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Classifying compressive strength of clay bricks using an
inertial projected forward-backward algorithm

WATCHARAPORN CHOLAMJIAK', STWAT LAWANWADEEKUL?, KUNRADA KANKAM?,
PRASIT CHOLAMJIAK!, AND NIPA JUN-ON*

ABSTRACT. The enduring popularity of clay bricks as a construction material can be attributed to their af-
fordability. Nevertheless, the elevated temperatures necessary to attain the desired physical and mechanical
characteristics result in substantial energy consumption and the emission of thermal pollutants. Accurately
classifying clay bricks is essential in evaluating their suitability for construction purposes, with compressive
strength being a critical parameter. The present study introduces new projected forward-backward algorithms
for solving constrained convex minimization problems by using line search techniques to classify the compres-
sive strength of clay bricks. The algorithm performs better than current methodologies, displaying exceptional
precision, recall, F1 score, and accuracy.

As a numerical result, the finding highlight the significance of water absorption for classifying compressive
strength. The bulk density is directly influenced by the size of additives, whereas the firing temperature, firing
shrinkage, and apparent porosity exhibit interrelationships throughout the firing process. A comprehensive
understanding of these parameters is pivotal in enhancing the clay brick manufacturing process and facilitates
informed decision-making about material selection and structural design. Moreover, the algorithm can enhance
machine learning methodologies in materials science and engineering applications.

1. INTRODUCTION

The affordability of clay bricks as a construction material has contributed to their en-
during popularity over many centuries. To meet the desired physical-mechanical proper-
ties of clay bricks, the firing procedure necessitates high firing temperatures, which leads
to significant energy consumption and thermal pollution [28, 15]. Since the phase trans-
formation of clay at various temperatures directly impacts the final product’s physical
and mechanical characteristics [5, 16].

In civil and structural engineering, the compressive strength of clay bricks is a para-
mount property that dictates their suitability and safety for construction purposes. More-
over, precisely and effectively classifying the compressive strength is critical for ensuring
quality control, selecting appropriate materials, and designing structures [31, 1, 17]. Tra-
ditionally, this critical property is determined through destructive laboratory testing, a
process that is not only time-consuming and expensive but also results in the loss of ma-
terial.

Consequently, there is a significant and practical need for reliable, non-destructive
methods to classify brick strength based on easily measurable physical or visual parame-
ters. This challenge motivates the development of robust computational models capable
of learning the complex relationship between brick features and their mechanical proper-
ties.
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This classification task can be effectively modeled as a machine learning problem,
which, in turn, can be formulated mathematically as a constrained convex minimiza-
tion problem. Specifically, the goal is to find a set of model parameters that minimizes
a loss function subject to certain constraints. This formulation allows us to leverage the
powerful framework of proximal algorithms, which are designed to efficiently solve such
composite optimization problems.

The projected forward-backward splitting algorithm is a fundamental and widely used
method for solving this class of constrained convex minimization problems. However, its
convergence rate can be slow, which presents a bottleneck in large-scale applications. To
overcome this limitation, researchers have explored various acceleration strategies. One
prominent approach is the inertial technique, which incorporates a momentum term from
previous iterates to speed up convergence. Another avenue for improvement lies in mod-
ifying the iterative structure itself, with multi-step processes like the Ishikawa iteration
[10] offering potential benefits in terms of stability and convergence behavior under cer-
tain conditions. Despite these advances, the synergy of combining inertial techniques
with a multi-step iterative framework for projected splitting methods remains an area
ripe for exploration.

Motivated by the need for a more efficient and robust algorithm for the brick classifica-
tion problem, in this paper, we aim to design new projected forward-backward algorithms
based on Ishikawa [10] iterations for solving the constrained convex minimization prob-
lems and provide weak convergence theorem for the proposed algorithm by using the
inertial technique, to classify the compressive strength of clay bricks. We also show that
the proposed algorithm outruns other methods in the literature. Moreover, the numerical
results show that it efficiency in terms of precision, recall, F1 score and accuracy.

The subsequent sections of this paper are organized in the following manner: Sec-
tion 2, as mathematical background section, delineates the methodology employed in this
study, encompassing the theoretical underpinnings of the the inertial projected forward-
backward algorithm. In section 3 of the paper, we construct our main theorem, while
the experimental configuration, datasets, and metrics for performance evaluation are pre-
sented in section 4 of numerical experiments. The study is discussed in real-world appli-
cation and concluded in section 5 and section 6 respectively, wherein the contributions of
the research are emphasized.

