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This paper presents a novel model termed as Optimized Quaternion Charlier Moments Convolutional Neural
Network (QCMs-PSO-CNN) to develop an intelligent method of recognizing the visual speech accurately that is
phrase or word that a person spoke in the video through Lip-reading. The proposed method put forward the
Optimized QCMs using our enhanced particle swarm optimization (PSO). The suggested PSO is improvised on
linear inertia weights and a sine-cosine learning factor, which effectively strengthens the optimization capa-
bility. This method suggested a custom-built shallow CNN which incorporates optimized QCM as a filter in the
first layer in a novel way for better recognition ability of the method. The study shows that this method is a good
solution for reducing the high video image dimension and gaining time for training. The proposed architecture
QCMs-PSO-CNN found to classify the digits, letters, or words effectively. Three standard video datasets such as
GRID, LRW, and GLips are chosen to evaluate the performance of the proposed method. The experimental an-
alyses show that the proposed method attains excellent recognizing performance results compared to the other
recently investigated approaches which made use of complex models and deeper architecture.

1. Introduction

Speech recognition from video can be used in many applications:
speech recognition in a video without sound, re-dubbing, message
recognition in noisy environments, even in spying systems. Lip reading,
also called visual speech recognition (VSR), is the skill of understanding
spoken language by visually analyzing a speaker’s lip movements.
Thanks to considerable progress in computer vision, signal processing,
and pattern recognition, lip reading is now widely used. Its importance
is particularly evident in many fields, including medicine and security.
Lip-reading systems significantly aid individuals with hearing loss or
disability by improving their communication abilities and facilitating

greater participation in social interactions. Lip-reading is essential in the
security sector, especially for evaluating surveillance footage to discern
verbal communications at precise instances. Implementing speech
recognition systems presents problems, including the extensive range of
phonemes (ranging from 45 to 53) and their intrinsic similarities, as
noted by Fisher [1]. Furthermore, when two or more words are pro-
nounced the same way, for exampleright” and”write”. These difficulties
result from the fact that all people don’t talk the same way and the
differences between the shapes of the speaker’s mouths when they are
opened, widely opened, closed, or tightly closed, the appearance of
teeth, and tongue articulations. Extracting features and recognition
require a robust lip reading system that can approach all these
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Fig. 1. (a) Weight of inertia. (b) Factor for learning sine-cosine.
Table 1 variations. In order to know who performed better, an automated system
a_ 8 € X X or human lip-readers, Hilder et al. in [2] have shown by the experiment
Initial parameter settings of all algorithms. .
that automated systems outperform human lip-readers. Adebayo,
Algorithm Parameters Value Bakare Mustaphaa et al. in [3] introduced a Comparative Analysis of
Proposed nPop (Population size), T, coefficients(Cy,C5), 30, 500, [0,2], Deep Learning Models for Part of Speech Tagging. Therefore, to
PSO Inertia constants o [0.4,0.9] approach these issues, an automated lipreading system is required. In
BBO Keep Rate (Kr), parameters (a), Mutation (p) 0.2,0.9,01 the direction to build a visual speech recognition system (VSRS) that can
ACO Intensification Factor (q),Deviation-Distance 05,1 .
Ratio () face these issues, many approaches were suggested and evaluated on
ICA Selection Pressure (@), Assimilation Coefficient 1, 1.5, 0.05, 0.1, various datasets, German Lipreading (Glips), Lip Readiﬂg in the [4],
(A, Revolution Probability (p), Revolution Rate 0.2 OuluVS2 [5], AVLetters [6], AVLetters2 [7], AVICAR [8], AVTIMIT [9],
(), Colonies Mean Cost Coefficient (() CUAVE [10], Grid [11], IBMIH [12], IBMSR [13], and XM2VTSDB [14],
wo Number of Seeds(S), Variance Reduction [0, 51, 2, such as the work of Ha, Nicole Yah Yie, et al. [15], proposed a dee
Exponent (E), Value of Standard Deviation(c) [0.5,0.001] A i > » Prop p
SFLA Memeplex Size (nPM), Number of Memeplexes 10, 5 learning approach for visual speech recognition. Matthews et al. [6],
(aM) advocated for the use of Active Shape Models (ASM) and Active
CA Sensitive parameters (a, f) 0.3, 0.5 Appearance Models (AAM), utilizing feature extraction and training a
DE gout:‘ifi,ftscé’hcnlf)lsacmr (), Crossover [0.2,08],0.2 classification model through Hidden Markov Models (HMM). Their
robability (p . o . .
FA Mutation Coefficient (a), Attraction Coefficient 0.2, 2, 1 approach achieved an accurac.y Fate' of 44.6 %. Hedayatl-Dezf'oc')h, M.,
Base Value (B), Light Absorption Coefficient (y) et al. [16], developed an optimization method for propeller injection
HS Harmony Memory Size (HMS), Number of New 5, 20, 0.9, 0.1 molding using soft computing, fuzzy evaluation, and the Taguchi
Harmones (n), Harmony Memory method. Zhao et al [17], developed a robust predictive method for
;:Slg;ranon Rate (HMCR), Pitch Adjustment recognizing isolated sentences, exploiting the extraction of local spatio-
temporal binary patterns in the oral region. This method, in conjunction
Table 2
Test functions for multimodal, unimodal, and multimodal with fixed dimensions.
Functions Description Dimensions Range
Unimodal functions F3 30, 100, 500,1000 [-100,100]
fo =30 (30 m)
F4 f(x) = max; \xl\ 1<i<n) 30, 100, 500,1000 [-100,100]
F7 fo) = Z" 4 4 random[0, 1) 30, 100, 500,1000 [-128,128]
Multimodal functions F9 flx) = Z" 1 — 10cos(27x;) + 10} 30, 100, 500,1000 [-512,512]
F13 30, 100, 500,1000 [-50,50]
sin?(3me; ) + Z (6 — 1)%[1 + sin®(3mx; + 1))+
1 + sin? (37rx,, +Z u(x;,5,100,4)
Multimodal functions with a fixed dimension F14 . -1 2 [-65,65]
-
£ = (500+ i+ k- a)) )
F15 2 4 5,5
n X1 (b% + b1x2> [-5,5]
o) = Zi:l 4= b2 +bixs + x4
F19 2 3 0,3
ICED I IE) RACEINY 03]
F23 -1 4 [0,10]

flo) = 721‘:1 [(X-a)(X—a)" +c]
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Fig. 2. Convergence curves of each algorithm for the studied problems F3-F4-F7-F9-F13-F14-F18-F19-F23.

