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Abstract

Stochastic computing (SC) is a re-emerging paradigm that is inherently immune towards noise and shows low area and power
implementation of conventional binary logic based approaches. A stochastic square root circuit is proposed, which shows
faster convergence and less hardware area compared to the state-of-the-art methods and can be used for efficient real time
implementation of various algorithms that employ the square root circuit. In this paper, the Nick’s binarization algorithm
is introduced as a case study to identify its promise using various statistical metrics. This paper also introduces structural
modifications of some of the basic stochastic circuits obeying certain boundary conditions. A squarer circuit requiring the
least number of delay elements is calculated to reduce the hardware cost.

Keywords Document image binarization - OCR - Stochastic logic elements - Nick algorithm - Square root circuit - Noise

tolerant

Introduction

Image binarization is a critical preprocessing step in docu-
ment processing applications, including Optical Character
Recognition (OCR) and degraded document image recovery.
Traditional binarization techniques such as Niblack, Sau-
vola, Nick etc. generally do not perform well on historical
data as they are embedded with different types of noise. To
address this problem, researchers are exploring an alter-
nate paradigm for document image binarization to achieve
improved noise tolerant behaviour [1].
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We introduce stochastic computing as another paradigm
for computing Nick’s threshold estimation in this research,
which has been shown to be more robust and area efficient
for intrinsically noisy document datasets. As a proof of con-
cept, we tested the proposal using the Bickley Diary and
Monk Cuper datasets. Our stochastic pipelined architecture
shows a huge reduction in design complexity, area, and
power consumption while also vastly improving noise and
fault tolerance capability. The computation of local thresh-
old is done in a9 X 9 pixel-sized window in an image of size
M x N (for both conventional and Stochastic). Another issue
is the calculation of the standard deviation within the local
window that involves the calculation of square root using the
Newton—-Raphson method. This requires a large circuit size
and computational burden [2]. As a result, increased hard-
ware complexity is a major area of concern in the implemen-
tation of the local thresholding algorithms. So, we propose a
stochastic square root circuit using the modified blocks that
shows faster convergence, greater accuracy and less hard-
ware area compared to the state-of-the-art methods.

The contributions in the present work can be highlighted
as; (a) A stochastic square root circuit has been proposed
showing faster convergence and greater accuracy compared
to the state-of-the-art methods [3, 4], (b) Modified arith-
metic logic blocks that give accurate results over the entire
input range. The results are verified using suitable graphs,
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(c) A stochastic architecture of Nick’s binarization algorithm
is proposed using the square root and squarer unit which is
more robust and noise tolerant than the conventional imple-
mentation. Two standard datasets are tested using different
statistical parameters.

Stochastic Logic Units (SLU)

In a paradigm proposed by Gaines [5] and Poppelbaum
[6], logical computations are done on stochastic numbers.
Each real valued number is represented using a stream of 1s
and Os. In a stochastic number X, the probability of 1 in X
is denoted as p,. Then, p, can be estimated from the ratio
U where n, is the number of 1’s in X, e.g, p, = % may be
rnepresented by 01011001. Such form of representation of
stochastic numbers is popularly known as Unipolar encod-
ing [5]. Stochastic Logic Unit consists of combinational and
sequential elements [5]. To design the square root circuit
we use the modified stochastic blocks as well as some basic
blocks to reduce the hardware resource utilization of the
overall circuit.

Absolute Subtraction

Absolute subtraction of two numbers i.e, p, = |p, — p, | can
be performed using an XOR gate acting on correlated inputs
[7] (shown in Fig. 1). To generate correlated numbers, same
LFSR can be used to generate two numbers or two different
LFSRs with a correlator circuit.

Stochastic Mean Circuit (SMC)

2" input bit streams can be averaged using a 2" : 1 MUX
with n select bitstreams each representing a certain probabil-
ity. Figure 2 represents an 8 : 1 MUX calculating the average
of §inputsas p, = (py + py + P2 +P3 +pa+ps + s +p7)/8
[8].
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Stochastic Number Storage

A 2"-bit SN that is generated from an n-bit binary number
can be stored effectively in an n-bit register in binary format
for further processing (See Fig. 3). The result of the stochas-
tic computation is stored using a counter that counts the
number of 1s in a bitstream and stores it in a register. Thus,
for a 256-bit sequence, we need only an 8-bit register for its
effective storage [5].

Stochastic Division Circuit

There are various division circuits that are proposed in the
literature [3, 5, 9]. Gaines [5] implemented an approxi-
mate division circuit using a single JK FF. The state equa-
tion that describes Boolean operation of a JK FF is given
asQt=J- é +0- K where J and K are the two inputs to
the JK flipflop. If the inputs are uncorrelated then using the
Lemma 1 of [10], Q" is replaced by p, and é by (1 —p,).
The input stochastic bit stream acting as the divisor (p,,) is
given to the K input and the dividend (p,,) is given to the
J input of the FF. The JK FF implements an approximate
division given by Eq. 1.

Px1

pg=—.
K Px1 +px2

6]

However, the circuit in Fig. 4a has a limited accuracy
when the input signal probabilities become comparable.
Other circuits using the Gaines ADDIE block controlling
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Fig.5 AND gate implementing
D = DxPy P,

X — 5 BIT REGISTER

Fig.6 A Squarer circuit

output in a closed loop negative feedback have also been
suggested in the literature, e.g., [5], Chen and Hayes [9] etc.

Multiplication and Squaring Operation

Stochastic multiplication of two uncorrelated inputs as
shown in Fig. 5 can be done using an AND gate [5] and is
given by, p, = p,p,. Two bitstreams are said to be uncor-
related iff, p,, = p,p,. However, the results are not accurate
if the numbers are positively or negatively correlated [7].

However, the squaring operation [11] cannot be per-
formed accurately by simply giving the stochastic bitstream
as inputs to the AND gate. Thus, instead of square of SN it
produces the number itself [7], i.e, p,.p, = p,

This happens due to high auto-correlation between inputs.
Hence, it is necessary to decrease correlation between the
given input sequence and then multiply using an AND gate
(Fig. 6). This can be performed in many ways one of which
is using two different LFSRs for generating the same input
probabilities and then multiplying using AND gate [3]. This
produces accurate results but the hardware cost increases
considerably as separate LESRs are required for generating
the inputs.

