a6 541 a s R Vol.46
2024 5E 4 H Infrared Technology Apr.

No.4
2024

ET BiEMIENNFINLLINS AT TS E G B Fri

RANZE, HAIFE, KU, BEEZ, RHRX, REF
CHRIITT Ik BRI 647 B2 7B A 71, DU Be#R 610000)

THE: st LB T EEAENTE, FREFIBAELEERRMNELES, #ET
— PR T A E N ER A ALE B E AR N k. Z TR E R R E T 0B A AR A0 E SRR AE 4R B
&M, RRRBLASFTNAERBEME. ZK, ARPEANERSESER, RiITT BEREZAMN
Fl, BB 77 XA B A LA fo o] RAFE, RIESFER S BAWERERES TH. &5,
2 REBFGRN, FEENEZRANFES L RESECRRI a6 Eire At miHRE, R4
REAZH, BILREA, TRAZHERTREAERLMNE XS ERTREZ LT R T LI
B ARR A Fr AL, %EE%%E%ER%@M¢,%ﬁ&&%%ﬁ%%%ﬁ%%@%%%,Tuﬁﬂ
HBILE A R E AR NES,

XEER: NS LE; BN FEFS; BEMER AL

hESES: TP391.41 XEkFRERE: A MEHRS: 1001-8891(2024)04-0443-09

Object Detection in Visible Light and Infrared Images Based on Adaptive Attention
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Abstract: To address the shortcomings of infrared and visible light object detection methods, a detection
method based on an adaptive attention mechanism that combines deep learning technology with multi-source
object detection is proposed. First, a dual-source feature extraction structure is constructed based on deep
separable convolution to extract the features of infrared and visible objects. Second, an adaptive attention
mechanism is designed to fully complement the multimodal information of the object, and the infrared and
visible features are weighted and fused using a data-driven method to ensure the full fusion of features and
reduce noise interference. Finally, for multiscale object detection, the adaptive attention mechanism is
combined with multiscale parameters to extract and fuse the global and local features of the object to improve
the scale invariance. Experiments show that the proposed method can accurately and efficiently achieve target
recognition and localization in complex scenarios compared to similar object detection algorithms. Moreover,
in actual substation equipment detection, this method also demonstrates higher generalization and robustness,
which can effectively assist robots in completing object detection tasks.
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Fig.1 Overall framework of infrared-visible light object detection
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Table 1 Feature extraction branch
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J7 %, Mg i A AL A- AT W B ARSI AR R R Init DWconv 3x3, 3 1 256x224
TESEH N 2% Max pooling 2x2, 3
HH T 5 NI LA WG R, B R e SR HL Bloa | D Weonv3:3,32 | sl
WX 28K R RROCE Bt 254, Wil 2(a)ffs, Hdr, X o Residual
BRVEASERIINZR 1 s . 245/ ATIA AL AER  Ginit) oy | DWeonv 333,64 , cnse
R A BAEE (block) HEIBEHES AL, HIRAILEE: "% Residual
W 2(b)Fra, KADSKR 2 19 3X3 G, 3X Bloaky | DWeonv3:3,128 \ N
3 PRBE AT BRI DU 2 X 2 S AL, DAIFAT Ak *7 " Residual
FRA7 N Z A A BEFE I N BUGRFIE o 25 = 2L oy DWeonv 333,256 \ x4
N — N ocC X
SR AT Be ik T H bR A UG 2 2 R I IR B PR N Residual
BYUESE, HIBDMEE T, 1 block & RUBHAE AEE Blocks D Weonv 33,512 ) -
N 3 N o3 EEEN N SN ocC X
TEFREN A OB ER 4, R EDIRE A 4> BB G, Residual
SEAIE R TR ZE RSB H b EE R BRI S
‘ Infrared ‘ ‘ Visible ‘ A LeakyReLU
Conv3x3 DWConv Max
‘ Ijit ‘ ‘ Ijit ‘ stride 2 stride 2 pooling
LeakyReLU
v v
‘ Block 1 ‘ ‘ Block 1 ‘
I I
‘ Block i ‘ ‘ Block i ‘
Conv1x1 LeakyReLLU
i AMM 1 7 FaCony
L sde 2|
(a) P SKFFEFZHL (b) VIdH AR (b) Block &I

(a) Dual source feature extraction

1.3 AAM $3{Ep&

X T 2 IR T UL AR 55, HORRRAE T

(b) Initialization module
B2 RRESREUSIE

Fig.2 Feature extraction modules

(b) Block convolution module

7 AR, SRR LE ) 0 7 2 B L

WEIANTEZ LG L.

