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a b s t r a c t 

Gait can be used to recognize people in an uncooperative and noninvasive manner and it is hard to imi- 

tate or counterfeit, which makes it suitable for video surveillance. The current solutions for gait recogni- 

tion are still not robust to handle the conditions when the view angles of the gallery and query are differ- 

ent. We improve the performance of cross-view gait recognition from the perspective of metric learning. 

Specifically, we propose to use angular softmax loss to impose an angular margin for extracting separa- 

ble features. At the same time, we use triplet loss to make the extracted features more discriminative. 

Additionally, we add a batch-normalization layer after extracting gait features to effectively optimize two 

different losses. We evaluate our approach on two widely-used gait dataset: CASIA-B dataset and TUM 

GAID dataset. The experiment results show that our approach outperforms the prior state-of-the-art ap- 

proaches, which shows the effectiveness of our approach. 

© 2021 Elsevier Ltd. All rights reserved. 
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. Introduction 

Gait, which is the way people walk, can be used to identify per- 

on’s identity. Compared to other biometrics, gait recognition has 

everal benefits. A unique advantage of gait as a biometric is that 

t offers the potential to recognize people at a distance or at a 

ow resolution, as long as the video can capture the whole body 

ovement, while other biometrics might not be perceivable. Also, 

ait recognition can identify human in an uncooperative and non- 

nvasive manner. It can recognize people without the subject even 

nowing, while other biometrics like face or fingerprint require ex- 

licit cooperation from the subject. Furthermore, gait is a dynamic 

ehavioral feature, which makes it hard to camouflage or imitate. 

Most of the methods that solve the problem of gait recognition 

an be divided into the following two categories: model-based ap- 

roaches and appearance-based approaches. 

Model-based approaches first model human body utilizing the 

D or 3D structure of the human body, and then use the model 

o capture discriminative features. Model-based approaches are ro- 
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ust against appearance variations and view variations. However, 

hey are usually sensitive to the effectiveness of the model and re- 

uire the camera to capture the video well enough to generate the 

odel. 

On the other hand, appearance-based approaches directly ex- 

ract discriminative features from the video. Due to the fact that 

hey do not need to explicitly build the model, they require lower 

mage resolution than model-based approaches. The most typical 

ppearance-based method is the Gait Energy Image (GEI) [1] tem- 

late. It first segments the image to get the sequence of walk- 

ng silhouettes, then averages the sequence along the time dimen- 

ion to get the GEI template and uses Principal Component Anal- 

sis (PCA) or Multiple Discriminant Analysis (MDA) to perform di- 

ensionality reduction. The vector after transformation is the final 

epresentation for the gait sequence. Shiraga et al. [2] trained an 

ight-layer neural network to classify the GEI template. Simple as 

t is, it can achieve promising results on some simple experiment 

ettings. However, due to the averaging process, GEI template will 

ose dynamic information of the sequence. 

There are many factors that can affect people’s walking ap- 

earance, such as walking speed, clothes, shoes, carrying bags 

nd view angles. When recognizing person with a different view 

rom the gallery, the recognition rate drops significantly [3] . In or- 

er to make gait recognition more suitable for practical applica- 

ions, a cross-view gait recognition system that is robust to bag- 

https://doi.org/10.1016/j.patcog.2021.108519
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patcog.2021.108519&domain=pdf
mailto:fenghan@smail.nju.edu.cn
mailto:lixj@smail.nju.edu.cn
mailto:jianzhao@nju.edu.cn
mailto:frshen@nju.edu.cn
https://doi.org/10.1016/j.patcog.2021.108519


F. Han, X. Li, J. Zhao et al. Pattern Recognition 125 (2022) 108519 

c

i

r

c

l

p

i

d

b

t

e

f

f

s

t

c

r

i

n

c

t

t

s

f

s

t

e

n

s

l

b

d

t

a

t

l

s

c

(

O

 

l  

a

a

s

2

t

a

2

t

m

c

m

c

p

a

d

h

s

s

i

L

p

n

t

t

t

2

p

v

o

o

r

s

a

t

T

v

v

e

m

t

p

2

s

c

e

f

g

c

s

v

a

p

arrying condition variations and coat-wearing condition variations 

s needed. 

Recently, deep neural networks have been widely used in a va- 

iety of computer vision tasks, including face recognition, image 

lassification, image segmentation, etc. Approaches based on deep 

earning fall into the second category, i.e., appearance-based ap- 

roaches. Due to the fact that traditional CNNs can only process 

mage data while gait recognition often requires processing video 

ata, how to fuse the temporal information is a problem that must 

e solved. Wu et al. [4] proposed 3D-CNN architectures to ex- 

ract features from frames and fuse temporal information. How- 

ver, this type of architecture can only take a fixed number of 

rames as input. The general solution is either random sampling 

rom the sequence, or using a moving window to split the whole 

equence and then average the resultant feature vectors. Due to 

he fixed length of input sequence, 3D CNN is usually unable to ac- 

ess the whole sequence which will lead to information loss. Other 

esearchers use the LSTM (Long Short-Term Memory) to model- 

ng temporal information [5–7] . However, LSTM architectures are 

ot able to process temporal data in parallel, which is very time- 

onsuming. Chao et al. [8] treated gait sequence as a set, based on 

he assumption that the appearance of a silhouette already con- 

ained its positional information. Under this assumption, they de- 

igned an effective architecture called GaitSet to extract feature 

rom a set of walking silhouettes and achieved state-of-the-art re- 

ults. However, they only used triplet loss [9] to guide the network 

o extract discriminative features. It still suffers from a weak gen- 

ralization capability from the training set to the testing set. 

