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This paper presents an algorithm for detection and tracking of animal faces in wildlife 
videos. As an example the algorithm is applied to lion faces. The detection algorithm is 
based on a human face detection method, utilising Haar-like features and AdaBoost 
classifiers. The face tracking is implemented using the Kanade-Lucas-Tomasi tracker and 
by applying a specific interest model to the detected face. By combining the two methods 
in a specific tracking model, a reliable and temporally coherent detection/tracking of 
animal faces is achieved. In addition to the detection of particular animal species, the 
information generated by the tracker can be used to boost the priors in the probabilistic 
semantic classification of wildlife videos. 

1. Introduction 

The problem of semantic annotation in such a complex domain as wildlife video 
has highlighted the importance of efficient and reliable algorithms for animal 
detection and tracking. Not only to recognise the presence of an animal and 
determine its species but to narrow the contextual space of wildlife’s 
heterogeneous semantics. 

However, there have been only a few attempts to solve this problem, mainly 
focused at a particular instance rather than offering a more general solution. 
Walther et.al. [1] utilise saliency maps to minimise multi-agent tracking of low-
contrast translucent targets in underwater footage. Haering et.al. [2] attempt to 
detect high-level events like hunts by classifying and tracking moving object 
blobs using a neural network approach. Aiming at multiple object tracking, 
Tweed and Calway [3] develop a periodic model of animal motion and exploit 
conditional density propagation to track flocks of birds. An interesting 
approach, by Ramanan and Forsyth [4], takes into account the temporal 
coherency and builds appearance models of animals. Though dealing only with 
human faces, an interesting algorithm by Everingham et.al. [5] combines a 
minimal manually labelled set with an object tracking technique to gradually 
improve the detection model. 



 

 

In this paper we present an algorithm that tracks animal faces in wildlife 
rushes and populates a database [6] with appropriate semantics. The detection 
algorithm is an adapted version of the human face detection method that 
exploits Haar-like features and the AdaBoost classification algorithm [7]. The 
tracking is implemented using the Kanade-Lucas-Tomasi method, fusing it with 
a specific interest model applied to the detected face region. This specific 
tracking model achieves reliable detection and temporally smooth tracking of 
animal faces. Furthermore, it creates strong priors in the process of learning 
animal models as well as extracting additional semantic information about the 
animal’s behaviour and environment. 

This paper is organised as follows. In Section 2, a method for animal face 
detection that uses Haar-like features and AdaBoost classifiers are presented. 
Section 3 describes the algorithm that combines detection with tracking in a 
joint interest model. Some semantic implications of this approach are presented 
in Section 4, while the final conclusions are given in Section 5. 

2. Haar-like Feature detection 

Our detection system for animal faces is based upon an approach for human 
upright facial detection introduced by Viola and Jones in 2001 [7]. The original 
algorithm allows scale invariant real-time detection. It has been significantly 
improved by Lienhart and Maydt [8] and was recently adapted by various 
researchers for wider pose invariance and human face tracking. We use a 
slightly modified version of the procedure, initially developed for automated 
penguin detection [9], to spot animal faces in wildlife footage.  In this paper it is 
applied to lion faces as an example application, depicted in Figure 1. 

 
Figure 1. Lion face detection and tracking: images show scale invariance, slight posture 
invariance and multiple detections of our algorithm; 

The method uses a pool of Haar-like luminance features as the primary 
input space. Each Haar-like feature f represents a rectangular local contrast 
characteristic outlining the existence of an edge, line, point etc. (see Figure 2A).  
As shown in eq. (1), f consists of N rectangular components r=(x,y,w,h) that 
contribute with their average luminance S(r) weighted by v. Positive weights are 



 

 
 

assigned to bright areas and negative ones to dark areas. As shown in [7], each 
average luminance value S(r) can be computed in a highly efficient way using 
only for accesses on the integral image II. II can be derived in linear time 
complexity from the original image I using an iterative approach, see eq. (2). 
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A derivative of Gentle AdaBoost [8] is utilized to extract a classifier which 
combines the Haar-like features f that distinguish between a positive and a 
negative set of training image patches in the best possible way, see Figure 2. 
The ROC learning curve shows, as observable in Figure 3, false positives of 10-4 
% and a hit rate of 93 % in the working area. The output of this training process 
is the description of a frontal lion face prototype in form of a cascade of stages. 
Each stage holds a classifier that operates on a tree structure composed of 
chosen Haar-like features f, for details see [8].  

For the detection of a lion face in an image patch, the stage classifiers are 
evaluated in order of an attentional cascade [7]. This allows very early denial of 
‘tedious image patches’ and hence, it dramatically shortens the computation.  

 

  
 
 

Figure 2. Haar-like Feature Kernels: (A) Selection of Haar-like feature kernels. Whilst 
Viola and Jones in [7] used the feature set {1,2,7,9,18}, Lienhart and Maydt in [8] used 
{1,2,3,4,5,7,8,9,10,11,12,13,14} and achieved better results. We use this extended set. 
(B) Example of a positive sample patch containing a lion face; (C) Resized patch (20x20 
pixels) as used for learning; (D) Feature learning density of learned features utilizing 
GentleAdaBoost; (E)-(G) First three most characteristic features chosen by Gentle 
AdaBoost. One can observe that the distinctive vertical stripe area around the nose and 
the area of the bright forehead and dark eye region.   
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Figure 3. (left) ROC learning curve for lion face training using 680 positive examples 
images and 1000 negative images; (right) Outline of the learning process focused on the 
decrease of false alarms compared to the number of necessary single Haar-like features 
used to achieve this reduction. 

