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Currently, the quality of flue-cured tobacco leaves is evaluated manually, which relies on
subjective experience and inevitably affected by personal, physical, and environmental factors.
However, the subjective evaluation fails to meet the automatic and precise requirements of
tobacco production. The quality of tobacco leaves is affected by a variety of factors, such as
color, oil content, maturity, and surface texture, among which color is one of the most important
factors. Color evaluation is critical for quality management in the agricultural field. However,
there is no specific standard color chart for flue-cured tobacco leaves, and there are few studies
focusing the development of such a color chart. In this work, a framework for the development
of a color chart was established by computer vision techniques and it was applied to flue-cured
tobacco leaves. The color chart system (CCS) consisted of data acquisition, color representation
for a single leaf, and the development of the color chart for flue-cured tobacco leaves. Firstly,
an acquisition device was developed to collect digital color images of flue-cured tobacco leaves,
which was equipped with CCD sensors that detect color information accurately. Secondly,
a proportional threshold method was proposed to represent a feature color from the acquired
images by taking into consideration the overall color information of a single leaf. Finally, color
discrimination techniques were used to create digital color charts depicting synthetic, standard-
color tobacco leaves at various degrees. The color charts established in this work faithfully
express the flue-cured tobacco leaves color information, and the framework of CCS based
on computer vision can be applied to other agricultural situations where color estimation is
required.
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1. Introduction

Tobacco is a commercial crop in many countries owing to its low-cost, short growth cycle,
and economic value. The history and status of the world’s tobacco industry signify that
tobacco and its products will persist for a long time.!!) The tobacco industry plays an important
role, especially in China where it has about 500 billion assets and 60 million employees and
contributes to 1/10 of the state’s revenue each year. Furthermore, the national planting area has
reached 21180000 acres, which has become the main means of increasing peasants’ income.?
As the major material of cigarettes, the features of tobacco leaves such as flavor, aroma, and
physical characteristics greatly affect the quality of cigarettes. High-quality cigarettes are
expected to offer consumers with positive taste experience, optimum smoke yield, and less harm
to health. The economic effect of the price of cigarettes is highly determined by the quality of
the tobacco used.”) Thus, the quality of the tobacco leaves is considered as a highly significant
factor that affects cigarette quality. The quality of tobacco is also highly affected by climatic
and cultivation environmental factors, including rainfall, temperature, soil, and geographical
position. Therefore, it is important to evaluate its quality to obtain reliable and accurate grading
results of different tobacco leaves. However, the quality evaluation of flue-cured tobacco leaves
is a rigorous task.

The quality evaluation of flue-cured tobacco leaves may vary from one country or even
one tobacco strain to another, but the general method and the external features of interest for
tobacco leaves are quite similar.*> Most of the evaluation standards have been established
mainly through human vision, which has strong subjectivity and fussiness. The quality
evaluation criteria for flue-cured tobacco leaves usually include color, size, shape, and
disfigurement of the leaves. While color is a very common feature of the tobacco leaves, it is
considered an important element, either for the grouping in the national tobacco classification
standard or the evaluation of flue-cured tobacco appearance quality. Despite this important
role, it has been a difficult task to give it an accurate and universal definition to understand the
differences between tobacco leaf colors. The subjectivity and error caused by the involvement
of human beings have been problems, making the color evaluation of tobacco leaves
unclear. Furthermore, it is expensive to train experts to discriminate color. In view of these
circumstances, color charts provide a simple, relatively inexpensive, and easily portable means
of color appraisal of tobacco leaves. Thus, it is necessary to develop a color chart for the color
evaluation of tobacco leaves. Employing a color chart for color evaluation can not only ensure
the consistency of color evaluation by grass-roots staff but also make the traditional method of
quality evaluation more objective and credible.

1.1 Related work

In the last few years, image analysis methods have become an important tool for the
automatic inspection and quality evaluation of agricultural products. Computer vision has
several advantages over chroma meters, such as lower cost, and the possibility of being used
for in-line inspection, and the capability of analyzing a larger area to provide spatial data, thus
eliminating the subjectivity of human criteria. Furferi et al.®) described a method for the rapid,
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automatic, and objective prediction of the Ripening Index (RI) of an olive lot. The method
integrated a machine vision system, capable of performing a color-based raw prediction of
RI, with an artificial neural network (ANN)-based algorithm to refine it. In this study, some
disadvantages of the RI evaluation technique, which are time-consuming, subjective (dependent
on expert skill), and dependent on environmental conditions, have been solved. At the same
time, modern instruments and technologies have been widely applied in the tobacco industry.
Specifically, image processing and computer vision for tobacco leaves quality control have been
significantly applied during the past few decades.”™ These applications showed that the use of
modern methods for the qualitative or quantitative analysis of tobacco leaves color is essential
for establishing an effective color chart.

Color analysis is one of the most effective approaches to the quality inspection of tobacco
leaves. This is because leaf color is closely associated with leaf pigments including the green
pigment (chlorophyll) and yellow pigment (lutein and carotene).!”) The variation in leaf color
thus reflects the change in internal leaf components and provides clues for the evaluation of leaf
quality. Up to date, many color-related research studies have been reported. However, most
of them focused on utilizing color as a technical feature for tobacco leaf classification. For
example, a two-dimensional feature space was proposed to express the color feature distribution
of tobacco leaves, and a ‘nearest-neighbor’ method was employed to classify tobacco leaves.!)
Ma and Wu'? employed fuzzy recognition methods to grade the tobacco by utilizing both color
and shape features. Garcia ez al.'? introduced the development of a virtual expert for the color
classification of tobacco leaves. Furthermore, some researchers focused on the quantitative
analysis of surface color for flue-cured tobacco leaves and its relationship with colorimetric
indices.!¥ A correlation equation between the color value of tobacco leaves and the positions
of leaf growth was established by analyzing color values and the appearance color variation
of tobacco leaves.'” Many methods have been presented to extract the color features. For
example, Jian er al'® presented a method whereby color feature values are quantified and
extracted by employing a color histogram. There are also some other works that have been
reported,m’zz) such as the automatic classification of flue-cured tobacco leaves based on
different algorithms and the feature analysis of different tobacco varieties of tobacco according
to different influential factors.

