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Abstract: Hardwood is widely used in the surface decoration of furniture and wood products due to
its rich texture and durable surface, and the improvement of wood grain images is vital to promote
the aesthetics of wood surfaces. In order to restore the Gaussian distribution of distorted wood
grain images and reproduce a sharp and clear wood surface, a Gaussian histogram specification
algorithm based on the constant mean and variance values of red (R), green (G), and blue (B), and
an adaptive color adjustment algorithm based on the color extension of R, G, and B histograms was
proposed, respectively. Objective evaluation methods of histogram distribution, colorfulness index,
contrast index, and sharpness index were used independently to evaluate the visual effect of the
images processed by the two algorithms. Objective and subjective evaluation results showed that
although the Gaussian method had only a small influence on the visual effect of hardwood grain
images, it could restore the distorted images by repairing the irregular color points to weaken the
adverse impact on visual impression. Meanwhile, extra attention should be paid to the processing
of images with prominent uneven color transitions, because the Gaussian method might have an
imperceptible smoothing or enhancing effect. The adaptive color adjustment method had a favorable
enhancement effect on most hardwood grain images. However, the color extension coefficients of the
over-enhanced images should be reduced to eliminate overcompensation and color shift. Compared
with the traditional enhancement method unsharp mask (USM) and the methods designed for
sand-degraded images and underwater images, the proposed adaptive color adjustment at the
1.5 coefficient could effectively enhance the images from the perspective of wood grain visibility and
color retention.

Keywords: hardwood grain; image restoration; image enhancement; Gaussian histogram specification;
adaptive color adjustment; visual effect

1. Introduction

Surface decoration methods of wood products are becoming dependent on wood grain
images, especially 3D wood texture printing on board surfaces [1]. A wood grain image is
generally obtained through high-quality image acquisition equipment; hence it belongs to
natural images (NI), whose pixel intensity follows the Gaussian distribution [2]. Because of
the instability of image acquisition equipment and other factors, the image quality of wood
grain is apt to degrade, and the pixel intensity of the distorted images does not always
follow the Gaussian distribution. For instance, noise is typically strongest in the B (blue)
channel of an image [3], and disobeys the Gaussian distribution. Therefore, when it comes
to the digital printing of wood grain images, image enhancement approaches like output
sharpening are essential to produce a satisfactorily clear wood surface [4]. As a result, the
restoration and enhancement of wood grain images are vital to promote the aesthetics of a
wood surface.

Currently, most image restoration and enhancement methods concentrate on under-
water images [5–7], haze images [8,9], or sand-dust images [10,11] because of the poor
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image acquisition environment. As the vision sensor works in a low-light environment
and the imaging quality is vulnerable to water, fog, and dust, image distortion such as
colorfulness reduction, contrast change, degradation, noise contamination, and blur always
occur. However, because the acquisition of wood grain images is normally carried out
in a clean and static environment, these methods are not applicable to the wood images.
Therefore, only a few studies exist which focus on the restoration and the enhancement of
wood grain images [12,13].

There were also plenty of studies about image quality assessment (IQA) [14–16], but
only a few of them reported on wood images. Rajagopal et al. [16] proposed a wood No-
reference IQA (WNR-IQA) metric to assess the quality of wood images, and yet the metric
was based on grayscale images. The analyses on wood images are usually performed to
realize color classification, texture recognition [17], and wood species identification [18,19].

In order to restore the distorted wood grain images by approximating the Gaussian
distribution of natural images (NI), a method of Gaussian histogram specification based on
the constant mean and variance values of red (R), green (G), and blue (B) was proposed.
Additionally, to print wood grain images and reproduce a satisfactorily clear wood surface,
an adaptive color adjustment algorithm was proposed in which the histogram distributions
of R, G, and B channels were extended respectively to enhance the images.

Histograms describe the quantitative characteristics and reflect the statistical distri-
bution of the colors in an image [10]. More importantly, the restoration and enhancement
effect of the corrected images can be evaluated through the distribution of the RGB his-
tograms [7,8].

