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Abstract. Gait Recognition is a non-invasive biometric technique for identifying 
persons through the way they walk. Currently there are many Gait Recognition 
methods, most of them based on a similarity function. In this paper, we propose 
two new methods for Gait Recognition based on silhouette and contour, using a 
classifier ensemble. Experimental results on a public standard database are 
shown and compared against others Gait Recognition methods.  
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1   Introduction 

Biometrics refers to the automatic recognition of an individual by using anatomical or 
behavioral traits associated with that person [1]. Gait recognition (GR) is a biometric 
technique for recognizing persons through the particular way they walk [2,3]. Some 
of the advantages of GR are that it is a non-invasive technique, it is difficult to con-
ceal, it can be done at a distance, and it does not need high resolution images. 

There are complementary studies that support the idea of GR, such as medical 
studies focused on therapies, biomechanics, including studies in psychology support-
ing the idea that persons can be recognized by the way they walk [4]. Clearly, GR has 
some limitations as a biometric method, because shoes and clothing could affect the 
gait, as well as some physical conditions such as pregnancy, pain, disease, etc. These 
factors are well known and the majority of the biometrical methods have to deal with 
them. For example, in face recognition, a person may wear glasses or a moustache; 
may have a plastic surgery, etc. GR could be applied in controlled environments as 
banks, military installations, hotels, etc. In general, places where a fast detection of 
threats is required [5]. 

In GR, images from a video sequence are processed for obtaining data that reflect 
the identity of the person who is walking. There are two main approaches for GR: 
model-based and motion-based. Model-based GR methods use information gathered 
from the human body to construct a model for recognition. In general, model-based 
GR methods are not robust to position and scale changes and require high quality gait 
sequences. Thus, some model-based GR systems require multiple cameras for collect-
ing body information. In motion-based GR methods, the motion information is di-
rectly used. Motion-based methods commonly use sequences of binary silhouettes 
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extracted from the video sequence, using segmentation techniques such as back-
ground subtraction [6]. 

In this paper, we are interested in those methods that resolve the GR problem using 
sequences of binary silhouettes, because those methods do not require details such as 
texture or color, and they are not too much sensible to illumination.  

This paper is organized as follows; in section 2 some recent GR methods are re-
viewed. Section 3 describes the proposed methods for Gait Recognition. The experi-
mental results are presented in section 4 and finally the conclusions and future work 
are discussed in section 5.  

2   Related Work 

In this section, some recent GR methods are reviewed, showing the most relevant 
details of each method.  

Wang, Tan, Ning and Hu (2003) [7], introduced a GR method based on silhou-
ette extraction. The silhouettes are extracted using background subtraction, and then 
the outer contour and shape centroid are obtained. After, a vector with all the dis-
tances between each contour pixel and the centroid is built. Then, PCA is used for 
reducing dimensionality. Recognition is done by measuring the distances between 
the training sequences and the sequence to be classified and applying the nearest 
neighbor classifier.  

Lui and Sarkar (2004) [8], proposed a GR method also based on extracting the sil-
houettes and dividing the sequence in steps using the gait period length. For calculat-
ing the gait period length, the number of silhouette pixels of each frame is computed, 
this number reach a maximum when the legs are farthest apart and drop to a minimum 
when the legs overlap; and the gait period length is the number of frames between two 
consecutive maxima. To improve the determination of the gait period length, only the 
lower part of the silhouette (the legs) is used. For each step, the average silhouette is 
obtained, and for recognition, a similarity function defined as the negative of the me-
dian of the Euclidian distance between the average silhouettes of the individual to be 
classified and a training sequence is used. 

An interesting approach is presented by Chai, Wang, Jia, and Zhao (2006) [9], 
where the silhouettes are extracted using background subtraction, after some morpho-
logical methods are applied for noise reduction. The silhouettes are divided into three 
regions: head region (top 20%), trunk region (middle 40%), and legs region (bottom 
40%). Each silhouette is represented through 4 characteristics, the variance of each 
body region and the height-width ratio of the body. Using this representation and the 
gait period length computed as in [8], a similarity function based on the Euclidian 
distance is defined. Using this function, KNN is used for recognition.  

Boulgouris and Chi (2007) [10] proposed a GR method based on body component 
matching. The silhouettes are extracted and manually divided and labeled in eight 
regions: head, torso, left arm, right arm, left thigh, right thigh, left leg, right leg. 
Based on these regions a similarity is defined as a weighted sum of component-to-
component distances. The different components of the human body were tested sepa-
rately, showing that they have different discrimination power. Combining the results 
from all body components gait recognition performance is improved. 
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Fazenda, Santos and Correia (2005) [11] proposed a GR method based on dividing 
each sequence in gait cycle subsequences, then the average silhouette is calculated for 
each gait cycle. The similarity between two sequences is computed as the median of 
the Euclidian distances between the subsequence average silhouettes for each gait 
cycle. Recognition is based on computing the similarity between the sequence to be 
classified and the training sequences. 

