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Abstract

Strawberry harvesting is a repetitive and labor-intensive task, with yield quality heavily
dependent on the operator’s skill. To address labor shortages, improve productivity, and
ensure consistent harvest quality, the development of harvesting robots is essential. In
particular, implementing an autonomous harvesting system requires advanced perception
technology capable of accurately identifying the position and condition of target fruit.
However, simple object detection alone cannot provide sufficient kinematic information for
automation, making keypoint detection of strawberries necessary. This study proposes a 3D
pose estimation pipeline that combines a deep learning based keypoint detection model with
a multi-layer perceptron (MLP) regression model to provide kinematic information applicable
to strawberry harvesting robots. The centers of the fruit, calyx, and pedicel were defined as
keypoints, with their 2D positions detected and corresponding depth values predicted using
MLP regression. Performance evaluation included percentage of correct keypoints (PCK) for
2D accuracy, and mean per joint position error (MPJPE) and PCK for 3D depth estimation.
Experimental results showed average 2D errors of mean PCK@5 pixels of 77.17%. for depth
estimation, the average MPJPE was 16.63 mm and PCK@50 mm reached 91.3%. The
proposed pipeline demonstrated stable detection of keypoint locations while preserving the
overall 3D structure, indicating its potential contribution to the development of perception
technologies for autonomous strawberry harvesting.

Keywords: Strawberry, 3D pose estimation, Harvesting robot, Keypoint detection,
Multi-layer perceptron, Depth estimation
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Introduction

7] U Al ol A= 5 Ao 7P &2 A= & SPU R B7F A50A AFAIshE Bl S0l ol A, £ &
G LR A E4 0 2 F7ekal Qh(Lee etal, 2025). ZL2uh, w5 ZoF ARt e5e] BE FAIZF AlSkE A glom,
7] 48 21l 2 "k 20| 11 1731 0] 0] Q JLE M (Xiong et al., 2020), 2-8-2] kst EAJ O 2 Q15| 45 1}
5] PA¥sto] B4 AoHs Zalfgi). o] 2 QI &4 EA S ASHAIA BAY &4 2 fEstE R, 1HA
%5 2] 43)5H= 1A 0 & 4:8}o] o] 20] 2] 1 YTHYu etal,, 2020). HEA 0 & D7] 4:8-2 HAL2 (pedicel) S
AR A Atolof) ZHHA] 719] B7 & WAl O & AJRYE|;, of W2 A Rte] i o] IA| o)EetA km H et =
|& 7§dko] @ FLEITHRDA, 2019).
71&o) W} 3 B7] 45k AFE3tol thgh Thal o] =okA| A Lot A Al E7goll A= o A3
$2Qlof| o]&Eo}l = A7 o|THDai et al., 2025). THkA], =8 2R0) 72 Wm2] B FA| s dat A g H 4
iy S FHol] e A M2 FE gtk 8 2 22 FA] QA 3, upx] 5 B3Rl 7|e=2 +
QA 7)&e Z}ET—QP AAE TS o) YA o0& s ofof She 4] 2 Ao|THKang et al, 2024). Z|
7|9k0] 4] &S5 (deep leaming) 7| &= E-8510] AT B7] Z1ZE(Zhang et al., 2022), A& E-5(Wang
etal, 2024), A5 ZUE ™ (An etal, 2022), 7L A ZEMa et al,, 2025) 5 TS Q14 7|4 ALo|A] 245 52
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Materials and Methods

D] XMl F=F 7l
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Fig. 1. Proposed 3d pose estimation of strawberry fruit-pedicel pair in this study.
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AFFS Table. 13 Z2Th GAF 2o AL AR 28 43 A AHS

Defslel, 7hlehs vl ol S 7| £0.2 A|po 2 i

F90 em2] 91], ¥ A] Feoll A 2] 13k 2 oF 5060 cm 2ol M F/d= AT 2 Foll= 271 AAE 1~107
o] Wel s et 9lom, s 12807209 F/dol & 5567 = ek,

(a) Strawberry greenhouse

(b) Acquired images

Fig. 2. Experimental conditions for collecting the images: (a) strawberry green house and (b) acquired

images.

