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Abstract

Modality exploration has been repeatedly mentioned in gait
recognition, evolving from silhouette to parsing, mesh, point
clouds, etc. These latest modalities agree that silhouette is
less affected by background and clothing noises, but argue
it loses too much valuable discriminative information. They
seek to retain the strengths of silhouette while extracting
more semantic or structural information through upstream
estimation for better recognition. We agree with this prin-
ciple but argue that these upstream estimations are usually
unstable and the resulted modalities rely on pre-defined de-
sign. Moreover, the crucial aspect of modality generaliza-
tion remains underexplored. To address this, we propose
Guait-X to explore how to flexibly and stably develop a gait-
specific generalized X modality from a frequency perspec-
tive. Specifically, 1) We replace upstream estimation with
stable frequency decomposition and conduct a comprehen-
sive analysis of how different frequencies impact modal-
ity and within-/cross-domain performance; 2) To enable
flexible modality customization and mitigate the influence
of noise and domain variations, we propose to remove ir-
relevant low-frequency noise and suppress high-frequency
domain-specific information to form our X modality; 3) To
further improve model generalization, we expand the repre-
sentation across multiple frequencies to guide the model in
balancing whole frequencies for enhanced generalization.
Extensive experiments on CCPG, SUSTechlK, and CASIA-
B datasets show superior generalization.

1. Introduction

Gait recognition identifies individuals through their appear-
ance and unique walking patterns, which has obtained ex-
plosive growth in recent years. The long-distance and non-
invasive nature of gait sequence data collection makes it re-
liable and suitable for public security applications [47, 50].

Early appearance-based gait recognition widely adopted
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Figure 1. Motivation. Frequency decomposition is a stable tool
to transform RGB image into discrete frequency representations
in a near-lossless manner. They are closely related to current gait
issues and can serve as guidance to selectively process irrelevant
frequencies and balance them for better recognition and further
generalization. L and H indicate low and high frequency.

binary silhouette modality as input [2, 6, 35, 53]. The main
advantage is its ability to eliminate background and clothing
texture noise, allowing researchers to focus on body shape
and shape variations across frames for recognition. Some
early studies have also explored RGB modality as input,
leveraging its rich information and ability to feature disen-
tanglement [24, 78, 79]. With cloth-changing becoming the
key challenge in gait recognition, they all have recognized
limitations in their input modalities: 1) Silhouette-based
methods are sensitive to shape variations caused by cloth-
ing changes, while the simplistic binary silhouette lacks ad-
ditional discriminative features [51, 64, 68, 82], making the
cloth-changing task more challenging; 2) RGB-based meth-
ods can be confused by clothing colors and textures, and
have proven to rely on limited unchanged features like head
or shoes [13, 33] for recognition.

Recently, gait recognition has turned to more promising
modalities, such as parsing [64, 65, 82, 83], 3D mesh [68,
81], point cloud [14, 51], and optical flow [15, 39]. 1)
Compared with silhouette, researchers argue that binary sil-
houette has low information entropy [82], while the added
semantics or structural information of these modalities can
provide additional discriminative features to improve recog-
nition [51, 64, 81, 82]. 2) Compared with RGB, these
modalities help reduce clothing or background noise, and
guide the model to focus on more discriminative features
like semantics or structure. Additionally, recent stud-
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ies have also made initial attempts to obtain intermediate
modalities from RGB through learning-based method (e.g.,
DINO-based gait representation in BigGait [73]). To sum-
marize, the current paradigm in gait modality exploration is
trending toward enriching silhouette or denoising RGB.

We fully appreciate these valuable works to build a better
gait modality. However, in some cases, we find that these
advanced modalities or intermediate modalities often rely
on upstream estimations or black-box learning processes,
which inevitably suffer from instability or lack of control-
lability. For example, the upstream estimation results are
often pre-defined and variations in estimation methods can
lead to significant performance differences in downstream
recognition [64, 82]. Another example is that the repre-
sentations in learning-based methods are often highly cou-
pled with all-purposed information in high dimensions [73].
Furthermore, the critical aspect of modality generalization
(e.g., within-domain and cross-domain evaluations) remains
underexplored. Thus, a natural question arises: How can
we develop a gait-specific modality with strong general-
ization in a stable and flexible manner?

To answer this question, a straightforward idea is to de-
compose image into multiple discrete components and re-
move the noise components for better recognition. Fortu-
nately, we find that frequency decomposition (e.g., Discrete
Cosine Transformation [30, 84]) is a stable tool that enables
near lossless transformation of image into multiple frequen-
cies. More importantly, recent frequency analysis in com-
puter vision (e.g., JPEG compression [57]) has shown that
different frequencies are strongly correlated with image fea-
tures such as color or texture. By selectively removing or
suppressing certain frequencies, it is possible to control the
image’s final representation in a flexible manner. As in Fig-
ure 1, we also find some relations between multiple frequen-
cies, gait modalities, and gait issues. Additionally, recent
progress in frequency-domain model training [16, 71] also
suggests that properly modulating low and high frequencies
is effective in improving model generalization.

