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Detection Algorithm for Crabapple Leaf Diseases Based on
Improved YOLOv8n
GUO Xiu-mei, YANG Cun-zhi, WANG Shuo, CONG Xiao-yan’, SUN Bo"

College of Information Science and Engineering/Shandong Agricultural University, Tai 'an 271018, China

Abstract: Aiming at the difficulties in the identification of ornamental plant pests and diseases, taking crabapple trees as
example, which are common ornamental species in northern China, this paper proposes a detection method for common leaf
diseases based on the improved YOLOv8n (MCSW-YOLOVS). This method targets crabapple leaves in natural
environments, and enhances the collected samples. The following optimizations are applied to the model: Replace the
backbone network of the original model with MobileNetV4, adopt Wise-IoU (WIoU) V3 as the loss function for bounding
box regression, and integrate SPP and ELAN to enhance the model's capability to recognize objects of varying scales.
Finally, incorporate CA attention mechanism to decompose horizontal and vertical pooling, retain position information, and
improve the accuracy of boundary frame positioning in target detection. The results show that the MCSW-YOLOVS object
detection algorithm proposed in this paper improves the precision by 7.32%, mAP@0.5 by 7.03%, and mAP@0.5:0.95 by
3.53% on the dataset, achieving satisfactory detection performance.

Keywords: Deep learning; YOLOvV8n; object detection; crabapple leaf diseases
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Fig. 1 Flow chart of pest and disease detection model for begonia leaves

AT 1: 1 LR 4), LA 5 1 666 TKAF
A SR T T8 S 500 4K , 209 5K 361 4 52
WL S EGRAE, DL 209 30K 2 58 I BE B E

=L — R VPR R R i DR R B R I 5 2 AL g
T RERAIE . B 2 AR T 5T B DU AR REAS
3T SRR AT LE .

P i o

E2 TRE R TR
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Fig. 3 Comparison of detection effects in different backgrounds

Attention

Attention

input : 640%640*3 :

car i [ Deiest ]
[ Concat | Attention |
| Upsample | Conv |
| Cgf = Cotcat |
e T e S e e R = =
| UPsample | Attiltion |

A

Backbone

Head

4 YOLOv8n ZE {251
Fig. 4 Overall structure of YOLOvV8n

IR RIATE -
1.3 MCSW-YOLOvS

BEX_EIR YOLOVSN 78 A e U 55 v vl g
HH BRI ), AR S0 Y OLOv8n A 7Y 3t 4T B4t A
PeAk, 3k — B PR m B AR A 1 e - (DM JEAR Y 1) 3
T 2% 3 i A MobileNetV4, {5 45 84 1 45 % /D 1)
SR EMNIHEE, IR A ek R 52 e
77, (2) K H WIoU(Wise Intersection over Union)
VR FAE [ A etk B Ax il 3486 FE 7 e
IR S RANIE B v et D= DA - A

(3)F]H SPP-ELAN P/ [F] 42 44) , & 7% 7] 4 7 35 i
2 G i A 5 m U2 A 4 1 5 R
FRE R A fE JI M 454 . (4) 7E head #5433 il CA
B JIHUEI DUAE T 0 FHE 2 47 S B . MCSW-
YOLOV8 #4285

1.3.1 MobileNetV4 £ F W 2 # 4 MobileNetV4
F& Google 11 45 5 2 11 25 [ 265 B K6 S35 1) 55 8T B
R, AESE T MobileNet 5 51| £ 51y i F112 25 1% £
R E A . MobileNetV4 i i 5] A i#
R A3 (UIBD 44 28 HL AT MobileMQA 7 & /)



2 W]

S5 MEAS T B3 YOLOV8 (I3 3 I F s A 7 v © 299 -

Backbone Neck

I M

Input

—
SPPELAN

> Upsample

Head

.

T

5 MCSW-YOLOV8 #J22[&]
Fig. 5 Architectural diagram of MCSW-YOLOVS8

BT R S TR MR R ES S
BB . A B BT I 7E 355 1) R B (UTB)D
Hh A RO A5 AT G B R E T 43 B8 S B, TR
B A FRAE R AE A8 715 T B Re 3 A 7
%o AR F B PCR H 7 B BURFAE AL 22 58
W& 5 — MR E BT R Z A, 57 570
NFFAEREAT M5 Ab 3, AT BE 47 1 32 HUAIG )2 Wk
REAE s 265 AN BIR AT 4y B9 AL U ik N AE

I £ (Backbone) , 7 {8 A5 AR AL A4 (1) 38 F = 1]
Bk 22 H (UIR) M2 & 2] 2 % it TE AR FF = i
DK P2 1) [) B J 25 PR AR T B 47 2k (FLOPs (N 3
B M0, 32 RUERHAE s 3 B @ i 3h 25
30 T8 U R 1 B NAS 4k, 3 S A% B i
CPU/GPU 1 5 J1 ¢k, Sl il & W & L 1
K FE H bR, He mi IS g8 FE 5 9z AL EE T .
I, RS YOLOVS Ji7 A (1) 32 F W 48 B 4y

