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Abstract: Objective Visible-infrared cross-modality pedestrianre-identification (VI-RelD) is focused on same identity-
related images between the visible and infrared modality. As a popular technique of intelligent surveillance, it is still chal-
lenged for cross-modality. To optimize intra-class variations in RGB image-based pedestrian re-identification (RGB-RelD)
task, one crucial challenge in VI-RelD is to bridge the modality gap between the RGB and infrared (IR ) images of the same
identity because current methods are mainly derived from modality-incorporated feature learning or modality transformation
approaches. Specifically, modality-incorporated feature learning methods are used to map the inputs of RGB and IR images
into a common embedding space for cross-modality feature alignment. A two-stream convolutional neural network (two-
stream CNN) architecture has been recognized and some discriminative constraints are developed as well. However, each

filter is constrained for a small region, convolutions is challenged to interlinked to spatial-ranged concepts. Quantitative
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tests illustrates that the CNNs are strongly biased toward textures rather than shapes. Moreover, existing methods in VI-
RelD focus on the global or local feature representation only. Another path of modality transformation approaches can be
used to generate cross-modality images-relevant pedestrain images or transform them into an intermediate modality. Genera-
tive adversarial network (GAN) and encoder-decoder structures are commonly used for these methods. However, due to
the distorted IR-to-RGB translation and additional noises, image generation is incredible and GAN models are difficult to
be converged. The RGB images consist of three-color channels, while IR images only contain a single channel reflecting
the thermal radiation emitted from the human body and its contexts. Compared to the missing colors and textures in IR
images, we review VI-RelD problem and the contour is realized in terms of a relative effective feature. Furthermore, con-
tour is a modality-shared path as it keeps consistent for both of IR and RGB images, which is more accurate and reliable
than generated intermediate modality. We implement VI-RelD-integrated contour strategy. To develop its optimization, we
take the contour as an auxiliary modality to narrow the modality gap. Meanwhile, we tend to introduce local features into
our model to collaborate with global ones further beyond part-based features. Method A contour-guided dual-grained fea-
ture fusion network (CGDGFN) is developed for VI-RelD. It consists of two types of fusion. The first type is concerned of
the image to contour fusion, which is called global-grained fusion (G-Fusion) at image-level. G-Fusion can output the aug-
mented contour features. The other type can realize fusion between augmented contour features and local features, which is
oriented at image and part mixed level. As the local feature is involved in, it called as local-grained fusion (L-Fusion) for
simplicity. The proposed CGDGFN consists of four branches, which are 1) RGB images, 2) IR images, 3) RGB contour
and 4) IR contour. First, the input of the network is a pair of RGB and IR images, while they are fed into RGB branch and
IR branch, and a contour detector generates their contour images. Then, RGB and IR-relevant contour images of two
modalities are fed into RGB-contour branch and IR-contour branch. The ResNet50 is used as the backbone architecture for
each branch. The first convolutional layer in each branch has independent parameters to capture modality-specific informa-
tion, while the remaining blocks are used to learn weight-shared modality-invariant features. In addition, RGB branch and
IR branch average pooling layer structure is optimzed for part-based features extraction. G-Fusion is used to fuse an image
to its corresponding contour image. After G-Fusion, the augmented contour features will be produced by the global average
pooling layer of RGB-contour branch and IR-contour branch. Meanwhile, RGB branch and IR branch can output corre-
sponding local features. RGB local feature as well as IR local feature is an array of feature vectors and its length is clarified
by the partition setting. Two of local feature extraction methods are involved in: 1) uniform partition and 2) soft partition.
L-Fusion is responsible for fusing the augmented contour features and corresponding local ones. The implementation of our
method is based on the Pytorch framework. We adopt the ResNet50 pre-trained on ImageNet as the backbone network, and
the stride of the last convolutional layer is set to 1 to obtain feature maps with higher spatial size. The batch size is set to
64. For each batch, we select 4 identities in random and each identity includes 8 visible images and 8 infrared images.
The input images are resized to 288X144 pixels, random cropping and random horizontal flip are used for data augmenta-
tion. The stochastic gradient descent (SGD) optimizer is used for optimization and the momentum is set to 0. 9. We train
the model for 60 epochs at first. The initial learning rate is set as 0. 01 and warmup strategy is applied to enhance perfor-
mance. To realize its soft partition, we fine-tune our model for additional 20 epochs as well. Result The proposed
CGDGFN method is compared with state-of-the-art (SOTA) VI-RelD approaches on two databases Sun Yat-sen University
multiple modality 01(SYSU-MMO1) and Dongguk body-based person recognition database (RegDB) , which is composed of
the methods of global-feature, local-feature, and image generation. The standard cumulated matching characteristics
(CMC) and mean average precision (mAP) are employed to evaluate the performance. Our proposed method has obtained
62. 42% rank-1 identification rate and 58. 14% mAP score on SYSU-MMO1, and the values of rank-1 and mAP on RegDB are
reached to 84. 42% and 77. 82% each in comparison with popular SOTA approaches on both datasets. Conclusion We intro-
duce the contour clue to VI-RelID. To leverage contour information, we took the contour as an auxiliary modality, and a
contour-guided dual-grained feature fusion network (CGDGFN) is developed for VI-RelD. Global-grained fusion (G-Fusion)
can enhance the original contour representation and produce augmented contour features. Local-grained fusion (L-Fusion)
can fuse the part-based local features and the augmented contour features to output its powerful image representation further.
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Fig. 1  An example of pseudo-color IR images
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Fig. 2 The structure of contour-guided dual-granularity feature fusion network
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G e R AR (B E N 0. 3.

