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ABSTRACT
This study aimed to assess the effectiveness of using pre-trained models
to extract biometric information, specifically the dog breed and dog iden-
tity, from images of dogs. The study employed pre-trained models to ex-
tract feature vectors from the dog images. Multi-Layer Perceptron (MLP)
models then used these vectors as input to train dog breed and identity
classifiers. The dog breeds used in this study comprised two Thai breeds,
Bangkaew and Ridgeback, and 120 foreign breeds. For dog breed classifi-
cation, the results showed that, among the ImageNet classification models,
the pre-trained NasNetLarge model has the highest dog breed classification
accuracy (91%). The newly trained MLP model, which used feature vec-
tors obtained by NasNetLarge, achieved higher accuracy at 93%. For dog
identification, the results showed that, without data augmentation, the
pre-trained ResNet50 model had the highest dog identification accuracy
(75%). However, with data augmentation, MobileNetV2 could achieve a
higher accuracy of 77%. When evaluating the identification performance of
each breed, it is important to note that pugs achieved the lowest identifica-
tion rate at 57.4%. Conversely, Bangkaew dogs demonstrated outstanding
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performance, with the highest identification rate at 98.6%.
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1. INTRODUCTION

Stray dogs are a widespread and ongoing issue in
Thailand and other countries. This issue stems from
the rising number of dogs raised by owners who lack
adequate knowledge of responsible dog care. As a re-
sult, dogs end up abandoned in public areas or get
lost without a way to reunite them with their owners
due to missing information about the dog.

Usually, identifying a dog’s identity-related infor-
mation relies on invasive methods such as collars, mi-
crochips, or GPS tags. However, these methods can
be relatively expensive and are susceptible to loss or
damage. A more efficient and non-invasive solution
is to utilize an image classification system that can
extract this information directly from dog images.

As such, we conducted this study to evaluate the
effectiveness of utilizing pre-trained CNN models for
identifying dog breeds and individual dogs from im-
ages. In particular, these pre-trained models were

employed as feature extractors to derive feature vec-
tors from dog images. Then, these feature vectors
served as input to the Multi-Layer Perceptron (MLP)
models, enabling the classification of dog breeds and
identities. The dog breeds used in this study com-
prised two Thai breeds, Bangkaew and Ridgeback, as
well as 120 other foreign breeds. Specifically, we con-
ducted the first study to examine the classification
performance of dog breeds (considered as one type
of soft biometric information) from dog images. The
dataset used in this study comprised 20,949 images
with 122 breeds from the Stanford Dogs dataset and
two Thai breeds locally collected from four Thai dog
farms. In this study, the pre-trained CNNs models
used to extract feature vectors from dog images were:
Xception [1], VGG16 [2], ResNet50 [2], InceptionV3
[3], MobileNetV2 [4], and NasNetLarge [5]. In partic-
ular, we studied the efficacy of the pre-trained Ima-
geNet classification models. In addition, we also stud-

I The author is with Information and Communication Technology Center, Department of Livestock Development, Bangkok,

Thailand, E-mail: nattakan.t@dld.go.th

2 The author is with Department of Computer Science, Srinakharinwirot University, Bangkok, Thailand, E-mail: na-

pasa@g.swu.ac.th
2 The corresponding author: napasa@g.swu.ac.th



Dog Breed Classification and Identification Using Convolutional Neural Networks 555

ied the breed classification performance of a newly
trained MLP model using feature vectors from the
pre-trained CNNs models.

In addition, we conducted the second study to ex-
amine the classification performance of dog identity
(considered as hard biometrics information). The
dataset used in this study comprised 500 images of
62 dogs from 4 breeds (Husky, Pug, Bangkaew, and
Ridgeback). In this experiment, a dog face was first
detected from dog images using the DLLIB Library.
VGG16, ResNetb0, InceptionV3, MobileNetV2, and
NasNetLarge, as well as two VGGFace models[6] (the
pre-trained models trained for the human facial recog-
nition task were then used to extract feature vectors
from these dog face images. MLP model then used
these feature vectors as input to classify the dog iden-
tities. In particular, we also investigated the benefits
of using data augmentation for training the dog iden-
tification model.

