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Method of Detection — Discrimination — Localization for Mature Asparagus
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Abstract; Discrimination of ripe asparagus and accurate location of the picking hand is a challenge in the
selective harvesting process of asparagus harvesting robots. To address this challenge, an improved you
only look at coefficients ( YOLACT + + ) based algorithm was proposed, which was used to detect and
discriminate ripe asparagus and locate harvesting cuts. Improving the traditional YOLACT + + backbone
feature extraction network, specifically including the introduction of a convolutional block attention
module (CBAM) attention mechanism and a spatial pyramid pooling ( SPP) module, to improve the
effectiveness of the network for feature extraction and enhance its detection segmentation results.
Asparagus have different sizes and postures, by designing different anchor frame sizes to ensure that they
were covered, the adaptability of the anchor frame to the aspect ratio of the asparagus was improved, thus
improving the detection accuracy and speed of the network. The skeleton was then fitted to asparagus with
varying growth forms. Determination of asparagus maturity after calculating asparagus length and basal
diameter in segments. Finally, the location of the cutting point in the bottom area of the mature asparagus

was calculated, and its spatial location was determined by quantifying the roll angle and pitch angle to
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locate the final harvesting cutting surface. The results of the harvesting robot field trials showed that the
detection accuracy of the trained improved YOLACT + + model was 95.22% , the average accuracy of
the mask was 95.60% , the detection time of 640 pixels x 480 pixels size image was 53. 65 ms, the
accuracy of mature asparagus discrimination was 95.24% , the error of cutting point positioning in X, Y
and Z directions was less than 2. 89 mm, and the maximum error in rotation and pitch angles was 7. 17°.
Compared with that of the Mask R —CNN, SOLO and YOLACT + + models, the average accuracy of the
mask was improved by 2. 28, 9.33 and 21. 41 percentage points, respectively; the maximum positioning
errors were reduced by 1. 07 mm, 1. 41 mm and 1. 92 mm, respectively, and the maximum angle errors
were reduced by 1.81°, 2.46° and 3.81°, respectively.

asparagus harvesting robot was 96. 15% , and that the total time taken to harvest a single asparagus was

The harvesting success rate of the trial

only 12. 15 s. The detection — discrimination — location method proposed had high detection and location

accuracy, which ensured detection speed on the premise. It can provide technical support for optimizing

2023 4

and improving the asparagus harvesting robot based on machine vision.
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Tab.2 Model performance comparison results

K 8 Ao/ % AP, 450/ % AP, 75/ % BB t,/ms
A 1) /s
Y 69.75  74.19 64.24 19.27  50.19
A-Y 87.48  88.68 75.95 19.10  49.74
S-Y 75.30  83.56 69. 84 19.93  51.90
C-Y 85.64  89.97 76. 49 20.13  52.42
AS—Y 93.08  93.92 80.35 19.83  51.63
AC-Y 90.24  91.14 77.90 20.04  52.19
SC-Y 92.74  93.58 79.77 20.92  54.48
ASC-Y  95.22  95.60 81.32 20.60  53.65
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Fig. 8 Variation curves of model accuracy and recall

under different thresholds
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Fig.9 Detection renderings before and after model improvement
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Tab.3 Comparison results before and after model

improvement

KA ey Auso/ % AP, 450/ % 1,/ ms

&) 69.97 74.76 50. 09

R et e 95. 34 96. 64 53.58

Bk R 70. 33 75.16 50. 15

Rk e 95.08 95.05 53.67

3 66. 61 71.43 50. 05

PIx Ptk e 94.39 95. 04 53.63

' W i 72.10 75. 41 50. 45

R pigida 96. 05 95. 67 53.71

o gt 69.75 74.19 50. 19

wit g 95.22 95. 60 53.65
3 3k X AN ) RSO IR SR AT 4 A A 5 ]

A S R FNPERE 48 bR G0 125 R B9 20 A , ASBF 52 4 1
(Y fl & CBAM I 35 J7 AL A1 SPP 25+ Jf: Big A2 4 AE

8 Lo 1 O D v R AR D A S AR v B
0 T 5 Ak ) 6% Xof o O e AR AT 1 4 R, 42 T
Ao 431 45
4.1.3  AREFEX il
Shy it — 25 6 E gk AR R A P BB, A B 5K
#F YOLACT + + %1 5 Mask R — CNN ,SOLO 3 2 fif
o R 1 o v R Ol s R W o 1 01| 2 A <
P E WS, ARG X L axX 3 FhoR 78 7E 5 A A A4S
50, K10 2 3 BB B AE I ok B2 v i 4 BT 3
WER % i 28, Mask R — CNN £ % 78 15 000 ~
30 000 ¥k 2% A8 B H B 5 04 9% , 30 000 WK % L5 i8
3| 5 R HE 5 2 1 % SOLO B A K 25 7E 12 000
YR ARG P RE T B A Ry ™ i LR 35 R R A X R
EHIFE 40 000 REAR G A TR, 517 W R
RUAH HE, e iE YOLACT + -+ 5578 (8 fig S5 e B o pe ,
FETT 15 000 Y 3% AR HL 5, 4 A5 1 12 o o e e it
Tt R E B E TR, RA MR .
100
T T

y

HEREP /%

40
| —— M FYOLACT + +
20 —— Mask R-CNN
— SOLO
0 1 O(I)Oﬂ 20600 30600 40(300 50600
BESAw/E ¢

PRI 10 45 - 24 o g 25 T 2
Fig. 10 Mask average accuracy curves
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Fig. 11 Actual detection effects of different algorithms
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Tab.4 Mature asparagus discrimination results from improved YOLACT + + model

