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Research and application of object detection algorithm
based on bimodal feature enhancement
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Abstract: In order to improve the accuracy and practicability of object detection algorithm in complex environments,
an object detection method based on bimodal feature enhancement is proposed by combining multi-source information
and deep learning technology. This method takes infrared and visible images as input and traditional image processing
methods are used such as color space conversion,edge extraction,and histogram equalization to enrich image informa-
tion and achieve data enhancement effects. In the feature extraction part,the convolutional neural network structure is
used to extract the infrared and visible light information of the object respectively,and a hybrid attention mechanism is
designed to enhance the effective feature weight from the channel and spatial position respectively. At the same time,
an adaptive cross fusion structure is introduced to enhance the feature diversity for the object bimodal information. Fi-
nally, the global and local features of the object are fully fused by alternating up and down sampling,and the relevant
features of the object are extracted in an autonomous way to achieve detection. The experimental results on standard
datasets and the actual real scene datasets show that the proposed method effectively fuses and enhances the multi-mo-

dal features of the object,improves the object detection effect,and can be better applied to the power grid scene to as-
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sist the robot to complete object equipment detection.

Keywords : bimodal ; feature enhancement ;object detection ; mixed attention ;adaptive fusion;multiscale detection
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Fig. 1 Bimodal object detection network framework
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Tab. 1 Feature extraction branch base structure
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Source

RGB,3

1

448 x 448

Visible Processing

HSV,3
Canny, 1
Gray, 1

448 x 448

Infrared Processing

HE,1
MF, 1

448 x 448

Down-sampling

Conv 3 x3,8
DWconv 3 x3,8
Max pooling 2 x2,8
Avg pooling 2 x2,8

224 x224

Block 1

DWeconv 3 x3,24
H-Swish
Residual

Hybrid Attention

112 x 112

Block 2

DWeconv 3 x3,40
H-Swish
Residual

Hybrid Attention

56 x56

Block 3

DWeconv 3 x3,80
H-Swish
Residual

Hybrid Attention

28 x28

Block 4

DWeconv 3 x3,112
H-Swish
Residual

Hybrid Attention

14 x 14

Block 5

DWconv 3 x3,160
H-Swish
Residual

Hybrid Attention

7 x7
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Fig. 2 Feature extraction sub modules
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Fig. 3 Mixed attention mechanism
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Fig. 4 Multiscale detection structure
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Tab. 2 Experimental environment and

hyperparameter setting
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HEALBE A/ 4
) GRS 0. 001
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2 ) R StepLR
it SR 0.9
AU ZEI R EL 0. 005
1o 25 fE A SR s Adam
FIFRZEH 2 i Cross Entropy Loss
EEIN VAR PR Clou Loss

XF T T4 BRI 0 2465 14 1R BE VP AL R AT (1
kG B2 (mAP) Fl A3 R0 A0 3 R Wik (FPS ) KAl
HRAXNA10) ~ (1) s [RImF, S iPAlA R
R BERIPENRCR, 7303 LA mAP, .mAP,, .mAP, &
PR KN FRRORLINRE BE o Ferb, Rrb s AR & 23
% SCHk 16 ] B8, L H bR bR TEAE PR 3 B0 32
F196° Syt F5 4 H A

mAP = Y AP /N,

= ( zpn/Nimage,c)/NClass (10)
Nimage
FPS = Nimage/ 2 Ti ( 11 )
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Tab. 3 Proportion of each target in the dataset

Hr di /% H bz di bt/ %
person 25 umbrella 9
bicycle 13 dog 10

car 20 motocycle 11

kite 8 toy 4

SEI T S0 R ST A Al ) 25 2R AT Ik
1, Al 19 45 B A A Ol AL R A B BCAS AL T
B KIS FPN R s A 254 . il T
ZL A0 ST AN R] LG 32 % B AR X B i U ] Lol
SCEEHEAT T, IR IS R S H AT ER AR
G FARRL N ) 46 HEAT T X L, X RS R 3k 4
NS

&4 A P 2 A
Tab. 4 Comparison of basic network of

visible light branch

WG B/ %
% 2% FPS
mAP mAP, mAP,, mAP,
Shuffle
Netva 18] 39 71.0 49.8 71.6 78.9
etv’
Mobile
Nety3[1? 34 72. 1 51.0 72.9 80. 1
etv3[19]
Efficient
Netya [ 141 32 71.6 50.7 72.5 79.4
etv2- '
Ghost
Net!20] 35 72.7 51.6 73.2 80. 6
e
BaseNet 46 68.3 45.6 69.3 76.4
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Tab. 5 Test comparison of image enhancement module

