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Tilt-Invariant Lemon Size Estimation Using RGB-D Camera Images

Ayuna Dohi

Department of Artificial Intelligence Convergence, The Graduate School,

Pukyong National University

Abstract

The size of fruits significantly impacts their market value. For lemons, the size grade is
determined by the cross-sectional diameter, necessitating the harvest of lemons that meet
specific size criteria. Current manual measurement methods, involving metal rings, may
degrade lemon quality and are labor-intensive. This study proposes a non-contact method
for estimating lemon diameter using RGB-D images and deep learning. Our approach
detects lemons and their tips, utilizing depth information and the position of the tip relative
to the boundary of detected lemon mask to estimate size irrespective of the lemon's tilt.
With 2,038 images of indoor and outdoor green lemons, our method achieved a Mean
Absolute Error (MAE) of 2.94 mm for fully visible lemons, though accuracy decreased
with occlusions. These findings suggest that accurate, tilt-independent lemon size

measurement is feasible in field conditions, providing a valuable tool for harvest support.
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I. INTRODUCTION

1.1 Background and Research Motivation

In recent years, smart agriculture has been developing, including
automated agricultural works by robots, and work support based on data
analysis. Various benefits are expected from smart agriculture such as
a reduction of labor time, improvement of efficiency, and addressing
labor shortages. In many cases, the systems determine the action and
task by analyzing images captured by cameras. Until now, the systems
have been restricted by numerous challenges due to the constantly
changing real-world environment. However, with advancements in deep
learning, it is now possible to quickly and accurately detect fruits and
vegetables in real-world conditions.

Harvesting is one of the important agricultural tasks. Harvesting
requires that the optimal crop be harvested based on the evaluation
criteria for each crop. In the case of lemons, the size of a lemon is
determined by the length of the diameter of its cross-section, and
lemons that meet the shipping size are harvested. The standard of lemon
is shown in table 1.

Table 1. The standard of lemon size

Grade 2S S M L 2L 3L

Diameter(mm) 47 51 55 59 63 67

Lemons with a size of M or larger, defined as having a diameter of
55 mm or greater, are eligible for shipment. As shown in Fig. 1,

the current method of the sizing measurement is passing a metal ring

-1-



with minimum shipping size through a lemon to ensure it meets the

shipment size. Lemons that do not pass through the ring are targeted

for harvesting and are being harvested by cutting them with scissors.

There are 2 problems with this method.

1) Degradation of lemon quality: Since harvestable lemons do not
pass through the ring, they are always in contact with it. This
contact leads to surface scratches, resulting in a reduction in lemon
quality.

2) High workload: The current method allows for measuring only one
lemon at a time. Given that a large number of lemons are present on
each tree, and the tree height exceeds 2 meters, measuring lemons

located at higher positions requires the use of a stepladder, making

the task particularly burdensome.

(a) (b)

Fig. 1. The current method of harvesting lemon; (a) ring for use during harvest;

(b) The harvesting process.

1.2 Objective of the Thesis

There are various studies on size estimation of fruits and vegetables,

but there is a problem that depends on the shooting orientation. In many



cases, fruit and vegetables are fitted to a circle or ellipse, and the length
of the diameter of the fitted shape is used as the size estimate. Fitting
methods include 2-D and 3-D fitting. In the case of 2D fitting, it allows
for a shape that closely matches the region to be fitted efficiently.
However, a limitation arises in that the fitted ellipse's diameter may
not align with the actual diameter of the fruit or vegetable, depending
on its orientation. In the case of 3D fitting, the estimated value
corresponds to the diameter of the fitted shape. However, the likelihood
of obtaining an accurate 3D representation is low due to insufficient or
depth wvalue errors. Moreover, processing point cloud data is
computationally intensive, further complicating the approach. In real-
world farm environments, network stability cannot always be
guaranteed, and installing equipment with high processing capabilities
is often challenging. Under these conditions, 3D reconstruction is not
suitable for real-time, high-speed processing. Therefore, in this study,
the orientation of the lemon was calculated by detecting its tip to
estimate the diameter while accounting for the lemon's inclination,

using 2D ellipse fitting.

1.3 Contribution of the Thesis

To solve the problems of degradation of lemon quality and high
workload, we propose to use images to estimate the length of the lemon
diameter as the size of the lemon. The use of images eliminates the
drawbacks of using rings, which the contact with the lemon and the fact
that only one lemon can be measured at a time. In this research, RGB-

D images, consisting of paired RGB and depth images, are utilized. The
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use of depth images in addition to RGB images has the advantage that
the distance from the camera to the lemon can also be measured and 3-
dimensional information can be obtained. In the diameter estimation
method, the position of the diameter is influenced by the orientation of
the lemon in the image. Given that the shape of a lemon resembles an
ellipse, we can approach this problem using ellipse fitting techniques.
For lemons photographed perpendicular to the camera, the position of
the actual diameter closely aligns with that of the ellipse’s diameter.
However, when the lemon is photographed at an angle, the actual
diameter becomes misaligned with the ellipse’s minor axis. Therefore,
simply calculating the length of the minor axis from ellipse fitting is
insufficient to estimate the diameter accurately when considering the
tilt of the lemon. In this research, the orientation of the lemon is
estimated by detecting its tip. The assumption is that the lemon is more
inclined when the tip is located centrally, and more perpendicular to
the camera when the tip is positioned near the edge. The proposed
method involves detecting both the lemon and its tip from the RGB
image using a deep learning-based object detection model and
estimating the lemon’s diameter by predicting five features derived
from the depth image and detection results using a regression model.
The regression model is trained on features representing the lemon’s
slope, obtained from the tip detection, enabling tilt-invariant diameter

estimation.

1.4 Outline of Thesis

The thesis is organized as follows:
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Chapter 1: The introduction part explains background and
motivation of this thesis, point out objective of the thesis, and

summary contributions of the thesis.

Chapter 2: The related work part discusses the conventional and
state-of-the-art methods for object detection, vegetables and

fruits sizing.

Chapter 3: In this chapter, we present the proposed method. This
section discusses in detail the part of our technique such as:
overall of proposed method, lemon and tip detection, calculating

features for regression, regression method.

Chapter 4: In this chapter, we present the experiment results
obtained wusing our methods and discuss our performance

evaluation.

Chapter 5: The final chapter contains the conclusion about our

research and a brief consideration concerning future works.



II. RELATED WORK

2.1 Fruit Detection

In the field of smart agriculture, fruit detection methods can be
divided into 2 categories: 1) handcrafted methods based on human-
defined features, and 2) deep learning-based methods. Handcrafted

methods often use color thresholds to detect fruit.

