4445 A &S
20254F 7 H

S PN

Journal of Huazhong Agricultural University

Vol.44 No.4
July 2025, 288~301

LIy, ZEWAK, 25 p 8, 45 BTt YOLOVT B9 23858 R HERIpL2 b 51 w3 ka i [ 7], e rp Al Keoe2i 4k, 2025, 44.(4) : 288-301.

DOI:10.13300/j.cnki.hnlkxb.2025.04.028

E Tt YOLOVT W E FRIME T HERI AN
o Al 1 gl

G, BT, Sh A, ERME, WA, SE

M R K F TFR/ R RAFRR TP TR ELEEE ST, KX 430070

WE OhiRmE AR MRS B 5 /N HARKR IR EE 2T YOLOVT AR I T —FoRs w24k
PR 425 B B3 TET /N FUARAS N i o B 5, R R B s [R) 6 5 B A RS A ORI A R 15 845 e R
L5 R SR S G 73 I 2 B 48 5 Bk TR i 5 e, IR AR A TN J2 45 4 A i K 2k SC_C _de

tect, ¥ /N H bR AR $E HURE

o TH RS HG BN HE IR 45 SR R, ek R A Bk K P R R [ 7.8 ms,

mAP@0.5 4 97.29% ,mAP0.5:0.95 4 69.45% , i T Faster-RCNN, YOLOv51, YOLOvSI % H b A& 8 1k . 78
HERLHLAS RN B 7K 7 F I J iz A IR0 & B, it i T3 /0 A DA 5 F) 35 S 15 2 15 2 (6 1R 25 0 T RRAIR
AR A B S e S v, BAEARRIR SR T 904 RImiz tbbERe .

KEBIE HERIAL; 2R 5 WA N AR ; YOLOVT

hESZES TP391.4

T AL BRAR AL AR v AL 4 W B R
(1) % J Xt A B A = 2 4 PRk E P o Ho S
S EAESK HERLHL T B AR AR 7 Y A
o WA PV USRI, R AL A B 25 3 5
BAERTBI R R A = A H 352 . PR %
I8, 3T 20 455k, h EERLAL RS e T A B
ik 48 327 A, HAEW =i 43 203 J5 o6, Hirp 53% Ay
FOEEF I S W B SR AL ik,
JHU NI R 2 B DOBR A W Ty vk 5 e 4 T B R 1
5%, LIS BBy 25 30 51 fa i 2 0 AR B hr 14 42k
FERTE

25 0 GRS I 2 AR ML 22 4 W T 2R 495 1 D A 2R
T TR 5 G 0 2 S DR S W ) R e AL
S50 118 YT RS 0) Jy k A e A R AE AR AR DG L 5 43
RKAKTF TR, e 2 = T, HE
PSR MR 22 B 2 o 4% — R LA R
FAFERE 1 Az A M R 2 > W 45, ] LASR IR S
JEURAIAREAE , R B s TR PR B . 4ok,
T FUh 4 I 25 1) B bR 58k © s R it
JERLI R T AEY B B Re b S EE G, 2

Wik H B 2024-11-22

FeATH  FR ARFHF RS TH (52175232)
WM, E-mail : xhm790912@163.com
WAEVES 202, E-mail :438409371@qq.com

XHEARIREE A

XEHS 1000-2421(2025)04-0288-14

TEL X RS /INT 3248 2 X 3248 Z (W THHR /Iy H A ez il
A3 O, pl TR B A7 A TR R R D AT AR
TEANUIR 5 32 52 2 e TR AR )i, 284 Hh B A
RTINS, HH bR IR Bt ik R4 & o
AR TR /N E A A I 2 B h B A A 0 5 46
MIRFR P S . b TS R 22t R /B
i BRSNS B2, BIFSE N 51 NI 28 254 (Il 2R S 45 7
1 JEIF T KA SE TAFE . Zhang S5 742t —Fh 40
fph 22 W 2% RefineFace , 5% FH 5% 22 W 4% ResNet 84 Ay
F ML, IF I ARHE B B 5 IRz By s s A e
PN RS0 R AN E R TYN TN B2 & R AT NN
& . Li 2589 8 ) ASFD (automatic and scalable
face detector) P 4% , 38 1F ] fopf 25 I 4 ZR A H 2R 14~
M4 1) R AIE 4 7 55 I 4% (feature pyramid network,
FPN) , IRl G i 1 W 2 it 6 A8 W] R R R I
AR 6 A FER R ROEE 9 H AR . Lin 21048 HY 19 FPN
AT DAR A [R) J2 0K 0 REAE T LA 4t v ) o 4t 2%, (H
IR R AR S, HNZR FRA N 5 2 o X 2=
3t 5 AR 0 B8 v 5 A 3 G SR 9 Y ChCr 251
o 23 AL AT A Bk €553 1, JF ok AR 23 IR 55