3 & g

3.1 HBiER&EMTMAiRE
12T WO— DA RS AT NI PN A T
BAEHE SYSU-MMO1 (Wu %5 ,2017) Fil RegDB (Nguyen

5,2017) X I BT IE A TSR AL . e S
2R AT N — SE 3T 4F K (1 SOTA (state-of-the- art)?‘i{zE
HEATPERE UL, B AR i A RL

SYSU-MMO1 %4 5 th 4/\TJD7H%T§R%%H 24
LEAMBAR LA AL 491 T A1 287 628 I 7 L,
JCEIR RIS 192 fRLLAMEIG . Horp U ZREEAT 3954
IR A 96 AT N B EA ENER
(indoor-search ) Fl1 448 2 (all-search ) P A PPAR AR
B AL 2 SRR R Ay RIS, J5 &l 478
FARRAAE R R o A SCR 5 Bk S Y B 42
#2 (single-shot all-search )X PEAR £ HH 19 777

RegDB %40 4 i AT WOG—Z0 5 BURR & SE 41
e, AL 4124047 A 8 240 IR IE15, BT NS A
10 18 A [m] (4 7] D't BTG AT 10 M AN [A] A 2140 KR
Horp YIRS A SR 245 A 206/\1?}\0 WH Ye %
N (2018a) i 1Y SR M, A SCm 2 10 U5 5 1y 45 24
PEARREAL, DU TR E 4R

S 2 M 1) B LA T R P AP bR
7, K H SR B4R AE (cumulative matching charac-
teristics , CMC) F13F 3545 B 3 {H (mean average preci-
sion, mAP) W 1 4§ b5 ok P74k 7wk iy b RE .
CMC-k (rank-k VE B HER 3 ) 2R £ HEA Tk IR
SH TP H PR AG DE G RO, T mAP W B BT 2
AN IEBRVE RSN )P Xk R APERE
3.2 ZWIRE

1 PR 8 2 ) HE 28 Pytorch >k SEEA SC vk | fiff
PFBC & 41°F : GPU 24 NVIDIA RTX 3090 24 GB, CPU
A Intel (R) Core (TM) i7-11700 @ 2. 50 GHz, P 17
32 GB,

