
Article

Improved Hough Transform and Total Variation Algorithms for
Features Extraction of Wood

Weiwei Du 1,*, Yarui Xi 1,2, Kiichi Harada 3, Yumei Zhang 1, Keiko Nagashima 3 and Zhiwei Qiao 2

����������
�������

Citation: Du, W.; Xi, Y.; Harada, K.;

Zhang, Y.; Nagashima, K.; Qiao, Z.

Improved Hough Transform and

Total Variation Algorithms for

Features Extraction of Wood. Forests

2021, 12, 466. https://doi.org/

10.3390/f12040466

Academic Editor: Miha Humar

Received: 23 March 2021

Accepted: 7 April 2021

Published: 11 April 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Information and Human Science, Kyoto Institute of Technology, Hachigami-cho, Kyoto 6068585, Japan;
yrxi@outlook.com (Y.X.); m0622503@edu.kit.ac.jp (Y.Z.)

2 Computer and Information Technology, Shanxi University, Taiyuan 030006, China; zqiao@sxu.edu.cn
3 Life and Environmental Sciences, Kyoto Prefectural University, Kyoto 6069522, Japan;

kiich_0824@yahoo.co.jp (K.H.); nagakei@kpu.ac.jp (K.N.)
* Correspondence: duweiwei@kit.ac.jp; Tel.: +81-75-724-7445

Abstract: Research shows that the intensity impact factors of wood, such as late timber ratio, volume
density and the intensity of itself, correlate with the width of wood annual rings. Therefore, extracting
wood annual ring information from wood images is helpful for evaluating wood quality. During
the past few years, many researchers have conducted defect detection by studying the information
of wood images. However, there are few in-depth studies on the statistics and calculation of
wood annual ring information. This study proposes a new model combining the Total Variation
(TV) algorithm and the improved Hough transform to accurately measure the wood annual ring
information. The TV algorithm is used to suppress image noise, and the Hough transform is for
detecting the center of the wood image. Moreover, the edges of wood annual rings are extracted, and
the statistical ring information is calculated. The experimental results show that the new model has
good denoising capability, clearly extract the edges of wood annual rings and calculate the related
parameters from the indoor wood images of the processed logs and the unprocessed low-noise logs.

Keywords: total variation; the improved Hough transform; the wood annual ring information

1. Introduction

In 2017, the forest coverage rate in Japan was 66.7%, and the forest stock reached
5.24 billion cubic meters [1]. Abundant forest resources provide strong green support for
the sustainable development of Japanese economy and society. Due to the inefficiency
of the wood supply system, operating costs and economic benefits in the timber market
do not match, which results in the depression of Japanese forestry. The reason for the
inefficiency of the wood supply system is the difference in the evaluation criteria for wood.
Suppliers include forester and timber market who use the appearance of the log as an
evaluation. Foresters grow trees and harvest them and the timber market gathers trees from
different areas and auctions the logs. However, the consumers include lumber companies,
plywood companies and house makers/builders who seek logs with high strength. Lumber
companies and plywood companies process lumber into easy-to-use forms, and house
makers/builders provide consumers with processed timber. Because of this difference in
evaluation criteria, the consumers have to purchase three times more wood than they need
in order to produce strong enough lumbers [2]. Therefore, it is essential to establish an
efficient wood supply system with the same evaluation between suppliers and consumers.

