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ABSTRACT

Besides the importance of internal quality, the textural quality properties of the product have a remarkable effect
on consumer satisfaction and market price. Mainly, the three-dimensional (3D) modeling technique is applied to
evaluate the quality of agricultural products. This study aimed to employ the structure from motion (SFM)
method along with the particle film technique to predict the physical features of tomatoes. Reconstructing 3D
models of tomatoes is challenging due to their shiny skin. In this study, a new method based on particle films was
developed to address this issue. Fifty samples of tomatoes were randomly selected with various sizes and four
ripeness levels with no-external damage. The SFM technique applied with kaolin particle film was a suitable
approach for assessing the surface area, volume, and color index, with a correlation coefficient of 0.76, 0.88, and
0.67, respectively. Also, 3D model predictions achieved these textural properties by obtaining RMSEs of 2.44,
2.30, and 0.35, respectively. Finally, the proposed SFM method’s results showed an error of less than 5%. This

technique has proven to be a cable technique for the 3D reconstruction of products with a glossy surface.

1. Introduction

Fruit grading is a vital post-harvest operation in fruit processing in-
dustries. Accurate product grading is a key factor required to ensure
proper marketing of products, especially foodstuffs such as fruit Pa-
rameters such as ripeness, shape, texture, size, color, surface de-fects,
etc., are scored during fruit grading (Liu et al., 2021; Mon and Zar-
Aung, 2020). The first grading step is visual inspection aided by
considerable human resources. Moreover, from the viewpoint of cost
and time, this step is both time-consuming and costly. Inaccuracy and
lacking human resources during meteorological seasons are significant
hindrances (Benos et al., 2020; Marinoudi et al., 2019). These issues
have compelled the industry to investigate new grading tools. Para-
mount considerations should be high precision, non-destructive, fast,
and cost-effective technologies for detecting and monitoring the quality
of fruits and vegetables (Srivastava et al., 2020). Generally, fruit
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appearance is a prominent feature in quality descriptions (Liu et al.,
2021; Naik and Patel, 2017).

Additionally, it is crucial to safeguard the product from detrimental
environmental factors. Temperature, among other environmental fac-
tors, significantly influences both the quantity and quality of fruit
throughout its growth process. For example, tomatoes are sensitive to
solar radiation and high-temperature damage (Domis et al., 2002;
Dumas et al., 2003). Furthermore, crucial operations include pest con-
trol, stress and drought mitigation, as well as safeguarding the product
from sunburn. This is during both cultivation and post-harvest storage.

Recently, research has been conducted that measures fruits’ geo-
metric characteristics and external quality primarily based on two-
dimensional (2D) image processing. Most experimental studies investi-
gated factors such as color, volume, surface area, and dimen-sions of
fruits such as apples (Sofu et al., 2016), mango (Thong et al., 2019),
bananas (Kipli et al., 2018), citrus (Vivek Venkatesh et al., 2015),
apricot (Khojastehnazhand et al., 2019), and tomato (Nyalala et al.,
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Nomenclature

SFM structure from motion

2D Two dimensional

AV Vi — Vap

Vap Volume assessed by 3D model

AA Ay — Asp

Asp Surface area assessed by 3D model

a*3p Red index assessed by 3D model

Vemx Value of standard cube valume in meshmixer co-

ordinate system

Acmx Value of standard cube surface area in meshmixer co-
ordinate system

3D Three dimensional

\Y% Volume

VM Manual assessed volume

A Surface area

Aym Manual assessed surface area

a* Red/Green value

PLY Polygon file format

Vmx Value of tomato model valume in meshmixer co-
ordinate system

Anx Value of tomato surface area in meshmixer co-ordinate
system

2021) obtained good results.

