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The main motivation of the study is to prevent and optimize the deviations in linear connections
with complex calculations related to the previous and next steps. This purpose is used for more
stable detection and therefore segmentation of object edge/corner regions in Quality Control
Systems with Image Processing and Avrtificial Intelligence algorithms produced by authors within
Alpplas Industrial Investments Inc. The dataset used in this area was originally obtained as a result
of the edge approaches of the plastic panels manufactured by Alpplas Inc., extracted from the
images taken from the AlpVision Quality Control Machine patented with this research. The data
consists entirely of the pixel values of the edge points. Dispersed numeric data sets have quite
changeable values, create high complexity and require the computation of formidable correlation.
In this study, dispersed numeric data optimized by fitting to linearity. The LFLD (Linear Fitting
on Locally Deflection) algorithm developed to solve the problem of linear fitting. Dispersed
numeric data can be regulated and could be rendered linearly which is curved line smoothing, or
line fitting by desired tolerance values. The LFLD algorithm organizes the data by creating a
regular linear line (fitting) from the complex data according to the desired tolerance values.

This is an open-access article under the CC BY-SA 4.0 license.
(https://creativecommons.org/licenses/by-sa/4.0/)

1. Introduction

of the data are line smoothing or linear fitting. Also, locally

The LFLD algorithm is briefly used for the optimization
of one-dimensional numerical data by making local
controls within the tolerance information. In the first stage
of LFLD, out-of-tolerance values are detected by checking
locally depending on previous and next values. Values
detected step-by-step are labeled as extreme values, and
sub-arrays (AKA out-of-tolerance or extreme arrays) are
created. All values between the start and end points of
these sub-arrays are re-calculated in the optimization
function and replaced in the main array.

The data that LFLD aims to optimize are noisy or
scattered numerical data, and signals can be described as
planar or 2D data. The noisy data might be available in
sensor measurements, communication, transferring,
compression, etc. data. To optimize the data, parts of noisy
data need to be separated.

Some of the solutions applied to optimize the noisy parts

* Corresponding author. E-mail address: mahmut.yasak@alpplas.com
DOI: 10.18100/ijamec.1080843

weighted regression [4] method is used to smooth
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Figure 1. Comparison of Polynomial, Loess, Linear Regression,
and LFLD Algorithm with 10 Tolerances on the Sample Dataset
variables are among the methods used to solve the fitting
problems. That study is also categorized as an approach to
regression analysis by local fitting with nonparametric
regression [1]. Locally independent variables [7] [8] are
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computations of dynamic analogy types such as time
series. This method is commonly used as Locally
Estimated Scatterplot Smoothing (LOESS) [3] in a distinct
name. Furthermore, this method was developed and also
known as locally weighted [16] polynomial regression and
abbreviated as LOWESS [4]. Another study in this field is
the extraction of linear modeling [9] for a scalar response
with dependent and independent variables [5], called linear
regression [10] [11] [12] [13] [14] which is widely used
for regression analysis. The linear model has estimated the
parameters from data in linear regression [6]. There is
another method that provides the smoothing of the data by
using polynomial regression [2]. Polynomial regression is
a class of regression analysis by extracting the relation
between dependent and independent variables.

There is an approach study that developed to solve the
linear fitting problem by Parasad [17]. That study using the
extracted image pixel values such as our proposed
solution. These pixels have dispersed conditions and they
are trying to solve the fitting in order to linearize these
pixel datas. This fitting occurs when an analytical
expression of the maximum deviation of the pixels from
the digital line can be derived. They are using a control
parameter in the first line of the independent data.

In this study, the primary motivation is to apply local
optimization and smoothen the parts of the scattered line
data that are not within the desired tolerance values. The
data extracted from the edge approaches of the plastic
panels manufactured by Alpplas Inc., extracted from the
images taken from the AlpVision Quality Control Machine
patented with this research. LFLD is tested on one-
dimensional object edge points extracted with a Canny
Edge [17] Detector of plastic panels. Canny Edge Detector
output can contain incorrect edges because of
environmental parameters such as lighting system, specks
of dust, or scratches. Blurring algorithms may fail to clear
the image from scratches, or it may fail because of the
lighting system. The LFLD is produced to solve these
kinds of situations. The stated line output of LFLD is the
optimum line to correlate the dependent variables and
eliminate the independent variables throughout the way-
line. The tolerance parameter is changeable with desired
values (with the condition of staying in the data range) that
provide the calibrated direction of the line. With the given
optimum tolerance for any specified solution, the LFLD
can re-produce given scattered line data as more linear
(out-of-tolerance values are re-calculated as within
tolerance) line data.

