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Abstract
The gait, as a kind of soft biometric characteristic, can re-
flect the distinct walking patterns of individuals at a dis-
tance, exhibiting a promising technique for unrestrained hu-
man identification. With largely excluding gait-unrelated cues
hidden in RGB videos, the silhouette and skeleton, though
visually compact, have acted as two of the most prevailing
gait modalities for a long time. Recently, several attempts
have been made to introduce more informative data forms
like human parsing and optical flow images to capture gait
characteristics, along with multi-branch architectures. How-
ever, due to the inconsistency within model designs and ex-
periment settings, we argue that a comprehensive and fair
comparative study among these popular gait modalities, in-
volving the representational capacity and fusion strategy ex-
ploration, is still lacking. From the perspectives of fine vs.
coarse-grained shape and whole vs. pixel-wise motion mod-
eling, this work presents an in-depth investigation of three
popular gait representations, i.e., silhouette, human parsing,
and optical flow, with various fusion evaluations, and experi-
mentally exposes their similarities and differences. Based on
the obtained insights, we further develop a C2Fusion strat-
egy, consequently building our new framework MultiGait++.
C2Fusion preserves commonalities while highlighting differ-
ences to enrich the learning of gait features. To verify our
findings and conclusions, extensive experiments on Gait3D,
GREW, CCPG, and SUSTech1K are conducted.

Code — https://github.com/ShiqiYu/OpenGait

Introduction
The pedestrian gait presented in walking videos typically
involves the visual characteristics of body shape and limb
movements. This unique application, known as gait recog-
nition, distinguishes itself from other biometrics techniques
such as face, fingerprint, and iris recognition, by offering the
flexibility of non-intrusive and long-distance usage without
necessitating the subject’s cooperation. Furthermore, gait is
inherently hard to disguise and conceal. These attributes
render gait recognition particularly well-suited for uncon-
strained security applications such as suspect tracking and
retrieval (Nixon and Carter 2006).

*These authors contributed equally.
†Corresponding author.
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Figure 1: Top: comparing three typical gait modalities, i.e.,
the binary silhouette, body parsing, and optical flow im-
ages. Bottom: the comparison between three common fusion
strategies with our C2Fusion.

To mitigate the influence of irrelevant visual cues such as
texture and background, gait recognition methods often rely
on derived gait representations extracted from RGB videos
rather than the videos themselves as inputs. The widely
used ones include binary silhouettes (Chao et al. 2022; Fan
et al. 2020; Lin, Zhang, and Yu 2021; Shen et al. 2023b;
Wang et al. 2024b; Fan et al. 2023a,b), skeleton coordi-
nates (Liao et al. 2017; Teepe et al. 2021; Fan et al. 2024b),
SMPL model (Li et al. 2020; Zheng et al. 2022a), body pars-
ing (Zheng et al. 2023), and optical flow images (Castro et al.
2024; Feng, Yuan, and Fan 2023). Among these, the silhou-
ette is favored for its clarity in color and richness in shape,
making it the most popular choice for gait modeling. Recent
studies have pointed out the limitations in silhouette images,
citing a lack of fine-grained part-level shape (Zheng et al.
2023) and explicit body structural characteristics (Peng et al.
2024), and introduce extra body parsing images and human
joints coordinate, often driven by multi-branch networks, to
reach the new state-of-the-art recognition performance. In
this paper, we agree that the multimodal approach represents
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a pivotal direction for advancing gait recognition research.
Despite ongoing efforts, a fair and comprehensive com-

parative study among some representative gait modalities
remains necessary, due to the usual misalignments in model
and experimental settings. To advance this understanding,
this work investigates three typical gait modalities: silhou-
ette, human parsing, and optical flow images, as depicted
in Figure 1. These modalities, each with distinct physical
meanings, emphasize different aspects of gait: whole-body
shapes, body parts, and pixel-level motion dynamics, respec-
tively, offering varied levels of feature granularity. Among
them, optical flow images are particularly notable for cap-
turing pixel-level motion in each frame, setting them apart
from silhouettes and human parsing images that primarily
focus on body shapes. While these modalities have their
differences, they also share similarities. For instance, the
overall contours of the human body can be represented by
both binary silhouettes and human parsing images. All three
modalities convey dynamic changes in human limbs. Lever-
aging three common fusion strategies depicted in Figure 1
(a-c), this work introduces the MultiGait series, i.e., a set of
uni- and multimodal baselines, that provide a comprehensive
study on gait modality fusion. This approach allows for a fair
and thorough examination of the efforts of each modality for
multimodal gait modeling.

