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Abstract At present, the supervised person re-identification methods focus on the problem of single modality
(visible image). However, in addition to visible images, there are a large number of infrared images which lack color
and texture information in the 24-hour surveillance system. Therefore, the cross-modality pedestrian retrieval
method can effectively improve the practicability of person re-identification technology. The current cross-modality
person re-identification methods ignore the unique discriminant features from different modalities, which leads to the
performance limitation. This paper proposes a cross-modality person re-identification method based on cross-
modality identity mutual prediction learning and fine-grained feature learning. A modal specific identity classifier is
designed to improve the discrimination and robustness of modal specific features. A cross learning mechanism is
constructed to promote the network to transform the specific features of different modal into modal invariant
features, so as to make effective use of the modal specific discriminant information. In addition, fine-grained feature

learning further enhances the discrimination of network feature representation from both local and global aspects.
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Comparisons with the state-of-the-art methods on open datasets SYSU-MMO1 and RegDB show the advantages of

the proposed method.
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Fig. 1 Diagram of fine-grained cross-modality network for mutual prediction learning
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B AE B EE R T Al WOt H5 Sk 4.5, B Ik
indoor-search 152 =X 4 I 12 ¥ 2 L all-search #5211

RegDB"™ 1) B 41 38 3t 2 AN 45 1% 3 (7F WG H4%
3k 5 Logitech C600, 21 4h 4514 3k %5 g Tau2
camera) R HERATF , A 412 4047 N 8240 ik 1%,
I 254 Ak 48 43 A % 206 47 N . o A
T NA 105K AT WG R R 10 5k 20 A SR . i
AL 2 Bl B Al A A T LG A 21 4 (visible-
thermal) F1 21 4h £ 7] UL 5% (thermal-visible) o #3 #i& 3C
kL2512 % 46 6 7 10 Ff AN [ ) 11 2 48 DK 45 32l
5377 3, PRI 10 Yk S 36 235 SR 1) 7 34 48 A AR Dy 4
TETE B R E i A ERE .
4.1.2 #F4E WX

HEFE © A 85 B2 47 A5 R0 O v 19 AR o DA
PR ISC, A i) 4R AT P AR el O TR S 2T /Y B L OF
% H CMC (Cumulative matching characteristics) Fl
mAP(Mean average precision) 3 #E 174 g il I3
4.2 ZBAT

e 25 B B, BB RS 8 48— 3] 288 pixel X
144 pixel, 53CHK[ 26 JHAML, 285 0 i BEALEL 35 Bl HL
B Ok SRR 4 0 o SEEG P, batch size 5 E N 32,
# A W 2% K FH SGD (Stochastic gradient descent) {1 1k
i, BCE I A 0. 0005, 2% 2] 0k 0. 1, AR5 SCk
[27], 78 0~10 4% 38 13 warm-up 5 W& 28 P 3 5 2% )
o S R AE 200 50103 1/10W4> . X F SYSU-
MMO1 i 4R 8 25 o T 3 03 B2 12. 201 0. 4o
X T RegDB B4 , o Fl 1 O 35 F1 4. BT AT 258
BIFE LBk 2080TT GPU I, 3£F Pytorch HEZRSEHY
4.3 FERE

AR T 1 5 T AR 5T S A G 1 I A
AT NE PN TR #E AT TR, £ Z AR Zero-
Pad”" (Zero-padding) . emGAN"" (Cross-modality
generative adversarial network) . HCML""" (Hierarchical
cross-modality metric learning) . HSME " (Hypersphere
manifold embedding) . D2RL"' (Dual-level discrepancy
learning ) MAC™
. ALGAN"" (Alignment generative
adversarial network) . HPILN"" (Hard pentaplet and
identity loss network) . DFE"™ (Dual-alignment
feature embedding) . Hi-CMD" (Hierarchical cross-

reduction (Modality-aware

collaborative)
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modality disentanglement) . EDFL'"" (Enhancing the
. CDP™ (Cross-
. eBDTR" (Bi-

directional center-constrained top-ranking) . X1V (X-

discriminative feature learning)

spectrum dual-subspace pairing)