Existing color image restoration and enhancement methods are mostly based on image
contrast [20] and sharpness [21]. Contrast is the difference in visual characteristics that
make an object more recognizable [22]. Nordvik et al. [23] proved that contrast is the
most important property when visualizing wood, both for good and bad visualization.
Sharpness can be seen as the contrast of edges; it is a pivotal factor to the human impression
of image definition [24]. Furthermore, it is known that color is one of the most important
parameters of the aesthetic performance of wood surfaces [3].

Based on the information discussed above, histogram distribution, colorfulness index,
contrast index, and sharpness index were used independently to evaluate the visual effects
of wood grain images before and after the Gaussian histogram specification and the
adaptive color adjustment.

2. Materials and Methods
2.1. Pretreatment of Wood Grain Images

Hardwood is widely used in the surface decoration of furniture and wood products,
such as solid wood panels and wood veneer, due to its rich texture and durable surface [17];
hence we chose ten hardwood grain images with distinct colors from ten tree species
on a public wood database website [25] as the experimental objects. The rich texture of
hardwood can also be conducive to deepening the visual impression for better observation.
The basic information of the ten species is shown in Table 1.

The ten hardwood images were stored in a default JPEG format at 8 bits per channel and
300 pixels per inch (ppi) resolution. They were then cropped to the size of 35 mm × 35 mm
(length × width); thus, the size of each image is 413 × 413 pixels with 256 gray levels.
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Table 1. Basic information of the ten tree species.

Serial Numbers Tree Name Scientific Name Thumbnails

1 Mun Ebony Diospyros mun

Forests 2022, 13, x FOR PEER REVIEW 3 of 15 
 

 

Table 1. Basic information of the ten tree species. 

Serial Numbers Tree Name Scientific Name Thumbnails 
1 Mun Ebony Diospyros mun  
2 Indian Silver Greywood Terminalia bialata  
3 Macassar Ebony Diospyros celebica  
4 Brazilwood Paubrasilia echinata  
5 Dogwood Cornus florida  
6 Jarrah Eucalyptus marginata  
7 Southern Magnolia Magnolia grandiflora  
8 Afata Cordia trichotoma  
9 Golden Wattle Acacia pycnantha  

10 American Elm Ulmus americana  

The ten hardwood images were stored in a default JPEG format at 8 bits per channel 
and 300 pixels per inch (ppi) resolution. They were then cropped to the size of 35 mm × 35 
mm (length × width); thus, the size of each image is 413 × 413 pixels with 256 gray levels. 

2.2. Gaussian Histogram Specification of Wood Grain Images 
Histogram specification is a kind of typical non-modeled image intensification 

method [26]. Due to the fact that the I channel of HSI images is the main factor that restricts 
the production of crisper looking haze images, to intensify the image contrast, Liang et al. 
[8] proposed a color image defogging algorithm through the histogram specification of 
Gaussian function weighting on the I channel. 

Since the R, G, and B components of RGB images were equally related to the intensity 
component I of HSI images, the Gaussian histogram specification was conducted on the 
R, G, and B channels, respectively. Different from the above intensifying method, to ap-
proximate the RGB histograms of the natural images (NI), the Gaussian method was con-
ducted under the condition that the mean and variance values of each image were con-
stant. The Gauss formulas are as follows: 

𝑓𝑓(𝑥𝑥) =
1

�2𝜋𝜋𝜎𝜎𝑐𝑐
exp (−

(𝑥𝑥 − 𝜇𝜇𝑐𝑐)2

2𝜎𝜎𝑐𝑐2
) (1) 

𝜎𝜎𝑐𝑐2 = ��[𝐼𝐼𝑐𝑐(𝑖𝑖, 𝑗𝑗) − 𝜇𝜇𝑐𝑐]2
𝑗𝑗𝑖𝑖

 (2) 

𝜇𝜇𝑐𝑐 =
1
𝑀𝑀𝑀𝑀

��𝐼𝐼𝑐𝑐(𝑖𝑖, 𝑗𝑗)
𝑗𝑗𝑖𝑖

 (3) 
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2.2. Gaussian Histogram Specification of Wood Grain Images

Histogram specification is a kind of typical non-modeled image intensification method [26].
Due to the fact that the I channel of HSI images is the main factor that restricts the produc-
tion of crisper looking haze images, to intensify the image contrast, Liang et al. [8] proposed
a color image defogging algorithm through the histogram specification of Gaussian function
weighting on the I channel.

