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Abstract: Objective With the rapid development of intelligent perception and biometric recognition technologies, cross-
modal identity recognition has become an important solution for contactless authentication in aviation applications, such as
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traits, face and gait provide complementary identity information. Face recognition offers strong discriminative capability
under favorable imaging conditions, whereas gait recognition enables long-distance and non-contact identification. How-
ever, practical aviation environments are often affected by low-quality video, motion blur, long-distance observation,
occlusion, and appearance variations, which significantly reduce the performance of existing methods. Moreover, most
studies optimize face restoration or gait recognition independently, while the complementary information between heteroge-
neous modalities and the temporal consistency in video sequences remain insufficiently exploited. To address these chal-
lenges, this paper proposes a unified cross-modal identity recognition framework incorporating temporal contextual informa-
tion to improve accuracy and robustness in complex aviation scenarios. Methods The proposed framework consists of three
progressive modules. First, a Dynamic Spatial-Temporal-Channel (DSTC) model is developed for low-quality video face
restoration. By jointly modeling spatial structures, temporal consistency among adjacent frames, and channel-wise feature
dependencies, the proposed model effectively compensates for missing facial details caused by image degradation while pre-
serving identity-related characteristics. The restored facial representations provide reliable identity information for subse-
quent recognition tasks. Second, a lightweight gait feature extraction network is designed by integrating Spatial and Chan-
nel Reconstruction Convolution (SCConv) with a Multi-Scale Dynamic Augmentation Module (MS-DAM). SCConv recon-
structs spatial and channel features to reduce feature redundancy and improve computational efficiency, while MS-DAM
captures gait information at different temporal and spatial scales to enhance dynamic feature representation. The combina-
tion of these two modules improves the robustness of gait recognition under viewpoint variation, carrying conditions, and
clothing changes. Finally, a Context-aware Temporal (CoT) fusion strategy is proposed to integrate heterogeneous face and
gail features. Instead of directly concatenating multimodal representations, the proposed fusion module exploits temporal
contextual relationships to adaptively combine complementary identity information from the two modalities. The three mod-
ules are connected in a progressive manner, where high-quality face restoration strengthens facial feature representation,
enhanced gait modeling provides discriminative motion features, and context-aware fusion further constructs a unified iden-
tity representation for robust cross-modal recognition. Results Extensive experiments were conducted to evaluate the pro-
posed framework from three aspects: low-quality video face restoration, gait recognition, and cross-modal identity recogni-
tion. For face restoration, experiments were performed on the public LFW dataset and a self-collected contactless atten-
dance dataset. Three widely used image quality assessment metrics, namely Peak Signal-to-Noise Ratio (PSNR) , Struc-
tural Similarity Index Measure (SSIM) , and Learned Perceptual Image Patch Similarity (LPIPS), were adopted for quanti-
tative evaluation. The proposed DSTC model achieved PSNR values of 27. 43 dB and 26. 22 dB, SSIM values of 0. 813 and
0.801, and LPIPS scores of 0. 189 and 0. 197 on the two datasets, respectively, demonstrating its ability to recover
degraded facial details while preserving identity-related information. For gait recognition, experiments on the CASIA-B
dataset under the normal walking (NM), carrying bag (BG), and clothing variation (CL) protocols yielded Rank-1 accura-
cies of 97.6%, 94.6%, and 84.9%, respectively. These results indicate that the proposed SCConv-MS-DAM network
effectively improves multi-scale dynamic feature representation and maintains robust recognition performance under chal-
lenging walking conditions. Furthermore, the proposed Context-aware Temporal fusion algorithm was evaluated on the
CASIA-B face-gait dataset. By jointly exploiting restored facial features and discriminative gait representations, the pro-
posed cross-modal framework achieved Rank-1 recognition accuracies of 97. 8%, 95. 4%, and 86. 9% under the NM, BG,
and CL scenarios, respectively. The experimental results consistently demonstrate that the proposed method outperforms
representative mainstream approaches under different evaluation protocols and achieves more stable recognition perfor-
mance in complex environments. Conclusion A A unified cross-modal identity recognition framework incorporating tempo-
ral context is proposed for intelligent aviation. It progressively integrates low-quality video face restoration, lightweight gait
feature extraction, and context-aware multimodal fusion to improve identity representation reliability. The DSTC module
enhances facial quality via spatial, temporal, and channel correlations, while SCConv-MS-DAM strengthens gait features
through spatial-channel reconstruction and multi-scale dynamic modeling. Based on these enhanced unimodal representa-
tions, the CoT fusion strategy exploits complementary face and gait characteristics to generate more discriminative identity
features. Experiments on public and self-collected datasets demonstrate superior performance in face restoration, gait rec-

ognition, and cross-modal identity recognition with a lightweight architecture. These findings verify the framework’s effec-
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tiveness and its potential for practical deployment in aviation-oriented contactless authentication systems under complex

real-world conditions.
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Table 1 Comparison of Different Methods on the LFW and Self-Collected Face Datasets