Han and Bhanu (2005) [12] proposed a GR method for infrared images based on 
average silhouettes for each gait cycle. The silhouettes are obtained using back-
ground subtraction, and average silhouettes are obtained as in [11]. Then, PCA is 
applied to reduce feature dimensionality, and after MDA is applied to obtain better 
class separability. Good recognition accuracy is reported in a database containing 
only five people.  

Tan, Huang, Yu and Tan (2006) [13] present another GR method for infrared im-
ages; their method is similar to [12], but they propose removing the bottom of the 
silhouette and using only the head-torso-thigh region. A similarity function based on 
the Euclidian distance is used for recognition. 

In these works, the GR is done through a similarity function based in a distance 
function, it has allowed getting good results however, these methods do not offer a 
unique solution; they provide an ordering on the similarity between the training se-
quences and the sequence to be classified. Therefore, in this paper we propose two 
new methods for Gait Recognition based on Silhouette, Contour and Classifier En-
sembles giving a unique solution as output. 

3   Proposed Methods 

In this section, two methods for gait recognition using contour and silhouette of a 
walking person, based on classifier ensembles, are introduced.  

Average silhouettes preserve information about the motion and shape of the whole 
human body during the gait, high intensity pixels represent the most stable part of the 
body, and low intensity pixels represent the most dynamic parts. In the average sil-
houettes, most of the motion is captured in the border; therefore most of this motion 
information could be preserved if only the average contour is considered. Since our 
method is based on classifier ensembles, using average silhouette and average con-
tour, separately, to train different classifiers will provide diversity, which would help 
to improve the classification accuracy.  

Both proposed methods perform a preprocessing step, where, as in [9], the silhou-
ette is extracted by separating the background from each frame through background 
subtraction. In order to eliminate noise, the silhouette is binarized and dilation and 
erosion (morphological operators) are applied. The binary images are standardized 
and normalized into a uniform size like in [7], i.e. 129×130 pixels. Due to the average 
silhouette is a robust representation with respect to segmentation errors and it does not 
depend on the choice of the starting stance of the gait period [8], we propose to use it, 
in our methods, as a representation of the gait. 

For computing the average silhouette, the gait period length, denoted as N, is esti-
mated. Since the width of the silhouette in pixels reaches a maximum when the two 
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legs are farthest apart and it drops to a minimum when the legs are overlapped; the 
gait period length is considered as the number of frames contained between two con-
secutive maximums. This interval between two consecutive maximums defines one 
step [9]. Therefore, given a sequence S of binary silhouettes and the gait period length 
N, the sequence is partitioned into sub-sequences iS  of gait period length, following 
[11] for each subsequence (or step) an average silhouette AS(i) is obtained using (1) 

1
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images in the whole gait sequence.  
The average silhouettes of all the stored gallery sequences are used as training for 

an ensemble of classifiers, which will recognize unseen sequences. In our approach, 
the training sequences and the probe or new sequences to classify must have the same 
number of average silhouettes. The first ensemble’s classifier is trained with the first 
average silhouette in the sequence; the second classifier is trained with the second 
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Fig. 1. (a) Method 1.1,   (b) Method 1.2 
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average silhouette and so on. The recognizing is performed by majority voting of the 
results of each classifier. 

In our methods, Principal Component Analysis (PCA) and Multiple Discriminant 
Analysis (MDA) combined, as feature extraction, over the average silhouettes, to get 
a low dimensional and class separability simultaneously [12], are applied. The whole 
method can be seen in the figure 1a. A variant of this method considering besides the 
average silhouettes, the average contour of these silhouettes is shown in the figure 1b. 
Adding the average contour implies adding another classifier in the ensemble. In 
order to classify a new sequence its average silhouettes (and the average contour for 
the method 2.1) are computed and each one is given to one classifier in the ensemble. 
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As a second method, we propose to use the average silhouette but in the whole se-

quence instead of the average silhouettes per period, see figure 2a. In this case, unlike 
methods 2.1 and 2.2, the same information (average silhouette) is given to each classi-
fier of the ensemble. In the figure 2b a variant of this method considering the average 
silhouette in the whole sequence and the average contour in the sequence, is shown. 

