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Abstract 
 
Recognition of specific types of objects and entities in images has been among the research interests for a long time. In animal species 
recognition in still images, horse breeds identification has not yet been investigated. In this paper, the identification of horse breeds in natural 
scene images is addressed. Since a publicly available horse breed dataset of images was not found, a dataset is collected by searching on the 
Internet. The dataset contains 1693 images of 6 horse breeds. Deep learning methods, specifically Convolutional Neural Networks (CNNs) are 
dominant approaches today, especially for classifying objects in natural scenes. In this work, Transfer Learning of well-known deep CNN 
architectures, pre-trained on the ImageNet dataset and fine-tuned on the proposed dataset, is used as the method of choice. Here VGG 
architectures with 16 and 19 layers, InceptionV3, ResNet50, and Xception are applied as the pre-trained CNN classifiers. The average 
classification accuracy of ResNet50, the most accurate classifier on the collected dataset, is 95.90 which provides a baseline for further research 
in the field of horse breed recognition. The results are investigated to specify which horse breed is similar to which, from the perspective of a 
CNN. 
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1. Introduction 
 
Recognition and classification of specific types of objects, 
such as vehicles [1], faces [2] and plant leaves [3], has been 
very important research topic in recent decades and has 
attracted many research attention. Although classification of 
animal species such as fish [4] and bird [5], and detection of 
horses in images [6] have been studied in the literature, 
classification of horse breeds in images, has not yet been 
considered. If a horse's registration papers are not provided or 
the animal's parentage is not surely found, educated guessing 
is needed to determine his breed. If one has familiarity with 
the basic body types and other characteristics of well-known 
breeds, he can probably figure out which ones contributed to 
the horse's ancestry. To do this, various characteristics might 
be considered, including horse types such as stock types, hot-
bloods, warm-bloods, draft, ..., Tattoos and Brands, and DNA 
features [7]. However, even the most experienced horse 
people and equine vets might mistake a horse's breed if the 
horse in question doesn't share obvious traits of his lineage or 
resembles another breed entirely. In this context, providing an 

image based tool based on image processing and 
understanding methods can be very helpful.   

The human visual system efficiently classifies images based 
on the existence of specific objects even within cluttered 
scenes. But for artificial systems, however, this is still difficult 
due to the viewpoint-dependent object variability, and the high 
inter-class variety of many object types. Identification of 
objects in natural scenes has been a driving motivation for 
research in computer vision for many years.  

The recent advance in object recognition has allowed 
recognition to scale upwards from a few object instances in 
controlled setups towards hundreds of target categories in 
arbitrary environments. This improvement has been gained by 
the development of robust local image features such as SIFT 
[8],  HOG [9] and deformable part models [10]. Another 
important factor has been the development of increasingly 
large and natural image datasets providing various object 
categories for training and testing, specifically ImageNet [11] 
and JFT [12]. 

Bag of Features (BoF) method [8] is one of the widely used 
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approaches to use local features, densely extracted from each 
image, to aggregate and encode them as high-dimensional 
vectors, and feed the latter to a classifier, e.g. an SVM. 
Although this method has been proven to be effective but has 
some difficulties. Feature Hand-crafting is cumbersome and 
the devised features often sensitive to the view perspectives 
and some appearance cues of objects. BoF method discards 
the spatial information of objects in their histogram 
representation. Furthermore, the handcrafted features and the 
capacity of classifiers to differentiate feature information 
affect the ability of learning algorithms to train the 
classification models. A horse’s body has a non-rigid shape 
and different sizes that vary greatly among breeds, and 
therefore it is much more complex to model than rigid objects. 
Illumination and lighting conditions also affect the image 
features. 

Deep learning methods, specifically Convolutional Neural 
Networks (CNNs), are dominant approaches today, especially 
for classifying objects in natural scenes. Using CNNs, which 
are inspired by the layered structure of mammalian visual 
cortex [13], feature representations can be learned 
automatically without the need for hand-engineered features 
and descriptors. CNNs have recently shown outstanding 
image classification performance in the large-scale visual 
recognition challenges (ILSVRC) [14-16]. The success of 
CNNs is attributed to their ability to learn rich midlevel image 
representations as opposed to hand-designed low-level 
features used in other image classification methods. Learning 
CNNs, however, needs to estimating millions of parameters 
and often requires a very large number of annotated image 
samples. Transfer Learning [17] approach allows the weights 
of a deep network, trained on a large general purpose dataset, 
to be reused on a small dataset for a specific task. Although 
the pre-trained model already provides pretty good results on 
various tasks, these models can be fine-tuned on the desired 
dataset to further improve the accuracy.  