Advancements in image processing and computer vision methods
have eliminated many of the weaknesses of past methods, but limita-
tions still exist (He et al., 2017; Zine-El-Abidine et al., 2021). These
conventional techniques are time-consuming, expensive, inaccurate,
and may be destructive or semi-destructive for some products. In addi-
tion, some of the abovementioned research indicated that geometric
shape complexity might decrease the accuracy of 2D image processing.
In other words, 2D images are inappropriate predictors of complex
three-dimensional (3D) geometric structures (Wang and Chen, 2020).
Parameters such as volume, surface area, and color distribution are
correctly obtained from 3D geometry of products. Thus, the use of 3D
modeling techniques should be considered. Processing of images
captured in 2D largely assesses a single view of the product. This leads to
a steep decline in measurement accuracy for several parameters (surface
area, volume, and color) due to a lack of in-depth information (Jadhav
et al., 2019; Paulus et al., 2014). Hence, the development and imple-
mentation of 3D reconstruction methods is desperately needed to
overcome widespread issues in post-harvest quality assessments. Also, in
fields like 3D global mapping, damage recognition, and path planning,
3D reconstruction has numerous applications. One of its applications is
helping mobile robots navigate orchards by planning navigation paths
and constructing stable fruit-picking robots (Chen et al., 2021; Hu et al.,
2024; Ye et al., 2023). The 3D reconstruction methods can be applied
using depth sensors such as Microsoft Kinect (Hu et al., 2018; Lin et al.,
2021; Yamamoto et al., 2018), Lidar (Hu et al., 2024), and Intel Real-
sense (Chiang and Fan, 2018; Herak et al., 2018). Depth sensor usage is
often time-consuming, expensive, and has a limited working range.
Techniques such as stereo vision (Abd Rashid et al., 2020; Malekabadi
et al., 2019) and structured light (Sarafraz and Haus, 2016) have been
also employed for 3D reconstruction. The primary limitation for bother
stereo vision and structured light is the inability to generate 360° object
views, thus, reducing the accuracy of some parameter estimates. In
recent years, neural network-based and deep learning methods have
emerged as powerful tools for acquiring 3D data from 2D images. These
advanced techniques have demonstrated significant potential in various
applications and continue to drive innovation in the field (Feng et al.,
2020; Kench and Cooper, 2021; Li et al., 2023).
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Furthermore, in recent years, the use of particle films has emerged as
a novel approach, which has demonstrated highly promising results. It
has long been known that particle films are capable of mitigating the
effects of water and heat stress on agricultural products. This technology
was originally developed for pest control purposes (Saavedra Del R
et al., 2004).

The use of a kaolin-based particle film improves fruit quality, con-
trols certain pests, and reduces heat stress (Glenn and Puterka, 2010).
Kaolin forms a protective layer on the fruit, which reduces water con-
sumption. Many research reports emphasize the beneficial effects of
kaolin on sunburn damage in fruits such as pomegranates, apples, wal-
nuts, citrus fruits, and tomatoes (Boari et al., 2015; Cantore et al., 2009;
Glenn, 2012; Pace et al., 2006; Saavedra Del R et al., 2004; Weerakkody
et al., 2010).

Gharaghani et al. (2018) conducted research that revealed the use of
kaolin particle film reduces the adverse effects of light and heat stress,
while improving the quality of walnut kernels. Additionally, Sharma
et al. (2020) stated that kaolin-based particle sprays reduce pests, dis-
eases, and storage disorders, enhancing the post-harvest quality of
apples.

Furthermore, Palma et al. (2020) examined the effects of kaolin
particle film on physiological parameters, nutritional composition, nu-
trients, and Ceratitis capitata infestation in peach fruits during harvest
and storage. The results indicated a significant reduction in medfly at-
tacks on kaolin-treated fruits (0.5 % damaged fruits) compared to un-
treated samples (10 % damaged fruits).

The structure from motion (SFM) technique is one of the most pop-
ular 3D reconstruction processes developed in recent years. This process
initially utilizes computer vision techniques to isolate key features
before estimating 3D structure of the object, camera position, and
location from multiple collected images. These functions lead to the
creation of a fully reconstructed 3D model. In addition, SFM is accurate,
cost-effective, and easily accessible (Edelman and Aalders, 2018). The
advantages and abilities of SFM make it a superior technique compared
with other image processing methods. SFM has successfully estimated
the physical characteristics of agricultural products such as bell pepper
plants (Ayob et al., 2015), strawberries (He et al., 2017), apples,
mangoes, oranges, pomegranates (Jadhav et al., 2019), and trees (Miller
et al., 2015). Mainly, SFM technique has been widely adopted in prac-
tical, real-world engineering applications, including agriculture (Mei-
nen and Robinson, 2020) and forestry (Iglhaut et al., 2019). These
studies have showcased promising results, highlighting the efficacy and
versatility of SFM in various domains.

A challenge with this method is the accurate representation of
monochromatic objects and those with polished, reflective, semi-glossy,
or shiny surfaces (Aldeeb and Hellwich, 2018; Hosseininaveh Ahma-
dabadian et al., 2019). Researchers have tried several approaches to
overcome this hindrance from the projection of random patterns on the
object (Ahmadabadian et al., 2013), image enhancement (Aldeeb and
Hellwich, 2018), and using a marker to outline specific areas (Aguilar
et al., 2007). Unfortunately, these potential solutions require costly
equipment and complex calibrations by an expert in photogrammetry
and computer vision. While methods like structured light excel in
reconstructing objects with insufficient surface texture and smooth
surfaces, they are not without limitations. This approach necessitates
sophisticated and costly equipment, entails computationally intensive
operations, demands precise calibration of both the camera and pro-
jector, and falls short in generating a comprehensive 360-degree global
model of the object. When compared to other 3D reconstruction tech-
niques like laser scanners, depth sensors, and structured light, SFM of-
fers advantages such as simplicity, lower computational cost, and more
accessible equipment. Given these benefits and the constraints of our
study, the SFM method was deemed the most suitable approach for our
research. One fruit challenging to image with SFM, and the subject of
this manuscript, is tomatoes. This work presents a non-destructive so-
lution using SFM for the 3D reconstruction of tomatoes with polished,
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reflective, and shiny surfaces. Fig. 1 illustrates an example of particle
film technology applied to tomato fruit.