Based on the above motivations, we propose Gait-X to
explore developing a better gait intermediate modality (i.e.,
X modality) and model training strategy toward general-
ized gait recognition, all from a frequency-domain decom-
position perspective. Specifically, 1) For gait intermediate
modality input, we find that extremely low frequencies of-
ten contain more noises that impact recognition, and higher
frequencies contain more within-domain information that is
harmful to generalization. We empirically propose to re-
move extremely low frequencies and progressively suppress
high frequencies to develop a more generalized X modality.
2) For gait model training strategy, we find that the model
initially focuses on low frequencies and gradually shifts to
high frequencies during training. However, overfitting to
high frequencies leads to poor generalization. We propose a

frequency decomposition training strategy to guide the gait

model to consider a broader frequency range to mitigate

this issue and improve generalization. Notably, Gait-X bal-

ances both within- and cross-domain performance, provid-

ing a practical solution toward generalized gait recognition.
The main contributions can be summarized as follows.

* We pioneer frequency-guided modality exploration and
model training strategy in gait recognition, providing a
comprehensive analysis of why and how to design strate-
gies toward generalized gait recognition.

* The proposed gait-specific X modality enables stable gen-
eration process through flexible frequency modulation,
serving as a fresh attempt to enrich gait modality library.

* The proposed frequency decomposition training strategy
provides a simple yet effective way to adjust the model’s
fitting direction to a broader range of frequencies for bet-
ter generalization.

* Gait-X achieves superior performance in within-domain
and cross-domain evaluations. Compared to RGB modal-
ity, Gait-X achieves +13.4% in within-domain CCPG and
+22.6% in cross-domain CCPG—CASIA-B.

2. Related Work
2.1. Gait Recognition

Modality Exploration in Gait Recognition has been ex-
panded from the widely used silhouette [2, 6, 18-21, 25,
35,53, 58, 59, 66, 75] to other advanced modalities through
upstream estimation models and have proven effective, such
as parsing [64, 82, 83, 87], skeleton [9, 55, 56, 77], 3D
mesh [68, 81, 85], point clouds [14, 51], optical flow [15,
39], etc. One common trait of them is that they inherit two
key advantages of silhouette: background noise invariance
and clothing texture invariance. Another common trait is
that they seek to improve the information entropy of gait by
introducing more discriminative information (e.g., seman-
tics, body structure) for better recognition. Some studies
have also utilized RGB modality as input and adhering to
the above principles. They have explored end-to-end meth-
ods [34, 78, 79] to optimize the intermediate gait repre-
sentation or LVM-based methods to obtain universal repre-
sentation with further noise refinement [73]. In this paper,
Gait-X replaces upstream estimations or LVM with stable
frequency decomposition, innovatively constructing a gait-
specific X modality through appropriately handling differ-
ent frequencies.

Frequency Analysis in Past Gait Recognition mainly fo-
cuses on temporal frequency analysis to extract gait sig-
nals [40-42, 62, 74], such as gait cycle periodicity, step
frequency, and spectral variations among individuals. For
example, Mobasseri et al. [42] use temporal spectrograms
to represent micro-Doppler signals of gait. Yu et al. [74]
demonstrate that key Fourier descriptors (KFDs) from hu-
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(b) Frequency Distributions of Gait Model Layers.

Figure 2. Different frequencies are highly correlated with gait modality, modality generalization, and model optimization direction.
(a) Top: Lower frequencies are related to color, brightness, and smooth textures. Higher frequencies contain more imperceptible informa-
tion. Bottom: Within-domain prefers extremely low frequencies and high frequencies. Cross-domain is unaffected by high frequencies,
but the removal of extremely low frequency brings more benefits. (b) Top: Expanding original gait image into multiple frequency bands
and obtain their corresponding representations. Bottom: Relative log amplitudes of feature map in gait model’s different layers show that
gait model initially fit low frequency and then shift to high frequency. Taking multiple frequency representation concatenation as input
can better suppress high frequencies during the early training. (Other details: The colors in the bottom of (a) indicate , ,
frequencies. Within-domain: CCPG, average rank-1 under gait evaluation protocol. Cross-domain: CCPG—CASIA-B, average rank-1.)

man silhouettes provide more discriminative power and
reduce computational cost compared to traditional meth-
ods. Makihara et al. [40] construct a gait silhouette vol-
ume (GSV) from infrared gait images, extracting temporal
frequency-domain features to capture gait periodicity. In
this paper, we shift from temporal frequency analysis to-
ward spatial dimension, and explore to build a frequency-
guided gait intermediate modality and a frequency-guided
model training strategy for generalized gait recognition.

