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Study on Corn Crop Pest Detection Based On Improved YOLOvV7
GONG Yan, ZHAI Junjie, WANG Kai, LI Yu

(College of Light Industry, Harbin University of Commerce, Harbin 150028, China)

Abstract: Faced with the challenges of small target volumes, diverse morphologies, and uneven distributions of pests in maize
crop pest detection, existing detectors suffer from issues such as false positives and false negatives. In response to above challenges,
a maize crop pest detection algorithm SPD-YOLOv7 based on YOLOvV7 is proposed. The maize pest dataset is created and collected,
and the data augmentation technique is used to enlarge the data set. The SPD-Conv module is introduced to replace some step convolu-
tion layers in the original backbone and head networks, and mitigate the loss of detailed information as the network deepens, thereby
enhancing the model’s ability to capture the features and positional information of small targets. By integrating the ELAN-W module
with the CBAM attention mechanism, it enables the network to better learn pest features, suppress background noise, and focus on
the target itself. The improved YOLOv7 network achieves an accuracy of 98. 38% and mean average precision of 99.4%. Compared
to the original YOLOv7 model, the accuracy and mean average precision improve by 2. 46 and 3. 19% , respectively. The enhanced al-
gorithm is superior to mainstream algorithms such as Faster-RCNN, YOLOv3, YOLOv4, YOLOv5, and YOLOvV6 in the detection ac-

curacy ,» while maintaining real-time performance. Experimental results indicate that the proposed algorithm has the rapid identification

of maize crop pest distributions and can be applied for real-time pest monitoring in practical agricultural fields.

Keywords: YOLOv7; SPD-Conv module; CBAM attention mechanism; pest detection; small target detection

0 5|5

ERAR KRE, EREREREREOREEDZ . 1
PRNEREEXRIEREF M SRAEY . FEXAED
T WEOREF R B ST MG e JE . REOE L BB A
MR, REM E R R EERED . ok (3] o
FERW] . FEARRELZG Y B G I M A B0 . B M 9 7R
K P R B Gk 48.35%, B2 HRE Rk
98.91%6 . WLBEHE M H 9 42 3 & 5 B0 T oKk H K i AR 7=
Vol FE ] 0k 10 % ~30 %61, A G i T ok S W 32 A
TR AR A T AR AR N 536 Ak HTR B 2 G s R & 5
AOBLRD O TR R B A . RERERE 7. AT LAAE /D
FIURE AR FH S B WA L DA A A A R bl s A A

Wi B 2024 -02-27; {&EIHHE:2024 -03 -29,

TR TR 3K

BEE N LR REEAR M AW KR, Ildsed 5HEEY
5 AR R g G I AT R T e AT N, Sk
(8] RAEMG 4y #. FRAESRBUR 43 28 4 B my H R £k
PR T — AR T AR R AR 4R B JUFE R O 2. Sk (9]
BEXT KRG MHEATAFSE, 18 5 F K-means B8 R RH P
FUR B AR . BRI T Bk R A& mal, &5
FESE 3 SRR IE AT R OT . TR BE 2 2] Uy 1 M 2% 1 2k
FEHE bR 2 RBEFFE, AR T T BEBRS BRIz AL BE
TEA )3 ORI, Ry vk 2R R Y R
M A A H AR I 9 2% £ 5§ SSD . Faster R-CNNH
(Faster region with CNN) Z %1 fl YOLO"® (You only look

EEWB RIS Fh A R H (23YSD245) 5 g /R 8 7 Mk R 2 1 -8 2 5T H (2019DS087) o

EEENH
SIABR

PF1981 - 2, T2 1L b,
oroREAs, T

Bl 5. T U0 YOLOVT 8 F R AR & s A5 (1], H 3 pLal & 5 #4291 . 2024, 32(9) : 58 - 65.

BB MU www. jsjclykz. com



%9 =]

W, . P YOLOVT [ E R A/EY 2 Bk i #F 55 . 59 .

once) FINEE, Stk [17] $2H T8k iy SSD 7k 5 2L 3 i1
Bk, LM ESMEER 79.3%., 3CHk (18] #F
Fast R-CNN #5511 55 4 57 7% i % FOR B 48 (R0, 4%
BT —F % A Pest Region-CNN 4 3 2] 3 H A5 Ao I 42 7Y
ek [19] #3 T YOLOv4-Corn BB, 2455 T A5 5540 b £ ke
THTEKRFLERN, £H5ESFRE NN S
(BT AS, EL Ao K B AT A 48 T2 1] .

