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Abstract
In brain magnetic resonance (MR) image segmentation, the current Otsu method is often difficult to take both accuracy and 
anti-noise capability into consideration. So, in this paper, an adaptive trapezoid region intercept histogram based Otsu method 
is proposed. On the basis of bilateral filtering, the method uses Sigmoid function to identify the noise and adaptively calculate 
the weight of neighborhood pixel, and then constructs a 2D histogram of gray value-adaptive weight neighborhood gray 
mean to enhance the algorithm’s anti-noise capability and detail retention. The hierarchical threshold model is adopted: the 
macro-threshold T1 is determined by the trapezoid region intercept histogram based Otsu method, and the micro-threshold 
T2 is determined by the between-class variance criterion again in the trapezoid region corresponding to T1. The image is 
segmented by T2 to improve the accuracy of image segmentation. Based on the neighborhood information, an adaptive 
parameter l is designed to identify and correct noise, thus enhancing the universality of the algorithm. The experimental 
results show that the proposed method is effective and can be well applied to MR image segmentation.
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1  Introduction

Brain diseases are gradually becoming a major disease that 
affects human health. The examination and analysis of brain 
tissue based on imaging technology is of great significance 
for the diagnosis and prevention of brain diseases (Song 
et al. 2014; Castiglione et al. 2017; Magudeeswaran and 
Bharath 2020). Among various imaging technologies, Mag-
netic resonance imaging (MRI) is widely used in the field of 
brain diagnosis because of its high resolution on soft tissues 
and its ability to distinguish each brain tissue more clearly 
(Castiglione et al. 2015; Adel et al. 2018; Krishnakumar and 
Manivannan 2020). Brain MR image segmentation based 
on MRI technology is a prerequisite for the diagnosis and 
analysis of the brain, and the segmentation effect has an 
important impact on the diagnosis result (Nie et al. 2018). 
Due to the large amount of data, the efficiency of manual 
segmentation is low and the segmentation effect is easily 
affected by personal subjective emotions. Therefore, how 
to quickly, accurately and automatically segment brain MR 
images is a current hotspot and difficulty in research (Bahar 
and Mehran 2018).

At present, various automatic image segmentation 
methods have appeared, which can be roughly divided into 
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threshold segmentation (Bahar and Mehran 2018; Allioui 
et al. 2021), edge detection (Buvanesvari and Suganthi 
2020), clustering segmentation (Zhao et al. 2019; Tong-
bram et al. 2021), regional growth (Javed et al. 2016), 
neural network method (Nie et al. 2018) and so on. Among 
these methods, although the neural network method has 
achieved good segmentation results, it needs to label many 
samples and the training process is time-consuming (Ding 
et al. 2020; Gao et al. 2020; Sankar and George 2020; 
Wan et al. 2020). So, threshold segmentation is still widely 
used in image segmentation because of its simplicity and 
effectiveness. Among them, the maximum between-class 
variance method (Otsu method) is a classical and effec-
tive method (Nobuyuki 1979). The 1D Otsu method only 
considers the gray information of the pixel but ignores its 
spatial correlation, so the algorithm’s anti-noise capabil-
ity is poor. In this regard, Liu et al. (1993) constructed a 
2D histogram of gray value-neighborhood gray mean by 
introducing neighborhood gray mean, and thus proposed a 
2D Otsu method with better anti-noise capability. In order 
to avoid the approximate calculation of 2D Otsu method, 
Zhang et al. (2011) proposed a precise 2D Otsu method 
(P2D_Otsu) by establishing an accurate threshold calcula-
tion formula. In order to enhance the algorithm’s ability to 
deal with pepper and salt noise, Sha et al. (2016) adopted 
the median-mean gray of pixel instead of the traditional 
gray mean to construct a new 1D histogram, to enhance 
the algorithm’s anti-noise universality. In order to avoid 
inaccurate segmentation caused by ignoring regions far 
from the diagonals in the 2D histogram cross partition 
method, Fan et al. (2007) proposed a 2D Otsu curve seg-
mentation method by using a curve to partition the 2D 
histogram. Due to the variety of curves, it is difficult to 
quickly select the appropriate curve, so Wu et al. (2008) 
proposed the 2D oblique partition Otsu method by using 
a straight line perpendicular to the main diagonal to parti-
tion the 2D histogram. In order to improve the segmenta-
tion efficiency of 2D oblique partition Otsu method, He 
(2012) and Nie (2013) established a 1D Otsu criterion 
based on line intercept histogram. To further enhance the 
anti-noise capability of the algorithm, Li et al. (2017) 
reconstructed the 2D histogram after denoising, but the 
location of noise points depended on experience. In order 
to improve the efficiency and anti-noise capability of line 
intercept histogram based Otsu method, Xiao et al. (2019) 
proposed a trapezoid region intercept histogram based 
Otsu method, although this method shows good segmen-
tation performance, the trapezoid side length r and param-
eter l are fixed by empirical values, so the algorithm’s 
universality is not very well.

In order to enhance the universality of the trapezoid 
region intercept histogram based Otsu method to better 
segment different brain MR images, an adaptive trapezoid 

region intercept histogram based Otsu is proposed in this 
paper. In this method, the adaptive weighted neighborhood 
gray mean is used instead of the traditional neighborhood 
gray mean, and the 2D histogram of gray value-adaptive 
weighted neighborhood gray mean is established to sepa-
rate the noise as much as possible. Giving the reasoning 
process of reasonable value of side length r, and the hier-
archical threshold method is used to determine the accurate 
threshold. Adaptive parameter l is designed based on pixel 
neighborhood information to segment images with different 
noise. The segmentation experiments of brain MR images 
show that the proposed method has good anti-noise capabil-
ity, timeliness and universality, and can segment brain MR 
images accurately.

Organization The rest of this paper is organized as fol-
lows: Sect. 2 introduces the trapezoid region intercept his-
togram based Otsu method, Sect. 3 elaborates the improve-
ment methods of this paper, Sect. 4 tests and analyzes the 
performance of this method through the brain MR image 
segmentation experiment. Finally, conclusions are presented 
in Sect. 5.