2.2. Frequency Domain Learning

Frequency-domain learning has been widely used in tra-
ditional digital image processing for decades [1, 49]. Re-
cently, it has shown benefits in four main areas by either ap-
plying frequency-domain transformations to input images
or using frequency as guidance to improve model training,
involving: 1) Accelerating training or facilitating the opti-
mization of network [31, 36, 45, 52]; 2) Providing effec-
tive data augmentation [16, 23, 69]; 3) Learning informa-
tive representations of non-local receptive fields [22, 48];
4) Assisting in the understanding of certain DNN behav-
iors [70-72]. In this paper, Gait-X leverages the strengths
of frequency decomposition to reveal the relation between
frequencies and gait modalities, exploring a better gait in-
termediate modality and a model training strategy toward
generalized gait recognition.

3. Preliminaries

In this section, we propose to explore the impact of differ-
ent frequencies on gait recognition. Specifically, we inves-
tigate how to manipulate frequency at gait modality (input

level) and gait model training strategy (training level) to-
ward better generalized gait recognition. We meticulously
adopt Discrete Cosine Transform (DCT) [30, 84] as the fre-
quency decomposition tool for following analysis.

3.1. How Frequency Impact Gait Modality?

For gait modality representation, as shown in the top of Fig-
ure 2(a), we progressively remove low or high frequencies
to observe the changes in the resulting gait modality. Some
intuitive findings show that: 1) Extremely low frequency
mainly captures color, brightness, and some smooth tex-
tures; 2) Low-to-mid frequency begins to reveal the overall
structure; 3) Mid-to-high frequency provides more edge and
texture details; 4) Extremely high frequency contains more
imperceptible information, often accompanied by domain-
specific information, as mentioned in other studies [23, 32].
For modality generalization, as shown in the bottom of
Figure 2(a), we train the gait model [7] with RGB from
scratch, and then test it after progressively removing low
or high frequencies. The within-domain (CCPG, average
rank-1 under gait evaluation protocol) and cross-domain
(CCPG— CASIA-B, average rank-1 results show that:

* Within-domain tends to overfit extremely low and high
frequencies since they involve more domain-specific in-
formation. However, the extremely low frequencies con-
tain some unreliable factors like color and brightness,
while the higher frequencies contain more imperceptible
domain-specific information. Although these may im-
prove within-domain performance, they largely hinder the
broader goal of cross-domain generalization.

* Cross-domain is not affected by higher frequencies and
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hindered by low frequencies. It favors more mid-to-low
frequencies that carry more domain-independent infor-
mation, such as structure and semantics.

Conclusion for Gait Modality. Based on the above anal-
ysis, we realize that a direct attempt to construct a gait-
specific modality for generalized gait recognition by mod-
ulating low and high frequencies could be: Remove the
noisy extremely low frequencies and appropriately sup-
press high frequencies.

The reasons for selecting removal for extremely low fre-
quencies while suppression for high frequencies are three-
fold: 1) Extremely low frequencies negatively affect both
within-domain and cross-domain performance, while high
frequencies are crucial for within-domain performance but
do not benefit cross-domain performance. The degree of
suppression applied to high frequencies allows for a trade-
off between within-domain and cross-domain performance.
2) The characteristic of frequency decomposition is that
extremely low frequencies are always concentrated, while
high frequencies are spread more widely. It is easy to de-
termine the extremely low frequencies, while defining the
boundaries of high frequencies is challenging. 3) The intu-
itive findings in Figure 2(a) also show that extremely low
frequency contains rich within-domain information (e.g.,
color, brightness, smooth textures), making removal a better
choice than suppression.

3.2. How Frequency Impact Model Training?

Previous research reveals three key findings of the rela-
tions between frequencies and CNNs during training [70-
72]: 1) CNNs initially fit low frequency, gradually shift to
high frequency, and finally emphasize more high-frequency
components; 2) Deep layers in CNNs focus more on high-
frequency information compared to shallow layers. 3) Ex-
cessive focus on high frequencies tends to overfit domain-
specific features, leading to reduced generalization (e.g., in
classification task, a cat with the high-frequency texture of
an elephant may be misclassified as an elephant [10]).
Considering that gait models adopt similar CNN archi-
tectures, we find that they exhibit similar tendencies in gait
models. As in the left part of Figure 2(b), we feed the origi-
nal RGB image into gait model [7], and plot the relative log
amplitudes of frequency transformed feature map in each
layer of gait model. The x-axis indicates discrete frequency
components, ranging from low to high frequencies (left to
right). We find that the value of high-frequency component
first decrease and then increase with the increase in model
layer depth. This suggests that gait model shares the same
conclusion with current CNNSs, i.e., the model first fits low
frequencies and then high frequencies, ultimately leading to
high-frequency dominance, which impacts generalization.
Conclusion for Model Training Strategy. As discussed
above, a direct attempt is to guide the model towards a

broader frequency range, rather than letting high fre-
quencies dominate. More importantly, the guidance should
be applied at the shallow layers, as the training objective of
the model will always push deeper layers to better fit within-
domain information.

