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Abstract— Gait is unique to individuals and can be ac-
quired from a distance, making it difficult to disguise. Gait
videos also contain many elements unrelated to gait, which
make gait recognition challenging. Departing from common
approaches that use preprocessing such as silhouette extraction,
the RGB-based method extracts gait features directly from
RGB gait videos. RGB-based methods leverage the difference
between two inputs with different attributes to separate gait-
related/unrelated features, but their separation performance
depends on the diversity of the dataset. To increase the amount
and diversity of training data, we focus on the latent space of
gait-independent features (style features), which are usually not
needed for gait recognition. In this paper, we propose S2Gait
(Style feature Sampling Gait), which augments the training
data online with images generated from gait-dependent features
of the input images and sampled style features. Experiments
demonstrate that the proposed method surpasses existing RGB-
based methods on almost all metrics for both generated
image quality and identification accuracy. We also explore the
relationship between the amount of data augmentation and
performance taking advantage of our method’s flexibility to
generate a wide variety of gait images.

I. INTRODUCTION

Biometrics, such as face recognition and fingerprint recog-
nition, are convenient means of identification that do not
require a tool like an ID or password. Gait is a kind of
physical characteristics, and refers to the manner of walk-
ing. Compared to other biometric data, gait is particularly
advantageous in identifying uncooperative subjects because
it can be acquired from a distance and is generally difficult
to intentionally disguise for long time periods. Gait recog-
nition is expected to be applied in areas such as criminal
investigations and smooth entry/exit management systems,
utilizing these advantages. The walking pattern is specific to
each individual, but the walking situation (covariates), such
as belongings, clothing, and background, vary from time to
time, so the removal of covariates is important in gait recog-
nition. In camera-based gait recognition, measures against
covariates can be broadly grouped into two approaches: pre-
processing removal to extract silhouettes, skeletons, etc., and
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Fig. 1. A schematic overview of the proposed S2Gait. The input gait images
are encoded into pose features fpose and style features fstyle. Novel gait
images are generated from vectors sampled from the latent space of style
features along with the original pose features, and these generated images
are added to the training data.

end-to-end removal from RGB video. Since preprocessing
can lead to missing information useful for identification [1]
and dependence on estimation accuracy [2], we employ end-
to-end covariate removal in this study.

The end-to-end covariate removal approach uses RGB im-
age sequences as input to simultaneously optimize covariate
removal and gait feature extraction. Most end-to-end removal
methods simply optimize the extraction of intermediate
modalities such as silhouettes and human body models at the
same time as discriminative learning, and thus do not prevent
missing information helpful for identification. In order to
take advantage of the rich information in RGB sequences,
it is required to extract gait features from RGB sequences
without going through intermediate representations. We refer
to such approaches as RGB-based methods.

For example, Zhang et al. [1] proposed GaitNet, which
leverages disentangled representation learning (DRL), an
unsupervised learning technique to model separate feature
space according to the attributes. Since their DRL approach
disentangles covariate features based on the differences be-
tween videos, the separation performance depends on the
diversity and quantity of the training data. To address this
issue, data augmentation methods using images generated by
exchanging covariate features separated by DRL with other
videos have been proposed [3], [4]. Although these methods
can generate new training data depending on the combination
of pairs to be exchanged in the training data, the number of
data generated is still limited.

In order to significantly increase the number of data gener-
ated, this paper focuses on the latent space of covariate fea-
tures rather than covariate features themselves extracted from
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the gait image. Covariate features are uniquely determined by
the gait videos from which they are extracted, but the latent
space is diverse and abundant with embedded information.
The latent space of covariate features in previous methods,
however, is not tractable, so features obtained by randomly
sampling from the latent space do not necessarily have the
similar properties as the real data.