To the best of our knowledge, only a few research studies were related to the color
chart development of tobacco leaves. Although Japanese researchers used the color chart
for colorimetric comparison to decide the maturity of tobacco leaves,®? this was still a
qualitative method. The color chart is an important tool for the evaluation of tobacco leaf
color corresponding to a certain level. The color can be standardized and expressed in a way
similar to human vision using the color chart, and the color chart can solve the problem of
color reproducibility. However, until now, no such systematic method has been developed
to design a color chart system (CCS) for the tobacco industry. Therefore, a CCS is urgently
needed to achieve tobacco color quantification. In fact, the color chart has been applied in
other industries; for example, in Japan, fruit color charts were created by skillful craftsmen,
which were not quantized.?¥ A method of creating digital fruit color charts with shape and
color analyses was developed.®® Singh and Singh®® presented a method of comparing the
crop leaf color with the leaf color chart (LCC), but they did not explain how the color charts
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were designed. In this paper, we present a framework of CCS for flue-cured tobacco leaves
developed by employing an original leaf color from digital color images, which has three
characteristics: standardization, objectification, and quantification. The framework of CCS
developed in this paper can be applied to other industrial situations where color estimation is
required, such as in the food, agriculture, textile, construction, and jewelry industries.

1.2 Contribution

In this paper, a framework of the automatic color chart development system is proposed to
obtain a quantitative color chart and it is verified with flue-cured tobacco leaves. The CCS
is developed mainly to include three major parts, namely, the design of image acquisition
equipment, the color eigenvalue extraction, and the development of a color chart for tobacco
leaves. The design of each part of the CCS has its own characteristics and advantages, which is
explained in detail.

(1) The high-precision image acquisition equipment used for flue-cured tobacco leaves is
designed in this paper, which is different from traditional acquisition equipment. It was
equipped with CCD sensors that detect color information accurately. The acquisition
equipment improves the color accuracy by analyzing the color characteristics of flue-cured
tobacco leaves. The equipment has also been improved in terms of illumination robustness
and leaf stretch acquisition. In addition, the desired image can also be flexibly adjusted or
improved.

(2) A proportional threshold method is presented for feature color extraction, which has three
distinguishing advantages. Firstly, the measurement accuracy of characterizing digital color
eigenvalues is improved by reducing the impact of outliers. Secondly, it can reduce the
error caused by the uneven color of the tobacco surface, stems, and other factors. Thirdly, it
ensures that the real pixels of a flue-cured tobacco leaf are obtained by eliminating the color
values with less probability of occurrence and the image color is quantified.

(3) A digital color chart is created by employing the technology of color discrimination. In
this process, color grade analysis is conducted by employing the method of human visual
perception of the color of flue-cured tobacco leaves. Then, the difference between two
similar colors with low-level variations is determined according to the color difference
equation. Finally, a quantifiable objective characterization color charts is developed. The
color chart can express the color characteristics of tobacco leaves very well and guarantee
consistency of evaluation. Moreover, the color can be quantified with the color chart that is
helpful for a human to understand the tobacco color of different grades.

On the whole, the computer-vision-based CCS development method proposed in this paper
provides a novel way of designing a color chart, which can be extended to other industries.
Moreover, the advantages of CCS make it an effective tool for color characterization in research
fields such as cultivation technology, color classification, and quality evaluation. Meanwhile,
the color chart provides a new tool for the quantification of evaluation criteria of the flue-cured
tobacco leaves to facilitate the formation of an efficient and precise tobacco evaluation system.
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2. Materials and Methods
2.1 Sample and equipment
2.1.1 Equipment

The image acquisition system is an important part of CCS. It directly affects the
measurement accuracy. To reduce the color distortions in the image acquisition process
for flue-cured tobacco leaves, we proposed a single-chip implementation method based on
computer vision technology. The structure is shown in Fig. 1. Figure 1(a) shows the internal
structure and Fig. 1(b) shows the external structure of the image collection device. As shown
in Fig. 1(a), the scanner uses a CCD as a photosensitive element and the information obtained
needs to be transmitted to a CCD chip by an optical system consisting of a series of lenses,
mirrors, and a mobile light source. The advantage of the CCD is that the quality of the scanned
image is high, it has a certain depth of field, and it can scan uneven objects. This allows clear
scanning of the wrinkled tobacco. Moreover, the CCD has a low-temperature coefficient, and
the influence of ambient temperature changes can be neglected in the image collection process
for tobacco leaves. At the same time, the flatbed scanner adopts light-emitting diodes (LEDs)
as even and steady light sources, and it can not only enhance the robustness of the lighting
but also eliminate the need for special maintenance. Moreover, the even scanning speed of
the flatbed scanner ensures the uniformity of image quality. In addition, the scanner provides
many powerful, professional-level scanning capabilities through the ScanWizard Pro control
program. The Microtek Scanner international color consortium (ICC) Profiler (MSP) program
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Fig. 1. (Color online) Structure diagram of image acquisition equipment. (a) Internal and (b) external.
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allows users to calibrate the scanner and produce appropriate ICC color profiles to ensure color

consistency and accuracy. ScanWizard Pro also has a batch scanning feature that can generate

and manage “up-and-down” batch scanning tasks, which greatly improves the working process.