In this paper, we propose a new loss function for gait recog- 

ition, which can guide the network to map the gait feature to a 

eparable yet discriminative feature space. The loss function uti- 

ize angular softmax (A-Softmax) loss [10] , which learns a separa- 

le feature in the cosine space, and triplet loss [9] to increase the 

istance between feature vectors of different subjects and decrease 

he distance between the feature vectors of the same subject. Our 

pproach uses the most effective architecture of gait recognition 

o date, GaitSet, as our backbone network. Using our proposed 

oss function, our results on CASIA-B dataset [3] under cross-view 

cenarios with bag-carrying condition variations and coat-wearing 

ondition variations and TUM Gait from Audio, Image and Depth 

GAID) dataset [11] exceed the previous state-of-the-art results. 

ur main contributions can be summarized as follows: 

• We propose a new loss function that guides the network to 

map the gait feature to a separable yet discriminative feature 

space. Our loss function utilizes A-Softmax to learn a separa- 

ble feature in the cosine space and triplet loss to increase the 

distance between feature vectors of different subjects and de- 

crease the distance between the feature vectors of the same 

subjects. 
• A-Softmax and triplet loss are optimized in different spaces. In 

order to make the training process feasible, we add a batch- 

normalization layer after extracting gait feature (before the last 

fully-connected layer) to reduce the impact of optimizing two 

different losses. 
• We conduct comprehensive experiments on CASIA-B dataset 

and TUM GAID dataset. CASIA-B dataset contains 11 views of 

each walking sequence and 3 different appearance/condition 

variations (i.e., normal, bag, and coat). Although the TUM GAID 

dataset just has one view angle, it can be used to test the gen-

eralization performance of the model. The experiment results 

show that using our loss function with GaitSet as our backbone 

network exceeds the previous state-of-the-art performance un- 

der the same experiment settings. 

The rest of this paper is organized as follows. We present re- 

ated works in Section 2 . In Section 3 , we introduce our proposed
2 
pproach. The experiment results showing the effectiveness of our 

pproach are presented in Section 4 . Finally, we present conclu- 

ions and discussions in Section 5 . 

. Related work 

The researches on gait recognition can be roughly divided into 

wo categories: model-based approaches and appearance-based 

pproaches. 

.1. Model-based approaches 

Model-based approaches first model the human body utilizing 

he 2D or 3D structure of human model, and then exploit the 

odel to generate discriminative features. 

Dockstader et al. [12] introduced the concept of soft kinematic 

onstraints by using a hierarchical, structural model of the hu- 

an body. Luo et al. [13] used multi-view gait silhouettes to re- 

onstruct 3D parametric gait model by an optimized 3D human 

ose, shape and simulated clothes estimation method. Ariyanto 

nd Nixon [14] used a structural model including articulated cylin- 

ers with 3D Degrees of Freedom (DoF) at each joint to model the 

uman lower legs. Wang and Yan [15] proposed a novel gait repre- 

entation called area average distance and ensembled the results of 

everal view-specific Hidden Markov Model (HMM) gait learners to 

mprove the cross-view gait recognition performance. Furthermore, 

iao et al. [16] recently proposed PoseGait exploiting human 3D 

ose estimated from images by CNN as the feature for gait recog- 

ition. 

Model-based approaches are robust against appearance varia- 

ions and view variations. However, they are usually sensitive to 

he effectiveness of the model and require the camera to capture 

he video well enough to fit the model. 

.2. Appearance-based approaches 

Appearance-based approaches (also known as model-free ap- 

roaches) aim to directly extract discriminative features from the 

ideo. Spatial-temporal templates are the most widely-used meth- 

ds. Han et al. proposed GEI [1] template, which is the average 

f the silhouettes along time dimension and achieved promising 

esults under some simple experiment settings. Despite its great 

uccess, GEI template is sensitive to some variations like clothing 

nd view angles because the averaging process can cost informa- 

ion loss. 

To make gait recognition more robust to view variations, View 

ransformation Models (VTM) [17] is proposed to transform the 

iew angle of the probe gait templates to the gallery corresponding 

iew angle. However, the overall performance of gait recognition 

ssentially depends on the quality of the transformed results. 

With the rapid development of convolutional neural networks, 

ore and more researchers use deep learning based approaches 

o handle gait recognition problems. The deep learning based ap- 

roaches can be further divided into two categories: 

.2.1. Generative approaches 

Generative approaches usually transform different gait repre- 

entations of different view angles or different conditions to a 

ommon view angle or condition. Yu et al. proposed to use a gen- 

rative adversarial networks (GAN) [18] to transform GEI template 

rom any given view angles to the same view angle and from any 

iven carrying conditions or clothing condition to normal walking 

ondition. He et al. [19] proposed a multi-task generative adver- 

arial network to transform view-specific gait features to another 

iew, based on the assumption that gait images with view vari- 

tions lie on a low-dimensional manifold. Zhang et al. [20] pro- 

osed View Transformation GAN (VT-GAN), which utilizes triplet 
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oss to preserve identity information. Han et al. [21] proposed a 

ulti-view alternating back-propagation algorithm to learn multi- 

iew generator networks by allowing them to share common la- 

ent factors. The drawback of the generative approaches is that it 

s sensitive to the generated images or features and sometimes are 

ot optimal due to the generation process. 

