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Abstract: To address the problems of low detection accuracy and severe missed detections of small targets for hydraulic support
protection plates caused by the complex underground environments of coal mines, an improved YOLOv8n detection algorithm
(CMH-YOLO) was proposed. In the CMH-YOLO algorithm, a SPDConv space-to-depth convolution module was first
introduced into the shallow network to encode spatial information into the channel dimension, thereby preserving the detailed
features of small targets. Subsequently, a lightweight C2f_MSA multi-scale attention module was designed, which integrated
the long-range dependency modeling of large-kernel separable attention with the adaptive feature selection of efficient channel
attention. This enabled the shallow network to simultaneously capture protection plate features at various distances and scales.
To tackle the blurred surface features and partial occlusion of protection plates caused by the highly dusty underground
environment, a C2{_DRFE dust-robust feature enhancement module was constructed. This module expanded the receptive field

through multi-scale dilated convolutions to acquire information from surrounding unconcluded regions, and worked in tandem
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with deformable convolutions to adaptively avoid dense dust areas. Meanwhile, a BiFPN bidirectional feature pyramid network
was introduced to replace the traditional PAN-FPN, which further improved the detection performance of the model. Finally,
the Inner-IoU loss function was adopted, utilizing an auxiliary bounding box mechanism to enhance bounding box regression
accuracy. Experimental validation was conducted on a coal mine hydraulic support dataset containing 20 045 annotated images.
The results show that the mAP @0.5, mAP @0.5:0.95, precision, and recall of CMH-YOLO reach 97.9% ., 81.4%, 93.8%
and 94.5% , respectively. Compared with the baseline model YOLOv8n, these metrics are improved by 1.7, 1.8, 2.7, 1.6
percentage points, respectively, successfully maintaining the lightweight nature of the model while enhancing detection
accuracy. The proposed algorithm effectively resolves issues such as small target recognition, multi-scale adaptation, and dust
interference in extreme environments. It provides a reliable real-time monitoring solution for the safety monitoring of coal mine
hydraulic supports, which holds significant engineering value for preventing roof accidents and ensuring miner safety.

Key words: Coal mine safety, Hydraulic support. Protection plate detection, Improved YOLOv8n, Multi-scale attention, Dust-

robust feature

0 5%

W S AR AR S B 25 R AR T DG B S B ik
2 FLB OCIR A 4 OC R B TR S 4 o A AR
N R R AN v R TR U E 7 87 NN R VA e i
SRR SV AT IR E S AT
JnbR s e Ak & R e 5 DL ) B R S it 38 Ao
BLAS L5 H R 58 B e SC AR B 97 AR 28 19 L 3l A
DU, B8 B R B A R b 4 1 B B 4

H AT, I 0 B A ke I A A L4 B
Frdr U A5 A3 F % BURR 4 Y 4% (Convolutional
Neural Networks, CNN) 1) H b5 &6 90 5900, 55
F 5T 5 I TA% Ge UG AL 3 7 3%, an 3% T3 SRk D 7
SCHRZEASAR N Ty vk T AR AR DG IC A4 B 47 Al ke 2 A
Rk, XTI ARSI T A — B ROR A X E
HRZB I T AR e 2

Wl 5 TR BE 2 2] HOR I 26, 2 35 T 1R b 45 A1
P ) 28 0 T 25k AR T H bR Al v, 2246 1
ZEIL) Faster R-CNN B filf, #9 £ 7 — Fh 42 7 38
SERIET AT AR . 2RI AT AT 4R
T et SSD AT PRH 43 8 O s, AR ] O B 4
FRARRR 35 TR 1IE 2 B 45 v 1) 35 38 46 R, A3 R AIR
TR R RFDB BBl A SSD A6 7 , 1
SR TR R AR SR AR 07 . AT AN YOLOVS
GRS S MR L i Sl N (SUNIAES &5 ivalll < &
Py AR T — B Bk () CenterNet 83k, A X 4§
WA A2 i S ) AT E R RN . B e Y T
YOLOvS 8 b 5| A JFA7 28 1 4 PR JR B 5 10
BB T —Fh it YOLOvS BEAY, 52 3%
5 AR L AL R BB RS MEAS I, 5 K o A
T—FETF M YOLOVS BMER T 6 Az i 4

