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부 경 대 학 교 대 학 원 인공지능융합학과 

 

요 약 

 

과일의 크기는 시장 가치에 크게 영향을 미칩니다. 레몬의 경우 크기 등급은 단면 직경에 

의해 결정되며, 특정 크기 기준을 충족하는 레몬을 수확해야 합니다. 현재의 수동 측정 

방법은 금속 링을 사용하며, 이는 레몬의 품질을 저하시킬 수 있고 노동 집약적입니다. 본 

연구는 RGB-D 이미지를 이용한 비접촉 방식으로 레몬의 직경을 추정하는 방법을 

제안합니다. 우리의 접근 방식은 딥러닝을 사용하여 레몬과 그 끝부분을 탐지하며, 깊이 

정보를 활용하고 탐지된 레몬 마스크 경계에 대한 끝부분의 위치를 바탕으로 레몬의 

기울기와 관계없이 크기를 추정합니다. 실내외에서 촬영된 2,038 장의 녹색 레몬 이미지를 

사용한 결과, 완전히 보이는 레몬에 대해 평균 절대 오차(MAE) 2.94mm 를 달성하였으며, 

가려진 부분이 있는 경우 정확도가 떨어졌습니다. 이 연구 결과는 필드 조건에서 기울기에 

상관없이 정확한 레몬 크기 측정이 가능함을 시사하며, 수확을 지원하는 유용한 도구로 

활용될 수 있음을 보여줍니다. 
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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 t ime,  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 rest ricted by numerous challenges due to the constantly  

changing real -world environment.  However,  with advancements in deep  

learning,  i t  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  

cri teria for each crop.  In the case of lemons,  the size of a lemon is 

determined by the length of the diameter of i ts 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  
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with minimum shipping size through a lemon to ensure i t  meets the 

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

for harvesting and are being harvested by cutt ing 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 i t.  This 

contact  leads to surface scratches,  result ing in a reduction in lemon 

quali ty.  

2)  High workload : The current method allows for measuring only one 

lemon at  a t ime. Given that  a large number of lemons are present on  

each tree,  and the tree height exceeds 2 meters,  measuring lemons  

located at  higher posit ions 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 
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cases,  fruit  and vegetables are fi t ted to a circle or el l ipse,  and the length  

of the diameter of the fi t ted shape is used as the size estimate.  Fit t ing  

methods include 2-D and 3-D fi t t ing.  In the case of 2D fi t t ing,  i t al lows 

for a shape that  closely matches the region  to be fi t ted efficiently.  

However,  a l imitation arises in that  the fi t t ed ell ipse 's diameter may 

not al ign with the actual  diameter of the frui t  or vegetable,  depending 

on i ts orientation.  In the case of 3D fi t t ing,  the estimated value 

corresponds to the diameter of the fi t ted shape.  However,  the l ikelihood 

of obtaining an accurate 3D representation is low due to insufficient or  

depth value errors .  Moreover,  processing point cloud data is 

computationally intensive,  further complicating the approach.  In real-

world farm envi ronments,  network stabi l i ty cannot always be 

guaranteed,  and install ing equipment with high processing capabil i t ies  

is often challenging.  Under these conditions,  3D reconst ruction is not  

suitable for real -t ime,  high-speed processing.  Therefore,  in this study,  

the orientation of the lemon was calculated by detecting i ts t ip to 

estimate the diameter while accounting for  the lemon's inclination,  

using 2D ell ipse fi t t ing.  

 

1.3 Contribution of the Thesis 

To solve the problems of degradation of l emon quali ty  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 t ime.  In this research,  RGB-

D images,  consist ing of paired RGB and depth  images,  are uti l ized.  The 



- 4 - 

 

use of depth images in addit ion 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 posit ion of the diameter is influenced by the orientation of  

the lemon in the image.  Given that  the shape of a lemon resembles an  

ell ipse,  we can approach this problem using ell ipse fi t t ing techniques.  

For lemons photographed perpendicular to the camera,  the posit ion of  

the actual  diameter closely aligns with that  of the ell ipse’s diameter .  