In this paper, deep CNNs with Transfer Learning are used to 
recognize horse breeds in natural scenes. First, a dataset of 
horse breeds images is collected from Internet, and well-
known CNN architectures, specifically VGGnet [15] with 16 
and 19 layers, InceptionV3 [18], ResNet50 [16] and Xception 
[19], all pre-trained on the ImageNet dataset, are fine-tuned 
and applied to classify these images. The dataset consists of 6 
class of horses each contains between 270 and 300 images, in 
total 1693 color images, collected using Google search engine. 

The training of a deep CNN architecture for horse 
classification with such a small dataset is prone to overfitting. 
Two well-known methods to deal with this challenge are data 
augmentation [20] and Dropout [21] technique applied inside 
CNN architectures. Here the augmentation method is applied. 
Because, the images of the dataset are multi-sized, they are 
simultaneously resized and augmented to use in the CNNs. For 
augmentation, three cropped versions of each image are 
extracted (top-middle-bottom or left-middle-right, if the 
image is wide or tall, respectively). The average classification 
accuracy of the best model tested on the horse breeds dataset, 
ResNet50, is 95.90%, which can be used as a baseline for 
further research. 
 

2. The Dataset 
 
Unfortunately, no publicly available dataset of horse breed 
images was found for the purpose of this work, thus a dataset 
is collected using Google search engine. As the first version 
of the presented dataset, for the challenging problem of horse 
breed image classification, the breeds were selected such that 
they were easily classified by the human eye. Six well-
recognizable horse breeds are selected, including Akhal-Teke, 
American Paint, Belgian, Fjord, Shetland pony and Gypsy 
horses. This dataset can be further extended to include other 
types of horses and introduce more challenges to the problem. 
It must be noted that the selected images are just preview 

 

Figure 1: Samples of images in the dataset: (a) Akhal-Teke, (b) American Paint, (c) Belgian, 
(d) Fjord, (e) Shetland pony and (f) Gypsy.  
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version of the original ones, presented in the result pages of 
Google, thus they have a rather low resolution. However, 
high-resolution images in deep learning usually are not 
needed.  

A few physical characteristics of some types of horses, 
described in [22], are as follows. Akhal-Teke is a slim animal 
having sparse mane and tail, long muzzle, long and slim neck, 
narrow chest, long sloped shoulders, and straight legs. In 
color, Akhal-Teke is often a striking golden dun with a 
metallic sheen. The American Paint Horse has two major color 
patterns, Overo and Tobiano. The Overo rarely has white 
extending across the back between the withers and tail. Head 
markings are often bald, apron or bonnet-faced. The Tobiano 
usually has a head marked like a solid-colored horse and may 
have a blaze, stripe, star or snip. Spots are usually regular and 
distinct. The Belgian horses are large, powerful horses with 
willing temperaments. The coat is usually red or chestnut roan, 
but other colors occur. The head of the Belgian is light and 
expressive, somewhat squarish in shape. The legs are strong, 
lean, and sound, with some feather at fetlock. A sample image 
of each horse type is shown in Fig. 1. 

The CNN architecture used in this work has been pre-trained 
on the ImageNet dataset that includes millions of images from 
one thousand categories. Among them, there exist some 
pictures of horses and other similar animals as Fig. 2 shows. 

For further research on the dataset used in this work, one can 
check its download page [23]. 