with SVMs, attained an accuracy of 58.85 %. Petridis and Pantic [18]
employed an autoencoder to extract bottleneck features from pixel data
and subsequently trained an LSTM-RNN, attaining an accuracy of 58.1
%. Ultimately, Bakry and Elgammal [19] presented an MKPLS approach
that assesses several kernels within their framework. This approach has
been applied to the OuluVS and AVLetters datasets using distances be-
tween local binary patterns (LBP) and images to extract features. Tian
and Weijun [20] proposed a method of Auxiliary Multimodal LSTM (am-
LSTM) to fuse audio-visual data at the same time. To extract features
from images and reduce their dimension, they used the pre-trained VGG-
16 and PCA whitening, then extracted features of audio as a spectrogram
with 10 ms overlap and a 20 ms Hamming window. The training was in
video and audio, but they used the video only for the test. The perfor-
mance of this method was 88.83 %. To recognize words from continuous
speech, Chung and Zisserman [21] generated for the first time Lip
Reading in the Wild (LRW). The VGG-M architecture was chosen as the
foundation of their methodology due to its durability and classification
efficacy. Employing a multi-turn (MT) architecture, they attained an
accuracy of 61.1 %. The CFI-based CNN method, designed by Saitoh et al
[22], introduces an innovative representation of sequential images
combining spatio-temporal data for lip-reading. It achieved an accuracy
of 59.3 % with AlexNet without DA and 87.5 % with GoogLeNet using
DA, evaluated on the OuluVS2 corpus for a 90° profile view. The CNN
using Hahn moments, developed by A. Mesbah et al [23]. By exploiting

Hahn moments as filters in the CNN architecture, this method achieved
an accuracy of 59.23 % on the AVLetters dataset. A new approach for
automatic lip reading was introduced by Lu. Y and Li. H [24], in which
they extracted keyframes from video s to locate the area of the mouth. In
the subsequent phase, the VGG19 network was employed to extract
characteristics from oral images, while an LSTM network assimilated
temporal data. Recognition outcomes were produced utilizing a SoftMax
layer and two fully connected layers. M. Kim et al. [25] developed the
multi-head audio-visual memory (MVM) approach to address issues like
as homophones and inadequate visual lip information. This integrates a
singular memory for audio features with multiple key memories for vi-
sual features, with an accuracy of 88.5 % on the LRW corpus. Baaloul,
Ali et al. [26] proposed a method for the visual detection of Arabic
speech, integrating CNNs with vision transformers for lip-reading. This
method attained an exceptional 98 % accuracy on their dataset, illus-
trating the efficacy of deep learning-based visual speech recognition
(VSR) systems.

In this work, we introduce a novel approach called the Quaternion
Charlier Moments Convolutional Neural Network, optimized using the
PSO algorithm (QCMs-PSO-CNN) to implement a system capable of
recognizing the phrase or word that a person says in a video (lip
reading). This approach is based on quaternion algebra, Charlier mo-
ments, and the proposed PSO algorithm, which can extend the optimized
quaternion Charlier moments to the color image in a holistic manner;
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Fig. 3. Boxplots of each algorithm for the studied problems F3-F4-F7-F9-F13-F14-F18-F19-F23.

quaternion Charlier moments. In addition, the combination of CNNs and
optimized quaternion Charlier moments, capable of identifying and
extracting valuable information from images, are particularly effective
in solving various challenges related to pattern learning and image
classification. In our approach, as a first layer, we use the optimized
quaternion Charlier moments to extract the useful features from color
images, which we then supply to the CNN. As far as we know, this is the
first time the optimized quaternion Charlier moments based on the
developed algorithm PSO are employed as optimized descriptors in the
architecture of CNNs applied to the intelligent recognition of visual
speech. In this work, we explore an approach to the lipreading task that
aims to solve several issues that result in the difficulties mentioned
above. To summarize, the key contributions of this research.
are as follows:

(i) Introduce a new method called QCMs-PSO-CNN that can extract
useful features from the input large-size color images by adding
the optimized quaternion Charlier moments filter and conse-
quently improve the performance of the CNN architecture.

(ii) APSO algorithm is developed, based on the combination of linear
inertia weights and a sine—cosine learning factor, which effec-
tively strengthens the optimization capability of PSO.

(iii) A QCMs-based QCMs-PSO approach is constructed to extract
local and global features of the lips images using optimized
quaternion Charlier moments with the developed algorithm PSO.

(iv) Proposed PSO and 7 most advanced algorithms are carried out for
the reconstruction and classification experiments of lips images,
and evaluated by metrics such as fitness, MSE, PSNR, and accu-
racy, which indicate that this method demonstrates excellent

recognition performance and stable adaptability under different
dataset, and it exhibits a large potential in the field of visual
speech.

(v) The deep learning method proposes a convolutional neural
network (CNN) model, which excels at pattern recognition and
classification using quaternion Charlier moments and the utilized
PSO algorithm.

(vi) Give an effective and practical solution to address all variations of
the VSR problem.

The paper is in the following organization: it presents some pre-
liminary information about the quaternions and the Charlier moments in
section 2. The optimized quaternion Charlier moments using the intro-
duced particle swarm optimization algorithm are described in section 3.
We also present the QCMs-PSO-CNN architecture and explain the pro-
cedure of its learning in section 4. The ablation experiments and results
are given in section 5. Finally, concludes and prospective work are
discussed.

2. Some preliminaries

This section outlines the recall of the discrete classical Charlier mo-
ments and quaternion representations of the color image.

2.1. Computation of the Charlier moments

Charlier polynomials of order n (CP) are characterized by a hyper-
geometric function, where n corresponds to the polynomial order and x
is a variable taking its values in [0, N — 1]. The mathematical



O.E. Ogri et al.