In this paper, we propose a novel method of data aug-
mentation of gait images by sampling covariate features
independent of gait (style features) from latent space. The
proposed method, named S2Gait (Style feature Sampling
Gait), imposes constraints to make the latent space of
style features tractable, thereby enabling effective feature
sampling for data augmentation. In the proposed method,
gait-dependent features (pose features) and style features
are first separated from the RGB gait image through DRL.
The separated style features are discarded, but new style
features are sampled from the latent space of style features
(Fig. 1). The sampled style features are combined with the
pose features extracted from the input image to generate a
novel gait image with the same pose as the input image but
with different covariates. Generated images are added online
to the training data, and person identification is performed
based on the pose features extracted from both real and
generated images. Experiments compare the quality of the
generated images and the identification accuracy within the
RGB-based methods. Moreover, to analyze the proposed data
augmentation in depth, the relationship between the amount
of data augmentation and performance is investigated.

Our contributions can be summarized as follows:
• We propose a novel gait recognition method using data

augmentation that leverages the latent space of features
separated by DRL.

• We demonstrate that data augmentation with images
generated by sampling from the latent space of gait-
independent style features improves the quality of the
generated images and identification accuracy.

• We investigate the relationship between the amount of
data augmentation and performance by taking advantage
of the flexibility of the proposed method to generate a
wide variety of gait images.

II. RELATED WORK

A. Deep Learning Based Gait Recognition

Most gait recognition methods do not use the RGB in-
formation of the gait image directly, but identify via inter-
mediate outputs through preprocessing such as silhouettes or
human body models, so as not to be affected by the covariates
in the raw gait image. Silhouette-based methods create binary
silhouettes of pedestrians from the gait videos by background
subtraction or segmentation, and extract gait features from
the silhouettes. In the past, gait energy image (GEI) [5],
which is a lower-dimensional representation of silhouette im-
age sequence transformed by temporal averaging, was used
as a gait representation [6] At present, however, silhouette-
based methods, which use silhouette image sequences as

input without further transformation, have been widely ex-
plored. Chao et al. [7] have introduced a fresh perspective
by proposing GaitSet, which utilizes silhouette sequences as
sets of input frames independent of their sequence order. Fan
et al. [8] propose a simple silhouette-based baseline method
called GaitBase that leverages insights from several previous
state-of-the-art methods including GaitSet [7].

Using a human body model as a gait representation is
another promising approach. In model-based methods, skele-
tons obtained by pose estimation have attracted attention.
Teepe et al. [9] are the first to focus on graph convolutional
networks in the field of gait recognition, and proposes Gait-
Graph, which handles joint positions in 3D as input. Gait-
TR [10] is a network that combines temporal convolution
and spatial transformer.

Skeletons seem to be an efficient gait representation be-
cause they can capture only skeletal movement, but they also
remove information on body shape, which is an important
component of gait [11]. Alternatively, some methods [12],
[13] employ a 3D mesh human body models [14], but they
suffer from the same problem as skeletons in that they heav-
ily rely on the estimation accuracy of a pretrained prepro-
cessing models. Silhouettes similarly have a high dependence
on the person area extraction model, and in addition, all
information within the contour, including arms and legs, has
been eliminated. Although methods that input RGB images
to the network have emerged [2], [12], [13], they end up
extracting gait features from intermediate representations
such as silhouettes and human models output in the middle
of the network, which may result in the loss of information
contained in RGB. On the other hand, our proposed method
directly extracts features from RGB images, and thus can
take advantage of the abundant information in RGB.

B. Gait Image Generation for Identification

Despite the potential of RGB images, few RGB-based
methods that directly extract gait features from RGB gait
images without intermediate representations have been ex-
plored. One of the primary challenges faced in RGB-
based methods is that RGB images contain numerous co-
variates, such as clothing textures, which can be elimi-
nated in silhouette-based or model-based approaches. To
alleviate the influence of covariates in RGB, conventional
RGB-based methods have utilized the generation of gait
images. GaitNet [1], [11] leverages the reconstruction of
two gait image sequences with different covariates to learn
the disentanglement of covariate features. Focusing on the
disentangled covariate features, Yoshino et al. [3] propose
data augmentation through the generation of a novel gait
images by exchanging covariate features between two videos
of the same person with different covariates. They further
propose FSGaitNet [4], which extends the feature exchange
pairs in its data augmentation to gait videos of different
persons, improving the quality of the generated images and
identification accuracy.