  

3. Transfer Learning of Deep 
Convolutional Neural Networks 
 
A CNN architecture is a topology that specifies CNN 
characteristics such as the number of layers and neurons, input 
and filter sizes etc. Various architectures have been proposed 
to use in the object recognition tasks, such as LeNet [24], 
Alexnet [14] and VGGnet [15] and GoogLeNet [25]. These 
CNNs, except the first one, have been designed for recognition 
of common object types in a large number of colorful images, 
and are very deep (having 15 to more than 50 hidden layers, 
in contrast with “shallow” networks which have only 1 or 2 
hidden layers) thus require efficient GPU-based systems to be 
trained in a reasonable time. The pre-trained models of these 
architectures on the ImageNet dataset of 1000 object 
categories, nowadays have been provided by various deep 

learning frameworks such as Caffe [26], MatConvnet [27], 
Theano [28], TensorFlow [29] and Keras [30], and their 
learned information is ready to be transferred and used in other 
specific tasks such as medical image analysis [31] and plant 
leaf analysis [32-34]. 

The process of using pre-trained deep models on a different 
dataset is called transfer learning [17], where some end parts 
of architectures are retrained on the new training data. 
Specifically, when only the fully-connected layers are 
retrained, the process is called pre-training, and when some 
convolutional layers (usually the last block of the architecture) 
below the fully-connected layers are employed, it is called 
fine-tuning. Transfer learning does not need a huge amount of 
data and saves a lot of time [17]. 

For transfer learning, the results of  VGGNet [15] with 16 and 
19 layers, Inception-v3 [18], ResNet50 [16] and Xception [19] 
architectures on the horse breed recognition task are 
compared. VGGNet and the original Inception architecture, 
GoogleNet [25], yielded similar high performance in the 
ILSVRC  2014, and ResNet won the first place of the 
challenge in 2016. The VGGNet architecture consists of 16 
and 19 convolutional layers (VGG16 and VGG19) and shows 
a significant improvement over prior models by using very 
small convolution filters in the architectures. The original 
Inception architecture GoogleNet combines the network-in-
network approach and the strategy of using a series of filters 
of different sizes to handle multiple scales. The Inception-v3 
is an improved Inception architecture which can be scaled up 
with high computational efficiency and low parameter count. 
ResNet is constituted of several stacked residual blocks. Each 
building block is constructed by a few convolutional layers 
with an identity connection. It lets each stacked layer fit a 
residual mapping while skipping connections carry out 
identity mapping. It is easier to optimize the residual mapping, 
rather than the original function. The architecture solves the 
degeneration problem: as stacking more layers, the accuracy 
gets saturated and then degrades rapidly. ResNet50 is the 50-
layer version of the network. Inspired by Inception, the 
Xception architecture is a stack of depth-wise separable 
convolution layers with residual connections [16]. The 36 
convolutional layers are structured into 14 modules, all of 
which have linear residual connections around them, except 
for the first and last modules. Xception is more like 
InceptionV3 in the number of parameters to train. 
 

 

Figure 2: Samples of horse images in Imagenet dataset. 
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4. Experiments and Results 
 
In this section, data preparation, experimental setup and the 
results of horse breed classification are presented. For the 
implementations, Keras framework based on TensorFlow 
backend is used. 

Overfitting is a common problem on neural networks, where 
the overfitted model presents excellent results on the seen data 
but functions very poorly on unseen test data. A popular 
method to reduce overfitting in deep learning is data 
augmentation [20], which is to generate new data samples 
according to some predefined rules and use them as additive 
training samples to the original dataset in order to improve 
generality of the trained model. The most common 
transformations being used in general computer vision are 
rotations, scale changes, and random crops. Data 
augmentation works especially good when applied with deep 
learning algorithms because the models in deep learning are 
extremely flexible and are able to learn the representation for 
the original samples and for the transformed ones. Therefore 
they are able to generalize also to the variations of the unseen 
data points [20]. 

Because of the relatively small sized images of the dataset and 
the low hardware facilities available for the experiments of 
this work (a Core i5 CPU with 8 GB RAM), the size of 
160×160 pixels is considered for the input layer of all models 
except for ResNet50 where the condition of the minimum size 
of 197×197 pixels has been applied to the model, so in this 
case the size of 200×200 pixels is adopted. To prepare images 
of the dataset to fit the desired size, the images are 
simultaneously resized and augmented by extracting 3 
cropped versions of each image. To do this, the images are 
rescaled so that the smaller dimension of them is equal to 160 
(or 200), then 3 crops are extracted from top-middle-bottom 
or left-middle-right, if the image is wide or tall, respectively. 
Thus the size of the dataset is increased by the factor of 3. The 
resultant images are further separated by 70%, 10% and 20%, 
training, validation and test sets, respectively. 