An alternate solution to this problem was proposed by
Gaines [5] using isolators to reduce the correlation between
numbers and find square using an AND gate. The number
of isolators required to perform the squaring operation with
desired accuracy was found. It was observed that number of
isolators depends upon the seed polynomial chosen in the
LFSR and the progressive precision of the LFSR [12].

In order to estimate the correct and minimum number
of decorrelator circuit uncorrelate a given number, an error
analysis is conducted. The absolute values for different
number of delay elements (N = 1, 2, 3, 4, 5) is calculated
and is plotted in Fig. 7. It is observed that for N =5, the
sequences exhibit least value of SCC and hence the squar-
ing operation can be done accurately. This also allows least
number of decorrelator circuits thereby reducing the hard-
ware complexity.

Absolute ervor

=+#=N=5

006 013 019 025 031 038 044 050 056 063 069 075 081 088
Probability values

Fig. 7 Absolute error vs Probability values for different delays
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Fig.8 2:1 MUX implementing a scaled addi-
tion P, =p (1 =py) +p,p, b scaled subtraction

p.=p(1=p)+(-p)p,

Scaled Addition and Subtraction

Scaled addition and subtraction of correlated and uncor-
related numbers [13] can be done using a 2:1 MUX. The
scaling is controlled by the select line bit stream. A constant
scaling factor of 0.5 can be obtained by using a toggle flip-
flop irrespective of the input probability, as suggested by
Gaines [5]. For subtraction, only the subtrahend bitstream
is inverted. If each of the bitstream is equally probable, then

scaled addition is given by, p, = @ and for scaled sub-

. . +1-p, . . .
traction, output is p, = w as shown in the Fig. 8. This

is elucidated with the help of Examples 1 and 2.

Example 1 Scaled Addition: Consider two SNs with prob-
abilities p, = %and Py = g. Three different cases of correla-
tion between the two numbers are considered: (a) If p, and p,

are positively correlated, i.e, Py = %is 11110000 and p, = §
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is 11000000 and if the select input p, = %is 10101010 then
for scaled addition p, =11100000 = g, which is equal to the
desired value. (b) If p, and p, are negatively correlated, say,
Py = % is 11110000 p, = %is 00000011 and the select input
ps = % is given by 10101100, then the result of scaled addi-

tion p, = % is 01001100. (¢) If p, and p, are uncorrelated,

say, p, = + is 11110000 and p, = % is 10001000 and the
select input is given by 10101100, then the output of scaled
addition is given by p_ = gis 10101000.

Example 2 Scaled Subtraction: Let us consider two SNs
that are relatively uncorrelated, say, X and Y with the prob-

abilities p, = g is given by 11111000 and p, = % is given

by 10100101 the select input S of the multiplexer is given
by 00111001, the output of the multiplexer Z is given by

01111010 whose probability is p, = % which is much closer

. +l-p, .
to the expected result ,i.e, I% is %. (b) For correlated
number the error increases and can be understood with the

help following example with stochastic number X given by
Py = g represented by 11111000 and Y given by p, = % rep-
resented by 11100000 and p, = % input is 11110000, the

output Zis given by 11111111 whichis p, = 1, whereas the
expected output was %

Thus, in all the cases of correlation, the relation between
the two inputs has been taken into account whereas the effect
of the third input i.e., the select input has been disregarded.
But in reality, the combinations between these three inputs
dictate the condition for accurate addition and subtraction
by MUX. If the condition is not satisfied, then the result of
scaled addition and subtraction deviates from the desired
value.

Adder Unit

MUX can be used to implement basic arithmetic functions
like scaled addition and subtraction. But MUX implement-
ing these basic functions produces inaccurate results [13].
There are various modified circuits found in literature that
are designed to generate more accurate results irrespective
of the input conditions [14]. Lee et al. [15] proposed an
adder circuit using a Toggle flip flop that switches between
0 and 1 when the input is 1. A necessary condition guides
the accurate operation of the adder circuit.

Theorem 1 Scaled addition in the expression, Y, = IM

sum

between two inputs a, b in association with select line s of a
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multiplexer satisfies the probability expression,

Loo1 + L110 = lo1o T tor-

Proof Consider the three inputs a, b and s represented in
stochastic numbers as A,B and S respectively. The output of
the two input multiplexer [5, 6] is given by,

Pat+Dp
Ysum = T (2)

Using the truth table representation of the MUX, Y can be
given as

Y =igo + iy + o1 + - ?3)

The probabilities of each of the input bitstreams are given by
the number of 1’s occurring in each bit stream. Thus prob-
ability of the input bitstreams A,B, S can be given by Eqgs. 4,
5 and 6 respectively as

Pa =lo1o +lon +ino + i ()
P =loo1 + o1 + L1 + i 5)
Ds =lioo + Lo + i + 1111 6)

The output of multiplexer can also be obtained using PTM
through the matrix product of A and Vy;;x and is given by

Y =igo +ior1 +byor + i @)
Substituting p, and p, from Eqs. 4 and 5 into Eq. 2.

ot + 110
2

igo; + 1,
001 010 .
qum = + Io11 +

5 + iy (8)

Now, comparing Eqgs. 8 and 7 the following relation can be
obtained.

Loo1 t 110 = 10 T Lior 9)

Equation 9 dictates that the condition that eventuates as a
result of an association between input lines and the select
input bitstream of Fig. 9. It is observed that the select line

clk—>

Fig.9 The adder circuit
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Fig. 10 The output comparison of the adder circuit

(S) of the multiplexer can be suitably implemented using the
XOR gate along with a T-FF. The results of the simulation
are shown in the Fig. 10. O

Subtractor Unit

MUX can be used to implement scaled subtraction [5] using
Theorem 2.

Theorem 2 Scaled subtraction in the expression,
pa+1

Ysub = 2

with select line s of a multiplexer satisfies the probability

100 1 Loo0 lor t 11

_ —

—PB . . .
between two inputs a, b in association

expression, +ij9 =19 +
Proof Let us consider that the three inputs a, b and s rep-
resented as A,B and S respectively. The expression for the
scaled subtraction operation is given by

Pat (1 - PB)~
= 2P0 (10
The probability of finding a ’0” in p, can be given as (1 — p;)
and can be written as

(1= py) = igoo + 010 + F100 + i101- an

Substituting p, and p, from Eqs. 4 and 11 respectively in
Eq. 10 we have,

looo + li00 | .
Y.

loi1 + i
swh = o Thot =5 (12)

+ 1419

Comparing Eq. 12 and 7 the following result is obtained.