Ain Shams Engineering Journal 17 (2026) 103824

l

First stage Second stage
r'_'—___—'—__"“_—__'_——_]

y
¥
e

| ! n_

| (PaﬂicleSmm Optimization Algorithm | | | Generate the inal popuaton by

| Eq(32)

I Optimized pammeter V*=[a, a ] ¥

| ( Optimized Charlier Polynomials ) | | get gobal best particle ghest

| '

| ' || P

Calculate the moments of the color inmge) I | by Egs. (33) and (43)

| | |
|
|

Quaternion
representation image
moments (NM)

formulation of these polynomials is as follows [27]:

CPi(x) = 2Fo(—n,—x;—a™'), x,n=10,1,2....0 (@))]

where a is restricted to a > 0, and 2F() is the generalized hypergeo-
metric function.

The hypergeometric function of Charlier polynomials is defined as
follows:

2F0 Cl b C zm: (2)

n=0

(a), is the Pochhammer with (a), = a(a+1)...(a+n—-1)ifn>0
The orthogonality property satisfied by the Charlier polynomials is
expressed as follows:

iOJ(X)CP‘;(X)CPﬁ(X) = p(N)8um 5 n,m >0 3)

x=0

where p(n) the squared norm and w(x) weighting function of the CPs are
as follows:
_n e ‘a*

—w(x) = “4)

X!

CP,(x) = CPA(x)y [~ ®)

Additionally, the Charlier polynomials can be expressed by the recur-
rence formula in order to accelerate squared norm and weight function’s
computation [28]. The recurrence relations are given by:

CPy(x) = — \/g %Cpn_l(x)— . (n“il) (”;1)63"_2(x)

(6)
with

x @ X (1 X
CPO —0 and CP] 1 )

The discrete Charlier moments of an image intensity function f(x, y) are
given by:

N-1 N-1
ZZCP x)CP., (y)f(x,y) n,m=0,1,..N—1 8)

x=0 y=0

We can also express the set of Charlier moments in matrix form as fol-
lows:

CM(f) = CPIfCP, 9

while (.) T denotes the transposed matrix, and:

. . . ix=N-1
cM = {cMy) o N Py = {cpf(x)}

i=0,j=0 —0x=0
. YN ’ 10)
cpzz{cpj<x)} | and f = {f(i.j))!
j=0y=0

The reconstruction of the image using the Charlier moments is
defined by the following formula:

N-1 N-1 a
foey) =" 3 CP(x)CP,(y)CM, an
n=0 m=0

Similarly, the image reconstruction using the matrix is defined as
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Fig. 5. Reconstructed frames using different meta-heuristic algorithms.

follows:

f = CP, CM(f) CPT (12)

2.2. Quaternion representation of color images

Quaternions are defined as an extension of complex numbers, each of
which consists of two parts: a real part and three imaginary parts [29].

q=qo+qii+qaj+qsk (13)
Where qo,q1, q2, q3 € R are real numbers, i,j,k are imaginary units:
==K

—ikk= —1lij= —ji=kik= —~kj=iki= —ik=j (14

The Following expressions are the definitions of a quaternion’s conju-
gate and modulus, respectively.

q =qo—qii — qoj — gsk 15)

lqll = \/a§ + a3 + a3 + 43 (16)

At this time, the color image f(x,y) is represented by a pure quaternion
in the rectangular coordinate system as follows:

fOey) = fa(x,y)i+fo(x,y)j + fs (x,y)k a7

fr(x.¥), fo(x,y), and fz(x,y) are the B, G, and R components of the color
image [58].

3. The proposed optimization of QCMs using particle swarm
optimization

3.1. Quaternion Charlier moments

Let f(x,y) represent an RGB image described in Cartesian coordinates.
In light of the non-commutative characteristics of quaternion numbers,
we define the right-side Quaternion Charlier Moments (QCMs) as
follows:

N-1 M-1

ZfoyCP

x=0 y=0

QCME, — CP,(x)u as)

(R is a reference to right-side quaternion) for n = 0, .N-1,
m=20,..M -1 and y is a pure unit quaternion selected in this paper as
u=—@{+j+k)/V3 . a’:(x) represents the nth order of Charlier s
discrete orthogonal polynomials. Additionally, the Eq. (18) can be
explained by:

QCME (f) = QF + Qfi+ Q5j+ Q5k 19

where
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Fig. 8. The new QCM-PSO-CNN architecture for lip reading which takes an input video.

(20)

:fR(x7.Y) +fG(x7.Y) +fB(x7.y)
sz(xvy) _fB(xvy)
W2 = fa(x,y) — fal(x,y)
Wz = fr(x,y) — fo(x,¥)

More explicitly, the coefficients Qf, Qf, Q§ and Q¥ can be also
expressed using the Eq. (8) by:

(21)

Q&= \}é [CMnm (fR) + CMpm (fG) + CM"'"(fB)}
1
= [CMnm (fG) - CMnm(fB)]
\/_ (22)
Q= _\f [CMun(fs) — CMim (fi)]
&= _\/_ [CMun (fr) — CMun (f) ]

Owing to Charlier polynomials’ orthogonality property, the inverse
transformation of the right-side of QCMs can be computed easily by the
following relation:

N-1

fxy) :Z

n=0 m:

§<

-1

CP, (x)CP,,(y) QCM?,(f)u (23)

Il
=]

where 0 < N <N,0<
by the form:

f:)?o+)?1i+fzi+f3k

< M. More explicitly, Eq. (23) can also given

(24
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Fig. 9. QCMs-PSO-CNN model parameters: Charlier moments filter until the given order, convolution 1 (kernel and 100 filters), convolution 2 (kernel and 100
filters), max pooling 1 (pool size), convolution 3 (kernel and 80 filters), max pooling 2 (pool size), convolution 4 (kernel and 40 filters), max pooling 3 (pool size).
Fully connected layer 1 (400 neurons), Fully connected layer 2 (300 neurons). Finally an output layer (26 classes).

Fig. 10. The GRID dataset.
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Fig. 12. Example of GLips cropped to 96 x 96 pixels.