Building on the exploration of similarities and differences
among silhouette, body parsing, and optical flow images,
this work goes a step further by proposing a novel gait
modality fusion strategy termed C2Fusion, leading to the
development of a new multimodal method named Multi-
Gait++. As illustrated in Figure 1(d), the core idea of
C2Fusion is to extract shared characteristics across different
modalities while simultaneously encouraging each modal-
ity to emphasize its unique attributes beyond these com-
monalities. This design forces MultiGait++ to fully explore
the diverse features offered by given modalities, thereby en-
hancing its discriminative capacity. Experiments show that
MultiGait++ achieves a new SoTA on the Gait3D (Zheng
et al. 2022a), GREW (Zhu et al. 2021), CCPG (Li et al.
2023) and SUSTech1K (Shen et al. 2023a) datasets.

Overall, this work contributes to the field in two-fold:
• An In-Depth Gait Modality Fusion Study under Fair

Conditions: MultiGait marks one of the first compara-
tive studies on uni- vs. multimodal gait recognition un-
der fair conditions. Through extensive experiments, we
comprehensively examine the specific contributions and
limitations of modalities such as silhouette, human pars-
ing, and optical flow images for gait description.

• A Novel Multimodal Gait Recognition Method: We
introduce MultiGait++, featured by its core component,
C2Fusion. This approach maximizes the extraction of di-
verse features from given modalities, thereby enhancing
the overall representation of gait patterns.

Related Work
Gait Modalities
Gait modalities are captured by a range of sensors, includ-
ing traditional RGB cameras as well as emerging technolo-

gies like event cameras (Wang et al. 2022), LiDAR (Shen
et al. 2023a; Wang et al. 2023a, 2024a; Guo et al. 2025),
and fisheye cameras (Xu et al. 2023). Among these, RGB-
based cameras continue to dominate gait recognition due to
their cost-effectiveness and seamless integration with exist-
ing CCTV systems. Consequently, the following literature
review focuses on gait modalities extracted from RGB im-
ages, which include binary silhouettes, optical flow images,
human parsing, and 2D/3D poses. Each modality offers dis-
tinct advantages, yet they all aim to minimize the influence
of gait-irrelevant factors such as clothing color, texture, and
background. We categorize gait recognition methods into
two groups based on the number of modalities used: uni-
modal and multimodal.

Unimodal Gait Recognition Methods
This kind of method usually extracts gait features from the
sequence of binary silhouettes, 2D/3D coordinates, human
parsing, or optical flow images.

With the rapid advancement of deep learning, silhouette-
based methods primarily focus on extracting both spatial
and temporal features of gait. For instance, GaitSet (Chao
et al. 2022) treats the gait sequence as a set and uses a
maximum function to compress frame-level spatial features.
GaitPart (Fan et al. 2020) pays more attention to spatial and
temporal details, showcasing their significance. GaitGL (Lin
et al. 2022) introduces a GLConv block to capture global
and local spatial features simultaneously. The latest Open-
Gait (Fan et al. 2024a) offers a comprehensive exploration
of deep model design for outdoor gait recognition, achiev-
ing strong performance across various datasets.

In pose-based methods, PoseGait (Liao et al. 2020) com-
bines 3D skeleton data with hand-crafted features to address
the challenges posed by changes in viewpoint and clothing.
GaitGraph (Teepe et al. 2021) uses a graph convolution net-
work to learn gait modalities based on 2D skeletons. Skele-
tonGait (Fan et al. 2024b) proposes an image-like skeleton
modality to enhance gait feature learning, offering novel in-
sights into the role of body structure characteristics.

Human parsing is visually similar to silhouettes that pro-
vide fine-grained body part annotations. Recent studies on
parsing-based gait recognition (Zou et al. 2024a) typically
focus on modeling both the entire body and individual body
parts. For example, GaitParsing (Wang et al. 2023b) ad-
dresses the self-occlusion problem through human parsing.
ParsingGait (Zheng et al. 2023) extracts holistic body fea-
tures while incorporating a GCN branch to capture structural
relationships among various body parts.

Individuals have unique movements and speeds, mak-
ing movement behavior a crucial aspect of human identity
recognition. While silhouettes and human parsing focus on
body shape, optical flow is gaining attention for its rep-
resentation of instantaneous motion. Ye (Ye, Sun, and Xu
2023) and Xu (Xu, Li, and Hou 2023) proposed that the mo-
tion information in optical flow can better match individu-
als with similar body shapes. AttenGait (Castro et al. 2024)
demonstrates that the modality information in optical flow
is richer than that in silhouettes, showing great potential for
gait recognition.
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Multimodal Gait Recognition Methods
An increasing number of methods are now focused on ex-
tracting rich features from multiple gait modalities. For in-
stance, SMPLGait (Zheng et al. 2022b) utilizes the 3D
SMPL model to refine the learning from gait silhouettes. Bi-
Fusion (Peng et al. 2024) integrates skeletons and silhouettes
to capture the comprehensive spatiotemporal characteristics
of human gait. Feng (Feng, Yuan, and Fan 2023) explored
the complementary nature of movement and shape infor-
mation by combining silhouettes and optical flow images.
XGait (Zheng et al. 2024) proposes a novel cross-granularity
alignment method to unleash the power of gait modalities
of different granularity. Additionally, SkeletonGait++ (Fan
et al. 2024b) combines silhouettes and the proposed skele-
ton maps in a frame-by-frame manner, fully leveraging the
strengths of CNNs. In this work, we propose a new idea that
extracts common characteristics across different modalities
while simultaneously encouraging each modality to express
its unique attributes, thereby enhancing the learning of rich
multimodal gait features.

