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A B S T R A C T

Identification of wool and cashmere extremely similar fibers is always an important topic in the textile industry.
In order to solve this problem much better, a novel fiber identification method based on the extraction and
analysis of the morphological features was proposed in this paper. Firstly, the original fiber images were cap-
tured by the self-developed system including the optical microscope and digital camera. The influence of the
acquisition process may lead to the low contrast and impurities, so the original fiber images needed to be
processed by the image enhancement and de-noise to obtain the available fiber images with a better quality.
Then the hessian matrix of processed images was put into the Frangi filter to detect the edge of the fiber scales,
and the binary images of filter output images were processed to obtain the signal-pixel scale skeleton. The
connected region labeling algorithm can be adopted for the scale skeleton images to mark and extract every scale
from the whole fiber according to the different color information. Next, the three morphological features in-
cluding scale height, fiber diameter and their ratio can be calculated by the self-defined vertical line rotation
analysis method, and the mean value of five different scales was calculated as the final features to describe one
fiber. In the experiment, 500 fiber cashmere and 500 wool fiber images were collected for the whole research,
and a Bayesian classification model for identifying wool and cashmere fibers was established based on the
statistical assumptions of three morphological characteristics. The results show that the identification accuracy
of the method proposed in this paper could reached the 94.2%. It also proves that this novel method can be used
for the identification of cashmere and wool extremely similar animal fibers.

1. Introduction

Wool and cashmere are two very important textile materials who
have the similar appearance and handle, it is difficult to identify them
directly by naked eyes and touch. Because wool prices differ greatly
from cashmere prices, the phenomenon that wool is mixed into cash-
mere for production often appears in the market, which disturbs the
order of the market and damages the legitimate rights and interests of
consumers (Xing et al., 2019a). Therefore, fast and accurate identifi-
cation of wool and cashmere fibers has become one of the important
topics in the textile field.

Traditional fiber identification methods mainly depend on the
physics, chemistry and biology theories (Li et al., 2012). They mainly
adopted the manual methods which can only repeat similar tasks for
lots of identification works, the efficiency is also low. In addition, part
of these methods might need professional equipment and operators,
they also need much more expenses. In recent years, the digital image

processing, computer vision and machine learning are developing ra-
pidly. Many researchers start to use the related algorithms to analyze
the texture or morphological features for the better recognition of
cashmere and wool fibers, they can not only ensure the accuracy of
fiber identification, but also realize the automation and batch of fiber
identification, which greatly improve the work efficiency.

Shi et al. put forward four comparison indexes to describe the fiber
characteristics according to the shape and structure difference between
wool and cashmere fibers, and they finally realized the effective re-
cognition by establishing the Bayesian classification model (Shi et al.,
2008).

Peng et al. used the digital imaging processing algorithms to process
the cashmere and wool fibers captured by scanning electron microscope
for obtaining the binary images, then they adopted the morphological
features including perimeter and area to recognize the different fibers
(Peng et al., 2005).

Ji et al. proposed to use multiple indicators on a single fiber as the
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characteristic attributes of classification research, and they explored the
identification method of cashmere and wool from a new perspective.
They mainly used four main decision tree algorithms to classify cash-
mere and wool, and completed the corresponding mathematical mod-
eling and evaluation (Ji et al., 2013).

Xie et al. recognized the wool and cashmere fibers by analyzing the
difference of scale pattern. They calculated eight characteristic para-
meters which consist of fiber diameter, scale height, circumference,
area, scale relative area, scale relative circumference, diameter-height
ratio and scale squareness, and identified by establishing an effective
Bayesian classifier (Xie and Yu, 2013).

Yang et al. analyzed the scales on the surface of wool and cashmere,
and processed the scales on the surface of wool and cashmere through a
series of image processing algorithms. Then they put forward the index
of two square factors inside and outside to identify the two kinds of
fibers (Yang and Wang, 2002).