However,  when the lemon is photographed at  an angle,  the actual  

diameter becomes misaligned with the ell ipse’s minor axis. Therefore,  

simply calculating the length of the minor axis from ell ipse fi t t ing i s  

insufficient to estimate the diameter accurately when cons idering the 

t i l t  of the lemon.  In this research,  the orientation of the lemon is 

estimated by detecting i ts t ip.  The assumption  is that  the lemon is more 

inclined when the t ip is located cent rally,  and more perpendicular to  

the camera when the t ip is posit ioned near  the edge.  The proposed 

method involves detecting both the lemon and i ts t ip 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 t ip detection,  enabling t i l t -invariant diameter  

est imation.  

 

1.4 Outline of Thesis 

The thesis is organized as follows:  
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⚫ Chapter 1:  The int roduction 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 t echnique such as :  

overall  of proposed method,  lemon and t ip detection ,  calculating  

features for regression ,  regression method.  

⚫ Chapter 4:  In this chapter,  we present the experiment results  

obtained using 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.  
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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 frui t  

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]  

at tempted detection based on changes in brightness values.  Handcrafted  

detection methods are l imited by thei r sensi t ivity to image noise and 

color variations of the f ruit .  For instance,  they behave unexpectedly  

when there is no clear color dif ference 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,  i t  can be 

challenging to dist inguish them.  In real  field  conditions,  variations in 

l ighting due to sunlight and  occlusions l ike 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 probabil i t ies that  represent the l ikelihood 

of the objects being a specific class.  On the other hand,  instance 

segmentation can detect  objects at  the pixel  level in addit ion to 

providing bounding boxes and class probabil i t ies.  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 uti l ized for various tasks.  YOLO achieves fast  processing by  

simultaneously detecting the class and location of objects within a n  

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 -t ime instance segmentation possible with high accuracy.  Reference 

[10] used YOLOv8 to detect  green apples.  

 

2.2 Fruit Size Estimation 

For size estimation,  detection results are often fi t ted to shapes l ike 

circles or el l ipses.  Reference [ 11] estimated  mango size by fi t t ing a  

mask image to an ell ipse 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 fi t  an el l ipsoid.  When using only 
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2D images,  fruits often appear t i l ted depending on the shooting posit ion. 

This t i l t  can make i t  difficult  to estimate the correct  size based solely  

on the fi t ted shape.  3D methods tend to be more accurate but can suffer  

from increased computation t ime and inaccuracies due to insufficient  

depth information.   

This study proposes a l ightweight size estimation method for lemons  

that  calculates the fruit’s t i l t  from images,  us ing detected features and 

depth information to provide t i l t -independent  size estimation.  
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Ⅲ. PROPOSED METHOD 

3.1 Overview 

 The overview of our framework is given in Fig.  1.  First ,  acqui ring  

RGB-D images((a),  (b) in Fig.  2) and complement ing the error value 

for depth image((c ) in Fig.  2). Then,  detecting lemon((d) in Fig.  2) and  

t ip((f) in Fig.  2) uti l izing deep learning  models .  Subsequently ,  

el l iptical  fi t t ing to enhance comprehension  of the morphology of a  

lemon((e) in Fig.  2).  After extracting features f rom 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.  

 
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,  
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util ized for the improvement of depth accuracy.  We uti l ized the 

RealSense l ibrary provided by Intel  to acquire and post -process RGB-

D images.  The acqui red depth images have 2 issues:  1) The field of  

view (FOV) of the RGB and depth images differs due to the different  

posit ions of the cameras,  making i t  impossible to reference them as a  

pair.  2) The captured environment potentially includes missing values  

and outl iers,  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 outl iers,  we applied  

smoothing and fi l l ing processes.  Smoothing was performed using the 

spatial  edge-preserving fi l t er provided by  RealSense official[1 3],  

calculated as follows:  

 

𝑆𝑡 = {

𝑌1                                                                                𝑡 = 1

