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Feature pyramid random fusion network for
visible-infrared modality person re-identification
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Abstract: Existing works in person re-identification only considers extracting invariant feature representations from
cross-view visible cameras, which ignores the imaging feature in infrared domain, such that there are few studies on
visible-infrared relevant modality. Besides, most works distinguish two-views by often computing the similarity in
feature maps from one single convolutional layer, which causes a weak performance of learning features. To handle
the above problems, we design a feature pyramid random fusion network (FPRnet) that learns discriminative mul-
tiple semantic features by computing the similarities between multi-level convolutions when matching the person.
FPRnet not only reduces the negative effect of bias in intra-modality, but also balances the heterogeneity gap be-
tween inter-modality, which focuses on an infrared image with very different visual properties. Meanwhile, our work
integrates the advantages of learning local and global feature, which effectively solves the problems of visi-
ble-infrared person re-identification. Extensive experiments on the public SYSU-MMO01 dataset from aspects of mAP
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and convergence speed, demonstrate the superiorities in our approach to the state-of-the-art methods. Furthermore,

FPRnet also achieves competitive results with 32.12% mAP recognition rate and much faster convergence.
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Table 1 Basic network structure

Layer Input size Output size Structure

c(1) 288x144 72%x36 7x7,64,stride=2

3x3 max pool, stride=2

[ 1x1,64 ]

3X3,64 [X3
1x1,256

c(2) 72x36 72x36

[1x1,128

C(3) 72x36 36x18 3x3,128 |x4
1x1,512

[ 1x1,256 |
C(4) 36x18 18x9 3%3,256 |X6
11,1024
[1x1,512 ]

C(5) 18x9 9x5 3%3,512 |3
| 1x1,2048 |

RGB block and IR block 9x5 1x1 Average pool

(a) 2048
1x1

1x1
1x1
1x1

256A A
1x1 N 56

1x1
1x1
1x1

n
[«

Model Prediction

H1 FIEEFHMNRSRNLENTER. (a) MEHEA 0165 BEIE454E IR-RGB block 5 FAALak4-4F4E fusion
block, E-4k%#i, IR-RGB block & RGB block #= IR block # 7 %, fusion block &1 7 ) & % T B 4 49
HFAEFAURR S AL (D) SRS TRM A b i a9 BRAHE A, H &) RGB 2SS AR E IR ARk
W, JFEAEZABES S RRA, £b, BEEES XM A D IR-RGB block 5 fusion block 15 /= £
Fig. 1 An illustration of the framework of feature pyramid random fusion network. (a) The model generates a top-level joint feature
(termed IR-RGB block) and a random fusion feature (termed fusion block). Specifically, the IR-RGB block is concatenated by
RGB block with IR block; the fusion block is generated by randomly blend features from different levels and distinct modalities;
(b) The prediction consists of a blue cross-domain, a pink RGB-domain, and a purple IR-domain, which generates three

types of classification loss. The IR-RGB block and fusion block use a minimax game to beat each
other for learning the joint-modal classification loss
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Table 2 Building feature pyramid

C(4) C(3) C(2)

Layer C(5)
Step1
Step2
Step3
Step4
Output size 9x5
Hidden layer P(5)
Step5
Output size 1x1
Result layer P(5)
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+ + +
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Fig. 2 Feature selection. r and i represent RGB and IR

