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WE: 4O/t EGERIK. aHETE, RFESERELERNEL, #RE—HET YOLOVT B
BENSE L B FFA N E % ITD-YOLO., &4, ITD-YOLO B =X ML &EH, MHETRIN
GERERANEEMEN AE, BAERMNEFEENNNARTE, REEZHENELEFERK
H, AR EEEHTEY. RLSRERMEBETNEERESKERTEN AR, REXEN
GRBPNATERAERATHNEANE, RESR/DEFHRMNMERE; 4K/5, & ELAN #HEFE A
PConv B #:HEMAEMR, #—FPHEREATHE. HX, FEAHKBHKFEEN PolyLoss LAk £
A, #H—FiEx BRI EE; &5, A SloU fE A HAEH K Bk, X B AT 2t
o ER R KA, ITB-YOLO 4% A S &K MH R, £ FLIR 5 OSU ## % £, #3 T YOLOVTs
W 45 BB AR & 2.27%5 7.29%. B 5 4 B B9 AR AR A 17.7MB, it 5 & T % 37.11%.
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Lightweight Infrared Target Detection Algorithm Based on YOLO v7

CHEN Yonglin'2, WANG Hengtao'?, ZHANG Shang'?

(1. Hubei Province Engineering Technology Research Center for Construction Quality Testing Equipments, China Three Gorges

University, Yichang 443002, China; 2. College of Computer and Information, China Three Gorges University, Yichang 443002, China)

Abstract: Aiming at the detection difficulties of infrared images such as low signal-to-noise ratio, poor
resolution, and much noise and clutter. We propose a lightweight infrared image target detection algorithm
ITD-YOLO based on YOLOV7. Firstly, the ITD-YOLO algorithm redesigns the network structure, and re-
adjusts the architecture of the feature extraction network and the feature fusion network. Crop out the large
receptive fields corresponding to the deep layers in the original network, and adjust the model preset anchor
frames based on the output of the reconstructed network feature map. The relationship between deep and
shallow features in multi-scale feature fusion is changed to increase the weight of the detail information
extracted by the shallow network in the fusion to improve the detection performance of smaller targets; then,
PConv is introduced into the ELAN module to replace the conventional convolution to further reduce the
model computation. Next, the model loss function is adjusted to PolyLoss to accelerate the model
convergence and further enhance the detection performance for targets; finally, SIoU is used as the edge loss

function to enhance the localisation accuracy for targets. The experimental results show that ITB-YOLO

can effectively improve the detection effect, and the mean average accuracy is increased by 2.27% and 7.29%

compared with YOLOv7s on FLIR and OSU datasets, respectively. The volume of the model obtained after

the improvement is only 17.7 MB, and the computation volume decreases by 37.11%. Comparing with the
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mainstream algorithms, ITD-YOLO has been improved to a certain extent in all the indexes, and can meet

the real-time infrared target detection task.

Key words: target detection, model lightweight, YOLOv7, PConv, PolyLoss, SloU
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ELAN (efficient layer aggregation network), T %
R BEAL R IR AR AU, A5 W 2% B 20t 2 ) 5K
S R T BT ER IR FE A R A TR R — LR Y
By N T8 FEE A SO P T8 o 82 P P P B A R0 T SR B
ff) ELAN BLEREE NI 1 Frors.

ELAN-W 5 ELAN WANF sl AE 58 55 70 3cike
i & AN BOR R . ELAN-W Z58 4118 2 Fis.

CBS

= i@
®- 008

Bl 1 ELAN W% 458
Fig.1 ELAN network structure

CBS

= L B
--emmee

K2 ELAN-W W% 454
Fig.2 ELAN-W network structure

T YOLOVT M4 JZ240H 415 2 HSHEE X,
FESEBR B A ar e 2 A, s i R T A 1R R HR
B8] o RSN R 28 1 5 R 20 AR A ) H bradt A7 RS U
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target detector, ZLAH ARl %)