infrared visible) . expAT"" (Bidirectional exponential
MSRL.’%(SJ

representations) . JSIA"" (Joint set-level and instance-

angular  triplet) (Modality-specific
level alignment) , CMSP'""' (Cross-modality similarity
preservation) . DFLA™ (Deep feature learning with
attributes) . AGW'™' (Attention generalized mean
cm-SSFTH
(Cross-modality shared specific feature transfer) .
HAT"" (Homogeneous augmented tri-modal) .
RegDB K4 5 A1 SYSU-MMO1 K45 4 14 25 31 43 51 e
IRAEAR 246 3, WA 2 iR, 32 13 U7 i 7E RegDB £
& 4E 1) visible-thermal F1 thermal-visible £ = T 4 fig
% #8175 em-SSFT . EL{& K | 18 visible-
thermal £ 20 |, 4 11 J7 ¥ Rankl 8 1§ 7 15.34%,
mAP# H T 5.55% , 7E thermal-visible £ &, |+, Rank1
FI mAP 43 i B8 T 13.82% A1 4.63%. X T
SYSU-MMO1 %4 £& , 7€ all-search #52 =, 4 1 75 12
9 Rank1 1 mAP H WAL B9 AGW 23 531l #5 8. 9874
F1 4.26% , 7£ indoor-search #5 = /v, # H O Ay
Rank1/mAP K I 7 ¥ AGW 5 5.52%/2.89% .
AGW 542 i J7 s 349k F T 8L W 2% 1 45 0 L i 05
VAR A M 4% 1 FEml B n T AR R A R
(Non-local attention) #1 GEM (Generalized-mean
pooling) WAk )22 . AE =y & [ 1 & ) B 98 12 £ o 4% ¢
T3 T 22 A28 B) 2 50 PR 1F B GEM A6 2 AH
AT 3 Ak 2 B B T & R )Pk A R RRAE . fH
LT 2T RS R S A R L K Ak
SIPERRAE X 2 4 O IRk B AGW By 3
SR . AT AGW 33X — 280G T 5 25 (] 2 A 4]
SRR B vk B vk R 68 R 20 R Y RS R
A RAE RN A R AR — R B S B G — W AE S T, A
I B 1 7E AN 1) 55 455 285 N RE i ) e 1 R At s 2D
B T) 1 22 S, T 442 T4 i 3R 7 1) 34 ) 12
4.4 HEARIE

P& 10 5 vk S A AORL B R AIE A ) S AR S B
3 ELFI 27 >0 2 BB, by 9 i A A X A A
Pk A7 43 A LB R B B H B A R e 4 i .
TE SYSU-MMO1 Fll RegDB I Y 18 il 52 5 43 51 %
all-search L il visible-thermal(trial= 1) 5 .

pooling with weighted triplet loss) .
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2 1E RegDB U4 11 X] L9256

Table 2 Comparative experiments on RegDB dataset unit: %
Method Visible-thermal Thermal-visible
etho
r=1 r=10 r=20 mAP r=1 r=10 r=20 mAP
Zero-Pad'*"! 17.75 34.21 44. 35 18. 90 16.63 34.68 44. 25 17.82
HCML™ 24, 44 47.53 56.78 20. 80 21.70 45.02 55. 58 22.24
HSME"" 50. 85 73.36 81.66 47.00 50. 15 72.40 81.07 46.16
D2RL'™ 43. 40 66. 10 76. 30 44.10 - - - -
MACH! 36.43 62.36 71.63 37.03 36. 20 61.68 70. 99 39. 23
AlIGAN™ 57.90 - - 53. 60 56. 30 - - 53.40
DFE" 70.13 86.32 91.96 69. 14 - - - -
eBDTR"™ 34,62 58. 96 68.72 33.46 34.21 58. 74 68. 64 32.49
MSR"™ 48.43 70.32 79.95 48. 67 - - - -
JSIA™Y 48.50 49. 30 48.10 48.90
EDFL" 52.58 72.10 81.47 52.98 51.89 72.09 81.04 52.13
X1V 62.21 83.13 91.72 60. 18 - - - -
CDp'™! 65. 00 83.50 89. 60 62.70 65.3 84.5 91.0 62.1
expAT™ 66. 48 - - 67.31 67.45 - - 66.51
CcMSspHY 65.07 83.71 - 64. 50 - - - -
Hi-CMD"™ 70.93 86. 39 - 66. 04 - - - -
HAT™ 71.83 87.16 92.16 67.56 70. 02 86. 45 91.61 66. 30
em-SSET™! 72.30 - - 72.90 71.00 - - 71.70
AGW™ 70.05 - - 66. 37 - - - -
Ours 87. 64 95. 61 97.6 78. 45 84. 82 94. 64 97. 03 76. 33
#3 £ SYSU-MMO1 %4l 4 F % e s 5e
Table 3 Comparative experiments on SYSU-MMO1 dataset unit: %
Method All-search Indoor-search
etho
r=1 r=10 r=20 mAP r=1 r=10 r=20 mAP
Zero-Pad'”"! 14. 80 54.12 71.33 15.95 20. 58 68. 38 85.79 26.92
emGAN™! 26.97 67.51 80. 56 27.80 31.63 77.23 89.18 42.19
HCML™ 14. 32 53.16 69.17 16. 16 24.52 73.25 86.73 30. 08
HSME"" 20. 68 62.74 77.95 23.12 - - - -
D2RL™ 28.90 70. 60 82. 40 29. 20 - - - -
MAC™! 33.26 79. 04 90. 09 36.22 36.43 62. 36 71.63 37.03
AlIGAN™! 42.40 85.00 93.70 40.70 45.90 87.60 94. 40 54. 30
HPILN'"" 41. 36 84.78 94.51 42.95 45.77 91.82 98.46 56.52
DFE"™ 48.71 88. 86 95.27 48.59 52.25 89.86 95. 85 59. 68
Hi-CMD"™ 34.94 77.58 35.94
EDFL!" 36.94 85.42 93.22 40.77 - - - -
Chp™! 38.00 82.30 91.70 38.40 - - - -
expAT"™ 38.57 76. 64 86. 39 38.61 - - - -
XV 49.92 89.79 95. 96 50.73 - - - -
eBDTR 27.82 67.34 81. 34 28.42 32.46 77.42 89. 62 42.46
MSR"™ 37.35 83.40 93. 34 38.11 39. 64 89.29 97.66 50. 88
JSIA™Y 38. 10 80.70 89. 90 36. 90 43. 80 86. 20 94. 20 52.90
CMSPp 43.56 86. 25 - 44. 98 48. 62 89. 50 - 57.50
DFLA"™ 47.14 87.93 94.45 47.08 48.03 88.13 95. 14 56. 84
AGW'™ 47.50 - - 47.65 54.17 - - 62.97
Ours 56. 48 88. 25 94. 43 51.91 59. 69 92. 80 97.55 65. 86
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4 OHASEER

