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Abstract

The study proposes a methodological integration of machine vision and image processing
based on color-based object detection. The primary goal of the study is to use the color
vision method to simplify the process of transforming real objects into 3D digital twins for
application in Sustainable Agriculture 4.0. The experiment solves several related problems:
(1) Color analysis and methodology for quantifying the color representation of a 3D model.
Representation quality was determined using colorimetric methods with sSRGB and L*a*b*
models in relation to the D65 standard. Colors with accurate color values on the object
surface and in the 3D model were identified. (2) The process of capturing and creating
digital twins using the SfM method is time-consuming and requires manual work. The
study solves this problem by partially automating the entire process. The proposed DSLR
system with an automated method for capturing, storing, and sorting data significantly
accelerates the entire process. (3) To create a digital color scale, it is necessary to define the
color values of 3D digital twins. A color segmentation procedure based on points on the
surface of a 3D model is proposed. These color values form a basic color form corresponding
to the color value changes in the coloring process of a real object. The proposed procedure
uniquely integrates methodologies and has potential for use in Sustainable Agriculture 4.0.
The proposed colorimetric method quantifies representation quality and could be deployed
in other 3D model digitization and automation processes, especially in image processing
and computer vision.

Keywords: digital twin; 3D model; machine vision; color vision; image processing; pho-
togrammetry; sustainable; Agriculture 4.0; Industry 4.0

1. Introduction

The study addresses a gap in color quality representation when applying color vision
in optimization, automation, and digitalization processes in modern Agriculture 4.0. In
line with the global nature of industrial processing, global climate change, nature conserva-
tion, and international food trade, this issue is addressed both at the global and regional
levels [1,2]. In agriculture, great emphasis is placed on the method of cultivation, harvest-
ing, yield, and processing of crops [3]. An important factor in this is the accurate and
precise color representation of leaves and fruits for health and development monitoring.
At this stage, it is necessary to detect pests or cultivation errors early that can damage
and reduce crop yields [4]. Accurate color representation is also necessary during harvest
when separating ripe, healthy crops, which are often required for further processing or
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sale [5-7]. Sustainable Agriculture 4.0 can do all this today with a greater or lesser degree
of automation and robotization [3,8]. Agricultural fields and greenhouses are routinely
monitored by drones; greenhouse environmental control and crop growth are remotely
managed, and harvesting and post-processing processes are partially or fully automated.
The creation of digital twins to visualize or simulate processes is also an integral part of
modern agriculture [3,9]. New machine learning and deep learning methods are constantly
being developed for image analysis and segmentation. Convolutional neural networks
(CNN) and R-CNN with masking are used for fruit detection [10-12]. The YOLO (You
Only Look Once) method, based on deep learning, detects fruits in real time [13-15]. Object
detection methods are combined with other methods and are constantly being developed
to improve automation processes in modern agriculture [16-18]. However, the field of
color vision (CV) and tools to validate the quality of color representation are slightly un-
derdeveloped areas of research; some studies consider the application of color models in
research and the potential of color vision to improve image segmentation results [19-24].
Other experiments consider only a complex model or calibration of the color imaging
device and post-production image processing [19,25-27]. Nevertheless, the practical use of
machine learning methods is increasingly being used in color vision methods and research
applications [28-30]. This study focuses on the comparative analysis of the color values of
real objects and their digital reproductions in the form of 3D digital twins generated using
photogrammetry. It proposes improvements to segmentation methods that could help
monitor maturation or detect plant health. To improve the effectiveness of segmentation
methods, we propose using color models and precisely defining color values within the
defined color scale range. Based on the information about the points forming the 3D Dense
Cloud (DC) model, we propose a unique methodological integration of colorimetry meth-
ods. The proposed methodologies and procedures offer the potential to generate machine
learning datasets based on color values and the desired color scale range. By integrating
these procedures, plant or crop detection will be more accurate. Image processing based
on color values and the creation of 3D models using the photogrammetric method SfM
(Structure from Motion) are described in Figure 1. Creating a basic color scale dataset (CSD)
required the following steps:

1.  Color analysis and determination of color values of objects.
2. Image capture and processing into a 3D Dense Cloud model.
3. Segmentation of points by color values and creation of a basic color dataset.