2. MATHEMATICAL BACKGROUND

The core objective of this research is to develop a reliable method for classifying the
compressive strength of clay bricks from non-destructive features. From a computational
standpoint, this is a supervised machine learning classification task. We aim to train a
model that learns a mapping from a set of input features to a discrete class label.

The process of training such a model can be rigorously framed as a constrained con-
vex minimization problem. This powerful mathematical structure is foundational to a
vast array of modern machine learning algorithms. Many real-world problems in ap-
plied science and engineering, such as image and signal processing and machine learning
[9,11, 12, 14, 25, 26, 27], can be formulated in the form of a constrained convex minimiza-
tion problem:

2.1) min(p(¢) + 3(4))

e

where Q is a nonempty closed convex subset of a Hilbert space H and o, & : H — RU
{400} are proper, convex and lower semicontinuous functions that g is differentiable on
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H. The goal is to find a set of model parameters in a Hilbert space that minimizes an
objective function over a set of feasible parameters.
By Fermat’s rule, we see that ¢ is an optimal solution to (2.1) if and only if

¢ €Qand 0 € BVp(¢) + BIS(¢) < ¢ Qand (I —BVp) (o) € (I+ BII)(¢)
(2.2) & ¢ eQand ¢ = proxgg (¢ — SVe(9)),

where 3 > 0, proxgg = (I + BO)~! stands for the proximal operator of &, Vo is the
gradient of p and 0 is the subdifferential of 3. The subdifferential of & is the set valued
operator 93 : H — 25 which is defined by

93(¢) ={v € H[S(p) —=S3(0) = (Y, o — ), p € H}.

If @ = H, then (2.1) solves the unconstrained convex minimization problem:

2.3 i S

(2.3) min(p(¢) + 3(¢)),

which is equivalent to the fixed point equation: ¢ = proxzg (¢ — BVp(6)), where g > 0.
For solving (2.3), we can construct a simple iteration: let ¢° € H and

(24) ¢" T = proxgg (¢" — BVp(¢")),

where § > 0. By this point of view, we know that (2.4) is called a classical forward-
backward splitting algorithm (FBS). As a consequence, it has been studied by many au-
thors (see [11, 12, 25, 4, 13]).

Let ¢ € H, we know that the orthogonal projection of ¢ onto a nonempty, closed and
convex subset C' of H is defined by

(2.5) Po¢ := argmin ||¢ — ¢||%.
Ppel

We know that
[Pog — o[> < |6 —¢|1* = | Po¢ — x|,

forall y € C. From (2.2) and (2.5), we can define a simple method for solving (2.1) as
follows: let ° € H and

(2.6) ¢" ! = Po(proxsg(¢" — SVp(4"))),

where 3 > 0. The method (2.6) is called a projected forward-backward splitting algorithm
(PEBS).

In 2005, Combettes and Wajs [6] proposed the relaxed version of FBS (FBS-CW) which
is generated by ¢° € H, \,, € [¢,1] and

(2.7) @™ = 9" + An(proxg, o (0" — B Vip(d")) — 07),

where ¢ € (0,min{1,1/L}), 5, € [¢,(2/L) — €] and L is the Lipschitz constant of V.

For machine learning tasks, where the dataset can be large, an algorithm that converges
slowly is computationally expensive and impractical. Moreover, the standard algorithm
requires the step size to be chosen based on the Lipschitz constant which is either un-
known or very difficult to compute, creating a major implementation challenge.

To accelerate the convergence of sequence, Moudafi and Oliny [21] introduced the iner-
tial proximal gradient method. In 2016, Cruz and Nghia [4] proposed a forward-backward
algorithm using the linesearch technique (NFBMwL). This algorithm does not require the
Lipschitz constant in computation.
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Algorithm 2.1. Giveno > 0,6 € (0,1) and § € (0, 3). Let ¢° € H. For n > 0, calculate

"t = prox,, 5 (8" — anVep(g"),
where o, = 06™~ and m,, is the smallest nonnegative integer satisfying the following
linesearch rule:

an|[Ve(@™ ) = Vp(e™)|| < 8]l¢"F! — o7

It was proved that the sequence (¢™) converges weakly to a minimizer of p + < under
suitable conditions.

3. MAIN THEOREM

According to the previous section, the practical task of classifying clay brick compres-
sive strength can be rigorously modeled as the constrained convex minimization problem,
we now introduce the main theoretical contribution of this work as an algorithm designed
specifically for this class of problems.

This section, we assume that p, 3 : H — RU{+o0} are two proper, lower-semicontinuous
and convex functions. The function g is Fréchet differentiable on an open set containing
H. The gradient Vy is uniformly continuous on any bounded subset of H.