The method proposed in this study addresses the limitations of the
Structure from Motion (SFM) technique in reconstructing samples with
the mentioned characteristics. In addition to overcoming the constraints
of this technique, it yields positive effects on post-harvest processes and
product preservation during growth and storage periods. In the pre-
sented method, a particle film is created on the surface of the fruit,
which not only adds key properties to the product’s surface but also
forms a protective layer on the fruit. The particle film is typically
sprayed onto the fruit while it is still on the tree or bush. Here, we will
perform this procedure under controlled conditions on a single fruit in
the laboratory. Our literature review revealed that the application of the
SFM technique in agriculture and horticulture has been restricted due to
certain limitations. In this study, we aimed to address some of these
limitations and expand the technique’s utility in these sectors. The
innovative aspect of our research lies in the use of the particle film
technique to enhance the 3D reconstruction of products with shiny and
polished skin using SFM. This novel approach not only improves the
accuracy of 3D reconstruction and estimation of physical parameters but
also leverages the properties of the kaolin film, which have been
demonstrated in previous studies to extend the shelf life of products
during post-harvest and storage periods. It is important to note that the
scope of our research was conducted in a laboratory setting and offline.

Here, the measurement of appearance characteristics with sensitive
surface texture characteristics such as color index, surface area, and
volume was facilitated by dusting the product surface with kaolin par-
ticle film before imaging. The particle film method was compared with
other preparation techniques: marking and labeling. Tomato samples
were collected at four different ripeness levels, and their stem and calyx
parts were removed. Subsequently, a kaolin particle film was applied to
the samples for the particle film method, while markings and labels were
used for the other two preparation methods. The necessary images were
then acquired, and the 3D models of the samples were reconstructed
using the SFM method. Finally, physical parameters were estimated, and
the accuracy of the proposed particle film method was evaluated in
comparison to the marking and labeling techniques.

2. Material and method
2.1. Samples

Red tomatoes were collected from a produce farm located on the
campus of Ferdowsi University in Mashhad, Iran. The evaluation process

Fig. 1. Showcases tomatoes treated with kaolin clay to mitigate stink bug
damage. (Source: University of Maryland Extension, “Stink Bugs
in Vegetables™).
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was comprehensively illustrated in Fig. 2. Depicts the flowchart illus-
trating the sequence of processes applied to the images leading to the
construction of a 3D model fifty tomato samples were tested using the
SFM method to gauge the accuracy of the 3D modeling method. Un-
damaged tomatoes at four levels of ripeness: unripe (green), turning
(green-yellow), semi-ripe (yellow-orange), and fully ripe (red) with 14,
15, 17, and 19 weeks from planting, respectively, were selected for
further study. Each sample was preparated with kaolin particle film after
the removal of the calyx. The calyx part was meticulously removed using
tweezers to ensure minimal disruption to the sample (Fig. 2g).

2.2. Assessment of sample volume, surface area, and color index

The water displacement method is a typical and straightforward
method to assess volume in fruits and vegetables. This technique was
used here following the protocols of a surface area determined by the
peeling method (Omid et al., 2010) and the photoshop (Adobe, Inc)
software suite. The color index was also ascertained using Photoshop
combined with MATLAB® software and standard image processing. A
color calibration tool for cameras called ColorChecker® X-Rite Color-
Checker Passport (Calibrite®, Wilmington, DE) was used to boost ac-
curacy (Steeper, 2012). This index was derived exclusively for tomatoes
as the L*a*b* color space definition of tomato ripeness is the a* index. In
the RGB color space, it is not possible to detect color accurately. To
overcome this limitation, each RGB image is converted to a Lab image.
Among the components of the Lab color space, the a* component has
been found to be the most reliable for estimating tomato maturity.
Therefore, the authors extract features using the a* component. The
tomato maturity is determined by calculating the mean values of the a*
components within the tomato region. As the a* value increases, the
tomatoes exhibit more redness and ripeness (Rupanagudi et al., 2014).
The a* index ranges from —128 to +128, with higher values indicating a
redder and riper tomato as it matures. Table 1 provides a summary of
key parameters and their corresponding descriptions relevant to the
study.

2.3. Sample preparation

A roller carrier and a 200 mesh pulse sieve were used in sample
preparation and particle film generation. For sample preparation, fine
mesh kaolin powder was used. The size of kaolin particles is mainly in
the range of 25-35 um (Yahaya et al., 2017). Each tomato was gently
rinsed with water and thoroughly dried with a soft cloth towel. After
reaching the end of the vibrating movable component, the tomato
sample was securely but gently held for image processing in an imaging
frame (Fig. 2). The methodologies for marking and labeling follow a
similar workflow to the kaolin particle film technique, as illustrated in
Fig. 2. The only difference among these methods lies in the preparation
stage (Fig. 2b), where marking with a marker and affixing labels replace
the particle film application. For this purpose, a whiteboard marker and
colored labels were employed. It is noteworthy that marking and la-
beling techniques generally do not follow a specific pattern or approach,
as no particular method was identified in the reviewed literature. In
summary, the marking method involves creating unique patterns on the
object’s surface using a whiteboard marker, while the labeling method
utilizes colored labels to create similar patterns. Despite the differences
in implementation, both techniques serve to enhance surface features for
improved 3D reconstruction using SFM.

