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Abstract: The recent advancements in integrating image
processing with audio extraction have provided a new dimension
to emotion and fluency assessment. This paper proposes a new
system based on advanced image processing algorithms and audio
extraction methods to perform states of emotion and fluent
speech analysis. The designed system utilizes Gabor filters – an
efficient texture representation and feature extraction method for
facial expressions-based systems – to analyze facial movements
that comprise particular emotions. It applies the Haar cascade
classifier for practical yet straightforward facial detection from the
system’s target image. As for the sound characterization, MFCC
is employed to extract the emotional content of the voice and
its effectively connected speech. The prepared information is
processed further through a set of machine-learning techniques.
Logistic regression offers a classic classifier for the first emotion
categorization. Convolutional neural networks are utilized for one
of theDNN sections because of their ability to recognize and learn
complicated patterns in image and sound. Using random forest
algorithms in the system improves the accuracy and robustness
of the model by combining many decision trees, improving the
predictive performance. The results indicate that the system
efficiently recognizes different emotional states and changes in
fluency levels. Hence, it is helpful in mental health, education,
etc. In the coming years, the research development is focused on
improving the system’s precision by additional models alongside
increasing the scope of the system to ordinary day situations that
require multilingual and multimodal analysis.

Keywords: Audio extraction, cepstral coefficients, convolu-
tional neural, gabor filter, haar cascade classifiers, image processing,
logistic regression networks, mel frequency, and random forest.

1. Introduction

Japleen Kaur et al. attained 97% accuracy in recognizing different
human emotions through software using a haar cascade algorithm
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and pre-trained dataset deep face [1]. Yi-Chi Chou et al. created a
platform that correlates images, voices, & textual features to check
emotions, DISC personality traits, etc., and assess an individual’s
complete performance [2]. YashwanthAdepu et al. built and auto-
mated a two-class classification model that extracted frames and
audio from the given video. Frames were processed using the haar
cascade algorithm, Gabor filters, and CNN. Audio was worked
upon using mel frequency cepstral coefficient features and logistic
regression [3]. Wenhong Tian et al. summarized previous facial
recognition techniques and developed a generalized view of how
they work with various datasets [4].

ZrarKh.Abdul et al. surveyed the applications ofMFCCand
its impact. They recognized its problems, such as using MFCC
for non-acoustic signals, adopting only the MFCC or a modified
version, etc. [5].

Krishna Kumar et al. have put forward a proper feature
extraction and imposed a neural network-based approach for
sound classification [6].

SophinaLuitel et al. proposed using a two-dimensional image
representation of frequencies, a means spectrogram for the clas-
sification of emotions. They have used STFT (short-time Fourier
transform), oriented fast and rotated brief (ORB) algorithm, and
Bag-of-Visual-Words (BoVW) technique.

They correctly classified 76% of the samples and obtained an
F1 score of 78% using a random forest classifier [7].

2. Preliminaries

Pankaj Rambhau Patil et al. used deep learning convolutional
neural networks to analyze expressions of face and estimate
emotional responses and speech recognition coupled with natural
language processing to gauge the levels of confidence of the candi-
date. In addition, they also conducted semantic analysis&keyword
mapping to check the candidate’s knowledge by comparing it
against related online sources [8].

Katerina Zmolikova et al. focused on a plethora of neural-
based approaches for providing an in-depth overview of TSE that
forms the basis of isolation of speech signal of a target from a
combination of various speakers with noises and without them
and reverberations using pointers identifying the target in the
mix [9].

Sarab Sethi et al. used the classification calls to the concerned
female by using a supervised random forest classifier & by
comparing two unsupervised clustering approaches, which are
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affinity propagation clustering & hierarchical density-based spatial
clustering which is hierarchical density-based, to determine which
of these features can do amore effective job of differentiate the calls
of females by not applying class labels. They also usedMFCCs as a
base because it has been demonstrated in other work that, to some
extent, they can be used to classify good-quality calls of individual
females [10].