5256 R H AE ImageNet - 1 56 31l 25 1) ResNet50
YERNET ML, Higa— D BRZ I stride BCE N
1, AR AS B R 25 () RO B9 FRAE BT . 2 B8 Zha 55 A
(2020) (5256 15 &, VI 2R batch size 3% E 2 64,
A~ batch BEHLHERC 4 4T BT AL 8 5 7] L
JCIER AN 8 BHELLAMEIR o H A R A R/ NGE— T 4
h 288 x 14448 , IR FFEALER BT AR ALK F- B 4%
PEAT B 1G5 o JR) AR R A o0 ) DX R A
6.

S it FH B BLES BE T B (stochastic gradient
descent, SGD) i fbds , b aiim i B 0. 9. VIR
2REEE 0. 01, IR warm up TR g R 427 2 K
HARRL, 7T 10 4> epoch, 2% 2 0] LI i 0. 01x
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(epoch+1) 3R TT5; 7 55 10~20 4> epoch Z [A] i}, 2%
M RARHF 0. 01 AAE ;s 7E 45 20 4> epoch FIEE 50 4~
epoch I}, 2% 2] 3843 5l 523k 0. 001 A1 0. 000 1, £
i1 60 4~ epoch JG 5 IE U2k o ILAL, 24 % 8K 4380 07
I 3BT XA R AT 53 50 204> epoch B BLE . 7E
XA AR 1 Sl E FABZ A, S 2R X 0 26
i RIS AR A R 25
3.3 XfEERE

T Bk 75 i 1A R 78 SYSU-MMOT Al
RegDB ARt 4 1= 5 28 LRI SOTA J7 35 HEAT X 1L
SCY . LS I T A R RRE Y U7 % Zero-Padding (Wu
& 2017) . TONE (two-stream CNN network ) +HCML
(hierarchical cross-modality metric learning) (Ye 4,
2018a) . HSME (hypersphere manifold embedding)
(Hao 4§ , 2019a) . cmGAN (cross-modality generative
adversarial network) (Dai %% , 2018) . BDTR (bi-
directional dual-constrained top-ranking) (Ye 4§ ,
2018b) .AGW (attention generalized mean pooling with
weighted triplet loss) (Ye 4§ ,2022) \MACE (modality-
aware collaborative ensemble) (Ye %5 ,2020) . Hi-CMD
(hierarchical cross-modality disentanglement) (Choi
%, 2020) . NFS (neural feature search) (Chen 4§ ,
2021) . MSO (multi-feature space joint optimization )
(Gao 45, 2021) \ #& F Jay S 451k 19 J7 ¥ DFE (dual-
alignment feature embedding) (Hao %%,2019b) \TSLFN
(two-stream local feature network) (Zhu %% , 2020) .
LBA (learning by aligning) (Park 5 ,2021) , DA J¢ 3 T
WS 3 (4 77 15 D’RL (dual-level discrepancy reduc-
tion learning) (Wang %% , 2019b) | JSIA-RelD (joint
set-level and instance-level alignment Re-ID) (Wang
4% ,2020) . AlignGAN (alignment generative adver-
sarial network ) (Wang %% ,2019a) . X-Modality (Li &,
2020) .

£ SYSU-MMOT ¥ 4fs 45 1= 1oy % bt 52 56 25 2R
T VTR BB 5 |5 (0 RURL BE FRAE Al W0 28 75 e B
PRACTE A IR AR R ABETT B rank-1 F1 mAP 7351
62. 42% M1 58. 14%. 45 RFZM , BURLEERFIE L A
F TR RL 2 5] H IR ARFAE , JR S8 AR AE A4 JRy R E A
4545 LB A TG rp — o B AR IE HAT B4 1
AE. HeAM A SO R R RE B o T LT GAN 1Y U7
V% BT R Gy WSOT BAT RN G , A 2251
ANBFAMABER o 1E RegDB BUHE 4 [ 09 X} Eb 52 56 45

