o2t W4l HOROK 2 E O ¥ R Vol. 62 No. 4
2024 7 H Journal of Jilin University (Science Edition) July 2024

doi: 10.13413/j. cnki. jdxblxb. 2023297

HF i YOLOv? & & %

M %%, fRMsng, £, 7 8
et T RFE S HEHLR, Wb 4 071003;
WL REWR L ) AR R S SR, Wk 52 071003)

WE: X BB EETFENRNEREE, B8, LHRERILT-HALIILZNFL.
WA Z A FERE, £ — 2 TR# YOLOV WX EANE ¥, ¥4, £ YOLOv?
WEWETHRERRNEIINBGEZANFA MBS LEFENREK, ZHERLNEFEE
SERHORREA; HA, EFETHERBRNEINREELTRAR TR T W#H = HER
(switchable atrous convolution, SAC), #EFH AKX H LHARBM A B R ZWFMAERS L, 7
ARREEBEALZII R TR, KE, ERFMEREGH LI N EF I H B (example
vector correction, EVO), R A W EH iz L . ERERELN, k3t E N ERERT
HEEARNELRBEEEWFHERLINFE SR YOLOVI HELRFE T 2. 11 MNE 2 5.
KR NELZHELN; RAEEN; WEF; ZHER

HESES: TP391 MEARER: A XEHS: 1671-5489(2024)04-0886-09

Wheat Ear Detection Algorithm Based on Improved YOLOvV7
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Abstract: Aiming at the problems of dense detection targets, occlusion, missed detection caused by
inconsistent morphology in various regions and weak generalization ability of the model in the wheat
ear dataset, we proposed a wheat ear detection algorithm based on improved YOLOv7. Firstly, we
introducd a mixed attention mechanism into the backbone feature extraction network of YOLOvV7
network to strengthen the extraction of location features and alleviate the missed detection problem
caused by dense detection targets. Secondly, switchable atrous convolution (SAC) which could
combine different sizes was introduced into the backbone feature extraction network, and the feature
information of different scales was extracted by increasing the receptive field, which could effectively
improve the missed detection problem caused by occlusion. Finally, an incremental learning module
example vector correction (EVC) was introduced into the feature fusion part to improve the
robustness and generalization ability of the model. The experimental results show that the average
target detection accuracy of the improved wheat ear recognition algorithm in the global wheat ear
dataset is 2. 11 percentage points higher than that of the original YOLOv7.
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;ﬁfﬁﬁ& &MBNun>y%ﬁii+ﬁ (D
IJE;%}{ Hofe RMRBEE 0 BB, H YR8 %5 1)
wasgier, [ [ S R AR SO e L DY TR G PR DL
s Wl AT X S P U IO SR S T 1 A R 3fe LA T
gFH—fp IR WGBTS 8y, BB efSTilgagS
ﬁ R — e 8 HEIT A5 B G T 383 B BB 5y
ol M. = Sigmoid (W, (BN(F,))) 2)

AssEr, o (] Siemoid - = Sigm y D)
T E2 NamER Hor oy R R S I B SR T, W, RoR AT,

Fig.2 NAM module F, R A B RHE.

B 23 8] 1 2 RS E, K BN B 41 B g
TFasm e, FRMA R R EZE, A0 Eaa G RE k., A RRH
M, = Sigmoid(W, (BN, (F,))). (3)
1.3 i MPConv 1R
X 22 BB AR v AE A 27 T 2 Bl LA TR A 0 2 R P Y B G, O B o 7 ARG DA AR ) T 3 Y R
J1o AR CAE YOLOVT 4 + %5 fiF $2 B 4% 19 MPConv # E@ CBS #i 8t (Conv % 1. Batch
normalization J9—4k , Silu #3% REO 51 A SACT, QK 19 %58 5 FL . SAC 7] RL [ 36 W b e #5 8
) 1 B2 P %, DAGE AN [ R /N g A i L A, L5k an il 3 B, W&l 3 w0, SAC % 3 ML LA
PS4 R bR SCREHCRT—A SAC 41k, XA 1N SCREHA BRI #E SAC TS, 7E SAC 404
. H y=Conv(z,w.r) TR RHAER w, RN ri AN o ERERE, Kby Ahh. W
i A5 FH 3 25 3 A5 R 0 e 3 A R
Conv(zx,w,1) - S(x)Conv(x,w,1) + (1 —S(x))Conv(zx,w+ Aw,r), (4)
H, r H—MNESEL BHELT, r=3; Aw o[l 28488 WACE; B mEH SCHH—H
5X 5 B AL )2 F— A~ 1 X1 HRUZ 4.