The image acquisition process mainly consists of five parts: sample rewetting and flattening
pressure, scanner device connection, scanner parameter setting, image acquisition, and
picture saving. To facilitate the smooth operation of the batch work, it is necessary to do some
preparatory work before the image collection of tobacco samples, such as removing the badly
damaged samples and returning the samples to their original moisture and flattening pressure.

Furthermore, the image acquisition was conducted in the laboratory with constant temperature

and humidity.

There are several advantages of flatbed scanner for digital image acquirement are as follows:

(1) The flatbed scanner adopts LEDs as even and steady light sources, and it can enhance the
robustness of the lighting without any special maintenance. At the same time, the even
scanning speed of the flatbed scanner ensures the uniformity of the image quality.

(2) The pedestal device of the flatbed scanner has been used to improve the stretchability
of the leaves, so that we can collect more useful information. The scanner with stable
specifications improves the reproducibility of the image.

(3) The flatbed scanner is specially developed with high resolution. It is not only good for
capturing the true-color image of the leaf but can also better preserve the leaf information.

2.1.2 Sample Information
The samples were collected from five regions of Yunnan province of China in 2016, namely,

Xundian, Shilin, Yiliang, Luquan, and Anning as marked in Fig. 2. There were several
subregions in a certain area with diverse planting environments, and detailed information is

Fig. 2. Locations of the tobacco planting regions in Yunnan Province of China.
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shown in Table 1. In addition, according to the Chinese grading criteria for flue-cured tobacco
leaves,?”) the tobacco leaves were graded on the basis of the position at which they grew on
stalks and their hue. Three position categories were identified, namely, lugs (X), cutters (C),
and leaf (B;), corresponding to the lower, middle, and upper portions of a stalk, respectively.
[The subscript 1 is used here to distinguish B; from B (blue).] Three hue categories, i.e., lemon
(L), orange (F), and red-brown (R), were specified. The groups were formed by combining the
position and color categories as below: lugs lemon (XL), lugs orange (XF); cutters lemon (CL),
cutters orange (CF); leaf lemon (B;L), leaf orange (B:F), and leaf red-brown (B;R). Each group
was further divided into three, four, or more grades on the basis of the chroma, hue uniformity,
and other characteristics. However, owing to the lack of red-brown tobacco leaves, we only
employed tobacco leaves of two color gamut, namely, lemon and orange, which included one to
five grades based on the chroma with five samples of tobacco leaves in each of grades.

2.2 Image preprocessing of flue-cured tobacco leaf

To eliminate irrelevant information and retrieve essential information, we need an efficient
and effective image segmentation method, which is the initial but important step in image
analysis to gather more necessary information. In this paper, the median filter was used to
eliminate slight fluctuations caused by noise and made the detection more robust. Then,
the region of interest of the image was determined by using the threshold method in order to
obtain the key part of a flue-cured tobacco leaf for further color analysis, and it was necessary
to remove interference of the image background. Image segmentation was used to break up
an image into some meaningful portions. In this section, the well-applied threshold-based
segmentation was introduced to turn a gray-scale image into background/foreground for
background segmentation.

A threshold segmentation method based on RGB monochromatic channel was adopted
for background segmentation. First, the original RGB color image was transformed into the
corresponding red (R), green (G), and blue (B) channel grayscale image, and the histograms of the R,

Table 1
Sample information of each region.

Subregion Region Soil type Elevation (m) Subregion Region Soil type  Elevation (m)

01 Xundian Red soil >2000 13 Shilin Red soil >2000

02 Xundian Red soil 18502000 14 Yiliang Red soil 1650-1850
03 Xundian Red soil 18502000 15 Yiliang Red soil 1650-1850
04 Xundian Red soil  1850-2000 16 Yiliang  Paddy soil 1850-2000
05 Xundian Red soil >2000 17 Yiliang Redsoil  1850-2000
06 Xundian Red soil >2000 18 Luquan  Paddy soil 1650-1850
07 Xundian  Paddy soil >2000 19 Luquan  Purple soil >2000

08 Shilin Paddy soil  1650-1850 20 Luquan  Purple soil >2000

09 Shilin Purple soil  1650-1850 21 Luquan Redsoil  1850-2000
10 Shilin Paddy soil  1650-1850 22 Luquan Redsoil  1850-2000
11 Shilin Redsoil 18502000 23 Anning  Paddy soil  1850-2000

12 Shilin Purple soil >2000
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G, and B channels of the tobacco leaf were calculated separately [Fig. 3(a) shows the histogram
of each monochromatic channel]. Then, the peak-valley method was utilized to determine
the best threshold value of each channel, and background segmentation was conducted for
each monochrome channel. Figure 3(b) shows the results of background segmentation of
the R, G, and B images. From the figure, the best experimental results were obtained from
the B monochrome channel. Therefore, we employed background segmentation based on B
monochrome for all images. Figure 3(c) shows the result of the background segmentation of a
leaf image based on the B monochrome channel.

2.3 Digital feature color representation of flue-cured tobacco leaf

The color of the tobacco leaves depends on the color of each pixel in the blade area, and
each pixel of the image is represented by R, G, and B color channels. Furthermore, the feature
color representation will directly affect the correctness and reliability of subsequent analysis.
Thus, how to extract the digital feature color that can reflect the overall color characteristics
of a tobacco leaf has great significance. At present, the methods available for feature color
extraction of flue-cured tobacco mainly included the method of using a color measurement
instrument and the method of averaging the values of all pixels. However, color measurement
was only for a specific part of the flue-cured tobacco leaf and lacked consideration of overall
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Fig. 3. (Color online) (a) Monochrome histogram for R, G, and B channels. (b) RGB threshold segmentation. (c)
Segmentation result based on B channel on leaf image.
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color information. The method of averaging was susceptible to outliers and reduced the
representativeness of extracting color parameters.(zg)

In this paper, an efficient method called proportional threshold algorithm was proposed for
the feature color representation of a single flue-cured tobacco leaf. Firstly, the probability of
each gray level appearing in each monochromatic channel in an image was calculated. The
horizontal coordinate was the gray level of each pixel point in the image, and the ordinate was
the probability of the occurrence of this gray level (Fig. 4). The characteristic colors were
selected on the basis of the accumulated contribution rate, which was computed on the basis
of the monotonic decrease in the histogram by thresholding (e.g., 2/3), and the average of the
corresponding color value was utilized to represent the feature color of the leaf. The feature
color representation for a single leaf was equivalent to the average of the color values in the red
box (Fig. 4). Figure 4(a) shows the histogram distribution of colors in a leaf image without the
background and Fig. 4(b) shows the histogram sorted in monotonically decreasing order.