Where
R 1 [R=1 w1 ea —a ]
fo=—75 DD (Qi+Q +Qs)CP,(x)CP,, ()
L x=0 y=0 J
R 1 [Nt # ea —a ]
f = Q +Q2 _Q3)CPn(x CPm(y)
! \/§ L x=0 y=0 ( ’ ) 4 (25)
R 1 [81 ua e —a ]
f2 7 Z Z (Qo — Qi + Q3)CP, (x)CP,,(y)
L x=0 y=0 J
R 1 [R=1 w1 ea —a ]
fs=—= Qo + Q1 — Q2)CP,(x)CP,,
=5 2 y:()( o+ Qi )CP,(x) 0’)_

Representing color images f using QCMs at order N x M can generate

10

reconstruction errors, these are generally assessed using the PSNR,
where a higher PSNR value signifying superior reconstruction quality, as
indicated below:

2552
PSNR = 20-log;, (M—SE) (26)
1 N-1 M-1 R ,
MSE = —— 3~ " [f(x.y) — f(x.)] @7)
NM x=0 y=0

where MSE denotes root mean square error, the image size is Nx M,
with the pixel values of the original and reconstructed images repre-

sented respectively by f(x,y) and ;‘\(x7 y)
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Fig. 13. CFI for the GRID dataset.

Fig. 14. CFI for the LRW dataset.

3.2. Particle swarm optimization

Particle Swarm Optimization (PSO), a metaheuristic method
grounded in swarm intelligence (SI), is extensively employed to tackle
continuous global optimization challenges. Drawing from the social
dynamics of avian flocks and aquatic schools, as elucidated by Kennedy
and Eberhart [30], Particle Swarm Optimization (PSO) functions
through a population of entities termed particles, which collectively
constitute a swarm. Each particle signifies a prospective solution to the
optimization issue, characterized by a fitness (or objective) function.
Throughout the evolutionary process, the quality of a solution is
assessed according to the fitness value of each particle, determined by its

11

present position within the search space. Within a problem’s domain,
each particle’s position and velocity are initialized at random. Eq. (29) is
used to determine the velocity of each particle i in the d™ dimension
during the evolutionary process. This velocity is the product of the
preceding velocity, the cognitive portion, and the social part. Three
factors influence particle search behavior in PSO: current velocity Vj),
group best position gbest, and individual historical best position pbest.
The PSO’s comprehensive update procedure is:

Xy =rand x (4 — L)+, i,j=1,2,...N,d (28)
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Fig. 15. CFI for the GLips dataset.

Table 3
Model’s hyperparameters.
Hyperparameter Property
Batch size Between 80 and 250
Epochs 100 for GLips
200 for GRID
300 for LRW
Metric Area under curve (AUC)
Loss function Categorical cross entropy
Train-Validation Ratio 80:20
Optimizer Adam
Learning Rate 0.001
— d d d
V1) = WV, +cl x rand x (pbest! — X)) x (gbest’ — X, ) +c2
x rand?
(29
d d
Xi(r+1) = ng) + Xi(l) (30)

where, d signifies the diameter of each particle, while i € [1, N] indicates
the count of particles in the swarm at iteration t. The search domain for
the j-th dimension is constrained by the maximum and minimum limits,

y; and [;, respectively. The procedure includes an inertia weight w and
acceleration coefficients c1 and c2, generally chosen from the interval
[0,2].

Using Eq. (31), the value of w for each particle i was dynamically
changed in each generation.

£ [Wpn — (W — Wini)]

The total iterations are represented by T, whereas t signifies the current
iteration. The inertia weight w is initialized at w;,; and progressively
modified to wy,, with typical initial and final values established at 0.9
and 0.4, respectively [31]. During the algorithm’s preliminary phases,
the population is extensively dispersed over the search space, as depic-
ted in Fig. 1(a). In this phase, the adjusted parameter consistently di-
minishes at an accelerated rate, augmenting the algorithm’s capacity for
an exhaustive global search.

The original PSO uses 2 for both the social (c;) and cognitive (c2)
components in order to counteract the effects of the stochastic acceler-
ation coefficients. The particles wander excessively when the cognitive
component (c1) increases, which slows down the PSO’s rate of conver-
gence. The particle prematurely leaves the global optimum and misses
the ideal solution with ease when the social component (c3) increases.
This part adjusts the cognitive component (c1) and social component

Table 4
The parameters of QCMs-PSO-CNN architecture.

Layer number Purpose Filter size Number of filters Stride Activation Dropout Probability

- Input image — - - Nx M —

1 QCMs-PSO — — — nxm —

2 Conv + BN + RELU 3x3 100 1 nx mx 100 —

3 Conv + BN 3x3 100 1 nx mx 100 -

4 Maxpooling + ELU 3x3 — 2 n M40 -
22

5 Conv + BN 3x3 80 1 nom o -
2 2

6 Maxpooling + ELU 3x3 — 2 n.m, 40 -
22

7 Conv + BN 3x3 40 1 nome 40 -
2 2

8 Maxpooling + ELU 3x3 - 2 nms 40 N
22

9 Fully Connected (RELU) — — — 400 0.55

10 Fully Connected (RELU) - - — 300 0.55

11 Softmax - — — class number —

12
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Fig. 17. The performance of QCMs evaluated through various meta-heuristic optimization algorithms: (a) LRW dataset, (b) GLips dataset.
T—-t).n
Table 5 ) . . Cy = 2-cos —( ) . (33)
The results obtained for LRW [42] in comparison to other methods 2T

presented in the literature.

Method Accuracy
Proposed QCMs-PSO-CNN (SI) 99.95 %
QCMs-CNN without PSO (SI) 91.42 %
HCNN [23] 59.23 %
CFI- based CNN [46] 52.47 %
LSTM-RNN [49] 59.18 %
ResNet LSTM [47] 58.93 %

Table 6
Results obtained for the GRID [41] dataset using the SI protocol,
compared to alternative methods.

Method Accuracy
Proposed QCMs-PSO-CNN (SI) 99.89 %
QCMs-CNN without PSO (SI) 92.28 %
LSTM -+ NNs (SI) [49] 76.61 %
CNN (SD) [52] 58.48 %
LipNet [48] 95.21 %

Table 7
Results obtained for the GLips [44] dataset using the SI protocol
with DA, compared to other methods.