These signified related works such as linear regression,
polynomial regression, locally weighted polynomial
regression, and LFLD algorithms compared with line-
fitting performance in Figure 1 and Figure 5. Here, the
used dataset is (explained in the proposed methods section)
shown as dispersed and noisy and having more dependent
variables.

2. Proposed Method
2.1

LFLD is an algorithm that takes one-dimensional
numeric data as input and applies optimization to data.
LFLD mainly focuses on line fitting to dispersed data with
noisy as desired tolerance values which are used to
determine the direction of the line. In this meaning, the
data may be an edge of an object in images, a history of
route data with missing locations of a vehicle, or noisy
voice data. In the aim of focus, the study tested on one-
dimensional object edge points extracted with a Canny
Edge Detector shown in Figure 2.

Line Fitting on Locally Deflection Algorithm
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Figure 2. Object Edge Points Extracted with Canny Edge
Detector One-Dimensional Data for Testing Purpose

On test data, LFLD starts with the detection of out-of-
tolerance values by checking locally. In the step meant as
"Checking Locally" is LFLD walks on one-dimensional
data and saves the value index before the first out-of-
tolerance value (the value within the last tolerance - alpha)
in the memory, and after this event, it continues to walk
with knowing it is at the out-of-tolerance area (blind area)
until it encounters the value within the last tolerance value
index (beta) and applies optimizing process between the
range of alpha (last out-of-tolerance value index before
blind area) and beta (first tolerance value index after blind
area). The optimization process is calculated with the
formula given in the following equations.

f— «a
h= e+1 @
Ai=z B+ ix*w )
A= [AY, A% 03, ..., AL .., A%
®)

In equation 1, where p is a new value that is the result
of the Linear Fitting Process which calculation shown in
equation 1 and algorithm, B is Average Difference at
subsequence of the one-dimension array that is
encountered out-of-tolerance. In equation 1 where o is the
start value at the out-of-tolerance sequence and ¢ is the
number of samples in the out-of-tolerance sequence shown
in algorithm 1 of Figure 9. On the other hand, equation 3
is to show the array of all re-calculated subsequences of
the one-dimension array that is encountered out-of-
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tolerance where it starts from one to €. After the calculation
of u, with algorithm 3 in Figure 9, the result will be used
in A! the calculation which shows in algorithm 2 of Figure
9. After calculation of all Al's are where i is from first
element index of out-of-tolerance by sequence to last
element index of out-of-tolerance sequence, result array
will be syncs to the main array with between specified
array index ranges.

Table 1. Error metrics of the line fitting algorithms

Methods Name Data MSE
LOESS Numeric Data 13879.695
Linear Regression Numeric Data 14698.214
Polynomial Regression Numeric Data 15168.114
LFLD Numeric Data 14111.067

In Table 1, As a result of the application of the related
works and the LFLD algorithm are shown a performance
metric as Mean Squared Error (MSE). The MSE error
metric is calculated by the following equation.

e 0i—wd)?
-~ @)

In equation 4, where y;is actual values, y; is the
predicted or calculated values, i is data to forecasting or
calculation, n refers to the size of data. The calculated and
error metrics were determined above equation as
MSE=14111.067 for LFLD. The reason that the MSE
scores of all related works are too high is that the used
sample data regression values range is too high. Also, the
data regression range is shown in Figure 2 and Figure 4.
Thus, all MSE results of related works and LFLD are too
high by virtue of the high distance between all regression
points in the sample data.

MSE =
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Figure 3. The Line Fitting Performance by Different Tolerances
of the LFLD Algorithm

In Figure 3 and Figure 6, there are four desired tolerance
values such as 5, 12, 19, and 26 to perform to determine
the direction of the line. The direction is collapsed by the
tolerable noise value or independent value as a specified
parameter. The used sample tolerance parameters show
how the degree of contained view and how it occurs.