B LEW $di4E B A 5
Wik PSNR 1 SSIM 1 LPIPS | PSNR 1 SSIM 1 LPIPS |
Kupyn 21.84 0.673 0.2716 20.67 0.643 0.2954
Yasarla 25.83 0.761 0.2742 24.66 0.737 0.2836
Lee 26.29 0.786 0.2232 2531 0.756 0.2387
Tao 26.58 0.801 0.2112 24.98 0.761 0.2334
Ours 27.43 0.813 0.1894 26.22 0.801 0.1968

TE R R e LA R, P RIZFR AR IRILEE R

R 1 FrR, R 1 s, AR SCHE Y DSTC A5t
RUZE LFW A S50 4 i RS I 2 1 s 39 00 T
XL . #E LFW 24t 42 b, A LE Tao J71% , PSNR

T4 0. 85 dB . SSIM #2£FF 0. 012 . LPIPS F&% 0. 0218;
AH L Lee J7 ¥, PSNR £ FF 1. 14 dB. SSIM # FF
0.027. 7 [ 8544 I, DSTC [alFE S f A 45 5
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Fig9 Comparison of Face Restoration Results of Different
Algorithms on the LFW Dataset
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Fig 10 Comparison of different face recovery methods on a self-

made face dataset
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Table 2 Face recognition accuracy performance compari-
son on CASTA-B dataset
Jrik 0° 18 36" 54°  72°  90°
Blur 725 713 692 632 551 442
Kupyn 822 812 79.1 733 66.1 56.8
Yasarla 884 870 822 742 655 518
Lee 904 902 864 819 728 622
Tao 921 909 865 812 735 657
Ours 944 935 896 832 743 670

T R IL R R R SR, P RIZFR LS R .

A e A 8 ) PR g o 07 IF T AL A oE A R GA
94. 37%, %5 Tao J7 ¥EHE T 2. 25 /1 F 43 45,3 90° Ml 6 41
FAAIAE] 67. 00%, 405 1. 3541 20 . Bl VLA
BEK, 2 T7 TR R B R L {H DSTC I B i B2
/N, AE 07 - 36° 3 Fl P E B R 34 i 89%, 54° -
720K ORI 5 2O SRR R s E
83. 65%, 48 Tao Fl Lee J7 12: 43 il $2 = 2. 01 #1 3. 01
[ER =
2.4.2 AR LS

R o IE T B v AR A AR AT 55 R A R
A CHE CASIA-B B 4E 5 GaitSet (2019) | GaitPart
(2020) .MT3D(2020) ,GaitGL(2024) .GPGait(Fu %,
2023) X GaitHeat(Fu % ,2024) 4T T XF L S286 . 52
35 K FH Rank-1 18 % (%) VE R PEN 46 b5 , Gt
AT R RE , G5 R 2 3 iR .

R3 CASIA-BHEE AR ESEIRA Rank—1 RIS L
Table 3 Comparison of Rank—1 Accuracy of Gait Recognition Methods on the CASIA-B Dataset