Linesearch 3.1. (Linesearch max) Given ¢ € H, o > 0,60 € (0,1)and § € (0,1/4).
Input. Set @ = o, L(¢,a) = prox,q(¢ — aVp(e)) and S(4,a) = prox,q(L(¢, a) —
aVp(L(¢, a))).

While
amax{|[Vp(S(¢, a)) — Vo(L(¢, )|, [Ve(L(d, @) — V(o) }
> 0(||S(¢, @) = L(, )|, | L(9, @) — p(&)]])
do a = fa
End While
Output. a.

Lemma 3.2. [13] The Linesearch 3.1 stops after finitely many steps.
Using Lemma 3.2, we define the following algorithm with Linesearch 3.1.
Algorithm 3.3. Inertial projected forward-backward algorithm with Linesearch (IPFBAwL)
Initialization: Given 6 > 0,6 € (0,1/4), 6,, € [0, 00) and n,, € [0, 1].
Iterative step: Let ¢°, ¢! € H and calculate ¢"*! as follows:
Stepl. Compute the inertial step:

pr= 0" +0n(¢" — 9" ) and " = p" + (9" — p")
Step2. Compute the forward-backward step:

P = prox,, o(¢" — anVp(e"))
and
w" = prox, o(¥" —a,Ve(y"))
where o, := Linesearch max. If 9" = w" then stop. Otherwise, go to Step 3.
Step3. Compute the ¢" ! step:
" = Po(w").
Set n :=n + 1 and return to Stepl.

Theorem 3.4. Let (¢") be generated by Algorithm 3.3. Assume that 0 < liminfa, <

n—oo

oo
limsup a,, < «, Z 0, < +o0co. Then we have

n— 00
n=1
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(1) for each ¢* € argmin(p + )N 1,
"t — o™ < K- T (1 +26),
j=1

where K = max{||¢° — ¢*||, [|¢* — ¢*||}.
(2) (¢™) weakly converges to an element of argmin(p + &) N Q.

Proof. Let ¢* € argmin(p + ) N Q. So, we get

" = o** = [Pa(w™) — |
(3.1) < w™ =61 = [[Pa(w™) — W%
From definition of w™, we see that
T—w" my W —prox, (P — an Vp(yr)) " "
V) = 2 - Vo) € 03 ("),

It follows from the convexity of g, that
q/)n —wn

n

(3.2) S(p*) — S(w™) > (

= Vp("),¢" —w").
Also, by definition of ¥, we get

pr -y _ ¢ prox, o (9" — anVe(e"))

" Vp(e") " — V(") € 03(y")
and
(3.3) 3(6") — 3™ > (2 (), 6" — 4",
By the convexity of f, we get
(3.4) p(¢") — p(¥") = (Vp((¥"), 9" —¢™)
and
(3.5) p(¢") — p(e") = (Vp(e™), 0" — ¢").

So from (3.2), (3.3), (3.4) and (3.5), we have
S(9") = S(w") + (") = (") + p(07) — p(¥") + p(¢7) — p(¥")

v

n

H(Vp(e™),¢" — ™)

n
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<"/Jna_ w™ . Vp(wn)7¢* _wﬂ> + <90na_wn _ vp(wn)’¢* _ ¢n> + <V@(¢n)a¢* o ¢n>

= (- 6T =) (" = U8 = )+ (V) — ) + (V) 8" — o)
= O%W — W BT — W)+ aiw P, ¢t — ™)+ (V™) — Vp(w™),w™ — ™)

+H(Vp(w"),w" =9") + (Vole") = Vo(u"), " = ") + (Ve(("), 9" — ¢").
By the convexity of f, we get
S(97) = (W) +3(07) = S(W") + 0(¢7) — p(¥") + p(¢7) — p(¢")
chnKWL WOt W) (" =y 9" = )] = V(") = V(" )[fle” = 4"

+pW") = p(") = [Ve(e™) = V@) [I[Y" — o™ | + p(") — p(").