The origin of the proportional threshold method is explained as follows. Let the gray value
of the monochrome channel be defined as

g=(gpgrg) (0<i<255). )

The probability value from large to small is as follows:

&g 0¢? Pmax>
gﬁl € Pmax-1>
()]
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Fig. 4. (Color online) Histogram of color distribution.
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where g ; represents the gray value, and p; is the probability of the gray value g ;, for
i=0,1,2, ---,n (0<n<255).
The cumulative contribution rate formula is as follows:

pmax+pmax—l+'“+pi2§a (3)

where J is the threshold ranging from 0 to 1. The smaller the J value is, the less color
information is retained; when 6 = 1, all the color values are kept for feature color calculation.
In this paper, the threshold ¢ is set to 2/3 by considering two aspects: (1) convenient for noise
reduction and (2) consistent with the human visual assessment criterion. The vein and damaged
part of the leaf were not necessary for feature color representation, and they can be mostly
eliminated by threshold setting. As the color of a leaf sample is not uniform, human experts
assess the color according to the major leaf color, which is usually more than half of a leaf.
Then, the feature color of the leaf G is calculated as

6=mean(g70+gil+---+gil). “)

In the formula, g o, g 1, .., g ; are determined by Eq. (3), representing the color values
corresponding to the probability. In this paper, the digital feature color of a flue-cured tobacco
leaf is extracted by this method. Details of the experiment are given in Sect. 3.1.

2.4 Digital color chart development

The color representation of a tobacco leaf is expressed through the common characteristics of
a large number of samples of homologous tobacco leaves, and the benchmark of the color chart
is the color range of the batch tobacco samples. It is important to extract the representative
color for color groups in CCS development.

2.4.1 Color value sorting

In the digital image, the well-known colorimetric psychology can reflect the depth of color
to a certain extent. In the same color system, the smaller the gray value is, the darker the color
is. The expression is defined as

Gray =0.299xR+0.587xG+0.114x B, ®)

where R, G, and B are the pixel grays in three components (red, green, and blue), respectively.
In this paper, the color values based on the HSV color space were extracted. To obtain the
colorimetric psychology formula based on the HSV color space, we need to achieve the
conversion formula between the RGB color and the HSV color. The HSV coordinates can be
transformed from the RGB space easily. The formulas for hue (H), saturation (S), and value (V)
are
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arccos ((R_G)+(R_B))/2 , if (B<G)

(R-G)’ +(R-B)(G-B)

H =
360 — arccos ((R_G)+(R_B))/2 , if (B>G)
J(R=GY* +(R-B)(G-B) ©)
max(R,G,B)—min(R,G,B)
) max (R,G, B) ’
maX(R,G,B)
255 7

where max(R,G,B) is the maximum value of R, G, and B and min(R,G,B) is the minimum value of R,
G, and B.

The colorimetric psychology based on HSV color space is obtained by combining Egs. (5)
and (6):

Gray" =255xV x(1-0.701x 8 —3.522x H x §). ™

According to the color characteristics of the sample of flue-cured tobacco leaf, the color was
mainly limited to the range of lemon and orange. Therefore, the synthetic color blocks derived
from the flue-cured tobacco samples were sorted in order from light to dark according to the
colorimetric psychology formula [Eq. (7)].

2.4.2 Color difference discrimination

Evidence supports that the color discrimination ability of the human visual system is
different among individuals, owing to the different cognitions of different color gamuts.?”
Therefore, it is necessary to determine the color difference threshold that can be resolved
visually for human vision between two adjacent patches in the color range of lemon and orange.
To quantitatively evaluate the difference in color perception, a color difference formula was
designed to calculate the difference between similar colors with low-level variations, which had
strong agreement with human perception. The Lab color space was utilized for color difference
measurement. Lab color space can describe existing colors well and achieve uniform color
distribution. The color differences can be measured on the basis of distance. The total color

difference between two samples can be calculated as

Brightness difference: AL = L'; - L',
Chromaticity difference: Aa” = a”, —a*,, ®)
Ab* = b*l - b*z,
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Total color difference: AE™ ;, = (AL*)2 + (Aa*)2 + (Ab*)2, ©)

where L*) and L*; represent the brightness values of two flue-cured tobacco samples. «*; and
a*; represent the chroma values ranging from red to green of two flue-cured tobacco samples.
Similarly, b*; and b*; represent the chroma values ranging from yellow to blue of two flue-
cured tobacco samples.

It can be found from Eq. (9) that the total color difference varies with the changes in Aa*,
Ab*, and AL*. Since the color range of flue-cured tobacco in this paper had been limited to
lemon and orange, it was less affected by Aa™ and Ab*, while AL* has greater influence. We
will confirm the color threshold from two aspects of the simultaneous changes in Aa* and Ab*,
or the change in AL* alone. More importantly, in this process, we need to obtain the L, a, and
b values from the H, S, and ¥ values by using the conversion of color space. Then, the color
threshold was determined according to Eq. (9). The color difference threshold was the basis of
color discrimination, and it was applied to the sorted color blocks obtained in Sect. 2.4.1.