𝛼𝑌𝑡 + (1 − 𝛼)𝑆𝑡−1     𝑡 > 1 𝑎𝑛𝑑 ∆= |𝑆𝑡 − 𝑆𝑡−1| < 𝛿

𝑌𝑡                                    𝑡 > 1 𝑎𝑛𝑑 ∆= |𝑆𝑡 − 𝑆𝑡−1| > 𝛿
         (1) 

 

𝑌𝑡  is  the recorded depth and 𝑆𝑡  is  the calculated depth value at  any  

t ime period 𝑡.  𝛼 and 𝛿 represent the number of i terations,  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 𝛿,  set  the newest depth value .  It  applies to  

hole-fi l l ing 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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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  fi eld,  both accuracy and execution t ime are crucial .  In fruit  

size estimation,  identifying the fruit’s area is an important clue for  

understanding i ts shape and size.  Therefore,  we u se 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 t ip,  as i l lustrated 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,  i t  is difficult  to detect  directly from the original  image  because  

there are similar  features  all  over the place .  Therefore,  we crop th e 

original  image based on the bounding box and then detect  the t ip for  

each lemon.  Considering the orientation of the lemon,  we classify the 

lemon's t ip.  However,  since the t ip 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 t ips into 2 classes:  

side t ip' (on the lemon's outl ine) and 'center t ip ' (inside the lemon).  I f  

a lemon has multiple t ips,  we select  the one with the highest  class  

probabil i ty.  As a result ,  the corresponding t ip is identified for lemons  

where the t ip is detected.  

3.4 Ellipse Fitting 

We approximate the shape of a lemon’s outer  contour as an ell ipse,  

using the detection results of the lemon.  Lemons frequently overlap  

each other in actual  farms.  It  is highly l ikely that  multiple lemons will  

be approximated as a single in the case of overlapped lemons.  Thus,  

el l ipse fi t t ing method for whole image does  not work effectively.  To  

approximate the ell ipse 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,  separat ing the lemon from the 

background.  Since the mask area may be separated as several  regions  

in some detection results,  we perform a morphological  closing  

 

Fig. 4. Detection flow of lemon and tip 
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operation with a 7×7 kernel to connect these areas.  Then,  we fi t  an  

ell ipse to the mask image using the least  squares method.  This process  

provides us with the ell ipse’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,  t ip detection results,  and ell ipse fi t t ing  

results.  The five features used are l isted below. 

1. 𝐹𝑒𝑎𝑡𝑎𝑟𝑒𝑎  : the number of pixels in the mask. 

2. 𝐹𝑒𝑎𝑡𝑑𝑒𝑝𝑡ℎ : the depth value at the center of the ellipse. 

3. 𝐹𝑒𝑎𝑡𝑡𝑖𝑝 : the ratio of the length from the tip to ellipse center to the length of the 

major axis of the ellipse. 

4. 𝐹𝑒𝑎𝑡𝑑𝑒𝑝𝑡ℎ𝑑𝑖𝑓𝑓  : absolute difference in depth values at the endpoints of the ellipse’s 

minor axis. 

5. 𝐹𝑒𝑎𝑡𝑠ℎ𝑜𝑟𝑡𝑎𝑥𝑖𝑠  : estimated diameter of the lemon using the length of the ellipse’s 

minor axis in real world units. 

𝐹𝑒𝑎𝑡𝑎𝑟𝑒𝑎  represents the area of the lemon in the image,  we use the 

total  number of pixels in the lemon mask  obtained from detection result .  

𝐹𝑒𝑎𝑡𝑑𝑒𝑝𝑡ℎ represents the depth of lemon center,  which is used the depth  

value of the center of el l ipse as center depth .  The t i l t  of the lemon in  

the depth direction can significantly affect  i ts  shape and diameter  

appearing on 2D image.  Therefore,  we assume that  the center of the 

fi t ted ell ipse is always at  the center of the lemon in the image,  
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regardless of i ts t i l t .  Then determine 𝐹𝑒𝑎𝑡𝑡𝑖𝑝,  the lemon's orientation  

based on the relationship between the ell ipse center and the posit ion of  

the t ip.  We considered the t i l t  of the lemon 𝐹𝑒𝑎𝑡𝑡𝑖𝑝 based on the 

relationship between the center of the ell ipse and the t ips , assuming 

that  the closer the 2 points are,  the greater the t i l t .  Specifically,  we 

used the ratio of the distance from the t ip to the center of the ell ipse to  

the length of the major axis of the ell ipse and calculated i t  using (2).  

