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Abstract: Binary thresholding methods separate image pixels into two groups as 0s or 1s. The two types of binary
thresholding methods are global thresholding and local thresholding. Global thresholding methods are appropriate for
binarizing the images that has smooth and contrast distribution of pixels. The performance of global thresholding
struggles with distorted and tampered images as it introduces additional noise and causes variation in contrast and
illumination. Local adaptive thresholding methods address the issue with every pixel a threshold based on the contrast
distribution of neighboring pixels. This paper introduces Local Adaptive Percentage Split Distribution (LAPSD)
method for binarization. LAPSD computes threshold based on percentage wise split of neighboring pixels. The
performance of LAPSD is compared with benchmark binary thresholding methods such Bradley’s, Niblack’s, and
Sauvola’s against PSNR, SSIM and MSE metrics. The accuracy of LAPSD image binarization is measured using
Convolution Neural Network (CNN) models and the results prove that the performance of the proposed method
surpasses traditional methods in all means.

Index Terms: Binary thresholding, global thresholding, local adaptive thresholding, PSNR, SSIM, MSE

1. Introduction

Images contain text, shapes, drawing and graphic regions [1]. Most of the image processing applications use image
segmentation techniques to extract meaningful features from images [2,3]. In such instances, it is preferable to segment
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images into binary regions. The goal of image binarization is to transform the given coloured or grayscale image into a
bi-level image representation in order to segregate the features present in the foreground from background [4,5].

Image binarization methods are widely adopted in deep learning models for image classification and segmentation
problems [6-8]. Since, images can be represented as a matrix of pixel values, the researchers use binarization techniques
in complex networks [9]. Thresholding is a direct and simple approach for image binarization [10-12]. Thresholding
based image binarization methods convert an image into two relevant groups based on boundary threshold(s). The
methods assign each pixel of an image into a group that is defined with constant boundary (ies) in such a way that
pixels in one group are similar to each other than the pixels in other groups. Image binarization is obtained using global
thresholding and local adaptive thresholding methods [13,14]. Global thresholding methods use a single threshold value
‘T’ for binarizing the whole image [15]. In contrast, the local thresholding methods separate the image into multiple
windows and each pixel in the image gets its own threshold based on the neighborhood pixels in the window [16].

There are plenty of global and local thresholding-based image binarization techniques available in the literature,
none of them are gold standard [17], as they impact with factors like luminance, contrast and noise [18,19]. The other
factors that affect the performance of traditional binarization methods include: accuracy, time and computational
complexity [20-23]. Having considering the above problem statements, in this work, we present a local adaptive
thresholding method called Local Adaptive Percentage Split Distribution (LAPSD). The idea behind LAPSD
thresholding relies on calculating a threshold for each pixel based on the neighboring pixels on fixed window with size
‘w’ using percentage split distribution method.

2. Literature Review

The existing local adaptive thresholding methods available in the literature are plenty and each of them
significantly contributes for the improved performance of image binarization. Almost all the existing local adaptive
thresholding methods use integral sum of image for computing the local threshold of a window with size ‘w’. A pixel in
an integral image ‘intSum’ is the cumulative sum of all pixels embraced within the left and top of the corresponding

pixel from input image ‘I’ [24-26]. The integral sum of a pixel(x,y) of image ‘intSum’ can be calculated using the
notion given in Equ.1.

intSum ) = Y7, Zi'/:1 I jy @

Equ.1. may further be simplified in a single pass using the Equations 2 and 3.
The integral sum of 1% row and 1% column of integral image ‘intSum’ is calculated using the equations

intSum o) = I(1,y + intSumy,_qy, y =2..1n 2
intSum(x‘l) = I(x,l) + intSum(x_l_l), xX=2..m (3)

The other entries (X,y) of image the integral image is computed as given in Equ.4.
intSumy ) = I(xy) + IntSum,.,,_qy + intSumy_q ) — intSum,_1 ), x = 2..m;y =2..n 4)

The local sum of a pixel S(x,y) of a window ‘w’ is calculated in single pass with linear complexity using two
additions and one subtraction operations as depicted in Equ.5.

