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Table 1 The 4th degree of ripeness of pineapple

2]l A finid At
Level Ripeness Description Picking situation
1 AR A SRR , 2R AL 0 3 ANFLRARIE 8
Unripe Full fruit eyes, the entire fruit predominantly green Not suitable for picking and storage
EEge) SRHRALE , SR HIT 0 B B TSR AR I B L B B I2 4 Suitable for picking

Color-changing

Full fruit eyes, orange-yellow appearing at the base

MORSE TP 23 2 —Ab Al B 00 JRe B RS — A B

and storage or long-distance transportation

i . ALRAR , FEBE B3
3 S Orange-yellow color develops from the bottom quarter of the fruit to .. Co . .
Mid-ripening . Suitable for picking, short-distance transportation
the halfway point
A A IR T2 Y — 2 g o8 (0 R B R SRS i e FIRAR, 24 H
Overripe Orange-yellow color develops from the halfway point to the entire fruit ~ Suitable for picking, same-day sale
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Table 2 The 3rd degree of ripeness of pineapple
2l A Eiipa RAF O
Level Maturity Description Picking situation
" AR RSR/NE B, R N 2R AN]SR A LG
Unripe Fruit size stabilized, fruit surface is green Not suitable for picking and storage
- ) ] SRAM s B s i
S S G IR AL P .
. . Suitable for picking, transportation over short
Ripe Fruit surface presents a yellow-green color .
and long distances
3 A SR I S A RSP RAF, 4 H
Overripe Fruit surface displays a fully yellow appearance Suitable for picking, same-day sale
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Backlighting shooting
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Medium and long-range shooting
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Occlusion shooting

Fig. 1 Pineapple images under different
shooting conditions
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Table 3 Basic information of pineapple maturity dataset

" A A R e BIRa L -
Bl S R - i)
Number of image . R .
Data set Unripe . Overripe
samples Ripe
HlIEzIRS
o~ L)Al ﬁﬁ 2016 2482 741 946
Traimning set
%ﬁE$ 252 328 93 117
Validation set
~‘|'I| 3 =
. ‘U‘Jﬁﬁ 252 317 101 118
Testing set
At Total 2520 3100 927 1145
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Fig. 6 Spatial attention module structure diagram
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Table 4 Experimental environment configuration

20 Type fid # Configuration
rhk b B Intel®core™i9-9900CPU
Central processing unit @3.10 GHz 32 GB
(KB A B4R

) . . . GeForce RTX 2070 Super 8 GB
Graphics processing unit

REIAEE System environment Windows10
HEZE Framework PyTorch 1.11.0
i fi i 5 Programming language Python 3.8
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Fig. 7 Training process diagram
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Fig. 8 Comparison of convolutional substitution effect
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Table 5 Comparison of experimental results between the improved YOLOvVSE model and the original model

o 255 Rl eS| K/ 7 AW/ % PRSI/ 0 PRSI 7 SRR S ] /ms
Model Type P R P, P\ Average detection time
a 93.10 91.90 92.50
YOLOvVS b 91.52 89.48 90.50 91.82 5.5
c 92.76 92.16 92.46
97.30 97.12 97.21
Bk YOLOVS 97.33 54
5 . .
Improved YOLOVS b 98.87 93.55 95.73 2
c 99.24 96.22 99.09

1 Note: a: A AL Unripe ; b 3742 B L Ripe; ¢ : i@ Overripe. F[A. The same as below.

ARAT I ) B R R ol S IR A A R bt B A T 2R S G R Y OLOVS W46 16 3% 8 Bt 4 b AT 1K

K4 . AR . 2 6 T, 7R A — 80 4E A9 T ol B
2.4 EHILISERERTEE JIA DSConv #EHe X} He BEAE A YOLOVS, HAS A 7

VA B SR A O AR DR ST s A [l AP AR B2 X B 23 5 R R4 0.80.,2.69.1.66 T
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W F] 6.0X10°, FRAEflA FTIA CBAM fEHUS ,
ORS00 B A 240RG BE 406 50 500 B TF 1.6 . 1.25 H 40 A
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R TRY (ARG 6 32 A Il S 7 S5005 3 (8 o BB T T
5.27.3.98.5.51 H 4 &, fE S H BRI D 6.2 10°
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Table 6 Results of ablation experiments
Hom A AR PR b/ SEuE
Model /% #/% ¥fH/% (Wi/s)  Parameter
P R P FPS count

YOLOvVS 92.10  91.59 91.82 149.1  22.6X10°
YOLOv8+DSConv  91.30  88.90 90.16 166.5  6.0x10°
YOLOv8+CBAM  93.70 91.22 93.07 146.7  23.7x10°
YOLOVS+ 97.38  95.57 97.33 1354 16.8X10°

DSConv+CBAM

2.5 #REIFTLLINIE

T B A ZE 4 A ek Bk Y ROR  BE R
WL B 25 A% 7 Faster R-CNN FIEL [ B 25 i fs 71
YOLOv4,YOLOvV5,YOLOV7 LA K YOLOvS #k47 %t
Wik se . f 3R 7 AT, R B0 i YOLOvS B 2 i
15 ARSI, X6 2 B A | AT A PR S K A ]
WK RS 6 B 4 i 3k B 97.30% . 98.87% #
99.24 % , 43 [ #4351 4 97.12% .93.55% H196.22%,
S 43 R 97.21% .95.73 % A1199.09 %, 8 T
oA FERRA Y . WA, 2l S5 i Y OLOVS 52 B AH Xof
T YOLOv7 BRI S HUm 3G N 3.8 X 10°, TR B 448
27.4M1/s, XF IR YOLOvVS B AU 1R 5] 8 B 422 3, 65
RIS/ 5.8 10°, - YkE B B I 5.51 A
Gt