 

𝐹𝑒𝑎𝑡𝑡𝑖𝑝 =
𝑑𝑡𝑖𝑝

𝑙𝑜𝑛𝑔 𝑎𝑥𝑖𝑠
                (2) 

 

𝑑𝑡𝑖𝑝 represents the number of pixels from the center of the ell ipse to  

the center of the detected t ip's bounding box,  and 𝑙𝑜𝑛𝑔 𝑎𝑥𝑖𝑠  is the 

number of pixels of the ell ipse's major axis.  𝐹𝑒𝑎𝑡𝑡𝑖𝑝 ranges f rom 0.0  

to 1.0. If i t  exceeds 1 .0 or the t ip is not detected,  sett ing to 1.0.  A value 

close to 0.0 means the t ip is near the center,  indicating a large t i l t ,  

while a value close to 1 .0 means the t ip is near the edge of the lemon,  

indicating a small  t i l t .  A calculation example is shown in Fig .  5. 

 

Fig. 5. Examples of 𝐹𝑒𝑎𝑡𝑡𝑖𝑝, 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 ell ipse 

change depending on the t i l t  and orientation of the lemon.  𝐹𝑒𝑎𝑡𝑑𝑒𝑝𝑡ℎ_𝑑𝑖𝑓𝑓,  

the absolute di fference in depth values between the 2 endpoints of the 

minor axis is used as one of t he cues to predict  the rotation of the lemon.  

The minor axis of the ell ipse 𝐹𝑒𝑎𝑡𝑠ℎ𝑜𝑟𝑡𝑎𝑥𝑖𝑠  is  considered  as the diameter  

of the lemon,  and the length of the minor axis in the real  world is  

determined using the ell ipse fi t t ing 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 ell ipse center and the depth values near the endpoint s 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 1 00 

mm based on the maximum diameter of the collected lemon.  The search  

range is expanded by drawing a ci rcle 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).  

 

{
 

 𝑥𝑐𝑎𝑚𝑒𝑟𝑎 =  
𝑥𝑖𝑚𝑔− 𝑐𝑥

𝑓𝑥
𝑑

𝑦𝑐𝑎𝑚𝑒𝑟𝑎 = 
𝑦𝑖𝑚𝑔− 𝑐𝑦

𝑓𝑦
𝑑

𝑧𝑐𝑎𝑚𝑒𝑟𝑎 = 𝑑

                        (3) 
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𝑥𝑖𝑚𝑔  and 𝑦𝑖𝑚𝑔 represent the coordinates on the image.  𝑐𝑥  and 𝑐𝑦 

are the optical  center coordinates,  and 𝑓𝑥  and 𝑓𝑦 are the focal lengths.  

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

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

𝐹𝑒𝑎𝑡𝑠ℎ𝑜𝑟𝑡𝑎𝑥𝑖𝑠 = √(𝑥𝐴 − 𝑥𝐵)
2 + (𝑦𝐴 − 𝑦𝐵)

2         (4) 

where (𝑥𝐴,  𝑦𝐴) and (𝑥𝐵,  𝑦𝐵) 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 l ightweight computational requirements,  

which enable quick execution.  The sett ing 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 uti l ized to  

produce the final  size estimation results.  

Table 2. The setting parameters for each regression model 
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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 t hree custom datasets  of green lemon:  

lemon detection,  t ip detection,  and size estimation.  The lemon dataset  

is used to identify the lemon regions in the images,  and the t ip 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 cult ivated 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,  D435i,  and D435f,  and 

both RGB and depth images were captured at  a resolution of 1280×720.  

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

Table 3.  The size of collected lemon  

 

4.1.1 Dataset of Lemon Detection 

An example of the images used in the dataset s  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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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 tra ining  

data ,  with data  augmentation applied through rotation and brightness  

varia tion. The reason for these augmentations is to account for  changes in 

lighting condi tions and varia tions in lemon orientation that occur  in real -

world farm environments.  In this  research, image rotation was applied  

within the range of  -90° ≤ θ ≤  90°,  and brightness was adjusted using  the  

following equation (5) .  