Integrating color vision into the image digitization and segmentation process
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Figure 1. The process of integrating color vision and color models into the creation of 3D digital
twins using image segmentation methods based on color values.
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2. Materials and Methods

This study focuses on color analysis and color vision issues as an integral part of
computer vision and accurate color representation in 3D models. The creation and use
of digital twins is increasing in many fields of Industry 4.0. In this experiment, the multi-
frame terrestrial photogrammetry method SfM was applied [31-34]. Color analysis was
performed in several image processing steps while creating digital twins of chili pepper
fruits. The individual devices, materials, and methods of the procedures are described in
the following sections.

2.1. Objects for Creating 3D Digital Twins

For this experiment, chili plants (Capsicum annuum vr. Bulgarsky Perets) were grown
in pots at the Institute for Sustainable Agro-ecosystem Services, University of Tokyo, Japan.
Chili fruits of different shapes and colors were grown and selected just before and after

physiological maturity, in other words, at different stages of fruit ripening. Their color was
measured and defined using the ColorCatch Nano Colorimeter [34]. The selected objects
for creating 3D digital twins are shown in Figure 2.

Figure 2. Objects intended for creating 3D digital twins: (a) chili 4.1.1; (b) chili 4.1.2; (c) chili 4.1.3;
(d) chili 4.1.4; (e) chili 4.1.5.

As shown in Figure 2, the objects selected for digitization have different properties.
These differences can be observed in the objects’ color, size, and structure. Object 4.1.1:
Figure 2a shows an unripe fruit, the color of which can be described as green. Object
4.1.2: Figure 2b shows a ripe chili pepper fruit. Figure 2c—e shows chili pepper fruits with
shrunken structure, discoloration and multiple diseases, characteristic of over-ripe fruits.

At the same time, black frames measuring 5 x 5 mm are marked on the chili pepper
fruits with the numbers 4.1.1,4.1.2,4.1.3, 4.1.4, and 4.1.5. On each reference fruit, multiple
areas are marked where a color shade change was visually visible. These marked areas
are used for metric color value measurement by the ColorCatch Nano from Gamin, s.r.o.,
Czech Republic color sensor. The measured color values are subsequently used for scaling
and identifying the color values of 3D digital object models.

2.2. Analysis and Definition of Object Colors

Reference values of color tones were recorded at the marked locations on objects
41.1,4.1.2,4.1.3,4.1.4, and 4.1.5. These values were recorded with the ColorCatch Nano
colorimeter to compare color values in the created 3D models of objects [34]. The values
were measured in the L*a*b*, sSRGB, and CMYK color models in the FOGRA color chart
included with the colorimeter. For this experiment, only the sSRGB model, or RGB, which
is based on the color spectrum of the light spectrum, was used. The basic colors of the
RGB model are the red (R), green (G), and blue (B) components of the light spectrum.
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Figure 3 shows object number 4.1.2, the process of capturing color values in the marked
detailed area of the object, and the reference color values recorded by the ColorCatch Nano
colorimeter in the marked areas of the object.
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Figure 3. The process of sensing, analyzing, and determining the color values of ripe chili pepper
fruits using a colorimetric sensor.

Figure 3 illustrates how the reference color values for the segmented area of object
4.1.2 were determined. Figure 3 also depicts the sensing device, which features a sensor
with a light source calibrated to standardized white light (W) before each measurement.
The process of sensing the color values was identical for the other chili pepper fruit areas.

An extensive set of color values was created based on the measured color values. The
selected reference values were transformed from the RGB color model to Hex values. The
hexadecimal color format is given as a six-digit number. This hexadecimal number contains
the digits 0 to 9. The lowest number, #000000, corresponds to black. The highest value,
#FFFFFE, corresponds to pure white. The hexadecimal color values created reference color
scales for individual objects.

The following section describes the transformation of color values in relation to the
color gamut and standardized white light values corresponding to the daylight standard.
In this type of ambient lighting, the color values on the object surface were captured based
on the calibration of the measuring device’s sensor.