Since the R, G, and B components of RGB images were equally related to the intensity
component I of HSI images, the Gaussian histogram specification was conducted on the
R, G, and B channels, respectively. Different from the above intensifying method, to
approximate the RGB histograms of the natural images (NI), the Gaussian method was
conducted under the condition that the mean and variance values of each image were
constant. The Gauss formulas are as follows:
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where c ∈ {R, G, B}, σc
2 is the image variance, µc is the average value of all pixels in the

image, M× N is the image size, and Ic(i, j) is the pixel value at the point (i, j).

2.3. Adaptive Color Adjustment of Wood Grain Images

The existing image enhancement algorithms mainly focus on the color deviation
caused by the shooting environment, thus each color channel is treated differently. For
example, as shown in Equation (4), Zhi et al. [27] used the histogram distribution of the G
channel to calculate the color extension coefficient of all the channels in order to enhance
the dust-degraded images.

αG =
255

IG_max − IG_min
(4)

where IG_max and IG_min are the maximum and minimum values in the G channel.
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Accordingly, because there were no severely unbalanced color defects in the wood
images, values of R, G, and B channels were all used to calculate the coefficient of the
corresponding channel. The coefficient is calculated as follows:

αc =
255

Ic_max − Ic_min
(5)

where c ∈ {R, G, B}, Ic_max and Ic_min are the maximum and minimum values in each
channel. As the maximum pixel value was 255 for 8-bit/channel images, the molecule
255 was used to ensure that the αc was no less than 1.

The adaptive color adjustment is as shown by Equation (6). Then the wood grain
images after the adjustment can be obtained.{

I′c(i, j) = µc − αc × (µc − Ic(i, j)), Ic(i, j) ≤ µc
I′c(i, j) = µc + αc × (Ic(i, j)− µc), Ic(i, j) > µc

(6)

where c ∈ {R, G, B}, µc is the average value of all pixels in the image, Ic(i, j) is the pixel value
at the point (i, j) before the extension adjustment, and I′c(i, j) is that after the adjustment.

2.4. Objective Evaluation Indices

As the evaluation of visual effect is influenced by human subjective consciousness, ob-
jective evaluation is necessary to verify the restoration and enhancement methods adopted
in image processing [5].

Color image quality can be objectively evaluated using different image attributes [14,28].
Panetta et al. [14] proposed a color quality enhancement (CQE) metric consisting of color-
fulness, sharpness, and contrast to measure the color image quality, and summarized that
the CQE method was applicable to a wider variety of distorted images.

In this study, considering the prior knowledge of the restored and enhanced images
was available and there was no need for distortion-free images, the objective evaluation
indices of colorfulness, sharpness, and contrast were used independently to evaluate the
visual effect.

2.4.1. Colorfulness Index

Colorfulness is the degree of difference between a color and grayscale image [28]. As
shown in Equation (7), the color image quality index (CIQI) colorfulness [29] was applied
to measure the colorfulness of wood grain images.

CIQI_Color f ulness =

√
σα

2 + σβ
2 + 0.3

√
µα

2 + µβ
2

85.59
(7)

where α = R− G, β = 0.5× (R + G)− B, σh
2 and µh represent the variance and average

values of the two-color axes.

2.4.2. Contrast Index

Contrast is defined as the ability to separate image details [28]. The existing contrast
measures are commonly based on root mean square (RMS) contrast, Weber contrast, and
Michelson contrast [5,14]. In this study, the sum values of edge blocks in an image were
applied to measure the RMS contrast of wood grain images.