WIEY RS MAEREEZN, RERAMTES  MobileNetV4. B 6  MobileNetvV4 UIB &5
VB SCRRIE R @ BE /1. MobileNetV4E N =T KA.
! UiB ' """""""""""""""""""""""""""""""""""""""""""""""""""" \ I" AR
I 1  meaming > |
AN HEITRFES T B BRI el ;
________________ ' Addiional depthconvoluton | Ivertedbotlencek  Comvoluional New Archiectwe ¢ XSRS,
AP DWIKUIBH I AEMUIBL S AL IBE
UIB block with two DWs Possible UIB block instances Alternative fusion IB block

(]

PG ES A REEER

Point wise convolution ~Deep convolution

SI

AR LA 2DE

Optional deep convolution 2D convolution

6 MobileNetV4 UIB £5#4[&]
Fig. 6 Structure diagram of MobileNetV4 UIB



* 300 - AR A R 224 (H SRR A R

57 %

1.3.2 SPPELAN #£ #  SPPF (Spatial Pyramid
Pooling Fast) A& —Fi7E IR & 5% 2] FATH R HLAN 5 45
eE R, S HSE A T B AR S B
TN B AR RS BUIN , SPPE R AZ A& AT E oA
ey ARSI S V€ R AN =R AN DL
fiE, X SRR LEAS B Rl G F2 T Re R RS
TR R ARG FE o A T X — [ B, A ST A
F T SPPELAN' (Spatial Pyramid Pooling with
Efficient Layer Aggregation Network) . 1% 4% 48

F G 1 ] g T R AL (SPP) 5 & RUZ
PR A M4 (ELAND R ) 3 L], @l £
BRI L& LR 2 - T 1/ RUE H AR A
MR HE L . B AR 5  SPPELAN & & Ktk
(7 fros S5 R 7 R D SEBL T WAL - H 47 18]
TR A a2 R GURSZ T T I
5RO o B bR SCELAR R 3R EE D5 T
ELAN [)#5 i 38 : BCEE 73 e AL, DA 280K
BT R RFAIE X 35K

/ SPPF

Maxpool2d Maxpool2d

Maxpool2d

\

N

SPPELAN

Maxpool2d
Maxpool2d

K Maxpool2d /

AN

&7 SPPF #1 SPPELAN #& R R & &
Fig. 7 Schematic diagram of SPPF and SPPELAN modules

133 CAEEAME N1 DRI
K FE /N B bR I RE 77, A K AE 5 Y head 8
43 F s I CA™P (Coordinate Attention) v & 77
Bl o CAVE R ST HL A Sy N RRAE B 43 i 7K
P77 1) A BT R HEAT 4 R T S Ak (GAPD
15 B P8 ASJSZ [ 1D RRAIE 1) & ey BE R 58 BE
), 2 g S 2 A AR B A B . Kbk 5
T B AL R AEPE R , 180T 11 35 A 4 8

YR, A AR 2 MR IO (A0 Sigmoid) A= A A R]
RFAIE o 1226 1 v T R A0 9 22 TR 248 B 4% 20 9K
SR R BCE R ELVE R R . AR AR K
1A 5 T R R 0 3R A 3R B R 46 AL &
PRI XF L AR A o7 B 5 39 5 G B DX I i B . R
B R AT B R A TR AR R L SR AR 5
EHEAE. B8N CAER IHLHI LI
T2

RFIER e

C*1*1

R

BT & i B

| 1

> ’ — CHHFW

C*H*W

[E 8 CAEENHFISEITIEE
Fig. 8 Realization process diagram of CA



2 W]

S5 MEAS T B3 YOLOV8 (I3 3 I F s A 7 v « 301 »

1.3.4 WK B F AR 7E H F3A AT E HAE 55
e, SR IS FH )90 2K bR K 2 B M B (1) B A
PERE ARSI B o sk % 2 Ao ok R 3 1 25 6
XF B CAn B 9) 5 AR ST R ] Wise-ToUP (Wise-
Intersection over Union)v3 1 A iZ A Y ()10 FHE
B R, Wise-ToU(WIoU) BT 5] AEh2s H &
SR AENIL L SR B B B i bn AR 2 ToU X
TRMHEREAT BT B FE &, IRt 1 — B8 Resh L
R L XA SR . — 7 TH 55
A TR FE TR AE DI 25 rb B 32 3, 55— 5 T
AR5 TR A A I T A 7 B 40 87 T 6 B2 408, AT
G SRR ) SRR AP SR A B
s iz A Re J . BORIEA T I,
WloUv1 41 1 33 & 779X 2 1) i FHE [5] )= 45 2%
BRI, T WIoUv3 7E i HE Rl b it — B iR AL,
T I T S (R R CREE REO T EAE
ST A RN PR 4T