2 � Trapezoid region intercept histogram 
based Otsu method

In the 2D histogram of gray value-neighborhood gray mean 
shown in Fig. 1, the trapezoid region intercept histogram based 
Otsu method uses trapezoid with the base perpendicular to 
the main diagonal and side length r to partition the histo-
gram into two parts: target and background. Suppose the gray 
value of the image is 0, 1, 2,…, L−1, (xf, yg) is a two-tuple 
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Fig. 1   The trapezoidal region partition 2D histogram
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composed of the pixel’s gray value and the neighborhood’s 
gray mean. Image pixels are respectively mapped to trape-
zoidal regions with intercept 0, 1, 2,…,round(2(L − 1)∕r) by 
h1
(
xf , yg

)
= round

((
xf + yg

)
∕r
)
 (where round (●) means 

to round off ‘●’). In order to correct the noise and enhance 
the anti-noise capability of the algorithm, Xiao et al. (2019) 
regarded the two regions of |xf−yg|> l shown in Fig. 2 as noise 
regions (that is, the region where P1 and P2 are located), and 
the gray value is replaced by the neighborhood gray mean for 
noise correction. So, the above mapping can be modified as

Suppose nS is the number of all the pixels in the image 
that satisfy h2

(
xf , yg

)
= S , then the frequency of the trapezoid 

region intercept S is:

Based on the probability distribution of the trapezoid region 
intercept as shown in Eq. (2), the corresponding trapezoid 
region intercept histogram can be established. Based on the 
trapezoid region intercept histogram, the following maximum 
between-class variance criterion is given (Xiao et al. 2019):

where ��
0
=
∑T

S=0
pS,��

1
=
∑2(L−1)∕r

S=T+1
pS,��

0
=
∑T

S=0

�
S
pS

��
0

�
��
1

=
∑2(L−1)∕r

S=T+1

�
S
pS

��
1

�
 , ��

T
=
∑2(L−1)∕r

S=0
SpS.

(1)h2
(
xf , yg

)
=

{
round

((
xf + yg

)
∕r
)
,
|||xf − yg

||| ≤ l

round
((
yg + yg

)
∕r
)
,
|||xf − yg

||| > l

(2)pS =
nS

M × N
, S = 0,1,⋯ , 2(L − 1)∕r

(3)�2

2
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3 � The proposed method

Although the above mentioned trapezoid region intercept 
histogram based Otsu method has good segmentation per-
formance, it still has the following disadvantages: firstly, 
the neighborhood gray mean treats the pixels in the neigh-
borhood equally, and does not fully consider the differ-
ence in position and gray of each pixel, so it cannot reflect 
the real situation of the current pixel. Secondly, although 
using trapezoid region to partition histogram can improve 
the efficiency of the algorithm, only the rough threshold 
is obtained and the segmentation is not accurate enough. 
Finally, without considering the actual situation of image 
and pixel, the parameter l is set as a fixed value, result-
ing in poor universality of the algorithm. In view of this, 
three corresponding improvement strategies are proposed 
to improve the segmentation performance of the trapezoid 
region intercept histogram based Otsu method.

3.1 � 2D histogram of gray value‑adaptive weighted 
neighborhood gray mean

The trapezoid region intercept histogram based Otsu 
method is based on the 2D histogram of gray value-
neighborhood gray mean, where the grayscale feature can 
keep the image information as much as possible, while the 
neighborhood gray mean feature can eliminate the noise as 
much as possible. Although mean filtering can effectively 
eliminate Gaussian noise, it fails to fully consider the 
actual situation of each pixel in the neighborhood, which 
is easily to cause image edge blurring. In this regard, 
Zhang et al. (2011) firstly sorted the pixels in the 8-de-
centroid neighborhood (that is, remove the center point 
in 8 neighborhood) according to their gray values, and 
then calculated the average gray value of the fourth and 
fifth after sorting, so as to obtain the new smooth image 
(We call this mean method the median-mean method). 
The median-mean method can effectively eliminate pep-
per and salt noise and keep the image details, but it is 
not effective in processing Gaussian noise. Tomasi et al. 
(1998) proposed the bilateral filtering, which considers the 
position between pixels and the correlation between gray 
values, can effectively eliminate Gaussian noise and main-
tain image details, and is a current filtering method with 
good performance. In view of the good performance of the 
bilateral filtering method, this paper uses it to replace the 
neighborhood gray mean of the pixel, and designs a 2D 
histogram of gray value-adaptive weighted neighborhood 
gray mean.

Suppose f is the original image, and η is its the 
smooth image after bilateral filtering. Suppose Sxy is the 
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Fig. 2   Noise correction mechanism of trapezoid region intercept his-
togram based Otsu method



2164	 L. Xiao et al.

1 3

neighborhood centered on pixel (x, y). f(i, j), (i, j), s(i, j) 
and r(i, j) respectively represent the gray value, weight 
coefficient, spatial proximity factor and gray similarity fac-
tor at pixel (i, j) in Sxy. The expression of bilateral filtering 
is as follows:

where σs and σr are the standard deviations of the Gaussian 
function, which control the attenuation degree of s(i, j) and 
r(i, j) respectively.

In order to analyze the filtering performance of the bilat-
eral filtering method, the Slice 80 brain MR Image in the 
Medical Image Depository of Harvard University (Brain Web 
2020) was taken as the object and NSxy = 5 × 5 neighborhood 
as shown in Fig. 3a was selected for analysis (NSxy represents 
the size of neighborhood Sxy). Figure 3b is the gray value of 
each pixel in the neighborhood Sxy, Fig. 3c is the case that the 
current pixel is not a noise point but its neighborhood con-
tains noise, and Fig. 3d is the case that the current pixel is a 
noise point. Assuming the parameters σs = 1.5 and σr = 8, the 
weight coefficients of Fig. 3c and d in the process of bilateral 
filtering are shown in Fig. 3e and f respectively.

According to Fig. 3e, when the center of the neighbor-
hood is not a noise point, the method can calculate the 

(4)�(x, y) =

∑
(i,j)∈Sxy

�(i, j)f (i, j)
∑

(i,j)∈Sxy
�(i, j)

(5)�(i, j) = �s(i, j)�r(i, j)

(6)�s(i, j) = e
−

|i−x|2+|j−y|2

2�2s

(7)�r(i, j) = e
−

|f (i,j)−f (x,y)|2

2�2r

weight of each neighborhood pixel well. However, as can 
be seen from Fig. 3f, if the center of the neighborhood is a 
noise point, the gray value of the pixel is significantly dif-
ferent from that of other normal pixels in the neighborhood. 
In this case, the weight of noise pixels in the neighborhood 
is relatively large, so it is difficult to effectively eliminate 
the noise. This is because the bilateral filtering method cal-
culates the weight with the gray value of the neighborhood 
center as the target. So when the neighborhood center is a 
noise point, the target of filtering is to calculate the gray 
value of the center, which is based on the similar noise 
points in the neighborhood.