3. Results and Discussion
3.1 Tobacco leaf color synthesis

The HSV system is a perception-oriented nonlinear color space. Color information is
represented by hue and saturation values in the HSV color space. The extent of the color
brightness of an image is determined by the amount of light. Hue represents basic colors and is
determined by the dominant wavelength in the spectral distribution of light wavelengths. It is
the location of the peak in the spectral distribution. Saturation refers to the color depth, which is
indicated by a fraction, ranging from 0 to 1, and signifies the amount of white light mixed with
the hue. It is the height of the peak relative to the entire spectral distribution. Color brightness
is also indicated by a fraction, ranging from O to 1. The human vision system can distinguish
different hues easily, whereas the perception of different intensities or saturation does not mean
the recognition of different colors. The HSV color space is more intuitive to the human vision
owing to its good capability of representing the colors of human perception. HSV can sense
the change in color channel independently, and more information can be retrieved from the
HSV color space. Therefore, the color of the HSV color space is adopted in the experiments.
Moreover, the color synthesis results of different subregions, different positions of the leaf, and
different color grades were evaluated.

In this part, samples of the leaf (B;) were collected from six subregions in Shilin. The
original images and the color of the synthesis results are shown in Table 2. The last row in
the table is represented by the hexadecimal color code. It is generally prescribed that each
color intensity in RGB has a minimum of 0 and a maximum of 255, and it is expressed in the
form of six hexadecimal digits; each pair represents a color channel. 255 corresponds to the
hexadecimal FF and puts the values of three color channels at the beginning of “#”, which is
the hexadecimal color code. For example, the color value “#FF0000” is red, because red has
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Table 2
(Color online) Color synthesis of HSV color space for different subregions.

Sample source  Subregion 8 Subregion 9 Subregion 10  Subregion 11  Subregion 12 Subregion 13

Original image

Color value #BD9145 #CFAF55 #D2AC4C #C39545 #DDB756 #D3A949

reached the highest “FF” value (255 in decimal), and the remaining two color intensities are
zero. The results showed that the color of the synthesis in the HSV color space was similar
to the physical color of the tobacco leaves in each subregion (as shown in Table 2), and the
subregion played a significant role in the color change of tobacco.

To gain insight into the reliability of the color values, samples from different positions were
selected and the color synthesis was conducted. Table 3 indicates the color synthesis results
of different positions of tobacco leaves. It can be seen from Table 3 that the color synthesis
of tobacco leaves in different positions also obtained good results. Each position of the color
synthesis effects can be a genuine and reliable reflection of the physical color of the original
sample.

Different grades of flue-cured tobacco leaves reflect the degree of color depth. In this
section of the experiment, the samples of flue-cured tobacco leaves that are consistent with all
factors other than the color grade varied from light to dark. The comparison results are given
in Table 4. Obviously, as grade changes from one to four, the corresponding colors also varied
from light to dark. The synthesis results of feature color also reflected the gradual change in
color and the grades had a comparatively weak impact on the color of tobacco.

The observed results are summarized in three points: (1) The scanned leaf images are
represented quantitatively by certain color values, which made color analysis more convenient.
(2) It was practical to apply the 2/3 proportional threshold method in the HSV color space for
feature color extraction, which can improve the accuracy and the authenticity. (3) The results of
the color synthesis also truly expressed the color of the original samples, and the effect of each
factor on the color change can also be well reflected in the color synthesis.

3.2 Color threshold setting

In this section, the minimum chromatic aberration of human visual discrimination between
adjacent leaves in the color gamut of flue-cured tobacco leaves was embedded from two aspects
of the simultaneous changes in Aa* and Ab* or the change in AL* alone.?” In order to conform
to the acceptable color difference of most people, the color difference threshold of human
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Table 3
(Color online) Color synthesis of HSV color space for different positions.
Sample source Leaf (B)) Cutters (C) Lugs (X)

Color synthesis

Original image ‘ ‘ ‘

Color value #BD9145 #D2AES0 #D5B25B

Table 4

(Color online) Color synthesis of HSV color space for different grades.

Sample source Grade 1 Grade 2 Grade 3 Grade 4

Original image

Color synthesis

Color value #D7B352 #D2AC4C #DOAS50 #C89E4B

vision was determined to be four when Aa* and Ab* were simultaneously changed and the color
difference threshold of human vision was determined to be two when AL* alone was changed.
The experimental results are shown in Fig. 5. Figure 5(a) shows the changes in AL* and Fig.
5(b) shows the changes in Aa* and Ab*. Clearly, the color change between two color blocks was
perceptible, which indicated that the color threshold was acceptable. The reason why the result
in Fig. 5(b) was not sufficiently clear was that the color range in this paper has been limited to
lemon and orange, which were less affected by Aa* and Ab*.

3.3 Development of tobacco digital color chart

Color charts provide a simple, relatively inexpensive, easily portable means of color
appraisal. Color charts can be used as the standard of the color group classification, which can
improve the ability of color perception, and the directionality of industrial formula of different
colors of tobacco leaves in each producing area can be clarified. Therefore, to overcome the
error caused by different levels of mobility classification, a series of color charts for flue-cured
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Color L/a/b Color L/a/h
20, 4, 49 74,16, 52
78, 4, 49 74,13, 83
T, 4, 49 74,10, 54
T4, 4, 49 T4, 7,55
T2, 4, 49 T4, 4, 56
@) (b)

Fig.5  (Color online) Results of color threshold setting. (a) L changes alone and (b) a and b simultaneously change.

tobacco was developed in this study. In this section, the colorimetric psychology method and
color difference methods (Sect. 2.4) were employed to analyze the tobacco leaf samples from
different regions of Kunming and synthesize corresponding digital color charts, so as to verify
the feasibility of the method. According to the color gamut of flue-cured tobacco leaf samples,
we developed the corresponding color chart of flue-cured tobacco leaves for lemon and orange.