L W B PEAKEE  REIPAGER2E WA AR PPAGREIREAS  EIPELARIPAL ORI B AE M

SRz N,,/cm N, /cm o, /cm N,,,/mm N,p/mm "% o)/mm FIEM, M,
1 38.4 35.27 -3.13 13.9 11.85 -2.05 3 2
2 37.5 35.82 -1.68 18.5 18.72 0.22 3 3
3 36.5 35.75 -0.75 10.7 11.73 1.03 2 2
4 32.1 29. 82 -2.28 14.8 12.70 -2.10 3 2
5 36.3 37.00 0.70 14.6 12.43 -2.17 3 2
6 39.2 36. 17 -3.03 17.1 16. 60 -0.50 3 3
7 34.9 32.82 -2.08 14.3 12. 05 -2.25 3 2
8 27.3 26. 85 -0.45 10. 8 10. 63 -0.17 2 2
9 26.5 25.29 -1.21 7.8 7.46 -0.34 1 1
10 31.5 30. 87 -0.63 13.5 12. 04 -1.46 3 2
11 33.7 31.89 -1.81 14. 8 14.74 -0.06 3 3
12 33.4 32.11 -1.29 11.3 11. 15 -0.15 2 2
13 29.7 28.47 -1.23 11.2 9.08 -2.12 2 2
14 25.2 27.01 1. 81 12.0 13. 15 1. 15 2 0
15 35.7 33.23 -2.47 14.7 13.32 -1.38 3 3
16 35.0 34. 18 -0.82 9.9 9.74 -0.16 2 2
17 20.9 19. 85 -1.05 12. 4 14.33 1.93 0 0
18 15.8 14.43 -1.37 8.5 10. 27 1.77 0 0
19 19.8 19.98 0.18 16. 4 16. 06 -0.34 0 0
20 22.2 22.18 -0.02 11.3 10.79 -0.51 0 0
21 23.6 22.59 -1.01 12. 1 9.20 -2.90 0 0

A 30.25 29. 08 -1.17 12.89 12.29 -0.60




LR

TE/NE A JET U0 YOLACT + + Ao 546 I =0 3l —5E 3y ¥k 269

SR GF,2 O A R 9,3 O IR B 21 TR
L ACH ISR 14 F5 R W, KR TR R AL DR 22
R ,N =313 em, KK 20 B BEPEAG IR 22 /)
H =0.02 em, FIIEM R 2Z N - 117 em, BEHI 515
VAL A9 R 234 BE AR/ T B SR, 302 il T S
SRR AR LA 2 S B s BRI AN M T
JRE AL B R B B R A DA 45 25 AR
R, BT AZ 325 il 9 SR B R o 1 21 AR
PR 2Z e K, 0 —2.90 em, iR ER 16 1 L 36 1 1%
PR IR 2 fe /N, O - 0. 16 mm , HEAr R AR ) O
FRINE D0 Bl 2, a] R fE T B B R 2 R A
70 R 2 SR, S BCRR T AN B AR DD

N T AR T M YOLACT + + B8 ) Al 24

F R S R X L 2 A AU R Al 3 Ao A5 A Y A
P I 5 U0 R AR A R (R 5) o ik
YOLACT + + A5 (94 B 5L 30 142 1) PP Al 152 25 3
M/, (=117 £1.14) em Fl( - 0.60 =
1.34) mm, Ji 24 5 55 ) i) o B 2% 3k 3 95.24%
Mask R — CNN #5278 (14 nig 20 = 55 4] 1) o o % 5 ol ik
YOLACT + + A5 BUAH [, {5 7 55 i) ol 220 A B8 AR 4
KR UL S HAR AT I E , J8 T DX ) 4 W, I 35 i B
A AR PEAG 1 22 YR T 1, 28 5 DX Ta) B, B i
Wk, 5 SOLO, YOLACT + + #1 B AH b, ot ik
YOLACT + + #5258 14 jift 38 7 54 4 3l o 1 5 53 ol 428 T
4.77 14.29 A~ 43 1, 00 HAC BEFIRE I B A2 1 PE A
1R 22 M LI T T 2 AR

RS BRAAFHINSVEEEMER

Tab.5 Identification of mature asparagus and positioning of cutting surface

. o, x5,/ o, xsp/ W% oy xsy/ oy tsy/ o, x5,/ oy £,/ o, isw/ t,/

cm mm mm mm mm (*) (*) ms

Mask R — CNN -1.47+£1.21 -0.66+2.04 95.24 2.07+1.35 2.01 +1.58 2.07+1.89 3.50+2.89 4.47+3.15 76.31
SOLO -1.68£1.52 -0.96+2.20 90.47 2.53 +1.30 2.49+1.81 2.51+1.52 3.76+3.28 4.73 +3.32 78.81
YOLACT + + -2.06+1.89 -1.29+2.28 80.95 3.18+0.90 3.38+1.27 3.48+1.33 4.21+3.64 6.47 +4.51 75.51
Pk YOLACT + + -1.17+1.14 -0.60+1.34 95.24 1.89+0.92 1.82+0.98 2.00=+0.89 2.71 +1.87 3.84+3.33 76.28
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