Y
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By Linesearch, we obtain

—[(W" =W W = @%) + (P =", P — 67)]

1
(78

v

—IVo(e™) = Vo) llv"™ — ™|

(0 +3)(W") = (p+3)(07) + (p+ ) (") = (p+ ) (¢") = [[Vp(¥") = Vp(w

> (ot )W) — (p+3)(6") + (p+ W) — (0 + 3)(6")
~ max([Vp(e") — Vo) [Vo(e™) — Vo™ " — 47
~ max(|[ V(") — ¥ <w">|\ IVo(e™) — Vo™ Dlle" — o7
> (p+3)(W") = (p+3)(d") + (9 +3)W") — (p +3)(9")
e ) e e e I P
> (9490 = (0 (6) (94 9" 0+ 96
= = = 2~y - - Sl - P
> (ot )W) — (p+3)(6") + (9 + )W) — (0 + 3)(6")
e T e R L o P e
> (p+ )W) — (p+ () + (o + )W) = (04 (6") = 2 = |2 = 2y
We know that +2(a, b) = ||a]|? + ||b]|? — ||a £ b||? for all a,b € H. So, we have
[ — "2 < o™ — 8*I — 2an(p+ D)) — (9 + I)(S") + (9 + )W) — (0 + I)(6")]

(3.6) —(1 = 40)[[9" — W[ = (1 - 49)[l¢™ — 9"

By (3.1) and (3.6), we see that

"t = o[l < ll¢™ = ¢*
= [lp" +nm(e™ = p")|l
= [Inu(@" = &%) + (1 =) (p" — &%)
< aalle” = ¢ (L= )97 = 6% + 0n(6" — 9" ) = 9|
< o™ = ¢l + Oulle™ — 0"
< " =%+ On(ll6™ — o[ + [lo" " = ¢*])).
This shows that

" — 2l < (1+0n) 16" — @]l + Onllg™ ™" — ..

By Lemma 5 in [9], we can conclude that

lo" ! —a| < K- TT+26))
j=1

e =9

—"|?
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where K = max{||¢° — x.]|,||¢* — x.||}. Since Z 6, < 400, we get (¢") is bounded. So,
n=1
we have

lg" ™t — |2

IN

(o™ = @l +0ull6™ = ¢"7H)* = 2an(p + I)(@") = (p + I)(@") + (p + ) (¥")
—(p+3)(@")] — (1 —40)[[p" — "™ ||* — (1 — 40)[|" — v"|?
= [l¢" =l + 02 ]10" — ¢"THIP + 20,197 — i[lll¢" — "7
—2an[(p + ) (W") = (p + 3)(¢7) + (p+ ) (") = (p+ ) (¢7)]
—(1—40) 9" = w"|* = (1 — 48)[[" — "I,
Since nh—>rgo O (0" — " 1) =0, n11_>Holo |¢" — x| existand 1 — 46 > 0, we have
Tim " =4 =0 and lim_[|¢" — "] = 0.

By definition of p”, we have lim ||p" —
n—roo

0
™ —o"| < (@ —=m)llp" —¢"|
< " ="l
= Oullo™ — o™
— 0Oasn — oco.
Moreover, we have
[0 — o™ = ||v"™ — "] + ||¢™ — ¢"|| = 0as n — oc.

Since the sequence (¢") is bounded, let (¢™*) be a subsequence of (¢") such that ¢™ —
@>. Since lim || — ¢"|| = 0, we also obtain ¢¥™ — ¢> as i — oco. Since (™) is
71— 00

bounded, lim || — ¢™| = 0 and Vg is uniformly continuous on H, we have
11— 00

Jim [[Ve(4™) = Ve(e™)| = 0.
By definition ™, we see that
i g . Q" — prox, (" — an, Vp(p™)) — an, Ve(e™)
Tt _Vpp™) =
a’ﬂi ani
e O(p™).
It follows that
QO'VL»L _ wni

——— + Vp(") = Ve(p") € Ve@™)+0o3y™)

Qp,
S Ap+)(w™).
By passing i — oo and using Face 2.2 in [4], we have 0 € Vp(¢>) + 03(¢>°). Thus
@ € argmin(p + ). On the other hand, since lim ||Po(w") — w"|| = 0 and w™ — ¢°.
n—oo
By the definition of the projection, we have ¢>° € Q. Therefore ¢>° € QN argmin(p + ).
Using Theorem 5.5 in [3], we conclude that this theorem holds. O

The theorem provides the essential guarantee that the method is sound and will re-
liably converge to a correct solution, becoming a robust and trustworthy tool with its
proof. Without this proof, the algorithm is merely a heuristic. This result is the criti-
cal link between our theoretical framework and practical application, ensuring that the
computational method used to train our brick classifier is not an ad hoc procedure but a
mathematically validated process. This is the theoretical justification for the experimental
results that will follow.
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4. NUMERICAL EXPERIMENTS

The numerical experiment’s dataset comprises 95 instances, consisting of an experi-
mental dataset with seven attributes. These attributes include input parameters such as
firing temperature, amount, and size of additive, as well as physical properties such as ap-
parent porosity, bulk density, and water absorption. These phenomena are hypothesized
to be used to predict the mechanical characteristic of materials as compressive strength.
The overview of the data is shown in the Table 1.