Plt, NIRTHRFALRL & (AT

fE R RE, TR &2 H AT sy W& 75 (2
— W, A R IE R 508 5 R IR AR . R ARSI

Rk, ASCHE T IS R R AL R L R
(AR B 6 AL e SR S PEYNATL K AW R BB &
445



a6 541 a s R Vol.46  No.4
2024 5E 4 H Infrared Technology Apr. 2024

TERAAUE, BHRTEE B T0, maEnE 3 fis.
ZEPRERF LR R, 4 HIERE T block
2~block 5 MIRHERATRELE, B i=23.4,5.

Channel Attention ﬂ

[

Infrared
Block i / v
Visible — Spatial Attention
Block i
Channel Attention

K3 AAM FHfERLA
Fig.3 AAM feature fusion
G 4R LA block BEH b AR o N, Seiliid
& 0 — ARG A ZE A AT AT R R 5,
HIH B E R = HLE P SR E AT R S . 1T
R =AY 1N b b = b sl T R hE s = WA Y B P i
TEVE R0 L0 AN RIRT L' ) A AN R T8 E BEAT H
NIRRT H AR 20 i A AR I R,
TR PR o 23 VE R R B v
JIRE 5T REIEIE , 0 A [F) 2 (87 B E )RR
BEAT BERINAL, $RTT H AR T AR EAE, T
MRQ)FTR .

n:Mc@{i} 0

y=0"y! @

o x VAT OB ¢ MEERFE; x NN ¢ A
IEIBYRFIE; o AR WG c BIERE; B NAHL ci@iE
By ALLANIRT WG ¢ BIEE R At yh
NIBIEE R IEA G G B RRHE; 07 NEFIER
GHBLEMNE; yd RS AERE . Fr, SAE
Wi ac, B, 07€[0,1], Hoctp=1, T RZE
AT S SHE, W) DGR,

O ok oL _L, (3)
Y
oL oL
ox, .

S A (s )
ol N

oL _oL . oL _aL )

da, oy, B, oy
Ko L RIGREE OJ i S T LU
SR I W 0 I, SCRRE A TR A
BN RTMER, F25Ma: K2, dAMEER

446

Blo FH, M2 EERIIHO7 N 0K, AL BN
. HILRI W, HMZIIZRmt, dmidiR 2 & s %
38 N A B FRAE S EL, R LA 5 i R 7
14 ZRE®N
FEAESREUSEIN 7 B ARRRAE iR 2R 3R EL, R AE
AT T AR RS R, T ASE R EE B AR
K, T ELEA ARG R . W L2 R
R 45 A4) 2 B I TR AIE 4 7 3 1 7 sRIPIE R 2 R
JEFRHE IR JZ R AR, H SCRR[22]8F 70 R BIAS 1R RS
() H AR S TR AR R, #5B AR EERTER
REAEJZ RS HAl 2 AR E RS, T 2 T iz N
HERIORI . R, SAZMAARZ REFAE 2 (8 A0 BT
PUIaI R, S SCAE [ 38 N 7 AL S A S N\
fE, HIHNHT BirZ RERNSMH, LA 3%
(77 B R H AR, R 45 Kt B 4 s o