According to Ferzli et al. [30], a Sobel edge detector is first run on each block to detect
the edge blocks through the number of edge pixels in one block. For a 64 × 64 block, if the
threshold is over 0.2% of the total number of pixels in one block, the block is seen as an
edge block; otherwise, it is seen as a smooth block. Therefore, each wood image is divided
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into 64 × 64 blocks. As shown in Equation (8), the contrast of a color image is the sum of
the RMS_contrast values of all the edge blocks.

RMS_Contrast =
T

∑
i=1

√√√√ 1
MN

M−1

∑
i=0

N−1

∑
j=0

(I(i, j)− µ)2 (8)

where µ is the average value of all pixels in the image, M× N is the image size, I(i, j) is the
pixel value at the point (i, j), and T is the number of edge blocks.

2.4.3. Sharpness Index

Sharpness is the attribute related to the ability to preserve fine details and edges, and
is defined by the boundaries between zones of different colors or intensities [28]. Since
the Weber contrast-based measure of enhancement (EME) [31] can be applied to uniform
background images [14], it was applied to measure the sharpness of wood grain images on
the grayscale edge with an overlapped window size of 3 × 3. The formula is as follows:

EME_Sharpness =
1

k1k2
∑k1

l=1 ∑k2
k=1 20Iog

(
Imax,k,l

Imin,k,l

)
(9)

where the image is split into k1 × k2 blocks of sizes, l1 × l2, Imax,k,l and Imin,k,l are the
maximum and minimum values inside a subblock.

3. Results and Discussion
3.1. Change of Original Images after the Gaussian Histogram Specification

Figure 1 shows the visual effect of the ten hardwood grain images before and after
the Gaussian histogram specification. The µc and σc

2 of each image remained unchanged
during the process.
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Figure 1. Ten hardwood grain images before and after the Gaussian histogram specification.

It can be seen from Figure 1 that there is no obvious change in the image textures after
the specification except for a few marked areas.

To further find out the imperceptible change, we drew the RGB histograms of all the
images and calculated the objective evaluation values before and after the specification by
Equations (8)–(10). Figure 2 shows the RGB histograms of the ten images before and after
the Gaussian histogram specification. The abscissa x is the pixel value, and the ordinate
p(x) is the proportion of the normalized x value. Figure 3 shows the changing trends of
objective evaluation values.
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Figure 2. RGB histograms of the ten images before and after the Gaussian histogram specification.
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Figure 3. Changing trends of objective evaluation values of colorfulness, contrast, and sharpness on
the ten images before and after the Gaussian histogram specification.

From Figure 2, the RGB histograms of most images before and after the specification
were almost coincident, which further implied the small influence that the Gaussian method
had on the ten images. However, the marked area of the No.10 image disobeyed the
Gaussian distribution. This is because when the algorithm was based on the mean and
variance values, the R channel overcompensation could be easily induced [7]; even though,
from Figures 1 and 3, the mean and variance value-based Gaussian method had no adverse
influence on visual impression of the No.10 image.

In Figure 3, the colorfulness values of the No.1, the No.8, and the No.9 images showed
a wider decline after the specification. Correspondingly, in Figure 1, the textures of the
No.1 image and the tree knots of the No.8 and the No.9 images were weakened. It was
also found that in Figure 3, the contrast and sharpness values of the No.2 image had the
largest variation after the specification. Correspondingly, in Figure 2, the RGB histograms
of the No.2 image exhibited the greatest change. This phenomenon suggests that there
could be a connection in each image between the histogram height and the sharpness or
contrast. Moreover, the sensitivity of sharpness index was higher than the contrast index
when comparing them with the RGB histograms before and after the processing.

Combined with the marked areas of these images in Figure 1, we supposed that the
proposed Gaussian method tended to weaken irregular color points like tree knots, and
smooth or enhance the uneven color transitions of the image textures.