100 T Looo

loi1 + i1
_ 13
5 (13)

+ 0 = i01 + 5

This condition is satisfied by using an XOR gate at the
input of T-flip flop in the subtractor unit. The subtractor

A 1
Y- Z
B Do 0 s
T
Q
clk—>

Fig. 11 The subtractor unit

unit satisfying this condition is shown in Fig. 11. It is noted
that the subtraction operation can be performed by replacing
p, with 1 — p,, which is obtained by passing p,, through an
inverter circuit. O

Example 3 Let us consider two correlated numbers A given

by p, = g represented by 1111000 and B given by p, = g

represented by 11100000 and S input is given by 11110000
the output Zis given by 11111111 whichis p, = 1, whereas
the expected output was %. Thus, Nyjg=0, Njpy =0,
Ny =3, Njjp =1, and Ny, =3 . If we place the above
condition in the equation we would find % +1#0+ %

Square Root Circuit

Square root is one of the standard and essential blocks in
various mathematical operations like solution of non-linear
equations [16], calculation of standard deviation [17] in vari-
ous image processing and machine learning applications [1,
18-22]. There are various square root circuits implemented
in conventional binary logic [23] which have higher hard-
ware complexity as well as consume larger area with high
consumption of power [24-28]. Also, the number of itera-
tions required to converge to the closest value is larger. So,
there is a dire need to look for an alternative computing
technique that could implement the same logic with low
power and less hardware requirements. Several works exist
in literature that implement the square root function making
use of the probabilistic logic theory [3, 5].

The stochastic square root circuit was first proposed by
Gaines [5] in 1969 exploiting the basic sequential logic ele-
ment ADDIE that has a counter with negative feedback. An
up-down counter integrates the error. But the circuit suffers
from several disadvantages. It had slow convergence and
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had a large latency as multiple iterations were required to
get the square root value. Also, the squaring operation was
performed by a single AND gate using a single D flip flop.
That could not uncorrelate a given sequence producing inac-
curate results in the end. The other drawback was the satura-
tion of n-bit counter. These drawbacks restricted its use in
real time applications.

To mitigate the issues with inaccuracy resulting from the
squarer circuit, Toral et al. [3] proposed with multiple ran-
dom number generators to fully eliminate the correlation
between the numbers. Thus the squaring operation was not

. . ig
hardware efficient. The time square root 7,,,, = ——, had
YarFax

an exponential relationship with the length of bitstream n.
Thus, the circuit cannot be used in real time applications.
The accuracy of circuit decreases for low values of input
probability. As random number generators are the costliest
to implement, the increased number of RNGs in the circuit
resulted in an increased cost as well as power
consumption.

Wau et al. [29] proposed a stochastic square root circuit
by removing the saturating counter as in [3, 5]. Thus, hard-
ware complexity was reduced. It showed accurate results in
the higher range of inputs, i.e., 0.7-1. In the lower range of
inputs, i.e., 0-0.2 the accuracy of the circuit was not com-
mendable and also the number of clock cycles required to
find the desired accuracy was significant.

More recently, an SSRC was proposed by Mitra et al. [4],
that showed low latency and less hardware compared to its
predecessors in computing the square root value. A variable
length bitstream approach in representation of stochastic
numbers was adopted that could save significant number of
clock pulses. It was observed that in increasing the length of
bitstream in every iteration terminates the process in three
iterations requiring 448 clock pulses. However, the results
obtained with this approach could not exceed a certain accu-
racy range. So, we propose a square root circuit that is accu-
rate throughout the input range, i.e., the radicands ranging
between [0,1] requiring less hardware.

Proposed Square Root Circuit

The stochastic square root computation begins with the
binary number converted to a 256-bit stochastic number
with the help of LFSR. We subdivided the circuit into two
sections: (a) Error Detection Block and (b) Error Correction
Block. A MUX is placed to select either the input stochastic
number or the approximate square root value obtained as
an output from the circuit. A single high going pulse gener-
ated by the control unit C, selects ’ 1’ input of MUX to give
input SN sequence to the squarer circuit. At the trailing edge
of the pulse, the output from the 8-bit register is selected,
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which gives the approximate square root value that needs to
be refined further.

Error Detection Block

This is implemented using a squarer circuit, absolute sub-
tractor unit and a 2-bit register as shown in Fig. 12. The
squaring operation is performed using a 5-bit shift register
as mentioned in Section 5. The output of the squarer and the
estimated square root value is compared using an absolute
subtractor. The output of absolute subtractor is stored in a
2-bit register, say, D(D,D,), to count the number of 1’s. So
register D can store a maximum value of 3 in binary. If D,
bit is 1, then D contains a minimum value of 2, thus the
obtained guess value needs to be refined further and this is
accomplished when D1 bit of D register is 1. If D1 bit of
register D is 0, it indicates the processing is complete and
the guess value is obtained as output value. At the beginning
of every iteration the register D is cleared using a control
signal IT generated from the control unit C designed for
this circuit. The circuit operation is stopped once it is found
that D1 = 0 at the end of an iteration by disabling the LFSR
through enable of the control signal, i.e, DI = 1. If D1 =1,
the error persists and hence carried over to the Error Cor-
rection Block.

Error Correction Block

The error correction block consists of an adder, a division
block and an 8-bit register. The division circuit is imple-
mented using the CORDIV block. One of the two inputs
of CORDIV block comes from the input SN sequence and
another one from the last iteration. The output of CORDIV
block is given to one of the input of the MUX to produce the
required square root value Sy. The obtained square root is
stored in the binary format in an 8-bit register which can be
used in next iteration for more accurate computation.

It has been found that the result of the square root value
converges to its desired value in two iterations in the major-
ity of the cases. This fact has been utilized and the circuit
is implemented using a single 8-bit register. In the case of a
single 8-bit register output stochastic number is not updated
during the second iteration. This is controlled using the g
control signal that is generated from the control unit C.

