-grained  89.3% accuracy ~ Not tested as
animal classification on Stanford Dogs part of
ensemble; single
model only

[7] Sunetal., 2022 Hybrid CNN ensemble (ResNet +  90.1% top-1 Only two
DenseNet) for pet breed accuracy architectures; no
Xception
integration

Research Gap

While individual deep learning architectures have demonstrated strong performance on standard image
classification, their application to fine-grained dog breed identification with high intra-breed variation remains
limited by single-model capacity. Hybrid ensemble approaches combining architectures with complementary
feature extraction strategies (residual, multi-scale, depthwise separable) for fine-grained animal identification have
not been comprehensively evaluated against individual models on standardized datasets.

III. METHODOLOGY

A. System Architecture

The system uses a parallel three-branch hybrid architecture. Branch 1 uses fine-tuned ResNet-101 (pre-trained
ImageNet) with global average pooling extracting a 2048-D feature vector. Branch 2 uses fine-tuned InceptionV3
with global average pooling producing a 2048-D vector. Branch 3 uses fine-tuned Xception with global average
pooling producing a 2048-D vector. The three feature vectors are concatenated into a 6144-D representation, then
reduced via a FC(1024)+Dropout(0.5) fusion layer to a 1024-D hybrid embedding. A final FC(120)+Softmax layer
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outputs breed probabilities. Weighted soft voting combines individual model predictions at inference for final
classification.

B. Algorithm
* Input: Dog image [ (HxWx3).
 Step 1: Preprocess - resize to 299x299 (InceptionV3/Xception) or 224x224 (ResNet-101); normalize to [-
1,1].
 Step 2: Data augmentation (training only): random flip, rotation +/-20 deg, zoom 0.2, brightness jitter,
shear.
* Step 3: Branch 1: ResNet-101 forward pass -> GlobalAvgPool -> F_R (2048-D).
* Step 4: Branch 2: InceptionV3 forward pass -> GlobalAvgPool -> F 1 (2048-D).
 Step 5: Branch 3: Xception forward pass -> GlobalAvgPool -> F X (2048-D).
* Step 6: Concatenate: F_hybrid = concat(F_R, F I, F_X), dimension 6144.
» Step 7: FC(1024) + BatchNorm + ReLU + Dropout(0.5) -> embedding E (1024-D).
 Step 8: FC(120) + Softmax -> breed probability vector P_hybrid.
* Step 9 (Weighted voting): P_final=w R*P R+ w I*P I+w X*P_X; weights optimized on validation.
 Step 10: Loss = Categorical Cross-Entropy + L2 regularization.
* Step 11: Fine-tune last 30 layers of each branch; Adam lr=1e-4; 50 epochs; reduce Ir on plateau.
* Output: Predicted breed label with confidence score.

C. Modules

Data Loading and Augmentation Module: Loads Stanford Dogs dataset (120 breeds, 20,580 images). Applies
augmentation: flip, rotation, zoom, brightness jitter, shear. Manages 70/15/15 train/val/test splits with
stratification.

ResNet-101 Feature Extraction Module: Loads ImageNet pre-trained ResNet-101 with classification head
removed. Fine-tunes last 30 layers on Stanford Dogs. Extracts 2048-D global average pooled feature vector per
image.

InceptionV3 Feature Extraction Module: Loads ImageNet pre-trained InceptionV3. Fine-tunes last 30 layers.
Applies multi-scale inception modules to capture diverse spatial frequencies. Extracts 2048-D feature vector.
Xception Feature Extraction Module: Loads ImageNet pre-trained Xception. Fine-tunes last 30 layers. Applies
depthwise separable convolutions for efficient cross-channel feature learning. Extracts 2048-D feature vector.
Hybrid Fusion Module: Concatenates 6144-D combined feature vector. FC(1024)+BN+ReLU-+Dropout(0.5)
fusion layer reduces dimensionality. FC(120)+Softmax produces breed probability distribution.

Weighted Ensemble Voting Module: Combines individual model softmax probabilities via weighted soft voting.
Weights (w_R, w_I, w_X) optimized on validation set by grid search. Final argmax determines predicted breed.

IV. RESULTS & DISCUSSION

The proposed hybrid system and individual models were evaluated on the Stanford Dogs dataset test set (120
breeds). Classification performance is compared in Table 1.

Model Top-1 Accuracy  Top-5 Accuracy  Parameters Inference Time
(ms)

ResNet-101 (fine- 84.2% 96.1% 44.5M 42ms

tuned)
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Model Top-1 Accuracy  Top-5 Accuracy  Parameters Inference Time
(ms)

InceptionV3 (fine- 85.7% 96.8% 23.8M 38ms
tuned)
Xception (fine- 86.3% 97.2% 22.9M 45ms
tuned)
ResNet + 89.1% 98.0% 68.3M 82ms
InceptionV3
Ensemble
Proposed Hybrid ~ 91.4% 98.7% 91.2M 127ms
(3-branch)

The proposed three-branch hybrid system achieves 91.4% top-1 accuracy and 98.7% top-5 accuracy on the Stanford
Dogs dataset, outperforming the best individual model (Xception: 86.3%) by 5.1% and the two-branch ensemble
by 2.3%. The complementary feature representations of residual, multi-scale, and depthwise separable convolutions
enable the hybrid to resolve ambiguous inter-breed cases that confound individual architectures. The 127ms
inference time is acceptable for web and mobile applications.