AR SCEE R TR FE BARBUN . HARLEE =5 BRI 4 R OR
FERYIREE, $RH T —Fh 3k TR iy YOLOVT &k, A UK
FEAC R FE NG 7RV B el 7=l bl 700 5 A 8 T — A & L
FORMEY E A BHE 4. DO B & o A, SPD-
Conv fEH R AL Ge 500k AL B B, b TR E A
BIANFTHIe . — B4R T /N B AR R AR A A R, B
ST I M RRIE SR BCRE F1 . 51 AR A T B S L CBAM™
5 ELAN-W BIHegE &, (b 2 W 2% 43 3] 5 388 38 0 2 [ 4
YRR, WP E 2 MREE R, RIEA SR =
FRIE(E BB ). ik Jo A A5 20 BB 4% P 17 o 1) 2t 7E &2
FR 0 A SRIAEE ORI ROKAE S o,y K R T 4R 1L
THMHEAR LR

1 YOLOvV7 48 2544

YOLOv7"* & YOLO F 31 Hh e P 48 4 H A ) 26 A A
PAALE H i /E PASCAL VOC 48 47 1 J A R e df 3
TR B R AR RN YOLO BB & 78 5 B 0 o 1 7
AT R B T S T 4 RSUAS R LAt b A B R, BB A W 2 ST I
HERA RN B AR 2540 N EORMEY & dum i k. g, R
Y YOLOVT Bk B 2981 8w 09 e ks B2 (H 5T XF B
TRARAURRAE B b RBE T AR A2 £ X 46 Tk B8 (9 52 i A
FRFEE . FHi, A&CHET YOLOVT V5 B fil 4 i £ 71,
I HHEAT T M. YOLOVT RIS R U 1 FF 7

YOLOvV7 M2 Zathy iy 3 A% OB -4l : v A (In-
put) . ET ML (Backbone) FAKIk M5 (Head), %A
Vit 38 H AL B 640 X 640 X 3 RSP i &, e & ad BAL B S 3%
AETME, ZETMEET YOLOVS 224y, FiA T Effi-
cient Layer Aggregation Networks (ELAN) %5 #4 fil Max
Pooling 1 (MPD) #i#y, [Alft 45 & CBS Bk L2 BUi A K
R AE . K0 Sk ) 4% ) A 5 Spatial Pyramid Pooling #H
Cross Stage Partial Channel (SPPCSPC) #%5#4J. ELAN-H

:Backbone

|

5
JRN U

MP-2

é [ UPSample ] [

e CBS (cat)
LS ELAN-W

[
> REP

[ ELa kl[ 8BS ) —[Conv] BN | situ] [ cBM ] —[Conv| BN |sigmod |

CBS CBS

ELAN-W I - CBS CBS CBS

cBS | cBs

@)

'

.l

cBs | cBs | cBs | cBs

CBS | CBS

CBS |

. :T

[ cBs }

.- MaxPool 13'.

(0=1/2) (0=1)

Maxpool l CBS Maxpool CBS
MP-1 | MP-2 |
(=9 Laez ) G e
CBS

Component

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
J—{ cBM !
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
:
|
Structure |
|

(0=i)  (0=i)

B 1 YOLOvT 4545k

BB MU www. jsjclykz. com



© 60 - P A 5 45

%32 %

1 MP2 FRIE$R IS4, A& RepConv 4548, 32 I 45 i
B 3 AMRAAE 2 FE R Sk R 4 b ik — 20 2, R Ak s
VIS B Anm 2 ROBER I AT 4 s 3 AN [l RS i 131
W 25
2 YOLOV7 #; il & % B i
2.1 SPD-Conv (Space To Depth) 1k

SPD-Conv #Hfiz L1 Raja 8 A$2 1, H 32 il space-
to-depth (SPD) il non-strided convolution JZ #4320 i i)
GBIBE., EWARRBERNE L ER, DI DENY
PRI A R o A NS R L A S R 2 AR BBk . T
fii 1 SPD-Conv, AJ LA 0 3R &5 /N 9 (A4 I A o e 1, JF
REBEZHHETEL.

SPD-Conv FY#AE AR WA 2 Fi7R . JSERHMEE 20 R
R, (BB T AT A AL R E B . B R R
VR A T3 J 1) 3 ) N UG, B> TRAAE 1B Y 20 %15 I B8 0 58
JESET S/N. [F) I E TE RORRF NS JFRE TR 1R 3
mEFERRERE X, P, B (D TR, X R
T BT A AR B R B AR B IR E A Y Mg

~ ~ ~ S 2
X(5><b><(,]>»X1< xﬁN-u) e

S
N
fEHAEB L ERZ GEPiR=1 XHRER#ETER, L
PAFHREAE, RUJEREBH Z MR EFEE, B (2.
X](%X%XNZQ)»XZ(%X%XCZ) (2)