domain respectively. Features P(5), P(4), P(3), and P(2)
are shown by green, orange, blue and pink respectively
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Fig. 3 The method of feature fusion. (a) Horizontal
concatenation; (b) Vertical concatenation; (c) Hybrid
concatenation. Let r be the RGB-modality,
and i be the IR-modality
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Table 3 Selecting value of weight parameter
1 2 3 4 5 6 7 8 9 10
M 1 15 1.2 0.8 1 1 15 0.5 0.8 0.4
A 1 15 1.2 0.8 0.5 0.3 1.2 0.2 015 035
As 1 15 1.2 0.8 0.5 0.3 1.2 0.3 0.05 025
mAP 3143 2878 2997 30.05 2653 27.46 2929 30.11 30.14 28.17
A4 AR R A A IR ARG T ik 6 R R
Table 4 Analysis of feature extracting and fusion method
Random Horizontal concatenation Vertical concatenation Hybrid concatenation
feature pyramid rank-1 rank-5 mAP rank-1 rank-5 mAP T rank-1 rank-5 mAP
P(5)P:(2 1 27.61 5323  29.90
T2 (5)PA2) 27.79 5398  30.05 2637 5227  29.05
3 & POPE 3 27.02 5226  29.06
= O
$ E P(4)P(3) 1 28.18 53.21 30.23
s 2 2789 5358  30.10 2713  51.87  28.96
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Bl AT NE U PSSR G RERSIRTHICR . BRIR
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il o X HHRZR S ARIZS, KBS ST,
FRZHFHER RS BORME T AFES, RUIARZ
RESTSRAHIZACRE SR, BRI S RE TR &
PIRPREAS I 220, L, ARSI bR IE AT i
AFRS AR RRAIRAL . £5 5 AL Al BOTR E A
HER S I, ASSCHRE) 2R Rl A B RS AT AU
HYRFIESE ST Po(S)PUS)PU(4)P(4)P(5)P(5)Pi(2)P:(2)
4.2.2 RESEMAN

PIZEHESR P 2R 25 AT N EEUIPERE |
AL 2 5 WIJEZR 1 XIMAERE ™ A2 BRI B S5 H B
B TR AHER (WA 1), SRS RERRIRE S5,
RIHERR T HAB N R, £ 6 FETEHL prediction
2K, SRR ERCHL, JERCA SRR, DU M4

%5 Model Z&#5F1k

Table 5 Component comparison with network

Remove out
component
RGB-domain
and IR-domain

rank-1 rank-5 rank-20 mAP

24.30 49.61 75.62 27.51
IR-RGB block 25.40 50.41 76.81 28.79
Fusion block 26.08 51.69 76.73 28.78

Upsample 2* 26.91 52.66 77.96 29.55

% 5 JBIF/3HT, 24 RGB-RGB 5 IR-IR Z5H AR
FoREETIEES, UK B E F R, RS TR
P22 5 B F IR B A RS IE SRR UL A . RS
% RGB-RGB 5 IR-IR Z5H4)5, LR rank-1 [§
fIKT 4.98% . ULHIRZEFNT T 4R LS e Z o F 2L
ISR R A RS R 245 45 ¥ %o T B RS B (0 R A
BT, KRS IR A RISSS 5 5e A ORI S B
SRR S IR IAEAR S A ] (i B 4 R X o 45 AR ) 1 35k
B, SEiE % R A RGB-IR 25 RSB AT JE A5 R
R, MR T2 T RGB-RGB Fil IR-IR
DL S RGB-IR =R, M5 —MBEUEN T, $EhiY
FHAE 4 755 BEATLR G 28 250 2 A 00 o

% 6 BORUL, BFFE T A5 S0 BE A (o FH AN LT bR
ik, TCIB2H fusion block J5HEEZ SVD, i
JETE IR-RGB block J5i# Xz SVD, HACR TR T
[, XF fusion block fXUZ SVD AbHEPLTHBR A A EE
FFE M, B2 SVD I FH#E IR-RGB block | Ak,
ARG PTG pRA, R R BRI AR [R) 4)
FHOR T SRS E T M4 R R IR A A — 4]
T BRER, AR RE T RelU 3405 B9 fusion block FJE
TF* LeakyReLU 432 IR-RGB block, i Hifth£H & fYik
T PRBCSCR IS T ENT. WME YR RelU #i#
LeakyReLU i, A48T, rank-5 RCR 5B
T 3.39%F1 2.61% , X BV R A E TG BERT . PR,
N 1 R i 45T R T B R o
4.3 FFLLILI
4.3.1 FEFALH

AR SCR B S P A ARSI, FE
A SYSU-MMO1 £di 4 E Il 28 5 B 4% SRCNNEB2,
AR S T SR R R, 2R oy
&, G ER T SYSU-MMO1 Bl fE 1 oM
BRI R ARIRT, BORREYE R SRCNN %% 1Y)