Stey) = [intSum(x+d_1,y+d_1) + intSum(x_d,y_d)] - [intSum(x_d,yJ,d_l) + intSum(x+d_1_y_d)] (5)
Where, d=w/2
The local arithmetic mean M(X,y) is the average of pixels within the window ‘wxw’ and is computed using the
Equ. 6.
Mxy) = Seeyy/ (W X w) (6)

The local adaptive thresholding method proposed by Niblack [27-31] computes the threshold of a pixel T(x,y) as
denoted in Equ.7:

Toey) = May) + kbxy) ™
Where,
M, is the local arithmetic mean of a local window ‘w’
k is the bias
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8 (x,y) is the standard deviation of pixels inside the local window ‘w’

Though, Niblack’s method is a widely used image binarization method, it works effectively only on low contrast
images. The method could introduce additional noise, with small window sizes.
Sauvola et al. [32-35] have proposed yet other integral image based local adaptive thresholding method for calculating
the threshold of pixel T(X,y) as denoted in Equ.8.

Ty = M(x,y)[1 + k(6(x.y)/R - 1)] 8
The method overcomes the additional noise problem found in Niblack’s method, yet struggles, if contrast between
foreground and background is low.
The local adaptive thresholding method proposed by Bradley’s [36-38] uses different notion for calculating the
local sum S(x,y) of a window ‘w’ as denoted in Equ.9.
S(xy) = INtSumy; 37y — intSum(x2, y1 — 1) — intSumyy _y 7y + intSumyy 1 511y 9
The values of x1, x2, y1 and y2 will be calculated using the Equations 10 and 11.
xX1=x—-w/2; x2=x+w/2 (10)
yi=y—-w/2;y2=y+w/2 (11)

Finally the output image is constructed using the equation shown in Equ.12.

1 if (I(xy) * count < Sy X (100 — tp)/100) (12)

Oun{
) 0 otherwise

where,
count = (x2 —x1) X (y2 —y1)
tp is the threshold percentage
The method is easy to implement, but the sparsity in foreground object results in significant background noise in

the output image.
Bernsen’s method [34] uses Equ.13 to calculate threshold value T(x,y) at (x,y) of a window size w>w as follows:

Teey) = 0-5(Imax(ijy + Imingi.jy) (13)

where,

Imax(i,j) @nd Inying, ;) are maximum and minimum values of within the local window

The raise in contrast and more neighborhood values increases the process time of the method.

Since, the binarization methods presented in the literature review have all got some limitations of its kind, there is
a need to propose an extensive binarization method, that overcomes these limitations.

3. Research Context and Methodology
In this paper, we propose an integral sum based local adaptive thresholding method ‘LAPSD’ for image
binarization. The method computes a threshold for each pixel in the input image (x,y) by considering a window of
neighbouring pixels with size ‘w>w’. The method calculates ‘intSum’ — the integral sum of image using Equ.4. The
minimum and maximum values of each ‘intSum” window is then computed and used in the calculation of threshold for
each pixel. Having the pixel (x,y) at the centre of the ‘intSum’ window ‘wxw’, the minimum and maximum values of
neighbouring pixels are computed using Equations 14 and 15.
minv ., = min(4, B) (14)
maxv .,y = max(4, B) (15)

The formulas for calculating A and B are shown in Equations 16 and 17.

A= [intSum(x+d_1_y+d_1) + intSum(x_d‘y_d)] (16)
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B = [intSum(x_d‘ym_l) + intSum(X+d_1_y_d)] (17)

where d = round (w/2)

In general, the window size ‘WindowSize’ is ‘wxw’, but varies for the pixels located in the brinks of the image.
The minimum and maximum values of ‘intSum’ window are applied in Equ.18 to derive the threshold of pixel(x,y) of
input image.

Tixy) = (maxv(x,y) - minv(x‘y)) X tp)/ WindowSize (18)

Where ‘tp’ refers to threshold percentage, by default it is set to 0.5.
Once, the threshold for pixel,y, is computed, an if-then association rules is then executed to binarize the input
image ‘I’ as depicted in Equ.19.

1 if (I <T
0 @y) = { ( ) (x:y)) (19)
0 otherwise

The performance of the LAPSD is kept increasing with different values of threshold percentage ‘tp’ with varying
window size ‘w’. To reduce the errors that occurs in the brinks of binarized image, ‘intSum’ is padded ‘d’ times with
last row and column. The step-by-step process of the proposed LAPSD method is shown in Algorithm 1.