𝑑𝑠𝑡(𝑥, 𝑦) = 𝛼 ∗ 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≤𝛼≤1.6.  Fig .  7 shows an example of  data  expansion. 2,976 

images,  including  images  applied data  augmentation , were used as tra ining  

data .  For  the validation data ,  406 lemon images that were not used as 

tra ining data  were used.  

  

(a): Before rotating (b): After rotating 

 
 

(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 l emons,  which  were selected  
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from the images used for t ip detection,  and an addit ional 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 t ip detection  

were trained with a maximum iteration of 100 and a batch size of 16 .  

The models Mask R-CNN[6],  Cascade Mask R-CNN[18],  YOLOv8[8] ,  

YOLOv11[9]were uti l ized.  YOLOv8 and YOLOv11 have 5 di fferent  

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 recal l  

are calculated by (6) and (7).  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
         (6) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
        (7) 

Recall  means the abil i ty of a model to identify all  relevant instances  

in the dataset .  Precision means the accuracy of the posit ive predictions  

made by the model.  It  is the ratio of correctly identified posit ive 

samples (true posit ives) to all  predicted posit ives (true posit ives + false  
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posit ives).  It  is the ratio of correctly identified posit ive samples (true 

posit ives) to the total actual  posit ives (true posit ives + 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 t ip are shown in Table 4 and 

Table 5,  respectively.   

Table 4.  The results of  lemon detection for  validation data  
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Table 5.  The results of  tip detection for  validation data  

As shown in Table 4,  Mask R-CNN outperforms all  models  in 𝑚𝐴𝑃50 

and Cascade Mask R-CNN is the highest  accuracy  in 𝑚𝐴𝑃75 for lemon 

detection.  On the other hands ,  as shown in Table 5,  YOLOv11s achieves  

better results for t ip detection.  In the case of t ip detection,  the 𝑚𝐴𝑃 
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decreased signi ficantly from 𝑚𝐴𝑃50  to 𝑚𝐴𝑃75  in all  models.  This  

drop in 𝑚𝐴𝑃  can be attributed to the unclear contours of the t ips,  

leading to deviations between the detected results and the ground truth.  

Nonetheless,  as t ip detection aims to capture their relative posit ions  

with respect to the lemon center,  the 𝑚𝐴𝑃50 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 t ips.  Mask R-CNN achieves  F lops 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 l emon and t ip are shown in  

Fig.  8.  The superior accuracy of Mask R -CNN can be attributed to i ts  

higher detection for part ial ly occluded lemons,  as shown in Fig.  9(a),  

and to the f requent misclassi fication of leaves as lemons by YOLOv8n  

as shown in Fig . 9(b).  This indicates that  Mask R -CNN is more adept  

at  dist inguishing lemons from other objects ,  even under challenging  

conditions.  When considering both speed and accuracy as the primary  

cri teria for model selection,  YOLOv11s emerges as a more suitable  

choice.  This is largely  due to i ts abil i t y to achieve a balance between 

computational efficiency and performance metrics.  The model  

demonstrates relatively high accuracy,  with 𝑚𝐴𝑃50 values of 0.791 fo r  

detecting lemons and 0.880 for identifying t ips.  These results indicate  
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that  YOLOv11s not only performs well  in t erms of precision but also  

maintains an edge in real -t ime applications,  making i t  a practical  

solution for tasks where both speed and accuracy are crucial .  

 

Fig. 8. The examples of lemon and tip detection 

 

 

 

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 use d three evaluation  

metrics:  mean absolute Mean Absolute Error(MAE),  Mean Squared  

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

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦𝑖̂|
𝑛
𝑖=1                         (8) 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1                        (9) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖̂)2
𝑛
𝑖=1                     (10) 

where n indicates the number of data,  𝑦𝑖 is the prediction value and 

𝑦𝑖̂ is 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 l inear models that  use different regularization methods to prevent  

overfi t t ing,  while Random Forest  uses multiple decision trees to  

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

 

 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,  i t  was st i l l  more than twice that  of Random Forest .  