.2.2. Discriminative approaches 

Discriminative approaches aim to directly learn discriminative 

ait representations. Wu et al. [4] first introduced deep CNNs to 

ait recognition. They trained several networks to extract the sim- 

larity of two input sources (e.g., GEI templates or sampled sil- 

ouettes). Takemura et al. [22] carefully designed networks using 

ontrastive loss for the gait verification task and triplet ranking 

oss for the gait recognition task. Depending on the view angle, 

hey further designed high-level and low-level structures to explic- 

tly choose when to compute the difference of two input features. 

his approach requires the knowledge of probe and gallery view 

ngle. Castro et al. [23] used a CNN to learn high-level descrip- 

ors from stacked optical flow components. Zhang et al. [6] explic- 

tly disentangled temporal-based gait feature and frame-based ap- 

earance feature by an auto-encoder network. Chao et al. [8] pro- 

osed to view the sequence of walking silhouettes as a set and 

o directly extract feature from the set, based on the assump- 

ion that the appearance of one silhouette already contained its 

ositional information. Zhang et al. [7] proposed to learn effec- 

ive spatial-temporal features by a learned horizontal partition and 

ombine the weighted results of each part by a score learned by 

n LSTM attention model as the final representations of gait fea- 

ures. Although deep neural network based models are able to 

chieve good performance in representation learning, deep learned 

eatures cannot be interpreted easily. To meet this demand, Yuan 

t al. [24] proposed a Gabor convolution module which showed 

oth good interpretability and superior performance. 

.3. Metric learning 

Gait recognition is a metric learning problem. The purpose of 

etric learning is to learn a map function to transform the input 

o a feature space, where the distance among features can repre- 

ent the similarity among the inputs. The metric learning has been 

pplied in a wide range of fields, including gait recognition, face 

ecognition, and person re-identification, etc. For instance, Zhang 

t al. [25] proposed a new cost function for metric learning used 

n person re-identification. The proposed method formulates it as a 

onstrained optimization problem by imposing a constraint on the 

inear transformation. The proposed cost function can be solved by 

n efficient matrix optimization method. 

Loss functions play an important role in deep metric learning as 

hey can guide the network parameters’ update direction. Choos- 

ng a proper loss function is essential for the performance. Typi- 

ally, there are two types of loss functions: classification-based and 

istance-based. 

.3.1. Classification-based loss functions 

Softmax loss function is the most popular loss function for clas- 

ification problems. It is very intuitive because for each input ten- 

or, it can compute a classification score for each class. For met- 

ic learning problems, during testing stage, the last fully-connected 

ayer is removed and its prior layer’s output is the extracted fea- 

ure vector. However, using softmax loss can only learn separa- 

le features [26] (i.e., can be separated using a decision bound- 

ry). For metric learning problems, we want the features to be dis- 

riminative (i.e., the distance between features of the same subject 

s smaller than that of different subjects). To alleviate this prob- 

em, Liu et al. [27] introduced the Euclidean margin to softmax 
3 
oss, and achieved promising result. However, the Euclidean space 

ay not be suitable for learning discriminative features [10] . Liu 

t al. [10] proposed A-Softmax loss to learn angularly distributed 

eatures, and introduced the angular margin in the cosine space. 

fter that, Wang et al. [28] changed the form of applying the mar- 

in, while the margin is still applied in the cosine space. 

.3.2. Distance-based loss functions 

Distance-based loss function directly aims at learning discrim- 

native features, which is more suitable in metric learning prob- 

ems. Wen et al. [26] proposed center loss to optimize the distance 

etween samples in the same category, by assigning a category 

enter to each category. Center loss only considered the intra-class 

istance, while the inter-class distance is also an important part 

o meet the goal of metric learning. Schroff et al. [29] proposed 

riplet loss to minimize the intra-class distance and at the same 

ime make the inter-class distance larger than the intra-class dis- 

ance by a margin. In order to ensure fast convergence, it is crucial 

o select triplets that violate the triplet constraint [29] . Triplet loss 

s difficult to optimize and mining hard triplets is crucial for learn- 

ng. Hermans et al. [9] introduced variants of the classic triplet loss 

hich makes mining of hard triplets unnecessary. They used only a 

riplet loss and no special layers to achieve state-of-the-art results 

or the human re-identification task by selecting the hardest pos- 

tive and the hardest negative samples within a mini-batch when 

orming a triplet for computing the loss. He et al. [30] proposed 

he triplet-center loss (TCL) to learn a center for each class and 

ims at making the distances between an instance and its corre- 

ponding center (instead of a positive instance) smaller than the 

istance between it and the center of different classes (instead of 

 negative instance). TCL can avoid the complex construction of 

riplets and the necessity of mining hard samples. Furthermore, Li 

t al. [31] used the cosine distance instead of the Euclidean dis- 

ance to compute the distance between instance and class centers, 

nd they achieved better results. Zhang et al. [7] proposed angle 

enter loss (ACL) for cross-view gait recognition problems. It as- 

igns a center to each view angle of each subject, and minimizes 

he maximum distance between features of the same subject’s dif- 

erent view angles. However, they only considered a cross-view 

ettings while the bag-carrying condition and clothing condition 

re also essential to gait recognition problems. 

. Proposed approach 

.1. Framework 

Our approach uses GaitSet [8] as the backbone network. The 

aitSet treats silhouette sequence as a set and is currently the 

ost effective network for gait recognition. Based on this network 

rchitecture, we propose a new loss function. The framework of 

ur approach is shown in Fig. 1 . Our overall framework is the same 

s the original GaitSet, the input of the network is a sequence of 

alking silhouettes, and the output is a set of features in different 

cale. During the testing stage, the features are concatenated into 

he final representation to compute the distance. 

.2. Review of loss functions 

.2.1. Softmax loss 

Softmax loss first normalizes the network output to [0 , 1] , 

hich can be viewed as the probability, then computes the loga- 

ithmic likelihood based on the probability. Let K denote the num- 

er of subjects in the training set, N denote the number of samples 
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Fig. 1. The framework of our proposed approach. Our loss function contains two parts: triplet loss and angular softmax loss. Due to the fact that triplet loss is optimized 

in the Euclidean space and angular softmax loss is optimized in the cosine space, we add a batch-normalization layer before the last fully-connect (FC) layer to make the 

training process feasible. 
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n the training set. Then softmax loss can be calculated as (1) . 

 sof tmax = 

1 

N 

N ∑ 

i =1 

− log 

( 

e 
W 

T 
y i 

x i + b y i ∑ K 
j=1 e 

W 

T 
y j 

x i + b y j 

) 

, (1) 

here W denotes the parameters of the last fully-connected layer; 

 i , i ∈ { 1 , . . . , N} , represents the extracted feature vector for the i th

alking sequence in the training set; y i denotes the corresponding 

abel of feature x i ; W j , j ∈ { 1 , . . . , K} , denotes the jth column of

he weight parameters W ; b j , j ∈ { 1 , . . . , K} , denotes the jth ele-

ent of the bias of the last fully-connected layer. 