2.3. Color Models in the Image Digitization Process

A colorimeter was used to measure the colors of chili peppers accurately. The color
measurements were performed in the RGB color model or the sSRGB and L*a*b* gamuts.
Figure 3 shows the individual color models. It is important to mention that the L*a*b* color
model works in the entire color spectrum of the CIE 1978 trichromatic diagram, which is de-
rived from the CIE XYZ (CIE 1931) color model. At the same time, the Color Checker Classic
color scale from X-Rite s.r.o. Vyskov, Czech Republic was used for color standardization.

Figure 4 also shows the notation of the primary colors of the RGB model (red, green,
blue) in hexadecimal format. Figure 4a shows the standardized range of primary colors,
including white (W). Figure 4b shows the individual positions of the standardized colors in
the CIE Chromaticity Diagram (1931), on which the CIE XYZ/CIE LAB (1978) for many
Color Management Systems (CMS) is based [34,35].
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Figure 4. Color models and spaces: (a) Standardized color scale Color Checker Classic; (b) Position of
standardized colors in the CIE 1931 trichromatic diagram; (c) CIE 1931 trichromatic diagram with the
sRGB and L*a*b* gamuts and standardized light D65 marked; (d) RGB color model; (e) L*a*b* color
model; (f) Transcription of primary colors of the RGB color model into hexadecimal numerical values.

As mentioned, a colorimetric device for measuring the color of a physical object works
with the sRGB and L*a*b* gamuts. The sRGB color space is applied to most standard digital
imaging and imaging devices. The range of this gamut in the trichrome diagram area is
shown in Figure 4c. It is clear from the figure that the L*a*b* gamut represents the full range
of the chromaticity diagram. The range of the L*a*b* gamut does not consider the type
of digital device or its color range. This flexible use and application are important in the
overall digitization process, especially when interpreting digital output in an augmented
and digital reality (AR/VR) environment. The chromaticity diagram lists the standardized
daylight D65 (the illuminant white point for the sSRGB gamut). By converting the daylight
standard (W) to the D50 standard, we obtain the expression of the white point in the CIE
XYZ gamut [35,36].

Figure 4d,f visualizes the RGB and L*a*b* color models. Figure 4f shows the transfor-
mation of the RGB model into the hexadecimal system, which is particularly suitable for
entering color values for image processing across graphics software (SW) [37]. Hexadecimal
color representation was also used in this study to create color scales. The statements are
considered for the components of the L*a*b* color model, where and are the white (W)
tristimulus values of a perfectly reflecting diffuser under CIE D65 illumination, defined
by x = 0.3127 and y = 0.3290 in the CIE chromaticity diagram [38]. Conversion between
XYZ color coordinates with respect to different white (W) points is performed. The ICC
specification recommends a linear chromatic adaptation based on the Bradford model to
convert between D65 XYZ coordinates and D50-related values. This was implemented
in the Java APL. Complete mapping between gamut colors, sRGB, and D50 coordinates
was achieved by performing a linear transformation using a matrix. The matrix defines
the chromatic adaptation transformation. When applying and implementing the transfor-
mation using the to CIEXYZ() and from CIEXYZ() methods (Java’s default sSRGB Color
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Space class), a gamma correction was required between the linear RGB components and
the actual nonlinear sRGB values (R’, G/, B’) [37].

The Color Catch Nano device has a measuring range of 0.36-8 mm, automatic detection
of 5 dominant colors, and a 45° /0° measurement geometry [33]. The CCD camera sensors
have a resolution of 224 x 224 (px). The scanning device has an integrated calibration
system and works with a standardized daylight source of 9 x D65 LEDs. This device reliably
measures color values at 50.0000 (px) on smooth, porous, and structured surfaces. During
scanning, all minor colors caused by surface contamination or shadows are automatically
removed, and the system automatically detects 5 dominant colors with a color difference
AE = 0.3. The CIE XYZ gamut is used to calculate the AE parameter, and this parameter
can be measured by colorimetry. This value represents the difference in color perception.
For professional graphic design work, an AE value < 2 is sufficient. The parameter AE <1
is no longer observable by human vision.

The sensor properties of the device and the calibration according to the D65 standard
proved to be sufficient for this study. In marked areas of 5 X 5 mm on the chili fruit, 10 color
values were measured, which defined the basic color range for creating a color scale. The
defined color values were then segmented in the marked area according to the color values
in a realistic color 3D Dense Cloud model. The procedure and methodology for creating
the 3D models are described in the following sections.