This suggests l imitations in l inear regression models for this task.  MSE 

and RMSE tend to increase significantly with larger errors.  Therefore,  

Random Forest 's  super ior performance in these metrics indicates that  i t  

not only has lower average errors but al so fewer extreme errors  

compared to other models.  

4.3.3 Ablation experiment 

We divided the five features used for regress ion 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 𝑭𝒆𝒂𝒕𝒔𝒉𝒐𝒓𝒕𝒂𝒙𝒊𝒔,  which is the diameter measured from 

the ell ipse.  

2)  Scale refers to 𝑭𝒆𝒂𝒕𝒂𝒓𝒆𝒂and 𝑭𝒆𝒂𝒕𝒅𝒆𝒑𝒕𝒉,  representing the relative size 

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

3)  Rotation refers to  the lemon 's orientation and t i l t ,  est imated using  

𝑭𝒆𝒂𝒕𝒕𝒊𝒑and 𝑭𝒆𝒂𝒕𝒅𝒆𝒑𝒕𝒉_𝒅𝒊𝒇𝒇.  

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 YOLOv8.  The predicted diameter in the short  axis case 

was based on values calculated during feature ext raction,  while for the 

other three conditions,  regression was pe rformed using a Random 

Forest  model for t raining and testing.  Table 7 shows how scale and 

rotation cont ribute to size estimation,  using shot axis  as the baseline  

for the validation  data.  We evaluate this cont ribution 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 
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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 ell ipse 

resulted in an MAE of 13.78 and an RMSE of 43.46.  MSE, in particular,  

has a signi ficantly larger  value of 1888.82.  Fig.  10 shows the absolut e  

error between the predicted value and the truth value for each feature 

combination.  From Fig . 10, i t  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 sensit ive 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 l ength .  Similarly,  adding rotation features  

to the feature of short  axis length improved all  metrics.  The init ial  
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maximum error of ±414.02mm likely occurred  when depth values at  the 

ell ipse's short  axis endpoints were incorrectly captured,  leading to  

large depth differences and consequently,  significant size estimation  

errors.  The regression model appears to have miti gated 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 i n place,  i ts  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 lemon 

orientations,  result ing 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 t ip is hidden,  i t  cannot  

be detected.  Therefore,  a future challenge is to improve accuracy in  

si tuations where lemons are obscured,  by addressing issues such as los t  

information from mask images and the inabil i ty to detect  hidden t ips.  

 

4.4 comparative experiments with existing methods 

 In this chapter,  we compare the exist ing harvesting method using a  

ring with the proposed method uti l izing a system implemented on an  
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Android smartphone.  The comparison focuses on the harvesting speed 

of lemons,  as well  as the usabil i ty and user experience of each method.  

Two experiments were conducted in this study: one in June 2024 using  

green lemons grown indoors (house cult ivated) an d another in October  

2024 using green lemons grown outdoors.  Both methods were evaluated  

to determine thei r practical  feasibil i ty and effectiveness in real -world  

scenarios.  The experimental  sett ings and results are described in the 

following sections.  

4.4.1 Details of Subjects 

To compare the exist ing 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,  al l  part icipants 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 t imes.  Apart  

from 2 experiments ,  al l  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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(a) Experiment with 

indoor-grown lemon 

(b) Experiment with 

outdoor-grown lemon 

Fig. 11. Experience in lemon harvesting of subjects 

4.4.2 Experimental Flow 

The 2 experiments differed sl ightly in their content.  In the June 

experiment,  part icipants harvested only lemons located at  low posit ions  

that  did not require the use of a stepladder.  In contrast ,  the October  

experiment included harvesting both low-posit ion lemons and high-

posit ion lemons, which required the use of a stepladder.  The 

experimental  procedure is i l lustrated in Fig .  12.  

