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Abstract

Domestic agriculture is facing a decline in strawberry cultivation area due to the aging
population, necessitating the development of automation technologies for agricultural tasks.
Research on agricultural robots has largely focused on clearly defined harvesting tasks. In
automating these processes, effective detection technologies play a crucial role. However,
because a strawberry consists of multiple components including the fruit, calyx, and stem
precise pose estimation of these elements is essential for determining the optimal cutting
point. Therefore, in this study we suggested a pose estimation method to provide detection
information for strawberry harvesting robots. Our suggested method defines three classes
essential for strawberry harvesting (fruit, calyx, and stem) and detects each object using a
deep learning model. Subsequently, a matching algorithm is employed to form coherent
groups by associating the detected fruit, calyx, and stem that belong to a single strawberry,
and pose estimation is performed based on these groups. The evaluation of the detected
classes and keypoints was conducted using mean average precision (mAP), keypoint pixel
error, and the percentage of detected keypoint (PDK) index. Results showed an average 0.89
mMAP@0.5, an average pixel error of 16.00 % 10.42 for the x-coordinate and 13.18 £ 6.92 for
the y-coordinate, and an average 59.33% PDK@0.5. Although some false positives occurred
for the calyx and stem in certain images, the proposed method successfully detected most
objects and estimated their poses. Results of this study, the proposed approach is expected
not only to detect the fruit but also to comprehensively estimate the poses of all strawberry
components, thereby contributing to the development of robotic detection systems capable
of precise manipulation and efficient harvesting.
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Introduction
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Materials and Methods
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(a) Instance segmentation (b) Matching (c) Pose estimation

Fig. 1. Overview process of strawberry pose estimation proposed in this study.
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Fig. 3. Object matching process based on Hungarian algorithm.

(c) Parsing result
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S ={s1,53, .. ,Sp} 3)

Where, F, C and S denote the sets of fruit, calyx, and stem objects, respectively, and f,, ¢, and s, represent the individual elements
within these sets.

iy H-&2 915 AAE 2] /22Ut A2le thaat 2ol Akttt sy 2R A o) S }OH Hel=

K, 2 03} 57) 0] SA Afole] Al Al(s)et o] Atk Adkel oY Hlg-2 Hrtelel delE g 1

1% WS s o LB, A E W 7018 S g, B W3 B71 7o) 8 W )2 2T

4059 = J(orc=70) + O 34) @

d(ce, s) = \/(x«:k - XSz)Z + (yck - ySz)z o)

Where, d(f;c;) denotes the euclidean distance between the center points of fruit object £; and calyx object c;. here x; and y; represent
the x and y coordinates of the center of £, respectively, and x,; and y,; denote those of c;. similarly, d(c,.s;) represents the euclidean

distance between the center points of calyx object c; and stem object s, with x,;, y and x;, y,, being the corresponding coordinates.

d(fic)) d(fuc) - d(ficn)

Cre = d(fzg’Cl) d(fZEICZ) d(fzs,c,,) ©)
Ad(fmc1) dUfmc2) - d(fmiCn)
d(cy,s1) d(ey,sz) - d(cy,sp)

Cos = d(cz:,sl) d(czz,sz) d(czz,sp)\ )
dcns) denss) - dlensy)

Where, C is the cost matrix for matching fruit and calyx objects. each entry Crc = (i, /) = d(£, ¢;) is the euclidean distance between
the center of the fiuit object £; and the center of the pedicel object c;. similarly, C¢y is the cost matrix for matching calyx and stem objects,
where each element C(k]) = d(c;, s,) represents the euclidean distance between the center of the pedicel object ¢, and the center of the

stem object s;.
mid darelEe ol Hhd A A B £7) A5 e, B AR Gt B 71RO = 24w
5% 20} 205451 113 4t Agat 2ol THEC) 245 vl B8 W02 o 18 3, 2, 3

Z=iicij'xij+iickl'}’kl (8)

