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Article history:

Labor shortages and aging populations have accelerated the demand for

Eec;ivgd ;(5) ?A?y ;g;g automated harvesting technologies in agriculture. For robust pepper harvesting,

evise uly . . .

Accepted 25 July 2026 this study proposs:s. a Mask Region baseFI Convolutional Neural Network (Mask
R-CNN) based vision system that can simultaneously detect red peppers, green
peppers, and stems at the instance level. To address background—-object confusion

Key wor ds: caused by color similarity between green peppers and leaves, a leaf class is

Agr1c1‘11tura1 rOb_Ot introduced, and a four-class model is compared against the original three-class

R(.)l?om harvesting model under identical training conditions. The four-class model improved the

Vision-based control segmentation AP for green pepper and stem classes by 3.6%p and 2.0%p,

Stem detection respectively, while maintaining red pepper detection performance. The proposed

RGB-D camera system integrates instance segmentation with depth information from an RGB-D
camera to estimate three-dimensional cutting positions for robotic harvesting. It
achieves an average end-to-end latency of approximately 200 ms and a
field-harvesting success rate of 90%, thereby confirming its practical applicability
for agricultural harvesting robots.
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Table 1 Summary of the pepper dataset used in this study

Red+ Greent |Red+Greent+ Total
N@ber of Stem+Leaf | StemtLeaf | StemtLeaf ©
images
1472 896 3156 5524
Item Leaf Red Green Stem Total
Number of | gor | 3533 | 2040 | 5773 | 20408
instances
Training set
6204 2473 1568 4041 14286
(70%)
Validation set
1772 707 448 1155 4082
(20%)
Test set (10%)| 886 353 224 577 2040
Data
augmentation:
X6 8862 21198 13440 | 34638 78138
(Rotate
+-15°/5°)

Fig. 4 Experiments on an open field test bed
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Fig. 5 Red + green + stem + leaf image

Table 2 Labelme composition of format data

Component
Image (JPG)

Explanation

Red, Green, Stem, Leaf all in one image

Labelme format
(polygon format + label include)

JSON annotation

“001_red pepper”, “001_green pepper”,
“001_stem”
“00_leaf” format

Class distinction

Table 3 Convert Labelme JSON format to COCO JSON format

Item Explanation
labelme JSON — Converting class, polygon, and image
COCO JSON information

Multi-class support Map red/green/stem by category id

Organizing the
directory structure

Need to unify into image +
JSON pairs or image + mask pairs
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Fig. 6 Visualizing the mask of labels using Labelme

Red Pepper | Green Pepper

Original image

Table 4 YOLO vs Mask R-CNN comparison table
Item YOLO Mask R-CNN
Speed Excellence Commonly
Bounding box Possible Possible
Pixel mask Unpossible Possible
Stem separation Difficulty Possible
Cut point calculation Limited Excellence
Suitability of this study Commonly Excellence

Table 5 Detectron2 Key hyperparameters

Fig. 7 Generating instance-level masks for labels using Labelme
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Hyperparameter name Value
MODEL.ROI HEADS.SCORE_THRESH TEST 0.5
SOLVER.MAX_ITER 30000
INPUT.MIN_SIZE TRAIN 640, 1024
SOLVER.IMS PER BATCH 2
SOLVER.BASE LR 0.00025
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Table 6 Bounding box and segmentation AP

Item bbox segm Remark
Mean average precision

AP | 5479 | 53372 ol 0?5 0:%' 05)

AP50 74.305 74.059 | Average precision at IoU=0.50
AP75 61.426 58.775 |Average precision at loU=0.75
APs nan nan Small objects (not available)
APm nan nan Medium objects (not available)
APl 54.769 53.372 Large objects

Table 7 Class-wise COCO AP comparison (4-Class, segmentation)

Class AP APS50 AP75

Stem 42.1 78.2 41.4

Red 86.8 97.7 95.7

Green 442 62.5 52.1

Leaf 40.3 57.8 46.0
OpenCV2] moments() g& ©]&sto] ALt=Rlom, sig &

= RealSense L5159] Depth .o} AYr]o] 331 Y= #sh
(I)V\-]q(xct y(;7 Zc )