From the perspective of gait image generation, there exist
several studies that focus on the generation of silhouettes.
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Introducing generative adversarial networks (GANs) [15] for
the first time in gait recognition, Yu et al. [16] propose a
method to transform the input GEI into a canonical gait
situation (right side view and without a bag). Similarly,
multiple methods have been proposed that generate converted
GEIs to arbitrary shooting angles and belongings, and then
perform identification from the converted images [17], [18],
[19]. Beyond using transformed images as a substitute for
real data, different approaches have been explored that use
them to augment training data. MvGGait [20] utilizes the
GEIs at various viewing angles, transformed using generators
trained across multiple datasets, as additional training data.
GaitEditor [21] can generate anonymized silhouette images
that vary in gait as well as images with the same gait and
different covariates used for data augmentation.

RGB is more informative than binary silhouette and has
many elements that are not related to gait. Accordingly,
compared to silhouette-based methods, RGB-based methods,
including the proposed method, have a greater variety of
useful images for data augmentation and, as a result, are
considered to have greater potential. In addition, RGB-based
methods place more emphasis on the amount and diversity of
training data in order to accurately remove covariates without
relying on preprocessing. Contrary to methods that use two
RGB videos as a pair and augment data by exchanging
their features, our proposed data augmentation by sampling
covariate features can generate novel gait images without
requiring a pair. Therefore, the proposed method is more
efficient, and increases the amount and type of training data
flexibly without being bound by the way the pairs are taken.

III. PROPOSED METHOD

We describe in detail our proposed method, S2Gait, which
augments data by sampling gait-independent features from
the latent space. The architecture of the proposed network
is shown in Fig. 1 and consists of four modules: encoder
E, generator G, discriminator D, and classifier C. In the
proposed method, it is necessary to separate and extract
gait-dependent and gait-independent features from the input
RGB gait images. Therefore, we employ GaitNet [1] as a
framework for disentangling RGB images. GaitNet takes two
gait videos of the same person in different situations as input
and separates features from the difference between them. The
gait-dependent features in the RGB gait images are features
associated with posture, referred to as posture features fpose.
On the other hand, gait-independent information includes, for
example, belongings, walking direction, and clothes, which
are called style features fstyle.

S2Gait’s pipeline consists of four main steps: encoding,
image reconstruction with different frame, data augmentation
with style features sampling, and identification. There are
two inputs: the main identification target gait video and a
different gait video of the same person, which we call the
anchor Ia and the positive Ip, respectively. The positive is
input in parallel with the anchor in order to allow the features
to be disentangled, but all processes are performed on both
anchors and positives unless otherwise noted.

A. Encoding to Extract Pose and Style Features

Initially, the input sequence of gait images I =
{I1, I2, ..., IT } is fed into an encoder E to extract pose
and style features. The encoder performs spatial feature
extraction for each frame by convolution. The extracted
feature maps are output via a linear layer, separating them
into pose features fpose and style features fstyle.

In addition to the anchors, the positives are also input to
the encoder to extract the pose and style features. For the two
feature vectors to be extracted, a loss is defined to embed
the properties of the pose and style features. Focusing on
the person dependence, the pose features should be close to
each other if they are extracted from the same person’s gait
videos. Therefore, using the pose features fa

pose extracted
from the anchors and fp

pose extracted from the positives, we
define the following loss:

Lpose-sim =

∥∥∥∥∥ 1

n1

n1∑
t=1

f (a,t)
pose − 1

n2

n2∑
t=1

f (p,t)
pose

∥∥∥∥∥
2

2

. (1)

Equation (1) takes the difference between the average for
time t of the pose features of the anchors and the positives.