To verify this conjecture, we took four grayscale images to imitate the tree knots and
the edges of image textures, and then processed them by Gaussian histogram specification.
Figure 4 shows the visual effect of the grayscale images and the magnified No.3 images
before and after the specification. The µc and σc

2 of each image remained unchanged
during the process.

As can be seen from Figure 4, the Gaussian method increased or decreased the differ-
ence of grayscale values between two gradients. As a result, extra attention should be paid
to the processing of images with prominent uneven color transitions, because the Gaussian
method might have a smoothing effect or an enhancing effect on these images.

Moreover, it made the spots fade away, and the variation of the magnified No.3 image
also demonstrated this effect. It turned out that the Gaussian method could repair the
irregular color points on hardwood grain images.
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3.2. Change of Gaussian Images after the Adaptive Color Adjustment

Figure 5 shows the visual effect of the ten Gaussian hardwood grain images before
and after the adaptive color adjustment.
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Figure 5. Ten Gaussian hardwood grain images before and after the adaptive color adjustment.

As shown in Figure 5, the image contrast was increased, the brightness was improved,
and the visual information was richer, but the No.3 and No.10 images seemed over en-
hanced and presented an unnatural look. To explore the specific variation tendency of
hardwood grain images before and after the adjustment, RGB histograms, colorfulness
index, contrast index, and sharpness index were used independently to evaluate the en-
hancement effect of the ten Gaussian images.
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Similarly, we drew the RGB histograms of all the images and calculated the objective
evaluation values before and after the adjustment by Equations (8)–(10). Figure 6 shows the
RGB histograms of the ten Gaussian images before and after the adjustment. The abscissa
x is the pixel value, and the ordinate p(x) is the proportion of the normalized x value.
Figure 7 shows the changing trends of objective evaluation values.

Figure 6. RGB histograms of the ten Gaussian images before and after the adaptive color adjustment.
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the ten Gaussian images before and after the adaptive color adjustment.

As seen in Figure 6, the histogram distributions of the R, G, and B channels became
more dispersed and uniform after the adjustment, which was consistent with the high
visual characteristics of enhanced images [7,8]. Moreover, from Figure 7, the evaluation
values of colorfulness, contrast, and sharpness all increased to varying degrees.

However, it could be seen from Figure 6 that the histograms of the No.1, the No.3, the
No.5, and the No.10 images after the adjustment were evidently overcompensated in the
R, G and B channels, and the R channel of the No.10 image was especially obvious. The
reason for this phenomenon could be the same as that caused by the Gaussian method.

3.3. Improvement and Comparison of the Adaptive Color Adjustment Algorithm

According to the Equation (6), the overcompensation in the R, G and B channels of the
color-adjusted images might not only be induced by the mean value-based algorithm, but
also by the color extension coefficient αc. Therefore, we compared the αc values of all the
images in Table 2.

Table 2. Values of the color extension coefficient αc of the ten Gaussian images.

Index No.1 No.2 No.3 No.4 No.5 No.6 No.7 No.8 No.9 No.10

αR 2.361 1.441 3.110 1.771 2.361 1.527 1.536 1.393 1.564 2.073
αG 2.629 1.417 3.228 1.656 2.257 1.711 1.509 1.335 1.500 1.645
αB 2.865 1.466 3.400 1.678 2.217 1.759 1.527 1.500 1.635 1.614

From Table 2, the αc values of the No.1, the No.3, and the No.5 images were over 2,
and the αR value of the No.10 image was also over 2. Combined with the marked areas in
Figure 6, it was proven that the overcompensation could also be caused by the αc values.

For the other appropriately enhanced images, the αc values were around 1.5. Con-
sequently, we reset the coefficient to a unified 1.5, and then drew the RGB histograms of
the color-adjusted images at this setting. Figure 8 shows the RGB histograms of the four
Gaussian images before and after the adjustment.
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after the adaptive color adjustment at the unified 1.5 value of αc.

