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Abstract—Gait, a particular way or manner of moving on
foot, it’s a premium biometrics feature that can be recognized
at a distance. Gait recognition is applicable to many applications
such as person identification, criminal investigation and social
security. Most of the existing gait recognition methods take
appearance silhouettes or body joint model as gait feature. These
schema will lead to the degradation of recognition performance
due to the change of some complex variables, such as view
angle, walking speed, carrying and clothing. To solve this issue,
we propose a novel model named gaitset-based temporal-spatial
network(GSTSN) to extract the temporal-spatial features, which
is more robust to the clothing and carrying variations. Our
method not only regard gait as set to extract temporal information
but also extracting the dynamic information from gait image
sequence. Experiments evaluated on the CASIA-B dataset, under
normal walking conditions, this method achieves an average rank-
1 accuracy of 97.52%. On various complex situations, our model
achieves accuracy of 89.6% and 76.3% on CASIA-B under bag-
carrying and coat-wearing walking conditions. These result show
our method demonstrates superior performance to the state-of-
the-art performance and computational efficiency.

Index Terms—Gait recognition GSTSN network Temporal-
Spatial features

I. INTRODUCTION

Like other biometrics features such as face, fingerprint and
iris, gait is also an unique physical characteristics that can
recognize the identity of a person. Gait has the advantage
that it can be recognized at a distance and it’s difficult to
camouflage.Therefore, it has abroad application in person iden-
tification, criminal investigation and social security.

The core of gait recognition is extracting gait-related feature
from the video frames of a walking person, it suffers from
complex factors such as person’s walking speed, clothing,
carrying condition and cameras viewing angle. Most methods
of gait recognition are categorized into two types: appearance-
based and model-based methods. The first category such as
Gait Energy Image(GEI) [10] directly extract gait representa-
tions from videos. The advantage of this category is that its
good compromise between accuracy of recognition and cost
of computation [1], [5], [17], [21]. However, the appearance
depend on the view angles, clothes variations and the carrying
conditions. The second category which employs body skeleton
after performing pose estimation. It achieves higher accuracy
of those conditions but more higher computational cost [16].

There are some other recognition methods such as GaitSet
[6], it regards gait as a set of gait silhouettes and uses an
operation named Set Pooling to preserve spatial and temporal
information of the gait set. GaitSet method considers order
information of gait sequence is not necessary and directly
extract temporal information from gait set.

Many gait recognition studies have proved that human can
recognize familiar people by the appearance of pedestrians
and the movement of their joints with time [14], [20],in
particular, the motion characteristics of limbs over time can
distinguish individual differences.Thus, our view is that the
message of gait temporal feature is also important. In order to
better preserve more abundant spatial and temporal information,
we design a new model called GaitSet-based temporal-spatial
network(GSTSN). And CNN has not yet been show to be
effective in capture dynamic information, the Long Short-
Term Memory can effectively preserve dynamic information
but it has not enough capacity to preserve static information.
Therefore, we use multi-layer Long Short-Term Memory to
improve the GaiSet model to obtain the two types temporal
features and spatial features. The input of our model is a set of
gait video frames. First, a CNN is used to extract frame-level
features and Image Pooling are used to extract shallow-temporal
features from each frame. Second, Set Pooling is used to change
the frame-level features into set-level feature and multi-layers
Long Short-Term Memory is used to extract sequence-temporal
features from shallow-temporal features. This operation not
only save the temporal-spatial information from gait set but also
preserve temporal features from gait sequence. Third, mapping
the set-level feature and the sequence-temporal features into a
more discriminative space to obtain the final representation by
Horizontal Pyramid Mapping. The contributions of this work
are the following:

1)We use multi-layer Long Short-Term Memory to improve
the GaitSet model, the result shows more robustness to view-
ing angles and carrying conditions, especially to the clothes
changing.

2)In our model, the representation of each sample needs to be
calculated once. Although we add the multi-layer Long Short-
Term Memory in the model, our method has reduced the time
by 20%.



Fig. 1. The first line of the images are taken from the 001-NM-01-000 in the CASIA-B dataset, and the second line are taken from the 001-NM-02-000 in the
CASIA-B dataset. It can be clearly seen that the gait of the same person at different times has similar appearance, Therefore, it can be proved that human gait
is a group of regular periodic movement. So it is possible to identify a person we are familiar with based on the temporal information of limb movements.

II. RELATED WORK

In this section, we will give a overview about gait recogni-
tion, gaitset and gait recognition on Long Short-Term Memory.

A. Gait Recognition

Gait recognition are based on two types. In appearance-based
methods, such as gait energy image (GEI) [10] or gait entropy
image (GEnI) [3] extract silhouette mask from videos. Gait
energy image is most popular in gait representations because
of its briefness and effectiveness. However, there are so many
conditions influence the human silhouettes such as clothing,
carrying, walking speed and viewing angles. Simultaneously, in
wild environment many silhouettes appear incomplete due to
illumination changes. The second category of gait recognition
approach is model-based methods [2] which modeling of walk-
ing human body and extract kinematic features such as 2D body
joints. Although these methods are robust to certain covariates
such as clothing and speed, they need a comparatively higher
image resolution for high-precision pose estimation and the
computational costs are also higher.