TABLE 1. Distribution of features for compressive strength classification

Attribute name Description Value type Variable type
FT Firing Temperature int (°C)
in Degree Celsius
AA Amount of Additive int (%owt)
in Percentage by Weight
AS $1ze (.)f.Addlhve int (mm.) Objective
in Millimeter
FS Firing Shrinkage int (%)
in Percentage
BD Bulk Density int (g/cm?)
in Percentage
WA Water Absorption int (%)
in Percentage
AP Apparent Porosity int (%)
in Percentage
cs Presence Compressive Strength ~ Categorucal Target
of (Mpa) Code

According to Table 1, the firing temperature (FT) denotes the specific temperature at
which clay bricks undergo the heating phase in the firing process. The experimental firing
temperature is measured in degrees Celsius. The amount of additive (AA) pertains to the
quantity or ratio of supplementary substance introduced into the clay mixture during
brick production. The amount of additive utilized in this experiment is expressed as a
weight percentage. Additionally, the particle size of the additive (AS) demonstrates to the
range or distribution of particles within the additive material. In this experiment, the size
is measured and expressed in millimeters using average particle size units.

Moreover, the firing shrinkage (FS) pertains to the dimensional or volumetric reduction
that occurs in clay bricks due to the firing process. This phenomenon can be attributed
to various factors, such as the evaporation of moisture, the combustion of organic matter,
and the reconfiguration of particles induced by elevated temperatures.

Next, bulk density (BD) is a quantitative measure that expresses the mass of a substance
concerning its volume, encompassing the interstitial voids between individual particles.
The parameter denotes the degree of particle density within a specified volume. The
experimental procedure employs the metric unit of grams per cubic centimeter (g/cm?)
to measure bulk density. The next attribute is water absorption (WA), referring to the
capacity of a substance to take in and retain water when submerged in or exposed to
moisture. The metric is quantified as a proportion, represented as a percentage, denoting
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the amount of water absorbed with the weight of the material when it is devoid of mois-
ture. The property of water absorption significantly influences the assessment of material
durability.

The apparent porosity (AP) indicates the proportion of void spaces or pores within a
material, expressed as a percentage of its overall volume. Those mentioned above char-
acteristic denotes the material’s open or closed porosity, which in turn influences its per-
meability and propensity for water absorption. Determining apparent porosity involves
measuring the water volume absorbed by a given sample, which is then compared to the
total volume of the sample.

To perform the numerical experiment of our algorithm, we let S := {(™,b™)|y"™ €
RY,b™ € RP,n = 1,2,..., J} be the training dataset, where J is distinct samples, 9™ is an
input data and b" is a target. In experiments on regression and classification problems,
the main goal of extreme learning machine (ELM) is to find

6=, ..., 0™ 1T such that A¢p = b
where M is number of nodes in the hidden layer and A is hidden layer output matrix
defied by
D't +b1) o D(aMypt +bM)
A= : : ,
O(arp +b1) - O(aMyX 4 M)
D is an activate function, o’ and b’ are random weight and bias of the i-th hidden node
and b = 17, ....p'"]T is the training data. The output at the i—th hidden node is
0" =) ¢'S(a'y" +b").
i=1
The classification problems for regularized the least square problem to get the good fit
model of our algorithm can be expressed in Table 2.

TABLE 2. List of models considered for the proposed algorithm

Models Function Explanation Argument

M1 ProXy; ¢, norm proximal operator. Solve: ¢, A, parameters
. A _ 2
i | A9 5[ + Al

The problem (2.3) setting: p(¢) = ||A¢ — b[|3 and (@) = A||¢]1.

M2 ProxXes {3 norm proximal operator. Solve: ¢, A, parameters
in |A¢ — b||2 + o3
min [A¢ —bll3 + Allollz

The problem (2.3) setting: p(¢) = ||A¢ — b[|3 and (@) = A||¢]|3.

M3 ProXyy ¢, norm proximal operator. Solve:  @: A1, A2, parameters
in [|A¢ —b[|3 + A
min || A¢ 5[z + Aflo]s

The problem (2.1) setting: p(¢) = [|A¢ — b3, S(¢) = A||¢|l1 and C = {p € R | ||p]l1 < A2}

M4 PTOXy3 {5 norm proximal operator. Solve: ¢, A1, Az, parameters
in [|A¢ —b[|3 + A1 ¢ll3
glelfclﬂ ¢ =05+ Allollz

The problem (2.1) setting: p(¢) = [|A¢ —b|13, S(¢) = Al|¢ll5 and C = {¢ € R | [|4]|3 < Ao}