R 2 r /s, AR SCT7 35 Y rank-1 FT mAP 73 51
84. 42% Fl177. 82% , A Lt T HAth 7 v B A B iR
T E B R o TE A S FF B 48 SYSU-MMOL Al
RegDB I (5% FL AL B0 285 SR UEBH T AR )5 vk i b o

®1 FEFAEESYSU-MMO1 HiEE FRLERER
Table 1 Comparison results of different methods on
SYSU-MMO01 dataset
/%

i N EARELE
Tk

rank-1 rank-10 mAP rank-1 rank-10 mAP

Zero-Padding 14.80 54.12 1595 20.58 68.38 26.92

TONE+HCML 14.32  53.16 16.16 24.52 73.25 30.08

HSME 20.68 62.74 23.12 - - -
cmGAN 2697 67.51 27.80 31.63 77.23 42.19
BDTR 2732 6696 27.32 3192 77.18 41.86
D’RL 28.90 70.60 29.20 - - -

Hi-CMD 3494 77.58 35.94 - - -

JSIA-ReID  38.10 80.70 36.90 43.80 86.20 52.90

AlignGAN 42.40 85.00 40.70 4590 87.60 54.30
AGW 47.50 84.39 47.65 54.17 91.14 6297
DFE 48.71 88.86 48.59 5225 89.86 59.68

X-Modality 4992  89.79 50.73 - - -

MACE 51.64 87.25 50.11 57.35 93.02 64.79
LBA 55.41 - 54.14 58.46 - 66.33
TSLFN 56.96  91.50 5495 59.74 92.07 6491
NFS 5691 91.34 5545 62.79 96.53 69.79
MSO 58.70  92.06 56.42 63.09 96.61 70.31
A 62.42 9201 58.14 64.18 9321 69.28

T ML P AR R R A 9 R A5 2R, =7 3R IR SCRR R 42 1
Bl .

3.4 HRMXWSSH

N T BSIERE BAE )RARARLAS A R A3 A hE
FEHRIE A RV RFAE Rl B 7 i AT S 8500 g i), 64 7
THRNSEK: . A HE T RegDB B4l 4 , SYSU-MMO1 %4
M MG T 2 048 3 SRR PO A A e in &2
IREA . A FPOTEEAE SYSU-MMOT BdiE 4 | /Y M
TEANNTE RegDB 04545 T iy M fE , % HLABCH R ALY
RICEIRA LERY . I, I Rl SE 5 78 SYSU-MMO1
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R2 AEFAEERegDBHFEE LK ER

Table 2 Comparison results of different methods on

RegDB dataset

1%

WIRFS rank-1 rank-10 mAP
Zero-Padding 17.75 3421 18.90
TONE+HCML 24.44 47.53 20.08
HSME 50.85 73.36 47.00
BDTR 33.47 58.42 31.83
D’RL 43.40 66.10 44.10
Hi-CMD 70.93 86.39 66.04
JSIA-RelD 48.50 - 48.90
AlignGAN 57.90 - 53.60
AGW 70.05 86.21 66.37
DFE 70.13 86.32 69.14
X-Modality 62.21 83.13 60.18
MACE 72.37 88.40 69.09
LBA 74.17 - 67.64
NFS 80.54 91.96 72.10
MSO 73.60 88.60 66.90
A3 84.42 94.85 77.82

TE ML T R R % S B 45 2R, =7 e JRUSCHR R 42 41
K .