4   Experimental Results 

For the experimental evaluation of our methods, we used the database CASIA [14]. 
This database contains human gait sequences in visible (20 persons each one with 4 
sequences) and infrared (140 persons each one with 4 sequences). In our experiments, 
the first three strides were used because all the persons walked at least three strides. 
After several tests analyzing different classifiers, for method 1.1 KNN, SVM, and 
KLLDC were chosen for the ensemble. Due to method 1.2 uses the average contour 
and in order to avoid ties in the voting step, besides classifiers used for average  
silhouettes in method 1.1, the classifiers KNN and SVM were used for the average 
contour. In the method 2.1 LDC, SVC, and KLLDC classifiers were chosen in the 

     (a)              (b)
 

Fig. 2. (a) Method 2.1,  (b) Method 2.2 
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ensemble. While in the method 2.2, besides the classifiers for the silhouette, KLLDC 
and SVC classifiers were added for the average contour. The use of some of these 
classifiers has been reported in previous works but not in an ensemble [11,12,13].  

The training set for our experiments was built with all the sequences of each person 
except one which was used as probe sequence. In order to evaluate our methods, this 
process was repeated M times being M the number of sequences per person and the 
probe sequence was classified by the ensemble. The average accuracy was computed 
as the number of correctly classified sequences divided by the total number of se-
quences per person multiplied by 100. 

Table 1. Results of proposed methods in visible and infrared normal walking sequences 

Database Method Num. of persons Accuracy 
1.1 20 91.30 
1.2 20 93.50 
2.1 20 100 

Casia 
(Visible) 

2.2 20 100 
1.1 46 97.30 
1.2 46 99.00 
2.1 46 100 
2.2 46 100 
1.1 80 98.13 
1.2 80 99.07 
2.1 80 100 

Casia 
(Infrared) 

2.2 80 100 

 
In table 1, the results obtained with our methods using normal walking sequences 

(visible and infrared) from CASIA database are shown. The methods 2.1 and 2.2 got 
the best results having a perfect recognizing in all the experiments. In these experi-
ments always, the method 1.2 was better than the method 1.1. 

Table 2. Comparation of results of our methods against other methods 

 
In table 2, a comparison of our methods against the methods reported in [11,12,13] 

are shown. It is important to point out that all the methods (proposed and reported) 
were implemented and tested on the same computer. For all the methods, the same 
DB having figures in the same format and size as the same evaluating method were 
used. In this experiment, in addition to the accuracy, the recognizing in terms of the 
persons correctly classified was computed, in this case a person was considered as 
recognized if more than the half of sequences for this person was correctly classified, 
in our experiments if three sequences of its four sequences were correctly classified. 
 

Method 
Database 

Num. 
of 

person 

Recognizing 
by 

1.1 1.2 2.1 2.2 

[11] [13] [12] 

Sequence 91.3 93.5 100 100 83.8 88.8 43.8 Casia 
(visible) 

20 
Person 95.0 95.0 100 100 90.0 85.0 30.0 

Sequence 97.3 99.0 100 100 99.0 96.0 96.2 Casia 
(Infrared) 

46 
Person 100 100 100 100 100 100 97.9 
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Table 3. Results training with normal walking sequences and classifying with quick and slow 
walking sequences 

Method 
Database 

Num 
persons 

Experiment 

1.1 1.2 2.1 2.2 

[11] [13] [12] 

Training: 
normal 

Test: slow 
99.0 99.0 97.9 93.5 83.7 74.0 54.4 

Casia 
(Infrared) 

46 
Training: 
normal 

Test: quick 
93.5 93.5 93.5 84.9 91.4 90.0 70.7 

As it is possible to see, from table 2, the best results again were obtained by the 
methods 2.1 and 2.2. While the methods 1.1. and 1.2 outperformed the methods pro-
posed in [11,12,13]. 

In the last experiment, the classifiers were trained with normal walking sequences 
and then slow and quick walking sequences were classified. The best results of accu-
racy were obtained by methods 1.1 and 1.2, see table 3. In this case, the methods 2.1 
and 2.2 outperformed the methods proposed in [11,12,13]. 

5   Conclusions 

In this paper, two new methods for Gait Recognition based on silhouette and contour, 
using a classifier ensemble were introduced. Based in our experiments we can con-
clude that using contour, silhouette and combining different classifiers in an ensemble 
it was possible to get better recognizing accuracy in visible and infrared sequences 
than other recent similar methods. The best results for normal walking were obtained 
by our methods 2.1 and 2.2. 

In our last experiment, when the ensemble was trained with infrared normal walk-
ing sequences and slow and quick walking sequences were classified, the best result 
was obtained by the method 1.1 followed by method 1.2. 

As future work, we are going to test other feature extraction methods and the use of 
other classifiers in the ensemble in order to try improving the accuracy for sequences 
in the visible. In addition, we will test our methods with sequences taken in different 
camera angle and in sequences of different gait types as slow walking, quick walking, 
jog and run. 
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