AAM

AAM

3o1paad

:
bl

B4 AAM £ RER
Fig4 AAM multiscale detection

2 A5 K LLLLAMRITA] WOGRE & J5 BRAEE 5N
M ANE] block fil & fa IR R 4EREANR], 7525 ¥
FoAth 2 HORFAE EoRFE R SRAE 2 TR AR 4RSS, A
F EE SRR LB T RAEINAL, B 5, AR
RE J5 K 2 ROEREREAT Rl Asr U8 43 27525 FE Y
LRIE 5 IG R YOLOU LI BEKS Ml 45 & AR %
KRAEINH| 5% (non-maximum suppression, NMS) SZH{
B2 BERER A 22 ROBERMIE 3 ST I
A E A W =(6) (7 FTR:

Vmal B A O ()
vy, ™)
s x27 FIR block 5 flE RIS ¢ MMEIERFER |

JRYERE; oy x) RFIE)Z X AL EE, B block 5 Rl

JERFESG I ¢ AMEIERUE ; 548 3 AN S 5 A 2
V! TN R ¢ BB S HALE ¢ 1838 FE R RA
OF N 1 JZFAEEIG, S BEAE; yf R 1 2 R EIER
HIE )M B FE: yid N1 ZE o @B =)
W, FE, %S3EGELa, B 1, &67€[0,1], H
o+ Bty o =1, R, YNGR R R 22 & g
HEEMN AR SE, @) 9)FR:



Fa6H 4
20244 A

Vol.46 No.4

AARABESE : I T B & NE B WL R0 80 5 m] O B H Arterl Apr. 2024

oL ., 0L L oL
i = l‘/ ij ° ij = ij yl/ (8)
W, A, 060 0y

oL dy. oL ox* oyl oL
o’ ox oy, ox ox ' oyl
o oyl oL oxI7? oyl oL

5 553 A~ 3 5 552 A2 ©
ox’ ox 7 oy’ ox, ox”" oy,
s OL 4 OL ; OL

c
, OL
=a —+a, —+a —+a. —

oyl oyl oyl oy

ﬁ*:%%%%ﬁbmmsﬁéﬁﬁ%@,me34

FEFAL. HERAXRATUEY, Ha 0K, blocks
JZ ¢ WIERHEYE 2 0E, AR A ZIEIE RAEAE SRR
FEHVR. BAT W, il EEN A, B 1, ol B
B, T DASEEL 4% kR H bR N R EERFIE .

2 EWSLERDR

SR P S5 R BT AT PE AT S A, ASTR AN
[ 11 E PR UK 5 G & 2 A3 55 T 8o 4R AT 52
Ko NI RZEB ML, SEIRAH tensorflow
IREE 7 SINESEAE R T he M 2%, IR0 (88 240 DL A AH
KAMEAG S SCHR[14-1STRAT R B, W3 2 R,
K2 MG S K
Table 2 Network training hyperparameter and strategy

Parameter Value
Batch_Size 4

Base Lr 0.01
Momentum 0.95

Weight Decay 0.0005
Learning step
Optimization Adam

Loss function Cross Entropy
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Table 3  Single source network test comparison

Accuracy/(%)
Network FPS
mAP mAPs mAPm mAP;
YOLOM! 67 70.6  49.8 73.8 81.1
MobileNet!!3] 107  69.7  48.7 72.2 79.5
Ours 121 693  48.1 71.9 79.3

i 3 FTLAE H, A RIEEEAAR B AR I R0 2515
R, TPt R AR SR B A A R AT RE SR T T W 4% 3%
R, SR SRR R T femr, (B4 ATk G
KT B, ALK B . NFEE HARRHEE
B BINT BRI S5, X XU X 2 45 7 (1) R AIE
HAME, ACHRIXFEE T A w] WG S A A
[E A S5 R R X S 4% . R B, Ry dkeda HoAth R R 5
Wi, AU o AR R A & - 24 . SER 25 R ink 4
S Fs.