For details, as shown in the right part of Figure 2(b),
we attempt to decompose the input into multiple frequency
bands and obtain the corresponding modality representa-
tions. These are then concatenated along the channel di-
mension and fed into the gait model. The empirical results
show that the learned features shift towards reducing high
frequencies, leading to improved performance.

4. Methodology

In this section, we leverage the above conclusions to de-
velop the final solution. As shown in Figure 3, we employ
standard Discrete Cosine Transform (DCT) as the tool and
specifically refine it for gait recognition (Sec. 4.1), focusing
on two aspects: building a better gait modality (termed X
modality) (Sec. 4.2) and designing improved model train-
ing strategies with frequency decomposition (Sec. 4.3) for
generalizable gait recognition.

4.1. Modifications of DCT for Gait Recognition

To enhance the utility of frequency decomposition tool for
gait recognition, as shown in Figure 3, we follow JPEG
compression [5, 57] and introduce two modifications:

Color Transformation. We first convert the image
I(z,y) from RGB to YCbCr color space (denoted as ¢(-) in
Eq. (1)), effectively separating the input into luminance (Y,
brightness) and chrominance (Cb/Cr, color) spaces. This
modification enables subsequent targeted suppression in
Sec. 4.2 to mitigate brightness and color issues.

Patch-based DCT (PDCT). After the color transforma-
tion, we adjust the value range of YCbCr from standard [0,
255] to a symmetric range of [-128, 127] to facilitate DCT
process [5, 57]. The image is then divided into a series of
non-overlapping patches P; with sizes of K x K, and DCT
is applied to obtain spectral patches Fp, as follows:

JKXxW/K

patches : {P;}/} = Patchify(¢(I) — 128), (1)

spectral patches : {Fp, }/*W/K —DOT(P).  (2)

Discussion about Patch-based DCT modification. We
select patch-based strategy since it contains two benefits:
1) Lower Computational Complexity. DCT’s complexity
grows quadratically with image size (i.e., O(H x W)), mak-
ing it inefficient for large images. Patches with small sizes
(K x K) are suitable for efficiency. 2) Better Local Detail
Preservation. Applying DCT to the whole image may ob-
scure important local details with global frequency informa-
tion. Multiple patches retain crucial local information that
is proven essential for accurate gait recognition [6, 35, 60].
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Figure 3. Gait-X introduces: (a) color transformation to separate brightness (Y) and color (Cb/Cr), and Patch-based DCT (patch size:
KxK=8x8) for frequency decomposition; (b) For each patch, the upper-left pixel indicates the extremely low frequencies (known as
direct component, DC), and the other frequencies are regarded as high frequencies (known as alternating component, AC). The frequency-
guided denoising involves low-frequency removal to eliminate average brightness/color impact and high-frequency suppression (divided
by the suppression matrix [43, 44], best viewed in Figure 5) to implement more suppression on higher frequencies and colors (Cb/Cr); (c)
all processed patches undergo two distinct branches to generate X modality and build decomposition inputs for (d) final recognition as [7].
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Figure 4. Visualization of removed DC components of Y/Cb/Cr.
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Figure 5. Visualization of standard suppression matrix of Y/Cb/Cr
in JPEG compression [43, 44]. It uses a progressive suppression
strategy to suppress high frequencies, with stronger suppression
applied to higher frequencies. Moreover, stronger suppression is
applied to the Cb/Cr color components to reduce color impact.

4.2. Frequency-guided X Gait Modality

Based on the conclusion in Sec. 3.1 and modifications in
Sec. 4.1, we introduce to remove and suppress specific fre-
quencies that affect recognition and generalization at the
input level, aiming to construct a gait-specific X modality
toward generalized gait recognition.

Low Frequency (DC) Removal. PDCT facilitates en-
ergy compaction, gathering visually relevant information in
the upper left corner of each patch, known as Direct Compo-
nent (DC, Figure 4) [5]. DC represents the average value of
each channel. For YCbCr image input, the DC in Y channel
indicates average brightness while Cb/Cr channels indicate
average color. Unlike JPEG, which retains the DC for visual
quality, we follow our conclusion from Sec. 3.1 to remove

all DC components from Y/Cb/Cr channels, efficiently re-
ducing environmental lighting, color, and noise effects.

High Frequency (AC) Suppression. To guide gait rep-
resentation to focus on more mid-to-low frequencies for bet-
ter generalization at the input level, as shown in Figure 3(b),
we introduce a progressive frequency suppression strat-
egy that gradually suppresses other frequencies (Alternating
Component, AC) from low to high, with stronger suppres-
sion applied to higher frequencies. Additionally, due to the
potentially negative impact of chrominance (Cb/Cr) compo-
nents on recognition, we apply more intense suppression on
chrominance channels to learn more chroma-independent
discriminative information. The suppression matrixes (Qy,
Qcv, Qcr) are shown in Figure 5.