Wood strength is one of the criteria for the same evaluation between suppliers and
consumers. Some wood features can be used to conjecture wood strength such as the
wood annual ring and width between annual rings. From the experimental results of
the algorithm proposed in this article, if the ratio of Root Mean Squared Error (RMSE)
of the indoor wood image of the unprocessed low-noise logs is less than 10%, it can be
considered as an effective measure of wood features extraction. Traditionally, forestry
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expert professionals measure the wood features manually, which is accurate and reliable
but time-consuming, laborious, and inefficient. Recently, image processing is used to
extract the relevant parameters of wood annual rings in order to reduce cost. In 2003,
Funck et al. proposed the image segmentation algorithms applied to wood defect detection;
they used a region-based similarity algorithm that was a combination of clustering and
region-growing [3]. In 2010, Mu proposed the wood defect detection algorithm based on
Back Propagation and Radial Basis Function neural networks [4], and Gu et al. proposed
wood defect classification based on image analysis and Support Vector Machines [5]. Then,
Sioma focused on the assessment of wood surface defects based on 3D image analysis
in 2015 [6]. In the same year, Bai et al. proposed the Gradient Vector Flow Snake model
in wood surface defects segmentation [7], and Niu et al. proposed wood texture image
processing based on FitzHugh-Nagumo reaction-diffusion equations [8]. In 2016, Fahrurozi
et al. proposed wood texture features extraction by using Gray Level Co-occurrence
Matrics combined with various edge detection methods [9]. In 2017, Xu studied wood
defect recognition by analyzing tomography with the fractal method [10], and Xu studied
image segmentation algorithm of wood surface defects [11]. In the same year, Zhang
proposed wood surface defect recognition based on Wavelet transform and LBP [12]. In
2018, Chen et al. proposed identification of CT image defects in wood based on Convolution
Neural Network algorithm [13], and Cheng et al. researched a detection algorithm of wood
rings image based on texture feature [14]. In 2019, Ning et al. used the U-Net convolution
network to segment the wood image [15]. However, many of these algorithms are aimed at
a certain defects of wood or local image processing of wood. Other algorithms only extract
features of the wood annual rings, but the relevant parameters of wood annual rings are
not calculated and analyzed.

This paper proposes a new model combining the improved Hough transform and the
Total Variation (TV) algorithm for features extraction automatically from wood images,
such as the number of rings, the width of annual rings, and the average width of the 15th
ring from the center and outside. The TV algorithm is used to remove the image noises,
and the second-order gradient Hough transform is used to get the center of annual rings
from wood images. The model presented in this paper can further improve the accuracy of
judging the wood quality based on features of wood annual rings.

This paper is organized as follows. A new model is introduced in Section 2. The
improved Hough transform and TV algorithm as the proposal of this paper are explained
in Section 3. Section 4 shows the experimental results. Finally, some conclusions are given.

2. The Process on Features Extraction of Wood

This paper proposes a new model to extract the wood annual rings information from
wood images with the improved Hough transform and the TV algorithm. The process is
shown in Figure 1.

2.1. Preprocessing

A grayscale image needs be converted from an original wood image in order to obtain
edges information of annual rings. V channel of Hue, Saturation and Value (HSV) space
can extract edges information of annual rings from an orignal wood image based on the
distribution of HSV space.

2.2. Denoising

Annual rings information cannot be obtained precisely as noises of the boundary. This
paper proposes the TV algorithm, which not only effectively removes some noises but also
keeps the wood annual rings information compared with other methods of removing noise
such as Gaussian filter [16–18].
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Figure 1. The process of features extraction of wood.

2.3. Finding the Center of the Annual Rings

This paper proposes the second-order Hough transform to find the center coordinates
by using the accumulated local peaks. The center coordinates found are consistent with
those found by the human eyes. Moreover, the range of the radius on the log has been
defined in order to improve the speed of calculation. The center of annual rings from the
wood image are found, which is shown in Figure 2.

Figure 2. Finding the center of annual rings.

2.4. Features Extraction

Features of wood include the number of annual rings, the width of the annual rings,
the average width of the 15th ring from the center and outside. The features of wood can
be obtained through edges of the annual rings that are extracted from a grayscale wood
image. The method is shown as below.

• The edges of annual rings are extracted by using Canny operation to find the outermost
edge of the wood image shown in Figure 3. The red circle of Figure 3 is the outermost
edge of the wood image with coordinate(xn, yn). The red center point of annual rings
is (x0, y0).
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Figure 3. Edges information of a wood image with the center points (x0, y0) and the points of the
largest circle (xn, yn).