% 6 Prediction £ #1t3x
Table 6 Module comparison with network

Cézrr;v:;ier\rt]? rank-1 rank-5 rank-20 mAP
Single SVD 26.33 51.76 78.95 29.35
Double SVD  26.93 53.27 78.86 29.40
LeakyReLU 26.96 52.74 77.67 29.42

RelLU 26.34 51.96 78.70 28.94
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A, HBETUALHA] OGRS L T RGB EIE . T
A E IR, HEUA RGB 5k — AT E
A, TRk R S A R K 128x128 K/MAY
HER UKL, B A, SR
JEE Z PR EAS EEOROR 2 £, JFEEHE %S )
YCrCb H' Y I ; $E X Y Sl IE K 9x9 AR AR EUR:
fE, BERHRREREIEECY 64; FZead 1x1 BRULE T
MERYARLANEWRT, 55 SRR KV 512x512 (1Y
FHOE, BARNAENZR 7 7R o 45 G008 i i s o8 0 F
256%256 K/ RIS, JFH5Z &5 50 A\ FPRnet, FPR
W25 Y k5E R , FERIEAG SYSU-MMOT £ &2t

AR 3 SRCNN HAIFE Pytorch |14k, 3£ F NVIDIA
1070Ti GPU S8, 4G5~ %5k 0.001, HEALHER
/NERL 32, dropout WEN 0.5, ZiLBENLEREE TR
(SGD)211800 YIEALIIL T M2 tifk.
4.3.2 LIHER

i JLAE, ResNet-50 Fll SVDnet 7 8/ 4T A\ H
BUN B AR IR LEAE SR o AR SORE 4 1 1% FPRnet 55T
SYSU-MMO01 %i{JE % 5 One-stream . Two-stream .

Zero-padding. BCTR, BDTR. CmGAN, ResNet-50
DI SVDnet BERIHAT T LE#E, 403k 8 FIEl 4 P,
Hr, BCTR fil BDTR & dual-path kit ifiAs, HAk
715 WICHR (6] ASSCMROIARRE (AL 5 i) A s
HEE(NE 6 Frm)B X . 8% FPRnet 5
SRCNN 4545, REEFLIHOR, 1A BEIIHHEL,
Ak, ¥ reRanking 7 %Mz HE FPRnet |, fE4

SREERERY], ASOTET FIRHA T Ry
PSR PTHRRY FPR 753 rank-1 Fl rank-20 43515 T-BA5%
M 4% zero-padding J7 ¥k 17.24% Fl 18.75% . il H.
FPR+SRCNN A mAP /5T CmGAN J7¥% 4.32%, Jf-H.
FPR M TEWRSIGH B EA T RIESE R, WK 6,

TEFR 8 MG, Won T e RS T ARG N
AN BR R AT N DR U A 7 R o 3R
WERACAA SRS, K T CA 271 FPR W28 1R RE
FLRTEREAFERE FHAGRBISOR , AR SCHED B AE 0
PRI IR R IR, B0 S R R A A A
AR

KT Roydrest
Table 7 Super-resolution structure
Layer Input size Input channel Output size Output channel Structure
Preprocessing 128x128 3 256x256 1 Bicubic interpolation (2)
Conv1 256x256 1 256x256 64 9x9, stride=1
Conv2 256%256 64 256%x256 32 1x1
Conv3 256x256 32 512x512 1 5x%5, stride=1, PixelShuffle (2)

A8 J&£ SYSU-MMO1 %048 % Ext s 7 7 ik
Table 8 Comparison with state of the art on SYSU-MMO01

Methods rank-1 rank-10 rank-20 mAP
One-stream 12.04 49.68 66.74 13.67
Two-stream 11.65 47.99 65.50 12.85

Zero-padding 14.80 54.12 71.33 15.95
CmGAN 26.97 67.51 80.56 27.80
BCTR 16.12 54.90 71.47 19.15
BDTR 17.01 55.43 71.96 19.66
ResNet-50 19.36 59.89 73.47 23.85
SVDnet 21.75 58.57 73.02 25.61
FPRnet 29.28 68.43 81.01 31.43
FPRnet+SRCNN 30.02 69.08 81.19 32.12
FPRnet+reranking 30.99 67.91 79.76 31.17
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Fig. 4 Comparison with state of the art on SYSU-MMO01