2.1.1 Handcrafted Methods

For example, [3] successfully separated the background and fruit
using Otsu’s threshold[12] with three color spaces. Otsu’s
threshold[12] is a method to find a threshold value that separates the
foreground and background. It minimizes the variance within each
group while maximizing the value between classes. Reference [4]
attempted detection based on changes in brightness values. Handcrafted
detection methods are limited by their sensitivity to image noise and
color variations of the fruit. For instance, they behave unexpectedly
when there is no clear color difference between the background and the
fruit. In the case of green lemons, the background often contains many
leaves, and since the green lemon fruits are also green, it can be
challenging to distinguish them. In real field conditions, variations in
lighting due to sunlight and occlusions like leaves can cause errors

easily in fruit detection.

2.1.2 Deep Learning-based Methods

Deep learning-based fruit detection commonly uses object detection
or instance segmentation. Deep learning models can be optimized with

training data and are robust to noise, making them suitable for complex
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field environments. Object detection or instance segmentation methods
are commonly used in detecting fruits in images. Object detection
involves identifying rectangular bounding boxes around detected
objects and assigning class probabilities that represent the likelihood
of the objects being a specific class. On the other hand, instance
segmentation can detect objects at the pixel level in addition to
providing bounding boxes and class probabilities. Reference [5]
improved Mask R-CNN [6], a type of instance segmentation model, for
apple detection, showing high detection accuracy even with shadows
and occlusions. In recent years, models with a structure You Only Look
Once (YOLO) have been developed, enabling high-speed execution and
being utilized for various tasks. YOLO achieves fast processing by
simultaneously detecting the class and location of objects within an
image. There are many models in the YOLO series, but among them,
YOLACT[7], YOLOv8[8], and YOLOv11[9] stand out as models
capable of instance segmentation. Recently, YOLOv8 [8] has made
real-time instance segmentation possible with high accuracy. Reference

[10] used YOLOvVS8 to detect green apples.

2.2 Fruit Size Estimation

For size estimation, detection results are often fitted to shapes like
circles or ellipses. Reference [11] estimated mango size by fitting a
mask image to an ellipse after detection. Another approach involves
combining RGB and depth images to create a 3D shape of the fruit for
size estimation. For green apples, [10] applied the least-squares method

and differential equation in order to fit an ellipsoid. When using only
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2D images, fruits often appear tilted depending on the shooting position.
This tilt can make it difficult to estimate the correct size based solely
on the fitted shape. 3D methods tend to be more accurate but can suffer
from increased computation time and inaccuracies due to insufficient

depth information.

This study proposes a lightweight size estimation method for lemons
that calculates the fruit’s tilt from images, using detected features and

depth information to provide tilt-independent size estimation.



lIl. PROPOSED METHOD

3.1 Overview

The overview of our framework is given in Fig. 1. First, acquiring
RGB-D images((a), (b) in Fig. 2) and complementing the error value
for depth image((c) in Fig. 2). Then, detecting lemon((d) in Fig. 2) and
tip((f) in Fig. 2) utilizing deep learning models. Subsequently,
elliptical fitting to enhance comprehension of the morphology of a
lemon((e) in Fig. 2). After extracting features from the results of
detection and depth values, compute the actual lemon size by a
regression model((g) in Fig. 2). We will explain each process in the

following sections.

(a)

RGB image . (e)

Fitting ellipse

g

L

2

2 Estimated diameter
s Xcm

=

2

o

&

\S—

Fig. 2. Overview of our framework

3.2 RGB-D Image Acquisition

We used Intel RealSenseD415, D435i, and D435f RGB-D cameras to
capture RGB and depth images. The RealSense series uses stereo vision
and Infrared Rays(IR) pattern to obtain depth image. IR pattern from

the infrared projector indicates invisible static infrared patterns,



utilized for the improvement of depth accuracy. We utilized the
RealSense library provided by Intel to acquire and post-process RGB-
D images. The acquired depth images have 2 issues: 1) The field of
view (FOV) of the RGB and depth images differs due to the different
positions of the cameras, making it impossible to reference them as a
pair. 2) The captured environment potentially includes missing values
and outliers, especially around objects whose depth values are unclear.
To address the FOV issue, we aligned the images using the internal and
external parameters of the cameras. For the outliers, we applied
smoothing and filling processes. Smoothing was performed using the
spatial edge-preserving filter provided by RealSense official[13],

calculated as follows:

Yl t=1
St = aYt + (1 r a)St_l t >1and A= |St A St—ll < 6 (1)
Yt t>1 and A= ISt Ty St—ll > 6

Y; is the recorded depth and S; is the calculated depth value at any
time period t. @ and & represent the number of iterations, the degree
of weighting decrease, and the step-size boundary, respectively. When
the difference between the measured and last calculated depth exceeds
the depth threshold set by &, set the newest depth value. It applies to
hole-filling for missing values, which is calculated by referencing the
maximum value among the five adjacent pixels: above, below, left, and

right. Fig. 3 shows the result of post-process of depth image.
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(b)

Fig. 3. Example of post-process of depth image; (a) original depth image; (b) filtered depth

image

3.3 Lemon and Tip Detection

To achieve effective performance in estimating lemon diameter in
the real field, both accuracy and execution time are crucial. In fruit
size estimation, identifying the fruit’s area is an important clue for
understanding its shape and size. Therefore, we use an instance
segmentation model, and this study employs the anchor-based Mask R-
CNN and the anchor-free Yolov8 methods. Detection is carried out in
2 stages: detecting the lemon and then the lemon’s tip, as illustrated in
Fig. 4. As shown in Fig. 4, first, we detect lemons from the original
image. Since the lemon tip is a very small area relative to the whole
image, it is difficult to detect directly from the original image because
there are similar features all over the place. Therefore, we crop the
original image based on the bounding box and then detect the tip for
each lemon. Considering the orientation of the lemon, we classify the

lemon's tip. However, since the tip also occupies a small area relative
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to the entire lemon, similar features might appear elsewhere on the
lemon. To improve detection rates, we divide the tips into 2 classes:
side tip' (on the lemon's outline) and 'center tip' (inside the lemon). If
a lemon has multiple tips, we select the one with the highest class
probability. As a result, the corresponding tip is identified for lemons

where the tip is detected.

Original image
. .