In addition to morphological structure feature analysis method,
some researchers also proposed a series of fiber identification methods
by the texture feature analysis, which consists of Markov random field
(Xing et al., 2019b), fractal analysis (Xing et al., 2019c), projection
curves analysis (Zhong et al., 2017) and so on. They also achieved the
effective recognition of cashmere and wool extremely similar fibers.

Although there have been many fiber identification methods, there
still are many problems need to be solved, such as low accuracy, low
efficiency, complex operation and so on. Therefore, in order to solve
these problems, further research is still needed to be done. In this paper,
a novel fiber recognition method based on the extraction and analysis of
the morphological features was proposed in this paper. and this method
has many innovations and advantages comparing with the previous
methods. Firstly, the segmentation of fiber scales can be achieved more
precisely by the designed image preprocessing algorithm. Secondly, the
feature extraction method can achieve fiber morphology analysis more
conveniently. Thirdly, the recognition accuracy is significantly im-
proved compared to previous methods based on morphological feature
analysis. The recognition algorithm mainly includes three parts: 1)
Fiber image processing and scale segmentation; 2) Morphological fea-
ture analysis; 3) Classification model establishment and fiber recogni-
tion.

2. Methodology

2.1. Sample making and system set up

Two kinds of different cashmere and wool fibers collected from
Australia are used for the experiment. When making the fiber ob-
servation samples, the same kind of fiber are cut into many pieces and
each piece is about 2–3mm. They are placed in a Petri dish, mixed with
a liquid paraffin solution, stirred evenly with a glass rod, and then
dripped the solution containing fibrous fragments onto the slide with a
rubber head dropper, covered with a glass sheet, to make the final fi-
brous observation sample. Through this method, it can ensure that only
one fiber is contained in the field of vision observed, thus ensuring the
extraction of a single fiber image, which is convenient for subsequent
experiments. In this paper, the fiber overlapping, crossing, and ad-
hering aren’t taken into account.

Then the cashmere and wool fiber images can be observed and
captured with the transmitted light and the 10×50 magnification via
an optical microscopic system which was manufactured by Suzhou
Huiguang Technology Limited Company under SOPTOP, and a digital
CMOS camera under 6.3 Megapixel USB 3.0. These images can be
stored in the computer with a format of ‘PNG’, and they will be pro-
cessed and recognized by the software environment of MATLAB 2015b
and the hardware environment with Inter Core i5-4200M (2.5 GHz)
CPU, 4GB running memory and 64-bit operating system. The fiber
micro-image acquisition system is shown in Fig. 1.

2.2. Image pre-processing

Because there may be some bubbles or other impurities in the
process of making fiber samples, it may lead to some noise in the ob-
servation and acquisition process, which affects the subsequent analysis
of characteristic parameters. Therefore, the first step in the experiment
is to pre-process the captured wool and cashmere fiber images for re-
moving noise, enhancing texture and getting the fiber scale images. The
flow chart of image pre-processing is shown in Fig. 2.

2.2.1. Image enhancement
The contrast between the scale texture and the background is often

low. In order to process the collected fiber image more effectively, the
contrast stretching algorithm (Abdul-Nasir et al., 2012) is used to en-
hance the fiber images in the experiment, which makes the scale
boundary much clearer and easier to process. Contrast stretching, as a
piecewise linear function, can expand the dynamic range of image gray
level. Usually, the gray value can be stretched to the whole range of
0–255 by gray level transformation function shown as Eq. (1), so as to
enhance the contrast of the whole image.

= −
−

− +I x y I x y I
I I

MAX MIN MIN( , ) ( , ) ( )min

max min (1)

Where Imin and Imax are the minimum gray value and maximum gray
value respectively, and the MIN and MAX are the maximum and
minimum gray value of the gray space to be stretched respectively.

2.2.2. Hessian matrix
Hessian matrix (Qiu et al., 2014; Zhang et al., 2013) is a block

matrix composed of second-order partial derivatives of multi-variable
real-valued functions, which describes the local curvature of a multi-
variable function. Suppose there is a real number function
f x x x( , , ..., )n1 2 , if all the second-order partial derivatives of f exist, the i-j
term of the Hessian matrix of f is shown in Eq. (2).