3. Uniting Detection with Tracking 

Since the occurrence of a frontal lion face is only a special instance of many 
head postures a confident tracking of the face is hard to achieve in more 
complex video strips without further model or motion information. We aim to 
extract the position of a face, once detected, even in cases of non-frontal poses. 
Therefore, we establish a rectangular interest model (IM) at the image location 
where a lion face is spotted. We follow the lion face tracking the optical flow in 
the central area of the interest model. In order to extract this motion information 
we use a cloud of points deployed in the central face area. The task of 
positioning and tracking these points is completed utilizing the Kanade-Lucas-
Tomasi tracker. Once a frontal face is detected, a sparse set of points is 
stipulated at locations around the centre of the detection area (see Figure 4A). 
The positioning of the points follows the approach by Shi and Tomasi [10].  

 
Figure 4.  (A) Chosen feature points stipulated in the center of detected faces for further 
tracking of this region; (B) Detected lion face and its tracking through various poses; 
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A point that leaves the interest rectangle during tracking is discarded and 
replaced with a new point close to the tracking center. This generates some 
robustness for partial occlusions. The position change c(t) of the centre of mass 
of the tracked points is used to predict the next position of the interest model 
m(t+1).  
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It is computed in a straightforward way using c(t), the last position of the 
interest model m(t) and the position of face detection d(t) nearby the interest 
model. Parameters γ and τ are fixed values. They describe the confidence of the 
measurement components. The procedure provides a continual positioning of 
the interest model. With this tracking approach temporal non-detection is 
bridged; multiple tracking of non-occluding instances becomes possible.  
 

 
Figure 5.  Combination of Detection and Tracking: graph shows x and y values of frontal 
lion face detection (points) and positioning of the interest model (curves) established on 
the bases of detections and point cloud tracking; 
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4. Confidence Accumulation 

In addition, a confidence parameter gets assigned to each interest model. It 
carries the detection density. Analysis of this parameter allows deciding more 
robust on object appearance and disappearance. Temporal and spatial 
integration of detections allows discarding detection outliers.  

The parameter gets initialized with a first face detection. Once the 
parameter overrides an acceptance threshold the model is accepted as an animal 
face, even for past frames (see Figure 6). This procedure allows the post-
labeling of frame content with knowledge (ensured appearance and 
disappearance) gained after its actual occurrence. 
 

 
Figure 6.  Robust Post-labeling using a Confidence Parameter (TTL-Curve): First 
occurrence of the lion face (object birth) as well as its disappearance (object death) are 
confirmed later than the actual incidence; Model acceptance implies object birth and 
model death implies object death; 

5. Semantic Implications 

The information extracted in the detection and tracking processes is used to 
annotate the semantic description of a wildlife clip with the presence of a given 
animal specimen and its basic locomotive behaviour, like walking, running or 
standing. Table 1 shows the typical log of manually labelled semantic 
descriptions of wildlife footage performed by video production professionals. It 
is noticeable that the main object, an animal in wildlife videos and information 
about its behaviour form a core of a semantic description. The percentage of 



 

 
 

false animal face detections is very small (10-4) and there are practically no 
missed detections due to temporally coherent tracking. Therefore, the presented 
algorithm can populate the core concepts of the semantic description with 
exceptional reliability. 

TCin TCout Caption 
00:25:32:00 00:26:02:00 lions walking over dry grassland and lying down, sunrise 
00:08:46:00 00:09:15:00  lioness walking towards camera, lies down on ground 
00:45:03:00 00:46:31:00  lion & lioness stalking across grass, chasing a gazelle 
Table 1. Typical hand-labelled semantic descriptions of wildlife footage 

In a wider context, this information can be exploited to establish the 
supervisory information in the training process of various semantic classifiers. 
The algorithm generates the semantics such as: existence of the particular 
animal in the shot; its behaviour; detection of multiple animals and their 
interrelations. This information boosts the priors in the learning process of an 
animal model or a classifier.  

Wildlife video is too complex a domain for applying the paradigm of 
unsupervised model learning. This method offers a reliable way of narrowing 
the context of such a complex scenario. 

6. Conclusions 

In this paper, we have presented an algorithm for tracking animals in wildlife 
video footage. The technique is based upon a face detection algorithm combined 
with a tracker and uses a novel interest model that enables continuous and 
smooth animal tracking. The method is illustrated on lions.  

The face detection method utilises a set of Haar-like features in the 
AdaBoost classification algorithm. Once detected, face regions are tracked by 
applying the Kanade-Lucas-Tomasi technique and an interest model is created. 
By continuous monitoring of detections and model parameters, a rectangular 
interest model is updated and repositioned to achieve smooth and accurate 
animal face tracking. The high-level information such as the presence of a 
specific animal is exploited to semantically annotate the wildlife footage. 

The focus of future work will be twofold. Firstly, methods that minimise 
the required number of hand labelled images while maintaining the same level 
of detection precision will be investigated. Furthermore, on the basis of the 
tracked region information, a more general model of the detected species and 
their behavioural patterns will be examined. 
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