• The line equation can be generated with (xn, yn) and (x0, y0) as below to find intersec-
tion coordinates of each track and the wood image.

x− x0

xn − x0
=

y− y0

yn − x0
(1)

• A datum (xn + 10, yn + 10) of the outermost edge in a wood image is taken at every
10 data to save time and ensure accuracy because the outermost edge of the wood
image has a huge number of data. Therefore, to image edge coordinates, every ten
coordinates are extracted. The extracted coordinates and wood center coordinates
can generate an equation of the line and then find the intersection coordinates of each
track and the wood image.

• The average number of these points at which the equations of each line intersect wood
image is the number of the annual rings. The average width of an annual ring can be
obtained through the distance from center point to the outermost edge divided by the
number of annual rings. The other features can be obtained based on the intersection
coordinates such as the average width of 15th ring from the center and outside from
the wood image. The calculation of annual rings information is shown in Figure 4. 1©,
2© represent the number and average width of annual rings, and 3©, 4© represent the

average width of 15 rings from the center and outside.

Figure 4. Annual rings features.
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3. Improved Hough Transform and Total Variation Algorithms

This section explains the improved Hough transform to find the center of annual rings
and the TV algorithm to remove noises from a grayscale image.

3.1. Improved Hough Transform

Hough transform is a mapping relationship from image space to parameter space
shown by the center and radius of the circle. The expression is shown with the parameters
(a, b, r) as below.

(a− x)2 + (b− y)2 = r2 (2)

In the traditional Hough transform, every pixel in the image is regarded as the center
of a circle, and the length from each pixel to the edge of the image is regarded as the
radius. The disadvantages of traditional Hough transform to detect the circle are a large
amount of computation, large memory footprint, and the quantization interval of parameter
space easily restricts it. The improved Hough transform determines the center of a circle
according to the fact that the center of a circle always exists in the gradient direction of the
edge of the circle. Therefore, this paper designs an improved Hough transform model by
using second-order gradient information. The direction information of gradient is used to
reduce the invalid accumulation of detection process and reduce the memory footprint.

The second-order gradient of an image whose size is s× t can be expressed as:

uxx
s,t = (us,t − us−1,t)− (us−1,t − us−2,t) = us,t − 2us−1,t + us−2,t (3)

uxy
s,t = (us,t − us−1,t)− (us,t−1 − us−1,t−1) = us,t − us−1,t − us,t−1 + us−1,t−1 (4)

uyx
s,t = (us,t − us,t−1)− (us−1,t − us−1,t−1) = us,t − us,t−1 − us−1,t + us−1,t−1 (5)

uyy
s,t = (us,t − us,t−1)− (us,t−1 − us,t−2) = us,t − 2us,t−1 + us,t−2 (6)

uxx
s,t , uxy

s,t , uyx
s,t , uyy

s,t present four different second-order differences of the image and represent
four second-order gradients. This paper defines the second-order gradient in the x-direction
to be G2

xx and the second-order gradient in the y-direction to be G2
yy. The G2

xx and the
G2

yy are:
G2

xx = (us,t − us−1,t)− (us−1,t − us−2,t) = us,t − 2us−1,t + us−2,t (7)

G2
yy = (us,t − us,t−1)− (us,t−1 − us,t−2) = us,t − 2us,t−1 + us,t−2 (8)

The gradient vector points in the direction of the maximum rate of change of u in
coordinates (x, y). Moreover, a circle is presented by a polar coordinate:{

a = x− rcosθ

b = y− rsinθ
(9)

Hence, the non-zero gradient vector in the gradient field points to the center of the
quasi-circle, and the transformation is defined by using this feature to transform the
gradient field into an accumulation array. The gradient intensity value of each pixel in the
image edge determines the probability of the center of the circle. In the improved Hough
transform, the (a, b, r) three-dimensional accumulator of traditional Hough transform is
divided into the two-dimensional of (a, r) and (b, r). Then, we traverse and determine
the gradient information of each pixel (a, b). For a wood image with 2000 × 1330 size,
the traditional Hough transform almost cannot calculate the center position of annual
rings on a computer with 4 GB memory. The improved Hough transform can reduce
invalid calculations and reduce the memory consumption by using second-order gradient
information. The improved Hough transform takes only 138 seconds to locate the center of
annual rings.
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3.2. Total Variation Algorithms