However, if higher accuracy or multiple iterations are
required, another 8-bit register R1 can be used in conjunc-
tion with 8-bit register R that is connected to the output of
the multiplexer. The output of R is connected to the register
R1 which is used along a 8 bit comparator to generate the
stochastic number for the next iteration. The output of the
register R1 is given to the register R at the beginning of the
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Fig. 12 Proposed square root
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next iteration using a control signal IT generated from the Experimental Results and Analysis

control circuit C as shown in Fig. 12. The circuit shows

faster convergence and accurately tracks the actual square In the proposed work, structure of some of the basic stochas-
root value as shown in Fig.13. tic circuit components are modified and also a stochastic

Algorithm 1 Calculation of square root of a stochastic number

Input: X //The 256 bit stochastic number generated by comparing 8 bit input
binary number with 8 bit LFSR

Output: R //the square root of the stochastic number

Initialisation : ¢ = X;

r=q<<5 //Left shift 5 times to uncorrelate the given Sy sequence

s =qxr //Bit wise multiplication to get square of the number

t =| q— s | //Bitwise comparison to check the error

if (t >=2) //if error exist need to iterate to get the exact value

q=1(q/2)+ X/(2xq) //qis the approximate square root value then
Go to Step 1

end if

R=q

return R

L

® X > o
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square root circuit has been proposed. While designing the
squarer circuit we determined experimentally the number
of isolators required to uncorrelate the given sequence.
Referring to Fig. 7, the light blue line corresponding to
N(delay) = 5 has the lowest absolute error. For inputs rang-
ing from O to 0.31, the SN sequences are completely uncor-
related. From 0.31 to 0.88, though the input SN sequences
could not be completely correlated, the absolute error lies

Table 1 Comparison of accuracies of the proposed method with [3, 4]

within 0.01, indicating the numbers are almost uncorrelated.
Reducing the number of isolators thereby to uncorrelate a
given stochastic sequence resulted in a significant reduc-
tion of hardware complexity. All the circuits are synthesized
using Xilinx Spartan 6 xc6slx4 family of FPGA.

In order to escalate the accuracy of scaled addition and
subtraction, modified adder and subtractor have been pro-
posed. Fig. 10 shows the addition operation of the proposed

SL# Input Desired output Toraletal. Deviation Mitraetal. Deviation Proposed Deviation Improvement Improvement
(256- bit) w.r.t [3] (in %) w.r.t [4] (in
%)

1 0.1 0.316 0.492 0.176 0.289 0.027 0.313 0.004 97.881 86.277

2 0.2 0.447 0.508 0.061 0.410 0.037 0.446 0.001 98.558 97.643

3 0.3 0.548 0.551 0.003 0.563 0.015 0.545 0.003 6.601 80.669

4 0.4 0.632 0.621 0.011 0.602 0.031 0.631 0.001 89.152 96.010

5 0.5 0.707 0.699 0.008 0.688 0.020 0.704 0.003 64.923 85.889

6 0.6 0.775 0.762 0.013 0.789 0.014 0.773 0.002 88.300 89.585

7 0.7 0.837 0.828 0.009 0.797 0.040 0.836 0.000 94.528 98.826

8 0.8 0.894 0.898 0.004 0914 0.020 0.893 0.002 56.463 91.107

9 0.9 0.949 0.945 0.003 0.922 0.027 0.948 0.001 75.661 96.940

10 1 1.000 0.996 0.004 0.988 0.012 0.998 0.002 50.000 83.334

Table2 Hardware comp a{ison Quantity Number present Toral et al. Mitra et al. Proposed Method

of the proposed method with the

method of [3, 4] Used % used Used % used Used % used
Slice registers 4800 45 0.94 17 0.35 17 0.35
Slice LUT’s 2400 76 3.17 33 1.38 31 1.29
Used as Logic 2400 75 3.13 - - 32 1.33
Occupied Slices 600 28 4.67 - - 12 2.00
LUT-FF pair 76 35 46.05 - - 14 18.42
Bonded IOB 102 45 44.12 27 26.47 19 18.6

Fig. 13 Accuracy comparison 1
of the proposed square root 09

circuit, [3], and [4]
0.8
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o o
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SN Computer Science
A SPRINGER NATURE journal

03
0.2
0.1

0

015 02 025 03 035 04 045 05 055 06 065 07 075 08 085 09 095 1

® Actual Squareroot

Input value

m Toral et al. Mitra et al.  ® Proposed



SN Computer Science (2023) 4:99 Page9of 14 99

i

(o
s F
“i.ul-u_, JABCART 18 §
10557 sl bed v,m,\,q.,ﬂ_b‘, 'S

rﬂ

'Jm At A €y SREC R te

i
i
1elosdf, et
u:,...‘;«, -

e |

A"MI P:.«, ﬂ.—'-; o (_ l"-r

/ b, / e - ',‘
’f"“‘e.'l Wty .7""« ceiina- :,;{'}.rmfu
Gy

~d &“s—dwn

7L FEBRUARY » e Ay o e /,‘.,,, rEBRUAIRY v
fryee '; Atranan b Abanaf ok g W e b A it p Oy o Ay Ay ek Aok vy,
Ledvil, '7 et letre. 7 '

J\.ML
"l.

. senrecte o 4 . SRR
% . FEBRUARY 29 A | Sribcgihe  PEBRART
mx Ledurn .n,.... ( m, NI P SR Lod

fre
ﬁ:""“:E*; %,, gt et 19 ...’f‘. [ {17" i 'f,fl:; l--y-

A Py
m,.,h.

1-: et b 4
g e

'’

Lt

:w | oy
TG R ot At gl e ot

el Virbira o bl v
-».(ﬂ r

e
lr':ln-"\‘ lv?w.wlb

1?%# ’a; nv— "‘. gy LAY

'{ ‘r_. z_'u _' s A rj.',‘L 7»;’(.

;k GO gy «.,@m A |
, 4! o o 4.. .,llu 1 5

'?r' R "‘% /
T _4. ’2" “"—“f%ﬁgﬁ%%

e
el o =
,'h-:%.a.,%ﬁ:' Ajﬁ: ',,,.,; ?ﬁ é? & %Zfﬁ '7::.’3 ..4”) fl.
[ ARt S e g rsmg S L teit] ":J?L'.,q‘ Tt 2 ) e
[ o 777 Ly £} '
{Thtndi e 2t By 2p D ToSoradong Frindes ,,W..,e,h. =t L'. @,4/,.,,.. nu/,,
iy L, o e rerttmae = did L el e ,w»..ga.-.- 2l
nu[.lf,;,_ Cothong. e g e r s a e 2 - Bty :dv l;.a..,, —

e ttpetn g fn e e o

(b)

Fig. 14 Output images of Conventional and Stochastic implementation of Nick’s algorithm on Bickley Diary dataset; a original images; b
ground truths; ¢ Conventional; d our method
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Fig. 15 Output images of Monk Cuper Set (MCS); a original images; b ground truths; ¢ Conventional; d Our method
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circuit which reveals much closer approximation to the exact
calculation for a 256-bit input sequence compared to the
state-of-the-art method [5].