= = …H f x D D f x x x x x( ) ( ) ( ), ( , , )ij i j n1 2 (2)

Then the fiber images can be processed by convolution operation
and the final Hessian matrix of images will be obtained.

Because the second-order partial derivative is sensitive to noise,
Gauss smoothing using Gaussian High-pass Filter (GHPF) should be
used to process the enhanced fiber image before calculating the Hessian
matrix. It can keep the high-frequency part and reduce the low-fre-
quency part of the image through the filter to retain the region of in-
terest and remove noise. The function of GHPF is shown as Eq. (3),
where D0 is the cut-off frequency, D(u,v) is the distance between the
midpoint (u,v) of frequency domain and the center of frequency rec-
tangle.

= − −H u v e( , ) 1 D u v D( , )/22
0
2

(3)

2.2.3. Frangi filter edge detection
For the two-dimensional fiber images, the Hessian matrix has two

different eigenvalues, such as λ1 and λ2, which represent the gradient

Fig. 1. Display of fiber micro-image acquisition system.
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at the point along the direction of the corresponding eigenvector, and
the larger the eigenvalue, the greater the gradient, and vice versa.
According to the different response values of Hessian matrix eigenva-
lues to different objects of the image, we can construct variables Rb and
S as follows.

= = +R λ
λ

S λ λ,b
1

2
1
2

2
2

(4)

In addition, the transfer function of the Frangi filter (Campbell
et al., 2015) can be expressed as Eq. (5).
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where β is the sensitivity coefficient to distinguish strip regions and c is
the global smoothing coefficient. If we assume that the A and B are the
two-output response results of the Frangi filter transfer function. Then
the response of the three structural elements including background,
noise and texture to the output of the filter is shown in Table 1. The
response value of the pixels in the background to B is smaller, the re-
sponse value of the pixels in the isolated noise points to A is smaller and
to B is large, which will lead to the smaller response value to the
transfer function. However, the response about the pixels in fiber tex-
ture to A and B all is higher, so the response value to the transfer
function also is higher.

Therefore, the texture region can be recognized, and then the tex-
ture can be enhanced by judging the response degree of the filter. At the
same time, the background and noise can be removed. As a result, this
method can be adopted to obtain the enhanced fiber binary images.

2.2.4. Fiber scale segmentation
The fiber scales are mainly used to analysis the morphological

characters of wool and cashmere fibers, so the whole fibers need to be
processed shown as Fig. 3 for dividing into different scale parts.

The output images of Frangi filter are proposed by the OTSU algo-
rithm (Nobuyuki, 2007; Truong and Kim, 2017) to obtain the binary
images. Then, the binary fiber images need to be refined by the skeleton
extraction to obtain single-pixel fiber texture and scale edges. Next,
each scale area in the fiber image is marked by the connected region
labeling algorithm (Song et al., 2017) and then they can be filled in
different colors. Finally, different color connected regions can be ex-
tracted respectively by the centroid selection and related region inter-
ception. Therefore, all the scales of the whole fiber can be obtained for
the morphological feature analysis. The flow chart of the scale

extraction algorithm is shown as Fig. 4.
For the skeleton extraction (Zhou et al., 2018), it is to extract the

central pixel contour of the target. To put it plainly, the target is refined
according to the target center. Generally, the refined target is the single-
layer pixel width. The skeleton extraction has many algorithms while
this paper is mainly used the K3M sequential iteration (Saeed et al.,
2010) whose idea is to move from the periphery of the target to the
center of the target. By using the feature of 3× 3 pixel window cen-
tered on the pixel to be detected, the image skeleton can be obtained by
continuously corroding and thinning the target until it can no longer
corrode (single-layer pixel width). In addition, for the labeling of con-
nected domain, the labeling method of four connected domains is
adopted. The image is traversed once, and the continuous run and the
equivalent pair of labels in each row (or column) are recorded. Then the
original image is re-labeled by the equivalent pair.