Method Accuracy
Proposed QCMs-PSO-CNN (SI) 99.97 %
QCMs-CNN without PSO (SI) 94.37 %
And alm-GRU + DA [51] 85.53 %
CNN + DA [52] 57.96 %
RTMRBM [50] 71.77 %

(c2) using a sine—cosine learning factor in order to get around this re-
striction. ¢; and cs, as modified, are:

¢, = 2-sin (%), (32)
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As can be seen in Fig. 1(b), ¢1,c2 € [0,2], c; monotonically lowers and ca
monotonically increases, both of which display the other’s changing
state. The quality of the solution in the exploration stage is enhanced,
the range of particles wandering in the later stage is decreased, and the
PSO’s convergence is accelerated by the sine-cosine learning factor.

Moreover, to prevent each dimension of all particles to move beyond
the search space, in the original PSO, the velocity of particles were
clamped to the maximum velocity value V¢ . Additionally, in the
original PSO, the particle velocity was clamped to the maximum velocity
value V¢ in order to prevent any dimension of the particles from
moving outside of the search space. Using equation (34), the user defines
this maximum velocity parameter to clamp the excessive accelerations
in a swarm.

{ Vﬁtﬂ) = Vglax if Vg(wl) - Vrdnax (34)
Vﬁt+l) = 7V;dnax if ngl) = 7V(niw.x

Every particle’s performance has been assessed based on the objective
function f(X;). If X’s fitness during the evolution process exceeds that of
pbest;, pbest; will be updated using Eq. (35) and gbest? will be updated
using Eq. (36). Until the termination condition is met or the global op-
timum solution is discovered, these steps are repeated.

phest!(t) = {pb?t‘%”) 7 f()fj(”) 2 fpbestcy) (35)
Xio) if f(Xi(t)) <f(pbestﬂt71))
gbest? = arg min pbest!(t)) (36)

Algorithm 1. provides the pseudo-code for the PSO, and Fig. 4 (Second
stage) also displays the PSO algorithm flow chart, which helps to clarify the
process of the suggested PSO algorithm in more detail.

Algorithm 1:Optimization of QCMs using Particle Swarm Optimization (PSO)

Input: Intensity f(x,y) of image, order of moment Ny, Size of image N x M.

(continued on next page)
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Table 8
Ablation study results for the proposed QCMs-PSO-CNN architecture.
Ref/Year Approach Dataset Precision Recall Accuracy F1-Score
Shashidhar, R., et al. [56] (2022) DNN-LSTM VSR 91.00 % 90.00 % 90.00 % 91.00 %
Ramadan, R. A., et al. [57] (2022) DCNN LRW 88.10 % 89.30 % 95.60 % 96.00 %
GRID
Alameen, S. A, et al. [59] (2023) 3DCNN-LSTM YawDD 96.00 % 98.00 % 96.00 % 97.00 %
3MDAD 90.00 % 92.00 % 91.00 % 91.00 %
Rajab, M. A, et al. [58] (2023) CNN AlexNet VSR ,89.70 % 89.80 % 90.00 % 88.70 %
Ameer, A. W. A, et al. [60] (2024) CNN-GRU GLips - - 48.40 % 48.50 %
Li, Y., et al. [61] 3D CNNs + DC-TCN + CFS-DCTCN LRW 99.50 % 99.50 % 99.50 % 99.50 %
(2024) GRID 98.80 % 98.80 % 98.80 % 98.80 %
Vekkot, S., et al. [62] (2025) SVM and MIRACL-VC1 74.00 % 75.00 % 75.00 % 74.00 %
Random Forest
Wang, X., et al. [64] (2025) DBNFTLSTM LRW 98.70 % 99.10 % 99.30 % 98.80 %
GRID
Baloch, A., et al. [63] (2025) CNN-LSTM ULRD 91.00 % 91.00 % 90.00 % 90.00 %
Our Proposed GRID 98.91 % 99.74 % 99.89 % 99.32 %
QCMs-PSO-CNN
Architecture
LRW 98.92 % 98.98 % 99.95 % 98.95 %
GLips 99.28 % 98.77 % 99.97 % 99.02 %
100
90 F — |
70 -
<
X 60r
<~
2
it -
8 50
=]
3
< 40 -
30+ [ |CFI-based CNN(GoogLeNet)+DA | |
[ ISyncNet(CNN+LSTM)+DA
201 [ IResNet-LSTM 1
[ IMVM
10 B HCNN+DA 1
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0 [T T - [T . |
LRW [42] GRID [41] GLips [44]
Fig. 18. Obtained results on different datasets of the new QCMs-PSO-CNN architecture in comparison with other methods.
(continued) (continued)
Algorithm 1:Optimization of QCMs using Particle Swarm Optimization (PSO) Algorithm 1:Optimization of QCMs using Particle Swarm Optimization (PSO)
Output: Optimized parameters for QCMs V* = [a;,az]. Generate sine—cosine learning factors c; and ¢z using Egs. (32) and (33)
Data: nPop = 30 (Population size), T = 1000 (Maximum number of iterations), D = 4 fori=1:Ndo
(Problem dimension), VU = [N,N] (Maximum values of parameter), VL = [0,0] Find the personal best using Eq. (35)
(Minimum values of parameter). Update global best using Eq. (36)
Initialization of parameters end for
Wi = 0.4(initial Inertia Weight) and wg, = 0.9 (final Inertia Weight) Calculate the fitness for each particle
Evaluation of the fitness function MSE provided by Eq. (27) for each particle swarm fori=1:N do
Randomly generate the velocity and position of the initial population using Egs. (28) if f1 (Xﬁ’l) < f(pbest) then
and (29). pbest = X+
Calculate the fitness of all particles to get the global best particle gbest. if f(Xt1) < f(gbest) then

while (t < T) do

. S . best = Xi+
Generate the linear inertia weight using Eq. (31) ges i

. continued on next page
(continued on next column) ( page)
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(continued)

Algorithm 1:Optimization of QCMs using Particle Swarm Optimization (PSO)

end if

end if

end for

t=t+1

end while

Return position gbest and fitness f of the best particle.

Until a termination criterion is satisfied (maximum of iteration)V* = [a;,a;]

We compared the convergence performance of PSO algorithm with
different types of comparison algorithms BBO [32], ACO [33], ICA [34],
IWO [35], SFLA [36], CA [37], DE [38], FA [39], and HS [40]. Table 1
displays the initial parameters of the algorithms mentioned above. The
developed algorithm is applied to 10 benchmark functions. The first
three (F3, F4, F7) are unimodal benchmark functions, the next two (F9,
F13) are variable-dimensional multimodal benchmark functions, and
the remaining functions (F14, F18, F19, F23) are fixed-dimensional
multimodal benchmark functions. Table 2 presents these functions
where along with the function expression the dimension, range, and
absolute minima of all the functions are mentioned.