1. Hybrid Ensemble & Feature Fusion

Instead of relying on a single model, your architecture combines the strengths of three different models through
feature concatenation and weighted probability voting.

A. Feature Concatenation

In Step 6 of your algorithm, the global average pooled features from each of the three models are combined into a
single, high-dimensional vector before being passed to the fully connected (FC) layers.

e F R =2048-D feature vector from ResNet-101
e F [=2048-D feature vector from InceptionV3
e F X =2048-D feature vector from Xception

Hybrid Feature Vector = Concatenate(ResNet Features, Inception Features, Xception Features) // Results in
6144-D vector

B. Weighted Soft Voting

In Step 9, the final prediction isn't made by just one model. The softmax probability outputs of each individual
model are multiplied by a specific weight (optimized on the validation set) and summed together to produce the
final breed prediction.

e P R, P I,P X =The predicted probability distributions from ResNet, Inception, and Xception.
e w R,w I,w X=The optimized weights assigned to each model's prediction.

Final Prediction_Probability = (Weight R * Prob_ResNet) + (Weight I * Prob_Inception) + (Weight X *
Prob Xception)

2. Training Loss Function

Because the system is classifying images into one of 120 mutually exclusive categories (a dog cannot be two breeds
at once), it uses Categorical Cross-Entropy as its loss function during fine-tuning.

A. Categorical Cross-Entropy (CCE) Loss

This loss function calculates the difference between the model's predicted probability distribution across all 120
breeds and the actual true breed (represented as a one-hot encoded vector).

e C=Total number of classes (120 dog breeds).
e y c¢=Ground truth (1 if the image is breed c, 0 otherwise).
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e hat{p} c=Model's predicted probability that the image is breed c.
Categorical Cross Entropy =-SUM over all classes( True Label * log(Predicted Probability) )
3. Evaluation Metrics

In classification tasks with a massive number of visually similar classes, standard accuracy is often expanded into
"Top-K" accuracy to better evaluate the model's predictive ranking.

A. Top-1 Accuracy

This is standard accuracy. It measures the percentage of images where the model's absolute highest predicted
probability exactly matched the true dog breed. (Your hybrid model achieved 91.4%).

Top-1_Accuracy = (Correct Number 1 Predictions / Total Predictions) * 100

B. Top-5 Accuracy

Because fine-grained classification is extremely difficult (e.g., distinguishing a Malamute from a Siberian Husky),

Top-5 accuracy measures the percentage of images where the true dog breed was present anywhere within the
model's top 5 highest probability predictions. (Your hybrid model achieved 98.7%).

o S$\text{Rank}(y i)$ = The ranking position (Ist, 2nd, 3rd, etc.) of the true breed Sy i$ in the model's
predicted probabilities.

Top-5_Accuracy = (Times_True Breed was in Top 5 Guesses/ Total Predictions) * 100

V. CONCLUSION & FUTURE WORK

This paper presented a Hybrid Deep Learning approach for dog breed identification combining ResNet-101,
InceptionV3, and Xception through ensemble feature fusion and weighted soft voting. The system achieves 91.4%
top-1 accuracy on the Stanford Dogs dataset, demonstrating that combining architectures with complementary
strengths substantially outperforms any individual model for fine-grained breed classification.

Future work will incorporate attention mechanisms to focus on discriminative breed-specific regions (ears, snout,
coat texture), explore knowledge distillation to compress the hybrid model for mobile deployment, extend the
system to multi-species identification beyond dogs, and develop a real-time mobile application for pet owners and
veterinary professionals.

REFERENCES

[1] A. Khosla et al., "Novel dataset for fine-grained image categorization," CVPR Workshop, 2011.

[2] C. Szegedy et al., "Rethinking the Inception architecture for computer vision," CVPR, 2016.

[3] K. He et al., "Deep residual learning for image recognition," CVPR, 2016.

[4] F. Chollet, "Xception: Deep learning with depthwise separable convolutions," CVPR, 2017.

[5] L. Liu et al., "Attention-based CNN for fine-grained dog breed recognition," IEEE ICIP, 2020.

[6] T. Nguyen et al., "EfficientNet for fine-grained animal classification," Pattern Recognition Letters, 2021.
[7] X. Sun et al., "Hybrid CNN ensemble for pet breed identification," IEEE CVPR Workshop, 2022.

411 | Page