Where, C; denotes the matching cost between fruit object 1 and calyx object j, and C,, represents the matching cost between calyx k
object and stem object /. here, x;, is a binary variable that indicates whether fruit object i and calyx object j are matched (i.e., x; = 1 if
they are matched, and 0 otherwise), and y;, is a binary variable indicating the matching status between calyx object k and stem object  (i.c.,
yu = 1 if they are matched, and 0 otherwise).
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28 shE-S- 95k glo] B Al 37l H 0] E1 91 StrawDI (strawberry digital images) S AF-8-5F0] 25| %] O™ (Pérez-Borrero et
al, 2020), °o|wj] FE G2 1,008x756 HAC] S} E 7HITE HlolE& & 500782 27 F/doE HdE|of 9lom, 7t
Y Holl= 542 7] A7} 1~8712] 9|2 5= o] Qlrt. FA| o]w]x|= BHll 8h, A5, B7He Yol 72:1 2 H&
2 2253l om, ofuf ojn|z] = 2+ 3504, 10074, 507 0]tk A e 8h5-2 9J5k 7} o|n] 7] 9] F2A] 2H-2 AnylabelingS
55l(Nguyen, 2024) Z4A|"H & polygon % 4] © 2 4=3Y 5131t

Table 1= &0l AR 8h<5 273 4 sto]u mketn] el & A 2jgh Ziol o} Bdll 3152 300 ol Z(epoch) &3t 4351312
o, 143 overfitting)= WAI5F7| 913 AF dlo]E|2] &4l o] 2| A7} El = AL 7EA & 2F B R MEsiglct. 8
48 (learning late)2 0,012 A5 oH, %] 37|= 1622 AAsEIch 8 3150)= stochastic gradient descent (SGD)
A5t de|EE AHgstel o, Yd XY= Pythorch 1.7.12 7|RFC 2 A5}t 52 GPU (GeForce RTX
4060ti, Nvidia, Santa Clara, CA, USA) 7ol A 33 =] et

I~

Table 1. Specification of implementation environment.

Item Specification
Hardware CPU Gen Intel(R) Core™ i5-13400F
Memory 16.0GB
GPU NVIDIA GeForce RTX 4060Ti
Software Program language Python 3.8
ANN framework Pytorch1.7.1
Image processing OpenCV 4.7.0
Hyper parameter Learning rate 0.01
Batch size 16
Epochs 300
Optimizer SGD

AE 45 B7te dE 2499 o5 Zatet A4 2t 7] BAIE UEhdlE A 3EQ! 2% 33 (confusion matrix)S
7|6ko 2 484 E] %) O ™ true positive (TP), false positive (FP), true negative (TN), false negative (FN)] 47}2] 50 2 JL/d €t
o] 7|4ko 2 U &= (precision), A &S (recall) 2 mAP (mean average precision)S 212+ 21(9), (10), (11)2} o] AlAts o,
ojuff HH = Beo] HETH A F AA| AR vl &5 LERH, A &2 AR A F do] 4es] AETHHES

— ]
B7sHe A Folth mAPE: 23 5 FRAOE BIISHE AR, RE) 2 HRo| ofdt HE FUES 73 3, 08

J

TP

Precision = m (9)
TP
Recall = m (10)

Where, TP is the number of correctly detected instances, FP is the number of incorrect detections, and FN is the number of missed

detections.

mAP =% ZAP,- (1)

Where, AP, is the average precision for the i-th class and N is the total number of classes.
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HEE A A9 s B7he oS A A 2139 x, yo] HA 2 3ol sl 37Tkl om, A(12)9F 2ol Al

Pixelgrror = |Pprea — Porl (12)

Where, P,,,, and P, denote the predicted and ground truth positions of a keypoint, respectively.

AZH 21 9] A2k Q1 I 7}= percentage of detected keypoint (PDK) {52 A-8-5F% THZhang et al., 2022). Z}F A |4
O 24 o8 917 13 QAR (13 20| Boltsick A2, ALl ke o8 44

182 7070 1) a1 2] o] sl A5 ato] sl Aol Afe] POKE Aal o, ol Al(14e} o Eae

Threshold = a XL (13)

Where, a ranges from 0 to 1, and L represents the reference length (e.g., the average distance between the calyx and stem).

N

1
PDK@Threshold =~ ) 1 100% (14)

i=1

Where, N is the total number of ground truth keypoints, and r; is a binary variable equal to 1 if the euclidean distance between the i-th
predicted keypoint and the corresponding ground truth keypoint is less than or equal to Threshold, and 0 otherwise.