As seen in Figure 8, though the RGB histograms were not as dispersed as those in
Figure 6, the overcompensation in the R, G and B channels disappeared at the reduced
αc setting, excluding the No.10 image. This was because the No.10 image was already
overcompensated during the Gaussian process.

Notably, another adjustment experiment was conducted under which the coefficient
was reset to a unified 2. The overcompensation in the No.1 and the No.3 images almost
disappeared, but it was still appreciable in the No.5 and No.10 images. That is, for the
light-colored images, overcompensation could be more easily induced by the mean and
variance value-based algorithms.

Images processed by the traditional output sharpening method unsharp mask (USM)
were compared with those processed by the proposed algorithm at the unified 1.5 value of
αc. When the amount was set to 50 (%), the radius 1.5 (pixels), and the threshold 0 (levels) in
USM, images presented a more ideal and higher sharpness [24]. Table 3 shows the objective
evaluation values of the four images processed by the proposed algorithm whose αc values
were from Table 2 and a unified 1.5, and by the USM at the mentioned setting.

Table 3. Objective evaluation values of the four Gaussian images after the adaptive color adjustment
at different αc values and the USM sharpening.

Index

No.1 No.3 No.5 No.10

αR = 2.4
αG = 2.6
αB = 2.9

αc = 1.5 USM
αR = 3.1
αG = 3.2
αB = 3.4

αc = 1.5 USM
αR = 2.4
αG = 2.3
αB = 2.2

αc = 1.5 USM
αR = 2.1
αG = 1.6
αB = 1.6

αc = 1.5 USM

Colorfulness 0.59 0.34 0.16 0.78 0.26 0.13 0.29 0.23 0.21 0.53 0.40 0.33
Contrast 22.99 13.78 11.63 21.14 10.73 8.85 23.27 17.39 16.16 21.95 18.77 15.36

Sharpness 18.60 9.29 7.75 16.20 5.84 4.32 3.10 0.69 0.38 0.64 0.12 0.04

As shown in Table 3, a higher αc value represents a higher evaluation value of the
three indices, and a higher possibility of resulting in overcompensation. The visual effect
of the No.10 image enhanced by the above methods is shown below.

From Figure 9, the αc values obtained by Equation (5) were not appropriate for the
adaptive color adjustment of the No.10 image, as its color was quite different from that
of the original image, inclined to green. On the contrary, the algorithm at the reduced
αc values (a unified 1.5) not only effectively enhanced the images, but also performed
better in the enhancement effect than the USM. Despite the No.10 image still displayed
overcompensation after the color adjustment at the reduced coefficient, the negative impact
on visual impression was alleviated.
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Figure 9. The No.10 images processed by (a) the Gaussian histogram specification; (b) the Gaussian
method and the histogram extension method whose αc values were obtained by Equation (5); (c) the
Gaussian method and the histogram extension method whose αc values were from a unified 1.5;
(d) the USM at the 50 (%), 1.5 (pixels), and 0 (levels) setting.

To further verify the effectiveness and the applicability of the proposed algorithm in
other wood grain images, we performed qualitative and quantitative comparisons with the
following methods: the adaptive color adjustment algorithm proposed by Zhi et al. [27]
for sand-degraded images, the color balance algorithm proposed by Luo et al. [5] for
underwater images, the traditional enhancement method USM suggested by Mao et al. [24],
and the proposed adaptive color adjustment algorithm for wood grain images before and
after modification.

The tested images were from another five tree species, and stored in the same format
and size as described above after being processed by the Gaussian histogram specification.
Then, these Gaussian images were processed by the adjusted methods discussed above,
respectively, and the resulting visual effect is shown in Figure 10. The basic information of
the five species is shown in Table 4.
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Table 4. Basic information of the five tree species.