Detected
center tip
image

Detected
side tip
image

Detected lemon image Cropped lemon
image

Fig. 4. Detection flow of lemon and tip

3.4 Ellipse Fitting

We approximate the shape of a lemon’s outer contour as an ellipse,
using the detection results of the lemon. Lemons frequently overlap
each other in actual farms. It is highly likely that multiple lemons will
be approximated as a single in the case of overlapped lemons. Thus,
ellipse fitting method for whole image does not work effectively. To
approximate the ellipse for each lemon individually, we crop the image
based on the bounding box from the detection results. Using the mask
information from the detection results, separating the lemon from the
background. Since the mask area may be separated as several regions

in some detection results, we perform a morphological closing

-12 -



operation with a 7x7 kernel to connect these areas. Then, we fit an
ellipse to the mask image using the least squares method. This process
provides us with the ellipse’s center coordinates, the lengths of the

short and long axes, and the rotation angle.

3.5 Feature Extraction
We calculate features to input into the regression model using depth
images, lemon detection results, tip detection results, and ellipse fitting

results. The five features used are listed below.
1. Featgreq :the number of pixels in the mask.
2. Featgepen - the depth value at the center of the ellipse.

3. Featy;, :the ratio of the length from the tip to ellipse center to the length of the

major axis of the ellipse.

4. Featgeptny, i absolute difference in depth values at the endpoints of the ellipse’s

minor axis.

5. Featgport,,; - estimated diameter of the lemon using the length of the ellipse’s

minor axis in real world units.

Feat,, ., represents the area of the lemon in the image, we use the
total number of pixels in the lemon mask obtained from detection result.
Featgeptn represents the depth of lemon center, which is used the depth
value of the center of ellipse as center depth. The tilt of the lemon in
the depth direction can significantly affect its shape and diameter
appearing on 2D image. Therefore, we assume that the center of the

fitted ellipse is always at the center of the lemon in the image,

-13 -



regardless of its tilt. Then determine Feat;;, the lemon's orientation
based on the relationship between the ellipse center and the position of
the tip. We considered the tilt of the lemon Feat;,based on the
relationship between the center of the ellipse and the tips, assuming
that the closer the 2 points are, the greater the tilt. Specifically, we
used the ratio of the distance from the tip to the center of the ellipse to

the length of the major axis of the ellipse and calculated it using (2).

dtip
Feat;;, = ———— 2
tp ™ ong axis (2)

dtip rtepresents the number of pixels from the center of the ellipse to
the center of the detected tip's bounding box, and long axis is the
number of pixels of the ellipse's major axis. Featy, ranges from 0.0
to 1.0. If it exceeds 1.0 or the tip is not detected, setting to 1.0. A value
close to 0.0 means the tip is near the center, indicating a large tilt,
while a value close to 1.0 means the tip is near the edge of the lemon,

indicating a small tilt. A calculation example is shown in Fig. 5.

(R, o

Feat; = 053 Featy; =097

(a) (b)
Fig. 5. Examples of Feat,;,, with (a) the tip positioned near the center and (b)

the tip positioned near the edge
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The depth values of the endpoints of the minor axis of the ellipse
change depending on the tilt and orientation of the lemon. Featgepin aify-
the absolute difference in depth values between the 2 endpoints of the
minor axis is used as one of the cues to predict the rotation of the lemon.
The minor axis of the ellipse Featspore,,,, is considered as the diameter
of the lemon, and the length of the minor axis in the real world is
determined using the ellipse fitting results and the depth image. Since
depth values tend to be unstable near the edges of the object, the
accuracy of the depth values at the endpoints of the minor axis becomes
unreliable. Therefore, new depth values are selected from the vicinity
of the endpoints. Specifically, the difference between the depth value
of the ellipse center and the depth values near the endpoints is
calculated, and the depth values are replaced with those that have a
difference below a threshold. In this case, the threshold is set to 100
mm based on the maximum diameter of the collected lemon. The search
range is expanded by drawing a circle around the endpoints, and the
first depth value that is below the threshold is adopted. Next, using the
image coordinates of the minor axis endpoints, the selected depth
values, and the camera's internal parameters, the 3D coordinates of the
lemon relative to the camera, i.e., the camera coordinate system, are

determined using (3).

__ Ximg— Cx
xcamera - f d
x
_ Yimg~— Cy
ycamera - f d (3)
y

Zcamera = d
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Ximg and ygmgrepresent the coordinates on the image. ¢, and ¢,

are the optical center coordinates, and f, and f, are the focal lengths.

Next, using the 2 endpoints transformed into camera coordinates, the

Euclidean distance between the 2 points is calculated using (4)

Featsnort,,;s = VO —x5)2 + (s — y5)? (4)

where (x4, Vy4) and (xg, yp) denote the x and y coordinates in the 3D

camera coordinate system for the left and right endpoints, respectively.

3.6. Size Estimation Using Regression

We input the extracted features into a regression model to estimate
the diameter of the lemons. In this study, we evaluated 4 regression
models: Lasso [14], Ridge [15], Elastic Net [16], and Random
Forest[17] chosen for their lightweight computational requirements,
which enable quick execution. The setting hyperparameters for each
model are shown in Table 2. Lasso, Ridge, and Elastic Net were set
alpha parameter, and Random Forest was set 2 parameters, n_estimators
and max_depth. The weights obtained through training are utilized to

produce the final size estimation results.

Table 2. The setting parameters for each regression model

Parameter Values
Lasso alpha [0.01,0.05, 0.1, 0.25, 0.5, 1.0, 5.0, 10]
Ridge alpha [0.01,0.05, 0.1, 0.25, 0.5, 1.0, 5.0, 10]
Elastic Net alpha [0.01,0.05, 0.1, 0.25, 0.5, 1.0, 5.0, 10]
Random Forest n_estimators [4, 8, 16, 32, 64, 128, 256, 512]
max_depth 8, 16, 32, 64, 128]
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IV. EXPERIMENTAL RESULTS AND DISCUSSION

In this section, we describe the dataset used, as well as the detection

and size estimation results, and discuss the experiment result.

4.1 Dataset

In this experiment, we created three custom datasets of green lemon:
lemon detection, tip detection, and size estimation. The lemon dataset
is used to identify the lemon regions in the images, and the tip dataset
is used to estimate the orientation of the lemons. The dataset of size
estimation is used to train and test for regression model of lemon size
estimation. We collected green lemon RGB-D images of indoor and
outdoor cultivated lemons taken over 2 years, from 2022 to 2023, to
create these datasets. All lemons were at the harvest-ready stage. The
cameras used were the RealSense series D415, D4351, and D435f, and
both RGB and depth images were captured at a resolution of 1280x720.