In view of the shortcomings of the bilateral filtering 
method, Ma et al. (2014) used the neighborhood median 
values instead of f(x, y) in Eq. (7) to enhance the algorithm’s 
anti-noise capability. However, when (x, y) is a normal pixel, 
this method will cause the loss of image information. In this 
paper, based on the difference between a pixel and other pix-
els in its neighborhood, Sigmoid function is used to identify 
whether the pixel is noise.

where ε is the minimum value to prevent the denominator 
from being 0. Since the definition domain of Sigmoid func-
tion is a symmetric interval, the parameter a is introduced 
to make the range of z ∈ [−a, a].

According to Eq. (9), when (x, y) is the noise point, its 
gray value is significantly different from that of other pixels 
in the neighborhood, so the closer z(x, y) is to a. When (x, 

(8)S(z) =
1

1 + e−z

(9)z(x, y) = −a + 2a ⋅

∑
(i,j)∈Sxy

�f (i,j)−f (x,y)�
max

(i,j)∈Sxy
�f (i,j)−f (x,y)�+�

NSxy

Fig. 3   Bilateral filtering process
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y) is a normal pixel, its gray value is close to that of other 
pixels in the neighborhood, and the closer z(x, y) is to − a. 
After the pixel is classified into noise and normal pixel by 
Sigmoid function, f’(x, y) can be used to replace f(x, y) in 
Eq. (7) to calculate the weight wr(i, j) according to whether 
the pixel is noise or not, where f’(x, y) can be defined as:

where med(Sxy) represents the gray median of neighborhood 
Sxy. According to Eq. (10), when S(z) is close to 1, (x, y) 
is a noise point, in this case, the median gray value of the 
neighborhood is used instead of f(x, y) to enhance the algo-
rithm’s anti-noise capability. When S(z) is close to 0, (x, y) 
is a normal pixel point, at this time, f(x, y) is still used to 
calculate the weight wr(i, j) to keep the image information, 
the bilateral filtering result obtained from this is denoted as 
η′(x, y). Therefore, based on f(x, y) and η′(x, y), it is easily to 
establish a 2D histogram of gray value-adaptive weighted 
neighborhood gray mean, so that the algorithm can elimi-
nate as many kinds of noises as possible while maintaining 
image details.

3.2 � Calculation of hierarchical threshold and side 
length r

As can be seen from Fig.  4, the optimal threshold T1 
obtained by trapezoid region intercept histogram based Otsu 
method corresponds to a trapezoid region in the original 2D 
histogram. This method segmented the image based on the 
rough threshold T1 without further classification of the pixels 
in the trapezoid region, so the segmentation was not accu-
rate (Xiao et al. 2019). In this regard, this paper proposes a 
hierarchical threshold method, which firstly determines the 
macro-threshold T1 based on Eq. (3), and then determines 

(10)f �(x, y) = (1 − S(z))f (x, y) + S(z)med
(
Sxy

)

the micro-threshold T2 based on the between-class variance 
criterion in the shaded trapezoid region as shown in Fig. 4, 
so as to further classify the pixels in the trapezoid region. 
Because the hierarchical threshold method can classify the 
pixels in trapezoid region, it is expected to improve the accu-
racy of image segmentation.

The value of r in trapezoid region intercept histogram 
based Otsu method is very important and has important 
influence on segmentation efficiency and quality. In this 
regard, the reasonable value of r was preliminarily analyzed 
through experiments (Xiao et al. 2019). In this section, the 
value of r was summarized and analyzed based on the hier-
archical threshold structure. Assuming the threshold number 
is n, then n ≤

L

r
 (L is the grayscale of the image, which is 

usually 256), so

1.	 When n = 1, the calculation times of threshold T1 at the 
macro level is L

r
 , the calculation times of threshold T2 

at the micro level is r, and the total calculation times is 
L

r
+ r . When L

r
= r (that is, r =

√
L = 16 ), the minimum 

number of calculations of the algorithm is 2
√
L = 32.

2.	 When n = 2, the calculation times of threshold at the 
macro level is 

(
L

r

)2

 , the calculation times of threshold 
at the micro level is 2r, and the total calculation times is (
L

r

)2

+ 2r . According to the generalization of the mean 

value inequality,
(

L

r

)2

+ 2r =
(

L

r

)2

+ r + r ≥ 3
3

√(
L

r

)2

rr  . 

When 
(

L

r

)2

= r (that is, r = 3
√
L2 = 256

2

3 = 32 × 2
1

3

≈ 40.317 ), the minimum number of calculations of the 
algorithm is 3 3

√
L2 ≈ 121.

3.	 When n = 3, the calculation times of threshold at the 
macro level is 

(
L

r

)3

 , the calculation times of threshold 
at the micro level is 3r, and the total calculation times is (
L

r

)3

+ 3r . According to the generalization of the mean 

value inequality, 
(

L

r

)3

+ 3r =
(

L

r

)3

+ r + r + r ≥ 4
4

√(
L

r

)3

rrr . 

When 
(

L

r

)3

= r (that is, r = 4
√
L3 = 64 ), the minimum 

number of calculations of the algorithm is 4 4
√
L3 = 256

.
4.	 When n = 4, the calculation times of threshold at the 

macro level is 
(

L

r

)4

 , the calculation times of threshold 
at the micro level is 4r, and the total calculation times is 
(

L

r

)4

+ 4r . Similarly, we know that 
(

L

r

)4

+ 4r ≥ 5
5

√(
L

r

)4

rrrr . 

When 
(

L

r

)4

= r (that is, r = 5
√
L4 = 256

4

5 ≈ 84.449 ), the 
minimum number of calculations of the algorithm is 
5

5
√
L4 ≈ 422 . However, at this point, L

r
≈ 3 < n, (n = 4) , 

so r cannot be 88.449, and r can only be L
n
= 64 at most. 

L-1 f

g

0

L-1

r

T1

T2

Fig. 4   Schematic diagram of the hierarchical threshold method
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At this point, the total number of calculations is (
L

r

)4

+ 4r = nn + nr = nn + L.