In particular, our study provided the following dis-
tinctive contributions:

1) Inclusivity of Thai Local Breeds: We introduced
Thai local dog breeds into this study, bringing a novel
dimension to the research. These breeds may possess
unique characteristics that previous studies have not
investigated.

2) Exploration of CNN pre-trained Models for Face
Identification: This study investigated the use of
CNN pre-trained models trained for the human face
identification task on the dog face identification task.
This insight can shed some light on their suitability
and performance in this specific context.

3) Breed-Specific Identification Performance: In
contrast to earlier research that has not offered com-
prehensive insights, our study presented detailed
identification performance of each dog breed through
several performance metrics.

Finally, we propose combining a high-performance

Side View

model for identifying dog breeds with a diverse dog
identification model designed to recognize different
dog breeds. This strategy aimed to enhance the ac-
curacy and reliability of dog identification.

Figure 1 depicts the overview of the proposed sys-
tem. In the initial step, a dog image was acquired
from frontal and side angles, ensuring clear visibility
of the dog’s face and body without obstructions (or
shadows) and in optimal condition. Images captured
from the side angle are employed for dog breed clas-
sification, while those taken from the frontal angle
undergo dog identification. For the latter, the system
first detected the face from a dog image, to use as the
input for subsequent processing.

The organization for the rest of this paper was as
follows. Section 2 provides related literature on breed
classification using deep learning models. Then, the
dataset used in this study, including data collection,
preprocessing, and augmentation techniques, was de-
scribed in Section 3. Section 4 described the exper-
imental setup, evaluation metrics, and the results of
the dog breed classification and identification exper-
iments using different pre-trained models. Finally,
Section 5 discussed the findings and future directions
for enhancing the performance of dog breed classifi-
cation. In addition, we suggested dog identification
models using deep learning techniques.

2. LITERATURE REVIEW

Using CNN models for image classification has be-
come popular due to its effectiveness and efficiency.
Moreover, with various pre-trained models such as
VGG, ResNet, and Inception, one can develop an im-
age classification system without an extensive dataset
to train the network. As such, numerous studies have
proposed using pre-trained models for various image
classification tasks, including the classification of dog
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Fig.1: Structure of an LSTM unit.
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images.

For dog identification, Kenneth et al.[1] have pro-
posed a system that utilizes soft biometrics (breed,
height, and gender) in combination with hard biomet-
rics” (facial features) to identify the dog’s identity.
Their work studied the efficacy of various pre-trained
CNNs for this task. The results revealed the high-
est accuracy in identifying breeds was 90.80% and
91.29% when utilizing the Xception model to sepa-
rate dogs into two breeds on two different datasets.
When using the dog identification network with soft
biometrics, the system reached 84.94% identification
accuracy.

For dog breed classification, previous work con-
ducted by Weerasekara et al.[7] aimed to classify dog
breeds using dog faces as input to convolutional neu-
ral networks (CNNs) and a shift-invariant neural net-
work (STANN) to extract image features. Their study
gathered dog images from various sources, including
Google and other websites, resulting in 2,500 images
from 320 dogs. The results showed that the breed
classification performance was over 90%. In addition,
previous work conducted by Varshney et al. [7] pro-
posed a model for classifying dog breeds on the Stan-
ford dataset, which consists of 20,580 images of 120
dog breeds. In this work, pre-trained models used
to extract prominent features included InceptionV3
and VGG16. The results showed an accuracy of 85%
and 69%, respectively, with InceptionV3 outperform-
ing VGG16 due to differences in their deep learning
layers. Another research by Venkata et al. [8] com-
pares three dog breed classifiers based on three types
of Convolutional Neural Networks (CNNs): the first
one was the model trained from scratch, the second
one was the pre-trained VGG16 dog breed classifier,
and the third one was to use pre-trained InceptionV3
to extract feature vectors and built a model to classify
dog breed classification model from a dataset of 8,351
images of 133 breeds. The results revealed that the
CNNs created from scratch achieved an accuracy of
10.89%, the VGG16 attained an accuracy of 36.60%,
and the newly built model using feature extraction
from InceptionV3 attained an accuracy of 87.42%.