B. Reconstruction of Input Image with Different Frame Pair

The pose and style features extracted by the encoder E
are input to the generator. The generator synthesizes a gait
image based on the information from the two feature pairs.

Here, there are only one type of pose features extracted
from the input image, while there are two types of style
features in the proposed method: those extracted from the
input image and those sampled from a Gaussian distribution.
Style features extracted from the input image are used for
feature disentanglement, and sampled style features are used
for data augmentation respectively.

For feature disentanglement, (1) embeds pedestrian de-
pendence in the features, but does not take into account
variability over time. In terms of variability over time in gait
videos, style features are invariant over time, whereas pose
features vary with time. Taking advantage of this property,
we define the following loss to reconstruct the original image
of the pose features by pairing the style features extracted
from different frames for the pose features in each frame.

Lrecon =
∑

c∈{c1,c2}

∑
k,l∈{1,...,n}

k ̸=l

∥∥∥G(f
(c,k)
style , f

(c,l)
pose )− I(c,l)

∥∥∥
1
, (2)

where k and l denote the time and have different values.

C. Data Augmentation with Style Feature Sampling

Lpose-sim and Lrecon make the posture information and
style information embedded in their respective latent spaces.
Our proposed method generates gait images with a variety of
styles by sampling style features from the latent space and
adds them to the training data. However, the latent space of
style features acquired by a simple encoder is sparse, and
random sampling may result in data that is far from real.
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Accordingly, we constrain the latent space of style features
to be tractable, in this case a Gaussian distribution N :

LGaussian =

n∑
t=1

DKL (fstyle||N (0, 1)) (3)

, where DKL(P ||Q) =
∑

P (z) log
(

P (z)
Q(z)

)
.

Optimization of LGaussian enables sampling of a wide
variety of style features. In addition, it is shown that it also
contributes to improving the performance of feature disen-
tanglement, since it imposes constraints on the expressive
capacity of the style features [22].

Style features sampled from the latent space are paired
with features extracted from real data and fed into the
generator to synthesize a novel gait image. In contrast to
reconstruction of the source image, no image can be used
as supervisory data for the synthesis of a novel gait im-
age from sampled style features. Additionally, while Lrecon

emphasizes consistency on a per-pixel level, it does not
take into account information over the entire image. Hence,
we adopt the framework of generative adversarial networks
(GANs) [15] to improve the quality of the generated images.

Both the generated and real images are input to the
discriminator D, which judges whether the image is a real
or a generated image. GANs are trained in such a way that
the discriminator can distinguish between a real image and a
generated image, and the generator tries to generate an image
of such quality that the discriminator cannot distinguish the
generated image from the real image. Our proposed method
employs RaLSGAN [23] as an adversarial loss, which had
the best quality of generated images in our preliminary
experiments. The definition of loss is as follows:

Ladv =

n∑
t=1

((
D(I

t
) − E

[
D

(
G(f

t
style, f

t
pose)

)]
− 1

)2

+
(
D

(
G(f

t
style, f

t
pose)

)
− E

[
D(I

t
)
]
+ 1

)2
)

,

(4)

where E denotes the mean over mini-batch samples.

D. Gait Feature Extraction and Discriminative Learning

The pose features extracted from the real images are also
input to the classifier C. The virtual gait image generated
using the sampled style features is input to encoder E for
training data augmentation. The pose features extracted from
the virtual gait image are also input to the classifier C in the
same way as the real images. The classifier C first extracts
the gait feature fgait, which is a temporal feature of the
pose features from the pose feature sequence. Then, the
gait features are converted into a probability distribution of
subject IDs by the fully connected layer of the classifier C.
Finally the following identification loss is computed:

Lid =

(
1∑n

t=1 ωt

n∑
t=1

−ωt log
(
C(f1

pose, ...,f
t
pose)

))
. (5)

Note that ωt is the weight for the identification result, and
ωt = t2 was applied as same as Zhang et al [1]. Lid is the

cross entropy loss weighted with the number of frames of
the input gait video.