Implementation of the square root circuit using the modified
stochastic elements resulted in a more accurate computation of
the square root value as shown in Table 1 compared to [3] and [4].
The advantage is that it is accurate throughout the entire range of
inputs as shown in Fig. 13. The circuit shows an average improve-
ment of 70.2 percent compared to [3] and 90.6 percent compared
to [4] (fixed-bitstream length approach). The proposed circuit
also shows faster convergence of the square root value compared
to [3]. Also, the hardware utilization of the proposed circuit is less
compared to [3] and is comparable with [4] as shown in Table 2.
Figure 13 shows the comparison of accuracy of the proposed
square root circuit and the circuit of [4] (with variable-bitstream
length approach) and [3], which depicts that the proposed circuit
is a better choice where accuracy is a concern.

Case Study: Nick’s Binarization on Noisy Document
Dataset

Stochastic computing is recently used in many image pro-
cessing applications due to its inherent robustness towards

70

60

40

30

2 T i

o al N

BER(%)  F-measure of pFMeasure (%) PSNR MPM (x1000)
sens/spec (%)

B Conventional Nick

F-measure (%)

I Stochastic Nick
(b)

Cuper Set (MCS) for conventional and stochastic implementation of

noise. Many attempts can be seen in the literature [30-33].
In Nick, the threshold value is computed using the mean
u(x, y) and the variance of the pixel intensity values in a
W x W sized window centered on (x, y) and is given as;

T(x,y) = u(x,y) + k\/variance + u2(x, y). (14)

The square root in Eq. 14 is calculated using the proposed
square root circuit and the results are evaluated on two dif-
ferent standard binarization datasets: Bickley Diary dataset
and Monk Cuper Set (MCS) [34] for validation. The stochas-
tic architecture of the Nick’s method is shown in Fig. 16.
Using several statistical tests and hardware usage metrics,
we compare the experimental results of the conventional
local binarization approach and the proposed approach. No
image enhancing techniques such as noise removal, contrast
enhancement, etc. were used in this study. We have cho-
sen 14 different measures [35] namely; Precision, Recall,
F-measure, Sensitivity, Specificity, BCR (Balanced classi-
fication rate), AUC (Area Under Curve), BER (Balanced
error rate), SFmeasure (F-measure based on sensitivity and
specificity), Accuracy, GAccuracy (Geometric mean of sen-
sitivity and specificity), pF-Measure (pseudo F-Measure),