Method
Silhouette, Parsing, and Optical Flow for Gait
Here we study three mainstream gait modalities: silhouette,
human parsing, and optical flow. In previous research, sil-
houette has been the primary focus, while human parsing
presented an emerging topic showing significant potential.
Although optical flow has been less shiny in recent lead-
ing venues for gait recognition, we include it due to its fine-
grained nature for motion description.

To ensure an intuitive and fair investigation, we adopt
a uniform framework to model these three modalities and
their combinations. Structurally, we utilize the architecture
of DeepGaitV2 (Fan et al. 2024a) thanks to its straightfor-
ward design and strong performance. As a result, three uni-
modal baselines, i.e., MultiGaits (totally identical to Deep-
GaitV2), MultiGaitp, MultiGaitf , as well as two multimodal
ones, i.e., MultiGaits+p and MultiGaits+f , are shown in Fig-
ure. 2, where s, p and f denote the input of silhouette, human
parsing, and optical flow images, respectively.

These baselines share identical blocks, with the multi-
modal ones employing additional naive multi-branch struc-
tures. Additionally, we introduce MultiGait2s, which dou-
bles the channels of MultiGaits, to eliminate the effects of
increased parameters brought by multi-branch designs. To
enrich the research scope, we consider various feature fu-
sion locations (input, middle, and high level) and mecha-
nisms (element-wise addition, channel-wise concatenation,
and cross-attention fusion1), as shown in Figure. 2 (b). For
now, we defer the implementation details to focus on key in-
sights that advance multimodal gait recognition and inspire
the design principles behind our MultiGait++.
Human Parsing: Intuitively, human parsing images offer
more detailed cues of body part labels, shapes, and structures
compared to binary silhouettes. This should ideally allow

1Here we utilize the popular cross-attention mechanism from
SkeletonGait++ (Fan et al. 2024b).
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Figure 2: The architecture of the MultiGait series. Here the
symbols * and # can be instantiated with any of the em-
ployed gait modalities, such as the silhouette, human pars-
ing, and optical flow, in theory.

for a more fine-grained interpretation of human gait. How-
ever, as shown in Table 1, MultiGaitp does not meet these
expectations. We attribute this discrepancy to the inherently
complex nature of human parsing extraction, which, while
providing additional characteristics, can also introduce po-
tential noise due to its fine-grained segmentation granular-
ity compared to silhouettes. This also explains why existing
methods tend to combine the silhouette and human parsing
rather than replacing the former with the latter.
Optical Flow: Optical flow images excel at capturing pixel-
level motion but struggle to represent body shapes (the major
advantage of gait silhouettes). Surprisingly, Table 1 shows
that MultiGaitf achieves highly competitive performance
compared with the silhouette-based MultiGaits. This high-
lights the untapped potential of optical flow in enhancing
gait description.
Silhouette+Human Parsing: Table 1 indicates that di-
rectly combining silhouettes and human parsing images, i.e.,
MultiGaits+p, can enhance the performance significantly.
Moreover, we observe that these gains are nearly uniform
over various fusion locations and mechanisms. This sug-
gests a high degree of homogeneity in how these two modal-
ities describe human gait, despite their differences in detail.
Therefore, this work plans to merge them at the input level,
saving the model’s complexity and computational demands
while preserving SoTA performance.
Silhouette+Optical Flow: We observe that integrating sil-
houettes and optical flow images, i.e., MultiGaits+f , at a
higher level will result in more performance improvements.
This suggests that silhouettes, which represent body shape,
and optical flow, which capture pixel-level motion, comple-
ment each other but are not homogeneous in data forms. By
fusing them at a high level, the combined utility is enhanced.

Based on the above comprehensive study, we present solid
evidence showing that:

• The silhouette provides accurate whole-body shapes,
while human parsing adds detailed body part features.
Thanks to homogeneity in data forms, they can be effec-
tively fused at the input level. On the other hand, optical
flow presents distinct pixel-wise motion characteristics
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Method Fusion
Location

Fusion
Mechanism

Probe Sequence (Rank-1 acc) Overall
NM BG CL CR UB UN OC NT R-1 R-5

MultiGaits N/A 86.5 82.8 49.2 80.4 83.3 81.9 86.0 28.0 80.9 91.9
MultiGaitp N/A 84.7 77.3 29.4 78.2 75.8 80.2 87.9 43.3 77.3 91.3
MultiGaitf N/A 84.4 82.8 54.9 79.3 82.4 79.8 89.7 35.0 80.5 92.5