54 B F%, % BTl YOLOVT 1Y 22 B A6 ) 889

Conv(1x1)

3x3
' /h}nj¥léj?ﬂ_!,@
AvePool S®\
Conv(1x1) N
(5%5)
L S i :

HISCZ A B S
Bl 3 SAC R
Fig.3 SAC module

YOLOvV7 B T M % ft MPConv #8 0 /E FH & T R AE, Q1 E 4 CA) TR, B A WA~ 73 3
B SR T R ORI, B RRE T RAE, ARSI 1 X1 B T B A s S AN
IR 1X 1 BT EE R S, SR 3 X3 BRI, BK R 2 MERBHT T REE. R
L5 — A 53 SRS A S R AT DR . SR T RS AR, aniE 4B s, RSO AN
SR AR AR b i S B SAC, I £ T RE 3 AN [A] ROSE i A il H AR, DR ey 22 R A ) 55 70
AP RE 7. B A Y ASE A ) e A )

—»’ MaxPoll }—>’ CBS ——’ MaxPoll ’—»’ CBS
- @ o ®
’ CBS H CBS ‘ CBS H SAC }—l

(A) JEMPConvEi Bt (B) HMPConv i b

4 Bt Ay MPConv R 1R
Fig. 4 Improved MPConv module

i iy

1.4 KB EREER

Bl 22 BRI A T R SRR T L AN TR AR K B Y TR 22 SR TR S SO A R 32 A i ) 5 4 1)
B, A SCHE YOLOVT BYERAE Bl 43520 51 A CFPNet M4 EVC BH ), %85 H & CFPNet M 45| A
(1 — Fofr 1 e 32 ST B, EVC T ke BB AG 0 Hp ) a8t e R, RV DB R SR -, A0l E AS JE I
SR A BRI LT PR LR B AR AR, AR R 5 TR,

I YMLP AL
J_, Group Depthwise Channel Drop éB' Group Channel Channel Drop @__
Normalization | |Convolution| | Scaling Path Scaling Path

Normalization F‘ MLP

Channel-wise -wi
Addition Ch}axnélcﬁlﬁgﬁse T

cat( * )
WML [convi-1@2s6] [CRaEe] [PRRE
FC Fully
: CBR Conv3x3- () :
Convolut Codebook | |Connection— Jany
BN-ReLU BN-Ed-ReLU| | Tayer | (% \Tu
Jry O AE

B 5 EVCH#i
Fig.5 EVC module
EVC i A AT EE L i B i b 07 00 SO % 4 2 22 J2 R BIL (MILP) 41l 2 TT ¢ e ik
M A Jr 5 B, TRImE, S O B RS R T 05 20 ST AT 27 o B nE v L (LVO) 5 2 N e 31X 8
AR 3 T AR 1) 235 SRL R 12 7 A R R A — k. PR EVC i . AT R RN, A S
RN N
X =cat(MLP(X,,); LVC(X;)). (5



890 oMK A R (B 2R RO %62 %

MLP 3= % iy A ok 28 BB 4L B . — 38 T IR B B B H (5 (5 50 10 25 () 5 BUA LG, TR B 6 BT 4
FRAE RN BE 1 [ AR T 3 B A AT — A FE T8 38 MLP fIREE, XA 2 f5 #R e b 47 7 18 i 45
JBCEAE RN DropPath $4E, FRiE(7 0% 25 % 82, DA R R A RRAE 22 A RE Ty R k. T R AR R
X, =DConv(GN(X,)) + X, (6)
MLP(X,) =CMLP(GN(X,)) + X, » <)
Hoh GNO R R bRAE , DConv ) F/REEER. 1 LVC BH A — 4~ fA F A misd, &
By HWIER Sy . — B4 R Codebook, 55 —FB4r A LB F S, kyal 2% > (P58 .

EVC J&—Fp) W2 PR R 73k . AT DL B4 JRy KRR AR P 38 o] DU AT RE M IR B i A
PR (0 J5 350 0 DX Bk A B DR Gl A 5 4R I TOIAT 55, (H7E 45 AF & IS M B R EVC & 55
KT EIFR, ZIEFZH R, A A ERREG A3 1 FPN 258 5 — 4~ L RFEJF 51 A EVC
B g,

1.5 M#HER YOLOVT &4

CHE S YOLOVT M5 aniEl 6 fros, seikdisr s hag @iy, |k, @i YOLOVT 4
TARAAE FE I 45 () ELAN BEHRURAE @A BL g SPPCSPC B a4 NAM 3 1, 32 5 M 45 X 5
P £ v FE LR AE () B HUCRE 1 DL RO I SR N ELRR AR () B BE 0. 2R AR DO B A 2 AT 200 e A )
s K, KB TR IE SR B 2% MPConv BEER 55 Z A 43 32 3 < 3 353 4 AU ol ok m] 45 5 R ) R~
125 45 B SAC, H i 28 BT X R R RS B AR A RRIE $E BURE 77 G2/ i T P B0 4 5 1R 1) e A ] A8
W5 . FERFERLA BIH FPN 4544 19 i 02 Ab 5] A 22 S Bid EVC, $2 B 80 i &4 1 Fz fe g