The images of wood always have image noise due to wormholes or coarse surface. So
the wood image need to remove the noise to find the center of the wood. In 1992, Rudin et
al. proposed the TV algorithm to remove the image noise, which is widely used in image
denoising and image restoration [19]. After that, the TV algorithm is also widely used
in the field of CT images reconstruction. In 2018, Wu et al. proposed using an `0 image
gradient and tensor dictionary in low-dose spectral CT reconstruction [20]. This algorithm
is substantially anisotropic diffusion, which can make it possible to retain image edges
with the same effect of denoising. The TV denoising model can be expressed as:

u0 = u + n (10)

u0(s, t) = u(s, t) + n(s, t) (11)

where the u0 is the image with noise, the n is the image without noise, and the σ2 is
variance. Therefore, the discrete form can be shown as (10), with the size (s× t) of image.
The characteristic of random noise is:{

En(s,t) = 0

En2(s,t) = σ2 (12)

Hence, the image denoising based on the TV algorithm can be expressed as a mini-
mization problem:

||u||TV = Σs,t| 5 us,t| = Σs,t

√
(us,t − us−1,t)2 + (us,t − us,t−1)2 (13)

To reduce the range of feasible solutions, the characteristic of noise is constrained to
the feasible solution of the objective function:

Σs,tus,t = Σs,tu0s,t

1
s× t

Σs,t(us,t − u0s,t)
2 = σ2

(14)

where the u0s,t is the discrete form of an image with noise. To minimize (10),

min{λ

2
Σs,t(us,t − u0s,t)

2 + Σs,t

√
(us,t − us−1,t)2 + (us,t − us,t−1)2} (15)

In this equation, the first item λ
2 Σs,t(us,t − u0s,t)2 is the data fidelity; it is used to

maintain the original image characteristic and reduce the image distortion. The second

item Σs,t

√
(us,t − us−1,t)2 + (us,t − us,t−1)2 is a regularization item. The λ has to do with

noise levels, and it plays a vital role in balancing denoising and maintaining characteristic
of the original image. Hence the Euler–Lagrange equation can be expressed as:

−5(
5u
| 5 u| ) + λ(u− u0) = 0 (16)

From (16), the 1
|5u| is the diffusion coefficient. At the edge of annual rings from the

wood image, if the5u is bigger, the diffusion along the edge is weaker, so the edge can
be kept. In this paper, the TV algorithm is used to remove noise. Equation (16) can be
solved by gradient descent and finite difference method. The discrete iterative scheme for
solving (17) is as shown below.

un+1
s,t = un

s,t − ∆tλ(un
s,t − u0s,t) + ∆t(5(

5un
s,t

| 5 un
s,t|

)) (17)
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In this equation, n is the number of iterations, ∆t is the step of each iteration, λ is
the parameter to balance the regularization and data fidelity. As the number of iterations
increases, u0s,t gradually converges to the solution of the Equation (16).

The effect of denoising by TV algorithm, Gaussian filtering and mean filtering are
shown in Figure 5. From the red areas of Figure 5, it can be known that the TV algorithm
can keep more annual rings information while removing noise.

(a) (b) (c)

Figure 5. The effect of denoising by different methods. (a) Denoising by TV algorithm. (b) Denoising
by Gaussian filtering. (c) Denoisng by mean filtering.