Results and Discussion

s 31 & ol el g} 7astol 07 208
Aol A= Hol= R, S —f‘_\—’\](vahdatlon loss)—— 502] Fl= /\11401] A 09 25 FAI5HATE wetA, 743 dlo|
2 o] g5}l Wylo] 2Q 2ol THAl Lat

2, X T«

Train loss
Validation loss

0 50 100 150 200 250 300 0 50 100 150 200 250 300

Epoch Epoch

Fig. 5. Loss curves for training and validation sets by epoch
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Fig. 6. Strawberry detection results using the matching algorithm
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Table 2¢= ZHA, 23H3], 27 A 9] 7182 Q1 A E A5 B7F Axtolch 2H 2ol -2 HD & 0.94, A E 0962 7F
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O3] &2 452 Bt v, 7] Al YT 0.76, A& 0782 LFEFEO M, AP@0.25014] 0.80,
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Table 2. Detection performance evaluation of strawberry components.

Precision Recall AP@0.25 AP@0.5 AP@0.75
Fruit 0.94 0.96 0.98 0.99 0.98
Calyx 0.88 0.89 0.92 0.92 0.89
Stem 0.76 0.78 0.80 0.79 0.78
All 0.88 0.89 0.90 0.89 0.88

Table 3+ Cll5E T4, 293, £7] 321 3o0l| ot WAl 24319] x, y QA5 Bt BFHALE Uepd Aot @41 4
3, 3HA0) A9 xF Q37H4.00£2.55 B, yE Q317} 6.112427 WAIR Lpeh B WA G 0 2HS B Irk v, 24y
9] A xZF QA= 227443553 WA y= Q1= 19.93+37.32 YA 2 | o, £7)= x321.27437.38 YA y= 13.50
+18.50 YA 2 2 w|olct A Ha 3= xZol A 16.00£1042 LA, y=of| A 13.18+6.92 HAI 2 LHEtTE }A] <o
AeAtE 0 & QP ARl Ae-2 BAA T £kt £7] FYolM = A o2 a7F 2 A0 & SRI| It 2,

917]) Al el B0l 28 AAo] EA4e 4 Lo, oS H Ak 25| tiebiel o) AL Ths stk

Table 3. Estimated pixel error of coordinates X and Y points.

Class X pixel Y pixel
Fruit 4.00 £ 2.55” 6.11 &= 4.27
Clayx 22.74 + 35.53 19.93 4 37.32
Stem 21.27 + 37.38 13.50 + 18.59
Average 16.00 £ 10.42 13.18 + 6.92

*Mean=standard deviation

Fig 72 & A4 9] 2 715 4945 PDK Zxtolc}, 2HAl ] 79 PDK@0.2014] 22.09%, PDK@0.3011 A1+ 31.4%,
PDK@0.5< 34.88%2] HEE2 E 3Tt 53], PDK@1.0914= 80.62%7HA] ‘-T2 2M, G/ W 24l o] th2 Zh Ao 1]
3 HhelA| AEE-2 2Helg 4= Uitk wHH, ZHEX].2 pDK@0.27} 10%, PDK@0.30114] 12.86%, PDK@0.59114] 24.29%2]
o H=9 1ol T Z2 0 2 PDK@].091A= 39.05%2 T Qich £7]2] 7-2-& PDK@0.2011 A 8.33%, PDK@0.3°1
AE 25%, 252 02 PDK@1.001A4] 5833%2] AEE=2 UERom, B4 0 2 PDK@0.5°1A4 = 59.33%= B At o] 2]
oAb, BHlo] AR B A O leFo] Wol A& 450l -4t R, b 1 Z7) = Bt vl U A
A 7 3 SO 2 Q) AEEO] A YEPd 2 0= ok weta], AR 428 7oA = A SA AXE $AH S
& 8ok, 5 2o) 9fgh o] 2t H| A FA|of T A= F71H4 Q1 Hgto] H @ sjrkal kT
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Fig. 7. PDK curves by threshold for fruit, calyx, and stem.

Conclusion
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