7 ?_{Fpi}Y 0 Cb_{Fpi}Cb 0 ér_{FPi}Cr
{FPi} - QY"V,{FPi} = QCb"77{FPi} = QCr"(Y:;;

where + is used to control the suppression level.

Inverse PDCT & Color & Mask Operation. Finally,
we apply Inverse PDCT (IPDCT) and color transformation
(¢’(+)) to convert all patches back to RGB image. Then we
adopt silhouette as mask to filter unnecessary background
noise to form the final X gait modality. As in Figure 3(c)(d),
it will be directly sent to the backbone for feature extraction.

X = Mask(y'(IPDCT({Fp, ;")) @)

4.3. Frequency Decomposition Model Training

In this subsection, we follow the conclusion and solution in
Sec. 3.2, and propose a Frequency Decomposition Training
Strategy to expand the input to multiple frequency repre-
sentations. This operation can guide the gait model to focus
on a broader range of frequencies at early stages, thereby
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Table 1. Within-domain results on CCPG [33] dataset. The best and second-best are bolded and underlined respectively.

‘ RelD Evaluation Protocol ‘

Gait Evaluation Protocol

Method }

Modality Veme e UP DN BG | Mea | CL  UP DN  BG | Mean

GaitGraph2 [56] | CVPRW'22 | 50 57 73 88 | 67 | 50 53 58 62 | 56

Skeleton GaitTR [77] ES'23 243 287 311 281 | 281 | 157 183 185 175 | 175
GPGait [9] ICCV'23 | 548 656 711 - - - - - - -

SkeletonGait [8] AAAT24 | 524 654 728 809 | 679 | 404 485 530 617 | 509

GaitSet [2] AAAT'19 | 759 843 831 873 | 826 | 597 659 653 713 | 656

Silhovette GaitPart [6] CVPR20 | 749 834 823 859 | 816 | 60.5 662 650 705 | 656
AUG-OGBase [33] | CVPR'23 | 847 884 894 - - - - - - -

GaitBase [7] CVPR'23 | 89.1 934 925 943 | 923 | 740 777 793 835 | 786

AP3D [12] ECCV'20 | 626 676 820 973 | 774 | 534 573 697 914 | 678

PSTA [63] ICCV21 | 519 620 723 94l | 700 | 422 522 603 845 | 5938

RGB PiT [76] TI'22 49.1 562 780 969 | 70 | 41.0 476 643 910 | 610

BigGait [73] CVPR24 | 89.6 932 952 972 | 938 | 826 859 871  93.1 | 87.2

\ Gait-X (Ours) | 915 943 968 981 | 952 | 820 860 907 957 | 886

avoiding premature overfitting to high frequencies for bet-
ter generalization. All involve two steps:

Decomposition. After applying the similar processes
as in Sec. 4.2 (i.e., PDCT, Low Frequency Removal, and
High Frequency Suppression), we obtain P spectral patches
(P:%x %) with their frequencies arranged from low to
high. Each patch includes K x K elements and each ele-
ment represents a specific frequency of that local area.

Reorganization and Training. As shown in Figure 3(c),
we reorganize the elements from the same position across
different patches, combining them into an image-like ver-
sion through numerical min-max normalization and adjust-
ing the numerical range to [0, 255].

numbers image size
image size patches numbers
HxW=—=-X—=xKxK=KxKXxX=—=—X—
N—— K K K K
input

decomposition reorganization

)

As a result, we obtain K x K spectral images, and each

is relevant to original image. As in Figure 3(c)(d), we also

adopt silhouette as mask to remove background noise, con-

catenate them along channel dimensions, and feed them to

backbone to expand the model’s focus to a broader range of
frequencies for better generalization.

5. Experiments

5.1. Datasets and Implementation Details

Datasets. We utilize CCPG [33], SUSTechlK [51], and
CASIA-B [75] to evaluate our Gait-X. Additionally, we
strictly follow the official evaluation protocols among these
gait datasets [33, 51, 75] for a fair comparison. We do
not select other datasets like Gait3D [81], GREW [86],
or OUMVLP [54] as they lack the required RGB modal-
ity. Further experiments can be conducted when RGB be-
comes available. Although frequency decomposition can
also be applied to other modalities like silhouette, it does

not fulfill one of our goals of supplementing more discrimi-
native information than silhouette for recognition. Notably,
all selected datasets provide challenging tasks like cloth-
ing changes, multiple views, and varied walking types. We
believe these datasets are sufficient for evaluation since re-
cently published papers like BigGait [73] also utilize our
selected datasets for evaluation.