B 1T .
3.4.1 ARG AT A R

ST VTR A5 2L 3 A AR, S5 7E SL AR A
B AR TR L0, 5 M e FR AR b AT /8 2 #r o
S 1 R I 45 A Sl B2 T 4 R UL O G AN
LIANEMGAE N o SEE 2 IS5 3 430 e AU
FH 4 Jrr B e R A 3R R B AR AR AR S AT A
PVRFIE RN o S0 4 R4 5250 3 A3 50 4380 7 ik
B OB ik . 508 5 R AlA P RRORLEE 1Y 4F
fiE, 3X BLAE Convl J5 i FH 4% 50 N it 7 2058 1 42 Jm)
G HAE. S 6 TR SR S M) E T R
U IE G DR

TE SYSU-MMO1 i £ I 45 21 B 40 09 A7 Rk
MEI PR, GEE VAL, T8 2 1Y rank-1$25+ T
7.76% ,mAPHEF T 6. 60% ; 1Mij S5 3 X 17 A% 2 FHE
535N 6.90% Fl 4. 81%. S5 2 1 48 TR R o i
R T AEA SCEE R AR v 4 R kL AR B AR

L Jr F L FR A R 1 B AT A, [ et A B T G
— o ELA 5 ) P A S L SRR . S IR 2
S 3HHEL, SCH S B A AR T Al 4R RRIE AN R
PRRFIE BN . 2R R AL AR s UE R,
AR BB 23 A2 B SR A 1 T 5 R R AE 2 Ak B
(), 38 % ST N BRER O A OC . Pk, S TR AT BB
RS2 S A B P FIRLRE RIS Al ok . it
Hb, 5SS 3 FNSLE S AHEL , S5 4 FISEES 6 R, Fr
E 5 T A — 2 P m AR IR IR . SR,
TRl WA AL AMEZS Z M B K24 5, HAUR AR
] WG RRRLAS R 19T AR (Sun 45,2018) .

®3 SHEMESTESYSU-MMO1 ##E & FRH I
Table 3 Effectiveness of each component on
SYSU-MMO01 dataset
/%

ST rank-1 rank-10 rank-20 mAP
S 1 KLk 4989 86.67 9370 49.13
SIE 2 Bk 4R 57.65 91.13 9627 55.73
SLG 3 FELR+ R 56.79 90.44 9578 53.94
. 2L+ J7y EB + K
S 4 res 5732 9098  95.69 354.23
g5 B+ H+EE 61.66 9143 96.00  58.02
n . KRR+
S8 6 e 6242 9201 96.32 58.14

TE L PRS- B i A4

3.4.2 A TR

ST BT A R R EE i T M R S S
By 23R T AE AR RO B S R E A TR AR L A
7£ SYSU-MMO1 45 45 b il S 56 45 L n 3¢ 4 fir s .
SERLH TR Z R A T REE TR R Z A o
PH 2l NN 9382 2 B i ) 1 B IR T AR L1 2 A1
SUPRRRAE , 1 TR J2 D0 5 A i) T2 2T SRR AIE , ELVR 2
Az A RFAE LB TR 25 ) R il A B mT LA
FE 1R 2856 R R G S B R4 [ B4 (5 8,
DU T J5 B2 9 W 45 E A T2 2T, DT B LU 7 TR 2 il
BEAROR . SRR RS 7 b PR
(P RE R AR AT HoAth 7 vk, B 5400 K (1) e 5k
PAH LG, PR 4R A5 B . (A i T PR E R
TRFAE B X5 R ) T RE K T A B R
o LEA UL LR AR SCIRAE Convl J5 R % T
FIME I R TR



$28% /58] /2023 £5 A

S, TR/ R EFHERL & M4 B AR R1T AR5

F4 AERBEHTEESYSU-MMO1 £#E5%E FRTERE
Table 4 Performance of different fusion methods on
SYSU-MMO01 dataset
/%

TR RnE Pk
i
rank-1  mAP  rank-1 mAP rank-1 mAP

Convl 56.56 5434 57.65 55773 57.76  55.29
Stagel  56.68 54.92 5624 54.16 59.50 56.96
Stage2  55.32  53.62 56.56 55.01 59.15 57.01
Stage3  54.67 5296 5798 5588 5636 54.62