3. DATASET

Three datasets used in this research were foreign
dog breeds from the Stanford Dogs and Flickr-dog
datasets and Thai dog images from four farms in
Thailand. Details of datasets used in each experi-
ment were as follows. Figure 2 depicts dataset usage.

3.1 Dog Breed Classification

We performed this experiment on 20,949 dog im-
ages. In particular, there were 122 breeds, with a
minimum of 140 images for each breed. We gath-
ered all the images from two sources. Details were as
follows:

y 20,580 images 120 breeds

Dog Breed
Classification |

20949 images |
Identification

IZZhreeds// Ay
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Fig.2: Three datasets and their usage in dog breed
classification and dog identification experiments.

1) Foreign dog breeds: These images were from
the Stanford Dogs Dataset [9], consisting of 20,580
images with 120 breeds. Each breed had at least 140
images. Notably, all images in the dataset showed the
whole body of the dogs.

2) Thai dog breeds (Thai’s Dog Dataset): These
images were collected from four farms in Thailand,
totaling 369 images, representing two distinct breeds:
Bangkaew (186 images) and Ridgeback (183 images).
Notably, all images in the dataset display the whole
body of the dogs. Table 1 reports a summary of these
details

3.2 Dog Identification and Detection of Dog
Faces

We performed this experiment on 500 images from
62 dogs. We gathered all the images from two sources.
Details were as follows:

1) Foreign dog breeds: These images were from
the Flickr-Dog Dataset [10] consisting of 374 images
of 42 dogs (at least five images for each dog) of the
Husky and Pug breeds. Note that, in this dataset,
dog images labeled by their names showed only the
faces of the dogs.

2) Thai dog breeds (Thai’s Dog dataset): These
images were from 4 farms in Thailand consisting of
126 images of 20 dogs (at least five images for each
dog). These 20 dogs were 10 Bangkaew and 10 Ridge-
back. In this dataset, dog images labeled by their
names showed the whole body of the dogs.

As such, in this dataset, we first applied face de-
tection to crop faces from dog images. This operation
is to retain only the facial region for subsequent pro-
cessing. Additionally, considering the limited number
of images available per dog, we have applied augmen-
tation techniques to generate a more diverse set of
images.
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Table 1: Summary of Thai Dog Dataset.

Breed # images Reference
Bangkaew 186 Kamolchaibangkaew
Ridgeback 183 Barommasuk Farm,
Damrongthai, and Thai
Ridgeback Muang
Non-TRD

4. EXPERIMENTAL RESULTS

The experiments to assess the effectiveness of using
pre-trained models to extract biometric information
from dog images included two classification tasks: 1)
dog breed classification and 2) dog identification. De-
tails of each experiment and respective results are as
follows.

4.1 Dog-breed classification

Dog-breed classification is the task of predicting
the dog-breed based on its image. The datasets used
in this experiment are from the Stanford dogs and
Thai datasets without modification. The datasets
contained images of the whole body of dogs taken
from the front or the side view without obstructions
or shadows.

4.1.1 Evaluation matrix

Evaluation metrics used in assessing the perfor-
mance of the models for dog breed classification in
this study are the following.

Great_Dane

Norfolk terrier Sealyham_terrier beagle

Stanford Dogs Dataset

Flickr-DogDataset

1) Accuracy is a classification performance metric
for measuring the overall accuracy or performance of
the model. The formula is as follows:

TP+TN (1)
TP+FP+TN+FN

where TP denotes the number of true positive sam-
ples, FP denotes the number of false positive samples,
TN denotes the number of true negative samples, and
FN denotes the number of false negative samples.