3.3.1 Color sorting

The flue-cured tobacco samples were collected from Xundian, Shilin, Yiliang, Luquan,
and Anning. First, the proportion threshold method was adopted to extract the color values in
HSV color space. Then, the three values of HSV were converted into a gray value by exploiting
the colorimetric formula [Eq. (7)]. Finally, the color composite blocks were sorted from light
to dark according to the gray value. The experimental results showed the information about
regions, positions, and color grades. Details of the experimental results are shown in Fig. 6
(SubR is the abbreviation of the subregion). It can be found that most of the color blocks have
been arranged from light to dark, which was identified with the visual perception of depth. The
experimental results indicated that the method of applying the colorimetric formula to color
sorting was reliable. It should be pointed out that it was still difficult to perceive the color
transition between some color charts in the visual range, although fairly satisfying results have
been achieved. Therefore, to make it more realistic and reasonable, we employed the color
discrimination method described in Sect. 2.4.2 on the color chart for further analysis.

3.3.2 Color chart development

We employed the conclusions of color threshold drawn in Sect. 3.2 for the development of
the color chart obtained in Sect. 3.3.1. One of them was removed when the color difference
between adjacent blocks was less than the color threshold. Then, the color charts were created
by filling the shapes of the leaf with different colors. The completed color charts with leaf
shape and color information are shown in Fig. 7, which were created by the colorimetric color
discrimination method. Figure 7 shows that the color block appeared significantly reduced
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Color synthesis of Xundian (From light to dark)
Leaf (By) Cutters (C) Lugs (X))
Lemon Lemon Lemon
SubR_7 Grade 1 -#DCB44E SubR_1 Grade 1 #E7C45B SubR 7 Grade 1
SubR_6 Grade 1 #D7B454  SubR_2 Grade 1 #DDBB57  SubR S Grade 1
Orange Orange SubR_7 Grade 2
SubR_1 Grade 1 #DFBBS7  SubR_S Grade 1 #E0BBSA  SubR 3 Grade 1
SubR_6 Grade 2 #DOB6S8  SubR_7 Grade 1 #DFBB50  SubR_1 Grade 1
SubR_2 Grade 1 #D7B149  SubR_3 Grade 1 #E0BBS0  SubR 2 Grade 1
SubR_6 Grade 3 #D6B0S1  SubR_7 Grade 2 #EOBASS Orange
SubR_S Grade 1 #D7AFS0  SubR_1 Grade 2 #DBB65B  SubR 5 Grade 2
SubR_4 Grade 1 #D6AF4D  SubR_7 Grade 3 #DFBG4E ~ SubR S Grade 3
SubR_1 Grade 2 #D4AES2  SubR 4 Grade 1 #DAB657  SubR_1 Grade 2
SubR_7 Grade 2 #DSAD4S  SubR_1 Grade 3 #DOBS55  SubR 7 Grade 3
SubR 2 Grade 2 #D4AD4C  SubR_S Grade 2 #DOB355  SubR 3 Grade 2
SubR_3 Grade 1 #DSB0S6  SubR_2 Grade 2 #D7B356  SubR 6 Grade 1
SubR_S Grade 2 #D3A04B  SubR_2 Grade 3 #D8B254  SubR 3 Grade 3
SubR_4 Grade 2 #CCAS4C  SubR_S Grade 3 #DAB1S1  SubR_1 Grade 3
SubR_7 Grade 3 #CFA343  SubR_3 Grade 2 #DSB24F  SubR 5 Grade 4
SubR 2 Grade 3 #CBA244  SubR_4 Grade 2 #D8B24C  SubR 4 Grade 2
SubR_S Grade 3 #CBOE43  SubR_7 Grade 4 #DFBG4E  SubR_7 Grade 4
SubR_6 Grade 4 #CTOF48 SubR_3 Grade 4 #DOAF4B  SubR 6 Grade 2
SubR_4 Grade 3 #C89F46 SubR_S Grade 4 #DTJAF4C  SubR 6 Grade 3
SubR_4 Grade 4 #D4AD4E SubR 2 Grade 2
SubR_1 Grade 4 #D3ACS1  SubR 3 Grade 4
SubR_2 Grade 4 #D3AC4D  SubR 2 Grade 3
SubR_3 Grade 3 #DSAC45  SubR_1 Grade 4
SubR_4 Grade 3 #D3AC4A  SubR 3 Gmade 5
SubR_2 Grade S #DIAO48  SubR 7 Grade 5
SubR_2 Grade S #CDA44B  SubR 4 Grade 3
SubR_4 Grade 4
(@)
Color synthesis of Shilin (From light to dark)
Leaf (By) Cutters (C) Lugs (X)
Lemon Lemon Lemon
SubR_12 Grade 1 -#D9B656 SubR_12 Grade 1 #DFCI6E  SubR_10 Grade 1 £E2C4TB
SubR O Grade_1 #D)AFS4  SubR_12 Grade 2 #E0C066 SubR_12 Grade 2 #E4C46A
Orange SubR_13 Grade_1 #DBBF67  SubR_12 Grade 1 #E2C367
SubR_12 Grade 2 #DDB756  SubR_10 Grade 1 #DCBC67  SubR_8 Grade 1 #D2B269
SubR_10 Grade_1 #D7B352 Orange Orange
SubR O Grade 2 #CFAFSS  SubR_13 Grade 2 #DDBASE  SubR O Grade 1 #EICI6E
SubR_13 Grade_1 #DSAC47  SubR_12 Grade 4 #DFBO52 SubR_10 Grade 2 #DFBF6C
SubR_10 Grade 2 #DJAC4C  SubR_10 Grade 2 #DBBSSB  SubR_13 Grade 1 #DFBET1
SubR_13 Grade 2 #D3A040  SubR_12 Grade 3 #DBB753  SubR_12 Grade 3 #EDBF61
SubR_10 Grade 3 #D0ASS0  SubR_11 Grade 1 #DCBS56  SubR_10 Grade 3 #DFBD66
SubR O Grade 3 #COAS4E  SubR_ 8 Grade 1 #DTB458 SubR_13 Grade 2 #DEBB64
SubR_12 Grade 3 #CCA444  SubR O Grade 1 #DTB252 SubR_11 Grade_1 #E0BBSA
SubR_8 Grade_1 #C8A146  SubR O Grade 2 #DTB0S6 SubR_11 Grade 2 #DFBAS6
SubR_10 Grade 4 #CS0F4B  SubR_13 Grade 3 #DGAFS1 SubR_10 Grade 4 #DCBOSB
SubR_13 Grade 3 #CAOD44  SubR_13 Grade 4 #DSAF4D  SubR O Grade 2 #DAB764
SubR_11 Grade 3 #C50B43 SubR_11 Grade 2 #DSADS2  SubR_13 Grade 3 #DAB456
SubR O Grade 4 #C50A47 SubR_10 Grade 3 #D3AES2  SubR_11 Grade 3 #DBB44E
SubR_11 Grade_1 #C49746 SubR_8 Grade 2 #D2AES0  SubR_ O Grade 3 #D7B356
SubR_11 Grade 2 #C30545 SubR_9 Grade 3 #CFAAS0  SubR_8 Grade 2 #D5B25B
SubR_8 Grade 2 #BDO145 SubR_8 Grade 3 #D3AB4E  SubR_8 Grade 4 #D1ACS4
SubR_10 Grade_4 #D0AOS4 SubR_12 Grade 4 #D3AC4B
SubR_11 Grade 3 #CDA14B  SubR_8 Grade 3 #CFABSA
SubR_8 Grade 4 #CAA145
(b)
Fig. 6. (Color online) Color synthesis of different color gamuts in various regions: (a) Xundian, (b) Shilin, (c)

