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Abstract In order to solve the problems of high missing detection rate of single-model images and low detection speed of
existing dual-model image fusion in pedestrian detection tasks under low visibility scenes, a lightweight pedestrian
detection network based on dual-model relevant image fusion is proposed. The network model is designed based on
YOLOv7-Tiny, and the backbone network is embedded with RAMFusion, which is used to extract and aggregate dual-
model image complementary features. The 1X1 convolution of feature extraction is replaced by coordinate convolution
with spatial awareness. Soft-NMS is introduced to improve the pedestrian omission in the cluster. The attention
mechanism module is embedded to improve the accuracy of model detection. The ablation experiments in public infrared
and visible pedestrian dataset LLVIP show that compared with other fusion methods, the missing detection rate of
pedestrians is reduced and the detection speed of the proposed method is significantly increased. Compared with YOLOv7-
Tiny, the detection accuracy of the improved model is increased by 2.4%, and the detection frames per second is up to
124 frame/s, which can meet the requirements of real-time pedestrian detection in low-visibility scenes.

Key words pedestrian detection; infrared and visible images; relevant fusion; lightweight network; attention mechanism;
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CBL: Conv+BN+LeakyReLU; MP: maximum pooling; SPP: spatial pyramid pooling; UP: upsampling; BN: batch normalize
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Fig. 1 YOLOv7-Tiny network structure
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Fig. 2 Structure diagram of RAM fusion network

0837104-3



FMRFAEAT BT RS, A5 20 B G B Rl & FR AR {5 B 38 i ik
2545 1 i Ak 3R 35 5 8 38 PFEZ (Concat) J5 #H47 2 IR B H
PO BRAE A BN RS 5 00 B R B %0 B R B AT R R
AEFE(RCS) , Hin t 08 XURRE 285 il G A5 A A DN 1) 8% 1)
B o £LAN5 0] WO EORME S i G I R AE b B
53,
I =al,+ pl,, (D

T Lo S RBRERAE s 1, g A B 204038 T FRAE 5 12K
[v] )RUJE i B A] DY 38 R AR s o B o ORI 1o

O IR AR AR S AT A 43 T P 5 SR SRR AR )2 il
G NERF y HRE ARSI E ., REEF yH
PR 7 T R G — 2 SQ R AR AE A B (4 3 AR XS 4 ok T
D P A5 3 (] 35 40 v OG0, 348 i A A T e 2 ) A e 1Y
BN RS AT, B A b OG22 S PR ALK Y A
B IAT KR . TR R R

£ 6155 8H/2024 F4 A/BAENRBEFEHE

I:':II#_min(}/s]-)'lj\Ms (2)
1
y=——— Avgpool (I} )+
maX(IAM)
1
ﬁ [I,LM*AVgPOOMI;/\M)}>O, (3)

AL g Tl A A E BB R S 1, R S R AR A 5y
kil A L FE A IR R B I R T 3 — AR S 1R E] Y
25 85 AvgPool (+) b 4 J& F ¥4 3t 1k (global average
pooling )44 ; H. W Ay i ANFHAIE Y g B T8 i
WU G 26 5 — YR S B 1 7 7 A5 e Ak 1 A 30 R
W3 BT R ok  RURE 3 i ACfE BL AT L Ot B &R
(VD) 2L AR (IR) T BT ¥ 4 B A5 31 5C 6 BAME
B (RM-msg) . RM-msg {56 &3 H bR A7 A FA47T AR
T 475 5 S0 BRARAE , 76 Rl A I A3 90 25 7 AS TR 1 567, 7
1 flA R (NEW ) AT A RRE A 2045 801 i 2 i dk , B
I8 T I Sk AT 55 0 T A %6
} .-ﬂ_ﬂ’/.-‘! g

RM-msg

P03 eI 2 A i b AR

Fig. 3 Processing effect of releted attention module
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Table 1 Ablation experimental results of different fusion methods

Fusion method APy, /% Weight /MB FPS /(frame+s ')
Wavelet"™ 83.7 / 139
DenseFuse'""’ 89.7 18.5 126
NestFuse'™” 92.1 24.3 98
RFN-nest'"”’ 95.2 33.8 53
Proposed method 94.9 16. 8 139
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Table 2 Ablation experimental results of different models

Method RAM  Coord-Conv ~ SGE  Soft-NMS Input AP, /%  Weight /MB FPS /(frame-s ')
YOLOv7-Tiny VI 48.1 12.3 169
YOLOv7-Tiny IR 76. 3 12.3 169
YOLOv7-Tiny NG VI-+IR 94.9 16.8 139

YOLOV7 N VI-+IR 96. 3 48.4 83
YOLOv7-X N VI-+IR 96. 8 82.0 41
Tiny-CoordConv NG NG VI-+IR 95. 2 16.8 139
Tiny-SGE N N, VI-+IR 95.8 16.9 135
Tiny-Soft-NMS N N, VI-+IR 96. 5 16.8 133
Improved model N N N N VI+IR 97.3 16.9 124
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