2) Precision is a classification performance metric
for measuring the proportion of correctly predicted
positive samples among the instances predicted as
positive. The formula is as follows:

Accuracy =

TP
Precision = ———— 2
recision = oo p (2)
3) Recall is a classification performance metric for
measuring how well a model can identify all positive
samples out of the total number of positive samples.
The formula is as follows:

TP
Recall = ——— 3
eca Tp T FN (3)
4) F1-Score is a classification performance metric
in predicting a particular class (Positive or “True”).
The formula is as follows:

2 x Precision x Recall
F1-8 = 4
core Precision + Recall (4)

ThaiDataset

Fig.3: FEzxamples of images from each dataset.
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Fig.4: Dog breed classification process with a pre-trained CNN model as the feature extraction and a newly

trained classifier.
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4.1.2  The proposed model

The methodology involved the following steps:

1) Feature extraction was performed on each dog
image using six selected CNN models trained from the
ImageNet dataset with for object recognition task.
These are Xception, VGG16, ResNet50, InceptionV3,
MobileNetV2, and NASNetLarge.

2) A classifier was trained using an MLP model.
In particular, the model consists of 10 layers. This
model takes the feature vector as input to calculate
the probability of a dog in the image being each dog
breed. We reported details of these layers in Table 2.

Table 2: Classifier for dog breed classification.

Layer Description
1 GlobalAveragePooling2D
2 Flatten
3 Dense 512, activation = Relu
4 Dropout 0.4
5 Dense 256, activation = Relu
6 Dropout 0.4
7 Dense 128, activation = Relu
8 BatchNormalization
9 Dropout 0.4
10 Dense n_classes, activation = Sigmoid

We divided the dataset into training and testing
sets, with 85% allocated to the training set and 15%
to the test set. In particular, we set the loss function
as sparse categorical_crossentropy, the optimizer as
adam, and the evaluation metric as accuracy. The
training continued for 40 epochs, with each round of
training using a batch size of 128.

4.1.3 Experiment results

In this experiment, we evaluated the performance
of pre-trained models for extracting a feature vector
in conjunction with a newly trained MLP model for
the dog breed classification task. In addition, we also
evaluated the performance of the pre-trained classi-
fiers from the ImageNet dataset for the object recog-
nition task (denoted as full layer model), which also
included 120 dog breed classes. Table 3 reported
the results. In particular, there were two settings
for dataset usage: SF only, which included only the
Stanford Dogs Dataset, and SF + Thai, which in-
cluded both Stanford Dogs and the Thai Dataset, di-
vided into four experimental protocols. The analysis
of these results was as follows:

1) Comparing the pre-trained breed classification
models (full layer) with the Stanford dataset, the
model with the lowest accuracy was VGG16 (at 74%
accuracy ), whereas the model with the highest accu-
racy was NasNetLarge (at 92% accuracy).

2) Comparing the original pre-train models (full
layer) for breed classification with both the Stanford
dataset and the Thai dogs, the model with the low-
est accuracy was VGG16 (at 72% accuracy), and the

model with the highest accuracy was NasNetLarge
(at 91% accuracy).

Table 3: Dog breed classification performance.

Dataset Model T;:l cif‘ura’;grst Precision | Recall ‘ SI;;;e
Full Layers
VGG16 0.74 0.74 0.72 0.73
ResNet50 0.78 0.78 0.76 0.77
Sf MobileNetV2 0.83 0.82 0.81 0.82
only InceptionV3 0.89 0.88 0.87 0.87
Xception 0.89 0.88 0.87 0.87
NasNetLarge 0.92 0.9 0.9 0.9
VGG16 0.72 0.72 0.71 0.71
ResNet50 0.77 0.75 0.75 0.75
Sf + MobileNetV2 0.82 0.8 0.8 0.8
Th InceptionV3 0.88 0.85 0.86 0.85
Xception 0.87 0.85 0.86 0.85
NasNetLarge 0.91 0.88 0.89 0.88
Pre-train Models with a newly trained classifier
VGG16 0.87 0.60 0.62 0.60 0.59
ResNet50 0.92 0.67 0.69 0.67 0.66
Sf MobileNetV2 | 0.96 0.77 0.78 0.77 0.77
only InceptionV3 0.94 0.89 0.89 0.89 0.89
Xception 0.96 0.88 0.89 0.88 0.88
NasNetLarge | 0.98 0.93 0.94 0.93 0.93
VGG16 0.88 0.61 0.63 0.60 0.60
ResNet50 0.93 0.66 0.68 0.66 0.65
Sf + MobileNetV2 | 0.96 0.77 0.78 0.76 0.76
Th InceptionV3 0.94 0.89 0.89 0.88 0.88
Xception 0.97 0.87 0.88 0.87 0.87
NasNetLarge 0.98 0.93 0.93 0.93 0.93

3) Comparing pre-trained models for feature ex-
traction on the Stanford dataset along with the new
classification, we obsered that the model with the low-
est accuracy was VGG16 (at 61% accuracy), and the
model with the highest accuracy was NasNetLarge
(at 93% accuracy).