W H AR R B A (YOLOvS-CBD), i it fill &
CSPConv 8t . BiFPN W% .Dynamic Head £ il 3k
Fl Focaler-ToU i 2% AL, fE OG22 M AR BE T
SEIRT R RORE HEARS I, AR G B A A B S
W B ARSI AE5E 32 2 AR v A N BRI SRR IR
) B S 0 G 00 A s B X6 YR S AR B AP AR S A
BT BE 27 S DT E T A B 2, X—FEs i
T S HR 7 AP BRS04 B R 2B AR OG L O R O IR
SN S M AR P R B A AR 3R TR R
T 5 BORAE S IR ME 5 A T A ) A AL BRI
132 B L H B A A (AR ) A

B X AT U T S Z8 7 4 BRI Y AR R K
BT —Fh 3 F it YOLOvSn B CMH-YOLO #
I

1 YOLOvS # #

YOLOvS8 £ 4 YOLO £ 1 () 2% 4% WA . 78 4k
K YOLOvVS L7565 etk iy il b, 3 3 fE fb 424 1 11
WERTFTRIMAERE, YOLOvS 4244t 5 Ff A [ L
R AR 0 25 4K . YOLOv8n, YOLOv8s, YOLOv8m,
YOLOvS! Hl YOLOvV8x, 1] i &t 4% 1 2 38 2 21 =5 kG
JERIN ZREAL T oK . B T AR & e
PR PR 5 S MR R B SRR /M YOLOvSn fE
SRy LRSI DA BTURS INDRG 3 5 4 L

YOLOvS8n 1 M £ B¢ 4 40 &l 1 BF /s, H
Backbone ‘B T W £ %t 2 T CSP (Cross Stage
PartiaD B3 BEA K YOLOvS iy C3 45k T 9%
y Cof #ie, Cof B IGIP Y T YOLOVT th iy
ELAN (Efficient Layer Aggregation Network) &
REL 3 g O AR A B 25 T RN 4y S AR AR AR I 4
BRERFERS THEEEMBERGEES . 5T



234 g LB R S5 A

2026,46(7)

25 K g MK 4R R . SPPF (Spatial Pyramid Pooling
FasOMH, @t B EE 3 4> 5 X5 B K ik )= 58 WL

By 3
Z ROEERE S LS PFE
P ~ P e e S R B ~ pmm—————— =
! Y N '
| g 2 :
! 1
! p ! ' 1
- ) + Detect| !
C 1 T
, 1 )
[ I 1 1
5 o | i
I
: [ i |
| | | :
: Cc2f v B : : :
1 ! 1
) 1 . 1 1
: 1 ot ) |
! 1 ) .- 1
! 1 i 1
c2f 1
= : | :
! 1 1 1
| ¥ i :
: 1 ! Concat 'y !
: o2f :: - : : :
[ ' - 1
] 1 1
S 7 sz U ’
““Backbone=?  S=====-- Neck ======= M-= Head =

1 YOLOv8n M 4424
Fig.1 Network architecture of YOLOv8n

FH X 285 35 43 % ] PAN-FPN (Path Aggregation
Network-Feature Pyramid Network) ¥ [a] 5 1F il &
SERGUONSE A T R R A R 1 R P AR AR
T4 il A TR 2 o UM BRI 2 AT RRAE . A DU Sk 35

oy K A F8 3k (Decoupled Head) i1, ¥ 40 25 #1 [l
VAT 55 70 18 30 0 S7 04 20 S b Ak B 5l 5 03 26 - E A
WK 545 0 A SR w0 Ak 1 B RE AR 43 IE , 32 T A Y
FIRY A, U A 2