Probe View
Method Mean
0° 18° 36° 54° 72° 90° 108° 126° 144° 162° 180°

GaitSet 90.8 97.9 99.4 96.9 93.6 91.7 95.0 97.8 98.9 96.8 85.8 95.0

GaitPart 94.1 98.6 99.3 98.5 94.0 92.3 95.9 98.4 99.2 97.8 90.4 96.2

MT3D 95.7 98.2 99.0 97.5 95.1 93.9 96.1 98.6 99.2 98.2 92.0 96.7

NM#5-6

GaitGL 96.0 98.3 99.0 97.9 96.9 95.4 97.0 98.9 99.3 98.8 94.0 97.4

GPGait 95.2 98.4 99.1 98.3 96.8 95.1 97.0 98.7 99.2 98.0 93.1 97.2

Ours 96.4 98.1 99.2 98.0 96.7 96.2 97.3 99.2 994 98.6 94.8 97.6

Uk 8538 3 CASIA-BEESE ERFIITEEA SR Rank—1 ER X L

M3 AT LI AR SO A = Rl A5 F

P T EALRITFUNTERE . NM A& AE R P2 U

ik # 97.6%, I T GaitSet (95.0%) . GaitPart
(96.2%) .MT3D(96. 7%) .GPGait(97. 2% ) Fil GaitGL
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GaitSet 838 912 918 888 833 810 841 900 922 944 790 872
GaitPart  89.1 948 967 951 883 849 890 935 961 938 858 915
MT3D 910 954 975 942 923 8.9 912 956 973 964 866  93.0
pe GaitGL 92,6 966 968 955 935 893 922 965 982 969 915 945
GPGait  90.8 952 964 950 925 876 91,5 953 970 958 88.0 923
Ours 932 964 972 954 939 891 926 963 985 97.1 913 946
GaitSet 614 754 807 773 721 701 715 735 735 684 500 704
GaitPart 707 855 869 833 771 725 769 822 838 802 665 787
MT3D 760 876 898 850 812 757 810 845 854 822 681 815
ce GaitGL 766 900 903 87.1 845 790 841 870 873 844 695 83.6
GPGait 735 872 890 861 828 775 820 859 868 837 684 821
Ours 784 903 915 886 850 810 846 883 889 856 712 849
I R FRIR AR, TR R R .
(97.4%) . BG&MF & HIEZHEEWMIERA  BIEShARE S8 OGRS 3Rk, i $e T+ 2 2435

TR B AR SO AT U 94. 6% UK | 85
GPGait #27F 2. 34 H 43 1, FFIE L F GaitGL. CL 4%
PN, Z MR AR A, A SC 7 11 4 1R 558 )
84. 9%, 73 5 L GaitGL F1 GPGait 4 i 1. 3 F12. 8 4>
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e, A L GaitHeat, A< U7 L 7E NM 254 T Mg 1
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Attention Energy Map after Dynamic Feature Enhance-
ment by MS-DAM
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Table 4 Rank-1 Accuracy Results of Cross—Modal Fusion Methods on the CASIA-B Dataset

Probe View
MethOd o o o o o o o o o o o Mean
0 187 36° 547 72°  90° 108" 126° 144" 162° 180

NS 944 935 896 832 743 670 / / / / / 83.7
LIRS 964 98.1 992 980 967 962 973 992 994 986 948 97.6
NM#5-6 A PR A 972 975 968 935 920 902 865 884 876 863 852 910
HEEAPEHIES 985 987 984 966 957 96.1 944 957 952 951 932  96.2
CoT R4 98.8 992 994 985 97.6 968 962 97.8 978 973 924 978
N alsill 944 935 89.6 832 743 670 / / / / / 83.7
By Al 932 964 972 954 939 89.1 926 963 985 97.1 913 946
BG#1-2 fRi HLA A 951 962 97.1 915 895 860 814 834 867 852 812 885
HEREAVEES 968 973 968 947 936 887 91.2 938 965 961 902 942
CoT il & 974 986 989 974 945 922 915 947 973 964 906 954

T 5238 4 CASIA-B BRI A 7 1k rank— 1 VRS R
PNisa 28l 94.4 93.5 89.6 83.2 74.3 67.0 / / / / / 83.6
AP 78.4 90.3 91.5 88.6 85.0 81.0  84.6 88.3 88.9 85.6 712 84.8
CL#1-2 [ e 86.5 93.0 92.4 87.7 82.5 77.5 764 77.9 77.8 75.3 642  81.0
HEAPLEE 912 945 91.7 85.3 827 79.2 823 84.7 85.3 82.1 67.6 842
CoT fili & 94.5 957 924 91.0 875 842 834 86.9 87.3 84.4 69.5 869

T RIS R e LA 2R, T RIZ IR RIS R

®5 ARPRERLERSIE

Table 5 Face restoration module ablation experiment

STC C;i_ LATL PSNRT SSIMT LPIPS|
2461 0.693 02742

v 26.18 0751  0.2367
v 2495 0709  0.2661

v 2573 0736 0.2489

v v 2634  0.758  0.2286
v v 27.12 0794  0.2065
v v v 2743 0813  0.1894

TE R R e U4 2R, RIZ N R IL4s

Ft % 26. 18 dB, SSIM i 0. 693 42 Jt % 0. 751, LPIPS
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Table 6 Gait recognition module ablation experiment

Conv3D  SCConv yAI;[ NM  BG CL  Mean
v 942 872 707 840
v 963 923 768 885
v V967 930 804 90.0
v V976 946 849 924
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Fig 12 t-SNE visualization results
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Table 7 Comparison of computational complexity of vari-

ous methods

Iy Z¥& (M) FLOPs (G) Tﬁ}iﬁirﬂj
Kupyn 60.0 411 850
Yasarla 14.4 — 160
Lee (MSPL) 18.5 — 80
Ours 12.7 137 77
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