 

Fig. 12. The flow of comparative experiment  
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From Fig. X, during the pre-experiment  practice,  part icipants  

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 l imited lemon 

harvesting experience,  they harvest ed 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 w ithin a 5-minute 

t ime l imit .  After each harvesting session,  the number and size of th e 

harvested lemons were recorded,  and participants completed a  

questionnai re for usabil i ty 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 

questionnai res 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 fi l l ing  

and conversion to color images.  These processed RGB -D images are 

then transmitted to the edge server.  Fig.  14 i l lustrates 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 l imitations 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 uti l ized was the Google Pixel 7 Pro,  and the edge server  

was a Jetson Orin Nano.  Lemon and t ip detection were performed using  

the YOLOv8n model,  and regression calculat ions were executed using  

the Random Forest  algorithm.  

 

Fig. 13. The flow of proposed system with smartphone and edge server 
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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 requi red size cri teria,  for indoor low posit ions,  outdoor 

low posit ions,  and outdoor high posit ions,  respectively.  

 

Table 8 .  The experiment resul ts in indoor-grown lemons at  low posi t ions 

 

Table 9 .  The experiment resul ts in outdoor-grown lemons a t low posi t ions 
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Table  10.  The experiment resul ts  in  outdoor-grown lemons a t  h igh posi t ions  

In the experiment with indoor-grown lemons,  part icipants 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-posit ion condition with outdoor-grown 

lemons,  part icipants harvested an average of 13.6 lemons using the ring  

and 7.3 lemons using the system. Comparing the results for low and 

high posit ions,  the number of lemons harvested with the ring decreased  

significantly f rom about 20 lemons at  low posit ions to 13.6 lemons at  

high posit ions.  In contrast ,  the system showed a smaller decrease,  with  

the number of l emons harvested dropping from 8.3 at  low posit ions to  

7.3 at  high posit ions,  result ing in a smaller gap compared to the ring .  

Additionally,  when using the ring,  the p roportion of harvested lemons  

meeting the size cri t eria 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 posit ions, where t he accuracy dropped significantly.  

Under the same low-posit ion 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 posit ions was 91.45%, but i t  

decreased by 14.92% for low posit ions.  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 partial ly h idden by leaves.  As a  result ,  the accuracy of  

diameter estimation may have decreased due to occlusion.  Additionally,  

for outdoor-grown lemons,  those at  low posit ions are typically more 

numerous and more densely clustered in the same area compared to  

those at  high posit ions.  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 t ime required for each image,  the difficulty of  

matching images to the actual  lemons,  and the l imitations 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 t ime,  inspecting each  

lemon individually.  We suggest  that  addit ional training sessions with a 

few trials are necessary for effective use.  Furthermore,  the system 

demonstrated instabil i ty when used in r eal -t ime.  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 i t  difficult  to  

match the same lemons across frames,  further complicating the 

harvesting process.  In addit ion to the sys tem'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 i t  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, i t  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 i t  more challenging to identi fy the correct  lemon.  The second 

cause is the delay between capturing an image and displaying i t  on the 
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screen,  despite real -t ime image updates.  Fig . 16 shows the processing  

t ime taken from capturing to displaying an image for indoor -grown 

lemons in June and outdoor-grown lemons in October.  

 

Fig. 16. The processing time per image 

From Fig. 16, the average processing t ime 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 t ime exceeded the 

average,  i t  was l ikely due to a large number of  lemons in a single image,  

requiring addit ional t ime for detecting each lemon's t ip and performing 

regression calculations.  This delay creates a problem where even sl ight  

movements by the worker before the imag e update makes i t  more 

difficult  to match the lemons on the screen with those in reali ty.  

Therefore,  achieving shorter processing t imes is a challenge task for  

future development.  

