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ABSTRACT

Visual biometrics, such as facial recognition, play an important role in au-
thentication and identification. This concept extends to animal biometrics,
particularly for identifying individual dogs, which is useful for veterinary
care, ownership verification, population control, and disease monitoring.
However, distinguishing visually similar dogs within the same breed re-
mains challenging due to hard negative samples. In this work, we propose
a deep learning model for individual dog re-identification using contrastive
learning with a binary cross-entropy loss function. Instead of treating each
dog as a separate class, the proposed framework learns a similarity func-
tion from positive and negative image pairs, including a high proportion
of hard negative pairs during training, to better capture fine-grained facial
differences. Experimental results show that the proposed model achieves
96.83% accuracy on hard negative samples and 81.48% accuracy on the
public Flickr dog dataset in a zero-shot setting, demonstrating improved
performance in same-breed dog re-identification over traditional multiclass

Article information:
Keywords: Contrastive Learn-
ing, Convolutional Neural Net-
work, Deep Learning, Hard Neg-
ative, Visual Biometrics

Article history:

Received: January 14, 2026

Revised: March 26, 2026

Accepted: May 21, 2026

Published: June 13, 2026
(Online)

classification approaches.

DOI: 10.37936/ ecti-cit.2026203.265723

1. INTRODUCTION

1.1 The Critical Role of Anomaly Detection
in WSNs

Dogs are the most common domestic animals. Ac-
cording to a recent estimate, the population of dogs in
Thailand is 12.8 million, with a significant number be-
ing non-owned dogs [1]. It presents several challenges
to manage these large numbers, including population
control, disease outbreaks, vaccination tracking, and
legal ownership verification. To address these issues
effectively, tools for individual dog management and
identification are required.

While conventional methods like body marker sys-
tems (such as dye, paint, and tattoo) have been used
for dog identification, they have some limitations.
Body markers can easily fade or be altered. Although
microchipping is reliable, it is expensive and requires
expert implantation.

In recent years, many applications have success-
fully used deep learning algorithms for human rei-
dentification [2] using visual biometrics such as fin-
gerprints, iris scans, and facial recognition. As a re-
sult, researchers have extended these techniques to
animal recognition. Similar to humans, animal bio-
metrics can classify species, identify individuals, and
monitor behaviors [3]. However, different species have
unique modalities for identifying individuals, such as
zebra coat patterns [4], elephant’s ears [5], muzzle
print cattle images [6], and pet animals’ facial images
[7].

Previous studies on visual dog biometrics have
been limited and have primarily focused on dog
breed classification using pattern-recognition tech-
niques. For instance, the Stanford dogs dataset [8]
was used in the Kaggle dog breed identification chal-
lenge. Chanvichitkul et al. [9] proposed dog breed
classification using face contours as a coarse classifi-
cation with a Principal Component Analysis (PCA)
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classifier as a fine classification. An extended ver-
sion [10] of their work included local features such
as ears and faces to enhance classification within the
same group. This method utilized Normalized Cross-
Correlation (NCC) for each local part, followed by
PCA for breed classification. The results showed a
four times improvement in runtime and an accuracy
of 88% across 35 dog breeds.

Similarly, various feature extraction techniques
have been used to extract features for classifying
breeds of domestic animals. For example, one ap-
proach involved using a combination of shape and
appearance features including Histogram of Oriented
Gradient (HOG) [11] and Scale-Invariant Feature
Transform (SIFT) [12]. The method achieved an ac-
curacy of 69% in identifying 37 breeds of cats and
dogs. Another study by Liu et al. [13] proposed a
method using a combination of grayscale SIFT de-
scriptors, color histograms, and appearance models
of facial parts such as eyes, noses, and ears to train
an SVM classifier for detecting dog breeds. The
model achieved a 67% recognition rate across 133 dog
breeds.

Recently, there has been a growing interest in using
deep learning techniques to identify individual dogs
in images. Moreira et al. [14] compared four hu-
man facial recognition approaches (EigenFaces, Fish-
erFaces, LBPH, and Sparse methods) against their
own two CNN networks, BARK and WOOF. They
applied these methods to their public dataset (Flickr-
dog) which contained 42 dogs from 2 breeds: huskies
and pugs. The WOOF model achieved the highest
accuracy of 66.90%, with the most misclassified dogs
from the same breeds.