MultiGait2s N/A 87.6 83.9 50.1 81.3 85.1 83.6 86.7 29.1 81.9 92.3

MultiGaits+p

Input Concatenation 89.6 87.1 45.1 85.4 87.4 86.7 90.3 43.2 85.1 94.9

Middle
Concatenation 90.6 86.5 44.6 85.7 86.7 86.6 91.2 44.5 85.2 94.9

Attention 90.2 86.7 43.5 85.6 87.0 87.1 91.5 43.0 85.1 94.8
Addition 89.5 87.0 41.5 85.7 87.2 86.6 91.4 45.1 85.2 94.9

High
Concatenation 90.9 86.7 42.4 85.8 87.4 87.3 92.3 44.5 85.4 94.9

Attention 90.4 85.9 38.4 84.9 86.8 86.4 91.3 43.6 84.5 94.5
Addition 91.1 87.3 43.5 86.2 88.0 87.4 92.3 45.5 85.8 95.0

MultiGaits+f

Input Concatenation 86.3 83.2 51.5 80.8 84.1 82.5 86.5 27.8 81.3 92.1

Middle
Concatenation 87.0 83.7 51.8 81.2 84.1 82.3 87.0 29.3 81.7 92.4

Attention 87.4 84.2 52.0 81.5 84.9 82.6 87.5 28.6 82.1 92.6
Addition 87.4 84.1 52.8 81.6 85.2 83.3 87.7 28.4 82.3 92.5

High
Concatenation 88.8 86.1 55.2 83.2 87.0 84.6 88.5 31.0 83.9 93.4

Attention 89.1 85.4 54.1 82.7 86.3 84.7 88.9 31.2 83.5 93.2
Addition 88.6 85.5 55.2 83.1 86.8 84.2 88.6 32.0 83.7 93.5

Table 1: Recognition results of MultiGait on SUSTech1K.

and should be appended at a higher level to capture its
unique contributions.

• Exploring the shared discriminative features across these
three gait modalities, while also identifying and leverag-
ing their unique characteristics, is essential for enriching
the learning of multimodal gait representations.

MultiGait++
Motivation: Silhouette, human parsing, and optical flow im-
ages are all image-based gait modalities that, despite their
differences, naturally share a substantial amount of common
features. Recognizing this point, we propose to encourage
each branch to highlight its unique discriminative charac-
teristics beyond these commonalities, thereby enriching the
features for multimodal gait description.
Overall: In line with practices established by MultiGait se-
ries, we develop a new multimodal method named Multi-
Gait++. Specifically, MultiGait++ processes each frame
equally and fuses them in a frame-by-frame manner, thus the
following formulation considers a single frame for brevity.

As shown in Figure 3, MultiGait++ employs a three-
stream architecture. The appearance branch takes the con-
catenation of silhouette and human parsing image as input,
while the parallel motion branch processes the optical flow
image. It is important to note that both branches capture
different granularities of body shape and dynamic features,
with the terms ‘appearance’ and ‘motion’ used here only for
clarification in presentation.

The first component of C2Fusion, i.e., the C2 module,
then extracts shared features of the above two branches
to form an additional common branch. Meanwhile, the C2

module also refines the output features of these two branches
to emphasize their differences.

After Stage2 and 3, another component of C2Fusion, a
straightforward concatenation fusion operation, then aggre-
gates the features from all three branches.

The final Stage4 and gait head project the rich features ex-
tracted from multiple gait modalities into the identity met-
ric space. Following the general practices summarized by
OpenGait (Fan et al. 2023c), the gait head comprises sev-
eral widely used components, including temporal pooling,
horizontal pooling, separate fully connected layers, and BN-
Necks (Luo et al. 2019). The overall training process is
driven by the triplet and softmax losses.

In the following section, we focus on the key component
of C2Fusion, specifically the C2 module.
C2Fusion: Through the Conv0 and Stage1, the appearance
and motion branch respectively output feature fap and fmo

with a shape of C ×H ×W (channel× height × width).
As shown in Figure 3 (a), the C2 module initiates a global

understanding through a cross-attention operation:

map,mmo = Softmax(Eap(fap), Emo(fmo)), (1)

where Eap and Emo represent two simple squeeze-and-
excitation networks with a squeeze rate of 16. With the help
of an element-wise softmax function, these networks project
the fap and fmo to an identical-size attention map map and
mmo, respectively.

Intuitively, the smaller value within |map −mmo| reveals
the more commonalities between branches since they re-
sult in similar attention activations. Next, we conduct an
element-wise minimize operation (Min) between map and
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DataSet Batch Size Milestones Steps
SUSTech1K (8, 8, 10) (20k, 30k, 40k) 50k

CCPG (8, 16, 30) (20k, 40k, 50k) 60k

Table 2: Implementation details. The batch size (q, p, k) indi-
cates q IDs, p sequences per ID, and k frames per sequences.

mmo and perform a further Min-Max normalization (Norm)
over the spatial dimension:

mco = Norm(Min(map,mmo)), (2)

where the output attention map mco can represent the com-
mon concerns of different branches since the larger value
within mco means the smaller value within |map −mmo|.

