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Image fusion pedestrian detection based on stage feature fusion
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Abstract: There are problems such as feature imbalance and insufficient feature fusion in the visible and infrared image
fusion pedestrian detection algorithm. To address the above problems, we propose a multispectral pedestrian detection
network MIFNet with phased feature fusion, a dual-stream network that handles both visible and infrared inputs, an
intermodal information fusion module that changes the structure of the network to reduce the impact of feature
imbalance, and an extraction-injection structure that automatically learns how to extract multimodal global information
during the process of feature extraction and injects it into the visible and infrared features efficiently, which improves
the robustness of the network and feature fusion effect. The feature enhancement fusion module is designed and
embedded to enhance the unique information of the two modalities to further improve the feature fusion effect. The
experimental results show that the leakage rate of the algorithm is only 9. 74% ., which is 6% lower than that of the
baseline algorithm, effectively improving the detection performance of the algorithm.
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Fig. 1 Overall structure of the model
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Fig. 2 Intermodal information fusion module

N TS ERREAR B EAMOMEA F, F PR
BHE A S A A B AT 19 1X 1 B Fro, #1750
SRR SRS X Y F o Fo 2 R 5 BUAFAE Fao e
(channel=C_rgb) .F . i (channel =C_t) , X — #:1E 724
2% 19 3222 20 K 42 R A5 5 i i IR S 4 1Y 5 3 21 A
MAEOUBISRRE T . AR5 W Fuoa: 208 sigmoid BUE
BRUAE FH DA SR S AR AE F L 3850 5 1Y FL 5 060 1380 PR AL
BOE 1 F o s AHINAT 20 85 FRAE F,,,Ug/, JFo s JER 5
FHIE S 280 WO R B (5 B AT REG & R R ERE S

S MR A [l RS, R LA 3 B = A AR R
FoRn., e ZJG i RepBlock & 5 SimAM & N

Fl.,=F, +F,*sigmoid (F yu.) +06(F i)

F .., = SimAM (RepBlock (F’, ) 5

RS 1] 42 Ja 15 B4 B 45 4 Ja) 9 AiF 45 8 A T 38 43 1)

G AT LA R B 5 — B P A U B I EAS
RJFRRAE 55 0 T SE 30 s 30 15 BTl A, BB 15 T 47 1y I
Z7F BRI BT L SR T B A A RUR .

1.3 4% 1F 1% 38 Bt & 4% B ( feature enhancement fusion
module)

PR Fl G AT A ARG 090 % v i) 250 95 190 45 5 2 — TR
A UL OG5 £0 A0 PRI SRR ALE 15 B 09 R A [BIAE O i AL R
A3 B 1 A B 2 T B T T R AE R ST R AR, X
FEARCER SR T DL TIE A5 B 1) 4 AE B B T e S 1) R AE A
B AEL 3 (87 5 A AR I I R AR B AR 4 A Rl 5 P R, il
GBS AR T MBI E R M-S A ESFE R Z
ANE R A REAE A 32 b K BT AR S I 225 TR AE AR B OOE X
N7 1 A Bl AR T TP R AT 3G 5L 515 S S 0 A T ) £ R
A BB YRR B .

R R bR IR, B TR AR 1 B R AR R, R
& 7E T H A hn & A1 2 800 17 48 R 3 5 1T 0ok 5 204
REAE ] o i 25 SRR AE L 48 AR AR AL R OR .

QB 3 TR AR 3 o ml A 5 T S e BN T I
65 LT AME S AR BN 22, 25 80 00 R T 25 SRR AR Y
DB AT B SRIG X PIAS 22 5 R AT HE 4T 42 J5) °F- 35 Ak 5 1
B2 —1~1 19 Tanh S0 06 450K A0 31 R 25 R (5 Bl B
1) i, 22 J5 4 SIS 22 5 38 38 A ) 6 AT O £ 4
FEAE I E AT IAAL B X AR R AS B T R RIS 45 A ah
FEE R s 4 FRRAEAS B AT A0, 08 B TSRS
BRGEE . AAXTRRR.

+ 105 -



5 AT & v F o

T # K

F.. = Fres + Fros(Tanh (AvgPooling (Fres — F1))) +
F;+F; % (Tanh (AvgPooling (F — Fys))) (6)

RGB

CxHx W x-1

@' L out,

::_Pooling_@®@ - ¥

@:Tanh

CxHXW

Pl 3 RFAE G B A R

Fig. 3 Feature enhancement fusion module

A VEREIE AW BAE A 75 2 W 4625 > 1 28 IR
245 MUY ZRIG I 5748, O BB AE B % AT A 5 iR
RO SO D0 T SEBL T %) 28 S 4 AiE £ B A 18 5, foff 290 350
o 2 BT 431X 43 I 1) P 1P A6 285 418 3 1) 2 S R AL Sy A
Sk £ Bt T A RCR R AR AF B BE 05 A S8R T R0 4% /9 A6 TN
PEfE.