5.	 According to the above analysis, when n > 4, r can only 
be L

n
 at most. At this point, the calculation frequency of 

threshold value is nn at the macro level, nr at the micro 
level, and nn + nr = nn + L at the total.

3.3 � Adaptive l based on neighborhood information

In order to effectively segment images with many kinds of 
noise, a 2D histogram of gray value-adaptive weight neigh-
borhood gray mean is established in Sect. 3.1. This 2D his-
togram is composed of gray value and adaptive weighted 
neighborhood gray mean (where: the gray value should keep 
pixel information as much as possible, while the adaptive 
weighted neighborhood gray mean should restore the image 
as much as possible), so that the noise can be located as far 
away from the main diagonal as possible in the 2D histo-
gram, and then the noise can be identified and filtered later 
based on parameter l. However, as shown in Fig. 2, accord-
ing to the relationship between |xf−yg| and l, the noise is 
recognized by the trapezoid region intercept histogram based 
Otsu method, and the recognition effect is heavily depend-
ent on the parameter l. However, the reasonable value of l 

depends on the situation of the image itself, and it is usu-
ally impossible to determine its uniform value in advance. 
In this regard, we took Slice100 brain MR images as the 
objects to analyze the noise recognition when l = 10, 40, 
70, 100 and 130, which the pepper and salt noise intensity 
λ in these images is 0.001, 0.05 and 0.1, respectively. As 
can be seen from Fig. 5, when l = 10, this method can better 
identify the noise in the image, but some normal pixels are 
mistaken for noise. When l = 100 or 130, this method will 
not mistake normal pixel for noise, but there are still a lot of 
noise in the image that are not recognized normally. It can 
be seen that when l is small, normal pixels may be mistaken 
for noise. When l is larger, a large number of noise cannot be 
recognized normally. Therefore, when λ = 0.001, the noise 
interference is small, then l is suitable to take a larger value 
(such as l = 100 or 130). When λ = 0.1, the noise interfer-
ence is large, and l is suitable to take a smaller value (such 
as l = 40). When λ = 0.05, the noise interference is moder-
ate, and the value of l should be neither too large nor too 
small (such as l = 40 or 70). In addition, by comparing the 
recognition effects of different l values on the same image, 
we find that different noise points can be identified based 
on different l values. Therefore, for images with different 
noise or different pixels in the same image, the ideal value 

Fig. 5   Effect analysis of parameter l on noise recognition
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of l varies, so the method of specifying the uniform value of 
l in advance is not universal.

In order to distinguish the image with different noise and 
each pixel in the image, we use the recognition result of 
Eq. (8) to design an adaptive method of parameter l.

where lij is the l value of pixel (i, j), S(z) is the noise recogni-
tion result of pixel (i, j) based on Eq. (8), β is the regulator 
to prevent lij from getting too large, and lmin and lmax are the 
minimum and maximum values of |xf-yg| of all pixels in the 
current image.

As can be seen from above, this paper adopts the 
improved bilateral filtering result η′ instead of the traditional 
mean filtering yg for image segmentation. Therefore, yg and l 
in Eq. (1) are replaced by η′ and lij respectively, then Eq. (1) 
can be modified as:

According to Eq. (12), the larger S(z) is, the more likely 
the pixel (i, j) is to be a noise point, and the closer the lij is 
to lmin, so that |xf−η′|> lij is established to judge the pixel 
as a noise point. The smaller S(z) is, the more likely it is 
that the pixel (i, j) is to be a normal pixel, and the closer lij 
is to lmax, so that |xf−η′|≤ lij is established to judge that the 
pixel is not a noise point. It can be seen that Eq. (11) can 
be used to calculate the value of the parameter l according 
to the actual situation of the pixel itself, while Eq. (12) can 
identify and correct the noise according to the calculation 
result of Eq. (11), so as to enhance the anti-noise capability 
of the algorithm.

3.4 � Implementation of the adaptive trapezoid 
region intercept histogram based Otsu method

The specific implementation steps of the adaptive trapezoid 
region intercept histogram based Otsu method are as follows:

Step1 Input image f, initialization parameters σs = 1.5, 
σr = 8, a = 10, lmin = 0, lmax = L−1√

2
.

Step2 According to Eq. (10), the intermediate quantity f′ 
is calculated and f(x,y) in Eq. (7) is replaced by f′(x,y), so as 
to obtain the adaptive weight neighborhood gray mean based 
on bilateral filtering, and establish a 2D histogram of gray 
value-adaptive weight neighborhood gray mean.

Step3 According to Eq. (11), the adaptive parameter lij of 
pixel (i,j) is calculated, and adaptive filtering is performed 
according to Eq. (12).

(11)lij = lmin + �(lmax − lmin)(1 − S(z))

(12)h∗
2

(
xf , 𝜂

�)
=

{
round

((
xf + 𝜂

�)
∕r
)
,
|||xf − 𝜂

� ||| ≤ lij

round
((
𝜂
�

+ 𝜂
�)
∕r
)
,
|||xf − 𝜂

� ||| > lij

Step4 According to the method in Sect. 3.2, the side 
length r was determined, and the trapezoid region intercept 
histogram was established, and the macro-threshold T1 was 
solved by the maximum between-class variance criterion.

Step5 In the trapezoid region corresponding to the macro-
threshold T1, the maximum between-class variance criterion 
is used to calculate the micro-threshold T2.

Step6 Segment the image according to the micro-threshold 
T2 to obtain the segmentation result.

Step7 Output the result image after segmentation.