BRI H b/ ELRFAEAS BH 2 (04 R, I 26 2
HEHIHEE X FEEA RN K. /£ YOLOVT
BRI 4 250 ot S04k, K YOLOvVT 2845
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R = AL, HBRTT AR . ARG 32 A
g4t SloU il PolyLoss =Nk Mgk AT Rl & .
e, B I 2 R AR SR A RE 77, TR T REAE SR N 45
W22 R F S PR, SRR AR WX 4% 3R AT R Ak B
s EPOTE TN I)E TG, MR RHIERL A
REEN . BIBRTUAR I Neck JZHEEL . ST 1A [B] 545
JeekE, fEH SloU Al FAE Bl AT 25 H A AR AN
ST R, I D 2 PR SO L A AR B RS B
I Ja, M8 PolyLoss H T-IIZR% % Hbrtu 2%, &
S A SO AN ER s ok, AR @ 1 H ArAsr il
MORETREE . il 3 A7 ITD-YOLO 4% 2244 .

Backbone Neck

Prediction

—
HI—»-

K3 ITD-YOLO &4 444 &
Fig.3 ITD-YOLO system architecture
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2 ITD-YOLO Z2#3

2.1 MEEHREIRIT

T Z0AN EUR B T, R Y H bR i B A AR
AR REROH] . R R S D4R AL, ITD-YOLO #
Bt JFEAR . YOLOVT ] 3 AN R SEIL A [H]
RN H FR AT R, B R AE RSS20 300 0 20
pixel X20pixel. 40pixel X 40pixel. 80 pixel X 80pixel.
Hr 80 pixelx80pixel A T-Hull/INH A%, 20 pixel X 20
pixel F TR HVR. ABMRIELRTE, 215k
TR RS HFRE 20 pixel X 20pixel U fi
e

SEBRAS I R o, ZEAM R o R ORI 2 TE R
HRABE, AR H ARG 5 b B b # 7. A
K72 YOLOVT JRIM g5ty rh it R R B, AR
RFIEAS B 5 00 BAS BB WS , 2 Bl R 802
T ST 5 I R S R o i T I T DA R 2 0]
P46 FRIVR JEE, 3 e ik J2 A B mim s ) B4 UL RO ARFAE
BCE, DL ok /s BRI 8 H A5 Al 8 7). 1TD-
YOLO X FFHHEFEE M 4% CSPDarkNet HE47 H A4,
MHIER 20 pixel X 20pixel J~F IRFAE Kl i %42, B
CSPDarkNet Z5 #4413 1 B,

5 {4 CSPDarkNet £5 #3440 F -

OB K B AR R, 52 0 45 S B L A 4079
FRER EAG BRI, BIAAG BRRRE ARG ]

RS AR AT % B R U1 B B DR T %, sk 17 A2
RUGRAL, HEPRIF[A] T B, BEAYRRIETE .

M5 M XS H B AN E YOLOVT JR AR )
25.91%, HH 13371808 F& 4 3464608,

# 1 HEHI CSPDarkNet 4544
Table | Reconfiguration of the CSPDarkNet structure

Module  Parameters Channel Ke'rnel Output
size

CBS 928 32 (3,3) 640x640
CBS 18560 64 (3,3) 320%320
CBS 36992 64 (3,3) 320%320
CBS 73984 128 (3,3) 160x160
ELAN-P 108800 256 80x%80
MP-1 213760 256 8080
ELAN-P 432640 512 80x80
MP-1 853504 512 40x40
ELAN-P 1725440 1024 40%x40

ITD-YOLO % H 451 K /N FE N 40 pixel X 40
pixel 5 80 pixel X 80 pixelo XIS HFAEFHEHL M 4% 11
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t
SPPCSPC — Cat - ELAN-W Conv—
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Fig.4 Feature fusion network structure
2.2 SHIESHEMRL
FERN Gh 2 7, R B B K BN E S 2 5
MNEIELE T HERE) BPR (Best Possible Recall) 32J/)
T 0.98, LI A5 5250 B F B s L A VLRC .
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Table 2 Table of anchor box assignments

Feature map 40x40 80x80
Receptive field Medium Small
FLIR (15,16) (23,61)
(14,31) (54,44)
(30,26) (102,86)
OSU (30,40) (33,44)
(36,47) (37,50)
(39.,52) (42,55)

23 EHER

9T B PR A X 4%, Y 22 OB AR T R
DVE IS EE (FLOPs) b {H3zhrs b, Fhizs
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Partial Convolution), {8/ 04 V151477 R KA
R AE D EO LA N IEE N e s, 1
HRJUNMBEEA M. HHER SN o HE]
HIgs I 5 fros .

