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Abstract: Gait identification task becomes difficult due to the change of appearance by 
different cofactors (e.g., shoe, surface, carrying, view, and clothing). Some parts of gait 
are affected by cofactors and other parts remains unaffected. Most of the gait 
identification systems consider only most effective parts thereby omitting less effective 
parts.  However some significant features for gait identification resides in less effective 
parts and are important for more accurate recognition.In this paper, adaptive fusion of part 
based gait identification is proposed. The proposed gait identification adaptively fuses the 
best informative less effective part with the most effective parts. The best informative less 
effective part is selected by using Multi objective adaptive PSO to the varying threshold 
value. These parts are fused using adaptive fusion method and from these fused parts, the 
variance ratio is estimated and recognition is done based on variance threshold value. The 
variance threshold value is calculated based on Particle Swarm optimization (PSO) which 
dynamically calculates the threshold value for varying parts. Experimental result of 
proposed system achieves better result when compared with recognition using EnDFT. 
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1. Introduction 

Gait is defined as the way people walk and is a complex activity that cannot be changed 
and is rigid. Gait has been involved as an active subject in the field of medicine for 
diagnostic purposes [11], sports [24], and also for age and gender classification [2], for 
quite a long time. According to Muray [17], gait is naturally cyclic and is a unique 
personal characteristic for each individual. Gait can also be used as a form of biometric to 
identify persons [4, 7, and 26] by their walking and can also be applied to any motion of 
foot or even running. With the advent of technology, factors such as aspect ratio of torso, 
clothing, period of walking angle, amount of arm swing can also be considered for 
recognition. Gait is considered advantageous over other biometrics as it does not involve 
any equipment or subject cooperation for measurement. Moreover disguising gait is 
difficult as it makes the person more suspicious. However conditions such as heavy 
clothing, shoes, carrying objects or physical changes due to injury, pregnancy or loss of 
weight etc., may affect gait to a certain extent thereby affecting recognition accuracy. In 
this paper, human body is divided into most effective and less effective parts based on the 
effect of various co factors like clothing, illumination and environment. Particle Swarm 
optimization is used for adaptive fusion of best less effective and most effective parts for 
efficient recognition. The performance of this method is compared with the gait 
recognition done using frequency-domain gait entropy known as EnDFT which takes into 
consideration only the most effective parts. 
     The paper is organized as follows background review is discussed in section 2, section 
3 discusses about the proposed work,  section  4 discusses about datasets  used in this 
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work and section 5 presents the experimental results and analysis and section 6 deals with 
conclusions. 

2. Background Review 

Gait recognition methods can be grouped into two namely Model-based and appearance 
based methods. Model based methods usually include parameters such as cadence, joint 
angles [5, 8, 27, 23] and stride length. In appearance based methods [4, 16] the features 
extracted by using Gait Energy Image (GEI) [9], Fourier Transform [1, 22], Temporal 
correlation [21] etc., are used. Since it needs to be considered that image based gait 
recognition is susceptible to a number of cofactors like back pack, clothing variations etc., 
a number of methods [10,15,3,28,13] have been proposed to reduce the effect of these 
variations. Hossain et al.[10] proposed a part-based gait identification method. According 
to this method, all these cofactor variations are predicted   and stored in the database. 
According to Liu et al.[15], the entire body is divided in to four parts and recognition is 
done by the weighted integration of all parts. In this method, the correct weight for every 
person’s body area should be determined in advance. In case if the user assumption is 
different from the person appearance, classification accuracy will be reduced. Bashir et 
al.[3] explained GEnI (Gait entropy Image) in which the features are extracted from the 
selected common dynamic areas among the subjects images and images in the database. 
Zhang et al. calculated the difference between two adjacent images [28] to estimate the 
average image of active regions. 
    Gait recognition can be done effectively by dividing the body parts into different 
components [10,6, 12, and14]. Lee and Grimson [12] proposed a method for gender 
classification and person identification by dividing the human body into different 
components. Li. et.al [14] proposed effective components of human body that can be used 
for gender recognition and used seven components for gait recognition which can be 
combined together in certain combinations for gait recognition. Hossain et al. [16] 
proposed a method of dividing the entire body into eight different parts for reducing the 
effect of different combinations of clothing by assigning higher weights to the 
uninfluenced body parts and less weights to the influenced body parts. Rokanujjaman et 
al. [19] proposed a method of division of the entire body into three effective parts and two 
less effective parts which is based on the recognition accuracy of each row of gait 
features. Rokanujjaman et al. [20] further proposed a method of segmenting the body 
parts into three more effective parts and two less effective parts based on the effect of 
cofactors. They used a technique using EnDFT in which more emphasis was given to the 
dynamic areas which are less affected due to the presence of cofactors, than the static 
areas which are more affected. In this paper, the most effective parts are fused with Best 
Informative Less Effective (BILE) part. BILE part is selected by using particle swarm 
algorithm. Finally proposed gait recognition is compared with gait recognition using 
EnDFT.  
     Gait recognition system can be used in a number of circumstances. If an individual 
walks by the camera whose gait has been earlier recorded and if the person poses a 
security threat, then the gait recognition system will identify the person and then the 
concerned authorities will be automatically alerted. This kind of system has strong 
application in airports, banks and areas, where security is of prime importance. 