Also, our proposed method applied another dataset [18]
shown in Figure 4 that has signal and noise variables as
dispersed conditions and linear relationship between
independent variables and dependent variables.
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Figure 4. Second Sample Dataset
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Figure 5. Comparison of Polynomial, Loess, Linear Regression,
and LFLD Algorithm with 31 Tolerances on the Second Sample

Dataset
* Data
—— Optimized Data by LFLD - Tolerance:5 | MSE:10784.667
—— Optimized Data by LFLD.- Tolerance:12 | MSE:10553,844
Optimized Data by LFLD - Tolerance:19 | MSE:9983.637 .
Optimized Data by LFLD - Tolerance:26 | MSE:10318.474
.
=8
T
u .-
% . .
[
3
= .
© .
200
> .
P :
& 0 —.ﬂpﬁ‘__‘-'_.#"-—'
“wife, o, = ot
O g e b P ey, et SN0

- ' . -

Numt;er of San‘?ble

Figure 6. The Line Fitting Performance by Different Tolerances
of the LFLD Algorithm

2.2. Algorithm Schematic

In Equations 1, 2, and 3 are completed explanations in
Figures 4 and 5. Also, algorithm schematics are detailed
and represented pseudocode in Figure 7.

51




Yasak and Bilgehan, International Journal of Applied Mathematics Electronics and Computers 10(02): 049-056, 2022

—

<int>|<Fioat> Array Lie

1D Sequence Changes Detection

step through the

Sequence: array_like

R—

laray_ike from frst tol
he iast element by
sefting the current
element &
‘current_element

Create.
iy It named detected_changes Set “ast_siement

variabiatofrst [ —»f
lement o aray_ike

[Set is_in_tolerance to
True

tolerance?

:{> <inoi<Fioat> Tolerance: tolerance

I

Bool> Store Last

<Box
Tolerance: store_ast_tolerance

——

<BookReverse

o

Setlast_slement to
lement s

Return: is_return_reverse

s
! !
ot rversa_seacied_cnange

lto reversa of the bool elements
of detected_changes

Add Is_in_tolerance
to detected_changes
sl

Retum Retum detected_changes,
detacted_changes reverse_etected_changes

-
W

Figure 7. Extraction of coefficient with repetitive values at algorithm-1D sequence changes detection
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1D Sequence Changes Detection
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Figure 8. Extraction of coefficient with repetitive values at sequence on algorithm-optimized sampling in range
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Algorithm 1 Linear Fitting on Locally Deflection

Input: One Dimensional Numeric Array, Tolerance in [nitialisation :
array_like «— Input 1
tolerance + Input 2
local_buf fered_optimized «— Array
detected_change_points < 1D Sequence Change Point Detection(array_like, tolerance)
array_like_length + size of array variable array_like
last_mean_diff + 0
mean_dif f + 0
mean_dif f_number « 0
sequence_start_inder + 0
sequence_end_index + 0
for inder frém zero to array_like_length do
if detected_change_points[index] is true then
for sub_index fromrangesequence_start_index + ltoarray_like_length do
if detected_change_points[sub_index] is false or sub_index + 1 equal to array_like_length then
sequence_end_inder = sub_index
indexr = sequence_end_index
break
end if
if sequence_end_index + 1 is equal to array_like_length then
local_buf fered_optimized, last_mean_diff + Optimized Sampling in Range( array_like[sequence_start_index
- 1], array_like[sequence_start_index - 1] + ( ( array_like length - sequence_start_index ) * ( mean_diff /
mean_diff_number ) ), array_like_length - sequence_start_index ) array_like[from sequence_start_index until end
of array_like ] + local_buffered_optimized
else
local_buf fered_optimized, last_mean_diff + Optimized Sampling in Range( array_like[sequence_start_index
- 1],  array_like[sequence_end_index], array_like_length - sequence_start_index )  array_like[from se-
quence_start_index to sequence_end_index | + local_buffered_optimized
end if
end for
mean_diff + mean_diff + last_mean_diff mean_diff_number + mean_diff_number + 1
end if
if sequence_end_index is equal to array_like_length then
break
end if
end for
return array_like =0