Serial Numbers Tree Name Scientific Name Thumbnails
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Clearly, from the perspective of image enhancement and color adjustment, the algo-
rithms designed for sand-degraded images and underwater images were not suitable for
wood grain images, and the USM was also unsatisfactory in improving image grain visi-
bility. The proposed algorithm was better than these methods in improving visibility and
maintaining color, but some of the images were over enhanced, especially the light-colored
images, leading to overcompensation and color shift. Consequently, the color extension
coefficient of the proposed algorithm should be reduced.

Thanks to the high similarity between the images processed by the USM and the Propose-
2 in Figure 10, further comparison was made through the objective evaluation below.

As can be seen from Table 5, the five Gaussian images processed by the histogram
extension method at the unified 1.5 coefficient performed better than USM in colorfulness,
contrast, and sharpness, which verified the effectiveness of our algorithm. Despite the
fact that the sharpness value of the No.11 image could not be calculated because of its
inapparent texture, the results of other images remained effective.

Table 5. Objective evaluation values of the five Gaussian images after the USM sharpening and the
adaptive color adjustment.

Index No.11 No.12 No.13 No.14 No.15

Colorfulness
O 1 0.165 0.226 0.228 0.236 0.467

G + USM 2 0.156 0.187 0.230 0.227 0.462
G + H 3 0.211 0.316 0.267 0.306 0.666

Contrast
O 8.381 8.672 5.567 14.237 15.676

G + USM 10.675 10.876 6.617 18.331 20.914
G + H 11.773 12.536 7.712 21.556 22.840

Sharpness
O 0.000 0.942 0.000 0.093 0.254

G + USM 0.000 2.599 0.000 0.182 0.516
G + H 0.000 3.489 0.001 0.328 0.618

1 O represents original images; 2 G + USM represents images processed by the Gaussian method and the USM;
3 G+H represents images processed by the Gaussian method and the histogram extension method at the unified
1.5 coefficient.

4. Conclusions

In order to restore the distorted wood grain images by approximating the Gaussian
distribution of natural images (NI), a method of Gaussian histogram specification was
proposed. In addition, to print digital wood grain and reproduce a satisfactorily clear
wood surface, an adaptive color adjustment algorithm was proposed and improved. Good
processing results were achieved by using the proposed algorithms.

The Gaussian histogram specification was based on the constant mean and variance
values of the R, G, and B of each image. The changing trends of the RGB histograms,
colorfulness index, contrast index, and sharpness index of each image varied after the
specification. Though the Gaussian method had a small influence on the visual effect of
hardwood grain images, it could restore the distorted images by repairing the irregular
color points to weaken the adverse impact on visual impression. The Gaussian method
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also had a smoothing effect or an enhancing effect on the images with prominent uneven
color transitions.

The adaptive color adjustment was based on the color extension of the R, G, and B
histograms of each Gaussian image. The texture visibility was improved, and the details
were highlighted for each Gaussian image after the adjustment. The evaluation indices of
colorfulness, contrast, and sharpness all showed an upward trend, and the distribution of
the RGB histograms became more dispersed and uniform, implying that all the Gaussian
images were enhanced after the adjustment.

Nevertheless, some of the color-adjusted images had overcompensation in R, G and
B channels, which even led to color shift. By reducing the values of the color extension
coefficient, the overcompensation and color shift could be eliminated. A higher coefficient
represented a more scattered distribution of RGB histograms, a higher evaluation value of
the three indices, and a higher enhancement intensity, yet the enhancement effect might
not be satisfactory.

The adaptive color adjustment algorithm was compared with the traditional enhance-
ment method USM and the methods designed for sand-degraded images and underwater
images. The results show that images processed by the proposed algorithm at the reduced
coefficient got better results in both objective and subjective evaluation, which verified the
effectiveness and applicability of our algorithm in wood grain images.

From the view of digital image, the macroscopic appearance of wood grain is a region
with different local color values and overall color. Although the tested images from 15 tree
species could not represent the color of all the wood grain images, the color extension
coefficient around 1.5 was proven to be effective. Overall, multiple tests and comparisons
were suggested for different color images to obtain the required effect.
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