The sizes of the lemons collected are shown i1n Table 3.

Table 3. The size of collected lemon

Mean Min Max Stapdqrd
deviation
Diameter(mm) 5.28 2.90 7.00 0.59

4.1.1 Dataset of Lemon Detection
An example of the images used in the datasets is shown in Fig. 6. For
the lemon detection, a total of 2,028 images were used for training and

420 images were used for validation.
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(a) (b)

Fig. 6. Images of lemon detection dataset; (a) indoor green lemon;

(b) outside green lemon

4.1.2 Dataset of Tip Detection

For the tip detection dataset, 1,894 images of lemons cropped based on
bounding box were utilized. All images included bounding box and mask
information. A total of 1,488 lemon cropped images were used as training
data, with data augmentation applied through rotation and brightness
variation. The reason for these augmentations is to account for changes in
lighting conditions and variations in lemon orientation that occur in real-
world farm environments. In this research, image rotation was applied
within the range of -90° < 0 < 90°, and brightness was adjusted using the

following equation (5).

dst(x,y) = a x src(x,y) (5)
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src(x,y)indicates the RGB value in the input image (x,y) coordinates.
dst(x,y) indicates the output RGB value. if dst(x,y) is greater than 255,
the value is changed to 255. In this study, the change was made within the
range of 0.6<a<1.6. Fig. 7 shows an example of data expansion. 2,976
images, including images applied data augmentation, were used as training
data. For the validation data, 406 lemon images that were not used as

training data were used.

»

(c): Before brightness change (d): After brightness change

Fig. 7. Example of data augmentation for tip
4.1.3 Dataset of Regression Model

For the purpose of training the size estimation regression model,

we used a total of 1,663 cropped images of lemons, which were selected
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from the images used for tip detection, and an additional 744 cropped

images of lemons.

4.2. Detection of Lemon and Tip
4.2.1 Training Details

All the experiments were implemented on a workstation with
Intel(R) Xeon(R) Gold 6326 @2.90 GHz CPU, 64.0GB and NVIDIA
RTX A6000 GPU. The deep neural networks for lemon and tip detection
were trained with a maximum iteration of 100 and a batch size of 16.
The models Mask R-CNNJ[6], Cascade Mask R-CNN[18], YOLOvS8[8],
YOLOvI1[9]were utilized. YOLOv8 and YOLOv1l have 5 different

types according to the amounts of trainable parameters.

4.2.2 Evaluation Metrics for Object Detection

We used the following evaluation metrics to assess the model
performance: mean Average Precision(mAP), and Floating Point
Operations Per Second(Flops). mAP indicates the area of Precision-
Recall curve, the value range between 0.0 ~ 1.0. precision and recall

are calculated by (6) and (7).

. . True Positive
Precision = — — (6)
True Positive+Positive

True Positive
Recall = (7)

True Positive+False Negatives

Recall means the ability of a model to identify all relevant instances
in the dataset. Precision means the accuracy of the positive predictions
made by the model. It is the ratio of correctly identified positive

samples (true positives) to all predicted positives (true positives + false
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positives). It is the ratio of correctly identified positive samples (true
positives) to the total actual positives (true positives + false negatives).
The detection rate improves as the value increases. FLOPS refers to the
number of floating point operations per second, with lower values

indicating fewer computational resources required.

4.2.3 Experimental Results
The segmentation results of lemon and tip are shown in Table 4 and

Table 5, respectively.

Table 4. The results of lemon detection for validation data

Model Backbone mAPg, mAP;¢ FLOPs
Mask R-CNN Resnet50 0.829 0.733 259 G
Casﬁi‘gﬁ’\ma“ Resnet50 0.805 0.730 1780G
Casl;a_g%m“k Resnet101 0.816 0.740 1850G

YOLACT Resnet50 0.766 0.620 61.4G
YOLACT Resnetl01 0.775 0.636 84.7G
YOLOv8n P 0.760 0.583 12.0G
YOLOVSs CSP“SZE‘]’(':HSB 0.687 0.595 424G
YOLOv8m nggii‘g:em 0.688 0.598 110.0G
YOLOVSI CS;SZ:,‘]’(TaSB 0.674 0.589 220.1G
YOLOV8x CS;SZ‘Y‘]’(‘[?etS 3 0.797 0.614 313.0G
YOLOvIIn  Comveltion laver 0.778 0.576 10.2G
YOLOvils ~ Comvolion ayer 0.791 0.570 353G
YOLOvIIm ~ Comveluion laver 0.806 0.611 123.0G
YoLOviil  Comoltion laver 0.794 0.589 141.9G
YOLOvl1x ~ Convolution layer 0.788 0.604 319.7G

and C3k2 block
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Table 5. The results of tip detection for validation data

mAPs, mAP;
Model Backbone FLOPs
Side Center All Side Center All
Mask R t50 0.827 0.673 0.750 0.123 0.186 0.154 209.0G
R-CNN esne . . . . . . .
Cascade
Mask Resnet50 0.785 0.629 0.707 0.117 0.113 0.115 1780.0G
R-CNN
Cascade
Mask Resnet101 0.822 0.626 0.724 0.143 0.186 0.164 1785.0G
R-CNN
YOLACT  Resnet50 0.861 0.733 0.799 0.116 0.160 0.147 61.5G
YOLACT Resnetl01 0.860 0.769 0.814 0.123 0.283 0.132 84.8G
custom
YOLOv8n (CSPDarkne 0.877 0.717 0.797 0.219 0.270 0.244 10.7G
t53
custom
YOLOv8s CSPDarkne 0.857 0.793 0.825 0.218 0.292 0.255 37.3G
t53
custom
YOI;HOVS CSPDarkne 0.881 0.746 0.814 0.226 0.250 0.238 98.7G
t53
custom
YOLOv8l CSPDarkne 0.879 0.768 0.824 0.249 0.228 0.239 200.5G
t53
custom
YOLOv8x CSPDarknet 0.818 0.818 0.818 0.184 0.337 0.261 313.0G
53
Convolution
YOLOvI layer and 0.841 0.822 0.831 0.238 0.241 0.239 10.2G
n C3k2 block
Convolutio
YOLOVIL - overand 0,880 0.816 0.848 0.214 0.345 0.280 353G
§ C3k2 block
Convolutio
YOLOvII n layer and 0.856 0.796 0.826 0.231 0.295 0.263 123.0G
m C3Kk2 block
YOLOvI1 Convolutio
n layer and 0.795 0.780 0.787 0.204 0.274 0.239 141.9G
1 C3k2 block
Convolution
YOLOvIlx layer and 0.830 0.732 0.781 0.210 0.174 0.192 318.5G
C3k2 block