Relatively speaking, our approach learns the representation
of gait instead of measuring the similarity between a pair of
gait appearance or model, therefore, the representation of each
sample needs to be calculated only once. The most relevant
work to ours is [6], compared to it, our model has the advantage
of extracting more richer temporal information and gain a
higher recognition rate, especially at the clothing conditions.

B. GaitSet

Gaitset algorithm based on deep learning on unordered set
and the researches find that the silhouette in each position has a

unique appearance, they presume the appearance of a silhouette
has contained its position information. The researches consider
that order information of gait sequence is not necessary and
directly regard gait as a set to extract temporal information, they
proposed an end-to-end deep learning model named GaitSet.
The input of the model is a set of gait silhouettes. First, a
CNN is used to extract frame-level features from each silhouette
independently. Second, an operation named Set Pooling is used
to aggregate frame-level features into a single set-level feature.
This operation can preserve spatial and temporal information
because of it is applied on high-level feature maps instead of
the original silhouette. Third, a construction called Horizontal
Pyramid Mapping (HPM) is used to map the set-level into
another space to obtain the final representation. GaitSet employ
Multilayer Global Pipeline (MGP) to collect various-level set
information because of different layers of a convolutional
network have different receptive fields. The final feature map
generated by MGP will also be mapped into HPM. Compared
to previous methods, GaitSet algorithm is more flexible and
faster, it also has higher generalization ability to large datasets.

C. Gait Recognition on Long Short-Term memory

In recent years, more and more researches [4], [16], [26]
agree with that gait is a process with a series of movement , it is
nature to consider to extract the dynamic information from the
walking sequence. Thus, the models based on Long Short-Term
memory (LSTM) have a wider range of application. Battistone
et al. [4] reported a model named Time based Graph Long
Short-Term Memory (TGLSTM), it jointly exploits structured
data and temporal information through a deep neural network
model able to learn long short-term dependencies together with
graph structure. Rijun Liao et al. [16] proposed a method called



Fig. 2. We propose a novel framework, named GSTSN, to aggregate spatial and temporal features from walking persons. The model is based on the GaitSet
network [6] to increase the extraction of gait temporal features. Trapezoids represent convolution and pooling blocks and in the same area have the same
configurations. ’TFE’ represents Temporal feature extract, ’SP’ represent Set Pooling, ’LSTM’ represents Long Short-Term Memory layers and HPP represents
horizontal pyramid pooling [22].

pose-based temporal-spatial networks (PTSN), it use LSTM to
extract the temporal features from gait pose sequences and use
Convolutional Neural Network (CNN) to extract the spatial
features from static gait pose frames. Ziyuan Zhang et al.
[26] propose a novel AutoEncoder frame-work to explicitly
disentangle pose and appearance features from RGB imagery
and the LSTM-based integration of pose features over time
produces the gait feature.

D. Long Short-Term Memory

Long Short-Term Memory (LSTM) is a special recurrent
neural network (RNN) architecture used in the field of deep
learning, It proposed by Hochreiter & Schmidhuber (1997)
[13]. LSTM can process single data points (such as images),
but also entire sequences of data (such as speech or video), it
gets well performance in classifying, processing and making
predictions, since there may be a lag of unknown duration
between important events in the time series.

To tackle gait recognition task, researchers consider when
the human body walks in a natural state, there is a certain
timing relationship between posture movements, this help us
to recognize people we are familiar with even if we don’t
need to see each other’s faces. So in recent years, many
researchers have applied it to the field of gait recognition,
such as Feng et al. (2016) proposed using LSTM can learning
effective gait features [9], Ding et al. (2018) developed a gait
phase recognition algorithm based on long short-term memory
(LSTM) and trained it with phase-labeled data [8], Zhang et
al. (2019) introduce long short-term memory (LSTM) units as

the temporal attention model to learn the attention score for
each frame, e.g., focusing more on discriminative frames and
less on frames with bad quality [25]. Since LSTM has better
performance than CNN in processing temporal information, we
use it to improve the GaitSet model.

III. PROPOSED APPROACH

In this section, we introduce the implementation details of
our model for how to get three different types of features from
a set of gait images. The model structure is shown in Fig. 2.

A. Model

Let us start with a simple concept of regarding gait as a
set and a sequence. [6]has successfully verified that gait can
be regarded as a set of disordered sets, and has achieved
good results. However, A study by Professor Mark Nixon of
the Department of electronics and computer science at the
University of Southampton in the United Kingdom has shown
that, a person’s gait cannot be camouflaged for a long time
because there are subtle differences in muscle strength, tendon
and bone length, bone density, visual sensitivity, coordination,
experience, weight, center of gravity, degree of muscle or bone
damage, physiological conditions, and individual walking style.
Under normal circumstances, gait is a group of periodic regular
movement. As long as observe it for a period of time, can
clearly distinguish the difference of gait among individuals.
Therefore, we believe that the features of gait on the timeline
are also the important information for identification and gait can
also be regarded as an ordered sequence. As shown in Figure 1,



the same person has the same appearance and body movements
at the same angle in different states. So, we decided to use gait
set features and gait sequence features to join together to form
new gait features.