4. Results

Wood images were set to two groups through indoor and outdoor photography
conditions to confirm effectiveness of the proposal. The wood images were taken by a
Nikon D3200 camera with uncompressed form. Figure 6 shows indoor (Figure 6a) and
outdoor (Figure 6b) photography conditions. For wood images of the indoor condition,
the features of wood can be obtained according to the real wood measured by an expert
(Figure 7a). For wood images of the outdoor condition, the features of wood can be
obtained according to the images measured by an expert (Figure 7b). The wood images
of indoor condition are divided into three classes, which are the image of processed
logs (Figure 8a), the images of unprocessed low-noise logs (Figure 8b) and the images of
unprocessed high-noise logs (Figure 8c). Wood images of outdoor condition are divided
into two classes which are the image of the images of unprocessed low-noise logs (Figure 9a)
and the images of unprocessed high-noise logs (Figure 9b). In this paper, low noise is
defined such that the edges of annual rings in the wood images can be observed by human
eyes, although there are some small wormholes and so on; high noise is defined that some
edges of annual rings in the wood images have been lost due to mud and other reasons,
which make it difficult to extract edges of annual rings.

(a) (b)

Figure 6. The environment for acquiring images. (a) The indoor environment for acquiring images.
(b) The outdoor environment for acquiring images.
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(a) (b)

Figure 7. The features of wood were obtained by an expert. (a) The features of wood were obtained
by an expert in indoor environment. (b) The features of wood were obtained by an expert in outdoor
environment.

(a) (b) (c)

Figure 8. The indoor wood images. (a) An image of a processed log. (b) An image of an unprocessed
low-noise log. (c) An image of an unprocessed high-noise log.

(a) (b)

Figure 9. The outdoor wood images. (a) An image of an unprocessed low-noise log. (b) An image of
an unprocessed high-noise log.

The expert marked features of wood, which are considered as the ground truth.
Features of wood that are extracted from the proposal of this paper can be evaluated by
comparing with the ground truth. The similarity between the proposal and the ground
truth is computed by using RMSE (18) and RMSE’s ratio (19)

RMSE =

√
1
n

Σn
i=1(yi − y′i)

2 (18)

ratio = RMSE/D (19)

where n is the number of the images, yi is the ground truth and y
′
i is the features of wood

from the proposal of this paper. D is the ground truth of the average width of 15th annual
rings from the center or the outside. In log survey or market of Japan, the error range
cannot exceed 2 [cm]. That is, the ratio of RMSE should be less than 10%. Suppose that the
annual ring is 50; the RMSE should be less than 0.04. In this case, the ratio of RMSE is less
than 10%.

4.1. Time Comparison between the Ground Truth and the Proposal

Whether indoor or outdoor condition, it takes 2 h for the ground truth to be obtained
by an expert. However, the features of wood that are extracted from the proposal of this
paper only need 4 min. Therefore, the proposal not only saves time but also reduces
human errors.
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4.2. Features of Indoor Wood Images

Table 1 is the results of features extraction from the indoor wood images shown as
Figure 8. Some abbreviations in Table 1 need be explained. “pro”means the processed log.
“GT” means ground truth. “PNTV” means the proposal without the TV algorithm. “NR”
means the number of annual rings. “AR” means the average width of rings. “AC15” means
the average width of 15th from the center. “AO15” means the average width of 15th from
the outside. “unpro.Low” means the unprocessed low-noise log. “unpro.High” means the
unprocessed high-noise log. “N” means the number of the wood images.

