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Apple target detection method with different ripeness
based on improved YOLOVSs

WANG Yong,TAO Zhaosheng * ,SHI Xinyu, WU Yi, WU Hao

(College of Mechanical Engineering, Anhui University of Technology , Ma’anshan 243032, China)

Abstract ; [ Objectives ] This paper aimed to solve the problem of low target detection accuracy of apples with different ripeness under
natural environment. [ Methods ] An improved YOLOv5s model SODSTR-YOLOv5s( YOLOvSs with small detection layer and omni-
dimensional dynamic convolution and swin transformer block ) was proposed for different ripeness apple detection. Firstly,the multi-
scale target detection layer of YOLOvSs was improved ,and the detection head of 160x160 feature map was constructed in Prediction
to improve the detection accuracy of small-size apples with different ripeness. Secondly, Swin Transformer Block was integrated into
the Backbone structure to strengthen the texture feature fusion of apples at the same level of ripeness, weaken the negative impact of
the difference in texture feature distribution,and improve the generalization ability of the model. Finally,the Conv module of Neck
structure was replaced by the dynamic convolution module ODConv, and the local feature mapping was refined to realize the full
extraction of local apple fine-grained features. Experiments were carried out based on different ripeness apple data sets to verify the
performance of the improved model. [ Results] The precision,recall and average precision of the improved model SODSTR-YOLOv5s
were 89.1% ,95.5% and 93.6% ,respectively. The average precision of high, medium and low ripeness apples was 94.1%,93.1% and
93.7% ,respectively. The average detection time was 16 ms and the number of parameters was 7.34 M. Compared with the YOLOvSs
model , the precision,recall and average precision of the improved model SODSTR-YOLOvS5s increased by 3.8%,5.0% and 2.9%,
respectively,and the number of parameters and average detection time increased by 0.32 M and 5 ms, respectively. [ Conclusions ]
The improved model SODSTR-YOLOvSs improved the detection ability of apples with different ripeness under natural environment.
It can better meet the detection requirements of actual apple picking.
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Table 1 Experimental results of C3STR module Table 2 Experimental results of ODConv module
replacement position replacement position
Fu SHRM TR ms pum SHCE/M TR /ms
Model mAP/ % Parameters Mean detection time Model mAP/ % Parameters  Mean detection time
YOLOv5s 90.7 7.02 11 YOLOv5s 90.7 7.02 11
C3STR1 92.3 7.04 13 S-YOLOvS5s 91.5 7.17 12
C3STR2 92.6 7.07 14 ODConv_backbone 92.5 7.20 18
C3STR3 92.6 7.38 15 ODConv_neck] 92.7 7.24 15
C3STR4 92.8 7.15 14 ODConv_neck2 92.9 7.19 14
C3STR5 92.1 7.53 18 ODConv_neck3 92.8 7.18 14
C3STR6 91.9 7.57 19 ODConv_all 92.7 7.27 19
HE :mAP YR EE 4 {H Mean average precision. |~ [] The same

below.
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ODConv FRH KM C3STR-YOLOvSs ARl A C3STR FEHR R4S AR 7 | SODSTR-YOLOvSs A ikiifk £ R



608 [T U S A = = %471 %

JEERG I 2 A K il A ODConv FEHE AT C3STR R Y e Z AR AL | RIAR SCHT 1 M 1) ica s A

YOLOvSs #5515 05 44 1 S SR AR S B RE T 22 AP e W i e R B 42 (181 8-b) ;S-YOLOV5s 5|
A 160x160 FFAE & (0 4 I Sk, 32 & 7 78 %6 320 D0 T /N ROST AN () g 2 B S SR A il 25 2R (&1 8 —¢) 5
OD-YOLOvS5s [ ODConv 3754 BB H A (035 SR 14 Z00RE FE AR AE , A7 RUCHE HOA (7] s 280 3 SR () B0 (8 P A, 7 —
FEFREE DA YOLOvSs A7 PR P4 5 B0 T Ak (] 851 ( 14] 8—-d ) ;SOD-YOLOVSs iz Ff ODConv FIHF1 160x 160
FEAE L ARSI Sk | 2 8 1 AR Y A A I SR (R IHAE ZE AR D B R I 4 (8] 8 —e ) 5 C3STR ALY Swin
Transformer Block ¥ [F] 2 3205 S 8 i SO B AR HEA T A 5 DA S 2 GURRAE 6 AR KRR B AL T YOLOVSs
FETE IR AYZ AL RE 7355 (1) (B8 (BT 8—f) ; 4= ST e ik A 4558 SODSTR-YOLOVSs fif ke 1 HoAth Xof L A5 A4 fify
AEAE TS [ 851, S BLAE ) — 5 R BE R AL 0 v A s B S S 48 v T A D ) e 1 (8T 8-¢)

(a) BlAE K (b) YOLOVS5s (¢) S-YOLOVS5s (d) OD-YOLOVSs  (¢) SOD-YOLOvSs  (f) C3STR-YOLOvSs (g) SODSTR-YOLOVS

Original image
8 TEELERIX IO BN b
Fig. 8 Comparison of model ablation test results
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The purple, blue and red boxes represent high ripeness, medium ripeness, low ripeness, respectively. The same below.
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Table 3 Results of ablation experiments with different models

B Model SHKEEE (AP) /% Average precision AP SEH R E’tﬂm/.ms SHRM
5 High ripencss TR Medium ripencss R Low ripeness Mean detection time  Paramelers
YOLOvS5s 91.0 90.5 90.6 90.7 11 7.02
S-YOLOvS5s 91.9 91.1 91.5 91.5 12 7.17
OD-YOLOv5s 92.8 91.7 92.4 92.3 13 7.05
SOD-YOLOv5s 93.3 92.5 93.0 92.9 14 7.19
C3STR-YOLOvS5s 93.0 92.7 92.8 92.8 14 7.15

SODSTR-YOLOvSs 94.1 93.1 93.7 93.6 16 7.34
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Fig.9 Comparison of experimental results of different target detection models
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The images from top to bottom are low ripeness apple images in the evening, medium ripeness apple images in the day,high ripeness apple
images in sunny days,and high ripeness apple images in rainy days.
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Table 4 Performance comparison of different target detection models

A KR/ % AR/ % SR AGHIN B [/ ms SR/
o mAP/ % L

Models Precision Recall Mean detection time Parameters
SSD 79.6 88.6 90.9 56 24.79
Faster R-CNN 80.1 95.1 91.5 129 27.57
YOLOv5-Transformer-BiFPN 87.3 95.8 92.8 13 7.17
YOLOv5s 85.3 90.5 90.7 11 7.02
SODSTR-YOLOvS5s 89.1 95.5 93.6 16 7.34

1% 4 W1, BSR SSD il Faster R-CNN BB mAP {1 YOLOvSs, {H [RS8 i 3 K, 5 250K 0 ekt
BN, o B ARIAEE T XA [R] Bl B S S A SE ARG I 225K . YOLOvS-Transformer-BiFPN A5 5 fE — 3¢
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