3. Proposed Work 

Gait recognition is largely affected by various covariate factors. The highly affected parts 
are considered as redundant.The existing work of gait recognition using EnDFT uses only 
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the most effective parts for gait recognition thereby omitting the Best Informative Less 
Effective parts (BILE). Some important features required for gait recognition resides in 
less effective parts which are not considered, which in turn reduces the recognition 
accuracy. In this proposed technique, the BILE part is selected by using Multi objective 
adaptive PSO. Finally most effective parts and BILE part are fused by using adaptive 
fusion technique. Figure 1 shows the model flow diagram of the proposed work. 

 

Figure 1: Model Flow Diagram 
      The gait recognition system consists of two parts. The first one is training part and the 
next is testing part. In the training phase, an individual’s walking style is recorded and 
stored in the data base. In testing phase the input videos are compared with sequences 
stored in database. System will identify unauthorized individual and compare his gait with 
stored sequences and recognize him. This system finds wide application in factories and 
defence systems etc., where security is a major concern. 
      The system contains N video clips in the training set {X1, X2….XN}. Separate each 
video into k subsets along the particular time axis, each of which contains M frames 
including at least one walking cycle. The video sequences are taken as an input in testing 
phase. Each video clip contains Mi frames and there are totally N= Mi frames. 
     By using background subtraction, the silhouettes are extracted from each frame of a 
sequence. The preprocessing is applied in extracted silhouettes. Preprocessing is a 
technique which is used to enhance the silhouettes extracted from frames. Here 
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morphological filters are used for removing the noise and improve the image quality. The 
gait energy image of the subject b is 𝑔𝑏(x, y), which is calculated by using the equ1 
                                               𝑔𝑏(𝑥,𝑦) =  1

𝑚
∑ 𝑓𝑏𝑏 (𝑥,𝑦,𝑏)
𝑚
𝑏=1  (1) 

where, m is the number of frames contained in current gait cycle and 𝑓𝑏𝑏 (𝑥,𝑦,𝑏) is the ith 
silhouette image sequence for the subject b. The body parts include local minimum 
(minimum weight value) which have negative effect in overall recognition rate and local 
maximum (maximum weight value) which shows very good positive effect in overall 
recognition rate. The local maximums are selected as more effective parts and the local 
minimum are selected   as less effective parts.  
     Appearance based gait recognition is hugely affected by different covariate factors. 
This trouble can be decreased significantly by dividing the gait silhouette into number of 
parts.So the whole body is divided into five parts as three effective parts (𝐸𝐸𝑏), {i= 1, 2, 
3} and two less effective parts (𝐿𝐸𝐸𝑗), {j = 1, 2}. The static and dynamic areas are 
estimated by computing DFT based entropy gait representation from frequency domain. It 
is simple to generate EnDFT directly from DFT features by just computing the entropy. 
The intensity value of the proposed EnDFT is computed from DFT using the eqn. (2). 
                    H(x, y) = −∑ Pj1

j=0 (x, y)log2pj(x, y)                                                                     (2) 
where,𝐸1(x, y) is the intensity value of DFT and 𝐸0(x, y) = 1 − 𝑝1(x, y). 