4 � Test experiment and result analysis

4.1 � Experimental setting and image data set

In order to test the segmentation performance of adaptive 
trapezoid region intercept histogram based Otsu method, this 
paper selected brain MR images from Slice 16–105 in the 
Medical Image Depository of Harvard University (Brain Web 
2020) as objects and conducted the following two groups of 
experiments respectively: (1) effectiveness verification experi-
ments of algorithm improvement. The adaptive weighted 
neighborhood mean filter in Sect. 3.1, mean filter, median 
filter and bilateral filter were used to denoising the brain MR 
images with different noises to verify the performance of the 
adaptive weighted neighborhood mean filter, so as to analyze 
the rationality of constructing a 2D histogram based on the 
adaptive weighted neighborhood gray mean. On the basis of 
the trapezoid region intercept histogram based Otsu method, 
the hierarchical threshold method is introduced to reclassify 
the trapezoid domain to improve the accuracy of image seg-
mentation, so as to analyze the effectiveness of the hierarchical 
threshold method to improve the algorithm. In order to ana-
lyze the influence of adaptive l on the algorithm’s anti-noise 
capability, the trapezoid region intercept histogram based 
Otsu methods using adaptive l and fixed l were compared. 
(2) Segmentation performance test experiments. In order to 
analyze the anti-noise capability, timeliness and detail reten-
tion of the adaptive trapezoid region intercept histogram based 
Otsu method, a single threshold segmentation experiment was 
carried out comparing with several current mainstream Otsu 
methods. Compared qualitatively and quantitatively with 
the multi-level thresholding segmentation methods of brain 
MR image, which have good performance at present, so as 
to analyze the applicability of the adaptive trapezoid region 
intercept histogram based Otsu method to brain MR image 
segmentation. All experiments were implemented by Matlab 
(R2011a). The parameter ε was set as the default minimum 
value of 2.2204 × 10–16 in Matlab, and the parameter a = 10. 
The CPU of the PC was Intel (R) Celeron(R) 1.50 GHz and 
RAM was 2.0 GB.
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4.2 � Effectiveness test of this improved method

4.2.1 � Performance test of adaptive weighted 
neighborhood mean filtering

To verify the effectiveness of the adaptive weighted neigh-
borhood mean filtering method, Slice 16–105 brain MR 
images were divided into five groups: slice 16–33, slice 
34–51, slice 52–69, slice 70–87, and slice 88–105. Slice 
16–33 brain MR images contain pepper and salt noise with 
density λ = 0.05; Slice 34–51 brain MR images contain 
Gaussian noise with mean m = 0 and variance var = 0.03; 
slice 52–69 brain MR images contain Gauss-pepper and salt 
mixed noise (pepper and salt noise with density λ = 0.05, 
Gaussian noise mean with m = 0 and variance var = 0.03); 
slice 70–87 brain MR images contain Poisson noise; slice 
88–105 brain MR images contain Speckle noise with vari-
ance var = 0.04. Slice 16–105 brain MR images were filtered 
by adaptive weighted neighborhood mean filter, mean filter, 
median filter and bilateral filter, etc. Figure 6 shows some 
images and their filtering results.

It can be seen from Fig. 6 that the mean filtering method 
can eliminate Gaussian noise well, but it has poor processing 
effect on pepper and salt noise. The median filter method 
can eliminate the pepper and salt noise well, but it has poor 
effect on Gaussian noise and Speckle noise. The filtering 
effect of the bilateral filtering method is close to that of the 
mean filtering method, but it can keep the edge details of 
the image better and the processing effect of Speckle noise 
is relatively good. Based on the bilateral filtering method, 
the adaptive weighted neighborhood mean filtering method 
can calculate weight adaptively according to whether the 
current pixel is noise or not, so it can keep the image details 
well and achieve relatively good filtering effect for all kinds 
of noises. It can be seen that the adaptive weighted neigh-
borhood mean filtering method can recover the image better, 
and the 2D histogram constructed based on this method can 
better distribute the noise in the region far away from the 
diagonal, thus providing good conditions for the subsequent 
noise correction.

4.2.2 � Performance test of hierarchical threshold method

In order to verify the effectiveness of the hierarchical 
threshold method, which was used to improve the trap-
ezoid region intercept histogram based Otsu method, and 
the experimental results were compared and analyzed 
with the traditional trapezoid region intercept histogram 
based Otsu method. In order to make the comparison 
clearer and distinguish the segmentation effects of the 
two methods from the visual perspective, l = 20, 30, and 
40 were used to segment slice 16–51, slice 52–87, and 
slice 88–105 brain MR images, respectively. Figure 7 

shows the segmentation results of partial images. It can 
be seen from Fig. 7 that although the difference between 
the two is small, it can still be found that the trapezoid 
region intercept histogram based Otsu method based on 
the hierarchical threshold can better preserve the image 
details. It can be seen that the hierarchical threshold 
method can improve the accuracy of image segmentation 
to some extent because it can reclassify the pixels in the 
trapezoid region. Therefore, the rationality and effective-
ness of the hierarchical threshold method adopted in this 
paper are verified experimentally.

4.2.3 � Performance test of adaptive l

In order to analyze the influence of adaptive parameter l 
on the algorithm’s anti-noise capability, slice 16–105 brain 
MR images were divided into five groups as in Sect. 4.2.1: 
slice 16–33, slice 34–51, slice 52–69, slice 70–87, and slice 
88–105. Pepper and salt noise with density λ = 0.02, 0.04, 
0.06, 0.08 and 0.1 was added to these five groups of images 
to better distinguish the experimental results from the visual 
perspective. In the experiment, the trapezoid region intercept 
histogram based Otsu methods at l = 10, 40, 70, 100 and 130 
were used to segment the above five groups of images, and 
the experimental results were compared with the segmenta-
tion results of the trapezoid region intercept histogram based 
Otsu method with adaptive parameter l. Figure 8 shows the 
segmentation results of some images. It can be seen from 
Fig. 8 that the trapezoid region intercept histogram based 
Otsu method can identify and correct most of the noise in 
the images when l = 10 and 40, but the loss of image detail 
information is caused by a large number of misrecogni-
tion. Although the algorithm can keep the image details 
well when l = 100 and 130, a large number of noises are not 
recognized. When adaptive l is adopted, the algorithm can 
remove the noise well while keeping the image details. In 
short, the smaller l, the more complete the noise recognition, 
but the higher the error recognition rate, the more serious the 
detail loss. The larger the l, the better the detail retention, 
but the less noise is identified. Therefore, when the noise 
interference is small, the main consideration should be to 
keep the image details, so it is appropriate to take a large 
value of l; when the noise interference is large, the noise 
factor should be mainly considered, and it is appropriate 
to take a small value of l. However, as the image is often 
unpredictable due to noise interference, and different pixels 
in the same image are interfered by noise differently, it is dif-
ficult to specify a uniform value of l in advance in practical 
application. Adaptive l can adaptively calculate the l value 
according to the difference between the current pixel and 
the surrounding pixel, so every pixel has the corresponding 
l value (instead of using the same l value for all the pixels of 
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Fig. 6   Comparison of filtering effects of different filtering methods
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the whole image), so it can process each pixel in the image 
differently. This method does not need the prior knowledge 
of image, so it has stronger universality and practicability.