The hyper-parameters of the experimented CNNs are set as 
follows. In all experiments, networks are trained by stochastic 
gradient descent with the momentum of 0.9 and the learning 
rate of 1e-4. The mini-batch size is set to 100. The models are 
trained until the classification accuracy on the training set is 
reached 99.5% and the best weight set of the model is selected 
according to the validation results. That is, the model that 

presents best validation accuracy while training is saved and 
its classification results on the test set, are presented as the 
final accuracy of the model. 

For transfer learning, the procedure described in [9] is 
followed. First, the fully-connected layers are removed from 
the top of the architectures, which are specific to the task and 
are not reusable. A new randomly initialized fully-connected 
layers, here the two layers with 1024 and 6 units (the latter 
corresponds to the number of the target categories) 
respectively, are replaced. Finally, the deep CNNs are run with 
stochastic gradient descent (SGD) on the target loss function 
(Softmax). The Softmax function basically is the multiclass 
version of the logistic sigmoid function which determines 
which output of the network is the predicted class for the input. 
The input layers are also changed according to the mentioned 
size of images. In pre-training weights of all connections in all 
layers except the fully-connected layers are frozen and not 
allowed to update during training. In the case of fine-tuning, 
some layers below the FC layers are allowed to update. 
Usually, for each model, the last block in the architecture 
which consists of a number of convolutional layers is 
unfrozen. For example, VGG architectures consist of 6 blocks 
each contains a number of convolutional layers with the filter 
size of 3×3 and padding 1 and a max-pooling layer with the 
size of 3×3 and stride 2. The sixth block is commonly chosen 
for fine-tuning. Similarly, InceptionV3, ResNet50, and 
Xception consist of 10, 16 and 14 blocks of layers in their 
architecture. In these architectures also the last block is fine-
tuned. The implementation details of fine-tuning with Keras 
are explained in its author’s book [35]. 

Fine-tuning can be used for any image classification task 
where a dataset is low-sized.  If the class of images is visually 
different, for example, a few types of distinct flowers, the 
results of fine-tuning, using same configurations in this work, 
will be very good in most cases, but if the images are 
variations of same object or very close in shape, these models 
will not work easily. The horse breeds dataset probably falls 
in between of the above categories.  

The average classification accuracy, the number of epochs and 
the approximate time to reach the %99.5 accuracy of training 
for each fine-tuned CNN architecture, on the horse breeds 
dataset, are presented in Table 1. In this work, the networks 
are allowed to gain the same convergence on the training set 
then the best of them are evaluated to the test set according to 
the results on the validation set. To calculate the approximate 

Table 1: The time and the number of epochs taken to converge on the training set, and the average classification 
accuracy on the test set, for each model 

CNNs VGG16 VGG19 InceptionV3 ResNet50 Xception 

Number of epochs 125 80 350 405 485  

Time needed to train one epoch (Minutes)  21 23 11 35 28 

Approximate time (Hours) 43.75 30.66 64.16 236.25 226.33 

Average classification  accuracy (Percent) 90.69 90.05 88.79 95.90 93 

 
Table 2: The class-specific accuracies of ResNet50 

Horse Breed Akhal-Teke American Paint Horse Belgian Fjord Gypsy Shetland Pony 

Accuracy 
(Percent) 

97 94 92 96 95 97 
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time for training the time needed to complete one epoch is 
measured and multiplied by their number as presented in 
Table 1.  

The reason of choosing the threshold of %99.5 for training 
accuracy, instead of a fixed number of epochs, is that neural 
networks generally need to reach a good accuracy on the 
trained set, hoping to approach the same accuracy on the test 
set (if overfitting does not occur). Some models, like 
ResNet50, need more epochs to obtain generality and prevent 
overfitting. So, in this work, the networks are allowed to be 
trained as long as they reach a high level of training accuracy, 
and then the accuracy of the resultant model on the test set is 
calculated as the final score. 