2 P# YOLOvS8n # Al

SR DT R 2R PR TR B A A A2 X L o A A
DU B4 1] 81, 7E Y OLOvSn A5 KL A [ b 47 DL R ek
FE VR JZ W 45 TR 5 ATE /N H bR ARSI 5541 43 5 25 A U
) SPDConv i, B it w ik C2f MSA £ R
R I Rl A R AT 4 B ) (LSKA) 5 &
HGEE R I (ECA) , DL 58 1% JZ B 28 X AS [/] RO
B 7R A 1 R AR SR HCRE 1. A #E C2f_DRFE
A PR AE B R AR B 5l e 22 RO 2 R 6 B IR AN
[Fi) JB% 32 BT B R AE S O R AT A8 JE A5 Bk I 2 JHE Y
DX, 7E R 2 W4 b A7 s il Ry 4 T . BIA
BiFPN BLJa] R AF 4 7 3 M 2% %5 {8 1% 48 PAN-FPN
S5 38 A ACREAE @A R B T8 R L E R ) XY
{5 B h LB L RO RRAE B SR . e o i
Inner-IoU(TloU) 451 2 R U 0 % 5 11 45 2k R B, 7R AR
RISHR AR LT A R TR DS B, 2k
(9 YOLOv8n B.7E (CMH-YOLO) 454 tn &l 2 Fw .

P’ | c2f MsaA =| Input |—- Split BottleneckMSA

: i

1

1 1 BottleneckMSA Concat —-l Output, I

| 1

| 1

1 1

: | C2ADRFE =| mput Split BottleneckDRFE

' i

1

1 : BottleneckDRFE Concat —il Output I

1

1 1

| I D e A L b e e - P e ~

I ! 7% Sa ‘ '

1 : ’ C2f MSA x ﬁ—=||' Detect 1

1 I I} % I ]

] 1 ] ‘I 1 1
i

: ] L :

1 : : BiFPN : i 1

1 v I 1

1 1 1 . 1 1 1
y 1 -BIFPN 1 1 I

: 1 : : 1 1

1 1 Upsample | 1

: - :
1 1 1 1 1

: 1 1 ! 1 1

' : l L | j

: 1 1 ! i 1

] I I ! i 1

I 1 ] ] 1 1

] 1 1 ! I 1

! C2f DRFE | : 1 » :

| 1 : : [ |

1 ! i 1

1 1

N\
~= Backbone =<

\ 4
s Head. =

B2 CMH-YOLO k&
Fig.2 Architecture of the CMH-YOLO algorithm



¥, H AT YOLOvSn 6977 i JE £ R W o Akl Sk [J .7 wAF 2 5 FF & .2026,46(7). 235

2.1 SPDConv % €)X B ERER

FE IR R S 2R B 4 RS AT 55 v, T A (]
BeAE AR ARk L e 0r A2 B L B P AR DAAS [R] RUBE i
ARG . G2 RS B 4 Al S A A5 DX B R 3
T 1 B A A AE AR 3= B R N B bR 45 A
Wk TERE . i TESEERT REERED T2
/N B AR FRAE T E G TR S N 4 A U & a0 BE
SEAH T RRAE O SCHE T M IR)Z G 1 RS 3
JZ)5] A SPDConv (Space-to-Depth Convolution) f&
Bt DRGSR AR /N H AR 9 K B8 ) . SPDConv
P B AN & 3 B