4.3 � Comparison of segmentation performance

In order to further test the algorithm’s segmentation per-
formance, this paper selects four measurements (Xiao et al. 
2019), namely Peak Signal to Noise Ratio (PSNR), Misclas-
sification Error (ME), Structural Similarity Index (SSIM) 
and Root Mean Squared Error (RMSE), to conduct quan-
titative analysis on the performance of this algorithm. The 
quantitative comparison experiment in this section includes 
the following two parts: (1) in order to analyze the segmen-
tation performance of adaptive trapezoid region intercept 
histogram based Otsu method, it is firstly compared with 
several improved Otsu methods with good performance. 
Since some improved Otsu methods are difficult to extend 
to multiple thresholds, for the convenience of comparison, 
all the algorithms use single threshold to segment image. (2) 
In view of the complexity of brain MR images, multi-level 

thresholding segmentation is usually required, so it is quanti-
tative comparison with several current multi-level threshold-
ing segmentation methods to verify the applicability of this 
method to brain MR image segmentation.

4.3.1 � Comparative analysis with other Otsu methods

To verify the effectiveness of adaptive trapezoid region 
intercept histogram based Otsu method (ATRIH_Otsu), it 
is compared with several improved 2D histogram Otsu meth-
ods such as Median filtered Otsu method (Median_Otsu), 
mean filtered Otsu method (Mean_Otsu),

Precise 2D Otsu method (P2D_Otsu) (Zhang et al. 2011), 
Robust 2D Otsu method (R2d_Otsu) (Sha et al. 2016), Adap-
tive angle threshold based Otsu method (AAT_Otsu) (Xiao 
et al. 2020) and Trapezoid region intercept histogram based 
Otsu method (TRIH_Otsu) (Xiao et al. 2019). To make 
the comparison more obvious, the slice 16–105 brain MR 
images with noise in Fig. 7a were used as the test objects, 
and the neighborhood size of all methods was 5 × 5. Because 
ATRIH_ Otsu was found to be able to take into account all 

Fig. 7   Comparison of the segmentation effect of the trapezoid region intercept histogram based Otsu method with and without the hierarchical 
threshold method
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Fig. 8   Comparison of segmentation effect of fixed and adaptive l by trapezoid region intercept histogram based Otsu method
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kinds of noises when β = 0.2, so β = 0.2 was used in this 
paper.

Tables 1, 2, 3 and 4 show the quantitative comparison 
results of the images in Fig. 6a. From Tables 1, 2, 3, and 4, it 
can be seen that PSNR and SSIM of P2D_Otsu are relatively 

minimum (ME and RMSE are relatively maximum), which 
is due to the inaccuracy of image segmentation caused by the 
cross partition of 2D histogram in this method. Compared 
with P2D_Otsu, R2d_Otsu uses post-processing operation to 
correct the noise, so its PSNR and SSIM are larger (ME and 
RMSE are smaller). Because the noise correction strategy of 
AAT_Otsu, TRIH_Otsu and ATRIH_Otsu only corrects part 
of the noise, which avoids the loss of image information to a 
certain extent, their segmentation effect is relatively better. 
Except Slice 90, the PSNR and SSIM (ME and RMSE) of 
TRIH_Otsu and ATRIH_Otsu are respectively larger (smaller) 
than those of AAT_Otsu, indicating that it is more reason-
able to partition 2D histogram by trapezoids perpendicular to 
the main diagonal than by angle. Mean filtering can remove 
Gaussian noise well, but it is easy to smooth the image, so 
PSNR and SSIM (ME and RMSE) are bigger (smaller) than 
Median_Otsu when it is used to segment images with Gauss-
ian noise. It can be seen that if the type and intensity of noise 
contained in the image are known in advance, the method of 
filtering first and then segmentation has better segmentation. 
However, the noise in the actual application of the image is 
often unpredictable, blind filtering may lose the image infor-
mation. On the whole, ATRIH_Otsu’s PSNR and SSIM are 
relatively maximum (ME and RMSE are relatively minimum), 
indicating that this method has relatively good segmentation 
performance for all kinds of noises. This comparative experi-
ment verifies the effectiveness of the three improvement strate-
gies from a quantitative perspective.

In terms of algorithm efficiency, assume that the image 
gray scale ranges from 0 to L, AAT_Otsu’s angle threshold 
range from 0 to θ. The complexity of P2D_Otsu’s algorithm 
is O(L2), the complexity of R2D_Otsu, Median_Otsu, Mean_
Otsu, AAT_Otsu and TRIH_Otsu is O(2L), O(L), O(L), O(θ) 
and O(L/r) respectively. The ATRIH_Otsu uses a hierarchi-
cal threshold model, where the value of macro-threshold T1 
ranges from 0 to L/r and the value of micro-threshold T2 ranges 
from T1 to (T1 + r), so this algorithm’s complexity is O(L/r + r). 
Table 5 shows that in terms of algorithm efficiency, the perfor-
mance of each algorithm is ranked as:

Table 1   PSNR values of each improved 2D Otsu method

Method Sclice18 Sclice36 Sclice54 Sclice72 Sclice90

P2D_Otsu 7.4123 9.1263 10.9294 13.2892 14.4210
R2D_Otsu 11.0023 11.0518 12.6296 14.2572 17.0220
AAT_Otsu 12.5921 12.2165 11.5990 15.6484 19.1611
TRIH_Otsu 12.8743 12.3761 12.7043 15.7718 18.7348
Median_Otsu 17.1853 12.9195 12.3408 18.4381 20.6397
Mean_Otsu 13.9062 13.1845 11.5391 17.2306 20.6213
ATRIH_Otsu 15.4814 13.5799 12.8220 17.2096 20.6520

Table 2   ME values of each improved 2D Otsu method

Method Sclice18 Sclice36 Sclice54 Sclice72 Sclice90

P2D_Otsu 0.2220 0.1828 0.1402 0.0859 0.0671
R2D_Otsu 0.1272 0.1287 0.0998 0.0702 0.0384
AAT_Otsu 0.0980 0.1130 0.1273 0.0533 0.0241
TRIH_Otsu 0.0935 0.1036 0.0994 0.0508 0.0264
Median_Otsu 0.0377 0.0973 0.1099 0.0284 0.0179
Mean_Otsu 0.0773 0.0921 0.1304 0.0352 0.0183
ATRIH_Otsu 0.0526 0.0839 0.0993 0.0372 0.0172