Horpr: €, <<N'Cy o RXPHERAE DR BT 40 50 e ik £ A9 ]
i, b BA 1R SRR B A A

& 2 SPD-Conv 45 #4

TEASC . 7 X B 25 4 AR S BORY AT i 2k S5 1)
JET, MP-1 fil MP-2 #5878 Backbone fl Head #4233 T
B, BARRUL, &ARMILZIE R CBS & Bl i SPD-
Conv B, X —Mgh ] ATEE 3 Hif i Bos bk, Hilk
[FI B, AR %) Backbone Hrdiy A (19 55 =4~ CBS & 17
THE e, RAT SPD-Conv fidl, @it X 2o, HER )
REAS 3 7 A R4, Tm] Bt B 3R A T A T & R Y )
AR AR TR A /N Wy A T 25 4T 55 v LT i e
2.2 CBAM #&Eir

CBAM (Convolutional Block Attention Module) J&—
g Hm sk g, K 4 () iR, CBAM i
TR HLHN B 30 0 3 R ) RN A A R SRR B A B TR
W B Hh )RR AE 8] . 1 B 43 551 X 3l G 0 2 () 4 RE E AT Ab
M, Gt bSO RRIE R SRR AR B RS, AW T

(0=i/2) (o=1)
(o=1)

Ea= @
CBS CBS
E (0=i/2) (o=i) E
! (o=1) !
e |
(sor2) = (=)
i cBs | cBs 5
(0=i)  (o=1)
(b) B8R

&3 MP-1, MP-2 ko ik 3 5

FRAE A FOE L fE . CBAM B9 51 A AT LA 205 T8 7
MR IFTEA B E 55 h R B RAF I TERE

HWIEEEALH T WE 4 (b FiR, B, AN
fiF [0 38 o 42 5 7 ¥t Ak (GAP) R4 Jey fe Ktk (GMP)
HEATAL B, DIRHUR SRR R 5 B . A . XA E K 2
RGN (MLP) (9T 4E MR LELL B . Bl G o — 1
FREPE . fgJm W SHG R AR 20 T8 O R L X
b Py AT U CBAM A B 5 4 3 G 7 T BEAY AR AE . 427
YT s 14 6 00 E g A0 R

ZSETER I HLHI I 4 (o) Fros. A B FEAE B ) ke
i AR 1 AL A 4 R B R A B A 1 2 R A [ B9
R R T T IR e BT PR . RS, X LB RRAE
Bl —A> 7X7 RN BUZSEAT AR B, e &0l i sigmoid
PTG BRRCAL B, A5 B 43 () TR g AL X R Ak B 5 SUA B
TR TR B Gt B AR R R P A R P B s AR R . AT B T
R A0 AT 55 A PERE

N T AE R R B KO A I J bR B AR SO
ELAN-W Bibe it 47 1 it . f5 HdJg — DS BUR Bl 1
CBAM WAL S Bl 4 BT S i) 5% B o) o8 40 19
ik TR 25 39 50 1 i 28 0 245 1) 2 2 SR DK RE ) .l i %
it . RE A SV G I BN F AR T L, R TR A
P LT+ 09 2 R A 1
2.3 SPD-YOLOV7 H#r#& s &Y

A PR 22 W25 TE I 28 JZ BOmMBEmE . il TR A T B B

BB MU www. jsjclykz. com



% oW BOWE, . TG YOLOVT i % K E 4% ke BT 55 . 61
e——— R REAR . 3 S I SO O SR S RO G 1 B . T At
&

WEER SR S EER IR

RefinedfF
HNBEAEF AEF”
b . F’f N\, F”
Mc ® Ms ® g

(a) CBAMBE (R &5 1y
ﬁ)ﬁ&%ﬁﬁﬂ%
WINKFEF Bkt MLP&;\?M?; i
=, —> B
LE N
(b) B ER 451
2% ) v T AR
HBRE ZERER T
Refined F’
o

[mKide, Pl
() 2 RERS I 451
El 4 CBAM %t

KA, F5FBNERFEFROATEBER. T
SR 43 b 4R BUA AL AE . AR SO YOLOV7 fy Backbone Al
Head 1y MP-1 #l MP-2 Z5 ¥t 47 T i, K¢ CBS ik
ey SPD-Conv 5, X — Wik i F 3 T+ T/ HARE Rk
DUAGBE . UbAh, O T 34 58 R AR 4 & B0 R AE 42 BURN -
ey, ASCH ELAN-W Btk e — BB EEHRN
CBAM {3 Sy HLh o 3 a2 72 38 T8 A2 6] 5 4 4k B B 9 Y i
B, RETEREYF RN CERERFR, WF6, ¥
RS, IEMH T IOCARBAE, TR ERR R ICE B E S
W AR AR . B S I SPD-YOLOV7 BN E 5 fim, H
PR R 4R AE % 8 AN A A A B A 3K o A I 4%
WIS N A A IAEE R B H AR AT 55, 4R TR AL i
FERA P
3 KIEE
3.1 EIHIESE

