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Abstract - Deep learning has been applied in many contexts. In 
this paper we present a novel application area: to detect the 
species type and emotion of pets with focus on a diverse set of 
dog and cat collections comprising 52 dog and 23 cat species. 
Building on an extensive collection of labelled images with over 
300 images per species type, we explore a range of deep learning 
models to develop a classifier for species type and their 
associated emotion. We outline the realization of the technical 
solution delivered through a mobile application 
(iPhone/Android) and present results based on feedback based 
on real world adoption and utilisation by the broader mobile 
application community.   

Keywords – Deep learning, image recognition, pets, 
emotion. 

1 Introduction 
Throughout history, pets have played a key role in peoples 
lives from hunting, protection through to offering emotional 
support and companionship. The adoption of pets has 
significantly increased in the Covid-19 era. However, for 
many individuals understanding their pets and their different 
emotions can be challenging. Dogs and cats can often exhibit 
explicit and clear signs of emotion, e.g., aggression through 
snarling and barking in the case of dogs or hissing and baring 
fangs in the case of cats, however this is not always as clear 
and obvious. In this paper, we explore how deep learning can 
be applied to classify the different types of species of pet and 
their emotional status. 

The rest of this paper is structured as follows. In Section 
2 we focus on related work in the deep lelarning space with 
emphasis on animal species recognition and face-based 
emotion detection/classification. In section 3, we discuss the 
data set that was curated to support this work. In section 4 
we identify the methodology and design decisions for the 
mobile application that was developed. In section 5 we 
present the real-world results based on utilization of the 
mobile application by end users. Finally in section 6 we draw 
conclusions on the work as a whole and identify possible 
areas of future work. 
 

2 Related Work 
Understanding and classifying pet emotions has historically 
been based on intuitive judgment. There has been little work 
on how to sense pet emotions quantitively in a reliable and 
automated manner. Different species of animals may have 
diverse traits that can make the characteristic of their 
emotion difficult to assess. Yet such information is key in 
understanding pet behavior and the impact and 
consequences that this might have, e.g., dogs that may be 
about to snap/bite or cats about to scratch should be avoided, 
or pets that may have anxious expressions may need to go 
out to do their business.  

The recent rise of artificial intelligence, machine learning 
and now deep learning gives rise to new opportunities to 
tackle this issue. Deep learning is now widely used by many 
researchers and companies alike in areas as diverse as 
computer vision, image recognition through to natural 
language processing. Compared to traditional methods, 
which hitherto required manual feature selection and 
adjustment, deep learning models utilise neural networks 
comprising several layers, where each layer can transform 
input to find more accurate and abstract features than 
possible through manual feature selection [1]. The most 
common demands of deep learning in the area of image 
processing are object detection and classification, e.g., is 
there a cat in the picture? (detection), and if so, what species 
of cat is in the picture? (classification).   

There are several methods that have been applied for 
object detection in the deep learning domain including Faster 
Region Proposal Convolutional Neural Networks (Faster R-
CNN) [2], Mask R-CNN [3], You Only Look Once (YOLO) 
[4] and Single Snapshot Detection (SSD) [5]. Faster R-CNN 
and Mask R-CNN grew out of R-CNN [6]. The R-CNN 
architecture proposes regions of interest (RoI) pooling layers 
of a given image that are applied for extracting fix-length 
feature vectors. Each output of the RoI layer is fed into fully 
connected layers as inputs that branch into two output 
vectors with a final (softmax) layer used for final 



 
 

classification. However, region proposals can consume 
considerable time and computational resources. Mask R-
CNN provides a framework for object instance segmentation 
where each RoI extends Faster R-CNN. It is used to predict 
object masks based on bounding boxes. Mask R-CNN not 
only shows the bounding box and class label, but also an 
object mask suitable for image recognition problems through 
addition of a quantization-free layer (RoIAlign). With this 
layer, the whole instance segmentation process can preserve 
correct spatial information up until the end result production 
thereby improving the accuracy of the mask location. The 
RoIAlign layer is designed to align extracted features with 
the inputs without the need for strict quantization. This 
quantization does not impact label classification, but it can 
lead to a misalignment between extracted features and the 
RoI. To avoid this, a new interpolation layer is used to 
replace the RoI boundaries quantization.  