Algorithm 1: LAPSD

Procedure. LAPSD (I, O, width, height)
1. fori=1 to width do

2. sum=0

3. for j=1 to height do

4, sum=sum-+I[i,j]

5. if i=0 then

6. intSum[i,jl=sum

7. else

8. intSum[i,j]=intSum[i-1,j]+sum
9. end if

10. end for

11. end for

12. d=round(window size/2)

13. fori=1toddo

14.  chind(intSum,intSum[height])
15. forj=1ltoddo

16.  rbind(intSum,intSum[width])
17. for i=1 to width do

18.  for j=1 to height do

19. A=intSum[i+d-1, j+d-1]+intSum[i-d,j-d]; B=intSum[i-d, j+d-1]+intSum[i+d-
1,j-d]

20. minv=min (A, B); maxv=max (A, B); t[i,j]=((maxv-
inv)>threshold)/(WindowSize)

21. if(I[i,j1<t[i,j]) then

22. O[ij]=0

23. else

24, Olijl=1

25. end if

26.  end for

27. end for
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If the look up index of ‘intSum’ is not found within the range of ‘intSum’, the corresponding index’s ‘intSum’
value is considered to be ‘0. The overview of the proposed methodology is demonstrated using a 3>3 input image ‘I’
with window size ‘w’ as 3, ‘d’ as 2 and threshold percentage ‘tp” as 0.5. Fig.1. denotes the derivation of integral image
‘intSum’. Fig.2. previews the neighboring pixels of each element in input image ‘I’.

1 0 1 1 1 2
Imagel 1 1 0
0 0 1
v
1 1 2 1 1 2
2 3 4 [€ 2
2 3 5 2
Fig. 1. Integral image ‘intSum’
1 0 1 1 0 1 1 0 1
1 1 0 1 1 0 1 1 0
0 0 1 0 0 1 0 0 1
1 0 1 1 0 1 1 0 1
1 1 0 1 1 0 1 1 0
0 0 1 0 0 1 0 0 1
1 0 1 1 0 1 1 0 1
1 1 0 1 1 0 1 1 0
0 0 1 0 0 1 0 0 1

Fig. 2. Neighboring pixels of each element in Input Image ‘I’ (w>w size)

The threshold for the element (2,2) of the input image ‘I’ can be calculated as follows:

A = intsum(2+2_1‘2+2_1) + intsum(z_z‘z_z)]
B = [intsum(2_2’2+2_1) + intsum(2+2_1’2_2)]
A= [intSum(3,3) + intSum(OJO)]

B = [intSum(0_3) + intSum(3‘o)]
A=[54+0]=5

B=[0+4+0]=0

maxvy,) = max(4, B) = max(5,0) =5
minv, ,y = min(4, B) = min(5,0) = 0

Having computed the values maxv; 5y and minv, ,y, The threshold T, ; can be computed as

Ty = ((r(r%%gc — minv(z_z)) X tp) / WindowSize = ((5—-0) x 0.5)/9 = 2.5/9 = 0.278

The step-by-step calculation of threshold T(, 5 is presented in Fig.3.
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Tmage 1 intSum Padding of last row and last Calculation of
22 5 . .
@2 column ‘d’ times at ‘intSum’ Binary Threshold,, ,,
11|22z - i
rpoge 11102 R
T T 134 (4a]4 P R o
) 2 2|35 |s|s =
0 0 1 2]13]s - 03| 2 3 5| s
2|35 |5]5
PR
2|35 |5]s IR
4 6 4
5 6 9 [
[oa| [— ['&& o 2
4 6 4
. Comparison of
Binary Image, ; N . .
Y IMage 2) Input Image ... Threshold,, », neighboring
with elements I 5,

threshold

Fig. 3. Demonstration of LAPSD method for an element (2,2) of input image ‘I’

Thresholds for each element in the input image ‘I’ and the corresponding output is shown in Fig.4.

Threshold

0.375| 0.33 2
0.25 | 0.278 | 0.25

T To 2 0.25 | 0.25 [0.25 ’ 0 .

1 1 0 1 1 0

0 0 1 0 0 1
Input

Image T’ Output Image ‘O

Fig. 4. LAPSD Thresholds for each element in ‘I’
4. Experimentation

The proposed LAPSD method, is an image binarization technique, and can be used for recognizing objects, shapes
and characters. The method could clearly separate object of interest from background. Thus, the method can be adopted
as an image-preprocessing technique for segmenting tasks. The efficiency of the proposed method is tested to classify
the clipart images. This section describes the experimentation of proposed methodology over some bench mark clipart
images taken from https://favpng.com/png_search/tree [39]. The dataset contains 5,000 colored images, out of which
several random images of ‘COCONUT’ and ‘FIG’ trees have been chosen for the experimentation. The experimental
images are varying in size with odd and even dimensions. Fig.5. shows the experimental images. The images have
specific challenging characteristics such as water marking, low-high contrast variations, additive random noises, spatial
variations in lightings, smoothed borders and motifs of structured noise. The objective of the experimentation is to
analyze the performance of the proposed LAPSD method over these challenging images. Experimentation of the
proposed work is categorized into two sections, i). conventional experimentation and convolutional experimentation.
Under conventional experimentation the performance of the LAPSD method is verified against Peak Signal to Noise
Ratio (PSNR), Structural Similarity Index (SSIM) and Mean-Square Error (MSE) metrics. On the other hand, in
convolutional experimentation the performance of the proposed LAPSD method is verified against accuracy and loss
metrics with respect to image classification.

