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Study on Enhancing the Robustness of RGB—skeleton Action Recognition

Based on the Feature Interaction Module

HOU Yonghong, LIU Chao, LIU Xin", YUE Huanjing, YANG Jingyu

(School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract: Malicious attackers can easily deceive neural networks by adding human—imperceptible adversarial
noise to natural samples, leading to misclassification. To enhance the model’ s robustness against such adversarial
perturbations, previous research has predominantly concentrated on the robustness of single-modal tasks, with
insufficient exploration of multimodal scenarios. Therefore, this paper aims to improve the robustness of multimodal
RGB-skeleton action recognition and introduces a robust action recognition framework based on a Feature
Interaction Module (FIM) , which extracts global information from adversarial samples to learn inter—-modal joint
representations for calibrating multi—-modal features. A corresponding loss function tailored to this framework is also

developed. Experimental results demonstrate that against CW attack, our method achieves a Rl of 25.14% and an
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average robust accuracy of 48.99% on the NTURGB+D dataset, outperforming the latest SimMin+ExFMem method

by 8.55 and 23.79 percentage points, respectively. These findings confirm that our approach surpasses others in

enhancing robusiness and balancing accuracy rates.

Key words : computer vision ; multimodal ; RGB—skeleton action recognition ;adversarial training
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Tab.1 Accuracy rates with different defense strategies on

the iMiGUE dataset %
57 450 54 e VRS xR xS xRS Avg  RI
None 6237 0.3 667 002 227 0

AT with XR 4732 4732 0.00 0.00 15.77 -1.55
AT with XS 60.20 0.00 59.79 0.00 1993 1549
AT with XRS 39.01 39.01 3094 3097 33.64 8.01
MinSim 60.60 0.00 53.74 0.02 1792 13.88
ExFMem 60.53 0.00 45.19 0.00 15.06 10.95
MinSim+ExFMem 60.62 0.00 54.72 0.00 1824 14.20
FIM(Ours) 40.30 40.30 37.98 38.00 3876 14.42
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Tab.5 The impact of 8 on accuracy rates (PGD20) %

B VRS xR XS xRS Avg RI

None 62.37 0.11 6.97 0.07 2.38 0
0.1 40.81 40.81 35.90 35.94 37.55 13.61
0.5 40.39 40.39 37.30 37.30 38.33 13.97

1 40.30 40.30 37.85 37.83 38.66 14.21
2 40.50 40.50 38.29 38.26 39.02 14.717
5 40.43 40.43 38.18 38.18 38.93 14.61
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A OREAT IR R 4 RN SR SA ML T 2 38 2k R AE oy i
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Tab.6 Comparison of the performance of two methods
%

g VRS xR xS xRS Avg RI
None 6237 0.1 697 007 238 0
FIM 4030 4030 37.85 37.83  38.66 1421
FIM* 4122 4122 3772 3776 3890 1537

RT AMAENSHEILR

Tab.7 Comparison of parameter quantities of two methods

Xf T ZHURE/10°
FIM 47.42
FIM* 80.91
SRRE AR AERL M R BT I 2 £ 2T
WG T TP RE  (H R IS BT 2 B i i g

A PELE XUBS: B4 . DAL, D 114
{EIT IEAERCRFITERE

S A R
A 5 A I A

4 &Hit

RUE SRS FAR K Rk, Hoa it os HAH
K A SCEE R RGB— 1 % 22 455 25 sl VR 1R i A5 70
T T I XTI I R ke = et pg ) R, $2 T

BE TR AR A2 H A B (FIM) 3 58 RGB—15- 8% sh /R 1R 51
SRR 7 . FIM G & 4 )5 o7 2t A 412 R0 o s
BXFPUREA I 2 RE B, T2 T G RAE , #E1m F
XSG RAE A A B WIEF 5, LB A RS
AR A SCGA R R T A iR, T
YT B B A R /E NTURGB+D HiMiGUE P > 2y
FREHE AR TRz SR 3R WY, AR STy B A 2 e A
Tl e S5 45 A 25 W L R 5 v B o
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