Implementation Details. During training, we randomly
sample 8 individuals and 8 sequences, each randomly sam-
pled fixed 30 frames. The training utilizes SGD optimizer,
with learning rate 0.1 and momentum 0.9. For CCPG
and CASIA-B, we train for 60k iterations and reduce the
learning rate by 0.1 at 20k, 40k, and 50k milestones. For
SUSTechlK, the training lasts 40k iterations with rate re-
ductions at 20k and 30k iterations. We adopt the latest
ResNet-like Backbone (GaitBase [7]) and follow its loss
function settings (i.e., triplet and cross-entropy loss). The
X modality and decomposition training will undergo two
distinct branches and simply concatenate along the height
dimension after backbone like GaitSet [2]. More stream-
lined structures are worth proposing in the future. None of
data augmentations are used for simplicity.

Other Details. Following JPEG [57, 84], the patch size
is set as K = 8. The ~ in Eq. (3) is set as 1/16. Follow-
ing the patch-size output of decomposition and referenc-
ing [29], we perform K -fold up-sampling on the original
image, ensuring minimal modifications to the Backbone.

5.2. Comparisons of Within-domain Evaluation

Comparisons on CCPG. While CCPG provides the most
challenging cloth-changing settings, as shown in Ta-
ble 1, Gait-X significantly improves the average rank-1 by
+37.7%, +10.0%, +1.4% compared to skeleton, silhouette,
and RGB under the gait evaluation protocol. These re-
sults confirm that our Gait-X owns more discriminative fea-
tures, enabling consistently improving single-domain per-
formance across various cloth-changing settings.
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Table 2. Within-domain results on SUSTech1K [51] dataset. The best and second-best are bolded and underlined respectively.

Modality ‘ Method ‘ Venue ‘ Normal Bag Clothing Carrying Umbrella Uniform Occlusion Night ‘ Overall
GaitGraph2 [56] CVPRW’22 222 18.2 6.8 18.6 13.4 19.2 27.3 16.4 18.6
Skeleton GaitTR [77] ES’23 333 31.5 21.0 30.4 22.7 34.6 44.9 235 30.8
SkeletonGait [8] AAAT'24 67.9 63.5 36.5 61.6 58.1 67.2 79.1 50.1 63.0
GaitSet [2] AAAT'19 76.3 76.8 46.8 73.9 73.1 71.0 73.6 28.3 73.8
Silhouette GaitPart [6] CVPR’20 76.5 75.6 48.9 73.0 72.0 72.2 77.0 26.5 73.3
GiatGL [35] ICCV’21 79.2 79.1 60.0 76.0 76.8 76.9 76.4 21.5 76.7
GaitBase [7] CVPR’23 84.7 83.8 59.8 81.9 82.1 82.4 88.0 30.3 82.1
PointNet++ [46] NeurIPS’17 55.9 522 41.6 49.6 47.8 459 54.2 52.5 50.8
PointTransformer [80] ICCV’21 532 481 32.1 432 39.1 41.8 47.9 47.1 444
Lidar SimpleView [11] ICML21 72.3 68.8 57.2 63.3 49.2 62.5 79.7 66.5 64.8
LidarGait [51] CVPR’23 91.8 88.6 74.6 89.0 67.5 80.9 94.5 90.4 86.8
HMRNet [14] MM’24 92.7 92.3 79.6 90.3 83.1 86.2 95.2 90.4 90.2
AP3D [12] ECCV’20 94.4 - 82.7 - 95.3 91.6 - 89.4 96.8
RGB PSTA [63] ICCV’21 92.9 - 72.3 - 92.1 83.2 - 79.9 93.6
BigGait [73] CVPR24 96.1 - 73.3 - 96.0 93.2 - 85.3 96.2
Gait-X (Ours) ‘ 98.7 97.4 85.2 97.1 97.5 96.9 99.4 71.9 ‘ 96.9

Table 3. Within-domain results on CASIA-B [75] dataset. The
best and second-best are bolded and underlined respectively. +
indicates using 128 x 88 resolution.

Modality ‘ Method ‘ Venue ‘ NM BG CL ‘ Mean
GaitGraph2 [56] | CVPRW’22 | 80.3 714 63.8| 71.8

Skeleton GaitTR [77] ES’23 947 89.3 86.7| 90.2
GPGait [9] ICCV’23 | 93.6 802 69.3| 81.0

CAG [27] TIP’23 964 91.8 90.6| 92.9

GaitSet [2]
GaitSet™ [2]
GaitPart [6]

AAAT'19 | 95.0 872 704 | 84.2
AAAI'19 | 956 915 753 875
CVPR’20 | 96.2 915 78.7 | 88.8

GLN* [17] ECCV’20 | 969 94.0 77.5]| 89.5
CSTL [26] ICCV’21 97.8 93.6 84.2| 919
CSTL™* [26] ICCV’21 98.0 954 87.0| 935

3D Local [28]
3D Local ™t [28]
GaitGL [35]
MetaGait [3]
DANet [37]