origin HSV Gray Canny MF HE FPS mloU
v / / / / / 46 68.3

vV v / / / / 46 68.5

. v v 2 / / / 45 68.7
et v v v vV / / 44 69.0
vV v v vV v / 44 69. 1

Vv v v v v vV 43 69. 1

v / / / / / 46 64.0

VvV / / vV / / 44 64. 1

AR

vV / / 2 vV / 44 64.3

vV / / vV vV v 43 64.5

MRAEZE S 0T IR AN [ A B 40 B 5 32 X4 Ak
AT LG 52 % A 00 KS 8 1) 2 W) s 45 AN A ) (20 4h
FIG R IK BE B, DGk it 4T HSV Al Gray A3 o
o R IO R, HSV B¢ 25 ] % 46 | Canny 11
Geie WU S Gray K B2 3 A0 T 325 82 T 85K i xk
LLANER, BT AL YRR U S T A I S T
HORBAE . Dt — 22 4R TH R $ G 7 oG i
ML DTk, Bt TR AT B, A I B A
AR UL, S50 HE T ] WO ST 2%, )t T
ANTRIRE T8 T LA X A 00 1 RE A 20, 25 R 3k 6
JItrs o Herp IR G T T AR R AR 8 T8 AR AR 7S (8]

VT I AL R[] P 2% i G 04 )7 B R AL, {EA
WA RFE R R ER R 2R E Bl TRR, B4 %
T I T Z TR MR IR & 1 I HL
il A Z 7 500 42 Ry 0 B A, ) — 45 RS
AR R TIRG L (Y[Rl B o AR B T 0%, A
A B A M A (R A R X LD A A ] WSt
FFHIEAY IR , SEER AT L 1A RIS A A AR AN [R) 1
IR FIZEYEREAE ML, 45 R ANSR T PR o

k7 WEFEEFEE NS

Tab.7 Comparison of channel and spatial attention

i b [ m | mm | =m ] ¥ mAP
% / 43 64.8
k6 EEAMEA W LLHNS I / v 42 65.3
Tab. 6 Comparison of attention mechanism v v a1 65.4
- s MR L/ % vV / 43 70. 8
mAP | mAP, | mAP, mAP, Al 05 37 1 / v 42 70.2
A OGS B 44 69.0 | 46.1 | 69.9 71.2 Vi v/ 41 70.9
SE {EET) 43 69.3 | 46.5 | 70.3 77.9

CBAM {1 39 70. 4 47.9 71.1 78.5

AR a1 | 709 | 485 | 7.6 | 79.0
H EZnl WL, SE 58 AL AL BT X 8 JE AL
WCTERLR EARXS iRy, (EURG B2 B2 TH AR X 480 ; CBAM

AL E A TR A TE T AT AR i R AR AT L
RFAL , 23 (A3 B3R A T 0 0 U R 1 09 SR 2 Ay
MEA5 R o PRI, S PRAIE R 28 B AR SIOR  TELL AN S
DGE T 28 T80 B BT AL, 1m0 52
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Tab. 8 Comparison of bimodal feature fusion

s s WS /%

mAP | mAP, | mAP, | mAP,

LAY B ) 65.3 | 42.8 | 64.6 73. 1

Al RS 43 70.8 | 48.4 | 71.0 78.7

ML 23 73.5 | 52.6 | 74.1 81.4

PrERS 23 74.1 | 53.8 | 74.9 82.7

F S R A 23 74.9 | 54.7 | 75.3 83.8
(@) ATOEE (b) LT4ME] W;q

(d) LA (©) A2

-

(f) JhERt & (g) HIEN
El'5  Block3 JZHFAERM S AT HRALXS H

Fig. 5 Visual comparison of feature fusion of Block3 layer
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FIATEZ MM o X T 22 RUZE A I 2544 1) S ik
LB 7> 5 H AT E R 2 RE T FPNASFF DK
PANet 17 T XFEE, SEERA5 RN 9 Frox. [RlmF,

PE— PR BT 4 22 RUBE S5 4 A 800, H fuse3 )2
Xt o7 46 B 114 22 JOBE Rk PR A7l ALAE /R, A 6
Bi7s
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Tab. 9 Multiscale structure comparison

DK 1/ %
] 2% FPS
mAP mAP, mAP,, mAP,
FPN 23 74.9 54.7 75.3 83.8
ASFF 21 76.2 55.9 76.7 84.8
PANet 22 75.9 55.2 76.3 84.4
AL 20 76.7 56.5 77.3 85.4

(a) fuse2 (b) fuse3 (c) fuse4
(d) fuse5 (e) FPN (f) ASFF
(2) PANet (hy A3

&6 £ RIERAERLS AT AAX]
Fig. 6 Visual comparison of multi-scale feature fusion
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Tab. 10 Comparison of network tests of the same type

WK B/ %6
S FPS
mAP | mAP, | mAP, | mAP,
k(6] 22 73.7 | 52.7 | 75.6 82.5
SCk[7] 16 76.1 | 55.8 | 77.3 84.6
R[S ] 14 74.3 | 53.4 | 76.9 83.8
&3 20 76.7 | 56.5 | 77.3 85.4

@S] ki
B 7[RI 2 A R %t H
Fig. 7 Comparison of network detection effects of the same type
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Tab. 11 Test comparison of actual

power grid equipment

MRS L/ %
R £ FPS

23
17
14
21
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Fig. 8 Object detection effect of power grid equipment
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