The deep features learned by softmax loss are separable for 

lassification tasks, but it is hard to measure the similarity of them. 

n other words, softmax has not considered the distances among 

ntra-class samples, so it cannot achieve intra-class compactness 

nd inter-class separability. 

.2.2. Modified softmax loss 

The original softmax loss can only learn separable features in 

he Euclidean space, which may not be an optimal solution. The 

ast fully-connected layer can be viewed as computing the cosine 

istance of the corresponding class [32] . Performing optimization 

n the cosine space might be a better option. To achieve this goal, 

ust normalize 
∥∥W 

T 
j 

∥∥
2 

to 1, ∀ j ∈ { 1 , . . . , K} in each iteration and set

he biases to zero. The modified softmax loss can be computed as 

 mod i f ied −sof tmax = 

1 
N 

∑ N 
i =1 − log 

(
e 

W T y i 
x i ∑ K 

j=1 e 
W T y j 

x i 

)
= 

1 
N 

∑ N 
i =1 − log 

(
e 
‖ x i ‖ cos (θy i ,i 

) ∑ K 
j=1 e 

‖ x i ‖ cos (θ j,i ) 

)
, 

(2) 

here cos (θ j,i ) denotes the angle between the extracted feature x i 
nd the jth column of the fully-connect layer parameters W . 

Comparing with the original softmax, the modified softmax 

hanges from optimizing inner product to optimizing angles. The 

eatures learned by the modified softmax are angular distributions, 

ut may not be discriminative enough. 

.2.3. Angular softmax loss (A-Softmax) 

Angular softmax loss was first introduced in [10] to make the 

eatures further separable (i.e. maximizing inter-class distance and 

inimizing intra-class distance) by imposing an angular margin. 

he angular softmax loss can be calculated as (3) . 

 A = 

1 

N 

N ∑ 

i =1 

− log 

( 

e ‖ x i ‖ ψ(θy i ,i 
) 

e ‖ x i ‖ ψ(θy i ,i 
) + 

∑ 

j � = y i e 
‖ x i ‖ cos (θ j,i ) 

) 

, (3) 

here ψ(θy i ,i 
) = (−1) k cos (mθy i ,i 

) − 2 k , θ ∈ [ kπm 

, 
(k +1) π

m 

] and k ∈
 0 , . . . , m − 1 } , where m ≥ 1 is an integer hyperparameter that con-

rols the size of the angular margin. 

The A-Softmax utilizes an angular margin between the ground 

ruth class and other classes to maximize the distances among 
4 
nter-class samples. It makes the decision boundary more sepa- 

ated and stringent. However, A-Softmax is usually unstable and 

he setting of hyperparameter m needs to be carefully adjusted. It 

ses a fixed value to enlarge the margin for all classes, which may 

ot be suitable for all situation in practice. Moreover, it only uses 

he ground truth class to enlarge the feature margin, which does 

ot make the best use of the non-ground truth classes. 

.2.4. Contrastive loss 

Contrastive loss [33] is a distance-based loss function and is in- 

ended for siamese networks, whose input is a pair of samples. The 

roundtruth relationship y equals 1 if the two samples are from 

he same class and 0 otherwise. The contrastive loss can be com- 

uted using (4) . It tries to directly minimize the distance between 

wo samples belonging to the same class, and make the distance 

etween two samples from different classes larger than a given 

argin m . 

 c = yd 2 + (1 − y ) max (m − d, 0) 
2 
, (4) 

here d is the Euclidean distance between two samples. 

Compared with the classical classification loss functions, con- 

rastive loss directly minimizes the distances among intra-class 

amples and maximizes the distances among inter-class samples. 

s a result, it is able to map similar samples to nearby points on 

he output manifold and dissimilar samples to distant points. How- 

ver, the contrastive loss uniformly makes the distance of all the 

ame class samples to 0 and the different class to a fixed margin. 

his is a strict constraint for some samples having a larger differ- 

nce with other samples of the same class. 

.2.5. Batch-All (BA) triplet loss 

Triplet loss is another widely-used loss function for metric 

earning. Given an anchor sample, a positive sample from the same 

lass as the anchor and a negative sample from a different class, 

riplet loss tries to make the distance between the anchor and the 

egative sample larger than the positive sample. But the original 

riplet loss suffers from high computational cost. The performance 

s very sensitive to the sample mining strategies which require 

areful design. To avoid this problem, Hermans et al. [9] proposed 

he Batch-All (BA) triplet loss, which utilizes online hard example 

ining for triplet loss on entire mini-batch. It first samples a mini- 

atch which contains P people and each person has Q walking se- 

uences, then computes the total triplet loss with every possible 

ample treated as an anchor. The BA triplet loss can be computed 

s follows: 

 BA = 

all anchors ︷ ︸︸ ︷ 
P ∑ 

i =1 

Q ∑ 

a =1 

all pos. ︷︸︸︷ 
Q ∑ 

p=1 
p� = a 

all negatives ︷ ︸︸ ︷ 
P ∑ 

j=1 
j � = i 

Q ∑ 

n =1 

[
m − d i,a,p 

j,a,n 

]
+ , (5) 

 

i,a,p 
j,a,n 

= D ( f (x i a ) , f (x i p )) − D ( f (x i a ) , f (x j n )) , (6)
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Algorithm 1 Training Process. 