Table 3   SSIM values of each improved 2D Otsu method

Method Sclice18 Sclice36 Sclice54 Sclice72 Sclice90

P2D_Otsu 0.6056 0.7329 0.8390 0.9066 0.9270
R2D_Otsu 0.8127 0.8245 0.8906 0.9251 0.9598
AAT_Otsu 0.8658 0.8542 0.8579 0.9454 0.9754
TRIH_Otsu 0.8685 0.8701 0.8923 0.9471 0.9729
Median_Otsu 0.9541 0.8831 0.8814 0.9713 0.9801
Mean_Otsu 0.9031 0.8882 0.8571 0.9622 0.9747
ATRIH_Otsu 0.9322 0.9005 0.8941 0.9620 0.9826

Table 4   RMSE values of each improved 2D Otsu method

Method Sclice18 Sclice36 Sclice54 Sclice72 Sclice90

P2D_Otsu 108.6245 89.1713 72.4551 55.2181 48.4720
R2D_Otsu 71.8501 71.4415 59.5744 49.3946 35.9285
AAT_Otsu 59.8320 62.4766 67.0794 42.0842 28.0856
TRIH_Otsu 57.9192 61.3387 59.0642 41.4906 29.4985
Median_Otsu 35.2595 57.6187 61.5889 30.5234 23.6949
Mean_Otsu 51.4316 55.8879 67.5437 35.0761 23.7397
ATRIH_Otsu 42.9015 53.4003 58.2694 35.1608 23.6559

Table 5   Segmentation Efficiency of each improved 2-D Otsu method 
(/ms)

Method Sclice18 Sclice36 Sclice54 Sclice72 Sclice90

P2D_Otsu 52.578 52.761 52.586 52.635 52.331
R2D_Otsu 30.253 30.373 30.417 30.046 29.905
AAT_Otsu 9.695 9.586 9.594 9.452 9.654
TRIH_Otsu 3.476 3.767 3.563 3.639 3.645
Median_Otsu 9.911 9.817 9.948 9.653 9.850
Mean_Otsu 9.851 10.099 9.811 9.677 9.703
ATRIH_Otsu 7.418 7.589 7.575 7.370 7.675
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4.3.2 � Comparison with other multi‑level thresholding 
segmentation methods for brain MR image

Due to the complexity of brain tissues, multiple thresholds 
are often needed to separate different brain tissues. There-
fore, in this section, Slice 20, Slice 40, Slice 60 and Slice 
80 brain MR images with different noises (Xiao et al. 2019) 
were selected for this multi-level thresholding segmenta-
tion experiment. As shown in Fig. 9, the four images con-
tain pepper and salt noise, Gaussian noise, Poisson noise 
and Speckle noise, respectively. To verify the multi-level 
thresholding segmentation performance of ATRIH_Otsu, it 
was compared with the Efficient cuckoo search based Otsu 
method (ECS_Otsu) (Shilpa and Shyam 2016), Evolutionary 
gray gradient based Otsu method (EGG_Otsu) (Rutuparna 
et al. 2017), Non-local means 2D histogram based Renyi 
entropy method (NLM2D_ Renyi) (Himanshu and Mukesh 
2018) and Trapezoid region intercept histogram based Otsu 
method, TRIH_Otsu) (Xiao et al. 2019), which are currently 
good multi-level thresholding segmentation methods. Among 
them, ECS_Otsu is based on 1D gray histogram, while other 
methods are based on improved 2D histogram. For conveni-
ence of comparison, this paper only compares the segmenta-
tion performance of various methods based on RMSE, SSIM, 
PSNR and ME, as in literature (Xiao et al. 2019).

Tables 6, 7, 8 and 9 respectively show RMSE, SSIM, 
PSNR and ME of various algorithms when the threshold 
number m = 2, 3, 4, 5, among which the experimental data 
of ECS_Otsu, EGG_Otsu, NLM2D_Renyi and TRIH_Otsu 
are from literature (Xiao et al. 2019). From the compari-
son results, we can see that the RMSE and ME (SSIM 
and PSNR) of ECS_Otsu are relatively maximum (mini-
mum), indicating that the 2D gray histogram has an obvious 
advantage over the traditional 1D gray histogram in noise 

TRIH_Otsu > ATRIH_Otsu > AAT_Otsu > Median_Otsu

≈ Mean_Otsu > R2D_Otsu > P2D_Otsu

resistance. TRIH_Otsu and ATRIH_Otsu both corrected the 
noise to some extent, so SSIM and PSNR (RMSE and ME) 
of them were relatively larger (smaller) than EGG_Otsu and 
NLM2D_Renyi. ATRIH_Otsu not only uses the hierarchical 
threshold method to improve the accuracy of image segmen-
tation, but also can adaptively identify and correct noise 
according to the specific situation of the image, so its SSIM 
and PSNR(RMSE and ME) are relatively maximum (mini-
mum). In addition, we can also see that RMSE (SSIM and 
PSNR) of each method shows a trend of gradually decreas-
ing (increasing) with the increase of threshold number, 
indicating that the segmentation quality of each method is 

Fig. 9   Brain MR images with different noises

Table 6   Comparison of slice 20 brain image segmentation perfor-
mance by different methods

Algorithms m RMSE SSIM PSNR ME

ECS_Otsu 2 33.3541 0.7014 17.6678 0.0531
3 32.5233 0.7862 17.8869 0.0680
4 32.3402 0.7959 17.9359 0.0810
5 30.7660 0.8164 18.3694 0.0980

EGG_Otsu 2 30.4784 0.7466 18.4510 0.0439
3 28.6134 0.8038 18.9994 0.0621
4 28.2897 0.8247 19.0982 0.0801
5 28.2590 0.8327 19.1077 0.0868

NLM2D_Rényi 2 32.0194 0.7465 18.0225 0.0446
3 29.0551 0.7947 18.8664 0.0626
4 28.5015 0.8206 19.0334 0.0806
5 28.3872 0.8312 19.0684 0.0965

TRIH_Otsu 2 25.2448 0.8177 20.0874 0.0258
3 21.1759 0.8871 21.6140 0.0320
4 17.7868 0.9242 23.1289 0.0328
5 15.7361 0.9442 24.1928 0.0335

ATRIH_Otsu 2 15.4491 0.9503 24.3527 0.0121
3 12.0960 0.9701 26.4779 0.0123
4 10.2211 0.9787 27.9409 0.0131
5 9.1337 0.9830 28.9178 0.0144
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better and better with the increase of threshold number. This 
multi-level thresholding segmentation experiment verified 
the superiority of ATRIH_Otsu once again, and the method 
can be applied to brain MR image segmentation.