ICCV’21 975 943 83.7]| 91.8
ICCV’21 98.3 955 845 928
ICCV’21 974 945 83.6| 91.8
CVPR’22 | 98.1 952 869 | 934
CVPR’23 | 98.0 959 89.9| 94.6

Silhoette | 3 iiBase [7] | CVPR'23 | 97.6 940 774 | 89.7
GaitBase™ [7] | CVPR'23 | 99.0 96.1 83.8 | 93.0
GaitGCI[4] | CVPR'23 | 984 96.6 88.5| 94.5
DyGait[61] | ICCV'23 | 984 962 87.8| 94.1
VPNet[38] | CVPR24 | 983 963 90.0| 94.9
CLID [67] | ECCV'24 | 98.6 964 893 | 94.8
GuitEdge [34] | ECCV'22 | 97.9 96.1 86.4 | 93.5
AP3D[12] | ECCV'20 | 99.8 994 87.6| 95.6

RGB PSTA [63] ICCV'21 | 982 965 542 | 83.0

BigGait [73] CVPR’24
| Gait-X (Ours)

100.0 99.6 90.5 | 96.7
99.8 99.7 93.7| 97.7

Comparisons on SUSTechlK. SUSTechlK includes
more diverse conditions. As shown in Table 2, Gait-X
achieves outstanding performance in the most settings, with
overall improvements of +33.9%, +14.8%, +6.7%, +0.1%
over skeleton, silhouette, lidar, and RGB modalities. More-
over, Gait-X reaches an impressive 85.2% in the most chal-
lenging cloth-changing condition. The night condition is

not good as it cannot compare to lidar due to its inherent
advantages, and the silhouette in mask operation often fails
to accurately segment in the night condition.

Comparisons on CASIA-B. CASIA-B has been widely
studied since 2006, with the best performance reaching
96.7% (average rank-1) in BigGait [73]. However, the most
challenging CL setting still only achieves 90.5%. In com-
parison, our Gait-X achieves 97.7% average rank-1 and a
3.2% improvement under the CL condition.

5.3. Comparisons of Cross-domain Generalization

Table 4 shows that Gait-X achieves strong generalization
across three gait datasets. For example, Gait-X achieves
+1.6% (average rank-1) in CCPG—CASIA-B and +21.5%
(overall) in CCPG—SUSTechlK evaluations. 1) Com-
pared to silhouette, this confirms that our X modality pro-
vides more sufficient and stable information for recognition,
such as semantics. 2) Compared to RGB, our X modality
can mitigate potential noise and retain sufficient informa-
tion for recognition. Although certain cases, like night in
SUSTechl1K, show lower performance due to poor-quality
segmentation in mask operation, this does not affect the bor-
der performance improvements achieved by Gait-X.

5.4. Ablation Study

If not specified, we conduct ablation experiments using 8
frames to save time and memory. The comparisons are
around within-domain evaluation on CCPG under gait eval-
uation protocol and cross-domain evaluation from CCPG to
CASIA-B. The ablation of frames is shown in Table 5.
Impact of X modality & Decompose Training. As
shown in the Table 6 with gray color, single X modality or
decomposition training improves average rank-1 by +7.8%,
+8.2% in within-domain evaluation, and +17.5%, +25.1%
in cross-domain evaluation compared to Baseline. Gait-X
combines them and achieves more improvements.
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Table 4. Cross-domain results across CCPG [33], SUSTech1K [51], and CASIA-B [75] datasets. The best and second-best are bolded and
underlined respectively. The comparisons mainly include the recent silhouette-based method [7] and RGB-based methods [12, 63, 73].

‘ Source Dataset: CCPG ‘

Source Dataset: SUSTech1K ‘

Source Dataset: CASIA-B

Method | to CASIA-B | to SUSTech1K Method | o CASIA-B to CCPG Method | to SUSTech1K | to CCPG
|[NM BG CL |Clothing Night | Overall |[NM BG CL|CL UP DN BG | Clothing Night | Overall | CL  UP DN BG
GaitBase | 65.3 59.2 27.2| 100 144 | 187 GaitBase | 77.9 70.7 28.0|14.7 19.7 25.1 366  GaitBase| 97 143 | 165 [12.8 17.0 21.1 292

AP3D |53.7 462 119 36.2 51.6 55.3
PSTA |49.7 423 8.8 25.7 29.4 40.6
BigGait |774 715 33.6| 437 448 | 564
Gait-X |81.8 769 285 479 434 | 734

AP3D |56.7 48.1 153
PSTA [31.2 277 10.6
BigGait |91.1 85.8 18.7
Gait-X |92.0 86.8 28.3