R-CNN-based models are based on two phases: region 
proposals and subsequent classification of the contents of 
those proposals. There are numerous single-phase 
approaches that have been put forwarded including YOLO 
and SSD. In these models each stage learns a feature map, 
and then carries out border regression and classification on 
the proposed map contents. There have been many 
approaches to reduce the size of the models to work in 
limited computational environments, e.g., IoT devices of 
mobile phones. MobileNet as one example provides a 
lightweight deep neural network model that is suitable for 
portable devices and embedded vision applications [7]. It 
achieves this by reducing the number of parameters required 
however this can impact on the overall accuracy [8]. 

The field of human emotion recognition has been 
explored extensively. Picard put forward the concept of 
Affective Computing through an approach based on 
recognizing, translating, processing, and mimicing human 
emotions [9]. The Emotion Recognition in the Wild 
(EmotiW) competition draws teams from around the world 
to classify and predict human emotions. While there are 
several categories each year, the category that has the most 
submissions are in the audio-video emotion recognition sub-
category.  In 2018, the best performing team in the audio-
video category achieved an accuracy of 61.87% [10] and in 
2019, the winning team achieved an accuracy of 63.39% 
[11].  

Outside of the realm of deep learning, Kirana et al [12] 
adopted an approach based on the Viola-Jones Algorithm for 
emotion recognition. This algorithm provides a fast face 
detection algorithm based on passing parts of a facial image 
through a decision tree made up of a series of filters. If the 
provided part of the image makes it to the end of the decision 

tree, it is considered to be a face. Kirana used this approach 
for both facial detection and emotion recognition and 
achieved 76% accuracy. However, they only considered two 
emotional states: enthusiastic and bored.  

Shojaeilangari et al [13] proposed an approach to facial 
emotion detection based on sparse learning where each face 
image was first turned in to a sparse representation of itself 
which was then input to a feedforward neural network. They 
achieved an accuracy on 66.5% on the EmotiW 2013 dataset.  

In the area of animal emotion detection, there has been a 
limited number of published articles. Steagall et al [14] 
focused on identification of pain in cats, however this work 
was based on human classification and not based on machine 
learning. Belin et al analyzed cat and monkey calls and 
divided them into positive and negative emotions but the 
number of classifiers in this work was limited [15]. Molnar 
applied machine learning to analyze a range of different 
behaviors of dogs, but the overall recognition rate was low 
[16].  

For species classification and emotion detection, deep 
learning offers numerous advantages for automated 
classification however this depends greatly on the data that 
is used to train the models.  

 
3 Dataset Preparation 

For deep learning tasks, the performance of the 
underlying neural network depends on the quantity and 
quality of the input data. For individual pet breed detection, 
a sufficiently pure dataset with correctly annotated labels is 
essential. Although many open-source dataset websites 
provide related dog breed images, most of them are 
incomplete and unsuitable for deep learning, e.g., they 
contain only a few images of specific breeds, or the breeds 
are labelled incorrectly or indeed ad hoc images have crept 
into the labelled data set, e.g., cartoon characters or 
paintings/T-shirts with specific species of animal are 
included in the datya set. 

In this work we focus on establishing the data collection 
of individual dog and cat species types based on data from 
Google ImageNet [17] and the Stanford Dogs dataset [18]. 
Our goal was to create a data set comprised of as many 
species of dogs and cats as possible. Clearly it is impossible 
to cover every possible breed of dog and cat, especially since 
there are often mongrels / mixtures of species that might 
arise.  Our focus was therefore on the most prevalent dogs 
and cats that people would most likely own. We identified 
52 breeds of dog and 23 breeds of cat. These included dog 
species as diverse as Basset Hounds and Dachshunds to 
Siberian Huskies and cats as diverse as Abyssinian and 
Maine Coone to Sphynx. 