o541

TRELME 45 FET 0 YOLOVT 895 Z PRI H Hi L2 3 53 oA 289

() Haar FEAE 120 K600 58 )3 B S 48 T, (H &b A 25
HARK R B . Liu %558 1 78 YOLOVT Hg ] A4k
FriE & 1L (coordinate attention, CA) , I 3% il —
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Fofr 2L 9 B L G I 5802, 3 oK L BRAS DUAE 55 % Ak
Sy [ VA [ 850 LA S B v 38 g 0 I 2 AU . Y O-
LOv7'™1 6 B YOLOv4, Scaled 2 YOLO-R, 5| A
22 il AR B DL B g B R SR M . YOLOV7
FF 407 Backbone \Neck \Head 34~4114. % M 4% 18
W BIAY R R AR 1 I M4 E-ELAN (%5 1] 4 %
it Ak )22 SPPCSPC L3 5 A [R] R AiF 5 1 2 4500
FHE SRR I Sk 7 T, TR B B B R BIA K
/N 3Ff H AR SE B TDetect K Sk HE 22 | #1255 T #5180
)2 TR

YOLOV7 f ELA 5 8 v A 2R 5 K 0 i =%, {H
REA RUS /)N B b T A L TR A G A 2 {1 55 ) AT,
pRE ke Wl R VAN & oAl F e

Bt ol 2 35 53 TR /0N H BR S BERAIR RRAEASOR 45
M) RE, AHFFE LL YOLOVT W48 Ry FELR R A JR T —
PG 1 LSS RS BT AT Y s WS R B
SR 43 W L5 A 2 ] A T T A AR Y 2 34 51 AT
BN B FR K B YOLO-SOD., HAAR gk i 55 s 4n
T (1) 5% SPPF (spatial pyramid pooling-fast) 4 &
0,7 SPPCSPC BLH itk A il -G 2 I HL I i 5 1
iz B AT AttnConv DA S Al Y] #2251 45 FL SAConv , 1)
# AS_SPPFCSPC e, A3 850 H IR0 42 ) 15 B
[ B 3 G 0 R 300 B, H R T IR e A BN TR R
J RS 2% B AR P 35 7 P R A 1 (2) A6 S8 )
g SR IS 90 43 I 28 BB VoV GSDCSP 5 # Ji7
A 1) E-ELAN 2544 , i 52 ¥ B 0] 43 125 4 1 (depth-
wise separable convolution) il 18 Ve AE , 7E IR B2
W 2200 A B R, S0 i B g . (3)
BRI H ARG 2, B /s B AR 2 | 56 T 25 [ R
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FTM% e [oalllPS
Backbone Neck Head
REP
o)
REP
VoVGSDCSP
REP

» CBS

*_CBS }
:J-[ cBs [ s J cBs [ cBs [ cBS

CBS css ) = (Conv [ BN ST

E Input
640x640%3

CBS /8 Hi Conv2d BN K Silu i eRFZH A A0 38 BT 5 cat /R 46 P4 ; UPSample # /1 _FRAE ; MaxPool /8 KAk ; AS_SP-
PFCSPC FR/R Bt 45 1] 4 F B AL s VOV GSDCSP Jh B5 9 # 43 M 28 A e s REP Sy i S5 SC_C _detect Bttt/ H ARSI Sk o
CBS represents a convolutional module composed of Conv2d, BN, and Sil.u activation function; cat represents dimension concatenation;
UPSample represents upsampling; MaxPool represents max pooling; AS_SPPFCSPC represents the improved spatial pyramid pooling mod-
ule; VoVGSDCSP is the cross-level partial network module; REP is the reparameterization module; SC_C _detect is the improved small ob-