(a) HHHH

(a) Convolution

(b) HIR/Gr MR
(b) Depthwise/Group convolution

(c) HoEMH
(c) Partial convolution
K5 =R RSt L

Fig.5 Comparison of 3 types of convolution structure
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£ CBS l
ELAN-P =— PConv — PConv— Cat — CBS
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K16 ELAN-P M4 45H
Fig.6 Structure of the ELAN-P network
2.4 PolyLoss
YOLOv7 JF B f§ ] BCE loss fE R4 K EEE
1383




Fa6E 121 AR E S N Vol.46  No.12
2024 12 H Infrared Technology Dec. 2024
RERUK B, (LBAE 7 T 0 E SRR, ISl 0= (1-en) @

18, BRI ZRROR AT Bk 5o AT 7000 W A 7026
PR bR B (BB 5 SCAR R AN A ) - — 25

IR ETRIE . SRR T Y o (1-B)

K Z WA aeR”, 2 HsIhRB i 7%
o AN Z R —Py B2 K R e I
U SEBr N P RT3 . =1/ I, ﬁf—mﬁz%%
MRIAZ g5 %, BB K P2 80 2 Tl R 25 #5C
SRR RANGE AR KRy PolyLoss PIIRHG . 1E
SR JSEFH T B AN R A 55 R ECE £ 50 R B 22 T
iﬁ%éﬁaj FLREIL B0 58 SO 5 R AN B i 45 2K R 2

VAN
Lpoly a1(1 P,)—I—az(l—Pt)z—F'"

>, (-R) (1

HH PolyLoss HEZTHHTH1L AL, X2 i
FREHAT IR, (HRN 2 KR BRI S, AR S
HERAS— 5 el J7 i B UL A SUR 1 5% A 1 2
HEZWARY, KRTEIAL. IR ARXEKTN
Poly-N, it N AR R BE M AT 3 R B AR
Poly-N A UWIF:

Lpoly.N: (6‘1 ‘|‘ 1)(1 _Pt)‘l‘ +(6‘N+ I/N)(l _Pt)N+

an(1 =P+ =

I+ D)A—PY 4= —logP)+ Y " ¢, (1-P)

2)

2SO AZ SIS 5 % AR B — A 22 TR B oA
BN, 732K EL Poly-1. FELREFILT, HI-F2 W
ZUAE IR TR 52 SRR P, IX R W] 1 55—
Z I (1—=P) SHJAHLIRZ B LA R E.

AL GIN PolyLoss, fnig " BRWSL, (EHAY
52 M I PRHE HL v (i A REAS , R THS IS 15 5 14
[] 2.
2.5 SlIoU

AR 453 2K R HOLE 58 SO R 25 18 5 3 SIEAE 5
DAEZ TBI 7 17, SToURHF| N FLSEAE 5 TN AE /Y 17
T EAVERVEN TR AR . SToU 45 2% bR 40 H ff1 B2 L BE S

FEARFN ToU PYAN J7 T 4 i o
SIoU 2k BR i -
LSIoU 1 LIOU A -;Q (3)

e Loy AR AR TRNAE 5 3 SEAE 1Y
PRESIR s QR E TR IR .

FEARAG I H B BF J5E B v B AN 240 R 5
I S H A IR ARIR B RIERE L
1384

HREEIM LR, BB E Lo HPIHE
AL BRI, BE B BURAESRI A LI o 2 A
Hh AL B R I T 4500, BE R 5K TR Rk
Ko

4= (1-em) )

boxfjt —box, ? box® —box, ’
D=——|,D,=|—— (6)
c, ¢,

2.6 ARGEHEAIFR
ITD-YOLO SHyEiit ik 1 fos, WM&t
TR B G REN SIoU. PolyLoss #E47E 248 5t F 1Y
ZLANEME B ARRT I Al AU g R D AR R .
H
AT TCAE: HdRAERA
WZRIKEL: epoch
While (#ER! AR IS or T<<epoch)
(DBackbone %%
f#if CBS. MP-1. ELAN-P {552 I EUGRFAE :

x, = MP -1(CBS)
x, =ELAN-P(x,)