4.1. Conventional Experimentation

The conventional experimentation is conducted using R Studio version 3.6.1 on a workstation with Intel Core i5
processor with Windows 10 Operating system (64 bits) installed in it. In conventional experimentation we pass the
input images into four image binarization methods such as proposed LAPSD, Bradley, Niblack and Sauvola and
measure the performance of the methods against PSNR, SSIM and MSE metrics for different window sizes. A details
description on the conventional metrics is discussed in this section.

The Mean-Square Error (MSE) is the summation of squared error between the original and segmented image [40].
The lower the value of MSE, the lower the error is. Equ.20. is used to compute the MSE

MSE = Exyy [0(x,y) = S(x,)]?/(X X Y) (20)
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Where,

O refers to the original image

S refers to the segmented image

X and Y refers to the rows and columns in the original and segmented images

PSNR metric computes the Peak Signal-to-Noise-Ratio (PSNR) between original and segmented image in decibels.
The higher the PSNR, the better the quality of the segmented image is [41]. PSNR is a measure of peak error, derived
from MSE. The formula for computing PSNR is denoted in Equ.21.

PSNR = 10log,,(F2/MSE) 1)

Where,

F refers to the maximum fluctuation in the image data type.

SSIM is a multiplicative combination of luminance (1), contrast (c) and structure (St)(Ho et al., 2019), explained
using the notions given from Equ.22. to Equ.27.
The luminance of comparison of original and segmented image is computed using the formula shown in Equ.22.

1(0,8) = Quos + C)/(uh + ué + Cy) (22)

where,

Lo refers to the mean of original image

ug refers to the mean of segmented image

C, is a constant for stabilizing the division with weak denominator which is calculated using the Equ.23.

C, = (k1.L)? (23)

Where k1 is a constant with value 0.01
L is dynamic range of pixel-values which is 2# of pixels _ 1
The contrast comparison of original and segmented image may be computed using the formula shown in Equ.24.

€(0,5) = (2oy0s + C5) /(02 + 62 + C5) (24)

where,

o, refers to the variation of original image

o refers to the variation of the segmented image

C, is a constant for stabilizing the division with weak denominator which is calculated using the Equ.25.

C, = (k2 - L)? (25)

Where k2 is a constant with value 0.03
L is dynamic range of pixel-values which is 2% of pixels _ 1
The structural similarity of the original image and segmented image is computed using Equ.26.

5t(0,5) = (0oS + C3)/(0p0s + C3) (26)
where,
o, refers to the variation of original image

o, refers to the variation of the segmented image
C3 = C2/2

Finally, Structural Similarity Index (SSIM) is computed as the weighted combination of the comparative measures
of luminance, contrast and Structure using the formula denoted in Equ.27.

SSIM(g.5y = [1(0,$)]* - [c(0,5)]? - [St(0, 9)] (27)

where,
a, B and y are weights set to 1.
Fig.5. shows the experimental images that are used in the conventional experimentation.
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Fig. 5. Experimental Images from image dataset

The metrics are normalized to the range [0, oo ] for PSNR metric and [0, 1] for SSIM and MSE metrics respectively.
Table.1. denotes the desirable and non-desirable values of the conventional metrics.

Table 1. Conventional Metrics - Desirable/Non-Desirable Values

Metrics Desirable Non-desirable
PSNR >20 0
SSIM 1 0
MSE 0 1

4.2. Convolutional Experimentation

The objective of the convolutional experimentation is to prove that the proposed LAPSD image binarization
method will be helpful for CNN models to classify images. The proposed LAPSD method acts as a pre-processing step
for CNN models to separate foreground objects from background noise. The convolutional experimentation is
conducted using Jupyter Notebook version 6.3.0 on a workstation with Intel Core i5 processor with Windows 10
Operating system (64 bits) installed in it. The convolutional experimentation takes the output binary images from
conventional experimentation and passes the images into four VGG16 (Visual Geometry Group 16) convolution neural
network models created for each of the experimental methods such as proposed LAPSD, Bradley, Niblack and Sauvola.
The description of a VGG16 CNN model is shown in Fig. 6.

conv2D
22422432

.