Input: Training data D , which contains N walking silhouettes se- 

quences of K people, batch size (P, Q ) , backbone network F , a 

BN layer BN, a FC layer F C, how many training epochs e , the ra- 

tio of different loss functions α. 

Output: Trained network F �, BN �, F C �. 

for i in [1 , N] do 

˜ D i ← align (D i ) 

end for 

for i in [1 , e ] do 

Random sample P people from N; 

for j in [1 , P ] do 

Random sample Q silhouettes sequences from person P j ; 

end for 

Combine sampled silhouette sequences into a tensor T ; 

Pass T to the network, f t ← F (T ) ; 

Input f t to the BN layer, f n ← BN(f t ) ; 

Input f n to the FC layer, x ← F C(f n ) ; 

Use f n to compute the BA triplet loss L BA with ( ?? ) ; 

Use x to compute the angular softmax loss L A with ( ?? ) ; 

Total loss L ← L BA + αL A 

Update network parameters � with backward propagation; 

end for 

return the trained network F �, BN �, F C �. 

3

t
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w

g
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d

N

here D ( ·, · ) denotes the Euclidean distance between two sam- 

les; x i is the sampled input data of person i ; f ( · ) is the neural

etwork that extracts features; m is a margin controls how much 

he distance between the anchor and the positive sample is greater 

han the distance between the anchor and the negative sample we 

ant. 

.3. Proposed loss function 

Combining the advantages of the above loss functions, we can 

uide the network to learn a separable and at the same time dis- 

riminative feature representation. More specifically, by utilizing A- 

oftmax loss, our network can learn a separable feature represen- 

ation in the angular space, and by utilizing BA triple loss, we can 

ake our learned feature representations more discriminative. The 

nal loss function can be expressed as follows: 

 = L BA + αL A , (7) 

here α is a hyperparameter that controls the ratio of Batch-All 

riplet loss function and the angular softmax loss function. 

.4. Batch normalization neck 

Angular softmax loss mainly optimizes the distance in the co- 

ine space while triplet loss focuses optimizing the distance in 

he Euclidean space. Inspired by Luo et al. [34] , in order to make

he training process feasible, we added a batch normalization neck 

BNNeck) after extracting gait features. 

Batch normalization first normalizes the output of the previous 

ayer by subtracting the mini-batch mean and dividing the mini- 

atch standard deviation, then uses two trainable parameters to 

ontrol the mean and standard deviation of the new mini-batch 

ata, respectively. It can reduce the internal covariate shift and 

hus accelerate deep network training. It has a great feature: the 

utput changes of the previous layers of the network will not have 

uch impact on the latter layer. In our case, although two loss 

unctions are optimized in different spaces, batch-normalization 

ayer can reduce the impact of optimizing two different losses, and 

hus make training process feasible. 

We add a batch-normalization layer after extracting gait feature 

which is denoted as f t ). The resulting normed gait feature is de- 

oted as f n . Both f t and f n can be used for identifying human. 

.5. The system 

Like other recognition systems, our system contains two stages: 

raining stage and testing stage. Next we will introduce these two 

tages in detail. 

.5.1. Training stage 

The training process is divided into two main steps: alignment 

nd network training. More specifically, in order to remove the ef- 

ect of the distance between the camera and the subject, all the 

ilhouettes are aligned to a uniform size of 64 × 44 based on the 

ethods in [35] . Then, we randomly sample P people and sample 

silhouettes sequences from each person. After that, the sampled 

ilhouettes sequences are combined into a tensor and passed to 

he network to extract features and classification vectors. In par- 

icular, in each iteration, we first use the features to compute the 

A triplet loss with (5) . Then, we use the classification vectors to 

ompute the angular softmax loss with (3) . The joint optimization 

rocess is conducted until converged. For the detailed training pro- 

ess, see Algorithm 1 . 
5 
.5.2. Testing stage 

The testing process is divided into three steps: alignment, fea- 

ure extraction and search in the gallery. We first align the silhou- 

ttes to a fixed size same as in the training stage. Then, the probe 

alking silhouettes are passed to the trained network to extract 

ait feature. In the end, search the gallery for the nearest neighbor 

f the probe feature. The distance between the probe feature and 

ts nearest neighbor is compared with a predetermined threshold 

or verification. If the distance is smaller than the threshold, the 

esult of recognition is the identity of its nearest neighbor. For the 

etailed testing process, see Algorithm 2 . 

lgorithm 2 Testing Process. 

nput: Trained network F �, BN �, F C �, gallery walking silhouettes 

sequences G , which contains N sequences, label of all gallery 

videos L , query walking sequence q , distance metric D ( ·, · ) , a

distance threshold t . 

utput: If the query person is in the gallery, return the label, else 

return None. 

˜ q ← align (q ) ; 

Feature f n q ← BN �(F �( ̃  q )) ; 

for i in [1 , N] do 

˜ G i ← align (G i ) ; 

Feature f n i ← BN �(F �( ̃  G i )) ; 

Distance d i = D (f n q , f n i ) ; 

end for 

m ← argmin i d; 

if d m 

≤ t then 

return L m 

. 

else 

return None. 

end if 

. Experiments 

In this section, we first describe the datasets and experiment 

etails. Then we evaluate the impact of loss functions and BN- 

eck by cross-view and different walking conditions experiment 
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Fig. 2. Examples from the CASIA-B dataset. All these images belong to the same subject. The first row shows frames from normal walking (NM), walking carrying a bag (BG) 

and walking wearing a coat (CL), respectively. The second row shows aligned normal walking silhouettes captured from different view angles. The silhouettes are captured 

of a completed period of a subject every 18 ◦ from 0 ◦ to 180 ◦ . 
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Fig. 3. Examples from TUM GAID database. All these images belong to the same 

subject. The first row shows normal (N) walking style of the subject. The second 

row shows the subject walking carrying a backpack (B). The third row shows the 

subject walking wearing coating shoes (S). The first column shows one frame of a 

walking video stream. The second column shows the corresponding cropped depth 

frame of the first column provided by the database provider [11] . The third column 

shows the extracted silhouette. 
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ettings. Finally, we compare the recognition accuracy of our pro- 

osed method with previous state-of-the-art methods. 