As shown in Table 4, Mask R-CNN outperforms all models in mAPs,
and Cascade Mask R-CNN is the highest accuracy in mAP,5 for lemon
detection. On the other hands, as shown in Table 5, YOLOv11s achieves

better results for tip detection. In the case of tip detection, the mAP
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decreased significantly from mAPs, to mAP,s; in all models. This
drop in mAP can be attributed to the unclear contours of the tips,
leading to deviations between the detected results and the ground truth.
Nonetheless, as tip detection aims to capture their relative positions
with respect to the lemon center, the mAPs, is considered sufficient.
When focusing on computational cost, the FLOPs between Mask R-CNN
series and YOLO series show significant differences when detecting
lemons and tips. Mask R-CNN achieves Flops of 259G for lemon
detection, whereas YOLOv8n reaches Flops of 12G. This indicates that
YOLOv8n is much less computationally intensive and faster than
masked R-CNNs. The predicted images of lemon and tip are shown in
Fig. 8. The superior accuracy of Mask R-CNN can be attributed to its
higher detection for partially occluded lemons, as shown in Fig. 9(a),
and to the frequent misclassification of leaves as lemons by YOLOv8n
as shown in Fig. 9(b). This indicates that Mask R-CNN is more adept
at distinguishing lemons from other objects, even under challenging
conditions. When considering both speed and accuracy as the primary
criteria for model selection, YOLOv11ls emerges as a more suitable
choice. This is largely due to its ability to achieve a balance between
computational efficiency and performance metrics. The model
demonstrates relatively high accuracy, with mAPs, values of 0.791 for

detecting lemons and 0.880 for identifying tips. These results indicate
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that YOLOv11s not only performs well in terms of precision but also
maintains an edge in real-time applications, making it a practical

solution for tasks where both speed and accuracy are crucial.

Lemon detection

Tip detection

Mask R-CNN YOLOv8n

Fig. 9. The segment errors of lemons
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4.3 Lemon Diameter Estimation
4.3.1 Evaluation Metrics for Regression

To assess the performance of these models, we used three evaluation
metrics: mean absolute Mean Absolute Error(MAE), Mean Squared

Error(MSE), and Root Mean Squared Error(RMSE).

MAE = -3,y = (8)
MSE = =31, (y; = 9)? 9)
RMSE = [“S140i - 92 10)

where n indicates the number of data, y; is the prediction value and
y, 1is the true value. All calculations are based on the error between the
ground truth and the predicted values. However, the way the error is
measured whether using the absolute value, the squared value, or the

square root affects how much larger errors impact the results.

4.3.2 Comparison by Regression Model

We evaluated lemon size estimation using four regression models:
Lasso[14], Ridge[15], Elastic Net[16], and Random Forest[17]. These
models use five calculated lemon features as input, with the first three
being linear models that use different regularization methods to prevent
overfitting, while Random Forest uses multiple decision trees to

generate results.
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Table 6. Lemon size estimation by regression models

MAE (mm) MSE(mm) RMSE(mm)
Lasso 3.72 48.78 6.98
Ridge 3.87 97.09 9.85
Elastic Net 3.73 42.52 6.52
Random Forest 2.94 15.12 3.89

The results of size estimation using YOLOv8n for the validation data
are shown in Table 6. The Random Forest outperformed other models
in all three evaluation metrics for size estimation on the test data. The
other three regression models (Lasso, Ridge, and Elastic Net) showed
similar MAE values. While Elastic Net had the lowest RMSE of 42.52
among these three, it was still more than twice that of Random Forest.
This suggests limitations in linear regression models for this task. MSE
and RMSE tend to increase significantly with larger errors. Therefore,
Random Forest's superior performance in these metrics indicates that it
not only has lower average errors but also fewer extreme errors

compared to other models.

4.3.3 Ablation experiment

We divided the five features used for regression into three elements
to analyze how each feature impacts the accuracy of diameter
estimation. This approach allows us to better understand the
contribution of each feature to the overall regression performance. The
five features can be categorized into 3 elements: length, scale, and

rotation.
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1) Length refers to Featspore,,,, Which is the diameter measured from

the ellipse.

2) Scale refers to Featgeqand Featgep, representing the relative size

of the lemon in the image from the camera's perspective.

3) Rotation refers to the lemon's orientation and tilt, estimated using

Feat;,and Featgiepin aiff-

We compared four conditions: baseline using only the short axis,
baseline with added rotation information, baseline with added scale
information, and using all features together. Detection in all cases was
performed using YOLOvVS8. The predicted diameter in the short axis case
was based on values calculated during feature extraction, while for the
other three conditions, regression was performed using a Random
Forest model for training and testing. Table 7 shows how scale and
rotation contribute to size estimation, using shot axis as the baseline
for the validation data. We evaluate this contribution using 3 metrics:
MAE, MSE, and RMSE. Furthermore, the standard deviation represents
the variation in the absolute error between the predicted values and the

true values.

Table 7. The result of ablation experiment

Max(mm) MAE (mm)  MSE(mm) RMSE (Sj::f;;i
Short Axis 414,02 13.78 1888.82  43.46 41.28
+Rotation 15,39 4.44 30.08 5.48 3.23
+ Scale 17.73 3.12 16.40 4.05 2.59
Full 16.88 2.94 15.12 3.89 2.55
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Fig. 10. The absolute error between the predicted value and truth value

The improvements in size estimation accuracy when combining
different features. Using only the short axis length of the ellipse
resulted in an MAE of 13.78 and an RMSE of 43.46. MSE, in particular,
has a significantly larger value of 1888.82. Fig. 10 shows the absolute
error between the predicted value and the truth value for each feature
combination. From Fig. 10, it is clear that when using only the short
axis feature, there are a large number of lemons with errors greater than
10 mm. As a result, MSE and RMSE, which are sensitive to large errors,
reached high values, compared to other methods. When size features
were added to the scale features, MAE and RMSE improved
dramatically to 3.12 and 4.05, respectively when compared with the
case of only the short axis length. Similarly, adding rotation features

to the feature of short axis length improved all metrics. The initial
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maximum error of £414.02mm likely occurred when depth values at the
ellipse's short axis endpoints were incorrectly captured, leading to
large depth differences and consequently, significant size estimation
errors. The regression model appears to have mitigated these extreme
errors. The highest accuracy was achieved when all five features were
used together. The improvement seen when using all features can be
explained by the complex nature of lemon appearance in images. For
instance, when a lemon rotates in place, its area in the image changes,
which could mislead size estimates based solely on area. However, by
incorporating rotation-related features, the model can better account
for these orientation-induced size variations, leading to enhanced
accuracy. This approach allows the model to adapt to Ilemon

orientations, resulting in a more robust size estimation system.