2.3. Morphological features extraction

When analyzing the morphological structure of scales, the diameter,
height and their ratio are often used as the main features. In order to
better characterize all the scales of the whole fiber and reduce errors in
feature extraction, a novel morphological feature extraction method
based on vertical line rotation analysis is adopted in this paper (Wang
et al., 2012). The process of this algorithm is introduced as follows.

It can be seen from Fig. 4 that the fiber diameter and scale height is
the approximate distance of left and right, and upper and lower edges
respectively, therefore, we can calculate the two characteristics ac-
cording to the description. The centroid O of each scale should be lo-
cated at first, and then the pixel A nearest to the centroid O is found on
one edge of the scale, and the ray OX of the crossing point A is defined
as the initial ray, which is also approximately perpendicular to the edge
of the scale.. Next, the ray OA is rotated three times and each rotation
angle is 90 degrees. The rays at different rotation angles will intersect
with other three scales at points B, C and D. The scale height, fiber
diameter and their ratio can be approximately expressed by the fol-
lowing Eq. (6) respectively.

= +
= +

=

D d d
D d d

R D
D

h OB OD

d OA OC

d
h (6)

where Dh and Dd are the scale height and fiber diameter respectively,
the dOB, dOD, dOA and dOC are the approximate distance between the
centroid with the four scale edges. If the center of mass O is set as the
origin of the coordinate system, the approximate distance can be ob-
tained between the center of mass and the edge of the scale by calcu-
lating the distance between the two points, thus calculating the height
of the scale, the fineness of the fiber and their ratio as the mainly
features to recognize the cashmere and wool fibers. The schematic
diagram is shown in Fig. 5.

In addition, it also can be seen that the different scales of the same
fiber have different size. Therefore, the mean value of five scales’ fea-
tures is calculated from the same fiber segmented using the previous

Fig. 2. Flow chart of image pre-processing.

Table 1
Response degree of three structural elements.

Elements Background Noise Texture

A not sure small large
B small large large
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mentioned method to describe the final morphological features, and
then the standard deviation (SD) and coefficient of variation (CV) are
calculated to judge and analysis the reliability of the calculated results.

2.4. Fiber images classification model building

The Bayesian classification model (Grana et al., 2017; Wirjadi et al.,
2017) is used in this experiment to classify these data set and recognize
the cashmere and wool. Because the fiber diameter, scale height and
their ratio is adopted as the feature indexes to describe the different
fibers, they can be expressed by x1, x2, x3, so one fiber can be presented
as x=(x1, x2, x3). If the cashmere is set as f1, so the wool will be set as
f2, and the conditional probability of fiber belonging to different species
is P(fi | x). The rules of recognition are shown as Table 2.

If we assume that the prior probabilities of the two are the same that
P(f1)=P(f2), and that the characteristic indices are independent of each
other and obey a high distribution, we can see from the Bayesian the-
orem that the following is the case.

=P f x
P f P x f

P x
( | )

( ) ( | )
( )i

i i

(7)

Because the P(x) is same to each species, so the comparison of P
(f1|x) and P(f2|x) can be converted to the comparison of P(x| f1) and P
(x| f2). Because the characteristic index x is independent of each other,
the final Bayesian criterion can be expressed by Eq. (8), so that the
recognition result can be obtained accurately according to the dis-
criminant rule.

Fig. 3. Flow chart of scale extraction.

Fig. 4. Flow chart of fiber scale extraction algorithm.

Fig. 5. Flow chart of morphological feature extraction.

Table 2
Rules of cashmere and wool fiber recognition.

Discriminant Rule Recognition Result

P(f1 | x) > P(f2 | x) Cashmere
P(f1 | x) < P(f2 | x) Wool
P(f2 | x) = P(f1 | x) None
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Then assuming that xi obeys the Gauss distribution N(μi,σi2), the
corresponding parameters including μi and σi2 can be estimated by the
meanx̄and variance S2 of the samples, so that the recognition results
can be obtained. To sum up, the flow chart of the whole algorithm of
Bayesian classification is shown in Fig. 6.