SN Computer Science
A SPRINGER NATURE journal



SN Computer Science (2023) 4:99

99 Page 12 of 14

Y9Vl  Se€6'S 8I6CL €vl'0 0598 8¥8°0 168°¢8  L9TVI LS80 £86'0 L0 YeS6L  TELO 1L8°0 L#dTew]
6I1°LT 0¢S8 ICHIL 12C0 SOI'¥L SL0 19¢CL  8YI'CT 6LLO 186°0 9LS0 9I8°L9 9LSO G780 9#eSewy
o6 ¥El'8 666’11 6CC0 1S6°SL 6€L°0 126'0L  Lv6'CT ILLO 8860 €65°0 98C’L9 €SS0 658°0 S#oTew]
9¢6°'LT  L€9'8 TOL'IT TITO SELVL S9L0 0STyL  LLT'IT 88L0 8L6°0 865°0 6¥0'89 8650 68L°0 #oTSew]
S10°0C v6C0I ICI'IT 8LTO 8¥€'C9 €L9°0 6£8°C9  8E€'LT TCLO 186°0 910 CEC’LS  TOY0 SSL0  gHoSewy
06S°8T  00€'8 9C8II 9IC0 886'17L 6SL°0 98¢ €L 965 1T ¥8L0 86°0 98¢0 29¢'89  98S°0 178°0 g#oSew]
[€€°0Cc  I8¥'L S€0Cl 60CT0 8Y9vL 89L°0 96v'vL  6L8°0C 16L0 £86'0 0090 81€°69 0090 128°0 T#oSew] J1seyd0l§
CLE6T 6€8°C€l  ST06 19C0 Sr9'es ITL°0 9CL89  69£9C 9€L0 9260 9v<0 Iel'vS 9¥S0 8€6°0  L#oSewy
GE8'6E YOI'ST €688 9re0 LLT' TV G850 0sTes  v09veE ¥S9°0 LY6'0 19€°0 LECTTY  19€°0 60S°0 9#oTew]
€e9'6y LEL'ST  ¥IT6 SE€0 L9ty €090 L6S¥S  80S'€E S99°0 9v6°0 ¥8¢°0 868°Cy ¥8¢°0 9840  G#oSew]
000vE €181 9668 T0OE0 W8y 799°0 eree9  961°0€ 8690 60 ¥8¥°0 LOS'SY  v8¥°0 6TH'0  p#oSew]
OIT'9Y 8LTOI €IT'6 99¢°0 189°9¢ 560 LL6’LY  LSS9E 1E€9°0 8¥6°0 120 Leo’Le  12€0 LEF'O  g#oSew]
8CE’LT STOVI  STT6 TIE0 129°9v 0¥9°0 €9v'6S  TBI'IE 8890 w60 12340 12897 vEV'0 8050 ¢#oSew]
CL90S OLTOI  €O0L'8 ¢€€e0 806°01 ¥19°0 8IS9C  LvE'ee L990 9260 LO¥'0 sS Iy LOY'0 STH'0  T#oSew] [eUONUdAUOD
Koemnodoy (%) 9ads/suos
(0001¥) WAIN ~ @dd  dNSd AN (%) amseoA/d olnowodn jo amseduwl-7 (%) YAd YOd Anoyweds ANADISUG (%) AInseaw-  [[229Y  UOISIdAI] #1S
70 = ¥ Je wyirIoSTe s JOIN Jo uonejuawoduwr O1)Seyo0Is pue [EUOTIUSAUOD J0F (1oserep ATel(] Ao[yorg) pare[no[es solnow douewiojrod JUaIyIq { d|qelL
Y9Vl  Se6'S 8I6TI €¥I1'0 05918 8¥8°0 168°¢8  L9TVI LS80 £86°0 L0 Yes6L  TELO 1L8°0 L#oFew]
6I1°LT 0€S8 IV Il 1CC0 SOT'vL SL0 196CL  8YI'CC 6LLO 1860 9LS0 9I8°L9 9LS0 G780 9#oSew]
o6 vel'8 66611 6CC0 1S6°SL 6€L°0 1¢6'0L  Lv6TC ILLO 8860 £65°0 98C’L9 €SS0 658'0 S#oSew]
9¢6°'LT  L€9'8 TOL'TIT CITO SELVL S9L0 0STyL  LLI'TC 88LO 8L6°0 8650 6¥0'89 8650 68L°0 t#eSew]
SI10°0C v6C0l ICI'IT 8LTO 8¥€'C9 €L9°0 6£8°C9  8E®'LT TCLO 186°0 w70 CECLS  T9Y0 SSL'O  g#oSew]
06581 00€'8 9¢8'11 9IT0 886'17L 6SL°0 98¢ €L 96S°IC ¥8LO 86°0 98¢0 9¢€'89 9860 128°0 c#osSew]
[€€0Cc  I8¥'L S€0Cl 60C0 8Y9vL 89L°0 96 vL  6L8°0C 16L°0 £86°0 009°0 8169 0090 [28°0 [#oSew] RO
19C°6S TSI'cec  0Sv'L LvCO 999°6v 8YL0 c0TYL  6L9VC €CLO Sv8°0 199°0 0c6'6v  199°0 10°0  L#oSew]
LLYV'IL L6I'IC  S9L'L ¥8C0 88C 91 669°0 65189  8SE8CT 9IL0 ¥L8°0 865°0 LESOY  8SS°0 €0%'0 9#eSew]
88696 606'vC OL9'L vLTO 81911 YILO 8SI'0L  S9E°LT 9TLO 098°0 650 9e8 vy T65°0 19€°0 G#oSew]
Ge0'6L 9cLce  I8¥9 160 wor'6e 00L°0 09769  SLE'6C 90L0 L6L0 919°0 LOL6E 9190 €60 #oSew]
0CC'88 €LI'9C ¥IS'L €6C0 w1y 1690 ¢CSL9  T0E6C LOLO LS80 LSS0 Yev'ly LSS0 0£€'0  4oTew]
LyeT9 T8CST  ILEL 1LTO (45 R 44 61L°0 9C¢0°'IL  TTI'LT 6CLO Sv8°0 €190 LSLvy €190 €6€°0  gyoSewy
¥6C°001 8L6'LT 0L8'9 S6CT0 <LO0Y 969°0 ¥19°89  €9¥'6C SOLO 80 685°0 [10€°0r 68570 90€'0 T#doSewW] [PUOHUSAUOD
Koendoy () 9ads/suas
(000IX) WdIN A ANSd WIN (%) omsedy7d oljowoon joamsedw-4 (%) Ydd YOd Aoyads AIAnIsusg (%) amseoul-7 [[809Y  UOISIdAI] #1S

1°0 = ¥ Je wyjIos[e s YOIN Jo uoneyuawardwt S1seyd0)s pue [RUOIUIAUOD 1] (Joseiep ATer( Aoporg) pole[nofes sorow aouewIojrad Juareyiq € ajqel

SN Computer Science

A SPRINGER NATURE journal



SN Computer Science (2023) 4:99

Page 130f 14 99

=0.2

Table 5 Different performance metrics calculated (Monk Cuper Set (MCS)) for first five images for conventional and stochastic implementation of Nick’s algorithm at &

Precision Recall F-measure (%) Sensitivity Specificity BCR BER (%) F-measure of Geometric pFMeasure (%) NRM PSNR DRD MPM (x1000)

Method#

SL#

sens/spec (%) Accuracy

14.276 23.056

0.246 9.354

58.493
88.307
49.001
68.847
63.409
82.999
58.769

84.12

0.733

71.229
78.372
73.969
79.153
73.849
76.112
71.468
80.659
69.871
75.227

0.754 24.596
0.819 18.092
0.778 22.202

0.931
0.821

0.577

0.577 57.083
0.649 75.523
0.605 47.797
0.666 62.246

0.611

Image#1 Conventional 0.565

6.005

12.496 6.66

0.801 0.181

0.989

0.649

0.903

Stochastic
Image#2 Conventional 0.395

11.747 25.962 21.173
13.885 16.172 11.822

0.222
0.179
0.228  9.561
0.198

0.759

0.951

0.605
0.666
0.611

0.806
0.755

17.949

0.975

0.584

Stochastic
Image#3 Conventional 0.587

18.872 25.946

0.772 22.802
0.802 19.847
0.754 24.562
0.832 16.772

0.741

0.933

59.873

11.732 11.063 7.552

0.781

0.982
0.927
0.979

0.622
0.581

0.84 0.622 71.443
0.581

Stochastic
Image#4 Conventional 0.546

19.309 13.83

0.246 9.288
0.168

0.734

56.336

9.446
33.896

12.238 9.498

0.819

0.686

0.686 75.021
0.564 61.011
0.611

0.828

Stochastic
Image#5 Conventional 0.664

19.21

0.259 7.904

0.205 9.828

66.796
82.73

0.719

25.923

0917

0.564
0.611

11.934 18.551

0.773

0.795 20.523

0.979

72.519

0.892

Stochastic

NRM (Negative rate metric), PSNR (Peak signal-to-noise
ratio), DRD (Distance reciprocal distortion metric), MPM
(Misclassification penalty metric) to compare the results.