DloU

71 ‘ XloU
GloU

WloU-v3

T T T T T T T T T T T
0 20 40 60 80 100 120 140 160 180 200
IEAKEL
epoch

9 R[ENHH Sk R BT ELE
Fig. 9 Comparison chart of different loss functions
AR EM: BEREFER L, 5L,
M E R R I A (1D
B= " 1040 1)

VAL ) B T FOUI A (1 45 v AR 1 S i 3 A
JEE A ] M, ELAARTI 55« ke 00 2R S A P2 CRALE
PAE 5 FAEAE BAT RAF VLA O I, il B &
7 AL ) B AR S T A 3 P e 30 S AE ]
EA I FE R R TS ERE A . AP
Bl A S STHE SR o, B0 vy B R LR AR (it
30 22 R I R D I Tt A5 2 5k S s 3 ot XL L 1
FELA B8 G 1 e R R AR I R 0 B

T, MREE RO Lo B R AN 2 8 R T
P DT o A Y R M 5 A A 5 B I 05 X
WS, $R FH AR I 0T ML RURE AR IR 2% 2] By EFE . B
WiE— AN ERERERMIEHHNH T
WIoUv1 # A (2 P :

B

Liyiins = Flyoun st = S ° (@)

SERERE p AR FE X8 25 IR, B S E a0
o AR B8 2 E00T Be il T A [ B A 28 A
BAE4E, TFE AT A FE scaled loss )6k 4 {H LA
R -

2 ZER5HH

2.1 TFHNERR

FEVFAL YOLO £ 41 H brAsr I 55 2L Re i, 8
R AN KO fR bR S BA MERE  AER
(Precision, P) WA X (3) . A 42 % (Recall , RO WA
A (4) . F- 35 75 11 % (Average Precision, AP) 414
A (5 K2 A P ¥ & #E R (mean Average
Precision, mAP) WA X (6) . £ xR EAL
PE A B 1 #7004 VR O 48 bR B T3S S HOm B
(Params) M +123% riiz 55 (GFLOPs) . BEAR%S
AT R TGRS RS B RTER N A &L
At S H ik I RIS R

TP

P=7pFp 3)
TP

R="7p N “)

1
4P = | PRar (5)

0

1 n .

mAP = Nzi_OAPz (6)

AW FURE T = 4 FE VP A A & 5 1% F mAP@
0.5 mAP@0.5: 0.95 }2 GFLOPs {f A 1% 10 =1k
&5
22 ZIWIMESEE

A 5286 P 4 o~ Windows 10 64 67 #:1FE £ 4,
52 56 % F PyCharm Community Edition 2020.1.3
x64, - & GPU F HL %% 4 T NVIDIA GeForce
RTX 1080Ti 8G A7, i I F KBS N
Python3.9, CUDA A A 11.1.
2.3 T EIMLEIRE 3T EE S0T6

ASCE H AT IA EREE YOLOV6 B A |



- 302 - AR A R 224 (H SRR A R

57 %

YOLOv8n # & | YOLOvVO™ £ #1 | YOLOv10.
DETR #% #4024 Faster-RCNNP 5 7 FlI SSDP i
T FEAT X L 5256, SR FH AR [R) B B0 45 F S 50k

B, AT 200 JOEAIN AN, AS [R5 A Y £
% .mAP@0.5.FPS. fll mAP@0.5: 0.95 Wi 3% 1
HR

R 1 TEMRE Z B REMIIAXT L 5 R

Table 1 Results of performance test comparison between different models

2t AER/ %
Model Precision mAP@0.5/% mAP@0.5:0.95/% FPS/(M-s™")
YOLOV6 83.8 89.7 64.2 53.84
YOLOv8n 89.4 91.3 73.1 50.23
YOLOV9 81.5 87.2 69.2 49.68
YOLOv10 91.3 89.9 714 50.48
DETR 84.8 89.4 65.8 36.74
Faster-RCNN 81.8 84.5 63.3 44.45
SSD 82.4 86.0 64.0 47.58
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Table 2 Ablation results
SR e ey ) R Y% mAP@0.5:  FLOPs/
Experiment number MobileNetV4 SPPELAN CA  WIoU Precision mAP@0.5/% 0.95/% GFLOPs Parameter/M
1 89.43 91.37 73.15 8.2 3.01
2 N 95.18 97.34 73.02 22.6 5.70
3 N N 95.34 95.97 70.18 21.4 423
4 N N 94.75 96.12 72.48 227 5.64
5 N N 94.86 95.63 71.19 22.6 5.70
6 N N N 95.48 97.88 75.73 216 417
7 N J N N 96.75 98.40 76.68 21.6 4.17
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