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Introduction  

The spreading field of Animal-Computer Interaction (ACI) [6] focuses its efforts in developing suitable technology 

to improve the wellbeing of animals - and also of humans along the way - in many areas: developing digital games 

for animals in order to avoid boredom and stress [9,15], providing enrichment and stimulation for captive animals 

in zoos [2,3], facilitating the task of medical assistance dogs [7,12] or developing new means of communication 

between humans and animals [1,8]. 

Within ACI research, there is growing interest in recognizing animals’ behaviors by means of technology. This 

challenging task comprises two main questions to address. On the one hand, understanding how behavior can be 

modeled from observable postures, movements or actions for a specific animal species. On the other hand, defining 

suitable technology to recognize these specific behaviors attending to the species and the context in which they 

are produced. In all cases, behavior recognition could provide countless benefits for animal wellbeing as well as 

for animal-human communication. Being able to automatically recognize an animal’s behavior by means of 

technological artifacts would allow knowledge databases to be created which could serve to study the 

commonalities of the species and singularities of specific individuals. Machine learning algorithms could also be 

applied to this information in order to learn and extract patterns on animal behavior in specific scenarios or during 

their regular daily activities. In this way, changes in behavioral patterns could be detected, alerting the humans 

responsible for the animal to examine closely the reasons for such transition. This could allow early detection of 

illnesses or behavioral problems. In a less demanding scenario, learning body postures and behavioral patterns 

could assist in the development of tailored systems for animals, such as interactive games which adapt to the 

preferences of the animal who is playing and react accordingly to create an engaging experience [9,10]. As for 

communication, assigning some meaning to the gestures/postures of the animal which would be automatically 

recognized by the system would enable them to communicate remotely with a human being via those gestures. 

This could be the case of Search and Rescue dogs which have to undertake demanding tasks out of the sight of the 

human handler. Recognizing the behavior of the dog while it is performing its task allows the handler to assess the 

animal’s welfare at all times and to know if the animal is communicating some findings even when he is out of 

sight [1]. In addition, humans without prior knowledge on animal behavior or blind people who cannot directly 

observe the animal could understand what the animal is expressing if a system could tell them about it by analyzing 

the animals’ behavior. 

This paper will firstly give an overview on existing literature about activity and posture recognition on animals. 

Secondly, a novel tracking system for cats capable of detecting basic body postures and other relevant information 

will be presented. Finally, further research questions and extensions to this system will be outlined. 

Related Works 

Several works within ACI have addressed the necessity of recognizing and identifying animals’ postures and 

activities in different scenarios. These works mostly rely on wearable devices with attached accelerometers and 

also gyroscopes. Collar-worn accelerometers have been use to detect a variable range of activities: comercial 

devices such as Whistle® or FitBark® only perform basic activity level recognition, e.g. resting vs. moving, while 

the work by Ladha et. al. [4] is able to differentiate between a wider range of behaviors on dogs (14 activities and 
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2 postures). Collar-worn accelerometers have also been used to recognize head gestures on dogs [14], and 

accelerometers located on the dog’s harness have also allowed to differentiate between several static and dynamic 

postures [1]. A different approach is used in Canine Amusement and Training [16], in which instead of using 

accelerometers, IR emitters are attached to the dog’s harness, and a Wiimote’s IR camera is placed on the ceiling 

to detect the location and posture of the animal by tracking the IR emissions.  

However, wearable devices could not be used in all situations. Some animals might find their use uncomfortable, 

it could limit their spontaneous reactions, and it might be risky to use them with protected species or captive 

animals. Non-wearable mechanisms would allow more natural interactions while guaranteeing the animals’ 

wellbeing. Several non-wearable tracking systems have been developed, such as Poultry.Internet [5], which uses 

computer vision techniques to detect the location an orientation of a chicken inside a house backyard, but no 

postures are identified. Another example is Purrfect Crime [13], a game in which a Microsoft Kinect® sensor is 

used to detect the location of a cat inside the tracked area. No postures are being detected either. Therefore, these 

works are lacking very valuable information such as the body posture and the place to where the animal was 

focusing its attention. Nevertheless, a system such as Purrfect Crime, which captures depth information from the 

scene, would be a very good starting point in order to exploit depth information to enable animals’ body posture 

recognition. 

Tracking Animals Using Depth Information 

In order to provide a non-wearable system capable of detecting animal’s body postures, we have developed a 

prototype of a depth-based tracking system for cats using a Microsoft Kinect® v1.0 sensor [11]. This sensor 

provides both color (see Figure 1a) and depth streams (see Figure 1b). Each depth frame provides, for each pixel, 

the distance in millimeters from the camera plane to the nearest object in that particular pixel (see Figure 1b). 