We have experimented using two values of kK = 0.1 and
0.2. Several metrics are calculated, that denote that the sto-
chastic implementation in Tables 3, 4 and 5 are close to the
ideal values of each. The graphs in Fig. 17a, b show the
average values of the selected metrics of all the images of
Bickley Diary dataset at k = 0.1 and £ = 0.2. It is observed
that all the metrics perform well for k = 0.2, so the experi-
ment on the Monk Cuper Set (MCS) is done only on k = 0.2.
In Fig. 18a, b, we have plotted the average values of the
selected metrics of all the images and the standard devia-
tion of the Monk Cuper Set. Some of the sample images of
the Bickley Diary dataset and Monk Cuper Set along with
the ground truth and binarization outcomes are shown in
Figs. 14a—d and 15a—d.

Conclusion

The proposed stochastic square root circuit is used in
this study to stochastically implement Nick’s binariza-
tion method on noisy document images in order to better
handle noise-related issues. We have also tweaked some
logic blocks to improve individual accuracy and reduce the
amount of hardware required. We showed that the perfor-
mance of stochastic Nick is better than that of the current
method. An array of datasets can benefit from the proposed
approach because stochastic computing is able to handle
both the extrinsic and intrinsic noise of an image. The key
to this result is the incorporation of bitwise operations into a
stochastic model, which can then be generalised to produce
an efficient architecture for a wide range of applications.

Declarations

Conflict of Interest There is no conflict of interest with others.

References

1. Mitra S, Santosh KC, Naskar MK. Niblack binarization on
document images: area efficient, low cost, and noise toler-
ant stochastic architecture. Int J Pattern Recognit Artif Intell.
2021;35(04):2154013. https://doi.org/10.1142/S02180014215401
36.

2. Ypma TJ. Historical development of the Newton-Raphson method.
SIAM Rev. 1995;37(4):531-51. https://doi.org/10.1137/1037125.

3. Toral SL, Quero JM, Franquelo LG. Stochastic pulse coded arith-
metic. In: 2000 IEEE International Symposium on Circuits and
Systems (ISCAS), 2000:1:599-6021 . https://doi.org/10.1109/
ISCAS.2000.857166.

4. Mitra S, Banerjee D, Naskar MK. A low latency stochastic square
root circuit. In: 2021 34th International Conference on VLSI

SN Computer Science
A SPRINGER NATURE journal


https://doi.org/10.1142/S0218001421540136
https://doi.org/10.1142/S0218001421540136
https://doi.org/10.1137/1037125
https://doi.org/10.1109/ISCAS.2000.857166
https://doi.org/10.1109/ISCAS.2000.857166

29

Page 14 of 14

SN Computer Science (2023) 4:99

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Design and 2021 20th International Conference on Embedded
Systems (VLSID), 2021; p. 7-12 https://doi.org/10.1109/VLSID
51830.2021.00006.

Gaines BR. In: Tou, JT. editors. Stochastic computing systems,
Boston: Springer; 1969, p. 37-172. https://doi.org/10.1007/
978-1-4899-5841-9_2.

Poppelbaum, WJ, Afuso C, Esch JW. Stochastic computing ele-
ments and systems. In: Proceedings of the November 14-16, 1967,
Fall Joint Computer Conference. AFIPS *67 (Fall), ACM, New
York, NY, USA, 1967; pp. 635-644. https://doi.org/10.1145/
1465611.1465696.

Alaghi A, Hayes JP. Exploiting correlation in stochastic circuit
design. In: 2013 IEEE 31st International Conference on computer
design (ICCD), 2013; p. 39-46. https://doi.org/10.1109/ICCD.
2013.6657023.

Ting P, Hayes JP. Stochastic logic realization of matrix operations.
In: 2014 17th Euromicro Conference on digital system design,
2014; p. 356-364. https://doi.org/10.1109/DSD.2014.75.

Chen T, Hayes JP. Design of division circuits for stochastic com-
puting. In: 2016 IEEE Computer Society Annual Symposium
on VLSI (ISVLSI), 2016; p. 116—-121. https://doi.org/10.1109/
ISVLSI.2016.48.

. Parker KP, McCluskey EJ. Probabilistic treatment of general com-

binational networks. IEEE Trans Comput. 1975;C-24(6):668-70.
https://doi.org/10.1109/T-C.1975.224279.

Ting P, Hayes JP. On the role of sequential circuits in stochastic
computing. In: Proceedings of the on Great Lakes Symposium on
VLSI2017. GLSVLSI *17, ACM, New York, NY, USA, 2017; p.
475-478. https://doi.org/10.1145/3060403.3060453.

Alaghi A, Cheng Li, Hayes, J.P.: Stochastic circuits for real-time
image-processing applications. In: 2013 50th ACM/EDAC/IEEE
Design Automation Conference (DAC), 2013; p. 1-6. https://doi.
org/10.1145/2463209.2488901.

Alaghi A, Hayes JP. Survey of stochastic computing. ACM Trans
Embed Comput Syst. 2013;12(2s):92-19219. https://doi.org/10.
1145/2465787.2465794.

Ting P, Hayes JP. Eliminating a hidden error source in stochastic
circuits. In: 2017 IEEE International Symposium on defect and
fault tolerance in VLSI and nanotechnology systems (DFT), 2017,
p. 1-6. https://doi.org/10.1109/DFT.2017.8244436.

Lee VT, Alaghi A, Hayes JP, Sathe V, Ceze L. Energy-efficient
hybrid stochastic-binary neural networks for near-sensor comput-
ing. In: Design, Automation Test in Europe Conference Exhibition
(DATE), 2017; p. 213-18 https://doi.org/10.23919/DATE.2017.
7926951

Ambrosio V, Molica Bisci G, Repov§ D. Nonlinear equations
involving the square root of the Laplacian. Discrete Contin Dyn
Syst S. 2019;12(2):151-70. https://doi.org/10.3934/dcdss.20190
11.

Kumar V, Gupta P. Importance of statistical measures in digital
image processing. Int J Emerg Technol Adv Eng. 2012;2(8):56-62.
Yang P, Song W, Zhao X, Zheng R, Qingge L. An improved
Otsu threshold segmentation algorithm. Int J Comput Sci Eng.
2020;22(1):146-53.

Liu W, Hu E-W, Su B, Wang J. Using machine learning techniques
for dsp software performance prediction at source code level. Con-
nect Sci. 2021;33(1):26-41.

Chouder R, Benhamidouche N. New exact solutions to nonlinear
diffusion equation that occurs in image processing. Int ] Comput
Sci Math. 2019;10(4):364-74.