Where A, A\; and X, are a regularization parameter.
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To predict compressive strength, we apply the proposed algorithm to solve all models
in Table 2. All results are performed by MATLAB 2022b on a MacBook Pro Chip Apple M1
64-bit and 8 GB of RAM. To evaluate the quality of the predicted dataset, we use precision,
recall, F1 score and accuracy, which are defined by

TP
isi PRE) = ———
precision (PRE) T 1P
TP
11 (REC) = ———
recall (REC) TP+ FN
2TP

F1 score (F1) = 9TP + FP + FN

2 TP + TN
+
A —_— 1
accuracy ( CC%) P P x 100%,

where TP is a true positive, TN is a true negative, FP is a false positive and FN is false
negative. The multi-class cross entropy loss function calculates the loss of an example by
computing the following average:

output size
Loss = — Z Yilog s,
i=1
where output size is the number of scalar values in the model output, ¢; is a correspond-
ing target value and ¢; is a ith scalar value in the model output.

The dataset contains 95 samples, seven experimental features of materials for predict-
ing the compressive strength with statistical description as in Table 3. 70% of the dataset
was selected as the training set and 30% as the test set to cross-validate the model’s perfor-
mance, and adjust the classification model according to the parameters of the classification
algorithm.

TABLE 3. Statistical description of the balanced data

. Maximum Standard
Aftribute name (Minimum) Mean Deviation (SD)
FT 1150 (950) 1050 71.0858
AA 30 (0) 16.5789 9.2329
AS 2 (0) 1.1053 0.6640
FS 21.72 (9.42) 14.8064 2.8895
BD 2.01 (0.96) 1.4618 0.2784
WA 72.84 (0.31) 32.9663 16.1633
AP 51.63 (8.12) 27.9432 9.8247

The initial points ¢ = ¢' are zero vectors with the size of training dataset for all
algorithms. 6,, of Algorithms 3.3 IPFBAwL) is defined as

ty — 14+ +/1+ 42 .
wheretn+1:Q7 ifl1 <n<M;
(4.1) 0, = {n+1 2
—, otherwise,
n

for some positive integer M and n,, = 0.4. The sigmoid vis an activation function, hidden
nodes M = 225, and the binary cross entropy loss = 0.015 for the stopping criteria. The
results as shown in Table 5.
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TABLE 4. Chosen regularization parameters of each algorithm

Regularization parameters

Models A=10"1% A = 1072 Ay =04
M1 v - -
M2 v - -
M3 - v v
M4 - v v

The accuracy and the other performance measures of different attributes are recorded
in Table 5 and Table 6.

TABLE 5. The performance for solving model M2

. ITER o

Choose attribute (CPU) PRE/REC/F1 ACC(%)
All 250 (0.1849) 59.2593 83.7037
Exclude FT 250 (0.1490) 66.6667 86.6667
Exclude AA 250 (0.1471) 70.3704 88.1481
Exclude AS 250 (0.1913) 62.9630 85.1852
Exclude FS 250 (0.1479) 66.6667 86.6667
Exclude BD 250 (0.1630) 62.9630 85.1852
Exclude WA 250 (0.2246) 51.8519 80.7407
Exclude AP 250 (0.1816) 66.6667 86.6667

The findings presented in Table 5 indicate that our algorithm, when utilizing six at-
tributes excluding the amount of additive, outperforms the use of seven features with
an accuracy rate of 88.15%. Furthermore, all cases, with the exception of firing temper-
ature, firing shrinkage, and apparent porosity, exhibit an equivalent level of accuracy,
specifically 86.67%. In instances where six attributes are utilized, with the exception of
additive sizes and bulk density, the performances demonstrate an equivalent level of ac-
curacy, specifically 85.19%. In addition, our algorithm achieved a relatively low accuracy
of 80.74% when utilizing six attributes, excluding the water absorption property.