ject detection head.
1 YOLO-SOD Mg 454
Fig. 1 Structure of the YOLO-SOD network

1) ek itk 45 ] 4 785 AL B e AS _SPPFCSPC, i i IAG I A4 ERf K
SPPCSPC 43 4§ %5 ] 43 5 ¥ ¥ & (spatial pyramid SPPF 55 SPP i J H BYAH A , {H — 5 74k L
pooling, SPP) " 1% 1] 4x 5 8 % Bl (connected spa- A2 5, SPPF 44 SPP A FEE MY 34~ Ak A% B 3
tial pyramid convolution, CSPC)2FAEH . 381 D ERBMALE @ i FRAE B A DR RLE 7 ORIEAR AL
G546 AT DU A R ROBE B RRAE A 2 i LR RE RSB RSB AR R L 38 TR s . H
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T, CA 26 SPPF 5 CSPC 454,32 11 T SPPFC-
SPC Z5Hg 1T | HEARAIE A7 BT AR (1 [l ik 3145 1 o i
EET .

SR, SPPCSPC 5 SPPFCSPC | ] 22 R %5
V1) 4 - 3 b AL 4R v AR 1) 4 R SR A7 BT, R T AT 4
JR A B BBy 1 2R AL S BN T v R A R

A BRATAFAEAN I o R T fff PR aX — () @, A BIF 53 7
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B AttnConv!'® | JIf 45 & W 47 e 23 JR &
SAConv " LLHS Bl 00 2% B 53 156 M iy A [a) KB i) 4
ik, & 51 A AttnConv J& i BT R4 T, eietk
) AS_SPPFCSPC Z5 4t 2 fif /i o

SoftPool2d
alpha=1

SoftPool2d
alpha=1

SoftPool2d
alpha=1

Conv

=R =)l

Conv

SAConv
k=1, s=1 k=3, s=1

. Conv

=1l ol

B2 AS_SPPFCSPCHE#REE
Fig. 2 Schematic diagram of AS_SPPFCSPC module structure
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B, A s AR LR SRR , (O %R Had-
amard B, X 27 ey 505 40 2 0 Bt RRAE R o A EE
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)
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(2, Xy R 2SR 23 3K L X, R R Ry i
554 Jay 43 3K HE R T AH R AR SRR L X, Ry i AR
FERE
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I, 35 S5 R FH A R4 5 %) R AR 16T IO AS ] O i
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P, I B — 2 B L TR S8 R
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LOV7 7E 803 M 45 vh ok H ELAN-W B2, 38 3 % 38
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R
Context-aware
4 N ekl
— Shared weights

Ui RS
Shared weights Context-aware

%

LS TN

Traditional residnal block

Jy T T IHLR

T.ocal self-attention

Conv 7R~ H Conv2d \BN & ReLu #{if bR £ 2 A% B 5 FUREERL s FC 3278 23 4522 5 Add R RRAE AR B AR I s Mul &5 Matmul 2678 FEAE AR B A0
T ; Tanh , Swish F /R AEL LT BRE; DW Conv /R R B L, Conv represents a convolutional module composed of Conv2d; BN, and Re-

Lu activation function; FC represents a fully connected layer; Add denotes feature matrix addition; Mul and Matmul represent feature matrix

@@
—D( DWConv ] [ DWConv )1]/

-

AtinConv

multiplication; Tanh and Swish represent non-linear activation functions; DWConv represents depthwise convolution.
B3 AREMAELR

Fig. 3 Comparison between different convolutional methods

B VoVGSDCSP B AU M 45 Y ELAN-W B,
HLASH N 4 B o AR28 )5 B2 2 o) 8 18 1% 13 1Y
b AR, AR T Y A 8] e 40 FG G R AR 2 3
i SUE BV K, GSConv il 1 38 IR 1] 43 85 46
1 (depth-wise separable convolution, DSC) F1il i 1%
VEHRAE LI s AR LM RGN R ), DAY 1153 2 4%
JER AT e R B B EARE . AFRGIAET