E. Optimization and Inference

At training phase, the following loss is minimized as the
multi- task loss, which is the sum of the aforementioned five
losses multiplied by their respective weights λ:

L = λreconLrecon + λpose-simLpose-sim + λidLid

+ λGaussianLGaussian + λadvLadv,
(6)

In the inference phase, since gait recognition is categorized
as an open-set recognition problem, i.e., identifying unknown
classes, the fully connected layer of a classifier C trained
specific to the training subjects is not applicable. So, the
nearest neighbor search is performed between probe (query)
and gallery (database) based on the cosine similarity of the
gait feature fgait.

IV. EXPERIMENTS

The experiments were conducted on the CASIA-B
dataset [24], which provides the RGB modality and has
been the most widely used to evaluate the performance of
gait recognition. CASIA-B is the dataset which consists
of 124 subjects, of which 74 were used for training and
the remaining 50 for evaluation. CASIA-B comprises three
types of videos for analyzing covariates: NM (reference gait
setting), BG (carrying a bag), and CL (dressed differently
from the reference). Our proposed method is implemented
based on FSGaitNet [4], which is an RGB-based method
that incorporates the data augmentation as well as pro-
posed method. In the experiments, the proposed method
is compared with other methods that are included in the
same RGB-based method. We compare within RGB-based
methods that extract gait features from RGB gait images
without going through other modalities, which is the same
problem framework as this study. In order to validate the
superiority of proposed method over other methods, we first
conducted a quantitative and qualitative evaluation of the
quality of the generated images, and a quantitative evaluation
of the identification accuracy. Furthermore, for an in-depth
analysis of the data augmentation in proposed method, we
evaluated the correlation between the number of generated
images used for data augmentation and the performance.

A. Quantitative Evaluation of Image Generation Capability

The metric for quantitative evaluation of image generation
quality is the Fréchet inception distance (FID) [25], which

TABLE I
COMPARISON OF FID

Methods FID

Baseline 169.8
FSGaitNet-pre [3] 118.7
FSGaitNet [4] 65.2
Ours 25.5
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Fig. 2. Generated images by style feature sampling. The leftmost images
are the original images of the pose features used for the generation. The
other images are generated from the pose features of the leftmost image
and randomly sampled style features.

is most commonly used to evaluate generative models for
images. FID measures the distance between the feature
distribution of real and generated images utilizing the deep
convolutional neural network that has been pretrained for
the image classification task. A smaller FID indicates that
the image is more faithful to the real image. For the FID
measurement, we adopted the same method as FSGaitNet [4]
to ensure a fair comparison with other approaches. The
images used for the measurement are 5,000 randomly se-
lected images from the dataset. Pairs of images are randomly
selected. From each pair, pose features are extracted from
one image and style features from the other. These extracted
features are then used to generate gait images for evaluation.
Although the proposed method does not require image pairs
to generate images for data augmentation, this procedure was
adopted for fair comparison.

The values of the FIDs for the proposed and comparative
methods are shown in Table I. In all tables in this paper, the
best value is bold and underlined, and the second best value
is underlined only. The FID of the proposed method is the
smallest among all methods, indicating that the quality of
the generated images is the best. Even though the proposed
method does not train image generation by feature exchange,
it is able to generate images with higher fidelity than methods
that concentrate on feature exchange generation [3], [4]. In
addition to the benefit of data augmentation, this is consid-
ered to be due to LGaussian, which is not employed in other
methods, improving the accuracy of feature disentanglement,
as described in Section III-C.