5 � Conclusion

The trapezoid region intercept histogram based Otsu method 
needs to improve the anti-noise capability and detail reten-
tion, it is difficult to apply to images with different noise. 
In this paper, by analyzing the advantages and disadvan-
tages of trapezoid region intercept histogram based Otsu 
method, an adaptive trapezoid region intercept histogram 
based Otsu method is proposed. This method is based on 2D 
histogram of gray value-adaptive weighted neighborhood 
gray mean, so that the algorithm can give consideration to 
anti-noise capability and detail retention. In the trapezoid 
region corresponding to the macro-threshold T1 of trap-
ezoid region intercept histogram based Otsu method, the 
hierarchical threshold method was used to further determine 
the micro-threshold T2, so as to improve the accuracy of 
image segmentation. According to the neighborhood of the 
pixel, the parameter l is calculated adaptively and the noise 
is corrected according to this adaptive l, so as to enhance 
the universality of the algorithm. Experimental results 
show that the three improvement strategies can improve the 

Table 7   Comparison of slice 40 brain image segmentation perfor-
mance by different methods

Algorithms m RMSE SSIM PSNR ME

ECS_Otsu 2 36.6692 0.7229 16.8448 0.0561
3 28.1544 0.8481 19.1399 0.0642
4 23.9766 0.8959 20.5351 0.0644
5 22.6010 0.9108 21.0483 0.0731

EGG_Otsu 2 30.4218 0.8131 18.4671 0.0430
3 26.0676 0.8787 19.8088 0.0543
4 25.1190 0.8980 20.1308 0.0711
5 22.0542 0.9173 21.2610 0.0724

NLM2D_Rényi 2 29.2365 0.8225 18.8123 0.0408
3 25.3724 0.8808 20.0436 0.0518
4 23.0701 0.9059 20.8698 0.0600
5 21.1109 0.9273 21.6407 0.0646

TRIH_Otsu 2 25.0104 0.8648 20.1684 0.0242
3 20.8863 0.9176 21.7336 0.0315
4 18.3760 0.9394 22.8458 0.0320
5 16.8840 0.9505 23.5813 0.0332

ATRIH_Otsu 2 21.4065 0.9200 21.5199 0.0215
3 18.7783 0.9379 22.6577 0.0226
4 17.8861 0.9438 23.0805 0.0263
5 16.6521 0.9508 23.7014 0.0264

Table 8   Comparison of slice 60 brain image segmentation perfor-
mance by different methods

Algorithms M RMSE SSIM PSNR ME

ECS_Otsu 2 41.7006 0.6821 15.7280 0.0238
3 28.3779 0.8634 19.0712 0.0264
4 22.9264 0.9074 20.9241 0.0527
5 20.1931 0.9301 22.0268 0.0678

EGG_Otsu 2 34.0555 0.7729 17.4871 0.0198
3 27.1168 0.8649 19.4660 0.0271
4 20.5753 0.9264 21.8639 0.0316
5 17.3279 0.9480 23.3559 0.0348

NLM2D_Rényi 2 32.0218 0.7965 18.0219 0.0196
3 25.3200 0.8810 20.0615 0.0206
4 20.3917 0.9298 21.9417 0.0211
5 16.1593 0.9554 23.9624 0.0215

TRIH_Otsu 2 30.9271 0.8136 18.3240 0.0193
3 23.9848 0.8964 20.5321 0.0194
4 18.4062 0.9409 22.8315 0.0203
5 14.8616 0.9632 24.6895 0.0207

ATRIH_Otsu 2 18.4194 0.9484 22.8253 0.0187
3 14.9975 0.9663 24.6104 0.0190
4 13.2616 0.9738 25.6789 0.0200
5 13.5099 0.9735 25.5177 0.0198

Table 9   Comparison of slice 80 brain image segmentation perfor-
mance by different methods

Algorithms M RMSE SSIM PSNR ME

ECS_Otsu 2 44.3625 0.6126 15.1905 0.0424
3 31.9770 0.8105 18.0340 0.0483
4 27.1103 0.8567 19.4681 0.0719
5 25.0474 0.8830 20.1555 0.0845

EGG_Otsu 2 35.0758 0.7230 17.2307 0.0305
3 30.0227 0.8134 18.5818 0.0371
4 24.9612 0.8823 20.1855 0.0406
5 21.9893 0.9103 21.2866 0.0548

NLM2D_Rényi 2 33.4222 0.7532 17.6501 0.0241
3 28.1949 0.8383 19.1274 0.0296
4 24.7507 0.8882 20.2590 0.0353
5 21.1298 0.9177 21.6329 0.0420

TRIH_Otsu 2 30.8797 0.7916 18.3373 0.0216
3 22.6889 0.8963 21.0145 0.0251
4 19.2865 0.9278 22.4257 0.0262
5 16.4322 0.9499 23.8169 0.0269

ATRIH_Otsu 2 18.1404 0.9441 22.9579 0.0200
3 15.6530 0.9591 24.2389 0.0223
4 13.9822 0.9675 25.2193 0.0235
5 12.4933 0.9743 26.1973 0.0238
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algorithm’s anti-noise capability or detail retention to some 
extent. Compared with several mainstream Otsu methods, 
the adaptive trapezoid region intercept histogram based Otsu 
method can better segment the images with different noise, 
showing good universality and anti-noise stability. The quan-
titative comparison experiments of multi-level thresholding 
segmentation show that adaptive trapezoid region intercept 
histogram based Otsu method has good segmentation perfor-
mance and can be applied to brain MR image segmentation. 
Although this method can segment image with various noise 
effectively, the problem of noise identification is a difficult 
problem at present. So, there is still some noise in the seg-
mentation results. Therefore, improving the performance of 
the noise recognition method is of great significance to the 
improvement of this method. And the work of this paper can 
provide a method reference for the processing of clinical 
medical images and show good theoretical significance and 
practical value.
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