4) Comparing pre-trained models for feature ex-
traction on both the Stanford dataset and Thai Dogs,
in conjunction with a newly trained classifier, the
model with the lowest accuracy was VGG16 (60%),
and the model with the highest accuracy was Nas-
NetLarge (93

In addition, we observed that a newly trained clas-
sifier with NasNetLarge achieved the highest accu-
racy for classifying Thai and foreign dog breeds with
the highest accuracy. This NasNetLarge model pre-
dicted all classes with 100% accuracy, and the class
with the lowest accuracy was Class 80 or collie, with
only 16 out of 23 images predicted correctly. For
Thai dog breeds, NasNetLarge correctly predicted 50
out of 52 images (94%). In comparison, the VGG16
model had the lowest accuracy in all experiments.

4.2 Dog identification

The dataset used in this experiment is divided
based on individual dog names and is sourced from
the Flickr-Dog Dataset and the Thai Dataset. Due
to the limited data available in the dataset, we also
performed image augmentation on these images to in-
crease diversity and improve the model identification
performance. Table 5 reported augmentation param-
eters used in this experiment. Note that after the
augmentation, the dataset increases from 500 images
to 3,500 images in total.
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Table 4: The prediction characteristics of each model..

Models Prediction
The best prediction results The common mistakes
VGG16 The model predicted Class 1 (Japanese_spaniel) In Class 50 (silky_terrier), out of 27 images, the model predicted
correct 26 images out of 28. three as Class 36 and 13 as Yorkshire_terrier.
ResNet50 The model predicted Class 120 (Thai_Bangkaew) In Class 29 (American_Staffordshire_terrier), out of 25 images,
correct 27 images out of 28. the model predicted five as Class 28 and nine as

Staffordshire_bullterrier.

MobileNetV2 | The model predicted Class 9 (Afghan hound) correct | In Class 80 (collie), out of 23 images, the model predicted three as
34 images out of 36. The model also predicted Class Class 79 and predicted six as Shetland_sheepdog.

23 (Norwegian_elkhound) correct 26 images out of 29.

InceptionV3 | The model predicted 18 classes correctly. In Class 97 (Eskimo_dog), out of 22 images, the model predicted
seven as Class 99 and predicted 12 as Siberian_husky.

Xception The model predicted 23 classes correctly. In Class 80 (collie), out of 23 images, the model predicted nine as
Class 81 and seven as Border_collie.

NasNetLarge | The model predicted 40 classes correctly. In Class 97 (Eskimo_dog), out of 23 images, the model predicted

six as Class 99 and 16 as Siberian_husky.

Table 5: Summa/r'y Of Data Augmenta/tion Parame- detected bOunding box and resized it to 250x 250 piX-

ters. els.
Parameters Value

rotation_range | 45
shear_range 0.3

2) We extracted the feature vector of each face im-
age using the seven pre-trained models. The training
soom range | 0.2 dataset and task for five models was the ImageNet
horizontal flip | True dataset for the object recognition task. These are
horizontal flip | (0.3, 1.8) the ResNet50, VGG16, MobileNetV2, InceptionV3,
and NasNetLarge models. In addition, the train-
ing dataset and task for two additional models were
4.2.1 Evaluation matrix the VGG face dataset for the human face recognition
task. We denoted these models as VGG-face (VGG)
and VGG-face (ResNet50) according to their model
architectures. The use of these pre-trained models
trained from two distinct classification tasks was to
compare the dog face identification performance of
these models.