ASTIF 5 B S 6 BOHE S W T A0 F 2B e V148 b K T v /R i
BB 7l B A b AL S AR O A S R
SRAEM A R 1 w7 A I O AT BOEE SR AR . IR
KA T HERE D600 BUEIE AL, BT 35 mm~135 mm 1y
HK AR BT A1 100 mm A9 IR 45 3k TR VR4 F IR AT I B
BA0AE . BUEREERTE Y 2023 AE 6 AP E 8 M1, £
T T T MR R R R LB A B 4 3 R R LAY R K
Fl, ERRG SRS, BIBR T HE S, o B RO A
B BOLB T = 2Z MR, REIEM T 5 1 340 5kIR
KRR SE, HhEmERAHE 400 ZIKFEA, K6 BR TH
ARSI, B 1 A 3 AT Ay AR TR L M B 1 AT BB

F oK R AT U A AT
3.2 HEEERGAESHELR

N T IR TR, AR SCR A T 48 A
— Ak A B EUR AT AL B, LB L YOLOVT W 45 458 1 f 75
10 S A7 R 5 W R . SRR R K 3 OB S b R A B R
R 5 AT2 MR E X3 648 8K, &g — KA 54K 1 080
BEXT20 R FE., EHIEET I, AICHEH T Labelimg
Ko b TR X 3 Fhd B4 TR, MRS ACRA T
VOC, JFLA xml U R AE. BT 5 YOLO BRI 4
il F python % 4 J A< K b 25 4% U6 46 YOLO 7 25 4% X
I Lh txt SCHA% RARAT

R RED B, REAR TR RIEE R 3 FifEY
FHFEABCR B4, AR ) AR K B BE A R RE AR BT
FAAERCR 22 0E . B0, 5 M 57 70 Mk A e B AR A 245 100 3K,
Migh BBEARHI Z2 3K 380 k. N TR L) ok Rk K
W8, il D BE AR BOHE AS 3 fy : SORE TR M RE T B 1 I A
ARSCHEAT T i — 2 AL B, AR 58 R T 22 Bl ROHE 3 A
PORY FEREABR £ . B e AL A R e R Yy ik xt
P AT AL, LY A3 0 P G Ak B R A Ak T A O ik ok AR
PR 6 B2 A T 1 oK 5 B G . ik 18 3y s (45 5
HEMR SEGEF] 3 000 5K, BJSHEE 8. 1. 1 @ BRI 43
GitE, WUFE ML,
3.3 LRHBERESHIEE

LE B LHOF A R Windowsl1 #:4E &2 4. CPU
P i AMD Ryzen 7 7735H with Radeon Graphics, GPU
J NVIDIA GeForce RTX 4060 (8G), ¥R 2% 3 HEZE K Py-
torch-1. 11. 0, %215 5 9 Python-3. 8. 18, 4E Wi JT K ¥ 85 K
PyCharm2022. 3. 3., SEEYIZE RS HEBEINE 1 s,

1 LHEBESHPORE

ZH ZHUE
o) R 0.01
i 0.937
A E 0.000 5
BEAWEE 300
it R 16
&5 R 640X 640
2 2] BRIE W Iy W RI%IR K EE

3.4 EENGIEMIER

AWFFEAE T F AR R A S8 AR, R TR
R (precision, P), HEZE (recall, R), =X F KW E R
S UERG . (mAP, mean average precision) DL K 6 ) s
(FPS, frames per second) FI#ii %k B %X (Loss Function),
e AN B B AEPERE L R, X LB HE A RE A5 & WL b B
R H AR R A 55 R B . A R ZRGITY
HEfR 28 DL R S G 0 3 A

P R ERVER PN A B bR S80S SN B AR (L

BB MU www. jsjclykz. com



. 62 - R HLI fE15 E i LR
r ----------- T e m e e e e T —— ---'------"--"
| EFF% ! i| ELAN-cBAM }.—-|' REP  |— cBM }—n kS |
:Bm*bmw : :L"'  — Head
|
\ \J
| E SPPCSPC
|
| '