The convergence curves for each algorithm are shown in Fig. 2 so
that the convergence and stability of the suggested PSO may be exam-
ined. The addition of the sine-cosine learning factor speeds the PSO’s
convergence, as the figure demonstrates that PSO possesses faster
convergence on the great majority of the evaluated functions. Fig. 3
displays the boxplots of each algorithm in comparison to the other al-
gorithms. PSO’s box shape is lower and narrower, indicating that the
strategies’ synergistic effect stabilises the results of each run close to the
theoretical optimum, allowing for higher accuracy results. Therefore,
PSO can thus offer a better and more reliable solution for the high-
dimensional problems.

3.3. The proposed QCMs-PSO

The metaheuristic algorithm, considered as an iterative stochastic
process that converges toward the global optimum of the objective
function (MSE of the QCMs), together with the computation of quater-
nion Charlier moments to represent global properties in pattern learning
and color image classification, constitute the two main strategies
forming the QCMs-PSO introduced in this paper. For a more thorough
explanation of QCMs-PSO, the pseudo-code of the PSO is provided by
Algorithm 1, and Fig. 4 displays the QCMs-PSO flowchart.

We evaluated the efficacy of our approach by comparing it with
several meta-heuristic algorithms documented in the literature, specif-
ically in the context of color image reconstruction. For this assessment,
we chose three photos measuring 150 x 300, 60 x 120, and 120 x 256
from the GRID [41], LRW [42], and AVDigits [43] datasets, respectively.
Fig. 5 illustrates that our approach surpasses BBO [32], ACO [33], IWO
[35], SFLA [36], CA [37], FA [39], and HS [40], in the selection of
optimal parameter values for color image representation. The PSO al-
gorithm effectively determines the optimal parameter o values for
Charlier polynomials and attains an accurate depiction of images via
optimized QCMs, essential for exact image classification. Additionally,
The PSNR, and MSE for three distinct frames from our chosen datasets
are displayed in Fig. 6. The efficacy of our optimization process is
demonstrated in the MSE curves, especially for lower orders, where it
outperforms alternative methods. The PSNR curves further underscore
this advantage, particularly at elevated orders, illustrating the strong
performance of Algorithm 1.

In this experiment, we compare the effectiveness of lipreading
feature extraction using the proposed quaternion Charlier moments
optimized by the PSO algorithm and applied to images from the LRW
dataset, with that of approaches described in the literature [23,53,54].
Fig. 7 illustrates the difference in the curves produced by the MSE and
PSNR of the proposed QCMs-PSO and the different existing methods,
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namely Quaternion Meixner Moments (QMMs) [53], Pseudo-Zernike
Moments (PZMs) [54], and Hahn Moments (HMs) [23]. The results
consistently demonstrate that the proposed QCMs-PSO method achieves
high efficiency and clear superiority in lipreading feature extraction.

4. Proposed QCMs-PSO-CNN architecture

In this section, we introduce the new QCMs-PSO-CNN architecture,
shown in Fig. 8, which aims to address VSR challenges by using opti-
mized QCMs as descriptors. This shallow architecture can rapidly
recognize the lips images due to the capability of optimized Charlier
moments to extract features efficiently. It is designed to decrease the
high computational costs and minimize the number of parameters
required by CNN. Indeed, QCMs-PSO-CNN improves the quality of
feature extraction and pattern assimilation in the color images. Addi-
tionally, the optimized QCMs are robust descriptors to extract the most
useful information from the color images, even when dealing with large-
sized images. In addition, the Charlier polynomials depend on param-
eter a;,a; that give a wide choice in the reconstruction, so the optimized
QCMs can completely cover the color images with the possibility of
holding their global features. The description of parameters and the
model employed in this work are presented as shown in Fig. 9. This
architecture is split into two principal phases: the filter of QCMs-PSO
and the CNN architecture.

Optimized Quaternion Charlier moments filter: The main role of
this layer is to calculate the coefficients QF, QF, Q¥ and Qf of the input
color image, then Eq. (19) is used to represent them by quaternion
representations, which allows yielding a quaternion matrix noted QCMs-
PSO of size depending on the moment’s order value. Consequently, this
layer provides an optimal representation of the color image and reduces
significantly the processing’s dimensionality.

Convolutional Neural Network: It provides a powerful classifica-
tion due to its ability to extract high-level features. It is also divided into
two principal phases: The first is to take the optimized QCMs matrix
rather than the input image, then apply the different optimization
functions and convolutional filters. The second one is the fully con-
nected layer, and it is used for classification by applying several oper-
ations such as normalization, activation functions, and dropout.

5. Experiments and results

In this section, we present the results of the new QCMs-PSO-CNN
architecture to validate the classification performance obtained. We
first introduce some datasets, the model performance and training pa-
rameters. The experimental results are then displayed and enumerated.

5.1. Databases

In this subsection, three distinct datasets that have been chosen from
the literature are introduced. They are GRID, LRW, and German Lip-
reading (Glips).

5.1.1. GRID

The GRID corpus dataset includes 34 speakers, divided into 18 males
and 16 females, with each speaker uttering sentences 1000 times,
resulting in a total of 34,000 video s. Each movie has a duration of three
seconds and is captured at a frame rate of 25 frames per second. The
dataset offers video s in two formats: standard quality (360 x 288) and
high quality (720 x 567). Fig. 10 illustrates an example image from the
GRID [41] dataset.

5.1.2. Lip reading in the Wild (LRW) dataset from Oxford and BBC

The LRW (Lip Reading in the Wild) collection has 1,000 utterances
that include 500 unique words, articulated by numerous speakers from
the BBC television channel. Each video in the dataset has a duration of
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1.2 s, comprising 29 frames, with the target phrase located at the middle
of the video. Fig. 11 illustrates an example of photos from the LRW [42]
dataset.