  
 

 

As noted, the raw images for these dogs and cats were 
acquired from ImageNet and the Stanford Dog dataset. A 
key part of the work involved data normalisation, data 
cleaning and data labelling to establish a pure and feature 
rich data set. As noted, for the raw images, a large proportion 
of image data was invalid for many reasons. To address this, 
we filtered the raw images based on a range of practices. 
Firstly, the original scale (both the width and the height) of 
the raw images needed to be larger than a given size. 
Although it is possible to reshape the images, this process 
gives rise to a loss in the quality of the original image, which 
influences the classification performance. To avoid 
excessive disturbance of the image content, the percentage 
of useful content within an image must be greater than a 
fixed score, otherwise the model has a high probability to 
learn parameters for features that are useless and giving rise 
to erroneous classifications. As an example, Figure 1 shows 
an image of a Chiahuahua in the original image and the 
annotated bounding box associated with that image. As seen, 
the proportion of useful information, i.e., the actual dog face, 
forms a very small part of the original image. The annotated 
bounding box (shown in red) is used to identify the part of 
the image of interest. If the original image was used as input 
to the model, then there is a great chance that it would learn 
parameters related to the background as part of its 
classification. To avoid this, the images are clipped 
according to the bounding box information, i.e., the 
extracted image on the right-hand side is used for training 
the model.  

 
Figure 1: Original Image and Extracted Image 

 
To increase the amount of data used for training and 

testing the model, a range of data augmentation techniques 
have been applied. These include rotating and flipping 
images, changing the aspect ratio and changing the contrast 
ratio. All input images were reshaped to a similar scale to 
ensure the convolutional layers were able to generate feature 

maps of the same size for any input images.  As an example, 
Figure 2 shows how we reshape images whilst maintaining 
the stochasticity of the original data needed for the deep 
learning models. 
 

                                      
Figure 2: Reshaping images  

 
One key aspect of the emotion detection is to gauge what 

emotion a given animal is exhibiting at the given time. In 
this work, we focused on a fixed set of emotion types: happy, 
neutral, anxious, sad and unsettled. The original prototype 
of the application had more emotion type classifications, 
e.g., angry, however the data sets that were utilised did not 
have an equal distribution of emotion types. Thus, the vast 
majority of dogs and cats in the original source data sets 
exhibited happy or neutral emotions. Furthermore, this 
classification was based solely on the face of the animal and 
not the whole body. It is often the case that animals exhibit 
their emotion using their whole bodies. Thus, dogs and cats 
can raise their hackles (piloerection) which causes the 
animal to appear larger by their fur and tails being raised. 
This is typically used as a visual warning to other animals 
(or people). The vast majority of dogs/cats in the data set did 
not have examples of such physical expressions however, 
hence the work focused entirely on the facial expressions. 

After image preprocessing, there were at least 300 
images per species of animal. We separated the set of images 
into a training set, a development set, and a testing set in the 
ratio 8:1:1. This is aligned with standard practice in deep 
learning training models.  
 
4 Methodology and Mobile Application Development 
The work explored several deep learning models including 
YOLO and Faster-RCNN. Originally it was planned to 
deliver the solution as a standalone mobile application, i.e., 
with no server-side support. However due to the 
computational restrictions imposed by mobile devices, the 
early models explored had limited accuracy. Instead, it was 
decided to deliver the application as a mobile application 
offering a lightweight client front end that would allow users 
to take pictures and send them to the server for actual 
classification. The server and associated back-end database 
and models were deployed on the University of Melbourne 
Research Cloud (https://dashboard.cloud.unimelb.edu.au). 



 
 

This resource is freely available to all researchers at the 
University of Melbourne. 

A range of experiments were conducted in applying 
different deep learning models for pet emotion detection 
[19]. This included exploration of models such as Xception, 
VGG16, ResNet-152, Inception-v3, InceptionResNetV2 and 
MobileNetV2 together with a detailed exploration of 
training parameters such as the batch size, loss function, 
kernel size, dropout and pooling layers and different fully 
connected layer options [19].  

Eventually the finalized model was based on YOLO due 
to the accuracy and speed of classification. The mobile 
application itself was kept deliberately simple/intuitive. The 
mobile application has four main windows as shown in 
Figure 3. The end user can take a picture or select one from 
their gallery (Figure 3 left). Once taken/selected, the image 
is then sent to the Cloud-based server hosting the trained 
model for classification for results to be returned. As shown 
in Figure 3 (left middle), the results include both a bounding 
box around the pet’s head, the type and species of pet along 
with the confidence level of the prediction as well as the 
prediction of the emotion and the confidence in the level of 
prediction. 