2.4. Image capture

Photographs were obtained using a digital camera, a graduated
manual turntable, a sample stabilizer, an imaging chamber, and LED
USB lamps (USB LED28). The 3D sample reconstruction was performed
with SFM. To ensure adequate data was provided, images from different
sample angles were collected. The SFM algorithm, based on recognizing,
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Fig. 2. A schematic representation illustrating the key processes involved in the current study, including sampling, setup preparation, data acquisition, and 3D
reconstruction processes.

extracting, and matching key image features between photo was
applied. To ensure the most exacting photos were collected, an imaging
chamber, a turntable, and a stabilizer were engineered. The turntable
had a 75 mm radius, a 50 mm height, and was spray-painted matte black
in color (Fig. 2¢). A sample holder was engineered to minimize contact
surface and maximize the visibility of the surface area available for
photographing. Fewer obstructions improve 3D reconstruction

accuracy. The imaging chamber (Fig. 2f) size was 350 x 350 x 350 mm>.
A black background was used to eliminate shadows. The chamber ceil-
ing and walls were covered with polyethylene foam (20 mm thick) to
avoid the effect of ambient light while two USB LED lamps (1.2 W)
(Fig. 2c) were used to illuminate the lowest portion of the sample. A
Nikon Coolpix P510 camera (Nikon Inc, Japan) was used for imaging
and a laptop with an Intel Core i5, 4200 M, 2.5 GH processor, and 6 GB
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Table 1
Summary of key parameters and their decriptions.
Symbol  Feature
\% Volume (cm®)
Vm Manual assessed volume (cm®)
A Surface area (cm?)
Ap Manual assessed surface area (cm?)
a* a* chromatic color component in L*a*b* color space
a*3p a* chromatic color component in L*a*b* color space assessed by 3D model

of RAM was used for data processing. The locations of the equipment
remained constant throughout the imaging to prevent variation in photo
capture distance between images. Once affixed to the stabilizer, each
tomato was imaged from three positions (upper, middle, and lower),
with an image taken every 30 degree turn of the turntable to ensure full
coverage. This resulted in 36 images being obtained for each sample
(Fig. 2c) with the sample so that all parts of the sample were covered.

2.4.1. Standard cube

A standard 1 cm® cube were placed next to the target tomatoes
(Fig. 2¢) to provide a size reference during sample reconstruction. Image
features were pieces of local information in an image, and they were
used to find correspondences in paired images and help in recovering the
camera parameters in a 3D scene (Miller et al., 2015). As a result, the
parameters of cameras, such as position and orientation, cannot be
correctly recovered, which may result in apparent errors in the gener-
ated point clouds. On the other hand, due to the regular square shape,
the image features (usually located at corners or edges of each square)
can be easily detected by feature detection algorithms. These image
features provided additional correspondences and led to more accurate
and stable point clouds (Fuhrmann et al., 2015).

2.5. Point cloud reconstruction

3D point clouds were receonstructed of the features extracted from
the 2D images of tomato samples, acquired by the imaging system
described in section 2.4. The reconstruction process employed in this
study consists of three main steps (Fig. 3): i) image preprocessing, ii) 3D
point cloud reconstruction, and iii) post-processing of the point clouds
(Fuhrmann et al., 2015). These steps were executed through codes and
alagorithms using Computer Vision toolbox of MATLAB (Ver 2020b,
Mathworks inc, US). Each step is explained as follows:

(a) Image Processing

(b) 3D Reconstruction

Computers and Electronics in Agriculture 224 (2024) 109141

2.5.1. Image processing

The main operation in preprocessing step is background removal. To
achive this, the images were filtered using Gaussian filter to eliminate
random noise. Susbequently, they were converted from the RGB space to
the HSV color space. The HSV color image was then thresholded and
converted to a binary image, where pixels corresponding to tomato re-
gions were assigned as 1 (white) and those associated with the back-
ground were set to zero (black). In this work, the threshold values of H
(hue), S (saturation), and V (value) channels were 0.4, 0.1, and 0.1,
respectively. By overlaying this mask onto the original color image, we
obtain the image of tomato with the background was effectively
removed (Fig. 3a). In this paper conversion (from RGB to HSV) requires
the following steps (Chernov et al., 2015):

1. Find maximum (M) and minimum (m) of R; G, and B.
M = max(R,G, B)
m = min(R,G, B)
2. Assign V=M.
3. Calculate delta (d) between M and m.
d=M-m
4. If d is equal to O then assign S with 0 and return. H is undefined in this
case.
5. Calculate S as a ratio of d and M.
6. Calculate H depending on what are M and m.