.1. Datasets 

We conduct experiments on two widely-used large gait 

atasets: CASIA-B [3] database and TUM GAID [11] database. In ad- 

ition, there are some other similar and excellent datasets avail- 

ble, such as USF HumanID Gait Challenge Dataset [36] , etc. 

.1.1. CASIA-B Dataset 

CASIA-B dataset is introduced in [3] . There are walking videos 

f 124 subjects captured from 11 view angles. In the database, 

hree most important factors for gait recognition, i.e., view angle, 

lothing variations and carrying condition variations, are separately 

onsidered. For each subject, there are six normal walking videos 

NM), two videos walking with a coat (CL) and two videos walking 

ith a bag (BG), each captured from 11 views. This dataset allows 

s to well evaluate the impact of view, clothing and carrying con- 

ition variations. 

Some examples of CASIA-B dataset are shown in Fig. 2 , which 

hows that the view angle variations impose a great change to the 

ppearance. 

.1.2. TUM GAID Database 

TUM Gait from Audio, Image and Depth (GAID) database con- 

iders carrying condition variations and shoe type variations. It 

ontains walking videos captured from 305 subjects and for each 

ubject six normal walking videos (n1-n6), two walking videos car- 

ying a backpack of approximately 5 kg (b1-b2) and two walking 

ideos with coating shoes (s1-s2) are recorded. Although it does 

ot involve variations in view angles, the large number of popula- 

ion can verify the effectiveness of our proposed approach. Exam- 

les of TUM GAID database are shown in Fig. 3 . 

For simplicity, we use the cropped depth images provided by 

he database provider and set a threshold to distinguish the subject 

nd the background to get the silhouette. 

.2. Experiment settings 

For CASIA-B dataset, same as [4,7,8] , the first 74 subjects are 

sed to train the model and the rest 50 subjects are left for eval-

ating the performance. During the testing stage, NM01-04 of the 

0 subjects are kept as the gallery set. There are three probe sets: 

M05-06 (NM), BG01-02 (BG) and CL01-02 (CL). Note that the pro- 

osed model is evaluated with cross-view scenarios, which means 

uring the testing stage, both probe sets and gallery set contain 
6 
nly one specified view angle, and the view angles of any two sets 

re different. This is a much harder situation which enables us to 

emonstrate the robustness of the proposed method. 

For TUM GAID dataset, we use the split configuration men- 

ioned in [11] , from which 150 subjects are used as the develop- 

ent set and the rest 155 subjects are used as the test set. During 

he testing stage, N1-N4 of the 155 subjects are kept as the gallery 

et. There are also three probe sets: N5-N6 (N), B1-B2 (B), S1-S2 

S). 

We use GaitSet as our backbone network, and train the net- 

ork using the proposed loss function. Backbone network details 

re the same as those in [8] . Adam is chosen as an optimizer to

inimize the loss over the training data. For the hyperparameters 

f the Adam optimizer, the learning rate is set to be 0.0 0 01. The

atch size P and Q mentioned in Section 3 is set to be 16 and
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Table 1 

Averaged recognition accuracies on CASIA-B dataset using different loss 

functions. Results are Rank-1 recognition accuracies averaged on all 11 

views. Identical view cases are excluded. 

Feature Distance Metric NM BG CL 

BA triplet (GaitSet) Euclidean Distance 95.5 88.5 70.0 

BA triplet (GaitSet) Cosine Distance 94.5 88.9 68.0 

A-Softmax Euclidean Distance 92.1 86.1 59.0 

A-Softmax Cosine Distance 94.6 87.7 62.5 

BA-triplet + A-Softmax Euclidean Distance 95.8 90.6 74.2 

BA-triplet + A-Softmax Cosine Distance 96.0 91.6 74.8 
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Table 2 

Averaged recognition accuracies on CASIA-B dataset using different vec- 

tors as the extracted feature vector. Results are Rank-1 recognition accu- 

racies averaged on all 11 views. Identical view cases are excluded. 

Feature Distance Metric NM BG CL 

Without Batch Norm Euclidean Distance 95.1 88.5 71.0 

Without Batch Norm Cosine Distance 95.4 88.9 72.1 

f t Euclidean Distance 95.2 89.3 71.7 

f t Cosine Distance 94.6 88.6 66.4 

f n Euclidean Distance 95.8 90.6 74.2 

f n Cosine Distance 96.0 91.6 74.8 

Fig. 4. Cross-view evaluations under normal walking condition in CASIA-B dataset. 

Gallery set: NM01-NM04, Probe set: NM05-NM06. Identical views are excluded. 

Fig. 5. Cross-view evaluations under bag-carrying walking condition in CASIA-B 

dataset. Gallery set: NM01-NM04, Probe set: BG01-BG02. Identical views are ex- 

cluded. 

b

t

c

m

u

4

a

a

p

s

v

s

i

t

m

w

 = 6 . We train the network for 80K iterations and 40K iterations

or CASIA-B dataset and TUM GAID dataset, respectively. 

