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Observation
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* Under the same illumination, the cross-spectral transformation could be described
as a linear transformation in a material similar surface. Still, in the whole image

level, the transformation is nonlinear due to the diversity of materials.
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«  Data augmentation for cross-spectral re-identification is formed to achieve non-linear transformations with

different distinct local linear factors, thus encouraging the network to be robust to such a transformation.



Contributions

As an effort to model the transformation behind the modality discrepancy in the
cross-spectral Re-ID task, we discover that the cross-spectral modality
discrepancy mainly comes from different local linear transformations caused
by the diversity of materials. Based on this observation, we further categorize
the cross-spectral data augmentation strategies into moderate and radical
transformations under a unified perspective.

By extending the observation, we propose a Random Linear Enhancement
(RLE) strategy, which includes Moderate Random Linear Enhancement
(MRLE) and Radical Random Linear Enhancement (RRLE). The RLE
effectively takes advantage of the aforementioned unified perspective and embeds
it in a controllable linear transformation.

Extensive experiments on cross-spectral re-identification datasets demonstrate the
effectiveness and superior ability of the proposed RLE, which can boost
performance under various scenarios.
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(a) Definite linear transformation on Definite image patch.  (b) Random linear transformation on Definite image patch. (c) Random linear transformation on Random image patch.

B Moderate RLE

O Moderate Random Linear Enhancement is designed to provide diverse image transformations
that satisfy the original linear correlations under constrained conditions

Moderate Transformation: Moderate RLE:
Tt = MLy + MgIy + Mo Ty, ey Int = Arlr + Aglg + ApIy,
st AN+ A =1, with  Ar, Ag, Ay ~ Beta(Bum, Bm).

st A+ A + A =1
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B Radical RLE

O Radical Random Linear Enhancement seeks to generate local linear transformations directly
without relying on external information

Radical RLE:
It = Aol + g1y + Ao,
with A, Ay, Ao ~ Beta(Bom, Bm).
st. A+ Ay + Ay =1
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Experiments

Table 1: Ablation study of different data augmentation strategies on the cross-spectral re-identification
task. *Gray’ denotes the grayscale transformation, 'RC’ refers to the random channel selection.
"MRLE’ indicates the moderate random linear enhancement. 'RE’ refers to the random erasing, and
"RRLE’ means the radical random linear enhancement.

(a) Performance under different
SBm. Compared to the uniform dis-
tribution, a U-shaped beta distribu-
tion works better in MRLE.

Setting All Search Indoor Search

R-5 R-10 R-20 mAP mINP | R-1 R-5 R-10 R-20 mAP mINP
Moderate Transformation
Baseline 645 881 942 981 629 504 | 700 917 96.6 99.1 75.1 71.1
Baseline+Gray 66.7 894 952 987 64.2 508 | 720 939 978 996 77.1 73.0
Baseline+RC 68.3 906 956 986 653 519 | 727 939 976 997 717 737
Baseline+RC+Gray 68.6 90.7 960 988 649 523 (743 941 981 996 788 7T5.1
Baseline+MRLE 70.2 916 965 990 67.0 535 | 755 952 982 997 79.7 759
Radical Transformation
Baseline+RE 71.0 914 963 991 695 574 | 785 958 987 998 82.1 78.4
Baseline+RRLE 720 924 972 0994 691 563 | 77.0 964 99.1 999 Rgl14 777
Baseline+RE+RRLE | 74.2 93.0 974 995 718 604 | 817 967 99.1 999 845 8l1.2
Mixed Transformation
Baseline+CAJ [11] 735 929 974 994 694 554 | 807 96.1 986 998 835 798
Baseline+RLE+RE 754 935 977 996 724 609 | 847 979 993 999 870 83.7

(b) Performance under different
Br. Compared to the uniform dis-
tribution, a U-shaped beta distribu-
tion works better in MRLE.

Bm R-1  mAP mINP Br  R-1 mAP  mINP
1.0 679 653 522 05 725 707 59.3

05 678 651 518 04 742 718 604

04 683 656 523 03 732 713 60.2

03 702 67.0 535 02 737 717 60.2

02 679 660 526

(c) Performance under different
tmin. Using too small £nin will
introduce excessive noise and lead

to performance degradation.

Table 4: Applicability of our opposed RLE to other
methods on the SYSU-MMO1 dataset.

. All Search Indoor Search
Setting
trnin R-1 mAP  mINP R-1 mAP R-1 mAP
0.3 729 709 582 DEEN [39]| 74.7 71.8 80.3 83.3
02 738 713 390 gy 76.2 15 73.0 +12) 83.2(29) 853 (20
0.1 74.2 71.8 60.4 i ‘
0.01 73.8 7.7 508 ViT-B [49] 66.0 63.1 69.9 75.1
0.001 736 71.3 595 +Ours 70.20:42) 66.7+36) 71920 764+13)




Experiments

Table 2: Comparisons between the proposed method and some state-of-the-art methods on the SYSU-
MMOI1 and RegDB datasets.

SYSU-MMO01 RegDB

Methods All Search Indoor Search VIS to IR IR 1o VIS

R-1 R-10 mAP | R-1 R-10 mAP | R-1 R-10 mAP | R-1 R-10 mAP
BDTR[40] 170 554 19.7 - - - 33.6 586 328 | 329 585 320
D2RL][5] 289 706 292 - - - 434 66.1 44.1 - - -
Hi-CMDI[41] 349 776 359 - - - 709 864  66.0 - - -
AlignGAN[10] | 424 850 40.7 | 459 876 543 | 579 - 53.6 | 56.3 - 53.4
DDAGI[36] 548 904 530 | 61.0 94.1 68.0 | 693 862 635 | 681 852 618
LbA[42] 55.4 - 54.1 | 585 - 663 | 74.2 - 67.6 | 67.5 - 72.4
NFS[43] 569 913 555 | 628 965 698 | 805 916 72.1 | 780 905 69.8

CM-NAS[44] 608 921 589 | 680 948 524 | 828 951 793 | 81.7 941 776
MCLNet[37] 654 933 620 | 726 970 76.6 | 803 927 731 | 759 909 69.5

FMCNet[45] 66.3 - 62.5 | 68.2 - 74.1 | 89.1 - 84.4 | 884 - 83.9
SMCL[46] 674 929 618 | 688 966 756 | 839 - 79.8 | 83.1 - 78.6
DARTI[20] 68.7 964 663 | 725 97.8 782 | 83.6 - 75.7 | 82.0 - 73.8
CAJ[11] 699 957 669 | 763 979 804 | 85.0 955 79.1 | 848 953 778
MPANet[47] 706 962 68.2 | 76.7 982 81.0 | 828 - 80.7 | 83.7 - 80.9
MMN [25] 706 962 669 | 762 972 796 | 916 977 841 | 875 96.0 805
MAUM [48] 71.7 - 68.8 | 77.0 - 81.9 | 87.9 - - 87.0 - 84.3
CAJ+[12] 715 962 682 | 784 984 820 | 857 955 797 | 849 959 U86
DEEN [39] 747 976 718 | 803 990 833 | 91.1 978 851 | 895 968 834

Ours 754 977 724 | 847 993 87.0 | 928 979 88.6 | 91.0 975 86.6
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« MRLE provides an efficient way to provide diverse transformations from multi-spectral
images to single-spectral images, while the RRLE gets rid of the dependence on the multiple
spectral images and makes such a linear transformation directly on the local part.



Thanks for your attention!
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