YOLOv8#HA
YOLOvV8 model

B it T S ) R 4 R 1 S SR

Identification effect of the improved pre- and post- detection network
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AHEFEARGI T AS 7] H Ak AR 7 A 5 2 045 T
B X 9 8 S A B A AR, i I 1O R, gtk YO-
LOv8BIRIAE F ARG AT e A 1 9 35 1% 3 %
JSCERRE T At ASE AU I A AR T A I 4 5 TE O S A
T, i YOLOvS BRI AU R feff, YOLOvA 55
FETEIRRE PGS ; 2 & 4k TR 4L T, YOLOVT
Faster R-CNN H HUE KBS, YOLOVS il YOLOv4
HELRAS , Bt YOLOVS #5878 — 5 R B Lkt 4 T i
K RS BB 0 o AE TP B B S F R, YOLOVT
Faster R-CNN H Bl K L4 , YOLOvA 77 s ko 2R
2 FLRHIN B A B AR, eleatE Y OLOv8 A5 7Y ) T 452 155
B P R, RE S VE T BRI R H bR, 25
TR, e YOLOvVS SR i o, REfE SE I £
T 52 2R PR R T X 2 U B AR A A A
3 i

Ry TR LR IRAT S A R A T A R T VA 1 A R
SN [6] PR BE T 04 9 8 SR S s BE A 58 X YO-
LOv8 B 8 347 1 2k, ok W BE ] 2 85 46
(DSConv) ##: YOLOV8 )~ #5151 A CBAM
T2 S P DL R A EToU 2k R 8 . B EASE 20 %of
T R P\ K 97.33% , 5 Faster R-CNN,
YOLOv4 . YOLOV5.YOLOV7 %t Ho &3, Poa 50 4%
F+5.53.7.91.4.38 .4.66 E 43 i 5 £E PR UERTIRG BE AR
PEF L BEERA SRR AU 16.8X10°, X —45 55k
W BT 4 ) A TR K A B L A T R RS B4 K
YA Ty i 247 O b A Y R X A B AR A
PG I B FTRE R 0 R S T RO S Y AR A
fEo RIS, AR BT UE T T i 1 Y OLOVS Xt 3 %5 A
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Table 7 Test comparison of different network models

g ESi] R0/ % A/ % PR/ Y0 PRSI Y TR /(i /) SR
Model Type P R P, P,s Frame per second ~ Parameter count
a 93.10 91.50 92.30
Faster R-CNN b 89.30 86.90 88.10 91.80 10.0 151.3x10°
c 96.50 93.50 95.00
a 91.75 89.25 90.50
YOLOv4 b 91.50 86.50 89.00 89.42 63.0 25.610°
c 91.20 86.32 88.76
a 93.20 92.30 92.75
YOLOvS b 90.50 90.00 90.25 92.95 99.0 15.8X10°
c 96.17 95.53 95.85
a 95.69 94.29 94.99
YOLOv7 b 91.49 90.15 90.82 92.67 108.0 13.0<10°
c 94.30 91.30 92.80
a 93.10 91.90 92.50
YOLOVS8 b 91.52 89.48 90.50 91.82 149.1 22.6x10°
c 92.76 92.16 92.46
HCHER YOLOVS ‘ o7 T el
HE _Ov, A
5 5 97.33 1354 16.810°
Improved YOLOVS b 98.87 93.55 9573
c 99.24 96.22 99.09

PN

B EAY YOLOVS

- o~
Improved YOLOVS YOLOvV8 YOLOvV7 YOLOvVS YOLOv4 Faster R-CNN

A4 Frontlighting condition ; B 331 3% Backlighting condition; C : ##3% Occlusion condition; D : H#E i B Long-distance condition.
10 A[E) BHRH I W 48 75 8 24 MR T 139 T 2 B B A T 30 R
Fig. 10 The effect of different target detection networks on pineapple ripeness in complex environment
AR KA B i, A5 24 o 20T B I T A2 4R 4% Mobile  He, ABIFSEREAEUEE (2 5205K ) W &, i — 4 Bt 4
NetV3-YOLOv4 [/ A5 K 8 55 nUAEE 73 A (1 580 5K I 43 R B T A 3L 100 S8 RN B 3426010 1A
FEA I, BE AR 30 o3 D 35 BB AT B G 2 2RI A e AR SR B Bt AR Rl o3 BN R, BAT B SR Y
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Abstract

was proposed to improve the accuracy of mechanical harvesting of pineapples in planting areas with different

A real-time object detection method of pineapple ripeness based on improved YOLOvVS8

ripeness and ensure the quality of pineapples. The improved model replaced the common convolutions in
the backbone and neck parts of the original YOLOvVS model with depth-wise separable convolutions
(DSConv) to streamline parameters of model to solve the problems of small object size, dense quantity,
and light occlusion of picked mechanical pineapple picking in natural environments. Convolutional block at-
tention mechanism (CBAM) module was introduced before feature fusion to prioritize important features
and improve the accuracy of object detection. The original loss function CloU of YOLOVS network was re-
placed with the EloU loss function to accelerate the speed of network convergence. The results showed that
the mean of average precision (P,,) of the improved model for detecting the pineapple ripeness was
97.33%. The P, of improved model was 5.53, 7.91, 4.38, and 4.66 percentage points higher than that of
Faster R-CNN, YOLOv4, YOLOvV5 and YOLOvV7, respectively. The number of parameters of the algo-
rithm model was only 16.8X10° on the premise of ensuring the accuracy of detection. It is indicated that the
improved model improves the accuracy and inference speed of recognizing pineapple ripeness, and has stron-
ger robustness.

Keywords pineapple fruit; ripeness; YOLOvVS8; object detection
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