The hyperparameters in our experiments are set with carefully 

tudies and fine-tunings. More details about the impact of these 

yperparameters can be seen in Section 4.7 . In the end, the hy- 

erparameter m that controls the size of the angular margin in A- 

oftmax is set to be 3. Another hyperparameter m in L BA is set to

e 0.1. The hyperparameter α that controls the ratio of different 

oss functions is set as 1.0 empirically. 

The evaluation indicator used in the following is rank-1 recog- 

ition accuracy. Specially, results on CASIA-B dataset are averaged 

n the 11 gallery views excluding identical-view cases. For exam- 

le, the accuracy of probe view 18 ◦ is averaged on the other 10 

allery views, excluding gallery view 18 ◦. 

.3. Impact of loss function 

We evaluate the impact of different loss functions as an abla- 

ion study. As illustrated in Table 1 , using only BA triplet loss pro-

uces very promising results. This is due to the effectiveness of 

aitSet architecture. As expected, using angular softmax alone can 

nly generate separable features, not discriminative features, so the 

erformance is much worse than using BA triplet loss. Although 

sing only BA triplet loss may obtain discriminative features, they 

re still not robust enough to generalize to coat-wearing condition 

ariations well. By combining the above two loss functions, the 

roposed model can learn feature vectors that are separable and 

t the same time discriminative. Using both loss functions achieves 

he best results. 

We also evaluate the use of different distance metrics for com- 

uting the distance between features for identification. The Eu- 

lidean distance performs slightly better than the cosine distance 

or BA triplet loss, because the triplet loss is computed using the 

uclidean distance. However, combining the angular softmax loss 

unction imposes an angular margin in the cosine space, and there- 

ore the cosine distance performs better than the Euclidean dis- 

ance. 

.4. Impact of BNNeck 

The output feature vector of backbone f t , is passed to a batch- 

ormalization layer to produce another feature vector f n . During 

he training stage, one of f t and f n is used to compute the triplet 

oss; during the testing stage the same feature vector as the train- 

ng stage is used to identify human. We evaluate the performance 

f f t , f n and the feature vector without batch-normalization to 

emonstrate the effectiveness of the BNNeck architecture. 

From Table 2 , it can be seen that without batch-normalization 

ayer, two losses cannot be effectively optimized, producing bad re- 

ults. By adding a batch normalization layer, the impact of optimiz- 

ng one loss on another is reduced. 

We also evaluate the impact of different distance metrics. Using 

eature vector f t , which is the feature vector before batch normal- 

zation, as the extracted feature to compute triplet loss performs 
7 
etter in the Euclidean space. However, using normed feature vec- 

or f n as the extracted feature vector achieves better results in the 

osine space, which meets our expectations because of the angular 

argin imposed by A-Softmax. In the rest of this article, the f n is 

sed as the extracted feature vector. 

.5. Evaluations of different walking conditions 

Cross-view evaluations for NM, BG, CL are shown in Figs. 4 , 5 

nd 6 , respectively. Note that each of those values is computed by 

veraging the accuracy among a given probe view angle with all 

ossible different view angles of the gallery. The following conclu- 

ions can be drawn based on these results. 

For normal walking conditions, our proposed approach achieves 

ery promising results. Almost perfect accuracy is achieved under 

ome view angles, e.g., 36 ◦ and 54 ◦. Although the overall accuracy 

s the same as the previous state-of-the-art result (ACL + local + 

emporal), compared to their approach considering only the nor- 

al walking condition, our method additionally consider the coat- 

earing condition variations and bag-carrying condition variations. 
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Fig. 6. Cross-view evaluations under coat-wearing walking condition in CASIA-B 

dataset. Gallery set: NM01-NM04, Probe set: CL01-CL02. Identical views are ex- 

cluded. 
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Table 3 

State-of-the-art on CASIA-B. Results are Rank-1 recognition ac- 

curacies averaged on all 11 views. Identical view cases are ex- 

cluded. 

Method NM BG CL Mean 

MGAN [19] 68.1 54.7 31.5 51.4 

CNN-Ensemble [4] 94.1 - - - 

CNN-LB [4] - 72.4 54.0 - 

GaitSet [8] 95.0 87.2 70.4 84.2 

ACL + local+temporal [7] 96.0 - - - 

Ours 96.0 91.6 74.8 87.5 

Table 4 

Rank-1 recognition accuracy on TUM GAID database com- 

pared with State-of-the-art. 

Method N B S Mean 

GEI [11] 99.4 27.1 52.6 59.7 

Fusion Baseline [11] 99.4 59.4 94.5 84.4 

TGLSTM [5] - - - 98.4 

2D-CNN [37] 99.4 97.7 96.1 97.7 

3D-CNN [37] 98.7 91.1 94.5 96.7 

PFM [38] 99.7 99.0 99.0 99.2 

CNN-SVM [23] 99.7 97.1 97.1 98.0 

CNN-NN128 [23] 99.7 98.1 95.8 97.9 

Ours 100.0 100.0 99.7 99.9 
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It is harder to correctly recognize a person when the walking 

equence of the query video and the gallery video are in different 

alking conditions. Specifically, the bag carried by the subject can 

ause a great increase of the intra-class distance. For coat-wearing 

onditions, the recognition accuracy drops significantly compared 

o normal walking condition results. This is because the long coat 

ay greatly block the leg information, which is sometimes critical 

o recognize a person. There are still a lot of work to be done for

ait recognition to be used in practice. 

The performance of different view angles are also different. 

here are some view angles performing not very well, e.g., 0 ◦, 90 ◦

nd 180 ◦. This has also been discussed in [4] . 0 ◦ and 180 ◦ contains

oo little useful information and profile view (90 ◦) is the most vi- 

ually different one from other views besides 0 ◦ and 180 ◦. 

The results of our proposed approach surpass the previous 

tate-of-the-art methods in all view angles under BG and CL exper- 

ment scenarios, demonstrating the effectiveness and robustness of 

ur approach. 