The weight value can be calculated by using (3), 
                                                      𝑊𝑏 =  1−( 𝐹𝐹𝐹𝑖+ 𝐹𝐹𝐹𝑖)

𝑀−∑𝑀𝑙=1 ( 𝐹𝐹𝐹𝑙+𝐹𝐹𝐹𝑙)
                                                 (3) 

where, FAR-False Acceptance Rate, FRR –False Rejection Rate. 
     The body parts which have more weight are known as most effective parts and this 
includes dynamic areas. The remaining parts are less effective parts which have low 
weights and this includes static areas. According to the weight values most effective parts  
are fully extracted for recognition. To increase the accuracy best informative less effective 
part is also considered. Here, the best informative less effective part is selected by using 
Multi objective Adaptive Particle Swarm Optimization (MAPSO).The most commonly 
used population-based evolutionary computation techniques is PSO. It is a cost optimized 
solution, easy to implement and there are few parameters to adjust and reduce the number 
of iterations compared to other optimization technique such as genetic algorithm. So, PSO 
is used for selecting the best part among the less effected informative parts.The proposed 
system takes varying thresholds ti, ti+1....... tn that are given to the  particles (less effective 
parts ) P1.......Pn.. The variance threshold value is calculated based on efficient Machine 
learning algorithm namely Particle Swarm optimization (PSO) which dynamically 
calculates the threshold value for varying parts. Each less effective partPi  is having 
threshold ti values. The fitness value of each less effective part is calculated and this is 
compared with the best fitness value. If the fitness value of less effective part Pi is more 
than best fitness value then that fitness value of Pi becomes the new best fitness value of 
particles. Select the less effective particle Pi with the best fitness value which is the global 
best (gbest). 
     The particle in the PSO will move to a new position in the multidimensional solution 
space depending upon the particle’s best position which is also referred to as local best 
position and global best position. After completion of every iteration, the position of the 
particles are updated. The velocity vector of each particle represents the forthcoming 
movement details. The velocity equation of a particle of the PSO, at an instance (t+1), can 
be represented as follows using (4). 
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                 V [t + 1] = v[t] +  c1 ∗  rand(1) ∗ (p best− X[t]) + c2 ∗ rand(2) ∗ (gbest − X[t])     (4) 
where, V [t+1] - particle velocity 
pbest - particle  best solution 
gbest- global best solution.  
rand (1), rand (2) - random number between (0, 1). 
c1, c2 - learning factors. 
After the calculation of particle velocity the particle position can be updated using equ5 
                                    X[  t + 1]  =  X[ t]   +  v[t + 1]                                           (5) 

The maximum iteration is performed until the best fitness value is obtained and the best 
informative less effective feature is finally selected. 

3.1  Adaptive Fusion Technique 

The model of product rule assumes that the parts are independent of each other. Each part 
generates an independent observation, and then the joint likelihood of n parts can be 
expressed as: 
                                   P(z1 … … . . zn |x) = ∏ 𝑝(𝑧𝑏|𝑥)𝑛

𝑏=1                                                  (6) 
In the above formula:𝑧𝑏 is the observation of most effective parts and best informative less 
effective part which is independent of each other, x is the state of estimated target. For 
example i=1, 2, 3 are the most effective parts and i=5 is best informative less effective 
part.The most effective parts are adaptively fused with selected best informative less 
effective part. 

3.1.1 Multiobjective PSO Algorithm 

Step 1:  Initialize particle 
Step 2:  For each particle  
Step 3:  Do 
Step 4: For each less effective part with the threshold ti. 
Step 5:  Calculate fitness value (accuracy) 
Step 6: If calculated fitness value of particle is better than the current fitness value. Set 
 current position as local best  
Step 7:  Choose the particle with the highest fitness (accuracy) value as global best. 
Step 8:  Compute particle velocity 
Step 9:  Update particle position 
Step 10: While maximum iteration until the best fitness value occurs with best threshold  
Step 11: Return the best less effective part with highest (best) threshold. 
Step 12: End 
Step 13: Fusion of most effective parts with adaptively selected best informative less 
effective part by using adaptive fusion method.  
Step 14: Obtain the fused parts and thus used for part-based gait identification 
After the completion of adaptive fusion the parts are compared in a database. The identity 
of an individual having the most similar gait sample is selected and confirmed as the 
recognition result. 