SRS HBE

(@Neck 4%

23t RS T RASCE R R,
HATHIER S, RRHIERLS

THE RS FFE

iT Concat

x3=Concat(x,)
@M=
f§iH PolyLoss >k s Ak 8k . /8 H SloU #2 =
B HE 5 AL RE B L

SIoU #4i 2k: PR 34 :
A+ 0
Ly =1-Lyy T
TR Fh A

x4="PolyLoss(SIoU(x3))

End While

Bt s BN SRUSC SR X 2 AR S A
2.7 ITD-YOLO %5#3

ITD-YOLO FykgstniE 7 Frow, S 0o6A
bt, 2040 EMBRFEAS AN B sk, D s 30 B s ) 2
R, HEFEHE YOLOVT HIMZE &k 3k T2k
AP . IR N 28 5y S EEURRHIE R B R RiE 2, i
AT AMENG AR By 1R 5T, R JE 1) X 45 B RS2 I B



F465 F124
2024 12 H

Vol.46 No.12

Rk B2 BT YOLO v7 FI4 S 404 H Anka i &k Dec. 2024

RURFE o TR 5 B3 Bt i — 0 RRALE H2 B ) 7P A
MP-1 5 ELAN, HJ5 HRHIE L& 0 25 1l 2 =51
o B FEALA [ 20 pixel X 20pixel. 40 pixel X 40 pixel
Fi1 80 pixel X 80 pixel [ = B Hir th 45984 40 pixel X
40 pixel 5 80 pixel X 80 pixel ] — N J& . [AlF K ELAN
BB IE RO 3 1H MAER B 48 PCony, it —
IR SRR SRS IR R R 2

40*40%1024

40*40%512
SPPCSPC

* 40*40%512

80*80*512 80*80*128 40*40*256

]

T 80*80*256

$ 80*80*256

40*40*128
UPSample

80*80*128

80*80*256

B R [ A, BRI TR S S R RS B KR R
ik HAAFBIER CBS BRI K/
R HERH T oA @S, R TR B
fE. KRG T RAE, ELAN-P AR SCfidt b,
MP-1 AT T R [RI N A AR 2 P 5o o500k 1) X 5 45
F, 3 R THRT DRGSR AR R4S 21 45
Uik o

40*40*256

40*40*255
40*40*512

T 40*40*256

160*160*128
320%320*64

E 320*320*64

* 640*640*32

.iI 640*640*3

80%80*128

80*80*255

Kl 7 ITD-YOLO H k&t
Fig.7 Detail of the ITD-YOLO algorithm structure

3 SLEREERSR

3.1 ZHEIEE

RIS IE O FVEAE BRI T 2040 B AR A
BRI A AR AN R R BN 0 20 4k B HoihE 4=
FLIR 5 OSU #4751

FLIR #SAG B2 FLIR A w8 I AniE
M—AN E 3 2 3R A SUG EE £E, T R G
A M 2% (CNND 1) B AR R 48 G 25
FE 759 b ) B G T LA S SRR, o Ay
10 000 Z FKVERIEIR, R 640 pixel X512
pixel. 7 5uiiae RSB, BTN IREMBEATE
=RER.

OSU MG H RS AE R, BEWKRA,
8% B R Z AN SRR A NATRETE , S 284 5K
Bl A, 984 Abrictik, ~FigfgkE 3~4 N, B

1% R~} 2N 360 pixel X 240 pixel .
3.2 iFMERR

NS EASCR R Bt 5% 1TD-YOLO H1k
AE. SCOGKHFHIKSE (average precision, AP). H
B2 (recall, R). VK5 E¥I{H (mean average
precision, mAP). B ZHF (parameters). &A1&
1 (model volume) FiF fi it & (FLOPs) AP
CIELE

0 s WL ASE e ) >R 1) E A A2 B S H A )
Eefgl, TP 2 P IR B IEAEAS, FP & A5 2 Ft il
BRSO FERRERWT:

TP
T @

T [ 28 g B SR A rh g B 28 Tt T A 1) B A

FN A5 R0 52 PR TEAE AR o 4 [l 2R Rk X

1385



Haet H12M) a4 BAR Vol.46  No.12
2024 12 H Infrared Technology Dec. 2024
R TP ® I{E FLIR 5 OSU ##i 4k BT, LL YOLOv7 Jyd&