2.5.2. 3D reconstruction

In this study, the SFM technique extracts homologous points from the
collected images, enabling the derivation of three-dimensional infor-
mation for the samples. The input to the SFM technique is pre-processed
images obtained from various angles of the target object, here tomato
samples. Initially, the Scale-Invariant Feature Transform (SIFT) algo-
rithm (Lowe, 2004) was applied to extract key features from the images.
Camera parameters such as Orientation and Position were recovered by
matching corresponding key features of the images. Subsequently, using
the recovered parameters, a Sparse point cloud was generated. Then, a
depth map for each image was created by calculating the depth infor-
mation of each pixel. The dense point cloud was then generated by
merging all the depth maps. Finally, the Fast Screen and Shape Recog-
nition (FSSR) algorithm (Fuhrmann and Goesele, 2014) was used to
denoise the dense point cloud (Fig. 3b). Fig. 4 provides a schematic
representation and flowchart detailing the SFM technique employed in
this research.

(¢) Point cloud Post-Processing

7
| RGB Image | l | | y _\[ ) \o |
I l l Extlactulg Features With | | < v~ v |
I | SIFT Algorithm | I |
I HSV S | l o ) s Removing Extra Point clouds
pace | l \ N f‘ ;. ."’ Recovering the Camera | | |
I - LR Orientation and Position, | I |
I | l "" ! - ? and Sparse Point cloud
| l A '; ': . Generation | | |
: Binary Image | l | | |
i S |
| L S @bzl <
R .
I Segmented : : - u | | |
ROI . . )
I / \ Merging Depth Maps Dense Point dou d } \ Saving Point clouds Separately /
\_____/ \_____Gene:no:—/ N o e P

Fig. 3. The reconstruction process: a) image processing, b) 3D reconstruction, and c) Point cloud post-processing.
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Fig. 4. Schematic representation and flowchart of the Structure from Motion (SFM) technique, illustrating (a) the process of key point extraction and matching, and
(b) the algorithm utilized for 3D point cloud generation.

(b) (©)

Fig. 5. Comparison of 3D model reconstructions (a) prior to making kaolin particle film (without preparation), (b) after making kaolin particle film (with prepa-
ration) and (c) image of the measured tomato.
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2.5.3. Point cloud Post-Processing

Since the 3D model of tomatoes and standard cubes are our objects of
interest, other reconstructed elements of the scene, such as the holding
clamps, were removed. This process consists of two steps: First, the to-
mato and the reference cube were segmented from the background in
each dense point cloud. To achieve this, the G-DBSCAN algorithm
(Andrade et al., 2013), which is a 3D clustering algorithm, was applied
to the de-noised point cloud obtained after application of SFM tech-
nique. This algorithm was adapted from the “pcsegdist” function in
MATLAB. This functions utilizes Euclidean distance parameter in clus-
tering. Subsequently, criteria were defined to identify points related to
the target, and the target point cloud was segmented from the rest of the
scene components. This process was repeated twice for the point cloud
set: first, tomato points were considered as the target and second time,
the reference standard cube as the target. The output of the point cloud
post-processing were two separately saved point cloud of tomato and
standard cube. From these point cloudes, physical parameters were
extracted (Fig. 3c).

An example of these process results is shown in Fig. 5. The poorly
reconstructed point cloud is expected as the precision of SFM decreases
when image subjects are polished, shiny, or reflective and lack surface
texture characteristics. Thus, the optimal performance of SFM is
compromised as the algorithm’s ability to extract key points, match
them, and estimate depth suffers. Also, bright spots on the surface will
alter the algorithm’s performance in cases of shiny or polished subjects.
Thus, the kaolin particle film effectively donates high ability to the SFM
technique.

2.6. 3D model analysis

Meshmixer (Autodesk Meshmixer, Autodesk Inc., San Rafael, USA)
software was used to estimate volume and surface area of the 3D models
(Herak et al., 2018). To begin, the standard cube model was loaded into
the software and values for volume and surface area were calculated
with the process repeated for the sample. Because parameter values are
given for the standard cube, the volume and surface area of the sample
model can be calculated. In Egs. (1) and (2), the method of estimating
the volume and surface area is presented, respectively. Where V3p is the
estimated volume of the sample, Vyx is the volume of the sample model,
Veux is the volume of the standard cube model. Also, Asp is the esti-
mated surface area of the sample, Ayx is the surface area of the sample
model, Acymy is the surface area of the standard cube model.

Also, by using MATLAB software, color index can be derived. The
RGB data of all points (point clouds) was extracted and converted into
L*a*b* color space (also referred to as CIELAB (International Commis-
sion on Illumination color space)). L*a*b* is a three-value description of
color where L* corresponds to perceived light while a* and b* represent

Marking

Label Sticking

Kaolin
Particle film

A(cm?)  V(cmd) a*

Fig. 6. PCC matrix achieved between the preparation methods and phys-
ical features.
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the four distinct colors in the range of human vision: red, green, blue and
yellow. In this work, the a* channel is discredited and its average
calculated before being given as the color index of the 3D model. With
our hardware setup, the time required for acquiring the images, pro-
cessing and extracting the information was 60 s, 5 s and 10 s,
respectively.