On the other hand, when lemons are obscured by leaves or other
lemons, the features input for regression may not be correctly captured,
leading to decreased accuracy. In the case of area estimation, using the
mask image of the lemon detection result means that information about
the obscured parts is lost. Additionally, if the tip is hidden, it cannot
be detected. Therefore, a future challenge is to improve accuracy in
situations where lemons are obscured, by addressing issues such as lost

information from mask images and the inability to detect hidden tips.

4.4 comparative experiments with existing methods
In this chapter, we compare the existing harvesting method using a

ring with the proposed method utilizing a system implemented on an
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Android smartphone. The comparison focuses on the harvesting speed
of lemons, as well as the usability and user experience of each method.
Two experiments were conducted in this study: one in June 2024 using
green lemons grown indoors (house cultivated) and another in October
2024 using green lemons grown outdoors. Both methods were evaluated
to determine their practical feasibility and effectiveness in real-world
scenarios. The experimental settings and results are described in the

following sections.

4.4.1 Details of Subjects

To compare the existing harvesting method using a ring with the
proposed system, experiments were conducted with the cooperation of
students and staff from University of Yamanashi, employees from a
company in Hiroshima Prefecture, and lemon farmers in Japan. For the
experiment targeting indoor-grown lemons, 11 participants were
involved, while 15 participants took part in the experiment targeting
outdoor-grown lemons. As shown in Fig. 11, in experiment (a) with
indoor-grown lemons, all participants were either beginners or had only
a few instances of lemon harvesting experience. On the other hand, in
experiment (b) with outdoor-grown lemons, one cooperating lemon
farmer had 8 years of experience, and one participant working in
agriculture-related employment had harvested lemons 10 times. Apart
from 2 experiments, all other participants were either beginners or had
only a few instances of lemon harvesting experience. It noted that the
participants with 1-2 instances of harvesting experience in the outdoor
experiment were the same individuals who participated in the

greenhouse experiment.
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The experience of lemon harvesting The experience of lemon harvesting
(indoor-grown) (outdoor-grown)

1 2

g

1

u firsttime = 1~2times m3~4times = 5~6times = firsttime = 1~2times » 3~4times = 5~8times = more than
(a) Experiment with (b) Experiment with
indoor-grown lemon outdoor-grown lemon

Fig. 11. Experience in lemon harvesting of subjects
4.4.2 Experimental Flow

The 2 experiments differed slightly in their content. In the June
experiment, participants harvested only lemons located at low positions
that did not require the use of a stepladder. In contrast, the October
experiment included harvesting both low-position lemons and high-
position lemons,  which ‘required the use of a stepladder. The

experimental procedure is illustrated in Fig. 12.

Pre-experiment training

+ Instruct the method of harvesting lemons
* Instruct the method of using system

* Harvest 2 lemons

Harvesting lemons After harvesting lemons

o . + Count and measure harvested lemons
+ Harvest lemons with ring or system at 5 minutes —

* Answers to usability questionnaires

Fig. 12. The flow of comparative experiment
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From Fig. X, during the pre-experiment practice, participants
received instructions on harvesting methods and tool usage from a
lemon farmer, as well as guidance on how to use the system from the
system developers. To familiarize participants with limited lemon
harvesting experience, they harvested 2 lemons before the actual
experiment. For the harvesting task, the location of the lemons to be
harvested was predetermined for each trial. Participants conducted the
harvesting task using either the ring or the system within a 5-minute
time limit. After each harvesting session, the number and size of the
harvested lemons were recorded, and participants completed a
guestionnaire for usability and user experience. In the June experiment,
each participant performed 2 harvesting trials: "ring-low" and "system-
low" followed by a questionnaire and measurements. In the October
experiment, each participant completed 4 harvesting trials: "ring-low",
"ring-high", "system-low" and "system-high"™ with corresponding

guestionnaires and measurements.

4.4.3 Experimental Setup

The system was implemented with an RGB-D camera, an Android
smartphone, and an edge server. The overall implementation is shown
in Fig. 13. As shown in Fig. 13, first, an RGB-D camera connected to
the smartphone captures RGB-D images. Next, the depth images
obtained on the smartphone apply post-processing, such as hole filling
and conversion to color images. These processed RGB-D images are
then transmitted to the edge server. Fig. 14 illustrates the bounding
boxes displayed on the smartphone for the detected lemons, with the

colors of the boxes indicating different meanings based on the
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estimation results. A red bounding box signifies that the estimated
diameter meets or exceeds the harvest standard size , indicating the
lemon is ready for harvest (Fig. 14 (a)). A blue bounding box signifies
that the estimated diameter is below the harvest standard size,
indicating the lemon should not be harvested (Fig. 14 (b)). A white
bounding box indicates that the lemon is outside the optimal distance
range due to the limitations of the RGB-D camera, making measurement
impossible (Fig. 14 (c)). Using this result image, harvesters can easily
determine which lemons to pick based on the information displayed on

the smartphone.

In this study, the RGB-D camera used for the June experiment was
the RealSense D435f, while for the October experiment, both the
RealSense D435if and RealSense D435 were used. The Android
smartphone utilized was the Google Pixel 7 Pro, and the edge server
was a Jetson Orin Nano. Lemon and tip detection were performed using
the YOLOv8n model, and regression calculations were executed using

the Random Forest algorithm.

RGB-D camera

3. Send RGB-D images to server

i 3‘ 1. Capture 4. Detection and regression
.',,:? a \RGB'D images BRI Depibliners 5. Create predicted result image

2. Image
post-processing

v

F 3

Smartphone
7. Display
predicted result image

6. Send predicted result image to smartphone

Fig. 13. The flow of proposed system with smartphone and edge server
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Estimated diameter(cm)

(a) Meet harvest standard size (b) Not meet harvest standard size (c) Out of range

Fig. 14. Meaning of the frame and color of the estimated image

4.4.4 Experimental results

This section presents the results of the two experiments. Tables 8, 9,
and 10 show the number of lemons harvested within 5 minutes and
accuracy. The accuracy is defined as the proportion of harvested lemons
meeting the required size criteria, for indoor low positions, outdoor

low positions, and outdoor high positions, respectively.