Table 1. Specification of RGB-D camera.

Item Specification
Depth technology Time of flight
Depth range 0.25~5.46m
Depth resolution/FPS 640 % 576@30fps
Depth FOV H 120° V120
RGB resolution/FPS 1280 X 720@30fps
RGB FOV H 80" V51I°
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2 =

Fig. 3. Representative geometrical points of strawberry and annotated images.
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Fig. 4. Architecture of YOLOv8-pose used for estimation the 2d strawberry pose.
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Fig. 5. Architecture of depth estimation model for strawberry keypoints.

7ot 24 7] focal lengt) S LhERICE 0] 2 53 9 SIS 7Aoot B 4 B9l 2EA R HEEo A, 7o}
SWAFE 9 A1 istol 0o e 2249 2HE X, YE DS 4 Utk A7 Al 22 AWE ¢ Pl B Aot
2ol 6349l 2l ME|2 A=, o) = MLp o] Qlefo 2 Abg it

X=—=Y=—= (1

Where, u, v are pixel coordinates in the image coordinate system; c,, ¢, are the principal point (camera center)
coordinates; £, f, are focal lengths along the x and y axes in pixel units; X, Y are normalized camera plane coordinates.

Normalized 2d keypoints = [Xg, Yr, X, Yc, Xp, YP]T )

Where, F, C, P denote the fruit, calyx, and pedicel keypoints, respectively; T denotes the transpose.

AolANE 44 2E 7120 2 70| % stol, MLP BRlo] 233} 22h20] 4T o) Slaishes olg)
. ol % §lal 2 o) At A 3ol S Adtste] T 712 ATAHES Helslelond, A3y o] ERE ol7]A,
X,Ye B e BA2 0 B0 HEL,X,, v, B TS HES i,
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o
it

AX; = X; — Xp, AY; =Y, — Yy (j €{C,P}) 3)
Where, AX;, AY; are fruit-referenced coordinate offsets used as inputs to the MLP.
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o] Z| A7} El= AL 7HEA & 2 E REE A6l 8H5E (leaming late)= 0.01 2 AA5H oM, Hi2| 27]+= 162
A7 sttt R ElshGof+= SGE (stochastic gradient descent) &1 2] E-2 3l 2] A3t=] 1t 32k Zlo] o] = mdlo] sk
2003] 59k 4=345}131 o1, A 5H4= MSE (mean squared error) g 59l £ 4 3H=] ] Al4)Z T of7] 1 AZ, =20l o
AZq= AR 3 Zlo] 2h N2 Hij 2] Ul QIA'IA -5 ofm|gitt, o] 7 Foll 5 Uet WAl o] 53 ZAollA

MIE}ETH A Zo] gho] Y4 0 2 fAstTh= BA14 mfjeo] S5E T FEHA A= Oﬂ%L gt Ziojol] 7]
Zio|& 7Hitoto] 2+ o] A Zlo|7} B E Tk Be)d T A9 A+ pytorch 1.7.1 7|HEO & FHE| RO, S5
GPU (GeForce RTX 4060ti, Nvidia, Santa Clara, CA, USA) 270l A 43 =] AT,

hu sy

oz
Ee)
N
2

r-lN rlr o rlo

N
1 > 2
MSE = NZ(AZl - AZ;) @)
i=

Where, $\Delta\widehat{Z {i}}$ is the predicted relative depth; AZ, is the ground truth relative depth; N is the

number of instances in a mini-batch.

4547t

o]l A& A5 H7h= 25 3 E (confusion matrix)©l| 7]8FsF] TP (true positive), FP (false positive), TN (true negative), FN
(false negative) 47 12| -2 53l AL T (precision), A & & (recall), mAP (mean average precision) | =5 22} 2 (5), (6), (7)2}
Zro| Attt o714 = BElo] YA O oS3 ME F AR A9 HEo|H, PSS AA FHMET
do] geks] &3t Hle2 Uehdth mAPE 7t SEiA HE AME ot AU S FeA9 £ NOE Pt gtog
A Sl et AE 5= U4 =2 H7keh= Aol

Precision = L 5
recision = o5 )
TP
Recall = m (6)
N
1
mAP = Nz AP, (7)

i=1

Where, TP is the number of true positives; FP is the number of false positives; FN is the number of false negatives; N

is the number of classes; AP; is the precision for class N.