MaxPooling2D
112112,32

:

conv2D
112,112, 64

v

MaxPooling2D
56,56,64

it

Flatten
200704

v

Dense 2
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The convolution layer of VGG16 CNN model, passes series of filters that constitutes a base for CNN. Filters aka
kernels stride through the images to learn the patterns that helps the CNN model to classify them. Equ.28 denotes the
process of convolution layer

Glm,n] = %]_o Tk=o Al k], flm — j,n — k] (28)

where,
G is the output
h is the kernel
f is the input image
Equ.28 may result negative values, activation layer converts the negative values to zero, as the pixel values are to
be positive numbers. ReL U activation function is best suited for activation layer. Equ.29 denotes the notion of ReLU

x x=20

ReLUz{O o

(29)

Pooling layer generalizes the patterns extracted by convolutional filters to help model recognize patterns
independent of their location in the image. It also performs the down-sampling of image by reducing spatial size of the
input image. The CNN models used in the experimentation uses max pooling where the maximum value in each stride
is down sampled and sent to next layers in CNN.

The output produced by pooling layer is a 2-dimensional array. Flattening layer converts the 2D array into a single
long continuous linear vector, which is fed as input to dense layer to classify the images.

In dense layer (fully connected layer) each neuron in the CNN model receives input from all neurons from the previous
layer. Number of nodes in this layer is same as number of classes in the problem domain. Fully connected layer can be
represented using the formula given in Equ.30.

x € RV and y; € R is the output of i" node of fully connected layer, then

yi = o(Xxwy) (30)

where,
o is an activation function
x;w; is the learnable parameter of the network

The performance of the proposed image binarization method is verified using two metrics in convolutional
experimentation called accuracy and loss metrics. Accuracy metric is the fraction of correct predictions with wrong
predictions in image classification. Equ.31 denotes the formula for calculating accuracy.

Accuracy = (TP +TN)/(TP+TN + FP + FN) (31)

Where,

True Positive (TP): images classified correctly in group x

False Positive (FP): images classified incorrectly in group x

True Negative (TN): images classified correctly as not in group x

False Negative (FN): images classified incorrectly as not in group X

Loss metric is a penalty to the model for an incorrect prediction. Loss value indicates how poor the model’s
prediction on a single example. The formula for a loss metric is denoted in Equ.32

Loss = 1/N ¥ (xyyep (¥ — prediction(x))? (32)

where,
x is atesting image
y is the class
prediction(x) is the class predicted by the CNN model for the testing image x
D is the testing data
N is the number of images in testing data
Table 2 denotes the desirable and non-desirable values of the convolutional metrics.
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Table 2. Convolutional Metrics - Desirable/Non-Desirable Values

Metrics

Non-desirable

Accuracy
Loss

Fig.7. shows the sample images that are used in the convolutional experimentation.

Krre

o0 0284642 c0c0 02208442 00023761932 coco 024829963 coco 025167630
5926581 4911663 5518608 245491 4736087

trR/

€000 025486952 0co_025720066 oo 026162371 coco 027038866 (o0, 02790%476
0897046 4840639 505019 8170199 038268

¥

€00 028427908 coco 029072395 coco 030003522 coco 032226309 coco 032766709

0340639 2199 8719935 8089024 6164078
Binary Images_LAPSD

coco 003602583 coco 036865091 coco 037434106
56996361 272864 622826

00 041650358 coco 042718219 coco 042949804 coco 043512440
9833155 6630478 5933089 961785

000 044035751 coco D44MD1S3  c0co 046251294 coco 04TS0TI4  coco 047609935
U9 87831 40211 5766541 3055382

Binary Images_Niblack

Fig. 7. Sample Image Dataset for Convolutional Experimentation

The framework of the experimentation is shown in Fig.8.