278

W. Cholamyjiak, S. Lawanwadeekul, K. Kankam, P. Cholamjiak and N. Jun-on
0.138
. 85 3 0.136 —— Validation Loss
8 9 0.134
=
380 So32
0.13
— Accuracy valldatlon
75
: 0.128 ‘ ‘
100 150 250 0 50 100 150 200 250
Number of iterations Number of iterations
(A) Accuracy plots of training and validation (B) Loss plots of training and validation
FIGURE 1. Training and accuracy, and the validation loss plots of Algo-
rithm 3.3 IPFBAwL) with model M2 for all attributes, respectively.
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FIGURE 2. Training and accuracy, and the validation loss plots of Algo-
rithm 3.3 (IPFBAwL) for all attributes except temperature, respectively.
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FIGURE 3. Training and accuracy, and the validation loss plots of Algo-
rithm 3.3 (IPFBAwL) for all attributes except addition, respectively.
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FIGURE 4. Training and accuracy, and the validation loss plots of Algo-
rithm 3.3 (IPFBAwL) for all attributes except add size, respectively.
0.14
385 0.135
© 0
5 3
g 80 = 013
< —— Accuracy train
75 ‘ ‘ fAccuracy validation 1 0.125 ‘ ‘ ‘
0 50 100 150 200 250 0 50 100 150 200 250
Number of iterations Number of iterations
(A) Accuracy plots of training and validation (B) Loss plots of training and validation
FIGURE 5. Training and accuracy, and the validation loss plots of Algo-
rithm 3.3 (IPFBAwL) for all attributes except FS, respectively.
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FIGURE 6. Training and accuracy, and the validation loss plots of Algo-
rithm 3.3 (IPFBAwL) for all attributes except BD, respectively.
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FIGURE 7. Training and accuracy, and the validation loss plots of Algo-
rithm 3.3 (IPFBAwL) for all attributes except WT, respectively.
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FIGURE 8. Training and accuracy, and the validation loss plots of Algo-
rithm 3.3 (IPFBAwL) for all attributes except AP, respectively.

From Figures 1-8, we see that Algorithm 3.3 (IPFBAwL) has an optimal-fitting model
this means that our algorithm suitably learns the training dataset and generalizes well to
predict the compressive strength dataset.
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The initial points ¢° = ¢' are zero vectors with the size of training dataset for all
0.21
algorithms. The parameter o, = max(Gig(ATA)) where eig(AT A) is eigenvalues of ATA.

The parameter 6,, of Algorithm (OUR) is defined by (4.1) for some positive integer M and
N, = 0.4.

TABLE 7. Chosen parameters of each algorithm

Parameters
Methods o 0.21 o= 9 = 5 = n=
max(eig(ATA)) 0.91 0.69 0.23 0.90
FBS-CW v - _ — _
NFBMwL - v v v -
IPFBAwL - v v v v

Next experiment, we compare the performance of FBS-CW, NFBMwL and our algo-
rithm (IPFBAwL). We choose the same parameters as in Table 7. As shown in Table 8, this
dataset contains 5 categories of 59 instances and each sample contains 7 attributes. The
stopping criteria of training is ACC.train > 85 and ACC.test > 82, the results can be seen
in Table 8.

TABLE 8. The best performance of each algorithm for comparison

Methods LOSS

ITER PRE/REC/F1 ACC% Training  Validation
FBS-CW 52 59.2593 83.7037 0.1311 0.1309
NFBMwL 38 59.2593 83.7037 0.1314 0.1312
IPFBAwWL 23 59.2593 83.7037 0.1331 0.1332

From Table 8, we see that Algorithm 3.3 has also high average accuracy compared other
methods. Algorithm 3.3 are among those with the high precision, recall, and accuracy ef-
ficiency. However, it has the lowest number of iterations. It has optimal fitting in training.

The numerical results presented in this section provide strong quantitative evidence for
the efficacy of our proposed algorithm. The accuracy and loss plots consistently demon-
strate that our method achieves a faster convergence rate and superior classification accu-
racy compared to established benchmark algorithms.

Although these results are compelling from an optimization standpoint, their true value
lies in their practical application. We will address the questions of how this enhanced per-
formance translate into a more reliable and practical tool for the non-destructive classifi-
cation of clay brick compressive strength. The following section will explore the broader
implications of our findings.

5. DISCUSSION IN REAL-WORLD APPLICATION

Recently, there has been a surge in the utilization of machine learning algorithms and
data-driven methodologies across diverse scientific and engineering fields [8, 7]. These
techniques present considerable potential in augmenting various materials’ classification
and prediction capabilities [19, 30]. Establishing dependable and practical algorithms for
the classification of compressive strength can bring about a significant transformation in



Classifying compressive strength of clay bricks... 283

the clay bricks industry. This could facilitate the ability of manufacturers, engineers, and
researchers to make well-informed decisions and enhance their processes.

In our study, according to Table 5, water absorption (WA) is a critical parameter in
the algorithm, as its exclusion from the predictive parameters significantly reduces accu-
racy from 83.7037% to 80.7407%. This underscores the essential nature of WA relavant
to many standards. Standards like ASTM (American Society for Testing and Materials)
and TIS (Thai Industrial Standards) [29, 2] consistently incorporate WA to compressive
strength (CS) as crucial parameters. Particularly, WA and CS exhibit an inverse relation-
ship, where increasing WA tends to decrease CS. Bricks with higher WA typically possess
greater porosity and more interconnected voids, compromising the structural integrity
and lowering their CS. The significant relationship between WA and CS highlights the
necessity of taking WA into account when prioritizing CS [5, 17].