3. Experiment and result analysis

A total of 1000 fiber sample images including 500 cashmere fibers
and 500 wool fibers were captured for the study by the self-developed
systems, and they were all intercepted and stored in the computer with
a size of 256×256 pixels. Part of original cashmere and wool fibers are
shown in Fig. 7.

3.1. Experimental results of Fiber images pre-processing

One of the cashmere fiber and wool fiber images from Fig. 7 was
taken as an example to introduce the whole processing process images.
The captured fiber images first processed to remove noise and enhance
the texture and edge, then the Hessian matrix image of the processed
cashmere image was put into the frangi filter, as a result, the complete
scale edge can be detected in the output image. Finally, the output
image would be binarized and extracted the skeleton to got the final
single-pixel scale structure images. All the process images are shown in
Fig. 8.

Then the connected domain labeling algorithm was adopted to label
different scales of the cashmere fiber sample image in different colors,
as shown in Fig. 9. The different fiber scales shown in Fig. 10 can be
extracted from the whole fiber images according to their own color and
the centroid of each scale binary image can be marked, and then the

according to the centroid, the interest areas of all the fiber scales which
were marked with a red rectangular box in Fig. 11(a) can be extracted
accurately. The marked result of the fiber scales was shown in
Fig. 11(b).

3.2. Morphological feature extraction and analysis

After the fiber scale extraction, it can see from the mark of
Fig. 11(b) that there are some scales can’t be better to describe the fiber
features due to the quality of original fiber images, so the middle five
representative scales were chosen from the whole scale set for the
feature analysis in the experiment, as shown in Fig. 12. The centroids,
which were marked with a blue rectangular box in Fig. 12, of each scale
images were selected and the first ray were the red line shown in Fig. 13
for the morphological feature calculation.

According to the dimension labeling of original fiber images, it can
be calculated that one pixel is approximately equal to 0.31 μm in fact.
Therefore, according to the calculated method as mentioned above, the
results of the morphological feature calculation about the cashmere
sample were shown in Table 3. At the same time, it can be known from
Table 3 that the standard deviation and coefficient of variation all is
small, so the results are less discrete, and the method can calculate the
fiber characteristics accurately and effectively.

In addition, the final feature analysis results of the whole fiber
image dataset were shown in Table 4, and the results of statistical
analysis of three morphological features were shown in Table 5. As we
all know that when 0.01< P≤ 0.05, it is statistically significant, and
when P≤ 0.01, it is notable statistical significance. Therefore, it could
be seen from Tables 4 and 5 that the three features of wool and cash-
mere all had significant statistics and had the greatly feature difference,
and the degree of dispersion and variation of each feature was small. As
a result, the diameter, scale height and diameter-height ratio extracted
by this method can be used to make up a three-dimensional feature

Fig. 6. Flow chart of the Bayesian classification model.

Fig. 7. Display of part original cashmere and wool fiber images.
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vector for identifying the wool and cashmere fibers.

3.3. Cashmere and wool fiber classification and identification

After the image processing and feature extraction, 1000 three-di-
mensional feature arrays were obtained for the Bayesian classification
model which would be used to identify the wool and cashmere fibers in
the experiment. The data sets were divided equally into five parts, and
then the five-fold cross validation was adopted for the fiber classifica-
tion. The identification results of cashmere and wool are shown in
Table 6, from which we can know that this Bayesian classification
model all has a higher identification accuracy for the cashmere and
wool with 93.0% and 95.4% respectively.

Although the method proposed in this paper has a great fiber
identification accuracy, there are still phenomena of identification er-
rors. It is mainly caused by three reasons including poor original image
quality, high similarity between the two kinds of fibers or the feature
extraction error. In addition, the cashmere and wool fibers shown in
Fig. 14 are the error identification fibers, from which we can see that
the main problem is that part wool and cashmere fibers have similar
scale morphological structure. Usually, some cashmere fibers are more
likely to appear like wool fibers, so the recognition accuracy of cash-
mere is slightly lower than wool. In order to achieve better accuracy of
fiber recognition, we still need to continue to increase the fiber sample
number and improve the feature extraction algorithm in the future.