Stage4  50.55 4797 4935 4943 5469 52.25

E L P SRR 25 B R AL 25

3.4.3  RCERMATAA RO

T BAEAS BR G T AT ROE SR AR T
FETCHSERIG T |y R IR 58 B 8 ) R 4 S AR I 8
BT RURL R AR Bl A 4 O PERE L R S A T HE
SYSU-MMO1 Fla 4k b RYSEgesi R . Bl R0, %R
PRREAE B 4 SR AR A TR BG4 R T 4
S S A4 S MBS IE T Ae BR3E T A 2tk . TR
BF, AT L& R FH 4 Jmy R E 8 JBR 14 Ty ok () M e 4
THi 2 & TR iR IE 3G T ORI R RAT
N — T R T = SR 0 1 R RRIE A 3, %o 4 )
TEHEATRC BRI )] L5 | R o) SE IR AR AT A
FIRFRAE, R AR R BB S R A LA
MAE R BB AR SR S 1S T o, ol T IR 29 0] 43 oA
[Fi] 4 DX 3, A ) B B it kg SR P 2 2%
T ORI TC I B R R AR B BRI, AR
JITH H AR AN 4 SR R AT T R BRIST

£S5 HEREESYSU-MMO #iE & FRARME
Table 5 Effectiveness of contour augmentation on
SYSU-MMO01 dataset
1%

S
T ERIG) 57.04 9030  95.82  54.11
SRR RS 5816 90.56 9571 54.90
SRFEAR T 61.66 91.43  96.00  58.02
TE I R R R & 5 iR A4

rank-10  rank-20 mAP

rank-1

3.4.4 KBTS ER R
BT IE 4 R R AR O AR R R 15 2% A L A1)
BB PERER IR , 76 SYSU-MMO1 24 4E % A

] B AU SN AT S0 00 , 5 R K 6 T . 45
FWH, AT S BN T 1. 0~1. S BRI g
BAr, ZEFEIA = 1. 00, rank-1 Ml mAP PERESR Y,
H rank-10 Fl rank-20 A9 {E 7R 322 3 fe 8 L AR SC S8 5
RSB B EBEE N 1.0,

R6 AENESHAE SYSU-MMO1 B4 _ERYHERE
Table 6 Performance of different trade-off
parameters on SYSU-MMO01 dataset
/%

T ) rank-1 rank-10 rank-20 mAP
0.2 53.69 90.01 95.24 52.67
0.5 58.61 90.85 95.45 56.00
1.0 61.66 91.43 96.00 58.02
1.5 60.74 91.93 96.45 56.97
2.0 59.72 90.90 96.13 56.37

T L P SRR S S R A2 2R

4 &

AR SCHs B 25 A B AL —nT IR s
NS, B IMES R Z R, T 55 F A
FRRIE A SCRHAR VR A B AS  $2 th T —Fh e
JE 5 | S R RO BE R Rl A R 465, TS B4 T R
Sl AJRPRLEE RS G R T IR EHR RS B R IEROR
Az S RIS )RR . R AL 2 Rl A T
FTNFBIF I JRy R RO FNAC R HE T RFAE , ATIAS 31 A%
HRRABIRE SRR SR . TS ATF RS SYSU-
MMO1 1 RegDB | S04 SR GG TIE | AR 1A RME

AR SCEEAUGGUE T 56 B 5 |- FUSURE B2 RRE Rl 1Y)
AR SRR A PERRA A R S . e 2 TARR
PR W] SE A 5 R FH e AR S SR AE 1Y) 3R 35 e
1o AN, 2R A ) %8 5 R AE Al 9k R T A
;A R, i — 2D B m UM HERf 3 . A %
TR FH AL IR W 75 5 A5 B 4 5K B AR i A
Rz AR RE 1, DAIE R B0 N A2 4% 22 748 1) L 554 T N
aViE75 e
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