The superiority of ResNet50 on classification accuracy is 
obvious, but it takes a long time to converge and reach to 
99.5% accuracy on the training set. Also, the effectiveness of 
VGG models and their balance of speed and accuracy are 
considerable. They reach above 99.5% accuracy in less than 
two days of training and the test results are also desirable. The 
newly presented Xception model also presented a good 
accuracy with enough time to converge. The class-specific 
accuracy of ResNet50 is presented in Table 2. ResNet50 
classifies Akhal-Teke and Shetland pony horses better than the 
others as expected because of their clearly different 
appearance. 

To find out which type of horse is similar to which, from the 
perspective of a CNN, the top false predictions of the models 
are monitored. If the prediction of the model about the target 
class of a test sample (for example, A) is correct, the second 
prediction (second highly probable class, for example, B) is 
considered as the similar category, and a vote is assigned to 

the similarity of those (A and B). In a case of incorrect 
classification, the predicted class (the top 1) is considered as 
the similar category for the target class. The most similar 
classes for each one, diagnosed by each model, are presented 
in Table 3. 

In Table 3, the similarity of Fjord with Akhal-Teke, and Gypsy 
with American Paint Horse is confirmed by all models, but for 
other horse breeds, the votes are distributed. The confusion 
matrix of the similarity votes of ResNet50 is shown in Fig. 3. 
Each row shows all votes that assigned to the second probable 
class. For example in the first row where the target class is 
Akhal-Teke (AT), in 83 samples of the test set, American 
Paint Horse (APC) is either the second probable class if the 
first one is AT (correct classification), or it is the first 
predicted class where the sample is incorrectly classified. This 
figure shows that for example, Akhal-Teke is very different 
from Gypsy and Shetland pony in comparison with others or 
the American Paint Horse is strongly similar to Gypsy, in the 
perspective of ResNet50. 
 

5. Conclusions 
 

This paper aimed to provide a starting point in horse breed 
image classification by gathering a dataset of horse breeds 
images from the Internet and classifying those using 
Convolutional Neural Networks (CNNs), the dominant 
method in object recognition in recent years. The proposed 
dataset consists of 1693 images of 6 horse breeds, including 
Akhal-Teke, American Paint, Belgian, Fjord, Shetland pony 
and Gypsy horses. The deep pre-trained CNN architectures, 
including VGGs, InceptionV3, ResNet50, and Xception, are 
applied and their classification accuracy and speed of training 
are evaluated. It is observed that VGG architectures can be the 
best choice for training in the limited amount of time and with 
lower hardware facilities. On the other hand, ResNet50 gives 
better accuracy but needs a long time to converge. It is also 
tried to measure the similarity of classes diagnosed by a CNN, 
using investigation of the top false predictions. The results can 
be used as a baseline for further research in this field to 
improve the classification accuracy of the horse breeds on still 
images and provide better tools for this purpose. 

The steps, taken in this work, can be followed for 
classification of any types of objects in images. The learned 
features stored in a deep CNN, pre-trained on a large enough 
dataset like ImageNet, are general enough to recognize 
distinct variations in objects. With the help of fine-tuning this 
diagnosis leads to the desired classification results (with some 
difference in accuracy depending on the problem). But some 
questions about images may require many steps of reasoning, 
rather than simply recognizing the main object in the image. 

Table 3: The most similar class to each one according to the top false predictions of each model 

CNNs 
Akhal-Teke 

(AT) 
American Paint Horse 

(APH) 
Belgian 

(B) 
Fjord 

(F) 
Gypsy 

(G) 
Shetland pony 

(SP) 

VGG16 APH AT F AT APH F 

VGG19 APH AT F AT APH F 

Inception B G SP AT APH B 

ResNet50 APH G F AT APH F 

Xception APH AT AT AT APH B 

 

 
Figure 3: The confusion matrix of ResNet50 for similarity 

votes. AT, APH, B, F, G and, SP stand for Akhal-Teke, 
American Paint Horse, Belgian, Fjord, Gypsy and Shetland 

Pony, respectively. 
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For example, a question like “What color is the thing with the 
same size as the blue cylinder (as an example)?” is related to 
how to reason about the problem at hand and needs a new class 
of models like Neural Module Networks [36]. For one who is 
interested in this topic, reading the blog post [37] is 
recommended.  
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