5.1.3. German lipreading (Glips)

The GLips dataset is made up of 250,000 video s of Hessian Parlia-
ment speakers’ faces, each of which is segmented into 500 distinct words
with 500 instances. The format is akin to the English-language Lip
Reading in the Wild dataset, wherein one word of interest is video
encoded inside a 1.16-second length context. An extra metadata text file
including the fields spoken word, start time in seconds, finish time in
seconds, and duration in seconds is present for every video. Fig. 12 is
shown an example of GLips [44].

5.2. Evaluation metrics

To assess how well the model learns, we evaluate its effectiveness
using a wide range of metrics, including F1-score, accuracy, loss, pre-
cision, and recall [55]. These metrics provide specific insights into the
strengths and weaknesses of the models. The following lines provide a
mathematical representation of these metrics:

(TP + IN)

Accuracy = G TN 1 FP + FN) (37)
Precision = ﬁ (38)
Recall = (TPT-;-;PFN) (40)
F1 — Score — 2 x (Recall x Precision) 1)

(Recall + Precision)

where TP (True Positive): Positive cases that have been properly clas-
sified, TN (True Negative): Negative cases that were properly classified,
False Positive (FP): Positive instances that were wrongly categorized,
False Negative (FN): Negative cases that were wrongly classified.

5.3. Preprocessing and data augmentation

5.3.1. Preprocessing

For preparing the chosen datasets, first, we begin by retrieving
frames from all video s in the GRID [41], LRW [42], and Glips datasets,
then we extract the ROI (lip region) in each frame corresponding only to
the spoken word in all given video s. The lip regions are resized to the
same pixels in all datasets. The number of frames depends on the video
length in each dataset because the utterance speed is obviously different
and on each speaker’s content. Consequently, their manipulation is
inappropriate. In the case of Glips [44] and GRID [41] datasets, to treat
this situation, we proceed to take frames corresponding to the video that
has the maximal number of frames nfq, then we replicate the first

frame until we get y = \/nfnax — nfr € N, where nfr is the minimal
number of replicated frames that we have to add to nfmax to obtain
y € N. Finally, we replicate the first frame in each video to unify the
numbers of frames with the number y2. We chose the first frame to
replicate because it is just a repetition that will not affect or add any new
information to the content of the given videos. With regard to the Lip
Reading in the Wild dataset, we begin by extracting the frames from the
provided movies. We next utilise the meta data to segment the video and
preserve just the frames that correlate to the spoken phrase. finally we
crop the region of each speaker’s mouth (ROI).

Finally, we adopt the CFI approach, introduced by Saitoh et al [22],
to represent all the frames of a video sequence in a single image. This
simple but effective method captures the spatio-temporal information of
a complete sequence. In both the Glips [44] and GRID [41] datasets, the
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concatenated image is formed by merging y> frames and organizing
them into y rows and y columns for each movie, as depicted in Figs. 13,
14, and 15.

5.3.2. Data augmentation

In practice, sequence learning is easy to overfit when the samples of
VSR are not sufficient, so we need to utilize a set of data augmentation
strategies for reducing overfitting on training datasets. Additionally,
Fair comparisons with other literary works require data augmentation.
We used visual data augmentation in each extracted frame of each video
by applying small-angle rotation, horizontal flipping, and noise injec-
tion. Moreover, the augmentation will also improve the generalization
of space diversity and the difference in image quality. Consequently, it
will improve the generalization of the trained neural network Krizhev-
sky et al. [45]. Applying many operations increases the processing and
training costs since those datasets are very large, especially the Glips
dataset [44].

5.4. Model performance and training parameters

This section details the parameters configured for training our
model. Upon finalizing the data augmentation and preprocessing pro-
cedures previously outlined, we partitioned the dataset into two subsets:
training and testing. We employed a particular splitting approach for the
LRW dataset [42]. We chose five spoken utterances from each speaker
for the training set and assigned the remaining utterances to the test set.
This yielded 480 photographs for training and 120 images for testing.
The model was trained for 300 epochs with a batch size of 80.

In the case of the GRID corpus dataset [41], we took a testing set that
included eight speakers (five males and three females) using the
speaker-independent protocol. We used the 26 speakers remaining for
training. Consequently, 8000 CFI images are obtained for the test and
26,000 CFI images for the train. The model was trained for 200 epochs
with a batch size of 250. For the GLips dataset, we used the default split
and trained the model for 100 epochs with a batch size of 188. The
QCMs-PSO filter produces the optimized QCMs matrix of the CFI image,
which is then provided to the CNN instead of the input CFI image. We
conducted a series of incremental order changes and noted the results,
ultimately determining the optimal order based on the highest accuracy
rate achieved. Indeed, we conducted an ablation analysis to evaluate our
model’s performance by removing the QCMs-PSO and using the same
architecture as in Tables 3 and 4. We adjusted the CFI size for each
dataset: for the LRW dataset, the CFI was scaled to 150 x 350; for the
GRID dataset, the CFI dimensions were established at 256 x 256; and for
the GLips dataset, the CFI was composed of 29 frames, each measuring
29 x 29. We utilized the identical model architecture outlined in Ta-
bles 3 and 4 for the LRW [42] and GRID [41] datasets throughout
training. For the GLips dataset [44], we modified the fully connected
layers by augmenting the number of neurons from 400 and 300 to 2720
and 1200, respectively, to accommodate the increased dataset size and
the higher number of classes.

During the training of the proposed model, the QCMs-PSO descriptor
generates an optimal moment matrix, the dimensions of which depend
on the orders chosen from the input lip image. The matrix is subse-
quently input into the CNN. We methodically adjust the order size and
document the corresponding accuracy to get the optimal order that
yields the maximum performance. Additionally, to analyze the influence
of the optimized QCMs-PSO descriptor, we performed a comparison
analysis utilizing the identical architecture specified in Tables 3 and 4,
without the filter, thereby enabling us to evaluate its contribution to the
model’s efficacy.

The performance of the proposed automatic lip-reading classification
model is evaluated in this experiment. The effectiveness of our model in
visual speech recognition is assessed using two key metrics: information
loss and accuracy. In this experiment, we evaluate the recognition ca-
pabilities of the proposed QCMs-PSO-CNN architecture, utilizing
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features derived from quaternion Charlier moments optimized by the
PSO algorithm as the input vector. The training and validation curves
shown in Fig. 16 illustrate the model’s performance over 100 to 300
epochs for the three datasets, focusing on accuracy and loss metrics.