GSConv By AN FALEE , FFRE A L8 55 — 25 0 S Y
e 316 5 AR ¥ DW Conv, DL B384 R 35 6L L 9
25K 4 44 4 GSD Bottleneck, #RJ5 , KBRS
TG I A GER M AE VoV GSDCSP, Jf 21 2
Fis it 4. Horh 5 28 C e B2 4 AR A, A
SR 7 2 DIEIC3 AN AR, R EE T 2
FAOE(E B HIHR R A BT BTt

( (
Input | Conv | | Conv |
¢ T \ / — [P \ [ DWConv | | DWConv |
> | |

| | | [DWCony | | |
| |
| ol csp | ! Cony L | Gony Vio¥ |

| Output Bottleneck / | OQutput Bottlenecke) | Output l GSDCSP, | Output l GSDCSP,
-SRI i B iy 1 i it i I, ATy e Wiy ey oM s o it s
A B G D

A:GS HFBIR L5 ;B 51 A DW B FUS A9 GSD ISR 454 ; C—D: VoVGSDCSP Y 2 Fir 48, o C 7 G4l fay o, 4k Bk JiF
LMD EEA B EARMEEMZE, A:Structure of the GS bottleneck module ; B : Structure of the GSD Bottleneck module after the in-

troduction of DW convolution; C—D: Two schemes for VoVGSDCSP, respectively, in which C scheme has a simpler structure and faster infer-

ence speed, and D has a higher reuse rate for the features.

B4 BRI MEZERVoVGSDCSP
Fig. 4 Cross stage partial network module VoVGSDCSP
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3) KM Z 45T . YOLOVT 48K JZ an e 5
7R, Py Py P kil J22 i AR R R 1 /1N (80 45
2 X804 ) (4018 Z X 4018 E) K (201542 X 20
&) 3R R B, 3+ THREERLS W B s RER A
Py P, Pk 2 R IE(R B o SR, A3 i 160 1%

T X 160K M/ B hrar U JZ A6 A FREE TR DI0RS B2 1Y)
[ s 2 1 B I 28 S50 R HROIT RS R, LTI,
ARWFFETEHIG 16012 2 X 16042 Z/N H AR 2 P, 1)
), IR T 2018 % X 2048 2 K HARKEINZ Ps, LR
DN B AR S RIS ERICR .

80 x80

40 x40

20%20

40x 40

80 x80

160 x 160

40 x40

80 %80

160 x 160

A:JFIR RN Z Raw detection layer; B: 2itiff YOLO-SOD 45l )22 Improved YOLO-SOD detection layer.
5 2FEEWNIEZRMRTEE

Fig. 5 Architecture comparison of detection layer between two algorithms

4) i AN B FREE I Sk SC_C _detect, YOLOV7
e P T I B W R 19 TDetect K I 3k Ll B A 7
Y Gk AR B AR5 K H PR R AT 55 h 2 B R 4, {13 ]
SR AR X BN BT ASBIESE 51 A A3 [A] R
B SCConv'™#, #yHE 4r 1K I 3k SC_C _de-
tect Br e J5UA IR 3k TDetect , DA 1345 2k

HAFHIE
Input feature X

A

2% [H] 5 3 18 7 # 45 B (spatial and channel recon-
struction convolution, SCConv) H %% [i] # 4 BT (spa-
tial reconstruction unit, SRU ) 5 1% 1 T #J B 5T (chan-
nel reconstruction unit, CRU) £H i , — 3 18 i3 il J %
e, LR INEL 6 FirR o

18 R "

2 M RARAEAE
Spatial-refined feature X"

T A RFE

Channel-refined feature ¥

'. Conv l, ﬁ SRU m CRU |' Conv || ()
\ ,
Resblock+SCConv

B AFRIEWC X e RN W e N2y Batch i, C &y Channel il , 5 W 4351 Ay 1 2 B2 5 9 A 3l 3k SRU 5345343 ) 41 AL RRAE
X, B i 3 CRU 157 35 4538 38 41 Ak 45 4F Y. Input feature mapping X€ RN H" W where N represents the batch axis, C represents the
channel axis, and H and W represent the spatial height and width axes respectively.Spatial-refined feature X* is obtained through SRU calcula-

tion, followed by the calculation of channel-refined feature Y through CRU.
6 ZHE5EEZEZESETSCConv iy
Fig. 6 The architecture of spatial and channal reconstruction convolution
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o, 25 ) A 500 SRU SR FH 43 B 544 19 7 vk
EU I RS LTIV SR < Peb O NG 1974 B 9 X
M= (3) Fiw :