Original Images

00 026609487 coc0 029275153 coco 030732427 coco 033985676 coco 037596108
1331006 377801 025138 370335 6345608

@0 0407218 coco 044015154 coco 044059108 coco 044691297 coco 045997876
263691 6848938 4536008 255033 4643893

e0 04T66074  coc0 056602683 coco 0STBI2M  coco 058180983 coco 059227422
0736485 STT569 2430165 783175 1591651
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5050519 @519 0340639 0317175 6216549

:‘% 3 ’f\/ f ¥ ».V

) ¢ 5 -
T\ /i 4% 7

- e 4 .
0003000352 coco 034407481 coco 036071139 coco 036765608 coco 037475708
8719935 1087921 8068815 1914902 1210218

‘%;} ¥ 7\,’»
1 \J

coco 037927622 oco 038034302 coco 003937990 coco 03461312 coco 041141417
0453903 0893633 3062637 6525655 4363017

Binary Images_Sauvola

| Niblack’s Sauvola’s

|
Conventional
[
PSNR SSIM

Fig. 8. Experimentation Framework
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5. Interpretation

5.1. Conventional experimentation

The output of the LAPSD methodology and other local adaptive thresholding methods discussed in the literature
such as Bradley’s, Niblack’s and Sauvola’s Methods with window size ‘w’ as 3 is shown in Fig.9. The binarization
outputs produced by the LAPSD look better than the other binarization methods.

LAPSD(b)

a2) £

b

7

e

Sauvola(c)
»

h

Bradley(e) Niblack(e)

PICTRE T T T T e

IR 8 M AN G TR FINE A RFTRR P

e LAPSD(f) T Bradley(® Niblack(f) sauvola(f)
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Fig. 9. Binarization results of Experimental Images with window size ‘3’

i LAPSD(j)

From the output images, it has been observed, for the given window size ‘3°, the proposed LAPSD method
precisely performs image binarization, removes water marking and clearly separates the foreground from background of
the experimental images. Other experimental methods such as Bradley, Niblack and Sauvola could be seen struggling
with image binarization, removal of water marking and separation of foreground from background images. The
binarization output of 15x15 Grid view of two images ‘a’ and Image ‘b’ of the experimental images is shown in Fig.10
The best value for the SSIM is indicated with asterisks and in bold. The images present different types of perturbations
that affect accurate binarization. The results clearly show that the proposed LAPSD binarization method overcomes the
impediments and perturbations with accurate binarization than the other experimental methods.

i

||
15x15 Grid view of image a 15x15 Grid view of image b
* . *
LAPSD Bradley LAPSD Bradley
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Fig. 10. Binarization result of LAPSD, Bradley, Niblack’s and Sauvola’s method over 15x15 Grid View of Images a and b

Niblack

Sauvola

Niblack

-

Sauvola

Though LAPSD, Bradley’s, Niblack’s and Sauvola’s methods work based on integral sum of input image,
threshold wise adjustments are possible only in proposed LAPSD and Bradley’s methods. One can chose different
threshold values with varying window size ‘w’ in both methods. On the other hand, Niblack’s and Sauvola’s methods
use the standard threshold value 0.5 with varying window sizes ‘w’. Thus, the comparisons of the binarization methods
are done using a standard threshold value 0.5 with different window sizes.
experimentation results of LAPSD, Bradley’s, Niblack’s and Sauvola’s methods with varying window sizes such as
3,13 and 23. The pictorial representations of Tables 3-5 have been presented in Figures 11 — 13 respectively.