Similarly, Tu et al. [7] proposed dog identifica-
tion using deep learning techniques. The study em-
ployed three datasets: Stanford dogs, Columbia dogs
for breed classification, and Flickr-dog for testing dog
identification. They proposed a transfer learning ap-
proach using GoogleNet architecture to train a model
called BreedNet, which identifies breeds from dog
faces. BreedNet is then fine-tuned with the Flickr-
dog dataset to produce DogNet, which identifies in-
dividual dogs. The study achieved 83.94% accuracy.
Furthermore, Lai et al. [15] developed a revised ver-
sion of the model which incorporated soft biometrics
information such as gender and breeds. The revised
model achieved an accuracy of 84.94% when identify-
ing a mix of Pug and Husky breeds. The study also
found that when each breed was trained in a sepa-
rate model, the accuracy was 88.67% for Huskies and
81.40% for Pugs.

Batic [16] presented an initial work on using so-
cial media images to identify individual dogs. Their
method applied transfer learning on the Inception V3
architecture which was initially trained on the Flickr-
dog data (Pet2NetID v1) and later fine-tuned on their
Pet2Net Dataset to identify 16 individual dogs from

10 different breeds. The model achieved 94.59% ac-
curacy.

Most studies in dog identification rely on a clas-
sification model trained on relatively small datasets.
This method represents individual dogs in a class,
which requires model retraining when new dogs are
added. Thus, reported performance is typically
tested on a few dogs, which may not accurately repre-
sent real-world scenarios. Although CNN models can
identify dogs from different breeds, in reality, distin-
guishing dogs of the same breed remains a significant
challenge due to their similar physical characteristics,
resulting in higher rates of false positives.

To address this issue, an image verification and
similarity model can be used, like in human face
identification. These models leverage feature em-
beddings, similar to FaceNet [17], and have demon-
strated promising results without frequent model re-
training. Recent research in contrastive learning of-
fers a promising result in training image representa-
tion [18, 19).

Contrastive learning learns feature representations
by contrasting pairs of samples using a contrastive
loss function. This method has been applied to vari-
ous image domains such as unpaired image-to-image
translation [20] and reducing the impact of hard neg-
atives [21].

Furthermore, Sundaram et al. [22] conducted a
comprehensive animal detection and classification re-
view, outlining the datasets that are currently avail-
able in animal studies, with a focus on species classifi-
cation such as identifying different breeds of animals.
Thus, there is a lack of available datasets that can be
used to identify individual animals. Therefore, there
is a need for more comprehensive datasets for this
research area.

This paper presents a method for dog re-
identification by extending the use of contrastive
learning. The focus is on improving re-identification
within the same breed, which can often produce false
positives or “hard negative samples”. The contribu-
tions of this study are as follows:

1. We propose an extension of contrastive learn-
ing that uses a binary cross-entropy loss function
to enhance dog re-identification, particularly for
small datasets.

2. The results demonstrate that our model achieves
higher accuracy compared with traditional mul-
ticlass classification approaches, particularly in
recognizing individual dogs from some difficult
breeds. These results demonstrate the poten-
tial of a visual biometric system in supporting
tasks such as collecting dog populations, register-
ing dogs, and identifying dogs using images.

3. To support this research, we introduced the
MVITdog dataset, consisting of 300 individual
dogs, each with a minimum of 10 images per dog.
The images have been manually cropped to fo-
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cus on dog faces, making it a resource for animal
visual biometric identification.

2. PROPOSED METHOD
2.1 Dog Identification Model

Traditional approaches to dog identification view
each individual dog as a separate class in a multiclass
classification framework. While effective for a fixed
set of known dogs, such methods require full model
retraining whenever new dogs are introduced, making
them impractical for large-scale or open-set scenarios.
Furthermore, training becomes increasingly resource-
intensive and time-consuming as the number of dogs
increases. In contrast, our method applies contrastive
learning to develop a similarity model that learns a
function for directly comparing pairs of dog images.
This approach enables the model to identify unseen
dogs at inference time without retraining. The model
structure is shown in Fig. 1.

The model accepts a pair of images as input and
produces a similarity score as output. It comprises
two main components: the base model and the con-
trastive learning module.