X4 SUEHFAE R A MR L

Table 4 Comparison of dual source feature fusion

Accuracy/(%)
Network FPS
mAP mAPs mAPn mAP

Infrared branch 120  62.1 43.8 65.9 72.8
Visible branch 121  69.3 48.1 71.9 79.3
SE fusion 89 71.2 51.5 74.7 82.4
CBAM fusion 87 72.0 52.4 75.2 83.1
AAM fusion 86 72.6 53.8 75.9 83.6
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447



a6 541 a s R Vol.46  No.4
2024 5E 4 H Infrared Technology Apr. 2024

(EIE SR RFAE PR R I L 5N T AR B MR, el 5 58
R T IR IRBAT N TTHTHE AAM LR & 7 5
DA 3 PR 7 AT DASE i B iR 2505 ST,
OREE H AR BOR « 9t — B3R T i B & B )

() JH (b) TR (c) LLAMeM
(a) Original image (b) Visible light detection (c) Infrared detection

ML UEAR 7, SELGRIARAL T block 3 i RFIELEANH

G TR ISR T LN, R TR R

ist, W 6 Fion.

(d) SE detection

(e) CBAM #:illl
(e) CBAM detection

(f) AAM &3]
(f) AAM detection

(d) SE A&l

(SRR SRV S Rl EZE S

Fig.5 Comparison of single source and dual source network detection results
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Fig.6 Block 3 feature fusion results comparison
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Table 5 Multiscale structure comparison

Accuracy /(%)
Network FPS

mAP mAPs mAPnm mAP

Pyramid
) 86 72.6  53.8 75.9 83.6

multiscale

AAM
84 73.5 54.9 76.4 84.0

multiscale

5 E A A SERAIE T A A AT,
TFHAS B AR 48 AT AT IR, SEIGH BT IR A S
[F) 2R A 2T AR T WL B ARAS I 7 347 5 b, 45 S
* 6 fis.

(a) block2 filt & 2 (b) block3 @i &2 (c) block4 |2
(a) Block2 fusion layer (b) Block3 fusion layer (c) Block4 layer

K7 2 R

(d) block5 A E  (e) &FEEZRE (D AAM ZRE
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Fig.7 Comparison of multiscale fusion results
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Table 6 Test comparison of similar methods
Accuracy /(%)

Network FPS
mAP mAPs mAPn mAP

Reference [6] 105 674 483 70.5 77.8
Reference [10] 79 713  51.0 73.6 81.2
Reference [24] 73 729 533 76.1 83.9
Ours 84 73.5 549 76.4 84.0
ik — B B AIE T T VA R B A v, SR I A
KAIST 47 AN B S dE 47010 . w2808 4 32 209 B RN
WA F 550 R 204 ml OB G, L% person.
people il cyclist =FE Hbr. BT HHREKIE TELLM
MM, H. cyclist 2851 HARBERFIA, #szin AN
i tH 2 7000 7K HE S REARHEIR, JHk cyclist 38

(a) "TIOEE (b) 45ME
(a) Visible light image (b) Infrared image

(c) CHRI6]
(c) Reference [6]

(d) Reference [10]

AERFE N person FEH, H—ALEUGIR I N 512X 448
J&, A 7:3 LR @I SRR SR AT S0, SeaeAh
1% 7 Fizn . FideJ7i57E RGBT210 F1 KAIST ##i 48
R H AR ISR I 8 BT .
® 7 KAIST HHflE SN0 L
Table 7 Test comparison of KAIST dataset
Accuracy /(%)

mAP mAPs mAPm mAP
Reference [6] 107  72.8 503 77.6 85.3
Reference [10] 80 775 531 81.2 88.1
Reference [24] 74 78.6 547 73.1 89.9
Ours 8 790 559 73.4 90.3

Network FPS

(e) 3CHR[24]
(e) Reference [24]

(H AL
(f)Ours

(d) SCHR[10]

8 ZLAR-RT WG AGII R R AT B (R =HF: RGBT210; JE#fE: KAIST)
Fig.8 Comparison of infrared-visible network detection effects(The first three rows: RGBT210; The last two rows: KAIST)
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Table 8 Comparison of inspection and test of substation

equipment
Accuracy /(%)
Network FPS
mAP mAPs mAPn mAP
Reference [6] 26 842 643 86.7 92.1

Reference [10] 18 86.3  66.5 88.2 95.3
Reference [24] 15 88.0  68.2 90.1 96.7
Ours 20 885 69.1 90.3 97.0
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