Table 3. Conventional Experimentation - PSNR Analysis

Tables 3-5 shows the conventional

Window Experimental Images
Size Method a b c d e f g h i j
LAPSD 20.69 19.26 2833 2437 1328 16.18 1849 1752 17.21 23.92
3 Bradley 340 315 241 327 392 357 343 326 351 393
Niblack  4.82 337 450 457 364 451 395 452 343 4.014
Sauvola  11.09 851 1016 1021 6.97 1047 1387 9.70 969 7.05
LAPSD 2236 20.88 2883 2685 1578 1879 1856 18.02 17.68 24.43
13 Bradley 1415 1127 1327 1319 1161 1629 1730 11.68 10.77 11.30
Niblack 1546 1219 10.29 1066 6.57 1031 1353 10.19 10.39 6.59
Sauvola 1042 8.284 1022 10.73 640 1016 1336 1042 10.64 6.39
LAPSD 2659 2437 3238 2986 1634 19.08 24.92 2150 2293 2841
23 Bradley  9.40 7.72 946 934 1025 1132 1501 1224 1317 1297
Niblack 438 401 414 554 658 444 457 6.79 763 7.9
Sauvola 1850 11.91 1581 2432 1189 1439 1948 17.70 17.83 1255
o _
w
g -
& 8 . .
% . .
= & 1 T » — . S — o °
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Fig. 11. Conventional Experimentation - PSNR Analysis
Table 4. Conventional Experimentation — SSIM Analysis
Windo Experimental Images
oy Method a b c d e f g h i j
LAPSD 0.99984 0.99978 0.9999748  0.9999364  0.9989566 0.999775 0.9997381 0.999665 0.9996373 0.99993
3 Bradley 0.9752776 0.977535 0.9611171 0.9773707 0.9870307 0.9770305 0.9742748 0.9791494 0.9813596 0.9871097
Niblack 0.9882139  0.9801978  0.9918483  0.9865445  0.9778839  0.9900567  0.9866147  0.9921865  0.9919702  0.9907123
Sauvola 0.998046 0.9955018 0.9973988 0.997432 0.9922381 0.9976351 0.9991267 0.9969527 0.9969353 0.9924356
LAPSD 0.9999 0.9998598 0.99997 0.99996 0.99949 0.99977 0.99976 0.99971 0.99969 0.9999384
13 Bradley 0.9984344 0.9966634 0.9980878 0.9980806 0.9963003 0.9989477 0.9992861 0.9973992 0.9965186 0.9959852
Niblack 0.9990999  0.9975748  0.9975018  0.9977659  0.9910684  0.9975202  0.9990384 0.997389 0.9975439  0.9911109
Sauvola 0.9976182 0.9951486 0.9974454 0.9978333 0.9905564 0.9974213 0.9990032 0.9975907 0.9977459 0.9904707
LAPSD 0.9999626 0.9999376 0.9999902 0.9999824 0.9995587 0.9995372 0.9999442 0.9998742 0.9999109 0.9999755
23 Bradley 0.9967153 0.9941428 0.996749 0.996652 0.9974102 0.9981768 0.9993579 0.9985983 0.9989296 0.9988561
Niblack 0.978816 0.9797296 0.9766225 0.9864338 0.9916478 0.9791252 0.9804407 0.9917603 0.9939367 0.9931768
Sauvola 0.9997386  0.9984569  0.9994802  0.9999357  0.9984327  0.9992406  0.9997948  0.9996798  0.9996899  0.9987073
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Fig. 12. Conventional Experimentation — SSIM Analysis
Table 5. Conventional Experimentation — MSE Analysis
Windo Experimental Images
w Method . -
Size a b c d e f g h i j

LAPSD 0.008 0.011 0.002 0.003 0.046 0.013 0.014 0.017 0.018 0.004
Bradley 0.457 0.483 0.573 0.470 0.405 0.439 0.453 0.471 0.445 0.403

3 Niblack 0.329 0.459 0.354 0.348 0.431 0.353 0.401 0.353 0.453 0.396
Sauvola 0.077 0.140 0.096 0.095 0.200 0.089 0.040 0.106 0.107 0.197
LAPSD 0.005 0.008 0.001 0.002 0.026 0.012 0.013 0.015 0.017 0.003
13 Bradley 0.038 0.074 0.047 0.047 0.068 0.023 0.018 0.067 0.083 0.074
Niblack 0.028 0.060 0.093 0.085 0.219 0.092 0.044 0.095 0.091 0.218
Sauvola 0.090 0.148 0.094 0.084 0.228 0.096 0.046 0.090 0.086 0.229
LAPSD 0.002 0.003 0.000 0.001 0.023 0.024 0.003 0.007 0.005 0.001
23 Bradley 0.114 0.168 0.113 0.116 0.094 0.073 0.031 0.059 0.048 0.050

Niblack 0.364 0.397 0.385 0.279 0.219 0.359 0.348 0.209 0.172 0.190
Sauvola 0.014 0.064 0.026 0.003 0.064 0.036 0.011 0.016 0.016 0.055
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Fig. 13. Conventional Experimentation — MSE Analysis

From the results it has been observed that the proposed LAPSD method does not introduce additional noise during
binarization and does not get affected by low contrast and illumination issues. But, other methods such as Bradley,
Niblack and Sauvola methods suffer from the above said issues. In addition, the proposed LAPSD method achieves
desirable values in all metrics of the conventional experimentation than the other binarization methods. It has also been
noticed that the performance of LAPSD, Bradley, Niblack and Sauvola methods are improving with ascending window
sizes.