 
Figure 3: Mobile Application for HappyPets 

 
The mobile app also allows for end users to provide feedback 
on the app itself. This includes whether the species 
prediction was correct as well as whether the emotion was 
correct (Figure 3 left middle bottom). The app also includes 
the catalogue of dogs and cats that the model has been 
specifically trained to classify (Figure 3 right middle/right). 
The app supports multiple pet classifications at the same 
time as shown in Figure 4. 
 

 
Figure 4: Multiple Pet Classification 

 
 
5 Results 
The mobile app has had considerable uptake by the broader 
community. It has been used for over 113k predictions with 
most end users taking pictures of their dogs as shown in 
Figure 5. This includes images with multiple pet faces in the 
image as well as other challenges, e.g., the faces of the 
owners or no pets at all. 

 
Figure 5: Utilisation of HappyPets 

 
Not all people that use the app provide feedback on 

whether the model correctly identified the species and the 
emotion of the pet however. At present feedback on the 
accuracy of the models has been received 5166 times as 
shown in Figure 6. 

 



  
 

 

 
Figure 6: Amount of Feedback for HappyPets 

 
This feedback provides the real-world experience of how 
well the model performs. The results for classifying cat and 
dog species are shown in Figure 7 and Figure 8.  

 

 
Figure 7: Accuracy of Cat Breed Classification 

 

 
Figure 8: Accuracy of Dog Breed Classification 

 
As seen, the overall accuracy of the dogs and cats varies. 

Often this is caused by the number of species of pets that 
have been chosen. Thus, the model has been trained to 
identify a specific number of species (52 dogs and 23 cats).  
Many users have attempted to use the app to identify species 
that are not supported. This includes pictures of non-
pedigree dogs and cats. Nevertheless, the results are 

impressive since the accuracy is based on identifying the 
correct species amongst all of these that are supported and 
all other species that are not supported by the model.  

The accuracy for the pet emotion is much better as shown 
in Figure 9 and Figure 10. As seen, the vast majority of cats 
and dogs are classified with the correct emotion. It can also 
be observed that the vast majority of predictions are based 
on classification of pets as being happy or neutral. This is 
primarily due to the vast majority of labelled data being 
associated with pets exhibiting happy/netural emotions.  

 

 
Figure 9: Accuracy of Cat Emotion Classification 

 

 
Figure 10: Accuracy of Dog Emotion Classification 

 
 

6 Conclusions and Future Work 
In this paper, we have presented a practical application of 
deep learning to classify the species type and emotion of an 
extensive collection of dog and cat species. The work has 
resulted in the production of a mobile application available 
in both the iPhone AppStore and Android Google Play. The 
overwhelming feedback on both applications has been 
positive with ratings of 4.7/5.0 on the Apple appStore.  

There are many extensions and refinements to this 
work. Clearly extending the mobile applications to include 
more cat and dog species would be an obvious extension. 
Similarly, upgrading the model to leverage current state of 
the art models and the capabilities that they offer is another 



 
 

extension. Thus, YOLOv5 now supports automated data 
augmentation through a dataloader API. This allows to 
extend the amount of data to maximise the subsequent 
precision based upon weightings associated with different 
data augmentation techniques as well as leveraging more 
refined approaches such as mosaicking and cropping and 
zooming. 

There are many other emotions that pets can exhibit 
beyond thoese described here. This might include boredom 
or pain. Work is ongoing on the latter with automated (deep 
learning) based approaches for detecting cat pain. This is 
based on a collaboration with a major vet practice within 
Melbourne. The challenge is to capture sufficient data to 
train the models, however.  

Extending the applications for pet owners specifically 
is another extension to the work. This might be used for 
keeping a pet diary for example of the day-to-day moods of 
pets by their owners. 

The HappyPets mobile applications are available for 
download at https://apps.apple.com/au/app/happy-
pets/id1515202735 (Apple iPhone) and 
https://play.google.com/store/apps/details?id=au.edu.unime
lb.eresearch.happypets for the Android platform.  
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