Similarly, we define the different concerns of branches by
mdi, e.g., 1 − mco. Finally, the initial features of the com-
mon branch (the commonalities between branches) can be
formulated as:

f
′

co =
fap + fmo

2
∗mco, (3)

meanwhile, we refine the appearance and motion branch
(highlight differences of each branch) by:

f
′

ap = fap ∗map ∗mdi,

f
′

mo = fmo ∗mmo ∗mdi

(4)

as shown in Figure 3 (b).

Experiment
Dataset
We conduct main experiments on the popular SUSTech1K
and CCPG datasets, which offer publicly available RGB

videos, allowing for flexible extraction of multiple gait
modalities. Specifically, we utilize the officially provided
silhouettes and personally perform the tasks of human
parsing and optical flow extraction. Detailed pretreatment
procedures are provided in the Supplementary Materi-
als2. The SUSTech1K offers many scenarios, including
the normal(NM), bags(BG), clothing(CL), carrying(CR),
umbrella(UB), uniform (UM), occlusion(OC), and night-
time(NT) conditions. Alternatively, the CCPG is designed
around the challenges of clothing factors, featuring a di-
verse collection of full-(CL), up-(UP), down-clothing(DN),
and bag(BG) changes. Our experiments strictly follow offi-
cial evaluation protocols and take rank-1 accuracy(R-1) and
mean average precision(mAP) as the primary metric.

GREW (Zhu et al. 2021) and Gait3D (Zheng et al. 2022a)
are two large real-world datasets. In recent years, more and
more research (Fan et al. 2023c, 2024a; Shen et al. 2024)
suggest paying more attention to real-world datasets. There-
fore, we conduct additional experiments on these two chal-
lenging real-world datasets, despite the absence of parsing
and flow images in each dataset.

Implementation Details
1) Silhouette, human parsing, and optical flow images
are aligned and resized to 1×64×44, 1×64×44, and
3×64×44 (Takemura et al. 2018). 2) Table 2 shows the main
hyper-parameters of our experiments; 3) The spatial aug-
mentation strategy suggested by OpenGait (Fan et al. 2023c)
is adopted; 4) The SGD optimizer with an initial learn-
ing rate of 0.1 and weight decay of 0.0005 is utilized. 5)
A naive combination of MultiGaits+p(input-level and cat

2Available at https://arxiv.org/pdf/2412.11495
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Modality Method Probe Sequence (R-1) Overall
NM BG CL CR UB UN OC NT R-1 R-5

Skeleton GaitGraph2 (Teepe et al. 2022) 22.2 18.2 6.8 18.6 13.4 19.2 27.3 16.4 18.6 40.2
SkeletonGait (Fan et al. 2024b) 55.0 51.0 24.7 49.9 42.3 52.0 62.8 43.9 50.1 72.6

Sils

GaitSet (Chao et al. 2022) 69.1 68.2 37.4 65.0 63.1 61.0 67.2 23.0 65.0 84.8
GaitPart (Fan et al. 2020) 62.2 62.8 33.1 59.5 57.2 54.8 57.2 21.7 59.2 80.8

GaitGL (Lin, Zhang, and Yu 2021) 67.1 66.2 35.9 63.3 61.6 58.1 66.6 17.9 63.1 82.8
GaitBase (Fan et al. 2023c) 81.5 77.5 49.6 75.8 75.5 76.7 81.4 25.9 76.1 89.4

DeepGaitV2 (Fan et al. 2023a) 86.5 82.8 49.2 80.4 83.3 81.9 86.0 28.0 80.9 91.9

Parsing GaitBasep (Fan et al. 2023c) 80.3 71.1 32.5 72.6 66.3 73.5 81.7 40.7 71.7 88.4
DeepGaitV2p (Fan et al. 2023a) 84.7 77.3 29.4 78.2 75.8 80.2 87.9 43.3 77.3 91.3

Flow DeepGaitV2f (Fan et al. 2023a) 84.4 82.8 54.9 79.3 82.4 79.8 89.7 35.0 80.5 92.5

Sils+Skeleton BiFusion (Peng et al. 2024) 69.8 62.3 45.4 60.9 54.3 63.5 77.8 33.7 62.1 83.4
SkeletonGait++ (Fan et al. 2024b) 85.1 82.9 46.6 81.9 80.8 82.5 86.2 47.5 81.3 95.5

Sils+Parsing+Flow MultiGaits+p+f (Ours) 90.0 87.8 44.2 86.2 88.3 87.7 91.8 44.8 86.0 95.1
MultiGait++ (Ours) 92.0 89.4 50.4 87.6 89.7 89.1 93.4 45.1 87.4 95.6

Table 3: Evaluation with different attributes on SUSTech1K.