Average

number of Minimum Maximum Stalildé.lrd Accuracy
deviation (%)
harvested
Ring 20.2 14 18 5.50 97.29
System 9.1 7 12 3.81 93.03

Table 8. The experiment results in indoor-grown lemons at low positions

Average
number of Minimum Maximum Star.lda}rd Accuracy
deviation (%)
harvested
Ring 20.5 16 37 5.50 98.75
System 8.3 2 17 3.81 76.53

Table 9. The experiment results in outdoor-grown lemons at low positions
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Average

number of Minimum Maximum Sta]?da.lrd Accuracy
deviation (%)
harvested
Ring 13.6 5 24 4.98 95.30
System 7.3 4 16 2.87 91.45

Table 10. The experiment results in outdoor-grown lemons at high positions

In the experiment with indoor-grown lemons, participants using the
ring harvested an average of 20.2 lemons, while those using the system
harvested only 9.1 lemons, less than half. Similarly, in the experiment
with outdoor-grown lemons, the number of lemons harvested decreased
from an average of 20.5 with the ring to 8.3 with the system, showing
a larger gap than in the indoor experiment. According to Table 10, in
the experiment under the high-position condition with outdoor-grown
lemons, participants harvested an average of 13.6 lemons using the ring
and 7.3 lemons using the system. Comparing the results for low and
high positions, the number of lemons harvested with the ring decreased
significantly from about 20 lemons at low positions to 13.6 lemons at
high positions. In contrast, the system showed a smaller decrease, with
the number of lemons harvested dropping from 8.3 at low positions to
7.3 at high positions, resulting in a smaller gap compared to the ring.
Additionally, when using the ring, the proportion of harvested lemons
meeting the size criteria exceeded 95% in all experiments,
demonstrating consistently high accuracy. When using the system, the
accuracy was above 90% in all conditions except for outdoor-grown
lemons at low positions, where the accuracy dropped significantly.
Under the same low-position conditions, the accuracy decreased from

93.03% for indoor-grown lemons to 76.53% for outdoor-grown lemons,
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a reduction of 16.5%. Similarly, under the same outdoor-grown
conditions, the accuracy for high positions was 91.45%, but it
decreased by 14.92% for low positions. This decline in accuracy is
believed to be related to the amount of foliage and the density of lemons.
Outdoor-grown lemons have significantly more leaves compared to
indoor-grown lemons, and even lemons on the outer parts of the tree
are often partially hidden by leaves. As a result, the accuracy of
diameter estimation may have decreased due to occlusion. Additionally,
for outdoor-grown lemons, those at low positions are typically more
numerous and more densely clustered in the same area compared to
those at high positions. These factors are considered to have
contributed to the lower accuracy. Throughout the experiments, the
number of lemons harvested using the system was consistently lower

than when using the ring.

Possible reasons for this include insufficient practice with the
system, the processing time required for each image, the difficulty of
matching images to the actual lemons, and the limitations of the depth
camera in outdoor conditions. The proposed system was hypothesized
to offer the advantage of measuring the sizes of multiple lemons
simultaneously compared to conventional methods. However, during
observations, some participants captured multiple lemons from a
distance, while others focused on one target at a time, inspecting each
lemon individually. We suggest that additional training sessions with a
few trials are necessary for effective use. Furthermore, the system
demonstrated instability when used in real-time. Analysis of the images

stored on the server with harvest-determination overlays revealed that
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some lemons were displayed as harvestable in one frame but lost their
bounding box in the next frame. This inconsistency made it difficult to
match the same lemons across frames, further complicating the
harvesting process. In addition to the system's unstable working,
another issue identified was the difficulty in matching the lemons
displayed on the screen with the lemons the human saw. This problem
is thought to have 2 primary causes. The first cause arises when lemons
are densely clustered, making it challenging to correspond the lemons
displayed on the screen with the actual ones. An example of this

scenario is shown in Fig. 15.

Fig. 15. Example of difficulty in mapping lemons to each other

From Fig. 15, it can be observed that some lemons are located close
to each other in the image. It causes the displayed bounding boxes to
overlap. As a result, when a user looks back and forth between the
lemons and the image to identify the lemon within the red box, the
image may update before they can recognize the target lemon. This
makes it more challenging to identify the correct lemon. The second

cause is the delay between capturing an image and displaying it on the
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screen, despite real-time image updates. Fig. 16 shows the processing
time taken from capturing to displaying an image for indoor-grown

lemons in June and outdoor-grown lemons in October.

Processing Time per Image

1000

800

600 1

Time(ms)

400

2001

T T
June October

Fig. 16. The processing time per image

From Fig. 16, the average processing time per image was
approximately 550ms in the June experiment, while in October,
improvements to the network connection and server-side code reduced
this to about 230ms per image. When the processing time exceeded the
average, it was likely due to a large number of lemons in a single image,
requiring additional time for detecting each lemon's tip and performing
regression calculations. This delay creates a problem where even slight
movements by the worker before the image update makes it more
difficult to match the lemons on the screen with those in reality.
Therefore, achieving shorter processing times is a challenge task for

future development.

Another factor to consider is the instability of the depth camera's
accuracy. In this experiment, we used three cameras from the RealSense

D400 series: D435f, D435if, and D435. The D435if model includes an
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inertial measurement unit (IMU) but otherwise shares the same
architecture as the D435f. Both the D435f and D435if are equipped with
a short-range infrared filter, which was expected to make them suitable
for outdoor use under direct sunlight. In the experiment with indoor-
grown lemons, the D435f camera seemed to work correctly compared
with the outdoor situation. However, for outdoor use, it was observed
that the cameras equipped with infrared filters, such as the D435f and
D435if, failed to capture accurate depth information at specific
distances, approximately 40 ¢cm to 50 cm. In contrast, the D435, which
lacks an infrared filter, was found to provide more accurate depth
information. As a result, it is evident that the current limitations of
RGB-D cameras, particularly under outdoor conditions, pose
challenges for this system. Further exploration of hardware adjustments

or alternative devices is required for future improvements.

Considering these factors, future challenges include the integration of
Augmented Reality (AR) technology with smart glasses to overlay
harvestable lemons, achieving faster processing times, and selecting
depth cameras better suited for outdoor activities. As a result, these
improvements are expected to enhance the system's usability and

reliability in practical applications.

4.4.5 Subjective Evaluation for Usability

In this experiment, participants were asked to complete a usability and
user experiment questionnaire after each lemon harvesting task. We
used User Experience Questionnaire (UEQ) [19], which is a
standardized tool designed to evaluate the usability and user experience

of products, services, or systems. This method consists of 26 pairs of
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contrasting impression words such as "fast/slow" or
"annoying/enjoyable". It evaluates 7 scales. The examples of these

word pairs are shown in Fig. 17.