2.1.1 Base Model: DogNet

Due to the number of datasets, this approach re-
quires a pre-trained Convolutional Neural Network
(CNN) model with similar initial learning weights.
For this purpose, we adopted a base model from
the architecture in [7] called DogNet. DogNet is a
MobileNet-based CNN model trained using a 2-step
training process as illustrated in Fig. 2. This 2-step
training process aims to focus the feature selection
focus on a similar domain: transitioning from dog
breed classification (BreedNet) to dog identification
(DogNet). The initial phase involves fine-tuning the
pre-trained CNN model on a larger dataset, such as
ImageNet, for dog breed classification. To initialize
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BreedNet, we used a MobileNet model pre-trained on
the ImageNet dataset. BreedNet was then fine-tuned
on the Columbia Dog Breed Dataset. Its classifica-
tion head consists of a fully connected layer followed
by a softmax activation function, with 133 output
units corresponding to the 133 breed classes in the
Columbia Dog Breed Dataset. We used the learned
weights from BreedNet to initialize DogNet, which
was then trained end-to-end on the MVITDog dataset
with all network parameters updated. Thus, the sec-
ond stage involves further fine-tuning of the initial-
ized model. The result of this two-step training pro-
cess is DogNet, which serves as the base model for
our contrastive training approach.

2.1.2  Contrastive Learning Module

In contrastive learning, the model is trained using
pairs of inputs, denoted as A and B, associated with a
binary label: 0 (dissimilar dogs) or 1 (the same dog).
To extract features from these inputs, each input is
connected to DogNet model. Then, we apply dropout
and a series of fully connected layers (fcl, fc2, and fc3)
after DogNet.

The encoding of each input is obtained from the
final fully connected layer (fc3), which is g(A) and
g(B). This output feature is then used to calculate
the L1 distance between the two encoders. The L1
distance is the sum of absolute differences defined as
follows:

L1 = Zi:l |ai - bz| (1)

After calculating the L1 distance, the output is
connected to the final output layer. At this layer, we
apply the sigmoid function to generate a similarity
score that falls within the range of 0 to 1. During
the training process, the weights of DogNet model
are shared for each pair of inputs. These weights are
adjusted using a loss function, which is the binary
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cross-entropy loss function. Given that our training
labels are binary, this loss function is suited for the
purpose of weight adjustment. Binary cross-entropy
is calculated as follows:

m

Loss =~ 3" (i log(3i) + (1 + 3:).log(1 — §:))

i=1

(2)
where m is the batch size, y; is the ground-truth label
(either O for dissimilar or 1 for similar), and g; is the
predicted similarity score for the i-th pair.

2.2 Verification

Once the contrastive learning model is trained, it
transforms images into feature representations or em-
beddings. These embeddings capture the visual char-
acteristics of the images and can be used to evaluate
the verification task, similar to FaceNet [17]. One
of the main advantages is that we can generate em-
beddings for new dogs without having to retrain the
model with new images.

ImageNet
Pretrained CNNs

Fine-tuning

Fine-tuning

Dog Breed
Dataset

7/ Dog Breed /

Flickr-dog
Dataset

DogNet

]

Fig.2: 2-Step training framework using dog breed as
the initial model [7, 15].

To verify the similarity of dogs, we use these em-
beddings to compute feature maps and measure their
similarity using the cosine similarity. Cosine similar-
ity is calculated as the cosine of the angle between two
vectors. If the angle between these vectors is small,
the cosine similarity will be close to 1, indicating high
similarity. However, in our task, the closest distance
will likely be the same dog. The cosine similarity is
defined as follows:

similarity(A, B) = cos(6) (3)

A.B Yo (AiBy)

)= AT 1B ~ VELUVELED
4

cos(6

2.3 Implementation

The implementation of the dog identification
model consists of three main steps: data preparation,

model training, and verification as shown in Fig. 3.
Data preparation includes cleansing, data augmen-
tations, and preparing data in set of pairs. We use
the data to train a dog identification model as illus-
trated in Fig. 1. The model training process uses con-
trastive learning to train the feature representation.
The trained model is then used as the embedding for
verification by comparing similarities and calculating

the results.