[ R B S s
|

: | UPSample |  tSee—gperr i
|

|

b man e cBs [eLavy j—s{ REP j—{ coM j—
|

; i

| |}

| |}

| 1

| ST —

i -

: :| sewe-1 |y = ____l___.
| ----E [ uspample | Erscmp—z ]
, L =
| )

|

| S

}

! ELAN-W {_REPj—s{ OBM }—o
}

CBS CBS CBS

MaxPool 5

MaxPool 9 cBs | cBs

O

M 3

[l 5

WS KR

Locust

B B R

Fall armyworm

XUBE
Monolepto

hieroglyphico

& 6

FokE MR
IEB G R IRBIA) Z B, HBeE Rk AR

TP
TP + FP
K, TP R BRI B 9 £ oK F B 8, FP R
W 58051 5 s L A B
R SR RSN B (9 1L 4 B AR5 L PR AR A s (|
FERBTURIEIRD 2 FIHLH. TRk AT
R TP
TP + FN

P (3)

4

PikCR AP
Component
Structure

(0=i)  (0=i)

SPD-YOLOVT7 ] £ f&i 7

s FN 7R BeA R i 21 (1 TR AR 9 3% s A B .

mAP JEA5 XA A 43 151 5 5 BT 09 K5 BEAT 1F 36 0 i
SN 2 B £ 8 AL B R AE A [ 1 [m] AR BB, B
S M EEN R bR . T PR AL AR G0 A B Y
PERE . mAP BRCERIBAERR N -

mAP = £ STAP () (5)

s N FORAEY & RIS A BCR S & IR, AP (&) 3K
TS b S B AP (A

FPS Jy 5 84 4 0wl L Ak B o8 5 A 0 5 o P45 A T 2
PR oA A AR )G

ARSI 2 A 2R of i B MR A R PR BB S Lo 7R
GrRARS . — Bl sigmoid B

softmax 13 3], A< 3Cit i sigmoid i B KT ) — 70 2
WK Lo BFFRIBZAFRN

Lep =— %2 D gilogs, (6)

i=1 c=1

b NSRRI B R AR RCR g A0 3 0 B 5 5 R

R ML : www. jsjclykz. com



%9 =]

W, . P YOLOVT [ E R A/EY 2 Bk i #F 55 + 63

FEARAA ¢ SRR EE R 0 T ORMED & B R 5E .
4 ZWHEREHH
4.1 BFEHIREERIXT o

MRS N ZRaE A 7 s, WE 7 (a) AIRLE
, AEEEABRY LS HOHRE RO . BB 45 R0
WS, YOLOv7 #1 SPD-YOLOv7 #5578 [) 15 2% {8 3 3% i
W, FRUB AN G R P R B AR AE MR, KW
AMERIFE LT 300 SR 58 8 T R AE . Rt SPD-
YOLOV7 [ 2 {5 b YOLOv7 # B4 0. 008, i ., SPD-
YOLOv7 [ 2 5870 (1) B {5 B 451 2 e 84 s 3 i e, JF AL g
ZART YOLOV? MEFEH K, WE 7 (b ~7 (b AL
F it J5 1) SPD-YOLOv7 # B i e % . H MR mAP
SRR ET 2.9 NE AL 6.8 ANE A EM 319 N E A,
YISl T il 28 58 A . 0 2 (2 4 o A AL 45 R AL R
B —ANEEAR AR, 450 (E B 50 B 500 AE L5 B S AE 2 () 22
SN . A IR B AR A . SXE B A SPD-YOLOvV7 #5#
A LA B i g A 0 T

——SPD-YOLOv7
0-10 -~ —YOLOv7

0.08

1]
20.06 f
= b

precision

0. 04
0.02

0.2 ——SPD-YOLOV7
-~~~ YOLOV7

0
0 50 100 150 200 250 300 0 50 100 150 200 250 300
epoch epoch
(a) loss i £k (b) precisionpiZk
1.0 =
0.8 .
H [T
= 0.6 | S
CR I £
S 0.4 E
Lo.
0.2 ——SPD-YOLOv7 0.2 ——=YOLOv7
0 ----YOLOv7 0 ) _ |—— SPD-YOLOv7
0 50 100 150 200 250 300 0 50 100 150 200 250 300
epoch epoch
(c)recal 1 fhgk (d) mAP il 28

7 S e R M A

T A AR R S AT A B Ay R B e T
TREHERE, & 8 frn, EWEM T, BT FRmm M
Foil, RHIMR R SL R AR, R A 2R T BE R IE o
SRR, AR E R g, R RUE R ER 4 B bR
AR IE W T . 3 R WA R LA KA PR
4.2 HWiNERLE