Yiliang, (d) Luquan, and (¢) Anning.
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Color synthesis of Yiliang (From light to dark)

SubR_16 Grade 1
SubR_17 Grade 2
SubR_17 Grade 1
SubR_15 Grade 1

SubR_16 Grade 2
SubR_17 Grade 3
SubR_17 Grade 4
SubR_16 Grade 3
SubR_14 Grade 1
SubR_14 Grade 2
SubR_17 Grade 5
SubR_14 Grade 3
SubR_16 Grade 4
SubR_15 Grade 2

Lugs (0

dark)

Leaf ( By) Cutters (C)
Lemon Lemon
SubR_15 Grade_1 #D3B25B SubR._17 Grade_1 #DCBBG2
SubR_17 Grade_1 #CEAQ50 SubR._15 Grade_1 #D6B665
Orange Orange
SubR_16 Grade_1 #DOB558 SubR._16 Grade_1 #DEBDGA
SubR_16 Grade 2 #D3AD4D SubR._14 Grade_1 #DDBY64
SubR_15 Grade 2 #CDAOST SubR._16 Grade 2 #DABO61
SubR_17 Grade 2 #D0OAT49 SubR._16 Grade 3 #DBB65D
SubR_16 Grade 3 #CEAS48 SubR._14 Grade 2 #DBB553
SubR_15 Grade 3 #CTADS0 SubR._17 Grade 2 #DOB556
SubR_15 Grade 4 #CTOF50 SubR._15 Grade 2 #D4B159
SubR_17 Grade 3 #CT9D47 SubR._17 Grade_3 #D4AC50
SubR_14 Grade_1 #(C30846 SubR._17 Grade_4 #D5SAC49
SubR._14 Grade_3 #D3AB4D
SubR._15 Grade 3 #CAAGS3
SubR._15 Grade 4 #COA151
©
Color synthesis of Luquan (From light to
Leaf (B, ) Cutters (C)
Lemon Lemon

SubR_20 Grade_1 #DFBDSD  SubR_20 Grade 1
SubR_20 Grade 2 #DOB655 SubR_20 Grade 2
SubR_19 Grade_1 #D5B256 SubR_18 Grade 1
SubR_18 Grade_1 #DABO4E SubR_21 Grade 1
SubR_10 Grade 1
SubR_21 Grade_1 #DSB14D  SubR_I8 Grade 1
SubR_21 Grade 2 #DGAD4C  SubR 22 Grade 1
SubR_22 Grade_1 #DIACSS
SubR_18 Grade 2 #DIAB40 SubR_20 Grade 3
SubR_19 Grade 2 #D0A0S3 SubR_21 Grade 2
SubR_10 Grade_4 #CEAO4E SubR_21 Grade 3
SubR_19 Grade_3 #CDAT50 SubR_20 Grade 4
SubR_21 Grade_3 #D1A547 SubR_10 Grade 2
SubR_18 Grade_3 #COAD4A  SubR_IS8 Grade 3
SubR_22 Grade 2 #CTOF4C SubR_21 Grade 4
SubR_19 Grade_5 #C6A049 SubR_10 Grade 3
SubR_22 Grade_3 #C20740 SubR_18 Grade 4
SubR_18 Grade_4 #C00645 SubR_22 Grade 2
SubR_22 Grade 3
SubR_I8 Grade 5
SubR_22 Grade 4