Modality Method CL UP DN BG Mean
R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1

Skeleton
GaitGrapgh2 (Teepe et al. 2022) 5.0 2.5 5.3 4.0 5.8 4.2 6.2 4.6 5.6

GaitTR (Zhang et al. 2023) 15.7 9.7 18.3 16.1 18.5 16.4 17.5 15.3 17.5
SkeletonGait (Fan et al. 2024b) 40.4 20.8 48.5 35.8 53.0 40.3 61.7 48.1 50.9

Sils

GaitSet (Chao et al. 2022) 60.2 47.4 65.2 63.2 65,1 61.9 68.5 65.8 64.8
GaitPart (Fan et al. 2020) 64.3 48.0 67.8 63.2 68.6 63.8 71.7 66.4 68.1

GaitBase (Fan et al. 2023c) 71.6 58.5 75.0 71.6 76.8 73.3 78.6 75.3 75.5
DeepGaitV2 (Fan et al. 2023a) 78.6 62.1 84.8 81.5 80.7 78.1 89.2 85.8 83.3

Parsing GaitBasep (Fan et al. 2023c) 59.1 44.1 62.1 57.5 66.8 61.9 68.1 64.2 64.0
DeepGaitV2p (Fan et al. 2023a) 69.6 51.7 75.8 71.4 75.8 71.6 83.3 79.3 76.1

Flow DeepGaitV2f (Fan et al. 2023a) 68.8 49.5 73.3 67.5 75.0 68.0 76.8 71.1 73.5

RGB GaitEdge (Liang et al. 2022) 66.9 - 74.0 - 70.6 - 77.1 - 72.2
BigGait (Ye et al. 2024) 82.6 - 85.9 - 87.1 - 93.1 - 87.2

Sils+Skeleton BiFusion (Peng et al. 2024) 62.6 46.7 67.6 64.1 66.3 61.9 66.0 61.9 65.6
SkeletonGait++ (Fan et al. 2024b) 79.1 63.6 83.9 81.2 81.7 79.3 89.9 87.0 83.7

Sils+Parsing XGait (Zheng et al. 2024) 72.8 59.5 77.0 74.3 79.1 75.7 80.5 78.2 77.4

Sils+Parsing+Flow MultiGaits+p+f (Ours) 81.3 65.2 87.2 83.6 82.9 80.3 90.6 87.4 85.5
MultiGait++ (Ours) 83.9 68.5 89.0 85.8 86.0 82.5 91.5 88.9 87.6

Table 4: Evaluation with different attributes on CCPG.

fusion) and MultiGaits+f (high-level and attention fusion),
termed MultiGaits+p+f as shown in Figure 3 (c), is intro-
duced to act as a strong baseline.

Comparison Around MultiGait++
Results on SUSTech1K: As shown in Table 3, both Multi-
Gait++ and its baseline, MultiGaits+p+f , achieve rank-1
accuracies that significantly surpass other state-of-the-art
methods in most cases. This demonstrates the substantial

benefits of multimodal modeling for gait recognition. More
importantly, MultiGait++ outperforms its baseline, demon-
strating the effectiveness of our C2Fusion strategy.

Results on CCPG: On the more challenging CCPG dataset,
MultiGait++ outperforms all other SoTA methods across
all conditions, as shown in Table 4. Excluding its baseline,
MultiGait++ raises the SoTA standard by +4.8%, +4.2%,
+4.3%, and +1.6% in rank-1 accuracy on the CL, UP, DN,
and BG subsets, respectively. It also achieves considerable
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Modality Method GREW Gait3D

R-1 R-5 R-10 R-1 R-5 mAP mINP

Sils

GaitSet (Chao et al. 2022) 46.3 63.6 70.3 36.7 58.3 30.0 17.3
GaitPart (Fan et al. 2020) 44.0 60.7 67.3 28.2 47.6 21.6 12.4

GaitGL (Lin, Zhang, and Yu 2021) 47.3 - 29.7 48.5 22.3 13.6
GaitBase (Fan et al. 2023c) 60.1 75.5 80.4 64.6 -
QAGait (Wang et al. 2024b) 59.1 74.0 79.2 67.0 81.5 56.5 -

DeepGaitV2 (Fan et al. 2023a) 77.7 88.9 91.8 74.4 88.0 65.8 39.2

Skeleton
GaitGraph2 (Teepe et al. 2022) 33.5 - 11.1 -

GaitTR (Zhang et al. 2023) 54.5 - 6.6 -
SkeletonGait (Fan et al. 2024b) 77.4 87.9 91.0 38.1 56.7 28.9 16.1