5.5. Comparison methodology

The simulation outcomes, including classification rates for the LRW
[42] and GLips [44] datasets, were assessed using several moment or-
ders and juxtaposed with meta-heuristic algorithms including BBO [32],
ACO [33], IWO [35], SFLA [36], CA [37], FA [39], and HS [40]. This
comparison underscores the efficacy of the utilized PSO algorithm in our
approach. Fig. 17 illustrates that the PSO algorithm consistently sur-
passes competing algorithms, especially at lower moment orders.
Table 5 additionally contrasts our approach with prior studies on the
LRW [42] dataset, encompassing CFI-based CNN [46], ResNetLSTM
[47], LSTM [18], and HCNN [23]. Furthermore, we disclose the accu-
racy of our method in the absence of the PSO algorithm. The results
indicate that our technology far surpasses current techniques, high-
lighting the efficacy of the optimized QCMs descriptor. This underscores
the advantages of our method regarding classification accuracy and
resilience, even when employing a singular lip image to represent a
complete series. In addition, our experiment shows that using either the
noise injection or rotation data augmentation can lead to better results
than the works using rotation, translation, flipping, and color shift data
augmentation compared to. Furthermore, we performed a comparison
examination of our technique against two pertinent studies, as detailed
in Table 6. The initial study, conducted by Assael et al. [48], presents
LipNet, a sentence-level lipreading system utilizing 3D convolutions in
conjunction with Gated Recurrent Units (GRUs) for visual speech
detection.

The second study, conducted by Wand et al. [49], introduces a word-
level lipreading system that employs Long Short-Term Memory (LSTM)
networks and Neural Networks (NNs) featuring multiple feed-forward
layers. Our optimal descriptor QCMs-PSO-CNN strategy demonstrates
enhanced classification accuracy while markedly decreasing complexity
relative to these methods. Likewise, using the GRID [41] dataset, the
incorporation of the optimal QCMs descriptor results in a significant
enhancement above 40 % relative to a conventional CNN employing the
SI protocol with solely rotation-based data augmentation (DA). Table 7
illustrates a comparison of our technique with RTMRBM [50] and alm-
GRU [51] on the GLips [44] dataset. The results indicate that QCMs-
PSO-CNN surpasses these techniques, and the incorporation of DA
further improves the model’s efficacy.

5.6. Ablation studies

In this study, we conducted multiple ablation studies on the GRID
[41], LRW [42], and GLips [44] datasets. Specifically, we designed two
ablation experiments to evaluate the effectiveness of the proposed
QCMs-PSO-CNN architecture.

In the first experiment, we compare the performance of the proposed
architecture for visual speech recognition with that of approaches re-
ported in the literature. We evaluate accuracy, precision, recall, and F1-
score for the GRID, LRW, and GLips datasets. These metrics are sum-
marized in Table 8, which compares QCMs-PSO-CNN with traditional
machine learning classifiers, including DNN-LSTM [56], DCNN [57],
3DCNN-LSTM [59], CNN-AlexNet [58], CNN-GRU [60], 3DCNNs + CFS-
DCTCN [61], SVM + Random Forest [62], DBNFTLSTM [64], and CNN-
LSTM [63]. Our QCMs-PSO-CNN achieved the highest accuracy of 99.97
%, significantly outperforming baseline models such as 3DCNNs + CFS-
DCTCN (99.50 %) and DBNFTLSTM (99.30 %). This analysis highlights
the model’s accuracy and provides additional metrics, including recall,
precision, and the F1-score.

In the second experiment, as previously mentioned, we validated the
effectiveness of incorporating QCMs optimized by the PSO algorithm
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into the CNN model, which demonstrated strong performance in
addressing lipreading challenges. Fig. 18 illustrates that our straight-
forward QCMs-PSO-CNN design surpasses five comparable studies in
classification accuracy while markedly diminishing complexity. More-
over, it is apparent that this optimized architecture yields enhanced
outcomes on both the GRID and GLips datasets relative to alternative
techniques. Integrating QCMs-PSO-CNN with the combination of the
optimal QCMs-PSO descriptor and the CNN model yields superior per-
formance compared to more intricate methodologies, such as LipNet and
LSTM, which depend on a considerably greater number of parameters.

6. Conclusion

This paper proposed a novel small architecture QCMs-PSO-CNN for
the VSR problem. This architecture consists of two parts: The Optimized
Quaternion Charlier Moments by proposed particle swarm optimization
algorithm and Convolutional Neural Networks. The QCMs-PSO-CNN
comes to enhance the classification rate by extracting useful features
from the input large-size image. Indeed, it can reduce the dimensionality
of the images and therefore decrease significantly the high complexity of
the CNN. As we have exhibited before, with this small architecture, we
obtained better results than the other complex models on the three
datasets GRID, LRW, and GLips. In this study, we developed a novel
descriptor based on quaternion Charlier moments optimized using the
PSO algorithm. These descriptors are used in the Convolutional Neural
Networks model (QCMs-PSO-CNN) for visual speech recognition. The
key elements of this contribution can be summarized as follows: (i) The
study introduces a unique methodology that combines QCMs-PSO
Optimized by PSO algorithm, and CNN model, with deep learning
techniques. (ii) The integration of a quaternion Charlier moments
optimized and a Convolutional Neural Network in the QCMs-PSO-CNN
architecture allows for the extraction of both spatial and temporal fea-
tures from lipreading data. (iii) The research emphasizes the importance
of optimized descriptor vector by combining information obtained from
QCMs-PSO-based feature extraction and deep learning. This descriptor
vector enhances the ability to capture and utilize discriminative features
for visual speech recognition. In future work related to lipreading
models, such as extending the model to higher-dimensional systems or
incorporating stochastic elements, we plan to apply and enhance the
proposed QCMs-PSO-CNN method to address other complex problems in
computer vision, particularly those involving augmented reality tech-
niques and their integration into robotics. Furthermore, we aim to
expand our research by investigating the stability and synchronization
of inertial memristive neural networks with time delays [65], as well as
the synchronization of Markovian jump neural networks for sampled-
data control systems with additive delay components [66], with the
ultimate goal of applying these approaches to visual speech recognition.
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