Vux
Vip = 1
D= Vo (€9)]
_6‘LAMX
Asp = Ao (2

2.7. Pearson correlation coefficient (PCC)

For comparison of the 3D model, the Pearson correlation coefficient
(PCC) was ac-complished to evaluate the correlation between extracting
physical features and preparation methods. The PCC was applied to
evaluate the collinearity value between physical var-iables and prepa-
ration methods. The existence of linear dependence is determined as Eq.
(3) (Rahimi et al., 2022):

TN
\/E?:l (i —%)* S0 ¥

where x and y represent preparation methods and three detected
physical features while X and y are their mean values. Eq. (3) varies
between —1 and 1, which is constant to the linear conversion, therefore:
pxy = —1, 0, and 1 represent x and y have completely negative, obscure,
and positive correlations, respectively. Moreover, the correlation coef-
ficient discloses the significant levels that are calculated as Eq. (4):

Py VN =2

/1 =04

P-value is achieved by calculating the “t” distribution by degrees of
freedom (equal to N-2). These conceptually exhibit the impact pro-
pensity of the input variable on the output variable as a primary test.
Here PCC is used as primary statistical analysis to disclose the 3D
reconstruction technique.

t= C)

2.8. The performance criteria

Two performance functions utilized to analyze the accuracy of the
SFM technique such as R? and Root MSE (RMSE) are defined as Egs. (5)
and (6):

R2_1—<i(xa—xp)2/i(xa—f(,)2> (5)

1

RMSE = <i|xa—)?p|2>/(1v—1) 6)

where X, and X), are the actual and the predicted values, respectively. X,

and )A(p are displayed the average of the actual values.

To evaluate the repeatability of the preparation method, the coeffi-
cient of variation (CV) was employed, defined as the ratio of the stan-
dard deviation (o) to the mean (), as shown in Eq. (7):

cv=2 ™
n
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Table 2
Results of compare means test for four different levels ofripeness (ANOVA table).
Sum of Squares df Mean Square F Sig.
Color Index * Ripeness Between Groups (Combined) 45280.702 3 15093.567 920.156 0.000
Within Groups 1115.422 68 16.403
Total 46396.124 71

3. Results and discussions
3.1. Primary statistical analysis

Samples ranged in volume from 31.80 cm® to 160.70 cm?®, surface
area from 49.65 cm? to 169.40 cm2, and color index (a*) values from
—12 to 58.32. The large spread in recorded data seen for these param-
eters is expected and is indicative of an even distribution of tomatoes
chosen for analysis and a wide variation in tomato size and shape. The
accurate analysis of tomatoes of assorted sizes demonstrates the many
possible objects that can be imaged effectively.

Three preparation methods for 3d reconstruction technique are
evaluated based on the correlation criteria in comparison with extracted
physical features of tomatoes. As shown in Fig. 6, the particles film
method displayed a significant correlation with the surface area, vol-
ume, and color index extracting with significant levels (p-value) of
<0.01. Particles film technique was positively correlated with the cor-
relation coefficient of 0.76, 0.88, and 0.67, respectively. Marking and
labeling preparation methods exhibit a non-significant level and weak
correlation for physical feature extraction. These results show that the
particle film technique has a much smaller effect on the estimated vol-
ume and surface area of the sample than the other two techniques
(marking and labeling). This is due to the significant improvement in the
quality of the 3D reconstruction of the sample by combining the SFM
method and the particle film technique compared to the other ap-
proaches. Also, according to the results, the volume has the least effect
from the particle film technique and the greatest effect was on the
estimation of the color index, which could be due to the white color of
the kaolin powder, which affected the extracted color index.

The runs test was applied to validate the randomness of sampling and
the K-S (Kolmogorov-Smirnov) test was used to assess the normality of
the data. Also, the compare means test was conducted to examine the
significance of the difference in the color index for four different levels
of ripeness. According to the results, since sig >0.05 for both the runs
test (sig = 0.059) and the K-S test (sig = 0.115), the null hypothesis
cannot be rejected at the 95 % confidence level. This indicates that the
sampling was random and the sample distribution was normal. Also,
according to Table 2, since the sig <0.05 (sig = 0.000), the null hy-
pothesis is rejected at the 95 % confidence level, implying that the
average color indices of the different ripeness levels exhibited significant
differences, highlighting the substantial variation in ripeness and color
among the samples.