TP +FN HESRE, SCIR Al PP SR I L A R P IRS E 1E

SRR P AR AT X T 0X 2 H A ARG 00 v A S
HHELL P-R B 2R SR RS, PR E
pra /(1

AP = J.;p( r) dr 9)

TEIRE EEBHME R B A S K1 1) AP {H, £ %
93] F ARG v T VR R B2 o - RS FE A
RIEA T

mAP = liAP;

i=1

(10)

3.3 HRRSCIO
RYIRIE 3% T S A Sz B S R A 5 T RS

BRI R S 4 BRI R B AT fabr. M
RlSEIG S5 R ink 3 Bis .

o3 SEG U6 AIE AT 75 HY A58 - RN 2% S AL RN Bk Ak
PR D) 4 o T A BARAR, SR S B A E LR E T
P& . BEAILE SN PolyLoss Ji&i , K illAs B B & & -
BALLE SN SToU A [R5 K s KU, A [F1 515 3
— RS, Gt siedt— B UESE, PolyLoss Fl SloU
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Table 3  Ablation experiments

FLIR

OSU

Reconstruction Volume
Algorithm PolyLoss SloU P R mAP P R mAP Parameters GFLOPs
+PConv /MB
(%) (%) %) %) %) (%)

YOLOV7s 86.10 84.12 89.97 89.49 91.01 8822 713 37207344 105.1
A N 86.54 8530 90.39 91.46 9145 92.03 17.7 9152256  66.10
B v 8733 8589 90.94 9252 9235 9275 713 37207344 105.1
C v 86.62 84.68 90.52 91.43 92.06 91.82 713 37207344 105.1
D Y N 86.69 8529 90.74 94.65 90.53 9355 17.7 9152256  66.10
E v v 8721 8636 91.23 9541 9127 9428 713 37207344 105.1
ITD- N v v 8815 8694 92.02 9633 93.17 94.65 177 9152256  66.10
YOLO

3.4 XtEEsLIE

X EEIEFEH YOLOVS KA &4 E R
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W EFMZE ) CSP B E B Neck 2, JFBAE
FHl SPPF 5165 ¥ A 1Y) SPP 4544, HMER S HAE
AR BOE R 5 PIAE fE & AT E) YOLOV6 B Xk 5l
A RepVGG #5tt, ETM 28 HH# A EfficientRep, 7E
Neck JZ#2HH Rep-PAN, f# ] RepBlock ##t)5i CSP-
Block, FEH R iH#EM. YOLOvT HE v4 FF & H1BA
KA, GINTHEMEMESN, EHZIERE S ETT
%o YOLOVS8 7t v5 Eal FAF B RS B4 E 1
C2f FER B 34wl LA 1 C3, B B H bR A 1) A
R ELLHT Anchor free SRME AN Task Aligned Assigner
FR) IEAAREAS UL E 7 V25