55 79 139 351
37 57 95 265
45 115 119 455
72 151 222 560

AP3D | 293 474 | 483 |21 29 39 6.1
PSTA | 199 375| 346 |17 19 34 50
BigGait | 369  60.2 | 648 | 7.5 19.5 142 43.0
Gait-X | 439 486 | 714 |108 172 232 47.1

Table 5. Ablation of the number of frames.

| Within-domain (CCPG, Gait) | Cross-domain (to CASIA-B)
| CL UP DN BG |Mean|NM BG CL | Mean
67.8 722 78.0 82.9‘ 75.2 ‘56.5 480 150] 39.8

Setting

Baseline 30 frames

Gait-X 30 frames | 82.0 86.0 90.7 95.7 | 88.6 | 81.8 76.9 28.5 62.4

67.8 72.8 80.0 86.3| 76.7 | 542 474 13.6‘ 384
79.0 84.4 89.0 96.8 | 87.3 | 859 80.0 28.8 64.9

Baselinexs frames
Gait-X 8 frames

Table 6. Ablation of different modules in Gait-X. “Mask”, “DC”
and “AC” indicate background removal, low-frequency (DC) re-
moval, and high-frequency (AC) suppression.

IMask DC ac | Within-domain (CCPG, Gait) | Cross-domain (to CASIA-B)

Setting

| |CL UP DN BG|Mean |[NM BG CL| Mean
Baseline | x x x [67.8 72.8 80.0 863| 76.7 |54.2 474 13.6| 384
Sinele v x x |672 740 845 93.1| 79.7 [77.7 69.7 189] 554
Xg v x v |683 760 84.7 93.6| 80.7 |78.2 72.3 20.6|  57.0
Modality | ¥ ¥ X |701 781 823 917| 806 |713 647 254| 538
I T s v /747 816 86.3 952| 84.5 |73.7 68.6 255|  55.9
Sinele v x  x |68.4 754 847 94.1| 80.7 762 69.9 21.4| 558
& VX v |69.7 75.6 85.6 94.6| 81.4 |76.9 70.5 22.3|  56.6

Decompose
Trainin Vv X |71.9 79.2 859 94.8| 83.0 |84.9 77.4 21.8| 614
€ v v v |753 802 87.6 96.3| 849 |87.1 792 243| 635
X % x |69.4 749 823 88.8| 78.9 |63.6 57.3 162| 457
Mask v x  x |72.8 79.4 87.7 96.3| 84.1 |80.5 74.3 21.9| 589
X v v |78.9 82.9 884 94.0| 86.1 |753 67.6 19.0| 54.0
GaitX v v v |79.0 84.4 89.0 96.8| 87.3 859 80.0 28.8| 649

Impact of DC and AC operations. As shown in the
second and third parts of Table 6, the low-frequency (DC)
removal and high-frequency (AC) suppression significantly
improve within-domain performance and generalization in
both single X modality or single decomposition training.
Although there are occasional slight drops under NM and
BG settings, both operations consistently improve perfor-
mance in the more critical cloth-changing (CL) setting.
Take the single X modality for example, +7.5% in within-
domain results of CCPG and +6.6% in CCPG—CASIA-B.

Impact of mask operation. As shown in the last three
rows in Table 6, the mask operation allows to remove the
background noise. It is worth noting that the mask operation
only provides a slight improvement in within-domain eval-
uation. The cross-domain evaluation benefits more from
mask due to the different scene noises, and our Gait-X can

- (a) Original Image (b) X modality (w/o mask)

\AALALLL AR AR Y
ALEASSVIFALEAGNY

(c) Mask (Silhouette) (d) X modality (w/ mask)

Figure 6. Examples of X modality. Best viewed (4 x) in color.

further bring 6% performance gain.

Visualization of the final X modality. As shown in Fig-
ure 6, with the help of our proposed low-frequency (DC)
removal, high-frequency (AC) suppression, and the mask
to remove background noise, the final X modality can ef-
fectively remove or suppress brightness, color, and clothing
texture, serving as a novel modality for further gait research.

Limitation and Discussion. 1) Our frequency anal-
ysis in gait recognition is an initial attempt that focuses
on modality exploration and model training. More about
model structure design is worth further exploration. 2) The
removal of extremely low frequencies and suppression of
high frequencies may inevitably lose little valuable infor-
mation. Exploring a more strict solution is meaningful. 3)
This paper focuses on mitigating the noise in human body
instead of background. The introduced mask operation is a
simple way to remove background noise. More mask-free
methods are worth further exploration.

6. Conclusion

In conclusion, we propose to explore a gait-specific X
modality and model train strategy for generalized gait
recognition, named Gait-X. We systematically analyze
the impact of frequency on gait modality and explore
how to filter domain-specific information while emphasiz-
ing domain-independent information to improve both gait
modality and model generalization. Gait-X offers a fresh
frequency perspective and achieves superior performance.
We believe this work will open new avenues through fre-
quency analysis and inspire future gait research.
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