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Occluded Gait Restoration and Recognition via Visibility-Aware Spatio-

Temporal Diffusion
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Abstract: Objective In real-world surveillance scenarios, the types and degrees of occlusion exhibit significant uncer-
tainty, and different occlusion patterns damage the structural integrity and temporal continuity of gait silhouettes to varying
degrees. Recognition methods that extract discriminative identity features solely from the visible regions of incomplete

sequences inherently suffer from severe information limitations caused by heavy reliance on visible areas. In contrast,
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although gait inpainting methods can partially restore damaged silhouettes, existing generative models are mostly restricted
to frame-wise 2D inpainting and suffer from blind restoration issues, resulting in unnatural trajectory breaks and temporal
jitter in reconstructed sequences. To address these problems, this chapter proposes an occlusion gait inpainting and recog-
nition method based on visibility-aware spatial-temporal diffusion. It aims to guide a 3D diffusion model for targeted inpaint-
ing via visibility-aware occlusion perception, preserving spatial-temporal coherence between consecutive frames while
restoring the spatial information of each gait frame, and better extracting the structural integrity and texture authenticity of
gait silhouettes in the feature space, thereby recovering highly discriminative identity representations under complex occlu-
sion conditions. Method A visibility-aware spatial-temporal diffusion network based on visibility perception and a 3D diffu-
sion model is employed to restore gait sequences, maintaining spatial-temporal coherence between frames while repairing
the spatial information of each gait frame. First, the occluded gait sequence is fed into a pre-trained and frozen region score
estimator to perform fine-grained estimation of the visibility of each body region in each frame, yielding corresponding vis-
ibility scores. This score is then injected as a spatial guidance signal into the visibility-aware diffusion inpainting module to
drive the network to capture spatial-temporal dependencies and conduct targeted spatial-temporal denoising and structural
completion on occluded regions, generating inpainted sequences with complete structures and coherent dynamics. Next,
the original occluded sequence and the inpainted sequence are fed into separate 3D convolutional branches for feature
extraction, followed by adaptive fusion in an attention fusion module to comprehensively utilize the authentic identity infor-
mation in the original sequence and the structural completion information in the inpainted sequence. Meanwhile, a visibil-
ity spatial attention mechanism is constructed based on visibility scores and applied to the backbone network via residual
connections, further enhancing the model’ s attention to high-confidence human body regions. Result In this study, the
OccCASIA-B benchmark dataset is generated and extended based on the existing OccSilGait framework, covering three
occlusion patterns: static object occlusion, directional occlusion, and dynamic crowd occlusion. Static occluding objects
are synthesized using real-world obstacles from the Mapillary-Vistas street view dataset. Directional occlusion simulates
body part missing caused by camera view limitations or pedestrian detection box truncation. Crowd occlusion is simulated
by dynamic interference from other pedestrians crossing the subject’s path. Experiments on OccCASIA-B demonstrate that
the proposed VAST-DRNet maintains a Rank-1 recognition accuracy of 50. 6% under extremely severe occlusion with occlu-
sion area exceeding 50%, outperforming the GaitGL model by 3. 8%. In static object occlusion scenarios, the method
achieves a Rank-1 accuracy of 83. 1%, leading GaitGL by 11.2%. For dynamic crowd occlusion, the Rank-1 accuracy
reaches 78. 1%, surpassing GaitGL by 7. 6%. In addition, the region score estimator achieves average MAE, RMSE, and
coefficient of determination of 0. 0305, 0. 0543, and 0. 8800 respectively on the visibility regression task, indicating its
ability to accurately characterize the occlusion degree of different body parts. Quantitative evaluation of inpainting quality
confirms the effectiveness of the 3D diffusion model approach. The introduction of RSE guidance improves the edge F1-
score to 0. 7021 and the structural similarity index (SSIM) to 88. 3%, demonstrating that the model successfully recovers
sharp and realistic silhouette boundaries and effectively alleviates the common "flickering" artifacts in frame-wise inpaint-
ing. Conclusion The proposed gait recognition method in this study effectively leverages the visibility-aware 3D diffusion
process to achieve high-quality, spatially-temporally consistent targeted inpainting.. By bridging occlusion perception and
generative inpainting, the confidence-guided fusion mechanism effectively reduces the interference of generative noise.
The significant performance improvement on the OccCASIA-B dataset highlights the robustness of the method and its poten-
tial for practical deployment in uncontrolled surveillance environments. Future work will explore latent space diffusion to
reduce computational costs.
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Fig. 5 Examples of simulated occlusion types in the CASIA-B dataset
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Table 1 Overall and Component Performance Assessment of the RSE Module