% — : 20 —— CmGAN
30 — FPRnet
16
25 i ————
N e ] CmGAN 12
T 20 —— ResNET-50 @
€ 45 —— SVDnet S o
FPRnet
10 —— FPRnet+SRCNN 4
5 —— FPRnet+reRanking L
0 0
0 6 12 18 24 30 36 42 48 54 60 66 0 20 40 60 80
Epoch Epoch
B 5 WI%ME mAP £ b4 B 6 %M loss LAY
Fig. 5 The trend of mAP during training Fig. 6 The trend of loss during training

5 & SE 3k
%TX]LQI&I‘ 'ﬁ—fjuj‘ﬁl’é"l%lﬂﬁﬁéd‘%,u }\ETR%U ZIK [11 Xu M, Yu XS, Chen DY, et al. Pedestrian detection in complex

thermal infrared surveillance scene[J]. Journal of Image and

SCHEEH T IR AT B RAE 4 TIE B HLAL & 25 Graphics, 2018, 23(12): 1829-1837.
Mo B, xMZE Rl ) Z R R R TE RIERE WE, TR, BASE, 5. LEALEEHF TAARNL

e . N + B A £ B #3R, 2018, 23(12): 1829-1837.
j]%ﬂ%):' TE E/Jgiﬂﬂjéﬂflﬁ {nluj‘%fﬁ jj %}JDT =] [2] ZhenglL, ShenLY, Tian L, et al. Scalable person re-identification:

A ETRTE SUEFAEAVE AR DD i M —fag A, YR, a benchmark[C]//Proceedings of 2015 IEEE International
Conference on Computer Vision, Santiago, 2015: 1116-1124

+ /. 3 ¥ D k = .
é” H Téé)% AR B QE’Jﬁ[}%“E ’ uﬁ“Tg};g& [3] Dai Z Z, Chen M Q, Zhu S'Y, et al. Batch feature erasing for

ARSI BELEESPLE] . [, ASGBIATE person re-identification and beyond[Z]. arXiv:
“ 1811.07130[cs:CV], 2018.
é}%ii‘ SRCNN ﬁﬁ%k}iél&blg{%}ﬂ%*%*w/kaf [4] WuAC, Zhv[scnsg W]:":}, Yu H X, et al. RGB-infrared cross-modality
[Wéﬁﬂ[lé}&%ﬂ@?% FF j:iEl':H T%*%%&Yﬁ%ﬁ?m%@ﬁ, person re-identification[C)//Proceedings of 2017 IEEE
& §FIJ FH RGB-RGB. IR-IR. RGB-IR gﬁ*ﬁzulﬂﬁ/ﬂ ﬂﬁﬁ Izrgzgn_a?t;%l;al Conference on Computer Vision, Venice, 2017:
FARHAEIE TR, SEIRAE SYSU-MMOL #54E F3%: (5] Dai P Y, Ji R R, Wang H B, et al. Cross-modality person
ﬁE, /n%%‘:{% Fﬁ‘ﬁEE/ﬁ%ﬁMjﬂ?ﬂ.‘ﬁm% #ﬁfj& i re-identiﬁcation with generative‘ advers'arial training[C]//
) Proceedings of the 27th International Joint Conference on
¢ JTU https://github.com/KyreneLaura/FPRnet Artificial Intelligence, Stockholm, 2018: 677-683.

190669-10



Y THE  https://doi.org/10.12086/0ee.2020.190669

[6]

[7]

[8]

[9]

[10]

(1]

[12]

[13]

[14]

[18]

[16]

[17]

(18]

[19]

Ye M, Wang Z, Lan X Y, et al. Visible thermal person
re-identification via dual-constrained top-ranking[C]//
Proceedings of the Twenty-Seventh International Joint
Conference on Atrtificial Intelligence, Palo Alto, 2018:
1092-1099.

Gray D, Tao H. Viewpoint invariant pedestrian recognition with
an ensemble of localized features[C]//Proceedings of the 10th
European Conference on Computer Vision, Marseille, France,
2008: 262-275.