Another factor to consider is the instabil i ty of the depth camera 's  

accuracy.  In this experiment,  we used three cameras f rom the RealSense 

D400 series:  D435f,  D435if,  and D435.  The D435if model includes an  
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inert ial  measurement unit  ( IMU) but otherwise shares the same 

architecture as the D435f.  Both the D435f and D435if are equipped with  

a short- range infrared fi l ter,  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 si tuation.  However,  for outdoor use,  i t  was observed 

that  the cameras equipped with infrared fi l ters,  such as the D435f and 

D435if,  fai led to capture accurate depth  information at  specifi c  

distances,  approximately 40 cm to 50 cm. In contrast ,  the D435,  which  

lacks an infrared fi l ter,  was found to provide more accurate depth  

information.  As a result ,  i t is evident that  the current l imitations of 

RGB-D cameras,  part icularly under outdoor conditions,  pose 

challenges for this system. Further exploration of hardware adjustments  

or al ternative devices is required for future improvements.  

Considering these factors,  future challenges include the integration of  

Augmented Reali ty (AR) technology with smart  glasses to overlay  

harvestable l emons,  achieving faster processing t imes,  and selecting  

depth cameras better suited for outdoor activit ies.  As a result ,  these 

improvements are expected to enhance the system's usabil i ty and 

reliabil i ty in practical  applications.  

4.4.5 Subjective Evaluation for Usability 

In this experiment,  part icipants were asked to complete a usabil i ty  and 

user experiment questionnaire after each lemon harvesting task.  We 

used User Experience Questionnai re (UEQ) [19],  which is a 

standardized tool designed to evaluate the usabil i ty 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.   

 

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  

Quali ty," and "Hedonic Quali ty." Furthermore,  "Pragmatic Quali ty" is 

subdivided into dependabili ty efficiency,  and,  perspicuity while  

"Hedonic Quali ty" is divided  into st imulation and novelty.  Table 11  

presents the results of  Attractiveness,  Pragmatic Quali ty,  and Hedonic 

Quali ty for lemon harvesting under 3 conditions:  indoor-grown lemons  

at  low posit ions, outdoor-grown lemons at  low posit ions, and outdoor-

grown lemons at  high posit ions. 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 impress ion,  while higher values  

represent a posit ive 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.  

 

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

under 3 conditions 

For Attractiveness,  significant di fferences were observed between 

indoor and outdoor conditions.  In the case of indoor si tuations,  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 posit ions.  Furthermore,  for outdoor at  high  

posit ions,  the scores dropped to less than half of those for outdoor at  

low posit ions,  highlighting a notable decline.  For Pragmatic Quali ty  

and Hedonic Quali ty,  dist inct  trends were observed between the ring  

and the system. In terms of Pragmatic Qual i ty,  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 Quali ty,  the system significantly outperformed 

the ring,  with an average score of 1.43 compared to the ring 's averag e 
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of -0.56.  This suggests that  the system provided a much more posit ive 

impression in terms of st imulation and novelty.  The most notable 

differences between the ring and the system were in Efficiency and 

Novelty.  These results are i l lustrated in Fig .  18 and Fig.  19,  

respectively.  

 

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

 

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  usabil i ty and speed,  the system was  

rated lower than the ring.  The ring's st raightforward and intuit ive 

method of passing i t  through the lemon likely contributed to i ts posit ive 

evaluation.  In contrast ,  the system's lower scores can be attributed to  

the disadvantages outl ined in section 4.3.3, such as slower processing  

and difficult ies in use.  

The high scores for the system may stem from its novelty,  as i t  

uti l izes a smartphone and camera,  offering  a dist inctly modern and 

innovative approach compared to exist ing harvesting methods.  To make 

the system suitable for practical  use in the field,  i t  is  necessary not  

only to improve measurable aspects such as  estimation accuracy and 

image processing t ime but also to enhance the user interface (UI) .  

Designing a clearer and more intuit ive dis play method could  

significantly improve i ts usabil i ty 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 t ip  

detection,  as well  as size estimation,  was verified.  Using YOLOv8n 

enabled fast  and accurate detection of  lemons and t ips.  By 

incorporating five features,  including the t ip posit ion 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 versati l i ty 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 quali ty and efficiency o f  

harvesting operations across different agr icultural  contexts.  This  

advancement supports the broader goal of developing smart  agriculture 

solutions that  leverage cutt ing -edge technology to enhance producti vity  

and sustainabil i ty.  Future work should focus on improving accuracy in  

scenarios where the targets are partial ly 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 reliabil i ty of the method.  
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