3.4. Comparison with other fiber recognition method

Although these previous recognition methods based on the multi-

feature fusion of texture and morphology can better identify cashmere
and wool fibers, there still are some problems in the process of ex-
periment and the identification accuracy also need to improve.
Therefore, it is necessary to improve and design the identification al-
gorithm based on single morphology or texture feature analysis. We
compared the recognition accuracy of wool and cashmere fibers with
the previous methods by the same data set and their own different data
sets. It can be seen from Fig. 15 that the method proposed in this paper
has an obvious improvement in the fiber identification accuracy than
most of the previous signal-feature analysis methods.

What’s more, a novel fiber scale segmentation and morphological
feature analysis method based on the image processing proposed in this
paper also can precisely separate each scale of the fibers, which im-
proves the experimental efficiency and facilitates the subsequent scale
research.

4. Conclusions

A novel fiber identification method based on the morphological
features analysis was proposed in this paper. It mainly combines digital
image processing and machine learning algorithm, and then converts
the problem of fiber identification into the problem of image or data
classification. The fiber images captured by the self-developed system
were firstly processed by the image processing algorithms, which con-
sist of image enhancement, image de-noise, frangi filter, image binary
and skeleton extraction, to obtain the signal-pixel fiber scale images.
Then the connected domain labeling algorithm was used to segment
different scales from fiber images. These scales were analyzed by the
morphological feature extraction method proposed in this paper to
calculate the diameter, scale height and their ratio which would be used
to make up the three-dimensional feature vector arrays to describe the
different cashmere and wool fibers. In the end, the data set was used to
train the expert recognition system based on the Bayesian mode and
realize the final recognition of cashmere and wool extremely similar
fibers. This method proposed in this paper has better recognition ac-
curacy and higher work efficiency, and it also provides a new method of
scale segmentation and fiber recognition, which can provide reasonable
and effective new research ideas for other similar fields.

Fig. 8. Process images of the whole pre-processing algorithm.

Fig. 9. Colorful label for the different connected domains.

Fig. 10. Display of different scales extracted from the whole fiber image.
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Fig. 11. Display of interest scale areas.

Fig. 12. Five representational scales and their centroids.

Fig. 13. The first rays of five representational scales.

Table 3
Morphological feature results of the sample image.

Label Distance/μm Dd/μm Dh/μm R

OA OB OC OD

1 7.50 5.00 6.87 5.63 14.37 10.63 1.35
2 6.87 6.25 7.50 6.25 14.37 12.5 1.15
3 7.50 6.87 7.19 6.87 14.69 13.74 1.07
4 6.87 5.63 6.87 5.63 13.74 11.26 1.22
5 7.50 6.25 6.87 5.63 14.37 11.88 1.21
mean 14.31 12.00 1.20
sd 0.35 1.19 0.10
CV 0.02 0.10 0.08

Table 4
Analysis on the difference of wool and cashmere fiber characteristics.

Species Dd Dh R

mean sd cv mean sd cv mean sd cv

Cashmere 12.79 1.03 0.08 12.61 1.36 0.11 1.13 0.34 0.30
Wool 18.08 0.88 0.05 9.94 2.01 0.21 1.72 0.57 0.33

Table 5
Feature statistical analysis of three morphological features.

Feature Dd Dh R

P 0.000 0.000 0.000

Table 6
Recognition result of the Bayesian classification model.

Species Recognition Accuracy/%

1 2 3 4 5 Mean-value

Cashmere 92.0 94.0 92.0 95.0 92.0 93.0
Wool 95.0 97.0 96.0 94.0 95.0 95.4
Mean-value 93.5 95.5 94.0 94.5 93.5 94.2

Fig. 14. False recognition of wool and cashmere fiber images.
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