2.4. 3D Reconstruction of an Object by the SfM Photogrammetry Method

The SfM (Structure from Motion) photogrammetry method was used to create real-
istic 3D digital twins of objects. This method is widely used for the creation of realistic
objects and scenes. In modern Agriculture 4.0, it is significantly applied within the UAV
(Unmanned Aerial Vehicle) scanning framework [39-41]. In the case of terrestrial scanning,
it also has its place as a terrestrial multi-image method [42-44]. The principle of the StM
photogrammetric method is generally defined as:

, LIX4+ LY+ 1Z+1y —0UT+

X+ LY+ 1;Z2+1g —0 (1)
X+ 1Y +111Z2+1 -

X+ 11gY + 1112+ 1 -

where I’ =1—1y; ]’ =] —Jo; 11 — 111 is Direct Linear Transformation Parameters (DLTP).
Coefficients [ to [1; are functions of exterior landmarks and interior landmarks. The
initial values of the external and internal orientation elements are unnecessary for the
calculation. The DLT equation can be used for the photogrammetry of consumer-class
digital cameras [45].

This study used studio equipment and a DSLR camera setup to capture the object.
3Dobject models were created using the professional graphics software (SW) Agisoft
Metashape from G4D, s.r.0., Czech Republic [46]. Figure 5 shows the creation of a 3D model
using the SfM method.
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Figure 5. The basic visualizations of the Structure from Motion (5fM) method.

Figure 6 visualizes the process of creating realistic 3D digital twins of object 4.1.1,
unripe chili pepper fruits. Realistic 3D digital reconstructions of objects were performed
using a partially automated SfM photogrammetric method. Objects were captured by a
system of 6 Canon EOS 100D Kiss X7 DSLR cameras with a resolution of 5184 x 3456
pixels and lens-type EF-S 18-55 mm from Canon, Japan. On a 360° rotating base, the
DSLR camera system captured 124 images. The last image capture was performed just
before the 360° rotation was completed. The vertical spacing between the DSLR cameras
was set to approximately 25 cm. The percentage of image overlap was not measured
because it had a minor influence on the 3D modeling process. The camera system was
0.5 m from the object, with a focal length of 45 mm and an exposure time of 1/15s. White
balance (W) was manually set. This setting applies to all series of scanned objects. For
the digital 3D reconstruction of a single object, 124 images from 6 series were captured
with a DSLR camera system. All images were captured in JPEG format with 24-bit depth
and sRGB color space. The photo studio with a black background for digitizing the object
was supplemented with 4 LED D65 lamps. This setup simulated the initial conditions for
measuring the object’s color values with a colorimeter.

IMAGE IMAGE SfM 3D DC
CAPTURE DATASET MODELING MODEL

Dataset of 124 objectimages  Creation of a 3D DC model Dense Cloud

asix-camera DSLR system.  from multiple DSLR sensors. using the SfM method. 3D model

Figure 6. The process of capturing an object and creating a 3D model using the SfM photogrammetric
method.

The captured images were automatically stored in folders created in the library on the
computing unit. Next, 3D models from the captured images were created using Agisoft
Metashape professional graphics software. The resulting 3D models were composed of
individual points from the Dense Cloud model. The 3D digital twins are shown in Figure 7
in the next section. That section also presents the point segmentation and the resulting
color scale.
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Figure 7. Reference visualization of objects 4.1.1, 4.1.2,4.1.3, 4.1.4, and 4.1.5 in the process of creating
a 3D model and color scale. (a) Objects intended for realistic 3D reconstruction. (b) 3D digital twin of
the object as a Dense Cloud. (c¢) Marked area in the digital model for color analysis and segmentation
of points based on their color value. (d) Segmentation of points with a defined color value in the
marked area. (e) The resulting color scale corresponds to the color values of the segmented points
from the 3D digital twin.
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3. Results

This section describes how to create a 3D model and a point cloud and how to visualize
them. This section also includes information on defining colors and creating a color
reference scale based on the measured values.

3.1. 3D Models of Dense Cloud Objects

The result of the 3D reconstruction of the chili pepper objects is a 3D digital twin in
a Dense Cloud (DC). This form of 3D model is composed of individual points with their
own color information. The number of points in the 3D model for each object is listed in
Table 1. Qualitative attributes of the images are also displayed, including the number of
images used for 3D reconstruction via the SfM method, image resolution, bit depth, and
color contrast. The color resolution value represents the sSRGB color gamut.