(b)

3.2. Statistical comparison of sample preparation methods

Three various preparation techniques were applied to the tomato
sample. Although SFM is a powerful method, its performance can be
compromised by an object’s surface characteristics. Surface character-
istics refer to the presence of distinct features on the product’s surface,
such as spots, roughness, or color variations across different sample
surface regions. These characteristics play a crucial role in the perfor-
mance of the SFM method since the technique relies on extracting key
surface features. Consequently, lacking such characteristics may hinder
the SFM method’s effectiveness, making it more challenging to achieve
accurate 3D reconstructions. Thus, in cases where an object lacks suit-
able features, these traits must be artificially generated. Various ap-
proaches and preparations were tested on a tomato sample with
illustrations of the 3D reconstruction efforts shown in Fig. 7. This figure
serves as a visual depiction showcasing the impact of various prepara-
tion methods on the performance of the Structure from Motion (SFM)
technique. It outwardly illustrates the influence of three distinct prep-
aration strategies on the SFM technique’s effectiveness. Specifically, this
graphical representation clearly demonstrates the significantly superior
performance achieved through the implementation of the particle film
method compared to alternative preparation methods.

These methods prominently display their performances to estimate
the three textural features, including surface area, volume, and color
index. For evaluationg the performance of the preparation methods, a
tomato sample with a volume of 104.86 cm® and a surface area of
113.58 cm? was tested using the preparation techniques and the results
of physical features are presented in Table 3. The number of images
obtained for all methods was uniform. For the method involving random
hand-drawn markings on the tomato, the volume estimation error was
9.37 %, the surface area estimation error was 9.97 %, and the color
index error reached 37 %. When colored labels were affixed to the
surface, the volume estimation error was 9.14 %, the surface area esti-
mation error was 11.09 %, and the color index error decreased to 25.55
%. In contrast, the proposed particle film method achieved significantly
lower errors, with a 1.54 % error for volume estimation, 2.16 % for
surface area estimation, and 4.7 % for color index estimation. Moreover,
the particle film method demonstrated strong performance with R-
squared (R?) values of 0.98, 0.97, and 0.90 for volume, surface area, and
color index, respectively.

(©

Fig. 7. The results of 3D modeling with different preparation methods,)a) Marking, (b) Labeling, (c) Kaolin Particle film.
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Table 3
Comparison of extracted physical features for sample preparation methods.
Preparation method V(em®) A(cm?) a*
AV (cm3) Error % R? AA (sz) Error % R? Aa* Error % R?
Marking 9.83 9.37 0.80 11.33 9.97 0.81 4.49 37 0.40
Labeling 11.05 9.14 0.76 12.60 11.09 0.79 3.1 25.55 0.56
Kaolin Particle film 1.62 1.54 0.98 2.46 2.16 0.97 0.57 4.7 0.90
Table 4
Evaluation of the proposed preparation method (Kaolin Particle Film).
Sample Repeat Vm Vap AV Am Asp AA a*sp
1 90.11 1.79 107.37 3.19 11.71
Red 2 88.32 90.24 1.92 104.18 107.91 3.73 12.88
3 89.58 1.26 107.43 3.25 12.28
1 79.22 2.21 81.12 212 10.51
Semi-red 2 78.14 80.35 1.92 78.23 80.78 3.03 9.68
3 80.17 1.26 80.21 2.65 10.13
1 67.54 2.23 88.36 1.91 8.51
Turning red 2 65.31 67.9 2.59 86.45 88.19 1.74 7.93
3 67.14 1.83 88.72 2.27 7.35
1 88.12 2.72 102.15 3.79 2.16
Fully green 2 85.4 86.9 1.5 98.36 102.43 4.07 2.42
3 87.45 2.05 101.94 3.58 2.3

3.3. Evaluation of preparation method

The primary obstacle to overcome has been reduction of sample
surface reflection with artificial enhancement of surface texture. This
newly described protocol reduces operator impact and has the added
benefit of being repeatable. The novel addition of a kaolin particle film
to the entire sample surface dramatically improved accuracy. To verify
repeatability, four tomatoes were randomly selected and analyzed three
times each. Also, the results of this proof of concept step are shown in
Table 4. The results of our analysis showed that the average coefficient
of variation (CV) was 0.54 % for volume estimation and 0.26 % for
surface area estimation, indicating a low degree of variability in these
measurements. However, the CV for color index estimation was found to
be 5.87 %, suggesting a higher degree of variability in color index
estimation compared to the other parameters.

3.4 Volume. , surface area, and color index estimation
The SFM technique was used to create 3D surface reconstruction

models of 50 tomatoes, and the parameters (volume, surface area, and
color index) were measured. The results of the linear regression analysis

(a) Volume (cm?)