Sils+Skeleton
GaiRef (Zhu et al. 2023) 53.0 67.9 73.0 49.0 49.3 40.7 25.3

MSAFF (Zou et al. 2024b) 57.4 73.0 78.3 48.1 66.6 38.5 23.5
SkeletonGait++ (Fan et al. 2024b) 85.8 92.6 94.3 77.6 89.4 70.3 42.6

Sils+Flow
GaitFusion (Feng, Yuan, and Fan 2023) 83.1 91.3 93.6 -

MultiGaits+f (Ours) 91.4 96.4 97.5 -
MultiGait++s+f (Ours) 93.4 97.3 98.3 -

Sils+Parsing
XGait (Zheng et al. 2024) - 80.5 91.9 73.3 55.4

MultiGaits+p (Ours) - 83.0 94.5 78.6 62.7
MultiGait++s+p (Ours) - 85.4 94.9 80.5 65.2

Table 5: Recognition results on two real-world gait datasets, involving GREW, and Gait3D.

idx mco

in Eq.3
mdi

in Eq.4 NM UB UN OC NT Overall

(a) × × 90.0 87.8 87.7 91.8 44.8 86.0
(b) × ✓ 90.1 88.7 87.9 93.0 45.4 86.5
(c) ✓ × 90.6 89.0 88.1 92.5 43.5 86.4
(d) ✓ ✓ 92.0 89.7 89.1 93.4 45.1 87.4

Table 6: Ablation study on common concerns mco and dif-
ferent concerns mdi.

improvements compared to its baseline, i.e., +2.1% in rank-
1 accuracy averaged over CCPG. These results underscore
the exceptional capability and practicality of MultiGait++ in
handling complex clothing variations.
More Results on Other Real-world Datasets: To further
validate the effectiveness of MultiGait++, we conduct addi-
tional experiments on two challenging real-world datasets,
GREW and Gait3D, despite the absence of parsing and flow
images in each dataset. In this phase, we modify Multi-
Gait++ (and MultiGait) into a two-branch input design, with
a combination of silhouette and parsing for Gait3D, and sil-
houette and flow for GREW.

The results shown in Table 5 demonstrate the notable su-
periority of both MultiGait and MultiGait++. Excluding its
baseline MultiGait, MultiGait++ raises the SoTA standard
by +7.6% and +4.9% in rank-1 accuracy on GREW and
Gait3D. It is also worth mentioning that MultiGait++ con-
tinues to outperform its high-performance baseline, Multi-
Gait, underscoring the robustness and effectiveness of the
proposed C2Fusion.

Ablation Study
To validate the C2 module’s effectiveness, we conduct ab-
lation experiments on mco and mdi in Table 6. Specifically,
Table 6 (b) means that removing mco but remaining mdi in
Figure 3 (b); Table 6 (c) means that removing the term of
mdi but remaining the term of mco in Figure 3 (b); Table 6
(a) and 6 (d) means the MultiGaits+p+f and MultiGait++.

Fusing these three modalities in various ways consis-
tently yields high performance on SUSTech1K (compared
to other SoTA methods in Table 3), highlighting the ben-
efits of multimodal methods. Furthermore, the C2 module
in MultiGait++, which preserves shared characteristics (by
mco) while emphasizing unique features (by mdi), further
enhances recognition accuracy.