Data Augmentation

|

Data Manipulation
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I l

Dog Similarity Model

Encoding

/ Similarity Score ;

Fig.3: The overview of training and testing process.

Encoders
(Feature Extraction)

In the data preparation step, we extract and crop
the dog’s face using their face regions as input images.
However, training the dog similarity model requires
input data in the form of positive and negative pairs.
Since the number of dog images is limited, we applied
data augmentations. These included image rotation,
random noise, and horizontal image flipping to in-
crease the dataset size.

We generate positive pairs by selecting two im-
ages from the same dog. In contrast, negative pairs
are generated from different dogs, especially the hard
negative pairs involving dogs of the same breed are
more challenging. We ensure that our pairs consist of
hard negative pairs to train the model to distinguish
between dogs with visual similarities. Based on the
literature, it was reported that a large proportion of
negative pairs could help in the model learning pro-
cess. Therefore, in our dataset, negative pairs are
four times more than positive pairs due to the mem-
ory resources. Fig. 5 shows sample pairs from the
dataset.

2.3.1 Contrastive Learning for Dog Face Image

Representation

Our training set consists of 100 individual dogs.
Each dog has 10 original images. We applied data
augmentation techniques to enhance the training set,
doubling the number of images for each dog to 20 and
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Fig.4: Sample manual labeled using VIA software [24].
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Fig.5: Sample negative (0) and positive pairs (1).

2 images per dog for the test set. As in contrastive
learning, the training process requires input in the
form of pairs. For each dog, 190 positive pairs were
generated, resulting in 19,000 positive pairs for the
entire training set. In contrast, negative pairs are four
times positive pairs. These negative pairs are from
two types: hard negative pairs and different breed
pairs. Hard negative pairs are a quarter of the total
negative pairs, 19,000 pairs.

These pairs are dogs from the same breed, repre-
senting a challenging task for the model to learn and
capture the dissimilarity. Meanwhile, the remaining
57,000 negative pairs are from dogs belonging to dif-
ferent breeds which could help the model generalize.
We selected 2 images per dog for the test set to form a
positive pair. This yields 100 positive pairs combined
with 400 negative pairs as in the training set.

Our proposed model was implemented and empir-
ically trained using Tensorflow 2.0. During training,
we set the batch size to 100, the number of training
epochs to 200, and the image size to 224 x 224 pix-
els. The model is trained using Nvidia A100 GPU
and the training process was over 3 days. The model
was compiled with Adam optimizer with the learning

rate starting from (1 x 1072) to (1 x 1076). Each
training epoch is approximately 15 minutes. How-
ever, we encountered a memory resource challenge
due to the size of our dataset. Therefore, we optimize
the data loading process by changing from Tensor-
Flow’s image dataset from directory to TensorFlow’s
tf.data.Dataset with image files.

This change effectively reduces the time required
for each training epoch by half. The proposed model
achieved 93% validation accuracy at the selected
checkpoint, which was used as the embedding model
for the dog re-identification task. Fig. 8 shows
the model loss and accuracy while training the con-
trastive learning. The validation loss decreases, align-
ing with the training loss.

3. EXPERIMENTS

Our experiments consist of two main tasks, i.e.,
the image classification approach and the image ver-
ification approach. The dog re-identification model
was trained using a 2-step training framework for im-
age classification and evaluated using predicted re-
sults from the softmax layer. For image verification,
the dog re-identification model was trained using our
proposed contrastive model then the model was used
as feature embeddings to calculate distance using co-
sine similarity on 1) the mixed dog dataset regardless
of the dog breeds and 2) the hard negative dataset.
The dataset is divided into two parts, the training
and validating set for contrastive learning and the test
set for dog re-identification. In the image verification
experiments, query images used for identification are
referred to as probe images, whereas reference images
used for matching are referred to as gallery images.
The trained contrastive learning model used to gen-
erate feature embeddings is referred to as the dog
similarity model. In contrast, the full identification
framework is referred to as ContrastiveDogID.

3.1 Experiment 1: Dog re-identification using
the image classification approach

Previous studies have viewed dog re-identification
using an image classification approach. This method
treats each dog as an individual class, which means
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that the model needs to be retrained every time new
dogs are added to the dataset. To address this is-
sue, we conducted an experiment to investigate this
limitation.