Evaluating its performance using the same metrics
as for classifying dog breeds, with a focus on precision
and recall to prevent misidentification, which could
cause harm to the dog or society.

In addition, we also measured top-k accuracy (the
identification accuracy when the classifier returns the

top-k classes with the highest probabilities) in this 3) We then trained an MLP for a dog identifica-
experiment. tion task. In particular, an MLP model consists of 6

layers that take a feature vector extracted from a pre-
4.2.2  The proposed dog identification process trained model as input and output the dog identity

. . . . . class. Table 6 reports details of these layers.
The process for dog identification begins with dog

face detection to crop face image from whole body dog

image. We utilize each dog face image as input for Table 6: Doy identity recognition model.

the pre-trained model to extract the feature vector. Layer Process
We then use these feature vectors to train a multi- 1 GlobalAveragePooling2D
layer perceptron classifier for dog identification tasks. 2 flatten
Details for each step are as follows: 3 dropout 0.8
1) For detecting dog face area from dog images, 4 Densel00, activation = Relu
we used Dlib Library v19.4 and OpenCV 3.3.0 [11]. 5 | dropout 0.4
6 dense n_classes, activation = sigmoid

Then, we cropped each dog image according to the

Dataset

.——o Face Detection

. ) Train
Traning set — Augmentation
New MLP q
Classification Layer, Testi ng ReSUIt
Testing set — Augmentation -

Fig.5: The process of dog identification experiment. Here, face detection was exclusively applied to the dog
images from the Thai dataset, as the images from the Flickr-Dogs dataset inherently focused solely on the
facial region..

Breed
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For training the model, the dataset was divided
into a training set consisting of 85% of all sam-
ples (with 80% training and 20% validation set),
and a test set consisting of the remaining 15%.
Then, to increase image variety, we augmented im-
ages in each set separately to prevent data leakage
from one set to another. We set the loss function
as sparse_categorical_crossentropy, the optimizer as
adam, and the evaluation metric as accuracy. The
training continued for 200 epochs, with each round of
training using a batch size of 258.

4.2.3 Experiment result

In this experiment, we compared the performance
of CNN models to extract image features in conjunc-
tion with a multi-layer perceptron classifier for the
dog identification task. In addition, we investigated
the effectiveness of using data augmentation to in-
crease the quantity and diversity of training samples.
Table 7 reports the results of this experiment. The
analysis of these results was as follows:

1) The comparison of pre-trained models for fea-
ture extraction and new classification using the
dataset without data augmentation showed that
the model with the lowest accuracy was VGG16
(0.5%) and the model with the highest accuracy was
ResNet50 (75%).

2) The comparison of pre-trained models for fea-
ture extraction and mnew classification using the
dataset with data augmentation showed that the
model with the lowest accuracy was VGG16 (2.3%),
and the model with the highest accuracy was Incep-
tionV3 (78%). This performance was higher than the
accuracy obtained from the dataset without data aug-
mentation. Upon further examination, we observed
that, for each pre-trained model, the top-3 and top-5
accuracies were higher than the top 1 accuracy. This
observation implied that the correct classification for
each sample could fall within the top 3 or top 5 pre-
dicted classes, highlighting the potential usefulness of
considering multiple predictions when analyzing the
results of these models.

In addition, one can observe that VGG16 and
ResNet50 models trained on the VGGFace dataset for
the human face recognition task result in lower accu-
racy for dog face recognition than models trained on
ImageNet for object recognition tasks. This observa-
tion implied that the features learned by the mod-
els from the VGGFace dataset are more optimized
for human face recognition rather than for recogniz-
ing other objects, such as dogs. This discrepancy
may arise due to the nature of the datasets; the VG-
GFace dataset contains only human faces, while the
ImageNet dataset contains a wide variety of objects,
including animals. As a result, when we used the
VGG16 and ResNet50 models trained on the VG-
GFace dataset for dog face recognition, they may not
be able to extract relevant features from the images

of dog faces as effectively as the models trained on
the ImageNet dataset.

Table 7: Dog identification for performance FEach
CNN Model.