B. Qualitative Evaluation of Image Generation Capability

This experiment verifies that the proposed method can
generate a variety of images by sampling style features. Pose
features extracted from the input images and style features
randomly sampled from a Gaussian distribution are input to
the generator to generate the images. Fig. 2 demonstrates
that images with the same posture and a variety of styles are
generated. The images in the top row show that the position
of the arms within the contour is also accurately reproduced
in the generated images. Conventional methods [3], [4] can
generate a variety of images, but the diversity is capped by
the way the images are paired. Even if randomly sampling

TABLE II
RANK-1 RECOGNITION RATE [%]

Methods NM BG CL

GaitNet [1] 91.6 85.7 58.9
GaitNet [11] 92.3 88.9 62.3
Baseline† 90.2 86.1 24.3
FSGaitNet-pre [3] 94.4 88.8 29.2
FSGaitNet [4] 95.9 91.1 30.0
Ours 96.1 92.4 31.5
† Our reimplementation of GaitNet [1].

from the latent space of style features as in the proposed
method, these methods do not guarantee that meaningful data
are generated.

C. Evaluation of Identification Accuracy

The evaluation of identification accuracy is based on the
rank-1 recognition rate, which is commonly used as an
evaluation metric in CASIA-B [24]. The rank-1 recognition
rate is the percentage of the number of cases where the ID of
the data in the gallery that is closest to the probe matches the
correct ID. For the three probe settings (NM, BG and CL),
the NM gait videos are used in common for the gallery.

Table II shows that the proposed method improves baseline
performance in all settings. Among the methods that utilize
data augmentation [3], [4], the proposed method is the most
accurate in all settings, which demonstrates the efficiency
of the proposed data augmentation by sampling of style
features. Compared to the methods that do not augment the
training data, our method outperforms the performance in
all settings except CL1. However, the proposed method is
expected to achieve even higher accuracy than GaitNet [1],
[11] if the same level of scores as in [1] can be reproduced
at the baseline, since the proposed method improves the
accuracy of CL compared to the baseline.

D. Impact of Number of Augments

In contrast to data augmentation methods based on one-
to-one feature exchange within a pair [3], [4], the proposed
method has no limit on the number of images to be generated
for a single input image. In order to better understand the
relationship between data augmentation and performance,
this experiment focuses on the performance when the number
of data augmentations per input image is varied.

As shown in Table III, the highest identification accuracy
is achieved when two generated images are added to the
training data per input image (# augments is 2), and this
number is employed in the proposed method. In terms of
identification accuracy, the setting with no data augmentation
(# augments is 0) and the setting with a large amount of
data augmentation (# augments is 16)) are less accurate
than the other settings. Thus, although the proposed data
augmentation is efficient enough to create an enormous

1We could not reproduce the score even with the authors’
implementation (https://github.com/ziyuanzhangtony/
GaitNet-CVPR2019).
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TABLE III
PERFORMANCE DEPENDING ON THE AMOUNT OF DATA AUGMENTATION

# augments Mean accuracy ↑ [%] FID ↓NM BG CL

0 92.3 87.4 25.5 19.7
1 94.8 90.6 29.6 26.5
2 96.1 92.4 31.5 25.5
4 95.7 91.9 28.2 26.0
8 95.8 92.4 25.0 30.1
16 91.7 86.8 25.4 123.2

number of diverse images from a single image, it is suggested
that increasing the amount of data augmentation for a single
image too much may cause overfitting. For the generated
image quality (FID), the proposed method (# augments is
2) is the second best value, and the quality deteriorates as
the amount of data augmentation increases beyond 2. FID is
the best when data augmentation is not applied (# augments
is 0), which is considered to be due to concentration on
improving the quality of the generated images without data
augmentation.

V. CONCLUSION

We proposed S2Gait, a novel gait recognition method
based on data augmentation that leverages the latent space of
style features. By making the latent space of style features
tractable, style features can be sampled, resulting in the
flexibility to add diverse data to the training data. Experi-
mental results indicated that the proposed method improved
image generation and identification capabilities, and the
relationship between their performance and the amount of
data augmentation. Future work includes utilizing likelihood
when sampling and employing larger backbone models.
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