SPDConv i 2 2% [] S| R FE 1) 7 48 5 W, % 25 [
Y BE 1 A S 2 ) 3] 300 3 4 B L 7 R AR RRAE B Ay R
TRl OR B B 2 B A0 A5 R . BRI 6 T A
FRIEE X € ROV (R RoR LB, C H W 435
FERFRAE B R L B R BE D L i ek R A R
s X s B F I, SR 5 B 45 P i HE 20 0 4E R AR
X ERIHIIVE g R R X R R AR AR T
TORAE R A (R B R A AE A o8 B
PRAFAEY BB 4E B, SPDConv BEHURH s =
2 &, SPDConv 5 5 2211 C2f_ MSA #HUE W
THZB B REIHLE . SPDConv 25 8] {5 B, 4 i 3
PR B T 4 . C2f_ MSA iy ECA JE3 S #L
il BB &% 1 35 10 b 36 455 fe L) 1) D 38 G L T LSKA
D)7 R B 0 8 0T o S (AL AR 1 R A7 4 R AR i i AT
X — 4 A AR AR 82 2 I 2% LA 5 ORI R AIE 2 R
FIEFEBE

HHER X B2 R B iR E R MR

3 SPDConv #3454
Fig.3 Architecture of SPDConv module

2.2 C2f MSA s REFENEHR
TEME IE T P8 W s SR B 4 ARG 0 T
B MR PR I T O B EAS), B i Ak
S 5 SOVREAE ME LU AR 5 0 20 B 55 A0 45 7 40 A 3R 1
FEOEROR , ARG T ARG IRG B2 5 AN [ 457 2 By 47 Al B 2 2
SR /NRUBE B b AT R T 2 R R AR A

it FilA LSKA KA AT 73 25 13 75 J1 i ECA 5 4L
T T S HL L 1R R 4% 0 37 5 T B B b
i 1) $2 B 1
2.2.1  KEW4rEHEE T LSKA

KA AT 43 83 B 1 47 3R FH LSKA R A% 4 55
B U AR R AR s 45 B TR B R A B B BURIE B
FIBUH S AL BECR B = R0, I R AL T 58 YRR AIE £
L fig

LSKA #k&EM A 4 B, LSKA il i # 1%
B (0 K A% Loy it ol SBK 9 K S a1 1D B R
KR REART 8RR E  F B 5 ) K T IRZ ., i
SR UGE 3 K 1X (2d — D FIFEH (2d —1) X 1 Y
WEE T (d Ry 23 1 %) 43 54 4R By 37 A 10 48 ) 520
RGN 1) S5 A REAE s SR 5 R KSF 1 X (K /d) Fl 3
H(K/d) X1 142 i U 4 BUE— 25 i Kk 2 18
(K R LSKA iy K% BB RSP L DL 2
P AR SE R W B AR G e AL 1 X1 B
UL A 4 A7 ) A9 25 [R) 4R AF , I 52 BH 85 38 58 5 B &8
H ;& 58t 5 R G 4 AF 9 % O 2 A 3 (Hadamard
RO Az A (8] 3 ) ACEE [, 3 0 b 1 58 B 3 Al
DX 350 1 AR A T 17 o[]S 3 2 o RAS 35 46 7 5 Mg
P, XFPT RS SBE REN OK ) R
OCK)(OCH)F/REESEE = E NI . ff
PR R A — UM 278 By 3 B 1Y) 4 R 45 A8
Ak JR 6 B, UGS T 3 55t v B 4 AR AR
FER 5 I3 T S S 2% 1R R D 75 oK 78 R IE S i
P 4 [ 5 P A 000 A 3 R e

(1-P2) *1
SRR
X (1-P2)
A ol = HY
(PBL) *1
S ol 1 = H
1% (PO)

Bl 4 LSKA#HRE#H
Fig.4 Architecture of LSKA module

2.2.2 ECA WRGEIE RS

ECAM 5@ {3 1o Y 38 38 1 £ L 1 i de T 4
A B I PR AN [ 5 iE 36 3 5T A 2 25 AN 5 19 ) R
FORZ 0 S 1 3 4 JR3 1 147 3t A R HBUE A 3 3 19 SIS
B BRJE AR B A 3 /N B 1D A AR R A 40 i E
1) B A 5 O 25, A i S AR DA 0 e 4 9 AT Ak
FRAEE B (AN 2 8038 , M M 7S Gl G, ECA 45
RN E 5 FioR, GAP A2 R Pk, o &R