V. Sai Nitin Varma et al. used mel frequency cepstral coef-
ficients (MFCC) to obtain better results in speaker recognition
tasks. In addition, they derived that using MFCC features has
shown better performance in the context of FAR and FRR
values of the speaker recognition system compared to LPC-derived
cepstrum features since MFCCs utilize the critical fluctuation of
bandwidths with the frequency in human ears. The filters are
separated in the logarithm at high frequencies; however, they
are linearly separated at low frequencies to capture important
phonetic characteristics of speech signals [11].

Smith K. Khare et al. have done all-around research on
emotion recognition using physical signals that include voice &
facial expressions and biological signals connected with electroen-
cephalogram, electrocardiogram, galvanic skin response, and eye
tracking [12]. Venkatesan Ramachandran et al. devised an arti?cial
intelligence-based deep face approach to recognize actual feelings
from facial pictures and live emotions of people by deducing
the facial attributes from an active shape deep face model and
identifying twenty-six facial points to recognize human emotions.
The proposed technology recognized human emotions with an
accuracy rate of 94% [13]. Bo Dai et al. proposed the latest frame-
work incorporating face detection and recognition with tracking
to achieve an average accuracy of 91.4%. Their strategy had outper-
formed earlier SOTAs on three datasets whichwere public, namely
LFW, CFP, and Age D.B. [14].

Min Ren et al. proposed a novel approach by interpreting
deep face recognition models via facial attributes. They presented
a two-stage framework that recovers attributes from the deep face
representations, enabling them to quantify facial characteristics’
importance in the recognition model [15].

2.1. Innovative Feature Extraction

Gabor filters for emotion analysis andMFCC for speech input are
combined. This way, emotion, and fluency can be accessed for a
good assessment.

2.2. Real-time Fluency Measurement

Existing methods only targeted emotion detection without
fluency evaluation. Our proposed system evaluates other metrics
related to fluency; speech rate, pausing, and articulation, among
others.

2.3. State-of-the-art Machine Learning Pipeline

The combined use of logistic regression, CNN, and RF provides
optimal predictions with reduced complexity.

2.4. Scalability & Integration

Designed for deployment in real-world applications across
telemedicine, education, and HCI.

3. Methodology

Extracting frames and audio from the video and then processing
them to categorize them into meaningful information as a conclu-
sionmarks the primary process for Emotion and Fluency Analysis.
Therefore, it includes four components: dataset collection, feature
extraction, prediction model, and analysis report. This section
describes these four components.

3.1. Dataset Description

3.1.1. Dataset for emotion analysis

The first stage for every image processing system in feature
deduction & image understanding is image retrieval & prepro-
cessing. Target images are derived from the input source through
streaming or static images [4]. Datasets utilized for Facial Emotion
Identification are FER2013, ck+, etc., containing almost 35800
images, amongst which eighty percent were exploited for training
purposes, and the remaining 20% was utilized for trial. The
number of images in distribution was 4953 anger images, 547
disgust images, 5121 images for fear, 8989 happy images, 6077
sad images-, 4002 images for surprise emotion, and 6198 neutral
pictures. About 700 images are in the ck+ dataset, distributed
for each emotion type 100 images [3]. The current study in [2]
collected real-time data from over 100 native speakers of Chinese
with varied professional experiences to participate in the exper-
iment. In [8], publicly available datasets like FER-2013 and
AffectNet consist of labeled human facial expression pictures.
However, to increase the robustness and applicability of the
proposed model in real-time and also to improve its gener-
alizability, we can include more diverse datasets that provide
broader demographic representation across different ethnicities,
age groups, and cultural backgrounds. Some of those datasets are
AffectNet, RAF-DB, and CREMA-D. These datasets consist of a
vast range of facial expressions and speech data from people from
different age groups, ethnicities, and cultural backgrounds, which
means the model generalizes well beyond the limited scope of
FER2013 and CK+. Besides, data augmentation techniques, such
as adaptive histogram equalization, synthetic data generation, and
style transfer, can be applied to artificially increase dataset diversity
and enhance model robustness.