Placing the sensor looking down from the ceiling allowed to track a wide interaction area and get aerial images of 

the cats’ body. We recorded images of cats with the Kinect® sensor using this set-up. In the obtained depth images, 

the contours of the cats can be clearly observed from above. The information provided by the depth sensor, 

represented as a gray scale image, allows a human eye to easily differentiate between the different body parts and 

the overall body posture the animal was adopting. Therefore, the main challenge was to develop a system capable 

of exploiting the information provided by the depth stream in order to automatically recognize those postures.  

 

Figure 1. Process of extracting the cat’s orientation: (a) color frame (b) depth frame, (c) background segmentation, (d) cat 

contours, (e) clusters for head, body and tail, (d) orientation vector. 

The first processing step of the algorithm consists of extracting the cat’s pixels from the depth frame (see Figure 

1c). As the depth sensor was placed on a fixed position, our approach to background segmentation simply consisted 

in removing the pixels whose depth corresponded to the ground. This approach can unintentionally remove the 

cats’ tail (as observed in Figure 1c, cat in the top-right corner of the image), which for some other research could 

be a source of valuable information when creating richer posture descriptors. Thus, more elaborated approaches, 

such as combining information from both color and depth images, and even considering a more precise depth 

sensor, would help to overcome this current limitation. With the floor removed from the image, computer vision 

algorithms are applied to extract the cats’ contours, which now appear as grey-scale blobs in the image (see Figure 
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1d). In this step, a cat’s location within the tracked area can be determined by using the centroid of the extracted 

contours as a 2D coordinate. Each detected contour is then processed by a clustering algorithm, which groups the 

pixels by their depth value and relative position (see Figure 1e): pixels of similar depth located together in the 

image would be grouped within the same cluster. The clustering algorithm divides the cat’s pixels into three 

clusters, which are then classified to determine which part corresponds to the cat’s head, body and tail respectively. 

Having the cluster positions determined, an orientation vector can be defined, from the center of the body/tail 

cluster to the center of the head cluster (see Figure 1f), to roughly estimate the cat’s field of view. Different cat 

postures can also be differentiated by observing the depth frames and clusters’ information (shape descriptors, 

number of pixels, average depth and location of the clusters). This preliminary version of the tracking system is 

already capable of classifying the different body parts of each cat as well as detecting several postures, e.g. 

sitting/semi-sitting, walking/standing, jumping, or turning, using supervised and unsupervised classification 

algorithms. 

Challenges for Depth-Based Behavior Recognition 

Animal behavior recognition using depth-based tracking systems seems to be a promising research line. By 

exploiting the depth information available, it is possible to differentiate between different body parts of an animal 

within the image attending to their relative location, depth and shape. In this way, an implicit 3D representation of 

the animals’ body can be elicited. This provides a lot more information to differentiate between postures in which 

analysis of 2D images would not be conclusive. Moreover, these implicit 3D models of postures could be used to 

construct richer behavior models, ethograms, or activity recognition systems if temporal information and machine 

learning methods are also used. The ability to recognize the posture, behavior and activity of the animals being 

tracked could also allow to study how these animals interact with other elements in the environment, such as digital 

or interactive technology. In this case, ACI studies could benefit from the use of these systems as they could 

facilitate the study of animals’ interaction with technology, helping to improve the design process of animal-

centered technology and the animals’ wellbeing. 

Several issues remain to be studied, such as the reliability and potential of these systems, the behaviors which 

could and could not be recognized using this approach, and the animal species which these systems could work 

with. Different animal species might require different set-up configurations and algorithms depending on their 

skeleton and physiognomy. For example, the tracking approach described in this paper, i.e. blob detection, 

clustering and classification, could be easily adapted to work with other four-footed animals with similar physical 

characteristics such as dogs, tigers, horses, etc., provided that the classification algorithm is correctly adapted to 

fit the new data. A different approach should be taken with other species such as orangutans, in which hand gestures 

and facial expressions are likely to provide more information. Moreover, birds’ behavior seem to be difficult to 

track using body postures or gestures, however movement and sound patterns could be significant indicators in 

this case. In addition, the specific relevant behaviors which are going to be detected for an animal species could 

also determine the position and location of the sensor, e.g. top-down or front-view approach. It can also condition 

the number of sensors required, for example if the animal moves around an open space area several sensors might 

be needed. What is evident is that advice from experts in animal behavior will be extremely valuable in the design 

and development of these systems. 

Conclusion and Future Work 

This paper presents a tracking system for animals based on depth information which would allow the detection of 

a cat’s location, body posture and orientation. The use of depth information along with traditional computer vision 

techniques provides more information about the tracked animal than using solely an RGB camera. Hence this 

system could be a promising starting point towards the automatic detection and analysis of animals’ behavior 

without requiring the animal to use any wearable device. This system is not limited to domestic scenarios, and it 

can also be used in kennels or zoos, in which the recognition and analysis of animals’ behavior could be of great 

value. The system could be extended to work with other animal species. In addition, more postures and behaviors 
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could be detected by improving and/or combining the classification algorithms and including temporal information 

from previous frames. 
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