Attractiveness
annoying /enjoyable

bad /good

Pragmatic Quality Hedonic Quality

unlikable / pleasing

unpleasani / pleasant e a: .
! P Dependability Simulation
unattractive / attractive Unpredictable/ predictable inferior / valuable
unfriendly / friendly st . et boring / exciting

nol secure ¢ secure (AR AT i L e sl

does nol meet expeclitions ¢ meets expeelations demolivating / molivatimg

Efficiency Perspicuity Novelty
slow / fast 0ot understandable / understandable { dull / creative
inefTicient  eflicient difficult 1o learn { casy W learn conventional / inventive
impractical / practical complicated feasy usual / leading edge
clutiered / organized conlusing /elear conservative / innovative

Fig. 17. UEQ word impression word pairs

As shown in Fig. 17, the impression word pairs are broadly
categorized into three main dimensions: "Attractiveness," "Pragmatic
Quality,” and "Hedonic Quality." Furthermore, "Pragmatic Quality" is
subdivided into dependability efficiency, and, perspicuity while
"Hedonic Quality" is divided into stimulation and novelty. Table 11
presents the results of Attractiveness, Pragmatic Quality, and Hedonic
Quality for lemon harvesting under 3 conditions: indoor-grown lemons
at low positions, outdoor-grown lemons at low positions, and outdoor-
grown lemons at high positions. The values in Table 11 represent the
average scores for each category, rated on a 7 scale ranging from -3 to
3. Lower values indicate a negative impression, while higher values
represent a positive impression. A larger value is an indicator of a

superior method, suggesting that the approach performs more
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effectively or delivers better outcomes when compared to other

methods.
Place Position  Attractiveness ng:ilii;ic Iéej;i;:
Ring Indoor Low 1.00 1.73 -0.57
Outdoor Low 0.72 1.63 -0.56
Outdoor High 0.21 0.71 -0.55
Average of ring 0.64 1.36 -0.56
System Indoor Low 1.48 0.47 1.84
Outdoor Low 0.63 -0.26 1.31
Outdoor High 0.38 -0.37 1.13
Average of system 0.83 -0.05 1.43

Table 11. The scales for attractiveness, pragmatic quality, and hedonic quality

under 3 conditions
For Attractiveness, significant differences were observed between
indoor and outdoor conditions. In the case of indoor situations, the
scores for the ring and system were 1.00 and 1.48, respectively. In
outdoor conditions, the scores decreased to 0.72 for the ring and 0.63
for the system at low positions. Furthermore, for outdoor at high
positions, the scores dropped to less than half of those for outdoor at
low positions, highlighting a notable decline. For Pragmatic Quality
and Hedonic Quality, distinct trends were observed between the ring
and the system. In terms of Pragmatic Quality, the ring scored 1.36,
while the system scored -0.05. Ring indicates that practical aspects
such as ease of use, efficiency, and safety were rated higher for the ring.
In contrast, for Hedonic Quality, the system significantly outperformed

the ring, with an average score of 1.43 compared to the ring's average

-41 -



of -0.56. This suggests that the system provided a much more positive
impression in terms of stimulation and novelty. The most notable
differences between the ring and the system were in Efficiency and
Novelty. These results are illustrated in Fig. 18 and Fig. 19,

respectively.

Effciency in all experiments

slow/fast inefficient/efficient impractical/practical cluttered/organized

Scale
SR O R T N

Item

mring, house, low  mring, outside, low, Mring, outside, high m system, house, low . m system, outside, low m system, outside, high

Fig. 18. The results of efficiency items for all experiments

Novelty in all experiments

7
6
5
@ 4
3
n 3
2
| ullll 1
0

dull/creative conventional/inventive usual/leading edge conservative/innovative

Item

mring house, low W ring, outside, low  Wring, outside, high W system, house, low W system, outsde, low  system, outside, hgh
Fig. 19. The results of novelty items for all experiments
For Efficiency, the "slow/fast" metric showed the largest difference
between the ring and the system. In all conditions, the ring consistently
scored above 4, while the system scored below 3 in every case,
indicating a clear advantage for the ring in terms of speed and
efficiency. For Novelty, the "conventional/inventive" metric exhibited
the most significant difference. The ring received scores around 2,

reflecting a more conventional impression, whereas the system scored
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near 6, demonstrating a very high score and a strong perception of

innovation.

From the results of the UEQ questionnaire, the system received
higher scores than the ring for aspects related to enjoyment and visual
appeal. However, for practical usability and speed, the system was
rated lower than the ring. The ring's straightforward and intuitive
method of passing it through the lemon likely contributed to its positive
evaluation. In contrast, the system's lower scores can be attributed to
the disadvantages outlined in section 4.3.3, such as slower processing

and difficulties in use.

The high scores for the system may stem from its novelty, as it
utilizes a smartphone and camera, offering a distinctly modern and
innovative approach compared to existing harvesting methods. To make
the system suitable for practical use in the field, it is necessary not
only to improve measurable aspects such as estimation accuracy and
image processing time but also to enhance the user interface (Ul).
Designing a clearer and more intuitive display method could

significantly improve its usability and acceptance.
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V. CONCLUSION

We propose a method to estimate the diameter of lemons using RGB -
D images. Through our experiments, the accuracy of lemon and tip
detection, as well as size estimation, was verified. Using YOLOv8n
enabled fast and accurate detection of lemons and tips. By
incorporating five features, including the tip position of the lemon from
the detection results and depth information, into a regression model,
we confirmed that the method is independent of the lemon’s orientation.
These results indicate that the proposed method is practical for
supporting lemon harvesting operations in actual orchards. Moreover,
the versatility of our method suggests that it can be applied to other
fruits and vegetables that require precise size measurement,
considering their orientation. This makes our approach broadly
applicable in agricultural practices where non-contact and accurate size
estimation is crucial. Ultimately, this approach has the potential to be
integrated into automated harvesting systems for various crops,
reducing labor costs and improving the quality and efficiency of
harvesting operations across different agricultural contexts. This
advancement supports the broader goal of developing smart agriculture
solutions that leverage cutting-edge technology to enhance productivity
and sustainability. Future work should focus on improving accuracy in
scenarios where the targets are partially obscured by leaves or other
objects. Expanding the dataset to include more diverse conditions and
refining the feature extraction process could further enhance the

robustness and reliability of the method.
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