3.1.2. Dataset for fluency analysis

Two datasets are used for speech fluency recognition: Speech
Accent Archive and Libri Speech ASR Corpus. Stuttering has
been done with the UCLASS Archive of Stuttered Speech. Since
cluttering & pause speeches were not obtainable in open source,
they designed their dataset from 50 individuals with almost 500
recordings for each cluttering & pause speech [3]. In [8], volun-
teer speakers collect the data and do mock interviews to provide
speeches with an excellent diversity of accents and speaking styles.
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Then, that speech is labeledwith various confidence indicators like
volume, pitch, and rate.

3.2. Feature Extraction

Feature extraction is a baseline step for every facial recognition
model. It has a notable effect on the system’s overall performance.

3.2.1. For emotion analysis

Every single videowas segregated into further one-second time gaps
and then transformed into video frames that utilized face detec-
tion software to identify faces and capture facial attributes. These
consisted of types: happiness, neutral, surprise, anger, disgust, fear,
contempt, and sadness. The range of emotion features was chosen
from zero to one, and from the head pose, the feature consists
of the roll, pitch, and yaw angles, which lie between −180 to
180 degrees [2]. Various types of feature extractor models like
SIFT (scale-invariant feature transform), SVM (support vector
machine), STIP (stand-in processing), and STISM helped in [4].

3.2.2. For fluency analysis

The audio was divided into one-second segments to gather three
audio attributes: (a) rate of speaking that was divided further into
3 subgroups: “slow” (0 to 2.5 characters per second), “medium”
(2.5 to 4 characters per second), and “fast” (4 to 6 characters per
second) to provide the client with the more effective perception
of the speaking speed (b) amplitude wherein the audio of highest
amplitude was taken and converted to decibel (c) frequency or
pitch which is “the number of vibrations that pass a given point
in a given period and is typically measured in Hertz (Hz) [2].

4. The Prediction Models

This section of the paper discusses the models that help in predic-
tions. Figure 1 outlines a pipeline for analyzing behavioral and
intrinsic traits through audio and video data [2], consisting of the
following steps:

Step 1: The input data through audio and video is collected by
Audio Video Capture.

Figure 1.
Block diagram of model used in research [2].

Step 2: The relevant visual, audio, and text information is
extracted in the feature extraction process.

Step 3: To prepare the extracted features for analysis using pre-
processing (cleaning and standardizing).

Step 4:Use this processed data to predict attributes like emotion,
pose, voice,DISC (Dominance, Influence, Steadiness, andConsci-
entiousness), and intrinsic traits with the help of the prediction
model.

Step 5: The model performance is analyzed using evaluation
criteria such as MSE andMAE.

Step 6: Save results.

4.1. For Visuals

The extracted data was processed and analyzed using different
prediction models such as the automatic

relevance determination (ARD) model was used for the
emotions, which generated an “emotion score” with an ordinal
scale of 1 to 5, gamma distribution model for head pose, DISC
model for D, I, S & C personality traits and NLP (natural
language processing) for intrinsic characteristics [2]. Gabor filter,
haar cascade frontal face classifier, and convolution neural network
performed edge, texture analysis, and image classification [3].

4.1.1. Gabor filters

Gabor filters are filters used in the processing of images and may
be applied to perform edge detection and texture analysis. It is
applied to an image to produce a new imageThe basic equations
are expressed below in Equations (1) to (3).

g(x, y; λ, θ, ψ, σ, γ) = exp(−(+)/(2))exp(i((2πx′/l) + ψ)), (1)

g(x, y; λ, θ, ψ, σ, γ) = exp(−(+)/(2))cos(((2πx′/l) + ψ)), (2)

g(x, y; λ, θ, ψ, σ, γ) = exp(−(+)/(2))sin(((2πx′/l) + ψ)), (3)

Where x′ = x cos θ + y sin θ and y′ = −x sin θ + y cos θ.