X_
Xou=GN(X )=y——£

o’ +e
K, p 5 o W AFHE X I ShRIEE e
NARE T He> 0,y 5 Rl N2k 05 1 28 . A
FH 2R 99 —4k (group normalization , GN) 23 J2 Hr i L f5i]
PR PP Al A ARRAE B A5 2, U — kA A W, e RC
0 (4) s .

w,=-2" ij=12C

%, (4)

SRIG AU E 1T Sigmoid pRELST 2 (0, 1) , 38
I BE VAT I145 (gate) , FWE R F BUE R A R % BN
1,15 285 BAGE W, /NTEE R AE RS R 0,15 5]
JEA5 EALE W, A WIS 55 =l (5) B «
W = Gate(Sigmoid(W,(GN(X)))) (5)
e B ARRIE X 50315 W, WL AH 318 31 23
B Y2850 M X S5 TR N A HRE XS0 TR, s
23 [ TUAY , ( FH A HR VRN 8 A S8 U A f 422,
A S RS AR AE WS X, E AR R A= (6) BT
Xr=W &X
Xr=Ww,®X
XiDXy =X (6)
XHPXi=X
Xl X2 = X
K (6)H, & NHERETRE , D RWHRE L, Uy P
PR
38 38 F AN BT CRU 3221 F 1) - fe - il & O
W, U /D GE TU A o X T4 E 1Y A TEDORS 0 R AE
XYeR MV R HAEIN «CH (1 — a) CHHS
53, JERIE X1 B R B — 20 4 FRAE B IR A 38 3 LA
PEETHEROR . WG K 7S RS 4R AE X R 4R
X5 Xiow W HE 43 o 12 2H 45 B (groupwise convolu-
tion, GWC) ') | % i % FH (pointwise convolution,
PWC) B i rvfiE b X R B BLLAHE B & M Rk
FHIE FROE SRS B =X (7) s
Y, =M"X,+M"X,, (7)

+8 (3)

o« :
£ (D), MeeR? T MPER”
H GWC 55 PWC 7725 > KU R , R L il o i
B2, 0<a<1 WAHEIIL, 4R/ E K g=2,

aC
X,€R " Y € ROV AR BNk At

XEXC 2 ix1IXC

(R IR B SR
(e o, 368 3 AR A B 2 AR 58 PWC R A
T3 ¥R AL BRI RRAE , 15 3 X, 095 Y, s (8)
Fi7R
Y, =M"X,,,UX,. (8)

U=aC oy loa

#(8) i ,M"ER - Sy pwe
RO W 22 X ACE OB, U Ch PR OB R MR,

XIOWGRWI-MX”X Y5y, ERCTY R gt A
i LR

Feai ot R , B R 4/ P B AL ) J7 ik 38

HEEGS, e R RS R = A E B KT
NSWSE
. 1 A -
S,,,:Poohng(Y,,,):H>< ZZYK(Z,]),W!:LZ (9)

i=1j=1

IR B bR R A R E F R AT S, S, B

FHA T8 73 55 ) i A AR BURRAE 1) & B, B, € RS, TT
AN (10) R «
__ e
P e+ e
e (10)
= e+ e
Bt p.=1

e # EEERRIE Y 5N SR ARE Y, 4% 3E Ty )

G I AR EAIARE Y, PR AR =t (1) i
Y=Y +p5Y, (11)
SCConv i i 28 V4 — 1k v 19 4 75 B PEAl A [A)
AR 05 8, e 58 X EE R R IAUS 1R TR
5 BFRE A I, o5 T8 FRAE (R 55 5 5 ml A6 42 Jm)
23 5 B 538 8 g HE B A E R T/ B A i
A 1 TR B, PR BT K H bR RS A ARAE . IRk,
SRU 5 CRU WA LI H) S 80 E B h TR 4B Be
PR BEE PIAF 7 A/ ikl CRU 5 SRU 2
AR R AL SCCony 2544 , 7280/ 1155 8 1) TR B 42 5
BRPERE . ASHF9E R ] SCConv 24 A 1Detect H
AIFREG RN FE 2 T 2 A Sk 2544 SC_C _detect,