Table 1. Basic image attributes for transformation into 3D models.

Object Images Image Bit Color Dense Reprojection RE (px) RE (px)
Resolution Depth Resolution Cloud Error (px) Limits Acceptance
411 120 72 x 72 dpi 24 sRGB 1,952,761 0.151 RE<03 v
41.2 120 72 x 72 dpi 24 sRGB 1,857,750 0.132 RE <03 v
4.1.3 120 72 x 72 dpi 24 sRGB 1,678,697 0.150 RE<03 v
414 120 72 x 72 dpi 24 sRGB 1,346,774 36.205 RE>1.0 X
4.1.5 120 72 x 72 dpi 24 sRGB 1,688,327 0.177 RE<0.3 v

In the professional Agisoft Metashape software for 3D reconstruction, the Reprojection
Error (RE) is calculated using the equation:

RE = \/31 Z(Xohs,i - Xpr,j)z (2)

where X ; is the actual position of the point in the image, and x, ; is the position recorded
from the camera + model. RE shows by how many pixels the position of a point in the
image differs from the position to which the derived model projects it. In StM, RE < 0.3 (px)
is excellent, RE < 0.5 (px) is very good, RE > 1.0 (px) is acceptable, and RE > 1.0 (px)
represents a significant difference. The 3D model 4.1.4 has RE = 36.205 (px). This is
significantly above the limit. The result indicates that there was a non-standard error in the
image processing. The study focuses on fetal maturity. This error can be tolerated.

3.2. Color Values and Color Scales

Digital twins of chili pepper objects created by the StM photogrammetric method are
depicted in Figure 7b. Based on visual comparison of the 3D digital reproduction with
the photographs of the objects, the resulting 3D models appear very successful. The color
analysis markers in the 3D models were visibly reproduced. The figure further visualizes
the process of point segmentation and the creation of the color scale.

Figure 7 visualizes 3D digital twins created from real objects. That figure also visualizes
segmented partial areas of objects for the subsequent process of segmenting individual
points based on a precisely defined attribute. This attribute is a precisely defined color
in the selected RGB gamut, corresponding to the measured values from real objects. For
segmenting individual points on the surface, Agisoft Metashape and SW Cloud Compare
2.1.3 Beta Open Source were used. Figure 7 also shows the color scales created for individual
objects. Table 2 shows the color scale values expressed in hexadecimal after conversion and
the average color value.
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Table 2. Hex and & Hex CV from measured real colors of chili pepper fruit objects.

411 4.1.2 4.1.3 414 4.1.5

411G 4.1.1Y 4.1.120 4.1.20 4.1.2R 4.1.3G 414G 4.1.5G
758605 b99b00 cc6400 c93e0f a91412 d4a885 877461 5d5d4d
849705 b89a00 c65e00 ba3f00 ac262c d0a378 cla78b 5e5949
799003 bc9e00 c95e00 ab3c00 a53219 c39b76 af9a83 545446
7f9b0b b6a333 c76300 b63a00 920005 cda278 97836d 5c5449
829707 b8al2a bb5e00 b03700 9c1824 d2a687 b89£84 66654

809707 bdab52c cb6200 cd4c2c 962624 c49c¢73 8e7co6f 75705f
7d9f0b bda000 ca6700 94624 a91022 d6a987 a98d73 8a8269
728a03 b9a32d cc6600 cd5338 b43139 caa37c 9b7e64 4c4c3e
4b4£00 bda327 cb6700 c63b00 a7111d d4a887 baa286 6d6651
7d9£19 baa320 96300 c93e00 b0252e d4a889 877b69 615c4d

O Hex Color Values
778e08 baa019 86300 c1410f a51d21 cfad7f a28c75 656050

Figure 8 shows the 3D RGB and CIELAB gamuts, depicting the dispersion of color
values relative to the group’s average color. The AE parameter was determined for all
colors using the AE2000 standard in the L*a*b* color space. This space does not account for
the gamut of the sensing and display devices. Figure 9 shows the AE values of all colors in
relation to the average color value of the group. Table 3 shows the average values of the
AE parameter.