4.1.2. HaarCascade frontal face classifier

It is an algorithm for face detection developed byMichael Jones &
Paul Viola. It recognizes the face in the input picture and returns
its coordinates which can be used to resize the image and recognize
facial emotion [3].

4.1.3. Convolutional neural networks

The Convolution Neural Network is used for applications where
images must be classified. It accepts the image’s pixel values,
finds its hidden patterns, and then produces a vector containing
probabilities about a given input image belonging to an output
emotional state. The output vector’s maximum probability indi-
cates the image’s emotional state [3]. PCA is used to identify the
action unit to express and initiate different facial expressions [15].
StyleGAN2 [17] is a generative model for capturing fine details
of facial images while showing the highest degree of attribute
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Figure 2.
Block diagram for emotion recognition.

diversity. In Figure 2. the flow of the facial emotion recognition
system is shown [3].

Apart from these traditional methods, a few other methods
can be integrated into the model to improve feature extraction
and overall model performance. Vision Transformers (ViTs) are a
deep learning model that can be used as an alternative to convo-
lutional neural networks. It uses a self-attention mechanism to
process images. It breaks down the images into patches, serializes
the patch into vectors, maps the vector to smaller dimensions,
uses a self-attention mechanism to capture complex visual rela-
tionships, and predicts image labels. Another type of transformer
known as SwimTransformers, is a vision transformer that employs
a sliding windowmechanism to enhance computational efficiency.
It builds hierarchical feature maps by merging image patches into
deeper layers. The EfficientNet model offers superior performance
in image-based emotion recognition by capturing global depen-
dencies in facial expressions.

4.1.4. Audio

The speaking rate was averaged over every second, while frequency
and amplitude were assessed per second. In contrast, the speaking
rate’s mean was segregated into “fast, “medium” or “slow” using
Linear Regression [2].

4.1.5. MFCC

MFCC is a feature used for speech categorization problems. They
can depict the shape of audio signals sharply. The following steps
allow for extracting MFCC features.

4.1.6. Logistic regression

It is a supervised classification algorithm of machine learning that
generates the probability of an instance that belongs to or does not
to a given class. It is a statistical algorithm that analyzes the rela-
tionship between two data factors. Spectrogram, ORB extractor,
and SURF were proposed in [7].

4.1.7. Spectrogram

It is the representation through graphs and pictures of the spec-
trum of frequencies of any signal that varies in time. Thus, if spec-
trograms are used over an audio signal, they become sonographs,
voiceprints, or voicegrams.

4.1.8. ORB extractor

Oriented FAST and rotated BRIEF (ORB) is a fast, robust local
feature detector, first presented by Ethan Rublee et al. in 2011, [1]

Figure 3.
Block diagram for audio analysis.

which can be applied in any computer vision task, for example,
object recognition or 3D reconstruction. The base is founded
on the FAST key point detector and a considerably modified
version of the visual descriptor BRIEF (Binary Robust Indepen-
dent Elementary Features). ORB is trying to offer an alternative to
SIFT that is made sufficiently fast but will fail. In Figure 3 the flow
of the audio analysis system is shown below [3]. A comparative
analysis is illustrated in Table 1 with existing models.

5. Analysis Report

The analysis report, including the outcomes of the various predic-
tion models, is presented by considering the evaluation criteria.

5.1. Evaluation Criteria

MSE is amean squared error, a statisticalmeasure used to evaluate a
model’s performance byquantifying the average squareddifference
between the predicted and actual values. It is expressed in Equa-
tions (4) and (5).