Algorithm 2 (Sub-Algorithm) 1D Sequence Change Point Detection

Input: One Dimensional Nimeric Array, Tolerance in
Output: One Dimensional Binary Array out Initialisation :
array_like < Input 1
tolerance + Input 2
element « 0
sequence_changes + array
sequence_start < 0
sequence_end «—
last_element + array_like[0]
is_in_tolerance ¢+ false
for element in array_like do
is_in_tolerance < (—tolerance) < (last_element — element) < tolerance
sequence_changes +— sequence_changes + not is_in_tolerance
if is_in_tolerance then
last_element < element
end if
end for
return sequence_changes =0

Algorithm 3 (Sub-Algorithm) Optimized Sampling in Range
Input: Value Start, Value End, Number of Samples in
Output: One Dimensional Binary Array out [nitialisation :
value_start + Input 1
value_end < Input 2
number_of_samples + Input 3
list_sample + array
mean_dif [ + (value_end — value_start) | (number_of_samples + 1)
for index in range(l, number_of_samples + 1) do
list_sample + list_sample + (value_start + index * mean_dif f)
end for
return list_sample, mean_dif f =0

Figure 9. The main LFLD algorithm is explained in Algorithm 1, Also sub-algorithms in Algorithm 2 and Algorithm 3 call the main
algorithm to optimize and solve the locally deflection
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3. Performance Hardware

Intel i7-10750H 2.60GHz CPU, 16GB 2133MHz RAM,
and NVidia GTX 1650Ti with Max-Q Design 4GB GPU
RAM hardware was used to test the algorithm. The
processing times of the whole applied algorithms, which
are mentioned in the tables, were obtained with the
specified hardware and the programming phase of the

In Table 3, the LFLD algorithm is compared with
process time performance with related loess, linear, and
polynomial algorithms and it has also been added to the
comparison by using some interpolation algorithms such
as Not-a-Knot, Clamped, and 2" Derivative in the scipy
library, which is an open library publication.

Table 3. The process time metric of applied algorithms

study was developed in Python 3.7 Programming Algorithm Process Time (ms)
Language. Not-a-Knot 0.00100
Table 2. Hardware information Clamped at 0 0.00100
Clamped at 5 0.00100
. Natural at 0 0.00100

Hardware Process Time (ms —

(ms) 2" Derivatives at 5 0.00100
CPU Intel i7-10750H CPU @ 2.60GHz Polynomial Regression 0.00798
RAM 16 GB 2667 MHz Loess Regression 0.04288
Memory SSD 512 GB Linear Regression 0.00199
GPU NVIDIA GeForce GTX 1650Ti 4GB LFLD — Tolerance: 26 0.00200
LFLD — Tolerance: 19 0.00200
. LFLD — Tolerance: 12 0.00200
4. Conclusions LFLD — Tolerance: 5 0.00100
LFLD — Tolerance: 10 0.00200

The Line Fitting Locally Deflection algorithm has been
applied as a solution for the dispersed noisy data to solve
the linear smoothing problem. Also, the proposed
tolerance feature can be able to determine the direction of
the line in every step into the dataset.
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Figure 10. LFLD Compare Alternatives Scipy Library
Algorithms
In this meaning, the dataset can be an edge of an object
in images, a history of route data with missing locations of
a vehicle, or noisy voice data. In the aim of focus, the study
tested on one-dimensional object edge points extracted
with a Canny Edge Detector shown in Figure 2. Also, both
LFLD and scipy library algorithms calculations are shown
in Figure 10. As shown in the figure, LFLD Algorithm
with tolerance 10 has the minimum slip that fits to the
purpose, which is to get the optimum edge points of an
object. For future works, LFLD may contain machine
learning algorithms to detect optimum tolerance for well-
known purposes such as edge detection, segmentation
errors correction [15], etc. Also, LFLD has the problem
that if the starting point value of the master data is
incorrect, the whole process will be calculated based on
the improper starting value. Thus the algorithm should
trust the start value of the dataset.
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