3D RGB gamut | 3D CIELAB gamut

Figure 8. The O color value and the dispersion of color value groups in the 3D RGB gamut and 3D
CIELAB gamut.
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Figure 9. Color difference AE2000 of all color values and the & color of the groups.
Table 3. & AE2000 for each group and the color average.

Group O AE2000 AE Interpretation

411G 5.38 AE ~ 5.38 Moderate differences/Larger variances in shades

4.1.1Y 1.68 AE ~ 1.68 Very homogeneous group

4.1.120 1.31 AE ~1.31 Very homogeneous/Lowest variability

4.1.20 3.67 AE = 3.67 Visible differences/Still within the group

41.2R 3.64 AE =~ 3.64 Very homogeneous/Lowest variability

4.1.3G 2.17 AE ~2.17 Good agreement within the group

414G 6.20 AE == 6.20 Most significant variability (highest AE)

4.1.5G 5.19 AE ~5.19 Higher variability / Larger variances in shades

Table 3 shows the average AE2000 values for each group. Table 2 shows the differences
in color between the group column and its averages.

Table 3 shows the most stable groups 4.1.120, 4.1.1Y, and 4.1.3G with very consistent
color shades. These groups are very close to their color average. On the contrary, the most
significant color variance, AE ~ 6.20, is expected for group 4.1.4G. Group 4.1.1G has a color
difference of AE ~ 5.19. This group represents the chili pepper fruit in the immature stage.
At this stage, there is an intense change in color tone.

Table 2 shows the hexadecimal numerical values converted from the sRGB color space
values. These numerical color values subsequently defined the individual colors for the
reference color scale model. The emphasis is mainly on ripening and ripe chili pepper
fruits. These are 3D object models 4.1.1 and 4.1.2. These color values are essential for the
color changes in the fruit during ripening. The color values listed in Table 2—4.1.1G; 4.1.1
Y; 4.1.120 4.1.120; 4.1.20 and 4.1.2R—represent the color values during ripening from the
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green color of the unripe chili pepper fruit to the red color of the ripe chili pepper fruit.
The color variation during fruit ripening is captured from green tones (4.1.1G) through
yellow and orange tones (4.1.1Y; 4.1.120 4.1.20) to red tones (4.1.2R) of ripe fruit. The
values marked 4.1.120 define the boundary values between unripe and ripening chili
pepper fruit. Green (4.1.1G) and red tones (4.1.2R) represent the minimum and maximum
values defining the beginning and end of the fruit ripening phase. The following color
values for the scales 4.1.3G, 4.1.4G and 4.1.5G and their visualizations represent the color
of the fruit after the ripening phase. These phases are associated with the beginning of
fruit rot and drying. In a specific modification, a similar process of color tone adjustment
can be applied to the principle presented in the study on color modification in the virtual
environment [47].

These color values can therefore be understood as the basis for the determined limit
value in the variability of fruit ripening. In this study, a colorimeter with a color-difference
parameter AE = 0.3 was used, and points with the corresponding color values were seg-
mented from the 3D models. It can be assumed that the parameter AE remains constant.
The parameter’s value is below the limit of human vision, AE < 1. The color scale shows
visually distinct color tones that are derived from the direct color value. The dispersion of
individual color groups around their average color value and the average color differences
AE across the entire color scale, as shown in Figure 8 and Table 3, can be considered addi-
tional attributes for determining the range of measured values when identifying the stage
of fruit maturity.

4. Discussion

This study demonstrates the potential of color vision in the field of digital objects
and the creation of digital twins. In the agricultural industry, one can imagine broad
applications of color vision and colorimetry methods. Some current scientific studies
present different approaches to solving this problem [48-50]. A combination of methods
and procedures from computer vision, color vision, image capture sciences, and image
processing is a prerequisite for successful results. In practical use, it is also necessary to
consider the sensing device’s capabilities, sensor types, signal transmission, software and
applications, and the type of final output required, including display devices. In this regard,
simple solutions, methodologies, and procedures are preferred [51,52].