2. Backbone

Ve———~
[ELI?N-W [ REP || cBN I

CBS
3. Head

e @ -

ELAN-W

CBS

HiE 1

2

[eos ] - [ 8iPCony |

ELANW L wE (o] e |

i
—
7]

1. Input

6 BUEERI YOLOVT M4 4H
Fig. 6 Structure of improved YOLOV7 network

2 %L I§

VAR R JS S Y OLOVT Sk AE /N 22 BEACIE 4 B n A DU PR AR . A SCSE 30 7E 42 BR/N 22 20 T B
£ GWHD E#A7 I e Mk, SC8 9 JF & 3R 5. #:4E R4 M Linux, Python3. 8, PyTorchl. 11,
CUDA11; fifif43535%. CPU 2K H Intel (R) Xeon (R) Silver4110CPU@ 2. 10 GHz, RAM % H 14 GB,
GPU % ] RTX2080Ti(11 GB).



543 MR AR, & BT EGHE YOLOVT I 22 BRI 53 32 891

2.1 HIE&ERAE

o T RER/NE AT RS GWHD b, esv #30, PR SO L4y YOLO #3280 ik Jm %L
R SLA 6 515 5K s RoPR/NA 1024 X1 024, Hp gk 3 657 sKkIE Fr . ok 4 Fn il i 48 43531
SrdE . U0 UE AR R A S o S AR TR 7 ANIEL 8 .

- -

1476 5KF1 1 382 skE K

A\ T

|

A

B 7 & RE
Fig. 7 Example of training set

(A) B UELE S (B) WAz 5241
8 INIE&E (A FNKE (B) L4

Fig. 8 Examples of validation set (A) and test set (B)

2.2 LWBHRE

ARSCSG P TR TERE TR . R A R RN R 1 024 X1 024 B3R, IR SGD 1E N
s, B2 %0 1X10 7, ghidh 0.9, AEREEY 510 1. SiEA o 3, il A skiB KOk,
FEUZRIL R, A batch HALE 6 SRR, FEAIN EVC BEBRS . Hf batch NSFIREE Y 2. XA AT
300 4~ epoch W%k, F32 84T 10 D%k epoch Al 1 NI epoch.
2.3 ZWIFMIER

FE/INZ 2 ARG I 52 55 v, AR SO mAP@0. 5 il mAP@ (0. 5~0. 95) (V- 2 {HAE g P71 46 A,
Hrp, mAP@0. 5 FRTESCIH L Qo) BIE KT 0.5 M BL T 197 206 R . M6 % (Precision) .
1A (RecalD) | SFEJHER R AP FFEHER R E m AP B9 THRA 053508
TP

Precision = TP+ FP° (8)
TP
Recall—iTP_'_FN, (9)
1
AP:J e(r)dr, (10
0
mAP =13 Ap,, (11)
(S

Hrr, TP R/RIE# BN ; FP R85 3R 09 B ; FN IR B0 o s 42 i 40 H #5 ; Precision 378 10l
N TP BB s Recall 278 9 1E 8 B0 89 H bR 25 8008 56 1 9 B A F AR B0y BBl 54> 2050 9 F- 25 4
B AP il 1 75 R R A 2T A 2R AR R A s P HERR R m AP T A 2RI H) AP YF



892 oMK A R (B 2R RO %62 %

B, 6 AP@O. 5 F R i 2 8 A
2.4 YOLOv7 W42 5 gt J5 W &SR S 45 Rttt
ARS8 B 1 5 X SRR B AN I g R A . 2R 1 A T AR SO R BdiE 42 GWHD
R R SR, R eI, 5 YOLOVT MTH . AR SCI% 3 A AR T 4SS 70 76 B dis 48 GWHD |
1 mAP@ (0. 5~0. 95) & F+T 2. 11 > H 43 .
1 AXEFEHESE GWHD LHERMINER
Table 1 Results of ablation experiment of proposed algorithm on GWHD dataset

RIS ARSH/ MR FE mAP@0.5/% mAP@ (0.5~0.95)/%
YOLOv7 1 024X1 024 93. 89 49. 89
YOLOv7+NAM 1024X1 024 94. 07 50. 92
YOLOv7+SAC+NAM 1024X1 024 94. 83 51.47
YOLOV7+EVC 1024X1 024 94. 21 51.17
AL 1024X1 024 95.57 52.00
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Fig. 9 Comparison of detection results of target dense pictures
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Fig. 10 Comparison of masked image detection results
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Table 2 Comparison of experimental results of different network models

CEZ S AR /MG # mAP@0. 5/ % mAP@ (0. 5~0.95)/%
SSD 1024X1 024 90. 49 47.79
YOLOv5 1024X1 024 89. 07 46. 40
YOLOv6 1024X1 024 88.19 43.55
YOLOv6+SAC 1 0241 024 89. 21 46.71
AL 10241 024 95.57 52.00
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