1.3 #EER%E S5

BERIYI 25 FH BEATLASS B2 T B 12 (stochastic gradi-
ent descent, SGD) WAL 28 XiF 9 45 4T 14K L 9
H2 2] U 0.01, B 2027 ) 2500 0.002, SR AR 7%
TR KRR 2 2] e R I R B0 0.000 5, 8
= R 150 0.937 ;5 R H warm up SRS, 7ERT 358 N R
FH0.000 1 fy2% > AT I 2k, R A TR e
Je W AZ BRI UG 27 21 R HER R/ 8, FEE AR 100 58 .
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FEAREFI YN 25 5 030 B2 >R FH Py Torch12.1.2 HEZE
I F PC ¥i; AMD Ryzen 5 5600 6-Core Processor .
3.50 GHz 4t # %% & NVIDIA GeForce 3060 12 GB
SR
1.4 MR

13k 56 2K FH ME g % (precision, P) , A [0 3R (recall
R) .mAP@0.5 L) Fe mAP@0.5: 0.95 1 J P 46 b ,
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Fig. 7 Training process of the YOLO-SOD model
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FOHET, BRI B R F e, MR T 2R SO R B, B RS TN BARk

SE I AR R R mAP@O.5 A7 g DR SRAG R, s 1A S (R A

Fh, AT S 85 e W 5 R L AG I i B R R, a0 bT e R 2R SOSAR AR A AR Sk SC_C _detect i , A1 2

BT, M ST P R 22 3BV 0 PR 25, 51 A B0 TR T 8.589 107, Al I3 > 17 0.7 ms.
x1 AEBFHRBEEHMIEER

Table 1 Results of ablation experiments for different modification strategies

Strate, HERZ /O /0 S SIEE] /ms
T TR et mareosst mareososs (SRR S
96.4 89.4 94.80 62.62 34.847x10° 8.0
NG 97.7 94.7 96.10 66.60 37.69410° 8.4
N 95.6 93.7 95.50 65.31 26.258 X 10° 6.7
NG 96.5 92.7 96.01 61.90 27.791 X 10° 7.3
N N/ 98.1 95.4 96.70 68.80 30.866<10° 7.9
N N 97.5 95.0 96.69 67.00 29.78610° 7.6
N NG 96.9 94.6 96.40 66.04 26.208 X 10° 7.1
NG N NG 98.6 95.7 97.29 69.45 31.096 < 10° 7.8

T 5 1 R 51 A AS_SPPFCSPC R, 5 2 3R 51 A VoVGSDCSP Mgt , 5 3 378 I BE A 2 45 M JF 51 A SC_C _detect B .
Note: Strategy 1 represents the introduction of the AS_SPPFCSPC module. Strategy 2 represents the introduction of the VoVGSDCSP mod-

ule. Strategy 3 represents the introduction of the SC_C _detect module after the structure of the detection layer is adjusted.
VECA R # B BE B SN A B SEAEAS X OGRS AR A R T IR R AR A I R, A A
K 25 R g ATl AL, N 8 B o AN Es SRR W], BB AT,

TR

A JFE Original; B: YOLOV7 #6302
1.O-SOD.

8 i YOLO-SOD #E &M 45 R
Fig. 8 The detection results of the improved YOLO-SOD model
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Table 2 Comparative experimental results of different spatial pyramid pooling modules

I\/Ejjlc mAP@0.5/%  mAP@0.5:0.95/% Loc Ble Piﬁfcr Floatif;fjliiration ;ﬁcﬂﬁﬂf :1?:0
SPPCSPC 94.80 62.62 1.85 0.59 34.847x10° 26.0x10° 8.0
SPPFCSPC 95.13 62.85 1.31 0.84 34.847x10° 26.0x10° 8.1
AS _SPPCSPC 95.70 65.30 1.33 0.85 42.398%10° 30.6x10° 8.6
AS _SPPFCSPC 96.10 66.60 1.27 0.37 37.69410° 28.4X10° 8.4
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Table 3 Comparative experimental results of different cross-stage network modules