R TV J 7 B B G  E BE . 4 B A YOLOV7 5 SPD-
YOLOv7 % [F] i) 5 b G BEAT R, f 8] 9 W] DL ik
)5 SPD-YOLOV7 #5502 7 JFE A TR 4G, I A 4 7] T
TR 2R J7 1) SPD-YOLOv7 # 7 B L J5 4R AR 7Y (10 K 0 149 4% B8
. SEHRE B Bk Y SPD-YOLOVT A2 I 3 5 0 47, #
NN DA
4.3 HEXKEERSW

SRy IR UIE TR RS 40 X R A s ARG A R 1 R . SR O

o
1]
=
Q
K 0.8
]
o
=l
- = E 0.6
Egd
o £
- A
T 0 ®
Eg g 0
~ g5 .4
= £
"%
© o
S 5
3.3 -0.2
&< 0.02
X
Q
3 =
o
locust Fall Monolepta  background
True armyworm hieroglyphica FP
8 IR VA HHE R &
KA To R/ IR KR

FAAERAY/ TR

B SRR TS K

B I

YOLOv7 SPD-YOLOv7

P9 s R

il 52 360 7 0 6 U A% oA O R W A . AR SRR BT 4 A
AN [RIREHY B Rl S, SEER R AR 2 PR
R2IHRESER R REXT L

Test No. model P R mAP | FPS
1 YOLOv7 95.92 92.27 96.21 | 71.7
2 YOLOv7-SPD 98.50 94. 32 97.89 |68.3
3 YOLOv7-CBAM 96.41 98.23 99.20 |72.0
4 TOLOv7-SPD-CBAM| 98. 38 99.51 99.40 |69.0

T 2 BRI LA . 928 1 R A T R AR I YOLOV?
BERL, 7E oK F RO Oy T AR TR AT MR . R RN
95.92% ., A Ial % 92.27%, mAP J 96.21%, FPS %
TL7, FESEE 2, AR SCAE W HR B R g LRk . o B AR
Backbone il Head ¥ /i1 T SPD _ Conv # ik, 25 R BN,
MEF LR 1, mAP £ 7 1.68 M H . B8 T
98.50%, MEFIFE T T 2.58 N H M. X LW SPD _
Conv BEHBERS /D 40 (5 B A28 . & /D B a9 14y 45
TEfE . FESEE 3, AU IR 5] AT CBAM {E
HAHLE . SR BR, HETER 1. mAP T T 2.99 4

BB MU www. jsjclykz. com



© 64 . P A 5 45

%32 %

Hora, BHET 99.20%, HEIFERTT 3.91 ~H M.
X FEH] CBAM {2 1ALl 68 0% 76 3 38 1 45 a) 95 A4t B -4y
BeE BT ST T RN H AR A0 A Y A ] R R
SCTHG A LR T SCER 2 MISCEY 3 A att T vk, B ARG ) T BE i
AR, EEfR . GRRM mAP 33T T 2,46, 7.24
319 ANE . H, AR A SPD-YOLOV7 F 7
LA TERR DRI, WA T T 98. 3800, A bl Fk |
T 99.51%, mAP 33| T 99.40%, FPS H 69.5, i@ i ¥
R SzIGTER, AWFSEN YOLOv7 H A5 A6 0 4 B0 i ok iF BoAy
TR 1 3 3
4.4 TREHRKENEEI LR

R T it — 25 B UE BT YOLOVT B85 M 58 1 A bk .
TESE A R B4 4R R C B3R B8 T . el 5 9 YOLOv?
BIESIUM R BAR A E (45 YOLOvS, YOLOv4,
YOLOv3 FiIl Faster R-CNN) #4717 Fe# . 3 i % ix 6 5% 9
FESFPIENTE bR BRI, WEH T B YOLOVT Bk 7
SR AUl I = R (N o = A= B R O = =

LHEE R 3 R,
F 3 U ARSI A A R L %
model P R mAP FPS
Faster-RCNN 93.48 | 83.89 | 91.07 46
YOLOv3 88.97 | 81.84 | 92.33 59
YOLOv4 92.06 | 84.14 | 90.84 65
YOLOv5 94.60 | 90.19 | 95.25 74
YOLOv6 94.26 | 87.73 | 94.87 98
YOLOv7 95.92 | 92.27 | 96.21 71.7
SPD-YOLOv7 98.38 | 99.51 | 99.40 69.0

MNFE 3 W LA E,. Ml T Faster-RCNN,
YOLOv3, YOLOv4 Fl YOLOvVS5, #iE /5 i YOLOvV7 & 3
TEUER . BER M PR EE T IR T AR B
R dERE . EOR Bt S 0 YOLOVT 76 £ I & 1 g I
YOLOVS, (AR BB m itk fe. 5 H b 3= mAC R A0 e,
MEE I YOLOVT FEHE® B LA T 3.78~9.41 B &
M, EREERRFAT 9.32~17.67 ANH S E, ETE
FEXE T T 4.15~8.56 N H 8. X LRI
BT Btk 5 1) YOLOVT 78 B bR I 1w 0 o
4.5 REHMESH