O
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Fig. 10 3_Class confusion matrix of the proposed mask R-CNN
model for pepper object detection (IoU = 0.50, confidence
score = 0.50)
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4-Class Model Confusion Matrix
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Fig. 11 4_Class confusion matrix of the proposed mask R-CNN
model for pepper object detection (IoU = 0.50, confidence

score = 0.50)
SAae A /A Altol] Q3 HA £F o) g HRE
FHHo R A FAoBMN AA| 3 2E Aojo] FEI H5S
Ciazke Sy
3.1.3 Confusion Matrix 7|} LEF 24

Fig. 103} Fig. 112 IoU YAE 0.5} confidence score 0.5

71202 MASE 3Classzt 2Y 4Class REol A
Confusion MatrixE UERHATE Red Pepper SdiAE 689712 A
AE A9 & & 0}04(%*% 70771 % 68971, 97%) 7V
Uelgl o, o= 3Class A¥et 7 iA 2
HiZ 9 o2 a,:,ﬂ A9ko] MA} nﬂum =5l7| R oz sdETh

Stem S2AE 922719] AR E AHEsHA S8, 23370
9] 1|7} Background2 E£3%]o] YX 0]7Z(False Negative,
20%)°] A5t o= £717F 7heal A dolu A tief
FHIH 5ol fAstel B4 350 ofgfly] WiEoR 24
e}

Leaf SAE 1772719 AE & 110671(62%)E A&s| A=
stou, 64871(37%)°] BackgroundE 2EFEo] 57 Saf&

% Background®}] &% HlE0| 7P E7 UEHT:. ol ol

=

=

[oXn=R=1 1—0
lj\__ T ]ﬂ

w4 A W A AR SAtel 51 SuaRA
34 Sl e SAAUE Rofd

= 3267119] AAE B AEsI e
WHEE 44871 & 73%), 10671(24%)7t BackgroundZ, 1671
(4%)7} Leaf2 LEZTAT 3Class A3 Green?) Background
QRZ HE oF 40%, 179/448)2t H]|ALsHH Leaf 2|4 =0
2 Green9 Background £%0] tha &ste Z¢E EIch

T3t Background H%0] Leaf(66271), Green(19771), Stem
(23370), Red277)2 2AEEE= ol HEEGeH, 55
Leafol] T3t @71 HlEo] 7P & UBHTH(HH background
EE 111971 £ 59%). o]= Leaf S22 A7} w7 A48} of -

Green Pepper S|4

294
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Class-wise Precision-Recall Curve
(segm, IoU=0.50)
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Fig. 14 Class-wise precision-recall curve

Table 8 Class-wise IoU statistics (4-Class model, score=0.5,
ToU=0.5 matched detection instances)

Class N Mean Std Mean Std
bbox IoU | bbox IoU | mask IoU | mask IoU
Red 689 0.936 0.036 0.929 0.028
Stem 922 0.815 0.102 0.774 0.103
Green 326 0.860 0.063 0.862 0.064
Leaf 1106 0.843 0.083 0.856 0.086
5| ZF4&sto] 20,000 iteration oA learning rate”} 74
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Table 9 Average latency per configuration module

Average | Max
Module latency | delay Description
(ms) [time (ms)
. . RGB-D vi i
Video reception| 20 30 G video recePtlon and
frame buffering
Inference 120 200 Object Detection a.n d
Instance Segmentation
. Mask post- i d
Post-processing 30 50 ask pos .processmg‘an
center point calculation
Coordinate 15 30 Camera-robot coordinate
transformation transformation
Control Generating and transmitting
15 25
commands control commands
End-to- lat
Total 200 | 335 nd-to-end latency
(worst-case)

Table 10 End-to-end pipeline latency summary

Metric Value Description
Average end-to-end 200 ms Average delay from image input
latency to control command output
Maximum Total pipeline delay under
335 ms Iy
end-to-end latency worst-case conditions
Steady-stat i d i
Average throughput| 5 FPS cacys a.e proces.smg speed n
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