Model Train Acc|Test Acc [Top3 Acc|Top5 Acc|Precision| Recall ‘ ﬂi;;e
Raw Data 500 Images, 62 Dogs, 4 Breeds

MobileNetV2 0.8 0.71 86.7% 94.7% 0.62 0.68 0.63
InceptionV3 0.78 0.65 90.7% 97.3% 0.61 0.65 0.61
NASNetLarge 0.87 0.72 92% 97.3% 0.64 0.69 0.65
VGG16 0.04 0.05 13.3% 21.3% 0.01 0.03 0.01
ResNet50 0.8 0.75 86.7% 93.3% 0.66 0.73 0.68
VGGFace

26.7% 9
(VGG16) 0.08 0.15 26.7% 41.3% 0.04 0.09 0.05
VGGFace o o
(ResNet50) 0.83 0.61 89.3% 93.3% 0.54 0.59 0.55

Raw Data 500 Images, 62 Dogs, 4 Breeds

MobileNetV2 0.82 0.77 92.2% 96.8% 0.77 0.77 0.74
InceptionV3 0.79 0.78 93.1% 97.7% 0.77 0.77 0.76
NASNetLarge 0.89 0.74 88.6% 94.% 0.71 0.72 0.7
VGG16 0.16 0.23 48.3% 65.-% 0.13 0.19 0.13
ResNet50 0.86 0.76 85.7% 93.1% 0.73 0.75 0.73
VGGFace o , 5
(VGG16) 0.17 0.28 52.1% 67.6% 0.19 0.22 0.17
VGGFace o o
(ResNet50) 0.76 0.54 81.9% 88.4% 0.56 0.52 0.51

Then, we examined the identification performance
for each dog breed, and reported the results in Ta-
ble 8. Notably, we observed that the Pug breed
consistently exhibits the lowest identification perfor-
mance in both experiments for all models, except for
VGG16, with average F1 scores ranging from 0.07
to 0.59. This observation underscored the challenges
associated with accurately identifying this particular
breed. Furthermore, it’s worth highlighting that Mo-
bileNetV2 is the top-performing model for the Pug
and Husky breeds. On the contrary, InceptionV3
excels in identifying the Bangkaew and Ridgeback
breeds, especially when we trained the models using
augmented images in addition to the original ones.

Table 8: Dog identification performance for each
CNN model and dog breed.

Mobile | Ince INASNet [, . . Resnet VGG VGG

Breeds | Measure NetV2 rion\},?: Large IV(r(,IG ‘ 50 (f::f;fs) (Rf:'ifsn)

Raw 500 images from 62 Dogs - 4 Breeds
Husky | Flscore 0.7 0.72 0.7 0 0.83 0.072 0.56
Recall 0.76 0.76 0.74 0 0.85 0.14 0.62
Precision 0.68 0.71 0.68 0 0.83 0.06 0.54
Pug Flscore 0.54 0.37 0.51 0.03 0.48 0.07 0.39
Recall 0.57 0.41 0.55 0.08 0.55 0.13 0.4
Precision 0.58 0.4 0.51 0.03 0.44 0.05 0.4
Bang Flscore 0.51 1 0.87 0 0.62 0 0.87
kaew Recall 0.6 1 0.9 0 0.7 0 0.9
Precision 0.48 1 0.85 0 0.58 0 0.85
Ridge Flscore 0.77 0.52 0.64 0 0.87 0 0.53
back Recall 0.8 0.6 0.7 0 0.9 0 0.6
Precision 0.75 0.48 0.6 0 0.85 0 0.5
Total |Avg Fl-score| 0.63 0.65 0.68 0.01 0.7 0.04 0.59
500  [Avg Recall 0.68 0.69 0.72 0.02 0.75 0.07 0.63
images [Avg Precision| 0.62 0.65 0.66 0.01 0.68 0.03 0.57
Raw and augmented 3,494 Images from 62 Dogs, 4 Breeds