236 F kB RLE A

2026,46(7)

Sigmoid BOTE SR X 2R 2 5 A B AL
1) 3 AR AT T

k= Q)

log,c+1
e
Aok RGP KN e NEIEE Y 4 A
T U TS E B e MR B 520 TR

TR S 50, i T IR SRRy 28 400, S sk
i JE AT RE A MR A T Dy — S G A AR T B A
M 4 Ja I RN 30 2% 55 Y OGS R AR . ECA RS A
Sl I 98 A0 B AT 95 0 0 1k Y R A e G T3 A Y
SRTESCHERRE A RE o TR 52 4% 00 25 3R B8 T 4EF¢
g A P BE

((mmRmz D #READ |

Ix1xC

Bl 5 ECA g
Fig.5 Architecture of ECA module

2.3 C2f _DRFE #} 4 & E 18 58 5

FEIE T B 2 PR AR VR S 4 B AR A i A
BT IR P . A A UKL AN A 23 3 14 7 4 A 2% 1 AR
TIE B TECE RS TR 7 A B R0, T BRI X
TR GRGRI . Ik, 78 YOLOVSn £ T M 451 C2f
zE¥ 5| A DRFE(Dust-Robust Feature Extractor) f&
el ok n AR 5 BV 22 RO 25318 46 AR By 6] 4R
B F R TR Ry AR BB R ARSI RE ) .
2.3.1 ZRIEZETER

SIS B B A SR d X — S5l
() A RS ) o AR AR A B R 10 SRR 2 BB L 22 R 5 3
BRI REE Q& 6 B . 25 1 45 FRGE o 7E AR
FRAZ v de A 23 3 7 CRI K g % 2 437 8 1 SR A 5 52 R
TR g E AR A R AR, B AT R AR
S PEBEAL I A A SR BRI RS 23 1 2 B
RAE AR T SR S [R] I oky AR P MR . RO AR
I3 A RUTETE A A DX, H Al SR A 4TS T BE A 2K 3
TH T 1) 37 4P AURRAGE » DA ITT PR A7 4R AU 4 B0 A A1k

3 A AN [r] 2 3l 4R s A AR T AR A B R Y JRk
S Y B AR B JR) T AR AT BB 2B G I, AR R AT
RE AT IR A2 BT 47l 2 3] B 47 M 11 42 JR R AIE DR B A
TN F8 A P o AT R T e ) T A a4 A DX I A DR

Ix1xC

SERERY LA AR L . AN TR] 23 R AR 1) 3 R 4 FRE 68 47l 4R
AR R R AEBE L. /N R (d =2) R T X
7 4P 240 15 40 B A R | TR 23 R R (d = 4)
KRB RZH , fEB B TIT XA 2 RJE
R P A 0 2 B T A Y AR 1

(a) LEBH
EFle ZREZTRAEREREN

Fig.6  Architecture of multi-scale dilated convolution module

2.3.2 AR ER

AR B B B M B 7 s, BB N
TR BTN KR S AR 2N S X SR RE 5 X R A
T Y w R R I G AR & 1S 5 B RE 8
e Y LIS I N R VA il = T VA - 1 )]
PPOBR A A G P P s A B RUBE AR AR R B A%
352 BUME LA TR) s 3 10 5 26 RUBE (AR Ak, i AT AR B 4
BUAT 3 2o 27 2 i A% & DAAE N A 6] RUOBE R 10 9 14
TIE  FEAR Hi B 47 A %) Jm 5 08 AR 30 25 0 B B B L i 4R
ST Z M40 . LE R B R 2 8 4 8 B Y 7 B AR
B AT AR JE S BR AR 06 [ 3l >0 B SR A A DUk b %5 4
DX 385 0 % 21 AH X 3 B 0 X 38, 32 3 R A T SRR AE
58 DTV 2 T A TR AG: G 1 O