95 UE A T AE S B v FH PR AR A 2501, xof Bl Sk
IfE FLIR 5 OSU ##utk bikdT, XHHARASET
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FERA YOLO R H ARG H L S5 DL 3RS
R AR AR FNHEBL I A PR P bR« X EL 25 3R L3R 4.
# 5. 7E FLIR $(# 4 Eociofih: Sk RIE RT3
o 0K B2 $51ME 2 92.02%, 7EXT b B2 fe A - £ OSU
BPi e bG35k S T A A RS B 38BN
94.65%, AXFHLEEF RN . WBLELAF &, 1TD-
YOLO ¥4 17.7 MB, #LtF YOLOv6s. YOLOV7s
A YOLOvV8s HAEARR 3 AL T 54.3% 75.2%-
21.3%. MHEFNIE BF, SulBiAE YOLOvTs 2
il ERF% T 15.8%. YOLOVS £ FLIR #(#54E [ mAP
A 66.67%, T AR HE COCO Hudh k17 &1t
= %/ B AR RORTINRE 77, 24 Th0 ARSI K B £ Ak
Bt 4 H B AR B LN X . 45 B RTR, 1TD-
YOLO TE& RSt A — e 8 . s m
e K AR R S A 2 A A vy 20kt 51 3 A A %
FARKF& .
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# 4 FLIR R 45050 L YOLOV7s SAAETHE/IN HAREH SR AT 0L T
Table 4 Comparison of algorithms for the FLIR dataset TeRe N 7, T Ty 1 BE WS AE SO ANIE M B B An
Algorithm Volume mAP Inference time & T% TR E R *ﬁ{lj\'ﬂ PEaE. HI TS H 25
/(MB) (%) /ms ITD-YOLO LK Ih%t YOLOVT #EAT T idk, #w
YOLOv5s 13.7 66.67 5.8 TR AE T R MERE A I (R AR B RE 7, 1R A6 2 5 R A
YOLOv6s 38.7 86.25 10.9 FHRAFH] T o
YOLOV7s 71.3 89.97 133 ®5 OSU Bl SEHZN
YOLOVS8s 22.5 88.74 5.7 Table 5 Comparison of algorithms for OSU datasets
ITD-YOLO 17.7 92.02 11.2 Algorithm Volume mAP Inference time
35 SHMRSH /(MB) /%) fms
HEE: ITD-YOLO SiAME H LI AT i A2 i ik YOLOvSs 13.7 92.61 5.8
TRCH, 2 5EH FLIR £S5 OSU HiidksH YOLOV6s 387 90.84 10.9
AN B R BEAT R I . e 2 A N R & 8 s, YOLOV7s 71.3 88.22 133
9w "5 (a)~(d)N FLIR HHEEE R, %5 @)~ h)N YOLOV8s 22.5 93.12 5.7
OSU Hdia sk Jr . /5108 YOLOVT Hikta4s R, ITD-YOLO 17.7 94.65 11.2

£ %8 ITD-YOLO fadilgh 5. Ml H, JHg

S

(a) YOLOV7s i /)y F A (A8 900 25 SR (b) ITD-YOLO /I H b i 250
(a) Effect of YOLOV7s in detecting small targets  (b) Effect of ITD-YOLO in detecting small targets

(c) YOLOV7s fE& 215 5t T BRI RUR (d) ITD-YOLO {E& %1 5t T AR AR
(c) YOLOV7s detection effect in complex backgrounds  (d) ITD-YOLO detection effect in complex backgrounds

person 0.83

T
(e) YOLOV7s 7ERLIA] T Hfer P R (f) ITD-YOLO £ R [&] T A I 2 R
(e) YOLOV7s detection effect at night (f) Detection effect of ITD-YOLO at night

1387



a6t F12M
2024 12 H

a hh B R
Infrared Technology

Vol.46 No.12
Dec. 2024
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person 0.44

(2) YOLOV7s 7E A K [k i 25
(g) YOLOV7s detection effect in daytime

(h) ITD-YOLO 7E F1 K [ I 20

(h) Detection effect of ITD-YOLO in daytime

K8 Rl CR T

Fig.8 Comparison of detection results

BE XL A E BRI P2 Hh TN R A, A S
e —MET YOLOVT HISuE 5 L. ARE LRI
Bz EAL E bR, B I HEAREE R 6B R
IR, [RIHAR B M4 = 1 7E£L 4G B A I ()
i T o AN BR00% T M Sl X B TR, A ol 1) SR A2 B o
R, WINKEMTRAEMRIHZR . HIK, 5IN—FH
RIBH, HE— et Bk, FIK, {1 PolyLoss %
Wi A BEES KPR R &, IATEREER
PR K s L SToU. NISUF T EMA B, sS4
EATFHESE FLIR 5 OSU E5%E k. 4R ER, K
SR T 2 K FE P E AR A iR AR B AT
YOLOVT7s #&TF 2.27%5 7.29%. #HITRiAE I, 1
FLIR ##E4 L, YOLOvSs. YOLOv6s A1 YOLOVSs
I HBRETE 38.02%. 6.69%F1 3.70%. TE OSU %i#i4E
b BRI 2.20%. 4.19%F1 1.64%. D%
BERMARULN 17.7MB, THHE&E % 37.11%. F i,

ITD-YOLO EA RIUFIERE, B AL XS L0 H AR = 5T

A
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