I\/Tfjfle mAP@0.5/%  mAP@0.5:095/%  Loc Miss Piizflfer Floatiifﬁiiraﬁon Diﬂjiil)ij :12;
VoVGSCSP1 95.34 65.20 2.08 2.07 27.862>10° 22.3x10° 6.7
VoVGSCSP2 95.39 65.58 1.93 1.98 28.057 < 10° 22.6<10° 7.5
VoVGSDCSP1 95.50 65.31 1.03 0.99 26.258 < 10° 21.7x10° 6.7
VoVGSDCSP2 95.10 65.73 1.51 1.24 27.671x10° 22.4x10° 7.5
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Table 4 Performance comparison between different detection models

1 Models mAP@0.5/ % mAP@0.5:0.95/ % ZH0it Parameter
YOLOV5L 93.3 61.0 47.052X 10°
Faster R-CNN 90.5 59.3 137.099 10°
SSD 89.6 59.1 26.285%10°
YOLOVSI 96.7 70.3 42,442 10°
YOLO-SOD 97.29 69.45 31.096 X 10°

ASBIFFE U [R] Ffy (B S 75 B 2 B 5 R
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FORY H AR T SR I 15 25 A K S R 8, Btk 5 ) YO-
LO-SOD # B 7E [ b 45 37 50 A9 K I 25 SR 447 B (g
Tt

AR Original picture;; B: Jfiif YOLOvV7 K45 5 Detection results of the original YOLOV7;C: M5 YOLO-SOD Kl 45 5 Detection

results of the improved YOLO-SOD model.

BY HtarEREemIzIR T

Fig. 9 Comparison of model detection results before and after improvement
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S TE 3.5.4.0.5.6 F 4 Ao [RAIAT, YOLO-SOD
TE 3 Fl A7 3 B R, ARG I %) Bkg | Loc DA & K

0 s T 35 A Ak AR, A A e TS /N s A
REJ .

#£5 YOLOv7 5YOLO-SOD7EB# iz IS IE LR E RIS E R

Table 5 Experimental results of YOLOvV7 and YOLO-SOD on the self-constructed generalization validation dataset
1578 Models AR (/) Bkg Loc mAP@0.5/ % mAP@0.5:0.95/ % S o E?Ll‘rﬂ(ms
Speed Parameter Detection time

5 0.94 3.06 94.1 61.4 8.7

YOLOvV7? 15 1.88 5.15 91.6 59.3 34.847x10° 9.0

25 1.53 7.63 89.2 56.5 10.8

5 0.39 1.41 95.7 64.9 8.1

YOLO-SOD 15 1.39 3.75 93.9 63.3 31.096 < 10° 8.6

25 1.17 2.69 94.1 62.1 10.5
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Improved YOLOV7 based facial detection of tractor drivers in
complex environments

XU Hongmet, LI Yalin, LI Zhongxin, MENG Junshi, YANG Kangxin, [.I Xurong

College of Engineering/Ministry of Agriculture and Rural Affairs Key Laboratory of
Agricultural Equipment in the Middle and Lower Reaches of the Yangtze River,
Huazhong Agricultural University, Wuhan 430070, China

Abstract A high-precision and highly generalized method of detecting facial small object of driver
based on YOLOV7 algorithm was proposed to address the issues of falsely detecting facial small target and
the low accuracy of detection caused by vibration and background occlusion for tractor drivers in complex
environments of agriculture. An improved spatial pyramid pooling module AS_SPPFCSPC was used to re-
place SPPCSPC to effectively aggregate low-frequency global information and high-frequency local informa-
tion to enhance the accuracy of facial localization for drivers. The cross-level partial network module
VoVGSDCSP was used to replace the E-ELLAN module in the neck network to achieve higher computa-
tional efficiency of the algorithm. The structure of detection layer was adjusted and a new detection head
SC_C _detect was introduced to improve the ability to extract small target features. The results of ablation
and comparative experiments showed that the improved algorithm had a single-image detection time of 7.8
ms, with mAP@0.5 at 97.29% and mAP@0.5:0.95 at 69.45% , superior to object detection algorithms in-
cluding Faster RCNN, YOLOvSI, and YOLOvVSI. The results of generalization experiments conducted on
tractors at levels of different vibration showed that the background error and localization error of the facial
small target detection model after improvement were effectively reduced. It is indicated that the algorithm
proposed combines real-time and accuracy, with good generalization performance at different levels of vibra-
tion.

Keywords tractor; driver; facial detection; small target detection; YOLOv7
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