In Table 1a, suppose that n is 1 in Equation (19). “NR” of the proposal is the same
as the ground truth. RMSEs of “AR”, “AC15” and “AO15” in the proposal are 0.0154,
0.0288 and 0.0153. These are all less than 0.04. However, RMSEs of “AR” and “AC15” in
the “PNTV” are 0.0722 and 0.0762, which are greater than 0.04. Only RMSE of “AO15” in
the “PNTV” is 0.0164, which is less than 0.04 but more than 0.0153. Therefore, it can be
considered that the proposal extracts the features, and the TV algorithm removes noises
from the indoor wood image of the processed log effectively. In Table 1b, “NR” of the
proposal is almost the same as the ground truth. RMSEs of “AR”, and “AO15” in the
proposal are 0.0057 and 0.0373, which are less than 0.04. However, RMSE of “AC15” in the
proposal is 0.0556 and greater than 0.04. RMSE of “AC15” in the “PNTV” is 0.0177 and
less than 0.04. RMSE of “AR” and “AO15” in the “PNTV” are 0.0749 and 0.0468, which are
greater than 0.04. In Table 1c, “NR” of the proposal and the “PNTV” have a big difference
with the ground truth. Only RMSE of “AO15” in the “PNTV” is 0.0183 and less than 0.04.
Whether the proposal or the “PNTV”, their RMSEs of “AR” and “AC15” are greater than
0.04. Therefore, it is difficult to say that the proposal is effective and that the TV algorithm
can remove the noise from the indoor wood images on the unprocessed low-noise and
high-noise logs.

Table 1. Features of indoor wood images.

(a) Features of the indoor wood image on a processed log (Figure 8a)

pro. NR AR [cm] AC15 [cm] AO15 [cm]

GT 33 0.3144 0.4842 0.1367
Proposal 33 0.3298 0.5130 0.1520

PNTV 42 0.2422 0.4080 0.1203

(b) Features of the indoor wood image on an unprocessed low-noise log (Figure 8b)

pro. NR AR [cm] AC15 [cm] AO15 [cm]

GT 33 0.3298 0.5130 0.1520
Proposal 42 0.2422 0.4080 0.1203

PNTV 42 0.2422 0.4080 0.1203

(c) Features of the indoor wood image on an unprocessed high-noise log (Figure 8c)

pro. NR AR [cm] AC15 [cm] AO15 [cm]

GT 35 0.2619 0.4078 0.1500
Proposal 34 0.2562 0.4634 0.1873

PNTV 51 0.1870 0.3901 0.1032

The indoor wood images of the unprocessed low-noise and high-noise logs have
been increased to 37 for finding variation by using the Equations (18) and (19). This
makes it easy to confirm the effectiveness of the proposal. In Table 2, RMSEs of “AC15”
and “AO15” in the proposal on “upro.Low” are less than 0.04. Their ratios are less than
10%. However, RMSEs of “AC15” and “AO15” in the “PNTV’ on “upro.Low” are greater
than 0.04. Their radios are greater than 10%. Therefore, for most of the indoor wood
images of the unprocessed low-noise logs, the proposal can extract the features and the TV
algorithm can remove noises effectively. The proposal cannot extract the features, and the
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TV algorithm also cannot remove noises from the indoor wood image of the unprocessed
high-noise logs very well, because whether the proposal or the “PNTV”, their RMSEs are
greater than 0.04 and radios are greater than 10%.

Table 2. The results of indoor wood images.

Indoor unpro.Low unpro.High
N 21 16

AC15 AO15 AC15 AO15

Proposal RMSE 0.0350 0.0392 0.0627 0.0667
Ratio 8.04% 9.83% 16.08% 45.83%

PNTV RMSE 0.0493 0.0730 0.1315 0.847
Ratio 13.81% 51.29% 37.19% 71.92%

4.3. The Result of Outdoor Images

Table 3 is the results of features extraction from the outdoor wood image shown on
Figure 9. In Table 3a, suppose that n is 1 in Equation (18). “NR” of the proposal is almost
the same as the ground truth. RMSEs of “AR”, “AC15” and “AO15” in the proposal are
0.0164, 0.0343, and 0.0178. They are less than 0.04. However, RMSEs of “AR” and “AC15”
in the “PNTV” are 0.1373 and 0.082, which are greater than 0.04. Only RMSE of “AO15” in
the “PNTV” is 0.02 and less than 0.04. Therefore, the proposal might extract the features,
and the TV algorithm might remove noises from the outdoor wood image of the processed
log effectively. In Table 3b, “NR” of the proposal and the “PNTV” have a big difference
with the ground truth. Only RMSE of “AR” in the proposal is 0.0377 and less than 0.04.
Whether the proposal or the “PNTV”, their RMSEs of “AC15” and “AO15” are greater than
0.04. Therefore, the proposal cannot extract the features, and the TV algorithm also cannot
remove noise from the outdoor wood image of the unprocessed high-noise logs very well.