Conclusion
This work studies three typical gait modalities: silhouettes,
human parsing, and optical flow. It emphasizes the im-
portance of multimodal methods in gait recognition. Fur-
thermore, the proposed C2Fusion strategy encourages each
modality to highlight its unique features while preserv-
ing shared characteristics, effectively enriching the features
for multimodal gait description. The integrated approach
achieves superior accuracy and demonstrates that multi-
modal gait recognition has much to explore in the future.
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Marı́n-Jiménez, M. J.; and Guil, N. 2024. AttenGait: Gait
recognition with attention and rich modalities. Pattern
Recognition, 148: 110171.
Chao, H.; Wang, K.; He, Y.; Zhang, J.; and Feng, J. 2022.
GaitSet: Cross-View Gait Recognition Through Utilizing
Gait As a Deep Set. IEEE Transactions on Pattern Anal-
ysis and Machine Intelligence, 44(7): 3467–3478.
Fan, C.; Hou, S.; Huang, Y.; and Yu, S. 2023a. Exploring
Deep Models for Practical Gait Recognition. arXiv preprint
arXiv:2303.03301.
Fan, C.; Hou, S.; Liang, J.; Shen, C.; Ma, J.; Jin, D.; Huang,
Y.; and Yu, S. 2024a. OpenGait: A Comprehensive Bench-
mark Study for Gait Recognition towards Better Practicality.
arXiv preprint arXiv:2405.09138.
Fan, C.; Hou, S.; Wang, J.; Huang, Y.; and Yu, S. 2023b.
Learning gait representation from massive unlabelled walk-
ing videos: A benchmark. IEEE Transactions on Pattern
Analysis and Machine Intelligence.
Fan, C.; Liang, J.; Shen, C.; Hou, S.; Huang, Y.; and Yu,
S. 2023c. OpenGait: Revisiting Gait Recognition Towards
Better Practicality. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR),
9707–9716.
Fan, C.; Ma, J.; Jin, D.; Shen, C.; and Yu, S. 2024b. Skele-
tonGait: Gait Recognition Using Skeleton Maps. In Pro-
ceedings of the AAAI Conference on Artificial Intelligence,
volume 38, 1662–1669.
Fan, C.; Peng, Y.; Cao, C.; Liu, X.; Hou, S.; Chi, J.; Huang,
Y.; Li, Q.; and He, Z. 2020. GaitPart: Temporal part-based
model for gait recognition. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition,
14225–14233.
Feng, Y.; Yuan, J.; and Fan, L. 2023. GaitFusion: Exploring
the Fusion of Silhouettes and Optical Flow for Gait Recogni-
tion. In Iliadis, L.; Papaleonidas, A.; Angelov, P.; and Jayne,
C., eds., Artificial Neural Networks and Machine Learning
– ICANN 2023, 88–99. Cham: Springer Nature Switzerland.
ISBN 978-3-031-44195-0.
Guo, W.; Liang, Y.; Pan, Z.; Xi, Z.; Feng, J.; and Zhou,
J. 2025. Camera-LiDAR Cross-modality Gait Recogni-
tion. In European Conference on Computer Vision, 439–
455. Springer.
Li, W.; Hou, S.; Zhang, C.; Cao, C.; Liu, X.; Huang, Y.;
and Zhao, Y. 2023. An In-Depth Exploration of Person Re-
Identification and Gait Recognition in Cloth-Changing Con-
ditions. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 13824–13833.
Li, X.; Makihara, Y.; Xu, C.; Yagi, Y.; Yu, S.; and Ren, M.
2020. End-to-end model-based gait recognition. In Proceed-
ings of the Asian Conference on Computer Vision.
Liang, J.; Fan, C.; Hou, S.; Shen, C.; Huang, Y.; and Yu, S.
2022. GaitEdge: Beyond Plain End-to-End Gait Recognition
for Better Practicality. In Computer Vision – ECCV 2022.

Liao, R.; Cao, C.; Garcia, E. B.; Yu, S.; and Huang, Y. 2017.
Pose-based temporal-spatial network (PTSN) for gait recog-
nition with carrying and clothing variations. In Chinese con-
ference on biometric recognition, 474–483. Springer.
Liao, R.; Yu, S.; An, W.; and Huang, Y. 2020. A model-
based gait recognition method with body pose and human
prior knowledge. Pattern Recognition, 98: 107069.
Lin, B.; Zhang, S.; Wang, M.; Li, L.; and Yu, X.
2022. Gaitgl: Learning discriminative global-local fea-
ture representations for gait recognition. arXiv preprint
arXiv:2208.01380.
Lin, B.; Zhang, S.; and Yu, X. 2021. Gait recognition via
effective global-local feature representation and local tem-
poral aggregation. In Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision, 14648–14656.
Luo, H.; Gu, Y.; Liao, X.; Lai, S.; and Jiang, W. 2019. Bag of
tricks and a strong baseline for deep person re-identification.
In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition workshops, 0–0.
Nixon, M. S.; and Carter, J. N. 2006. Automatic recognition
by gait. Proceedings of the IEEE, 94(11): 2013–2024.
Peng, Y.; Ma, K.; Zhang, Y.; and He, Z. 2024. Learning rich
features for gait recognition by integrating skeletons and sil-
houettes. Multimedia Tools and Applications, 83(3): 7273–
7294.
Shen, C.; Fan, C.; Wu, W.; Wang, R.; Huang, G. Q.; and Yu,
S. 2023a. LidarGait: Benchmarking 3D Gait Recognition
With Point Clouds. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR),
1054–1063.
Shen, C.; Lin, B.; Zhang, S.; Yu, X.; Huang, G. Q.; and Yu,
S. 2023b. Gait recognition with mask-based regularization.
In 2023 IEEE International Joint Conference on Biometrics
(IJCB), 1–10. IEEE.
Shen, C.; Yu, S.; Wang, J.; Huang, G. Q.; and Wang, L.
2024. A Comprehensive Survey on Deep Gait Recognition:
Algorithms, Datasets, and Challenges. IEEE Transactions
on Biometrics, Behavior, and Identity Science.
Takemura, N.; Makihara, Y.; Muramatsu, D.; Echigo, T.; and
Yagi, Y. 2018. Multi-view large population gait dataset and
its performance evaluation for cross-view gait recognition.
IPSJ Transactions on Computer Vision and Applications, 10.
Teepe, T.; Gilg, J.; Herzog, F.; Hörmann, S.; and Rigoll, G.
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