2 XRHERRSH

LI AR R RN AR A

A SC T 6 P A S 56 0 4R 2 Kaist 2003547 A K I £
P4 B 2 A T 0 T DL OL IR 2040 R B R AT
NASE I KB 5 K30 249 TC O i 199 2 B A5k SR 4R A i 3
AL TR AR X R R0 X 45 22 i B 5 52 1 3 5 /Y
FR 5 BB 0 RO RO IRl 3 55 2 Bl B2 AR IR BT T 19
FTNERR. AR Kaist i B G R LR X WER
T, A ST A9 2 T TR 27 Li 63 Uk A 19 Kaist %048
B USRS 3 sk I—3K, KA TN ER/NT 50 1

2.1

T N W™ R AT AR 4R & 20 TR — 3k, I
BAREA . 243 5) 7 601 XPUIZRAEIR A, 2 252 3R 4R
Bl R ASCRENLEE BN ZREE R 10 %, B 760 XF & A 1 S 3%
%

i B0OF- 2 I A6 R (log average miss-rate, LAMR)E N
—FhEENE ok & 1k I K R 5 4 B 5 1R K il 28 (miss rate
versus false positives per image, MR-FPPD) 1948 #r , & %
L350 MU ARG I 5 1 P BE L 148 B /IR SR A 25 1 e B
1 WU SO LAMR A5 O 28 &2 94 8 45 0F % B ik L 3
KBTI 3 Fhg AT IEAl
2.2 RBENREREE

A% SCAHF Pytorch HE 2285 SRR 3547 Y1 25k B 3 £
FH SGD fi k2% . sh B o 0. 937, ML 2808 R BN H N
0.000 5, T A7 fily A 9 PR B 14 48 2= 640 X 640 BEAT YN 2k
Batch-size % & 4 16, epoch & B N 110, 2¢ M KK B N
0.01, AR %R & O kA7 20, S50 fif i 47 1 58 4
1R,

x1 ITUHREREREE

Table 1 Experimental environment and configuration

GPU NVIDIA GeForce RTX A5000

Intel(R) Xeon(R) Platinum
CPU )
8350C CPU@2. 60 GHz

RIER G Ubuntu 20. 04. 4 LTS
Python Python 3.9.18

Pytorch 1.12. 1+cull6
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Table 2 Quantitative results of ablation experiments %
¥ 5 Baseline Backbone IIF FEF LAMRC(all) LAMR((day) LAMR (night)
1 N X X X 15.52 17. 44 12.28
2 N/ N X X 13.02 14. 33 10. 54
3 V N N, X 10. 69 12. 37 8.03
4 N / / N, 9.74 10. 91 7.7
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Table 3 Quantitative comparison results of Kaist dataset %
5 ¥k Bl LAMR alD LAMR (day) LAMR(night)
YOLOv8m RGB 34.01 36. 86 27. 31
YOLOv8m Thermal 47.75 55.68 31.02
Faster R-CNN-F'H RGB+T 47.00 — —
IAF-R-CNN RGB+T 16. 22 13. 94 18. 28
RFAM RGB+T 14. 61 16. 78 10. 21
IT-MN™ RGB+T 14. 19 14. 30 13.98
CIAN™ RGB+T 14.12 14. 77 11.13
CFT™ RGB+T 13. 54 16. 39 8.43
MSDS-R-CNN RGB+T 11. 34 10. 60 13.73
MSANet"" RGB+T 10. 87 13.26 6.25
FRFPD™" RGB+T 10. 79 —
FCE-R-CNN'"# RGB+T 10. 62 12. 31 6.92
AR-CNNM RGB+T 9.34 9. 94 8. 38
MIFNet(our) RGB+T 9. 74 10. 91 7.7
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Table 4 Quantitative comparison results of inference speed
ik & Runtime/ms

YOLOv8m TITAN X 16
Faster R-CNN-F MATLAB 2 730
IAF R-CNN TITAN X 210

CIAN 1080Ti 70
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AR-CNN 1080Ti 120
MSANet RTX3090 110
CFT TITAN X 100
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Fig. 4 Heat map of MIFNet
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