Chen K, Wang G, Chen J, Yuan S, Wei G. Impact of climate
changes on manufacturing: Hodrick-Prescott filtering and a

SN Computer Science

A SPRINGER NATURE journal

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

partial least squares regression model. Int J] Comput Sci Eng.
2020;22(2-3):211-20.

Liu A, Li P, Deng X, Ren L. A sigmoid attractiveness based
improved firefly algorithm and its applications in iir filter design.
Connect Sci. 2021;33(1):1-25.

Ren H, Hoang LB, Chen H-C, Wei BWY. Design of a 16-bit cmos
divider/square-root circuit. In: Proceedings of 27th Asilomar Con-
ference on Signals, Systems and Computers, 1993; p. 807-8111.
https://doi.org/10.1109/ACSSC.1993.342633.

Kabuo H, Taniguchi T, Miyoshi A, Yamashita H, Urano M, Eda-
matsu H, Kuninobu S. Accurate rounding scheme for the Newton-
Raphson method using redundant binary representation. IEEE
Trans Comput. 1994;43(1):43-51.

Verma K. On the centroidal mean newton’s method for simple
and multiple roots of nonlinear equations. Int J Comput Sci Math.
2016;7(2):126-43.

Haridas SG, Ziavras SG. Fpga implementation of a Cholesky
algorithm for a shared-memory multiprocessor architecture. Par-
allel Algorithms Appl. 2004;19(4):211-26.

Vézquez A, Bruguera JD. Iterative algorithm and architecture for
exponential, logarithm, powering, and root extraction. IEEE Trans
Comput. 2012;62(9):1721-31.

Singh A. An efficient fifth-order iterative scheme for solving a
system of nonlinear equations and pde. Int ] Comput Sci Math.
2020;11(4):316-26.

Wu D, San Miguel J. In-stream stochastic division and square root
via correlation. In: 2019 56th ACM/IEEE Design Automation
Conference (DAC), IEEE, 2019; p. 1-6.

Li P, Lilja DJ. Using stochastic computing to implement digital
image processing algorithms. In: Proceedings of the 2011 IEEE
29th International Conference on computer design. ICCD 11,
IEEE Computer Society, USA, 2011; p. 154-161. https://doi.org/
10.1109/1CCD.2011.6081391.

Xu W, Xie G, Wang S, Lin Z, Han J, Zhang Y. A stochastic com-
puting architecture for local contrast and mean image thresholding
algorithm. Int J Circ Theory Appl. 2022. https://doi.org/10.1002/
cta.3320.

Lee VT, Alaghi A, Pamula R, Sathe VS, Ceze L, Oskin M. Archi-
tecture considerations for stochastic computing accelerators. IEEE
Trans Comput Aided Des Integr Circ Syst. 2018;37(11):2277-89.
https://doi.org/10.1109/TCAD.2018.2858338.

Baker TJ, Sun Y, Hayes JP. Benefits of stochastic computing in
hearing aid filterbank design. In: 2021 IEEE Biomedical Circuits
and Systems Conference (BioCAS), 2021; p. 1-5. https://doi.org/
10.1109/BioCAS49922.2021.9645021.

He S, Schomaker L, Shi Z. Monk Cuper Set (MCS) for bench-
marking historical document image binarization. https://doi.org/
10.5281/zenodo.4767809.

Moghaddam RF. Objective evaluation of binarization methods for
document images. 2013. https://in.mathworks.com/matlabcentral/
fileexchange/27652-objective-evaluation-of-binarization-metho
ds-for-document-images. Accessed 31 Mar 2022.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of
such publishing agreement and applicable law.


https://doi.org/10.1109/VLSID51830.2021.00006
https://doi.org/10.1109/VLSID51830.2021.00006
https://doi.org/10.1007/978-1-4899-5841-9_2
https://doi.org/10.1007/978-1-4899-5841-9_2
https://doi.org/10.1145/1465611.1465696
https://doi.org/10.1145/1465611.1465696
https://doi.org/10.1109/ICCD.2013.6657023
https://doi.org/10.1109/ICCD.2013.6657023
https://doi.org/10.1109/DSD.2014.75
https://doi.org/10.1109/ISVLSI.2016.48
https://doi.org/10.1109/ISVLSI.2016.48
https://doi.org/10.1109/T-C.1975.224279
https://doi.org/10.1145/3060403.3060453
https://doi.org/10.1145/2463209.2488901
https://doi.org/10.1145/2463209.2488901
https://doi.org/10.1145/2465787.2465794
https://doi.org/10.1145/2465787.2465794
https://doi.org/10.1109/DFT.2017.8244436
https://doi.org/10.23919/DATE.2017.7926951
https://doi.org/10.23919/DATE.2017.7926951
https://doi.org/10.3934/dcdss.2019011
https://doi.org/10.3934/dcdss.2019011
https://doi.org/10.1109/ACSSC.1993.342633
https://doi.org/10.1109/ICCD.2011.6081391
https://doi.org/10.1109/ICCD.2011.6081391
https://doi.org/10.1002/cta.3320
https://doi.org/10.1002/cta.3320
https://doi.org/10.1109/TCAD.2018.2858338
https://doi.org/10.1109/BioCAS49922.2021.9645021
https://doi.org/10.1109/BioCAS49922.2021.9645021
https://doi.org/10.5281/zenodo.4767809
https://doi.org/10.5281/zenodo.4767809
https://in.mathworks.com/matlabcentral/fileexchange/27652-objective-evaluation-of-binarization-methods-for-document-images
https://in.mathworks.com/matlabcentral/fileexchange/27652-objective-evaluation-of-binarization-methods-for-document-images
https://in.mathworks.com/matlabcentral/fileexchange/27652-objective-evaluation-of-binarization-methods-for-document-images

	Development of Noise Tolerant Document Image Binarization Technique Employing an Accurate Square Root Circuit
	Abstract
	Introduction
	 Stochastic Logic Units (SLU)
	Absolute Subtraction
	Stochastic Mean Circuit (SMC)
	Stochastic Number Storage
	Stochastic Division Circuit
	Multiplication and Squaring Operation
	Scaled Addition and Subtraction
	Adder Unit
	Subtractor Unit


	Square Root Circuit
	Proposed Square Root Circuit
	Error Detection Block
	Error Correction Block


	Experimental Results and Analysis
	Case Study: Nick’s Binarization on Noisy Document Dataset

	Conclusion
	References