.6. Compared with state-of-the-art approaches 

We compare our approach with state-of-the-art approaches on 

ASIA-B dataset and TUM GAID dataset. 

For CASIA-B dataset, the averaged cross-view accuracy is re- 

orted. Table 3 shows that, our proposed method achieve the same 

ccuracy with [7] for normal walking condition under cross-view 

ettings. However, as discussed before, they only considered nor- 

al walking condition, which is not robust enough for practical 

ait recognition. Our approach outperforms the previous state-of- 

he-art approaches by 4.4 percent under bag-carrying condition 

ariations and coat-wearing condition variations. The experiment 

esults show that our approach is robust against view-angle varia- 
Fig. 7. Impact of three 

8 
ions, bag-carrying condition variations and coat-wearing condition 

ariations. 

For TUM GAID database, Table 4 shows that our approach 

erforms almost perfectly. For probe set N and B, our approach 

an correctly identify every query person, and for probe set S, 

ur approach also performs better than the prior state-of-the-art. 

ote that our approach uses the provided depth images to ex- 

ract walking silhouettes, which is very efficient (only need to 

ompare the depth image with a threshold). While approaches 

n [37] , [23] and [38] all involved computing optical flow, which 

s very time-consuming. 

.7. Impact of the hyperparameters 

We do more experiments to analyze the impact of three hyper- 

arameters, i.e., the angular margin factor m in (3) (it also denoted 

s m 1 ), the distance margin factor m in (5) (it also denoted as m 2 )

nd the ratio factor α in (7) on CASIA-B dataset. The parameter m 1 

aries from 1 to 5 (with 1 as the interval) and m 2 , α vary from 0.1

o 1 (with 0.1 as the interval). Figure 7 show the Rank-1 recogni- 

ion accuracy of different condition variations (i.e. NM, BG and CL) 

nd the average of them with different values of these parame- 

ers. The results show that the modifications of the performance is 

light when the three parameter values vary. In other words, the 

erformance of our proposed method is relatively robust. It can 
hyperparameters. 
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Table 5 

Efficiency comparison on CASIA-B. Part of the results are reported by [7] with 4 TITAN 

GPUs. 

Methods Training time (h) Testing time (min) Feature dimension 

Wu et al. [4] 7.5 40 29k 

Zhang et al. [39] 0.6 3 512 

Ours 3.6 0.4 256 
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e observed that the influences of NM and BG condition is small 

hile the performance of CL is affected relatively heavily. This is 

ecause walking with a coat affects the appearance much more, 

hich means it causes a more severe intra-class similarity prob- 

em than the inter-class similarity problem. 

.8. Efficiency 

In the above parts, we have compared our proposed method 

ith some state-of-the-art works in terms of accuracy. In the fol- 

owing, we do more experiments to explore the efficiency in terms 

f training time, testing time and feature dimension. 

We compare the efficiency with Wu et al. [4] and Zhang 

t al. [39] on CASIA-B cross-view experiments. For our method, the 

raining time is evaluated on 4 NVIDIA GeForce RTX 2080Ti GPU 

ards, and the testing time is conducted on a single 2080Ti GPU. 

n the other hand, the other two methods are implemented with 

ore powerful Titan X GPU cards. Table 5 lists the efficiency com- 

arison results. 

As can be seen from the table, compared with the pair-wise 

imilarity learning method [4] , the proposed method is efficient 

n all the three aspects. It is because that our method takes ad- 

antage of a unified formula for two elemental metric learning 

oss functions and converges quickly. In testing stage, the proposed 

ethod only need to extract features once, and then only uses 

hese features to compare the similarities. This saves a lot of time 

ince it reduces the duplicated computation costs. Although our 

ethod has a slight increase of training time compared with Zhang 

t al. [39] , the latter does not include the time of feature extrac- 

ion. Moreover, there are also different experimental devices and 

raining iterations. Our method is trained with 80K iterations, it 

s able to achieve comparable performances with 20K iterations, 

hich means the training time will decrease to 0.9 h. However, the 

roposed method extracts more compact features with a dimen- 

ion of 256, which is much smaller than 29k in Wu et al. [4] and

12 in Zhang et al. [39] . Therefore, our method has more superi- 

rity in terms of testing time and storage, which means it is also 

ufficient for real-time applications. 

. Conclusion 

In this paper, we propose to make gait recognition more ro- 

ust from the perspective of metric learning. The proposed method 

earns a mapping from silhouette sequences to discriminative em- 

edding features based on GaitSet. The proposed model is trained 

ith A-Softmax loss and triplet loss simultaneously. The A-Softmax 

oss imposes an angular margin to extract separable features, and 

he triplet loss reduces intra-class distance and enlarges inter-class 

istance to capture discriminative features. In order to make the 

raining process feasible, we add a batch-normalization layer af- 

er extracting features. Compared with other methods, our method 

lso achieves comparable result. Experiments on CASIA-B dataset 

nd TUM GAID dataset show that our approach outperforms the 

revious state-of-the-art approaches under view-angle variations, 

ag-carrying condition variations and coat-wearing condition vari- 

tions. The improvement of recognition accuracy demonstrates the 

ffectiveness of our proposed method. 
9 
As far as applications, we argue that the proposed combina- 

ion of classification-based and distance-based loss function can 

e applied to a variety of deep feature learning tasks. Especially 

or some tasks that learn both with class-level labels and pair-wise 

abels, such as person re-identification, face recognition, and fine- 

rained image retrieval. 

In the future, we will investigate a more unified loss func- 

ion of classification-based loss and distance-based loss for learn- 

ng with class-level labels and pair-wise labels. In addition, we will 

xplore more effective measures to improve the performance on 

ome view angles, e.g., 0 ◦ and 180 ◦. 
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