mES 2N

(b) ZERHEM d=2

(¢) ZABH d=4

B7 WEREREREN

Fig.7 Architecture of deformable convolution module

XF TR A SRR AR B — K po . AT IE 15 PR
YERR N
y(po):Eu'(pn).x(po—’—pn_’_Al)n) (2>

pn€ER
K :Ap, =z, . Ay, AR EEE; p, N
3X 3 MBIREN 9 AL E XS T L A B s R



¥R F A TR YOLOVSn ¥t 7 i R X B AR k] 7 LB 5 £ ,2026,46(7). 237

R TN ITA RIS w(p,) BB
TENLE p, AL PR AE
2.4 BiFPN W [E4FE £ F B W&

TE SR W S 2R B dr A A i v, H T AR T
B AT FEAZ KA A1 A2 Ak B 370 M 23 LU [A] AR BE
MAEEG . YOLOvSn 1 BRIN Y PAN-FPN 4544
AR B A 22 ROBEERRAE il & BE 0 o B HC 8] 58 19 4 1R A%
1 [ 5 AU il A 2 ME LU RIGE 1 B B AR A
FG b  ff BE DL R SE RNk

St 51 BIFPNU B AR A (1) PAN-FPN 45
¥ . BiFPN X [) fEAIE 42 7 35 0 45 181 8 i 7, 1] v
P RIRFFME & F R P RREE ., ML T PAN-
FPN [ 88 — BR324 BIFPN B[ T A 8 —% A

P, O—»@—» P,
P, O—»@—» P,
P; O—’Q—’ P;
P, O—,—* P,

(a) FPN

(b) PANet

AR S AU B 2 AT S DL fE B R R TR
Ao 78 AH 7] )23 5 1 i A R S 5 ) o dk BRR 5
DI R R R R IE LG B ) . BIFPN #E L% B4 3 T )
I DS N =N M S EIE (=R A =95 N B2 i
3 3 A A 3 B A (A 45 R IR 2 T RE SR Bk A
A R BIAF B AT B TR B AR 2 AN R AL T Y
TR RS S SO ARRAE . BE 4, BIFPN SR T 0] 2% )
A BILTR S Ay B ACRRAE 43 C 20 N7 ) A S 4
AT 2R 955 428 ) AN [] oF 5 R ME 7 il -5 B 100 S SRR T

WL X AT BIFPN BEE RS B b il & £ 2
FURRIEAT B . AR T X 2 A R B P S IR B
i B4 DX A6 00 355 02 RE g AR B2 A I T PR B rp S B
e i %) Ao I 1 i

(¢) BiFPN

8 BiFPN X [ 4 1E & FE W %
Fig.8 Bidirectional feature pyramid network of BiFPN

2.5 WMEKREHEMNK

YOLOv8n f4#5 IU 451 2 35 %2 fh 31 5 HE 8] 19 45
I A3 AAR N 43 A B A R A b FOE [T
1) ToU TR CloUM™ . CloU #¢ ToU it I 5]
TPy S5 ES RT E bE — SO 2 L BB R B %
S X e B RO R ) HO A S

(b ,b)
LmoUZI*IoUTUO(TJrav (3)
v
STl o “
gt w )
U—P(arctanﬁ—arctan;) (5)

K Lo om CloU XN 45 2% sR &L 0 F1 b0 53 5]
7 TIUINHE LSS HE /9 o0 15 0 7R A LD R
22 [0 PR DTG L 8 5 £ 3 7 [m) I, 25 9 00 AE 0 L 52 AE
() B ANIMEFE (X K JE 0 RARE S8 0
FER AL L — P 5w A R g3 ) 3R R B S AE Y
T E AR B s F b 37 TR0 AE 14 5 R

SR o 24 BMAE 5 3 S HE A H 2 L To U I000E L
e A A0 R A A [T O e R RO O B

T, B B AR BT B — SO CR W RS2 PR . A
CloU 3 J5 if 191 0 A 1 B 52 AE 31 53 461 2% L xfE DA AR
Pt A TR) 0T AR AR [ 35 7 98 45 B B STk L %/ B AR A
NG R s b i i R O 25 O R itk — 2
P TF i FEOHE A OKS . A 5] A Inner-IoU
(Mo WD 451 2Kk MRE (L yior) » FLEAR A ZINE