Wang X G, Doretto G, Sebastian T, et al. Shape and appearance
context modeling[C]//Proceedings of the 11th International
Conference on Computer Vision, Rio de Janeiro, 2007: 1-8.

Li W, Zhao R, Xiao T, et al. DeepRelD: deep filter pairing neural
network for person re-identification[C]//Proceedings of 2014
IEEE Conference on Computer Vision and Pattern Recognition,
Columbus, OH, 2014: 152—-159.

Huang Y, Xu J S, Wu Q, et al. Multi-pseudo regularized label for
generated data in person re-identification[J]. IEEE Transactions
on Image Processing, 2018, 28(3): 1391-1403.

Liu J W, Zha Z J, Tian Q, et al. Multi-scale triplet CNN for person
re-identification[C]/Proceedings of the 24th ACM International
Conference on Multimedia, Amsterdam, The Netherlands, 2016:
192-196.

Qian X L, Fu Y W, Jiang Y G, et al. Multi-scale deep learning
architectures for person re-identification[Cl//Proceedings of
2017 IEEE International Conference on Computer Vision,
Venice, 2017: 5399-5408.

Chen Y B, Zhu X T, Gong S G. Person re-identification by deep
learning multi-scale representations[C]//Proceedings of 2017
IEEE International Conference on Computer Vision Workshops,
Venice, 2017: 2590-2600.

Li X, Zheng W S, Wang X J, et al, Gong S. Multi-scale learning
for low-resolution person re-identification[C]/Proceedings of
2015 IEEE International Conference on Computer Vision,
Santiago, 2015: 3765-3773.

Wang Z, Hu R M, Yu Y, et al. Scale-adaptive low-resolution
person re-identification via learning a discriminating
surface[C)//Proceedings of the Twenty-Fifth International Joint
Conference on Atrtificial Intelligence, New York, 2016:
2669-2675.

Jing X Y, Zhu X K, Wu F, et al. Super-resolution person
re-identification with semi-coupled low-rank discriminant
dictionary learning[J]. IEEE Transactions on Image Processing,
2017, 26(3): 1363—-1378.

Zhang D Q, Li W J. Large-scale supervised multimodal hashing
with semantic correlation maximization[C]//Proceedings of the
Twenty-Eighth  AAAIl Conference on Artificial Intelligence,
Quebec City, 2014: 2177-2183.

ChenY C, Zhu X T, Zheng W S, et al. Person re-identification by
camera correlation aware feature augmentation[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2017, 40(2): 392—-408.

Zhu X F, Huang Z, Shen H T, et al. Linear cross-modal hashing

[20]

[21]

[22]

(23]

[24]

(23]

[26]

[27]

(28]

[29]

(30]

[31]

[32]

190669-11

for efficient multimedia search[C]//Proceedings of the 21st ACM
International Conference on Multimedia, Barcelona, 2013:
143-152.

Zhai D M, Chang H, Zhen Y, et al. Parametric local multimodal
hashing for cross-view similarity search[C]//Proceedings of the
Twenty-Third International Joint Conference on Artificial
Intelligence, Beijing, 2013: 2754-2760.

Srivastava N, Salakhutdinov R. Multimodal learning with deep
Boltzmann machines[J]. Journal of Machine Learning Research,
2014, 15(84): 2949-2980.

Nguyen D T, Hong H G, Kim K W, et al. Person recognition
system based on a combination of body images from visible light
and thermal cameras[J]. Sensors, 2017, 17(3): 605.

Sarfraz M S, Stiefelhagen R. Deep perceptual mapping for
cross-modal face recognition[J]. International Journal of
Computer Vision, 2017, 122(3): 426-438.

Xiao T, Li H S, Ouyang W L, et al. Learning deep feature
representations with domain guided dropout for person
re-identification[C]//Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition, Las Vegas, NV, 2016:
1249-1258.

Wang F Q, Zuo W M, Lin L, et al. Joint learning of single-image
and cross-image representations for person
re-identification[C]//Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition, Las Vegas, NV, 2016:
1288-1296.