Our proposed method is based on the fusion of gait set
features and gait sequence features, and the input of the model
is a video frame. Under the set assumption, the gait set
model is used to extract set-level features. under the sequence
assumption, we extract sequence-level features in three steps,
formulated as

gi = H(L(R(χi))) (1)

where χi is a tensor as a common input of set-level features and
sequence-level features with four dimensions,R is an operation
aims to reduce the dimensions of χi, when gait is regarded as
an ordered sequence, the set dimension of the image is not
needed, just keep channel dimension, height dimension and
width dimension. L is a 2-layer LSTM which the tensor after
dimension reduction is fed into it and the purpose is to extract
temporal feature. The function H is same as the set assumption.

B. Image Dimensionality-Reduction
In order to extract another temporal information, the gait

images are regarding as sequences. Thus, we only need image
channel dimension, image hight dimension and image width
dimension. Inspired by Set Pooling operation, we adopted a
process named Image Dimensionality-Reduction (IDR). The
formula is

O(c, h, w) = Q(S(χi)) (2)

where S is a statistical function,including one or more of
max(�), min(�), median(�). In this situation, median(�) is
the best choice, the reason will be explained in Table.3, Q is
the squeeze(�) function of the tensor dimension operation in
pytorch, the purpose is to remove the dimension of size 1.

C. Multi-layer LSTM
Under normal circumstances, human gait is a continuous

process. In real life, gait must last for a period of time before
familiar people can be recognized through it. If the time is
too short, it is easy to cause false recognition. So, gait has
a strong temporal correlation, extract its temporal features are
also an important process. Even when GaitSet algorithm takes
into account the extraction temporal information, the method
which combined by CNN and SP preserves spatial and temporal
features only better than gait template, it is not good enough.
We want to look for the regular and distinguishing features
in a person walking pattern. Therefore, modeling the temporal
change is necessary. Inspired by [16] and [26], we consider the
architectures like the recurrent neural network (RNN) or long
short-term memory (LSTM) work best.

In this part, we use a multi-layer LSTM structure to extract
spatial information which means the shape of a walking per-
son and mainly, temporal information which means how the
trajectory of a walking person’s body parts changes over time.
The output (γi) of operation called IP are feed into a 2-layer
LSTM. This process is formulated as

ht = LSTM(γ1
i , γ

2
i , ...γ

t
i ) (4)

where ht is the output of the LSTM at the time step t, which
is accumulative after feeding t input γi into it. The feature
generated by 2-layer LSIM is fed into pooling layer because
of it is more conducive to three types features fusion.

D. Horizontal Pyramid Mapping

In person re-identification task [19], splitting feature map
into strips is generally used. [22] propose Horizontal Pyramid
Pooling (HPP) to deal with person re-identification and Gait-
Set algorithm improve HPP to make it adapt better for gait
recognition, the structure named Horizontal Pyramid Mapping
(HPM). Since this structure is easy to operate on feature fusion,
we continue use this method to map the features into more
discriminative space.

Pyramid pooling can generate fixed-length output regardless
of input size. And the multi-scale spatial pooling operation
can increase the robustness to target deformation. In semantic
segmentation, the use of pyramid pooling can increase multi-
scale local information and increase the robustness and expres-
siveness of pooled features. We divide the feature map obtained
by the convolutional network on 4 scales, first use the Global
Max Pooling and Global Average Pooling operations on the
obtained horizontal features in the horizontal direction, and
then add to obtain the local horizontal features, and then use
the convolutional layer for dimensionality reduction Operation,
and finally use local features for multi-classification. During the
test, 3×

∑K
k=1 2

k−1 256-dimensional local feature vectors are
connected as features to make predictions,where 3 represents
three different feature types, K represents the number of scales
split by HPM, k represents scales k ∈ 1, 2, ...,K

E. Loss Function and Testing

Like GaiSet model, we continue to use Batch All (BA+)
triplet [12] to train the network. The batch size is formulated
as p×k, where p is the number of persons and k is the number
of training samples each person has in the batch. But our model
is not fed with the set composed by silhouettes gathered from
arbitrary sequences, but is actually composed by gait images
sequences which is the frames clipped from videos.

We also preserve the testing part of GaitSet model, a query
Q is first fed into network in order to produce multi-scale
features, temporal and spatial features are spliced into a final
representations FQ. The aim is to search all the sequences with
the same identity in gallery sequence G, the process which is
applied on Q is employed on each G to get FG . Then, using
Euclidean distance to calculate Rank 1 recognition accuracy
between FQ and each FQ.

IV. EXPERIMENTS

Our experiments mainly composed of three parts. The first
part compare GSTSN with other state-of-the-art methods on
CASIA-B gait dataset [24], specially compare with GaitSet
algorithm. The second part is a compare experiment use gait
image sequences or silhouettes. The third part is the compara-
tive experiment under multiple wlaking conditions.