We adopted a model architecture from the 2-
step learning framework shown in Fig. 2. Specifi-
cally, BreedNet was trained using the Columbia Dog
Dataset, and then using it to fine-tune DogNet on our
MVITDog Dataset.

Training and Validation Accuracy

1.0
B /ﬁ\

—— Training Accuracy
—— Validation Accuracy

o

20 40 60 80 100
Training and Validation Loss

5 —— Training Loss
Validation Loss

Cross Entropy

o 20 40 60 80 100
epoch

Fig.6: Training and validation accuracy and loss
from classification approach on 100 dogs.

To conduct this experiment, we randomly selected
100 dogs representing 20 different breeds, with a min-
imum of 10 images per dog from MVITDog. Our
experiments compared the performance of the model
across 4 pre-trained CNN models. Table 1 presents a
summary of the results showing that as the number
of dogs (classes) in the dataset increased, the accu-
racy of the model decreased. In addition, the Confu-
sion Matrix in Fig. 7 shows that prediction results
were more likely to be confused as the number of
classes increased. MobileNet achieved the highest ac-
curacy among the models, with 94.50% accuracy for
100 dogs. Fig. 6 shows the training graph for Mo-
bileNet using the pre-trained model on our dataset.

3.2 Experiment 2: Dog re-identification using
image verification approach (Contrastive
Learning)

In this study, we investigate the effectiveness of
our proposed contrastive model as feature encoders
for dog re-identification using an image verification
approach. We evaluated the model’s performance un-
der three different scenarios: identifying unseen dogs
regardless of breed, breed-oriented dogs for hard neg-
ative samples, and a public dataset.

For the first scenario, we selected 200 unknown
dogs from the MVITdog dataset, disregarding their
breeds. The test set was split into 3 groups accord-

ing to the number of gallery and probe images for
each set. Table 2 shows the accuracy achieved by the
model in each set.

For the second scenario, the test sets were selected
from MVITdog under specific conditions to simulate
the verification of hard negative samples. We selected
breeds containing more than one dog, focusing on
pure breeds and excluding mixed breeds. This re-
sulted in a total of 79 dogs from 25 breeds. Within
this set, the test set was divided into 2 probe images
and 5 gallery images. Our proposed model generated
embeddings for each image and then calculated a sim-
ilarity matrix using cosine similarity for all probe and
gallery images. To demonstrate the model’s ability,
we focus solely on reidentifying dogs within their own
breeds. The top-1 accuracy, Fl-score, precision, and
recall are reported in Table 3. The confusion matrix
of each model is shown in Fig. 9a and Fig. 9b.

In the mixed-breed scenario (Table 2), the pro-
posed model achieved slightly lower accuracy than
DogNet (86.75% vs. 89.00% with 6 gallery im-
ages). In contrast, remaining comparable for dog
re-identification in this setting. However, unlike
DogNet, our model does not require retraining when
new dogs are introduced, which makes the approach
more scalable in practice. Recognizing dogs within
the same breed remains a more challenging problem.
In the hard negative scenario (Table 3), our model
achieved higher accuracy and normalized accuracy
than DogNet. The results show that our model can
detect and differentiate dogs from the same breed,
including challenging breeds such as Samoyed and
American PitBull Terrier. For example, Samoyed is
known to have the same color and furry coat, mak-
ing it difficult to correctly reidentify individuals, but
our model achieved 87.50% accuracy in dog identifi-
cation within Samoyed. Meanwhile, our model out-
performed DogNet’s 87.50% accuracy in reidentifying
American Pitbull Terrier, achieving a 100% accuracy
rate. Table 4 reports the accuracy of the misidenti-
fication breeds. In contrast, Fig. 10 shows sample
images of breeds where our model achieved higher
accuracy.

The improved results of ContrastiveDogID over
DogNet in the hard negative scenario can likely be at-
tributed to the contrastive learning framework, which
explicitly trains the model to distinguish between vi-
sually similar dog pairs. By incorporating a high pro-
portion of hard negative pairs, dogs from the same
breed, during training, the model is encouraged to
learn fine-grained facial features that capture indi-
vidual differences within a breed, rather than relying
primarily on coarse inter-breed distinctions.