ST B UE AT CEE R YOLOV? Bk iy St FdE, A SCE JE
SR A B I YOLOVT 5 B S8t 7%

Fo T E BRI 0 S R

model Parameter quantity/M Model_Size /Mb
Faster-RCNN 3.8 54.3
YOLOv3 .0 25.6
YOLOv4 5.6 28.3
YOLOv5 5.8 14.4
SPD-YOLOv7 3.6 12.8

M 4 S BOR T Lo A IT LU . AR BIE S E A
HEH) YOLOVT BERE ) 2 80 B0/, A H H A LA A R R 15t
B R TR i R A B R R/ B IR X AR E A
A A2 K TS R . A B R YOLOVT B8 244
B AR ER PR BOR B o O T S BB T g ] B A
AT RS AE O A B 4 B R AT BN 2R AR R B 2R A A
TR E] app HBEATIEAT o IX A T5 1 AT LAAT 20 I A A
BOR, JFORUEAE R AE AR A B A& . e 10 Broi
BB B F L& b RO AZ R A KB S B T X
FRAMEY T AR HERT I o

YOLO TESH YOLO TESH

| | SWITCHING CAMERAS

SWITCHING CAMERAS

YOLO TESH YOLO TESH

|
SWITCHING CAMERAS

SWITCHING CAMERAS

Bl 10 FHL app Kl CR K

K10 BRI ol R BT AL 7 i R AR AT
VA R GEAE T app 6 A F00 I 2585 00 HE AT H A 4 D0
MOEE R, SAERE PR 5T S8 AL B B0 R A B 552 B f G 0 e
BEEREAR. SRT0 . FHL app Lasfy IR R AL SC B TR
TR e . 764 I BT IE AT DU — 45 0 1 B g 47 4%
LA B, AE TR, AR RAE ] ROT 3t 46 2 i 2 i 5
ML, [, O 7R AR A, AT DR B AR B
e B A 55 i ) 2 o> o R 4 B 10 T ARORUHE L A% B = i 2R AT
FUBRAGIN  HoRF 5 28 0 S 45 SRR [l 21 F Bl o DL R AS [
Pe B R A ST HL B o 31X B D 2CRT LA S 5 3 3t K AR F 5
A E R | 2 S
5 ERIE

B0 FOK S HUG I A7 AE R AR, 2 B R BN 5 i
BURASE . BRAG . DL [A) — b AN [A] AR I 3 1) 22 5 R 45 0

BB MU www. jsjclykz. com



%9

o}

W, . P YOLOVT [ E R A/EY 2 Bk i #F 55 .+ 65

LIS, AP E T 3T YOLOVT g ik fY F 2K 3 du g m
Bk, B EERA T RELMIES FEZE UL CBAM,
DA AR M G . okHh 1o 25 ROk BUR B BE A, sEad
PEZSFERG . SR TR R AR B 2 IR B T $R U/ B AR R AE 1Y
e ). O TR TR F B S bRAE TG iy 5, XS
AR AOBCHE SE U AT o B R AL B, T 2R B DL AR AR
FH RN GRAR . HJF 5] A SPD-Conv B, LIg# L&
L A 4T S BBk, IFEEET/NERY RN
FRIEfE B . #2877/ HAR 3 s mias i

23 Bt YOLOVT #8156 oK 5 sl k6 ) Fp Ay o o
KENT 98.38%, HMIRKF T 99.51%, mAP@O.5 {Hik
T 99.4% . HEMHEK YOLOVT A, #WEifitE. M
LR mAP@O. 5 S ML E T 2.46%, 7.24%F13.19%, X
TR 5 TE ARG T Y TR B, BRI R B B AR T
ROAEBE . A3 RO M BF o8 h s g2 — 25 47 o) 45 455 A 1Y
RGBS . SRR B AR (1 RS B

CESd &
1188 & HhEEXRST:
MABHEL KA, 2011,
(2] wHiR. Eokw WlhEREAEEM [J] Fidkl, 2020,
50 (3): 34 -35.

(3] &, BAENE, W Ak, % RO BRI Eok R R
fEERRME [Cl /27 mmERIA B 4. 2019. 40
- 42,

L4] RAR . XCBE 2 i FAE ROK T 5 ok Bl 516 00 5 B 6 91 R
(1], hEBEEST, 2022, 42 (7). 69 -75.

(5] MR TE. B Bk H R sy 3 0 R B S B R [J]. ]
B, 2019, 30 (35): 28-29.