FEAY ) BT DA ASIARE AL S5 Syl B A 0 2 A

Pixelerror = |Pp‘red - PGTl (8)

Where, P,,., is the predicted 2d keypoint in pixels, P is the ground truth 2d keypoint in pixels.
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AHA| 7ol A T A Q1 A5 7} 2| Q1 PCK (percentage correct keypoint) (Andriluka et al., 2014), MPJPE (mean per joint
position error) (Lonescu et al., 2014), OKS (object keypoint similarity) (Kim et al., 2023)5 AF&-5to] H71E 35190, 7}
2 A(9), (10), (1) ZFo] ARSI o714, PCKE ollSH B o] X7} AR T oluiel] EAHsH= HlE&2 LrehdiH,
MPIPE= 4| ¥ 9]2] @4o] -2 U= 2122 ARETE ojull, B et P= 212} ol S B At o 2k 5 Uet
Ui, N A 24 Solt}. OKS+ ol SF ¥ at AR ¥ Afo] Q] 72| FALEE Altehe A1 E 2, A ZZ0lA oU
(intersection over union)2} F-AFZH &g Btk 07| A, i= & TAQ 4, d= ol WA T AR T Abol9] fE2|E A,

=
= A9 271, k= B 518 24 vis WE | 7M1 E Sfodt

N
PCK@threshold = %Z 1| =Pl =T )
i=1
1 N
MPJPE = N-Z”ﬁi - Pl-||2 (10
i=

Where, N is the number of evaluated keypoints; P, and P; are the predicted and ground truth 2d coordinates of keypoint 1.

d?
Yiexp (_W)'Vi (1)

2iv;

OKS =

Where, d; is the Euclidean distance between the predicted and ground truth location of keypoint 1; s is an object scale; k; is a keypoint

specific tolerance; v; indicates the visibility of keypoint 1.

Results and Discussion
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S5ttt 22 8 A & Bel2 D7] 2ol dish U = 0.89, AE & 0.91, mAP@0.5°1141 0.85, OKS@0.5+ 0.94
2 o QAR AE 0| 7Hs e BRIt 0KSe| A= 2271 0.72%] EOFES] AR 0llA] OpenPose &
S AH83H ZIH(Kim et al., 2023), HRNet 22 AFE-5F 17kt 550 24| 274 9] 79 Z47F0.86, 0.93.0 2 B 7] ZHA| 5=
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2D ground truth 3D ground truth 2D pose estimation 3D result
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Fig. 6. Representative results of strawberry pose estimation inference.
Table 2. Performance evaluation for three components of strawberry
Class 2d coordinate Depth
X pixel y pixel PCK@5 (pixel) MPJPE (mm) PCK@50(mm)
Fruit 1.62 +1.229 231+ 252 86.96% 0.02 £ 0.01 100%
Calyx 210 £ 1.74 2.09 + 2.51 83.15% 13.40 = 16.31 97.3%
Pedicel 291 =284 3.71 = 6.33 61.41% 36.48 = 5.90 76.5%
Average 221+ 212 2.70 + 4.26 77.17% 16.63 = 27.33 91.3%

*Mean*standard deviation

o] k= 7]z Hlo|e7h REstal A4 7ke] o] of2] R DY ME 2 d5e SATES Hojam, At 2
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, EARRO] 4%-291,3.71 G| @35 Bl o] 5 ¥Eol| thet PCK AR YA 5 TAdoflA 2Hd 86.9%, 2R
83.1%, ZARF 614%% LFEFKATE 32H Zlo] of| Sl = hd A 9] Zlo| S 1 7gsto] oS3 e Bz Ao isfiAf= &

A
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Fig. 8. The PCK curve of 3 keypoints and average value; (Left: 2D keypoint detection, Right: depth estimation)

Conclusion
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