5.2. Convolutional experimentation

Convolutional experimentation is conducted using four VGG16 based CNN models, as they are most common and
widely used image classifiers. Each CNN model takes 180 images of training data and 60 images of testing and
validation data created by each of the experimental methods such as LAPSD, Bradley, Niblack and Sauvola. The
dataset contains colored clipart images of ‘COCONUT’ and ‘FIG’ Trees. The objective of the CNN model is to classify
the ‘COCONUT’ and ‘FIG’ trees in the respective classes. The images are binarized using the experimental methods

42 Volume 17 (2025), Issue 2



A Novel Local Adaptive Percentage Split Distribution Method for Image Binarization and Classification

and are given as input to the corresponding CNN model to measure the performance of those methods in terms of image
classification. The performance of CNN models is measured using accuracy and loss metrics and shown in Table. 6,
followed by the graphical representation in Fig.14.

Table 6. Convolutional Experimentation — Accuracy and Loss Analysis

Epochs LAPSD Bradley Niblack Sauvola
P Accuracy Loss Accuracy Loss Accuracy Loss Accuracy Loss
Epoch 1 0.9667 3.0798 0.7333 4.4556 0.5000 37.210 0.9167 6.5341
Epoch 2 0.9333 3.0348 0.7333 6.3767 0.5000 20.629 0.9167 7.4981
Epoch 3 0.9667 2.0556 0.5667 9.6576 0.6500 8.6052 0.9167 2.3434
Epoch 4 0.9833 0.0256 0.4833 16.025 0.7500 8.6448 0.8833 5.0113
Epoch 5 0.9833 0.1305 0.6500 6.7212 0.5333 18.8265 0.9500 2.5936
Epoch 6 0.9833 0.8554 0.5333 24.866 0.8167 4.3464 0.9667 1.1832
Epoch 7 0.9833 0.9739 0.8667 1.8440 0.9000 2.6268 0.9500 2.2214
Epoch 8 0.9833 0.9931 0.7333 5.0723 0.8833 2.9397 0.8833 5.0113
Epoch 9 0.9833 0.9962 0.8500 3.2287 0.6333 11.761 0.9667 0.5206
Epoch 10 0.9833 0.9966 0.8167 5.4042 0.6333 14.0985 0.9500 3.2019
Bradiey's CNN - LOSS LAPSD'sCNN - LOSS Niblack's CNN - LOSS Sanvola's CNN - LOSS
' = Tiaitig Loss —Vahﬂm‘\mchss 4 “ itz Loss  ===Yalidation Loss . —Triniig Loss —‘w'zlmumLm; ‘ e Training Loss —\ahk«[mn'.ns:
Bradley's CNN- Aceoracy LAPSD'sCNN - Accuracy Nililack's CNN - Accaency Sauvola's CNN - Acenescy
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Fig. 14. Convolutional Experimentation — Accuracy and Loss Analysis

The confusion matrix presented in Fig.15 denotes the performance of the CNN models in terms of classifying the
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two classes of trees such as ‘COCONUT’ as ‘COCONUT’, ‘FIG’ as ‘FIG’, ‘COCONUT’ as ‘FIG’ and ‘FIG’ as
‘COCONUT". From the figure, it has been observed, the CNN model built using the binarized images of LAPSD

method is precise and accurate than the other models by correctly classifying the ‘COCONUT’ and ‘FIG’ trees with the

accuracy of 0.98. Thus, it is clearly evident the proposed LAPSD binarization methods can be used as a pre-processing
method for CNN models.
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Fig. 15. Convolutional Experimentation - Confusion Matrix of VGG16 CNN Models
6. Conclusions

The paper proposes a new local adaptive thresholding method LAPSD for image binarization, which is a
continuation of our global thresholding method ‘PSD’ [46]. The method uses a novel calculation upon integral sum for
computing efficient thresholds for image binarization. The proposed LAPSD method has two tuning parameters such as
threshold percentage ‘tp’ and window size ‘w’ that help to obtain optimum local adaptive thresholds. It has been shown
that, compared to the other local adaptive image binarization methods, our method improves image binarization, by
obtaining best results in PSNR, SSIM, MSE, Accuracy and Loss metrics without any additional computational
complexity. Thus, the proposed method turns out to be very stable and consistent method that obtains correct
binarization thresholds for real-world images which are disturbed with lighting conditions, color contrasts and
background and foreground noises. Due to its impressive time and accurate performances, the new LAPSD method
could be installed in deep learning models for obtaining better accuracies in image classification. The results obtained
by the proposed LAPSD method, both from theoretical and experimental points of view are found to be promising. We
also expect that our new local adaptive thresholding method, with its ease of implementation and wide range of use,
gives new research opportunities in real-time image binarization applications. In this work, we brute force the tuning
parameters externally and varies from image to image. In future, this work may be extended with appropriate
optimization technique to identify the best tuning parameters for the image.
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