4. Data Set Description 

The experiments for this work have been carried out using CASIA B dataset [18]. The 
figure 2 below shows the sample images of the dataset. 
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Figure 2: Sample Images of the Dataset 

The dataset B contains videos of 124 people each having 10 walking sequences. In 
addition there are six samples for each subject, two sequences under normal conditions, 
two sequences with people using shoes for walking, and two sequences with people 
wearing coats while walking.  

5.    Experimental Results and Discussion 

5.1 Performance Metrics 

The performance of the gait recognition system using PSO is evaluated using metrics such 
as accuracy, precision, recall and F-measures.  
Accuracy is defined as the proportion of true positives and true negatives among the total 
number of features examined. 

                                    Accuracy = (𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑏𝑇𝑏𝑇𝑇+𝑇𝑇𝑇𝑇𝑛𝑇𝑇𝑇𝑇𝑏𝑇𝑇)
(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑏𝑇𝑏𝑇𝑇+𝑇𝑇𝑇𝑇𝑛𝑇𝑇𝑇𝑇𝑏𝑇𝑇+
𝐹𝑇𝐹𝑇𝑇𝑇𝑇𝑇𝑏𝑇𝑏𝑇𝑇+𝐹𝑇𝐹𝑇𝑇𝑛𝑇𝑇𝑇𝑇𝑏𝑇𝑇)

                                           (7) 

Precision is the fraction of identification of parts that are relevant. 
                                  Precision =    𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑏𝑇𝑏𝑇𝑇

(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑏𝑇𝑏𝑇𝑇+𝐹𝑇𝐹𝑇𝑇𝑇𝑇𝑇𝑏𝑇𝑏𝑇𝑇)
                                      (8) 

Recall is the fraction of correct parts that are identified. 
                                              Recall = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑏𝑇𝑏𝑇𝑇

(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑏𝑇𝑏𝑇𝑇+𝐹𝑇𝐹𝑇𝑇𝑛𝑇𝑇𝑇𝑇𝑏𝑇𝑇)
                   (9) 

The F-Measure computes some average of the information retrieval precision and recall 
metrics  

                                          𝐹 − 𝑚𝑚𝑚𝑚𝑚𝑚𝑚=2∗𝑇𝑇𝑇𝑝𝑏𝑇𝑏𝑇𝑛.𝑇𝑇𝑝𝑇𝐹𝐹
𝑇𝑇𝑇𝑝𝑏𝑇𝑏𝑇𝑛+𝑇𝑇𝑝𝑇𝐹𝐹

                                              (10) 
where, True Positive= actual parts which are correctly identified. 
 False Positive= parts which are incorrectly identified 
 True Negative= parts that are correctly rejected 
 False Negative= parts which are incorrectly rejected. 

5.2   Results and Discussion 

The results obtained for recognition using adaptive fusion and recognition using EnDFT 
are discussed as follows: 
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                  Figure 3: Accuracy               Figure 4: Precision 

 

 
                        Figure 5: Recall                   Figure 6:F-Measure 

 
     The Figure 3and Figure 4 show the accuracy and precision obtained for recognition 
using adaptive fusion and recognition using EnDFT. They show that accuracy and 
precision obtained using adaptive fusion method is better when compared to using 
EnDFT. 
     Figure 5 and Figure 6 show the recall and F-Measure obtained using adaptive fusion 
method and they show that recall and F-Measure obtained using adaptive fusion method is 
better when compared to using EnDFT. The corresponding results of the recognition using 
EnDFT and recognition using adaptive fusion are evaluated and it is evident that the 
recognition accuracy is more in the case of recognition using adaptive fusion in which the 
BILE parts are also considered. 

6.   Conclusion 

The proposed work of gait recognition using adaptive fusion takes into consideration both 
the most effective and best informative less effective parts. The method was carried on 
CASIA dataset B and the performance was compared with recognition done using 
EnDFT. The proposed method shows better accuracy at all levels and further work can be 
explored by using other optimization techniques and evaluate the performance of the 
method. 
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