Table 4 Ablation experiment

Ablation study setting

SYSU-MMO1 (all-search)

RegDB (visible-thermal)

r=1 r=10 r=20 mAP r=1 r=10 r=20 mAP

Baseline 48.17 82.2 89. 32 45. 39 67.62 85.63 91.41 62.74
Baseline+FGFL 51.22 85.59 93.40 49.43 73.69 86. 46 91.21 65. 81
Baseline+FGFL+CMIMPL 56. 48 88. 25 94.43 51.91 89. 37 95.44 96. 89 80. 30

4.4.1

s AR AR F 3T 04 A Ak

RN 252 > BE A% (7 190 265 41 JCAY A58 25 A AR AR AN S

Sk 56 UE AR B R AIE 2 > RS A 0 Al kL
JE R AIE 2 ) RS H R 4 T v 5 vk vhOu L R 43, O
FH AR 7] 4 22 S 35 2 A1 = 50 4H 35 2 Xof A R0 kAT ARG
oo e A s, 53 UE Tk L, Rankl/mAP 7&
SYSU-MMO1 (RegDB) L i T 3.05%/4.04%
(6.07%/3.07% ) o 3% 3 W 4HRL BE FRAE 27 > B HOAR
A RE W8 412 fof I 28 OC 14 4 Jy 0 S P R A0, o B 08 DG 1
Je ¥ 1Y) B BERRAIE
4.4.2 SEAE G Z AN F T 0K R

P S B 3 B T 2 > S e ) A A5 B0 I 5 1k
FE UL FE R AE 2 ) 0 Al S T i RS B 4 L H0
SR HIC L, N AT DU ER 2, 5 W in 4 kz
JE RRAIE 2% ) B 8 (9 1% BB AH LE , £ RegDB Hl SYSU-
MMO1 I, Rank1(mAP) 535l A 73.69% (65.81%)
FETHEN T 89.37%(80.30% ), A 51.22%(49.43%)
PETHE] T 56.48%(51.91%) . X AN NEHEE

ar
J
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B
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4.5 SHESW

KXW KA B S a Fp. TS BAEN
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XFSEEGPERE M RE N . S T R4S R B AR 1
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AR R AT RS .
4.5.1 BEHa
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Fig. 3 Effect analysis on hyperparameters a and 3. (a)(b) Effect analysis of a; (c)(d) effect analysis of 2
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Xf Rank-1 Fl mAP iy 5% Wi . X T $ 4 % SYSU-
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