Husky Flscore 0.87 0.84 0.79 0.09 0.85 0.2 0.56
Recall 0.9 0.85 0.81 0.15 0.87 0.27 0.59
Precision 0.88 0.85 0.8 0.08 0.86 0.2 0.62
Pug Flscore 0.59 0.53 0.47 0.14 0.45 0.11 0.4
Recall 0.61 0.55 0.51 0.18 0.51 0.16 0.41
Precision 0.61 0.53 0.47 0.17 0.43 0.1 0.42
Bang Flscore 0.85 1 0.97 0.22 0.94 0.21 0.72
kaew Recall 0.87 1 0.97 0.31 0.94 0.2 0.71
Precision 0.92 1 0.98 0.18 0.96 0.35 0.78
Ridge Flscore 0.67 0.83 0.72 0.08 0.82 0.19 0.4
back Recall 0.73 0.83 0.73 0.14 0.83 0.27 0.41
Precision 0.72 0.86 0.78 0.08 0.86 0.21 0.49
Total Avg Fl-score| 0.75 0.80 0.74 0.13 0.77 0.18 0.52
3,494 |Avg Recall 0.78 0.81 0.76 0.20 0.79 0.23 0.53
images |Avg Precision 0.78 0.81 0.76 0.13 0.78 0.22 0.58
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Dog identification confusion matriz for Pug breed using MobileNet V2.
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0

39 |cross breed

0.71

0.57
0.21

0.57

38

0

029 0.29

37

0

33

0.57] 0.21

32

0.14

0

31

29

0.29

27

26

Prediction ID
24

23

22

0

0.29
0.14

13

12

0.14

0.07[ 0.21

0

0

0

0.29

2
1.00

0.07[ 0.29

0.14

0

True label

12
13

22
23
24

26
27
29
31

32

33

37

38

39
Crossbreed|

Confusion Matrixz for Husky breed from dog identification using MobileNet V2.
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Dog identification’s confusion matrix for Bangkaew breed using Inception V3.
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Dog identification’s confusion matriz for Ridgeback breed using InceptionVs.
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The confusion matrices for identifying dogs in each
dog bread of each model are also presented in Ta-
bles 9-12. The results indicate that the Pug breed
presents the most significant challenge for the Mo-
bileNet V2 model. In particular, the models can iden-
tify only six dogs with a 100% identification rate. In
addition, we noticed that the inaccurate identifica-
tion results spread among other dogs within the same
breed. Regarding the other three breeds, the models’
accuracy in identifying dogs is over 80%. Notably,
the Bangkaew breed achieved a 98.6% identification
rate, followed by the Ridgeback and Husky breeds.

5. CONCLUSION

This study assessed the effectiveness of using pre-
trained models to extract biometric information,
specifically the dog breed and dog identity, from im-
ages of dogs.

For dog breed classification, the results suggested
that creating a new classification layer specific to the
task led to higher accuracy rates. In particular, the
NasNetLarge model with the newly trained classifier
achieved the highest accuracy at 93%.

In the process of dog identification, the result
shows that using data augmentation to increase the
quantity and diversity of the data can slightly im-
prove the model’s performance. Therefore, increas-
ing the number of images and adding more augmen-
tation techniques, such as more than six different
types, could lead to higher recognition performance
of the model. In addition, the study observed that
VGG16 and ResNeth0 models trained on the VG-
GFace dataset for human face recognition resulted
in lower accuracy for dog face recognition compared
to models trained on the ImageNet dataset for object
recognition. This finding highlights the importance
of using datasets specifically tailored to the task at
hand when training machine learning models, as the
features learned by the models can significantly affect
their ability to classify data accurately.

When considering Thai dogs for dog breed classi-
fication and identification, the study showed that the
model could provide a relatively high accuracy rate of
over 90% for both Thai dog breed classification and
Thai dog breed identification.

Furthermore, since various dog breeds possess
unique physical characteristics that influence their vi-
sual appearance, employing a model tailored to rec-
ognize these distinct features can significantly en-
hance the accuracy of dog identification, as demon-
strated in the experiment. Therefore, combining
a high-performance dog breed classification model
with a heterogeneous dog identification model specif-
ically designed to handle different dog breeds can
lead to more accurate and reliable dog identifica-
tion. This model would be helpful in applications
such as pet registration, animal shelters, and veteri-
nary medicine.
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