#E2C365
#E1BF62
#EOBD60
#DFBC59
#DABB61
#DBBS85B
#D4B361

#E2C05D
#EOBC54
#DFBAS6
#DDBAS4
#DABO60
#DBBT756
#DBB451
#DB8B455
#D8B253
#D4AES3
#DO0AB54
#D0AA4D
#DOAGA

SubR_21 Grade_1
SubR_21 Grade 2
SubR_20 Grade_1
SubR_20 Grade 2
SubR_18 Grade_1

SubR_20 Grade 3
SubR_21 Grade 3
SubR_21 Grade 4
SubR_18 Grade 2
SubR_19 Grade_1
SubR_21 Grade 5
SubR_20 Grade 4
SubR_18 Grade 4
SubR_18 Grade 3
SubR_10 Grade 2
SubR_22 Grade 2
SubR_19 Grade 3
SubR_19 Grade 4
SubR_22 Grade 4

Lugs (0

#ETC86D
#EBCT65
#E3C56E
#E1C162
#DEBC67

#E5C360
#E3C060
#E2BD5B
#DFBASA
#DBBBSF
#DFB958
#DCB95A
#DCB859
#DCB858
#DOBG658
#DBBS55E
#DTB556
#D6B154
#D3AD59

@

Color synthesis of Anning (From light to dark)

Leaf (B, ) Cutters (C)

Orange Orange
Grade 1 #D3B256 Grade 1 #DBB760
Grade 2 #CDAG4A Grade 2 #DSAF53

Lugs )
Orange

Grade 1 #DFBE71
Grade 2 #E2C06F
Grade 3 #DDB362

©

Fig. 6. (continued).
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Fig. 7. (Color online) Color charts of different color gamuts in various regions: (a) Xundian, (b) Shilin, (¢) Yiliang, (d)
uquan, and (e) Anning.
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Fig. 7. (continued).

and the gradient between adjacent blocks can be clearly perceived. On the one hand, the color
of tobacco is faithfully expressed. On the other hand, the color chart developed had the color
and shape information so that real tobacco can be easily imagined from it, which was good for
tobacco color evaluation. The color charts produced by applying HSV color space in this paper
not only had a high ability of color representation, but also each color block was marked with
corresponding color information that allowed the color charts to be reproduced.

3.4 [Evaluation of the developed tobacco digital color chart

In this section, we are trying to verify the reasonableness and naturalness of color
representation of our developed color chart. The color chart of Xundian region [Fig. 7(a)] for
leaf (By), cutters (C), and lugs (X) position of the tobacco leaf was chosen in the experiment.
A panel of 12 assessors with normal vision were organized to conduct ranking experiment for
color blocks for two rounds. The experimental data were analyzed by Spearman correlation
coefficient (SCC),®? which could evaluate the individual performance of ranking. The SCC is
calculated by

6> d?
}/szl_m’ (10)

where p is the number of color blocks in ranking, d; is the difference between the two rankings
for block i, i.e., theoretical rank and rank order provided by an assessor. The value of SCC is
within O to 1. The larger the SCC is, the higher agreement between the two rank orders. The
smallest coefficient of all the assessors is illustrated in Table 5. The SCCs of the leaf (By),
cutters (C), and lugs (X) position were 0.93, 0.95, and 0.95, respectively, which is highly beyond
the corresponding threshold of 0.881 (when a = 0.01). It could be inferred that high agreement
was made between the color chart and the color blocks ranked by assessors, hence the color
chart satisfied the human’s visual perception effectively.
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Table 5

Ranking results for color blocks from Xundian.
SCC Leaf (B;)  Cutters (C) Lugs (X)
Vs 0.93 0.95 0.95

16 33.9% 33.3% 31.0% 32.7% 28.8%
A A [

12— { .’ , !

average discrimination rate

S N A~ O

Xundian Shilin Yiliang Luquan Anning

Before ®After

Fig. 8.  (Color online) Average correct discrimination rates before and after color chart training.

More experiments were designed to evaluate the effectiveness of color chart to enhance the
assessors’ ability of color discrimination. We selected 15 tobacco leaf samples from five diverse
regions, namely, Xundian, Shilin, Yiliang, Luquan, and Anning. A panel of 12 accessors with
normal vision was organized to distinguish color range from lemon to orange. The experiments
contained three steps. First, the panel judged all the tobacco leaf samples by color range,
and the correct discriminated samples were summarized. Second, all the accessors were
trained to use the developed color chart, so that they learned the different color representation
characteristics between color ranges and regions. Third, the assessors distinguished the same
tobacco leaf samples as step one. The summary of the experimental results is shown in Fig.
8, which lists the average correct discrimination rates for samples of the panel before and after
color chart training.

It could be seen that the correct discriminative rate increased by more than 30%, i.e., 33.9%
(Xundian), 33.3% (Shilin), 31.0% (Yiliang), 32.7% (Luquan), and 28.8% (Anning). It strongly
demonstrated that the color chart could enhance the assessors’ color discriminative ability
for tobacco leaves from different regions. Therefore, the developed color chart has practical
significance to improve the color perception ability and provide color-based standards for
tobacco leaves.

4. Conclusions

On the basis of the CCS developed in this work and the foregoing results and discussion, the
following conclusions can be drawn:
(1) Given the development of computer vision technology, an acquisition device based on
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electronic sensors has been developed, which can improve not only the illumination
robustness and leaf stretch acquisition, but also the image quality.

The traditional method of feature color extraction is hard to fully represent the color
information of tobacco leaves. We proposed a proportional threshold method, and then three
monochromatic channel values of HSV color space were selected to represent the color of
flue-cured tobacco leaves. The results demonstrated that the HSV color space was suitable
for expressing the color of flue-cured tobacco leaves. At the same time, the proportional
threshold method showed its superiority and reliability.

The color charts in this paper can highly represent colors; thus, they can provide color-based
standards. The color chart of flue-cured tobacco is beneficial for improving the perception
of different grades of color and reduce the grading training of a professional panel, which
has certain economic significance and practical value for the development of the tobacco
industry. In addition, the color chart of flue-cured tobacco is a novel tool in the field of
agriculture for the tobacco industry.
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