Despite this improvement, certain breeds remain
challenging.  Samoyed and Australian Shepherd
showed lower identification accuracy, which is likely
related to three factors: (1) high intra-breed vi-
sual homogeneity, Samoyed dogs share a distinctively
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Table 1: Accuracy from 4 pretrained CNN models on different numbers of individual dogs.

Pre-trained Models

Number of dogs

25 50 (0] 100
InceptionV3 96.00%  94.00%  91.33%  91.00%
XCeption 98.00%  95.00%  94.00%  90.50%
VGG-16 96.00%  94.00%  92.67%  89.00%
MobileNet 96.00% 96.00% 94.67% 94.50%

Training and Validation Accuracy

(a) Training and validation accuracy

Training and Validation Loss

(b) Training and validation loss

Fig.8: Training and validation accuracy and Loss from the contrastive learning.

white, fluffy coat with limited facial variation. In
contrast, Australian Shepherds often exhibit similar
coat patterns across individuals; (2) the limited num-
ber of training images per dog (minimum 10 images),
which restricts the model’s ability to capture suffi-
cient within-dog variation; and (3) pose and illumi-
nation variation across the collected images.

Table 2: The dog re-identification accuracy on the
mized breed dataset.

(#Gallery, fProbe)

Methods 22 (52 (6
DogNet 78.50 87.00 89.00
ContrastiveDogID

(Proposed Model) 74.00  84.00 86.75

These failure cases are illustrated in Fig. 9 and Fig.
10. Representative misclassification patterns can also
be observed in the confusion matrices shown in Fig. 9,
which further highlight the difficulty of distinguishing
visually similar dogs within the same breed.

For the last scenario, we evaluate our model on
a public dataset, the Flickr dog dataset [14]. The
dataset contains 42 individual dogs from 2 breeds:
Pug and Siberian Husky. Our proposed model
demonstrated that it could generate their embedding
without retraining. The model achieved a top-1 ac-
curacy of 81.48%, with an Fl-score of 81.48%, a pre-
cision rate of 74.07%, and a recall rate of 81.48%.
It is worth noting that our model was trained solely
on the MVITDog dataset and evaluated on the Flickr
dog dataset without any retraining, i.e., in a zero-shot
generalization setting. Although a direct compari-
son with DogNet [7] (83.94%) is not straightforward,
since DogNet was explicitly trained on the Flickr dog

dataset, our model still achieved 81.48% without us-
ing any Flickr images during training. Furthermore,
our model outperformed the method of Moreira et al.
[14], which reported 66.90% on the same Flickr dog
dataset.

4. CONCLUSION

This paper presents an extended contrastive learn-
ing method for improving dog re-identification tasks.
Specifically, our focus is on enhancing the identifica-
tion of dogs within the same breeds, which are called
hard negative samples. Our approach involves using
contrastive learning with a binary cross-entropy loss
function to train feature representations on a limited
dataset. The trained model is then used to generate
feature embeddings for dog re-identification. Based
on our experiments, the proposed model achieved
96.83% accuracy on hard negative samples, outper-
forming the traditional multiclass DogNet (94.93%)
in same-breed dog re-identification. Furthermore, the
model generalized to an unseen public dataset (the
Flickr dog dataset) in a zero-shot setting, achieving
81.48% accuracy without retraining. This result is
comparable to DogNet (83.94%), which was trained
on that dataset, and higher than the result reported
by Moreira et al. (66.90%). These results could po-
tentially be applied to a broader range of applica-
tions. In summary, our experiments demonstrate the
potential of using contrastive learning to handle di-
verse datasets, distinguish dogs from the same breed,
and adapt to new data without retraining the model.
These advantages could be beneficial for further ap-
plications in the field.
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Table 3: The dog re-identification accuracy on hard negative samples.

Methods Precision Recall F1-Score Accuracy Normalized Accuracy
DogNet 96.20 94.94 94.93 94.93 96.95
ContrastiveDoglD g6 o 9584 0683  96.83 98.13

(Proposed Model)

Table 4: The top-1 accuracy for difficult breeds.
(Accuracy (%)

Breeds ContrastiveDogID
DogNet (Proposed Model)
Samoyed 75.00 87.50
AIngrlcaIl Pitbull 8750 100.00
Terrier
Australian Shepherd 86.36 90.90
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