[6] WhaEE. PLESEHARERMED R L FWIFRSNH [J]. &
FL, 2014, 21 (5): 57 -58.

L7] Whalds, SKWEIR, FPorvf. 2. JET BB M 4 0 R AR Y
BERmW LRk [J]. &Ll 2R, 2023, 3 (6): 6-9.

[8] %% . ST LA F JUR0 ik 0k 5 (D1 B Wil
K2, 2016.

L9 8 7. EMRALBRTE B R U PR R G b iy B IBFSE [J]. 4L
FRL A 22647, 2019, 28 (2). 104 - 107.

[10] %, #as €, MR, . RIEDHNRE PRI CmEA
Waeggd [T Rl MU AAdR, 2021, 52 (. 1-18.

[11] WANG F Y, WANG R J, XIE C]J. Fusing multi-scale con-

e Skt [D] g . vk

text-aware information representation for automatic in-field
pest detection and recognition [J]. Computers and Electronics
in Agriculture, 2020, 169. 105222.

[12] SETIAWAN A, YUDISTIRA N, WIHANDIKA C R. Large
scale pest classification using efficient Convolutional Neural
Network with augmentation and regularizers [J]. Computers
and Electronics in Agriculture, 2022, 200: 107204.

[13] LIU W, ANGUELOV D, ERHAN D, et al. SSD: Single
Shot Multi Box Detector [C] //Proceedings of the European
Conference on Computer Vision (ECCV), 2016; 21 - 37.

[14] GIRSHICK R, DONAHUE J., DARRELL T, et al. Rich
feature hierarchies for accurate object detection and semantic
segmentation [C] // 2014 IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR), 2013. 580 - 587.

[15] REN S, HE K, GIRSHICK R, et al. Faster R-CNN: to-
wards real-time object detection with region proposal networks
[J]. 1IEEE Transactions on Pattern Analysis and Machine In-
telligence., 2017, 39 (6). 1137 - 1149.

[16] REDMON J, DIVVALA S, GIRSHICK R, et al. Youonly
look once: unified, real-time object detection [ C] //2016
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), 2016, 779 — 788.

[17] 4 ., 2 &, BEGL. LT SSD W 45 KA e ik i 7K A 5
Bk D] I K222 (20D . 2020, 52 (3):
49 - 54.

[18] DU L, SUN Y, CHEN S, et al. A Novel Object Detection
Model Based on Faster R-CNN for Spodoptera frugiperda Ac-
cording to Feeding Trace of Corn Leaves [ J]. Agriculture,
2022, 12 (2). 248.

L1o] B, £ M, & W, %, BTl YOLOvA & £k
FEFE RGN FERE [J] &R AR, 2023, 55
(10). 167 -173.

[20] SUNKARA R, LUO T. No more strided convolutions or poo-
ling: a new CNN building block for low-resolution images and
small objects [ C] //Joint European Conference on Machine
Learning and Knowledge Discovery in Databases (ECML PK-
DD), 2022. 443 —459.

[21] WOO S, PARK J, LEEJ Y, et al. CBAM: Convolutional
Block Attention Module [ C] //Proceedings of the European
Conference on Computer Vision (ECCV), 2018. 3 -19.

[227 WANG C Y, BOCHKOVSKIY A, LIAO H M. YOLOv7.
Trainable bag-of-freebies sets new state-of-the-art for real-time
object detectors [C] //2023 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, 2023, 7464 — 7475,

[23] TONG K, WU Y. Rethinking PASCAL-VOC and MS-COCO
dataset for small object detection [J]. Journal of Visual Com-
munication and Image Representation, 2023, 93. 103830.

[247 CUI H R, WEI Z H. Multi-Scale Receptive Field Detection
Network [J]. IEEE Access, 2019, 7. 138825 —-138832.

[25] WANG M, ZHAO P, LU X, et al. Fine-Grained Visual
Categorization: A Spatial-Frequency Feature Fusion Perspec-
tive [J]. IEEE Transactions on Circuits and Systems for Video
Technology, 2023, 33 (6): 2798 - 2812.

[26] NIU Z Y, ZHONG G Q, YU H. A review on the attention
mechanism of deep learning [J]. Neurocomputing, 2021, 452
(10): 48 -62.

[27] ohTik, 98 3, Fheboi. S5, I T U8 BE 2% o) 09 R B0 1
AP LEAR [I]. LR E, 2023, 50 (9): 1-23.

[28] ZHANG Y F, REN W Q, ZHANG Z, et al. Focal and effi-
cient IOU loss for accurate bounding box regression [J]. Neu-

rocomputing, 2022, 506 (28). 146 - 157.

BB MU www. jsjclykz. com