Table 5 also demonstrates the relationship between additive size (AS) and bulk density
(BD) indicates a potential correlation. While AS and BD exhibit exactly the same accuracy
of 85.1852% when we excluded both attributes from the objective variables, suggesting a
connection between the two parameters. Their relationship can be explained by the im-
pact of additive size on the arrangement of clay particles. The smaller size of the additive
particles can more effectively occupy the interstitial spaces between larger clay particles,
leading to a denser packing arrangement. During the firing process, the additive burns
out, allowing the clay particles to move closer together [16, 23]. Conversely, larger addi-
tive particles create empty spaces within the clay bricks as the clay particles struggle to
reposition themselves, ultimately contributing to lower bulk density.

In Tableb, the other relative attributes are firing temperature (FT), firing shrinkage (FS),
and apparent porosity (AP), which are the same accuracy of 86.6667% when exclude for
one of the attributes. This outcome from the numerical experiment of our algorithm com-
pels us to investigate more into the experimental phenomena in our laboratory. We found
that higher firing temperatures often reduce apparent porosity and increase firing shrink-
age due to increased particle rearrangement and compaction, similar to results from many
laboratory tests [22, 20]. Furthermore, as FT increases, some results found that clay par-
ticles undergo greater particle rearrangement and densification, resulting in increased FS
[23, 22]. Particularly, higher FT generally promote denser packing of clay particles, reduc-
ing the overall porosity.

In conclusion, for future predictions of clay brick compressive strength using machine
learning, the firing temperature alone suffices as a predictor, eliminating the requirement
to gather data on firing shrinkage and apparent porosity.

Finally, the exclusion of the amount of additive (AA) from Table5 achieves its utmost
accuracy of 88.1481%, leaving us with a peculiar phenomena. The result we have obtained
shows that the amount of additive in the sample is not necessary for predicting the com-
pressive strength of clay bricks. The AA directly affects compressive strength by reflected
in other variables (AS, BD, WA, AP).

Thus, the result for numerical experiment of our algorithm shows that AA introduces
multicollinearity and noise due to its strong correlation with other features and high vari-
ance in a small dataset, relevant to the result from [18]. Removing it reduces redundancy,
improves generalization, and increases model accuracy.

The implications of the research results hold immense significance for the clay brick
manufacturing industry, construction sector, and materials research community. The pre-
cise classification of clay bricks according to their compressive strength has the potential
to enhance quality control, optimize material selection, improve the structural design and
reduce industrial waste after empirical testing. Furthermore, our proposed algorithm has
been suggested to exhibit the possibility of being expanded to other problems related to
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material classification. This could lead to the progression of machine learning method-
ologies in the field of materials science and engineering.

6. CONCLUSION

The primary contribution of this work is twofold. First, on a theoretical level, we pro-
posed a new inertial projected forward-backward algorithm to solve a constrained con-
vex minimization problem (2.1). We have proved that the sequence generated by the
algorithm weakly converges to a minimizer under some mild conditions. Our result can
be applied effectively to solve data classification problems, as shown in numerical ex-
periments. Comparison experiments showed that the proposed algorithm has a better
efficiency than other comparison methods.

Second, we bridge the gap between theory and practice by applying our algorithm to
the specific real-world problem of classifying the compressive strength of clay bricks. We
can derive three principal conclusions from our numerical experiment. Firstly, the pri-
mary parameter influencing the prediction of compressive strength in clay bricks is its
water absorption (WA), which results in the most significant decrease in forecast accu-
racy, from 83.7037 to 80.7407. Secondly, firing temperature (FT), firing shrinkage (FS),
and apparent porosity (AP) exhibit identical accuracy of 86.6667%, indicating that for
future forecasts of clay brick compressive strength using machine learning, FT alone is
sufficient as a predictor, negating the need to collect data on FS and AP. Finally, the exclu-
sion of the amount of additive (AA) from parameters results in a maximum accuracy of
88.1481%, surpassing the accuracy achieved when AA was included among the predictors
of 83.7037%. Consequently, eliminating AA lowers redundancy, enhances generalization,
and elevates model correctness.

This application serves not merely as a peripheral example, but as a core validation
of our algorithm’s efficacy and relevance. By demonstrating its superior performance on
this practical engineering problem, we show that our theoretical advances translate into
tangible improvements for solving complex, real-world classification tasks.
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