The color scale defined by the actual color values measured by the colorimetric sensor
in individual parts of the fruit and segmented points carrying the same color information
can be considered a basic representation quality indicator. The color scale values represent
the range of colors during the ripening of chili pepper fruits. The continuous process of
fruit ripening includes all colors and their variability in real time until the final stage of
ripeness. In this research, the color change is proposed in individual tones. In this way, the
basic color scale of the fruit ripening process can be appropriately expanded to include
additional color values.

The limitations of this study include the smaller sample of objects for 3D reconstruction
and the limited areas analyzed. Repetitive values were observed in some of the areas
marked for color analysis. For this reason, 10 color values were determined in each part of
the color scale with the assumption of the possibility of expanding the scale with other tones
falling within the desired color spectrum. These tones can be derived and supplemented
with an appropriate algorithm. This solution will be the subject of future research in the
field of Sustainable Agriculture 4.0.

In the issue of color vision, it is also necessary to consider human vision. It is well
known that the perception of colors by the human eye varies from person to person. In
the study, point segmentation was performed in the cloud of a 3D model based on the
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physical surface values measured on the object. The colorimeter measured the values on
the marked area of the object. In this experiment, a colorimeter with a color-difference
parameter AE = 0.3 was used, and points with corresponding color values were segmented
from 3D models. The AE parameter shows extreme accuracy. It can be assumed that the
AE parameter remains at the value 0.03. The value of the parameter AE < 1 is below the
limit of human vision. This parameter can be the focus of future research in connection
with machine vision and the definition of different levels of accuracy based on the nature
of sensing and imaging devices.

This research also focused on the color model and gamut (sRGB/L*a*b*/CIE XYZ) and
color value transformation. The experiment applies the D65 daylight standard. The sensors
of the scanning device used to measure color values work on this standardized principle. At
the same time, these conditions were simulated during object scanning to create 3D digital
twins. The objects were scanned on a black background in a photo studio supplemented
with standardized LED lighting. The prerequisites for this solution are natural and artificial
lighting conditions in the external environment and in the greenhouse. The color scale
defines the basic color framework for application in these conditions. Attributes associated
with the issue of light are not considered in this research. However, these attributes
significantly expand the scope of the research issue and the possibilities for future research,
not only in the field of Sustainable Agriculture 4.0.

5. Conclusions

This study proposes a unique methodological integration with the potential to generate
color datasets for machine learning. The design of a color scale for detecting the ripening
stage of the chili fruit and pest infestation expands the possibilities in the field of Sustainable
Agriculture 4.0. To achieve the goal, the following conditions had to be met:

1. Analyze the colors of the object and establish a methodology for applying color values
in a digital environment. The exact definition of color values on the marked surfaces
of chili fruits at different stages of ripening was determined by precise measurement
using the sensory colorimeter in the D65 light standard with the parameter AE = 0.3.
These color values were then applied to the point segmentation process for the created
3D digital twins.

2. Define the process of capturing and processing images into a 3D Dense Cloud model.
A photogrammetric method was applied to create realistic 3D chili pepper models.
The process was streamlined by creating a semi-automatic system to capture and store
images. A set of six DSLR cameras and a rotating plate significantly shortened the
time required to photograph chili peppers. The objects were photographed in a photo
studio environment with a black background supplemented with standardized D65
LED lighting. This procedure simulated the conditions in which the color values were
acquired on the fruit surface. Transferring the image data and storing it in the created
library made the sorting and storing of the acquired image dataset more efficient.
Three-dimensional models were subsequently generated as a Dense Cloud. Individual
points in this model have the color information in the marked area for color analysis.

3.  The last phase was the segmentation of points according to color value and the
creation of a color scale. The measured color values and the segmented points’ color
information served as the basis for creating the scale. Three-dimensional digital twins
provided sufficient points at the marked area with the same color value as on the
surface of the real object. On this basis, a primary color scale corresponding to color
values at different stages of ripening was designed.

Defining colors based on accurate color values is crucial for expanding the color
dataset and training machine learning models. The proposed procedures for creating
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color scales serve as a basis for future automated agriculture applications to quantify fruit
maturity and detect disease. Non-contact identification of fruit ripening stage, disease
or pest infestation using a color scale simplifies monitoring crop growth and ripening.
Combined with future use of IoT (Internet of Things) and the development of autonomous
greenhouses, the entire crop identification process is not only simplified but also supports
a responsible, sustainable approach to agriculture.
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