(b) Surface area (cm?)

performed on the estimated and measured tomato values are observed.
The root means square error (RMSE) criteria were used to estimate the
result of the linear regression analysis. Fig. 8 represents the manually
measured values in the x-axis, and the y-axis exhibits the estimated
values computed using the SFM technique. The best-fit line of this dis-
tribution is named the “45-degree line”, which indicates a satisfactory
prediction and 3D model performance of the SFM technique. The tomato
size distribution range is vast and homogeneous (as can be seen in
Fig. 8). There is a high correlation between the estimated values and the
actual measured values of tomato parameters. The slope of the regres-
sion line for volume and surface area is also near 1, and both are
approximately on the ideal regression line (Y = X), as shown in Fig. 8a
and b. The RMSE for estimating volume was 2.30, and for the prediction
of surface area was 2.44. The acquired data showed that the suggested
approach accurately assessed the volume and surface area of tomato
samples with 98.02 % and 98.28 % accuracy, respectively. This error
might be attributed to the non-uniform thickness of the particle film on
certain parts of the sample surface. To investigate the influence of the
kaolin particle film on sample color, the samples were divided into
training and testing groups, comprising 70 % and 30 % of the samples,
respectively. Training data were used to generate Fig. 8c. the color index

(¢) Color index (a*)

200 s -
- RMSE =2.30 Re RMSE = 2.44 ,' = 40 | RMSE=035 L
S . ’ 5= *
2 160 | . Z 55 >
< % - .
g / 2 30
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Fig. 8. Regression study of (a) volume, (b) surface area, and (c) color index as determined by manual and 3D model evaluation. Red lines represent ideal regression

curves (y = x), and black lines are least squares linear regression curves.
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Table 5
The results of evaluating the effect of adding kaolin powder on the color index of
the samples.

Sample a* (3D a* (diagram a* (manual RMSE
model) equation) assessing)

1 —6.40 —6.15 -7.09 0.59

2 —7.51 —7.64 —7.67

3 —4.22 -3.23 -3.21

4 -7.71 —-7.91 —5.96

5 —4.98 —4.25 -2.18

6 -0.41 1.87 1.98 0.30

7 0.26 2.77 3.86

8 -1.97 -0.21 0.80

9 —0.49 1.76 2.07

10 9.35 14.95 15.00

11 20.87 30.40 27.97 0.82

12 18.54 27.28 27.72

13 28.74 40.95 39.07

14 25.15 36.14 37.93

15 21.17 30.80 32.88

Total - - - 0.35

by SFM technique achieved 0.35 of RMSE.

This would clearly illustrate how the ‘dusting’ procedure (making
particle film on sample) impacted sample color. Graphing the training
data, Fig. 8c, revealed a distortion in the 3D renderings of tomatoes
where a* increased (greater intensity of redness) resulted from dusting
the samples. The rendered colors for test samples chosen at random were
estimated and compared with their manual values (Table 5). Addition-
ally, the RMSE error value for color estimation was determined to be
0.59 for green, 0.30 for yellow-orange, and 0.82 for red samples while
the combined RMSE value for all test samples was 0.35. Table 6 presents
the results of comparable studies and practical applications in real en-
gineering scenarios, demonstrating that our findings align well with
those of previous research, further highlighting the potential of our
method for a range of engineering applications.

4. Conclusion

In this survey, the performance of the SFM technique as an efficient
method for the 3D reconstruction of tomatoes with reflecting and glossy
surfaces were examined. In this study, an innovative approach based on
particles film was used to overcome the limiations of the Structure from
Motion (SFM) technique for reconstrcting a 3D models of shiny agri-
cultural products. This approach not only improves the reconstruction of

Computers and Electronics in Agriculture 224 (2024) 109141

the three-dimensional tomato model, but it also serves as a shield,
guaranteeing the maintenance of product quality both during and after
harvest. Three physical features such as the surface area, volume, and
color index of tomatoes were extracted and 3D modeled by the SFM
method with particle film technique. It exhibits higher efficient perfor-
mance compared with marking and labeling methods. These two prep-
aration methods failed by PCC (low correlation coefficient), statistical
analysis (p-value > 0.1), and output media. SFM with kaolin particle
film positively exhibited a higher correlation in the range of 0.67 to
~0.9 with a p-value < 0.01. SFM achieved a 3D model based on the
surface, volume, and color by obtaining the RMSEs of 2.44, 2.30, and
0.35, respectively. SFM method usefully conducted a 3D model for to-
matoes as a glossy product. In general, the SFM method, as a cheap 3D
imaging technique, can be used to evaluate the geometrical character-
istics, texture, and color of products with different surface characteris-
tics and obtain favorable results. In future studies, to transition this
technique from laboratory conditions to real-world engineering appli-
cations, the impact of environmental factors, such as shadows and
lighting, as well as advanced 360-degree imaging technologies, could be
examined. By addressing these factors, the limitations of the method can
be reduced, and its scope of application expanded within various agri-
cultural sectors, including product monitoring, harvesting robots, and
surveying drones. A key limitation of this research lies in the time-
consuming imaging process and its laboratory setup. Note that the
present study was conducted in a controlled laboratory environment to
primarily investigate the effects of particle film coating on the quality of
3D reconstruction for products with shiny surfaces. In subsequent
research phases, external factors could also be incorporated. Future
studies may focus on the application of this method as an accurate,
affordable, and accessible means to evaluate various products with
diverse geometrical textures, colors, and reflective surface properties.
Also, using microscopic coatings to improve three-dimensional recon-
struction, even the effect of starch on tomato physical properties and
storage time can be investigated.
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