Table 3. Features of outdoor wood images.

(a) Features of the outdoor wood image on the unprocessed low-noise log of Figure 9a

pro. NR AR [cm] AC15 [cm] AO15 [cm]

GT 56 0.2673 0.4330 0.1330
Proposal 54 0.2837 0.3987 0.1508

PNTV 75 0.1300 0.3510 0.1130

(b) Features of the outdoor wood image on the unprocessed high-noise log of Figure 9b

pro. NR AR [cm] AC15 [cm] AO15 [cm]

GT 54 0.2370 0.4200 0.1870
Proposal 40 0.2747 0.3014 0.1082

PNTV 66 0.1180 0.3010 0.1063

The outdoor images of the unprocessed low-noise and high-noise logs have been
increased to 19 to confirm the practicality of the proposal by using Equations (18) and (19).
In Table 4, whether the proposal or the “PNTV”, their RMSEs are greater than 0.04 and
ratios are greater than 10%, even if RMSE of the proposal is very close to 0.04 in the
“unpro.Low”. Notice that the ratio of the proposal is less than the ratio of the “PNTV”,
although RMSEs of “AO15” is greater than RMSE of “AC15” in the proposal. This is
because the average width of the 15th annual ring from the center is larger than the average
width of 15th annual ring from the outside. Therefore, the proposal cannot extract the
features, and the TV algorithm also cannot remove noises from the outdoor wood image of
the unprocessed low-noise and high-noise logs very well.
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Table 4. The results of outdoor wood images.

Outdoor unpro.Low unpro.High
N 9 10

AC15 AO15 AC15 AO15

Proposal RMSE 0.0515 0.0424 0.1368 0.0432
Ratio 15.95% 22.28% 44.46% 20.25%

PNTV RMSE 0.1230 0.0876 0.1763 0.0658
Ratio 28.37% 59.02% 55.62% 75.23%

5. Discussion

Some outdoor wood images of the unprocessed low-noise logs cannot extract features
of wood images by using the proposal very well because the outdoor wood images have
some background. The background might affect TV algorithm for removing the noise.
Whether indoor or outdoor wood images of the unprocessed low-noise and high-noise
logs, the low-noise and high-noise images are classified by human eyes. Therefore, some
human errors cause that some outdoor wood images of the unprocessed low-noise logs
cannot extract features of wood images by using the proposal very well. The performance
might be improved on the wood image of the unprocessed low-noise log if the low-noise
and high-noise wood images can be correctly classified.

To the indoor or outdoor wood images of the unprocessed high-noise logs, some
features of the wood images have been lost because of high noise, which includes big
wormholes, broken cuts and so on. Therefore, this is a key to make up for missing features
of the wood images by using some methods such as deep learning, computer vision or
image processing. Furthermore, when calculating AR, AC15 and AO15, the each of ring
widths is not calculated, but the total width of annual rings is divided by number of annual
rings, so the thickness of each annual rings is not deliberately considered. Future studies
will explore whether the consideration of thickness of annual ring can bring better results.

6. Conclusions

This paper has designed a new model that combines the improved Hough transform
and the TV algorithm to extract features of the wood images automatically. The TV algo-
rithm of the proposal can remove noise from the indoor wood images of the unprocessed
low-noise logs. Compared with the transitional Hough transform, the improved Hough
transform can reduce the calculation to find the center of annual rings in the wood images.
The new model can use only 4 min to extract the features of the wood images. Therefore,
the new model can save time effectively.

The new model can save time and extract features of wood by using the improved
Hough transform and the TV algorithm effectively on the indoor wood images of processed
logs and the unprocessed low-noise logs. Therefore, it will facilitate the development of
automation of the wood supply system.
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