Jiang X Y, Wu F, Li X, et al. Deep compositional cross-modal
learning to rank via local-global alignment[C]//Proceedings of the
23rd ACM International Conference on Multimedia, Brisbane,
2015: 69-78.

Mggelmose A, Bahnsen C, Moeslund T B, et al. Tri-modal
person re-identification with RGB, depth and thermal
features[C]//Proceedings of 2013 IEEE Conference on
Computer Vision and Pattern Recognition Workshops, Portland,
OR, 2013: 301-307.

Sun Y F, Zheng L, Deng W J, et al. SVDNet for pedestrian
retrieval[Cl//Proceedings of 2017 IEEE International Conference
on Computer Vision, Venice, 2017: 3800-3808.

Maas A L, Hannun AY, Ng A Y. Rectifier nonlinearities improve
neural network acoustic models[C)//Proceedings of 30th
International Conference on Machine Learning, Atlanta, Georgia,
2013: 18-23.

Glorot X, Bordes A, Bengio Y. Deep sparse rectifier neural
networks[Cl//Proceedings of the 14th International Conference
on Artificial Intelligence and Statistics, Fort Lauderdale, FL, 2011:
315-323.

Bottou L. Stochastic gradient descent tricks[M]//Montavon G, Orr
G B, Miiller K R. Neural Networks: Tricks of the Trade. Berlin,
Heidelberg: Springer, 2012: 421-436.

Dong C, Loy C C, He K M, et al. Image super-resolution using
deep convolutional networks[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2015, 38(2): 295-307.



Y THE  https://doi.org/10.12086/0ee.2020.190669

Feature pyramid random fusion network for
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The framework of feature pyramid random fusion network

Overview: Existing works in person re-identification only considers extracting invariant feature representations from
cross-view visible cameras, which ignores the imaging feature in infrared domain, such that there are few studies on
visible-infrared relevant modality. Besides, most works distinguish two-views by often computing the similarity in fea-
ture maps from one single convolutional layer, which causes a weak performance of learning features. To handle the
above problems, we design a feature pyramid random fusion network (FPRnet). Firstly, we introduce SRCNN of a su-
per-resolution reconstruction method to preprocess, and the purpose is to alleviate the interference of IR-images blur
and make feature learning more robust. Secondly, we take ResNet-50 pre-trained on ImageNet dataset as a baseline to
learn feature representations of images in RGB-domain and IR-domain. The re-identification based on the residual
network can only learn features with one resolution scale. However, tracking a specific person requires multi-directional
learning, including the pedestrian's overall properties, local attributes and important characteristics to reduce the oc-
currence of misjudgment. For this reason, referring to the thought of the feature pyramid network, the features of dif-
ferent convolution layers in ResNet-50 network are constructed into a pyramid structure. It can calculate the similarity
between multiple features at the same time, and abandons the approach of the original pyramid network using different
scales to adapt to pedestrian bounding box images. Instead, it embeds the spirit of the pyramid structure into the depth
residual network as a feature extraction module to extract the IR-RGB block. This learning method integrates the ad-
vantages of learning local and global feature, and represents the features with strong semantics and strong geometric
details. Then, the random fusion mechanism is used as the basis of the feature fusion module to complete the
end-to-end design of the double-branch, and the fusion block is obtained, which can avoid the problem of excessive
parameters in the pyramid model. Thirdly, after the tasks of feature extraction and feature fusion are completed, the
cross-modality prediction is carried out. It consists of a blue cross-domain, a pink RGB-domain, and a purple
IR-domain. It generates three types of classification loss, and then uses a hybrid loss function to reduce the gaps between
the intra-modality visual appearance and the inter-modality heterogeneity issue. The IR-RGB block and fusion block
use a minimax game to beat each other for learning the joint-modal classification loss. Finally, the original dataset is
utilized for FPRnet testing. Extensive experiments on the public SYSU-MMO01 dataset from aspects of mAP and conver-
gence speed, demonstrate the superiorities in our approach to the state-of-the-art methods. Furthermore, FPRnet also
achieves competitive results with 32.12% mAP recognition rate and much faster convergence. The source code of the
FPRnet can be available from https://github.com/KyreneLaura/FPRnet.
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