2 b’]gt
LIIoU:17110U+[O(172))+av (6
B ﬂ(BallvaK‘-ﬂll)‘)
IIoU= U(B™.B=) D
B**=(x,y,ratio * w,ratio * h) (3

Beerr=(x®,y* ,ratio * w* ,ratio * h*) (9)

v

(o) +o
FOA (o y) R, y =) 43 53 3 7 T 00 AE A1 25 ST A
Ay A AR bR . 3B 3 R ratio S SRUINARE AN
S HE Y 58 BE g B R AT 46 T H 3 Al B i R E B
B T E Ly .

2718 o 48 T ratio #4) 3E FUIN HE 1L S
HE B4 4 Bl 320 A L O 5L Tl B AE 1H 58 ToU TT, AT

(10)

a



238 ok B R 5 A

2026,46(7)

TEAS B35 BN 5o A0 1 00 T 38 5 R A B FE R T RE
F1. ARXEE ratio=0.7, RT3 H s
oo DX, 6 v B 4P AR A 1 R RS T

3 RBEERE M

3.1 REIRERITEMIER

ARG AE = 55 A AuToDL #E47, 6 {42
¥ % A Intel Xeon Platinum 8470Q #b ¥ #§,
NVIDIA vGPU # GPU.is84T W17 48 G. {7
i Ji PyTorch 2.0.0 4 cull8 & J& 2% 3 #E %8,
Python 3.8.10,CUDA 11.8,

YR BER T 0 T S 5 kA A0k
k100 58, R K/ 8,2 2] HUR IR S4B R B R 0.01,
P AL B L W IE AL R A 0.000 5, 356 ff FHJF IR
A BE SR T AR A R B 4R DsSLMF+ %
B AL 20 045 KA [F] AR B 0™ 37 55 W S 48 B
PRI R IR A R AN BT 9 B . Ar i 280
L9 P, 20500 RV SRR 90° R SCER AR 60°
Z 90° R W HR AR 0°F 30° WK S ZR AR 90° &
120° BUE L ZRP AL 30° 2 60° WK LR AR 0° R
YIRS ORIENL IR SRR 907 SR
it 8 = 2 W LB FEA S I 2R B R UEAR |

B9 ABiRIeHEARE K
Fig.9 Part of the test sample images
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Table 1 Results of the comparison test of each detection algorithm
e mAP@0.5/%  mAP@0.5:0.95/% P/% R/% P'/(X10%) GFLOPs

YOLOvV5n 94.3 78.8 90.2 91.1 2.51 7.2
YOLOv8n(FEHEARLAL) 96.2 79.6 91.1 92.9 3.01 8.2
YOLOv8s 96.8 80.2 92.3 93.1 11.20 28.6
YOLOvV9c 96.5 79.9 91.9 92.3 22.50 103.7
YOLOv10n 95.9 79.3 90.8 92.5 2.71 8.4
YOLOvlln 96.4 79.7 91.4 92.1 2.59 6.4
RT-DETR 96.1 79.4 90.9 91.7 30.90 108.0
CMH-YOLO 97.9 81.4 93.8 94.5 3.39 8.9
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Table 2 Ablation test results
SPDConv C2{ MSA C2{ DRFE BiFPN oU (ratio=0.7) mAP@0.5/%  mAP@0.5:0.95/% P'/(X10%)
X X X X X 96.2 79.6 3.01
N X X X X 96.5 80.1 3.08
J J X X X 96.9 79.8 2.96
N N N X X 97.3 80.7 3.20
N J J N X 97.6 81.1 3.39
N N NG N NG 97.9 81.4 3.39
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Fig.10 Optimization comparison of model detection results
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