HBAL MAE RMSE Mean Error R’ MR @0.1/%
Bl 0.0220 0.0443 -0.0142 0.8249 95.2
KT 0.0326 0.0576 -0.0132 0.8855 90.3
K 0.0302 0.0511 -0.0160 0.9408 933
N 0.0373 0.0641 -0.0250 0.8689 89.3
T34 0.0305 0.0543 -0.0171 0.8800 92.0

(3284~ )3zt /b T HAM S 1], A7 e B i 1) A - £ 7]
L, B AL MAE #2461 78 0. 0725 YRR o X E
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Table 2 MAE Analysis of RSE Module Under Different

Occlusion Levels

MM E PR HEAREEA MAE
0.0~0.25 T Y 328 0.0725
0.25~0.5 GIESlieE 772 0.0687
0.5~0.75 HpRE S Y 1220 0.0513
0.75~0.95 R Y 1604 0.0593
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Fig. 6 Confusion matrix of RSE predicted occlusion levels(%)
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Table3 Comparison of Rank-1 Identification Performance on Clean Subsets of Various Occlusion Types

1%

o TCIES A Y 7 Tl P AR

NM BG CL “¥¥ NM BG CL ¥¥ NM BG CL ¥ NM BG CL ¥
GaitSet 924 844 756 84.1 857 765 509 71.0 80.6 72.1 434 654 839 7TI5 426 66.0
GaitPart 914 843 70.1 819 832 726 558 705 804 722 518 681 819 719 495 678
GaitGL 935 873 752 853 828 748 580 719 829 779 585 73.1 835 773 508 70.5
GaitBase 93.0 824 734 829 804 719 438 654 838 757 46.8 688 778 69.6 503 659
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Table 4 Ablation Study Analysis of VAST-DRNet Key
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Table 5 Comparison of Identification Accuracy at Different Occlusion Levels under Mixed Occlusion Scenarios

/%

5%-~10% 10%~30% 30%~50% >50%
2% Rank- Rank- Rank- Rank- Rank— Rank- Rank- Rank— Rank- Rank- Rank- Rank-
1 5 10 1 5 10 1 5 10 1 5 10
GaitSet 837 896 928 782 846 888 705 818 863 449 630 736
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GaitGL 904 955 957 877 959 980 742 884 959 468 764 7196
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Table 6 Summary Repair Performance
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LPIPS 0.0386 0.0350 0.0324

T L PR R S5 AT IR LS R

L Z T, A SCHY VADM J5 755 A RSE #2141t
IR 320 (SR I R 3 e (5 PSR - T we ) 4
BT EALrEfE. Hod, PSNR . SSIM Fl Contour IoU 43
S35 #) 31. 35dB . 88. 3% £1 0. 9025, Edge F1 427+ &
0.7021,LPIPS ¥t — 4 [% % 0. 0324, X %W, RSE

AEF AL G T DAL SE 56 A A A ) 1 3D 7 o
M BB, Y U R RE 05 3R A T 5 X S A7
SE MBS, AUBENS P TH A (A A iR, 16 RE AT AL
M PSR AE BRI 2% 55 BN AR IR O
2.6.2 IRAESYR N BEEEES T

T E A R AR S 2 P 5T B AR
P, 11 8 A 9 7031 JEE 7S 1 2 B A R I P24 0 T AR
IS4 4 6 L TR PR 7 5 1 m AR 4R A R
I TS A RS X iR 2=

k8 i, 7E 3 BLACIRIE P 7 5t b, AR AE B
(R 1) 235 A 5 S U T, A B S EECRRAIE $ B ) 2
[AIEE . PRl 1, VADM 2D A5 75 5 43 i ) 16 &2
HAFFE RS A S RO S5 A8 2R R e AR B, iR
2= s BUS e By e se iR 2200, X7
R K RE A B . AHEEZ T, VADM 3D
T BE NS AUy M A i 4 X, AR i 3 B
T 2D B EAE N AT A7 AR ] A 1R 25 5k
B U P A 2 e A Y S T T )5 AN AR o AR
(3D+RSE) A& 5 J7 vkid i 18 2 (4 Fr 51 m] LI HE
RS IR 7 o, B B ACR R T
X FRWITE RSE 515 T B BT REAS T4 i He 45
RN S R M

LS R R 9 N AP NITTR AR 8 S £ b Y C 0
W45 . NIRRT 0, 2D RS ZE S 43t o 2R
IR E R OR B PG, 1R 2% T B4 rp 1 i A ik

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

[RBFS [l

sl

i;ilnlil

2DIEEE

2DIRZEE]

3DIEEE

o

3DIREE

3D+RSE
tEE

o/
)

==
s e

=B

3D+RSE
IREE

K8 I AR P B S X

Fig. 8 Comparison of Restoration for Vertical Strip Occlusion
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