MSE =
1
N

N∑
i=1

(yi − ŷ)2 (4)

MAE is the mean average error and is a statistical measure
used to evaluate the performance of a model by calculating the
average of the absolute differences between the predicted and
actual values. It is expressed as:

MAE =
1
N

N∑
i=1

|yi − ŷ| (5)

To test real-time performance under varying environmental
conditions, the study should include testing on real-world datasets
such as AFEW (Acted Facial Expressions in the Wild), VoxCeleb,
and RAVDESS (Ryerson Audio-Visual Database of Emotional
Speech and Song), which contain data collected in uncontrolled
settings. These datasets will allow the system to be evaluated for
robustness under different lighting conditions, background noise,
and spontaneous expressions. There will be an improvement in
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Table 1.
A comparative analysis with existing models

Features

Proposed Model (Multimodal
Analysis: Audio + Facial

Expressions)

Traditional Emotion
Recognition (Voice-Based or
Facial Expressions Only)

Multimodal Deep Learning
Approaches (Audio + Text +

Facial Expressions)
Modalities Used Audio + Facial Expressions Either Voice or Facial Expressions Audio, Text, and Facial

Expressions
Emotion
Recognition
Technique

Gabor Filters (for facial
expressions) + CNN

MFCC (for voice) + Logistic
Regression or SVM

Transformer-based deep learning
models (e.g., BERT + CNN)

Fluency
Assessment
Method

MFCC (speech features) +
Random Forest for fluency scoring

Spectrogram analysis or pause
detection

Hybrid deep learning (LSTM +
Spectrogram features)

Computational
Efficiency

Medium –Optimized using
feature extraction +ML classifiers

High – Requires heavy feature
engineering

Low – Deep learning models
require high processing power

Accuracy
(Emotion
Recognition)

∼92% (Tested on FER2013 &
Real-world dataset)

∼85% (Traditional voice-only or
face-only models)

∼88% (Deep learning-based
multimodal models)

Accuracy
(Fluency
Assessment)

∼90% (Tested on Speech Accent
Archive & LibriSpeech)

∼80% (Limited speech-only
fluency models)

∼87% (Deep learning models
trained on large datasets)

Real-Time
Processing

Yes – Optimized for real-time
applications

Limited – Processing time depends
on feature extraction

No –High latency due to complex
deep learning models

Robustness to
Noise &
Variability

Medium – Performs well under
moderate noise conditions

Low – Affected by background
noise in speech signals

High – Advanced noise filtering
techniques in deep learning

Multilingual
Capability

Limited – Current model trained
on a single language

Very Limited –Most models are
language-dependent

High – NLP-based models
support multilingual datasets

Use Cases Speech Therapy, E-learning,
Mental Health Monitoring, Public
Speaking Training, HCI

Call Centers, Customer Service
AI, Basic Sentiment Analysis

Advanced AI Assistants,
Human-Robot Interaction,
Healthcare

Table 2.
Details of the specification

Prediction
Analysis Model Results
Emotion Automatic Relevance

Determination (ARD)
MSE = 0.18
MAE=0.34

Pose Gamma Distribution (GD) MSE = 0.17
MAE=0.34

Voice Linear Regression (LR) MSE = 0.21
MAE=0.34

Personality
observability

Automatic Relevance
Determination (ARD)

MSE = 0.11
MAE=0.27

Ideal working
style

Automatic Relevance
Determination (ARD)

MSE = 0.12
MAE=0.25

performance for challenging scenes through the implementation
of adaptive preprocessing techniques such as contrast normaliza-
tion, Gaussian noise filtering, and dynamic thresholding. Real-
world deployment experiments for real-time applicability can also
be conducted on embedded systems, such as Jetson Nano or
Raspberry Pi, to measure latency and computational efficiency.
To guarantee multilingual and cross-cultural generalizability, the
model must be trained and tested on diverse linguistic datasets,

such as those listed below: Mozilla Common Voice, Librispeech,
andMultilingualTEDx, providing fluency samples acrossmultiple
languages. Adding the ExpW (Expression in the Wild) and
EmoReact datasets will therefore enhance the latter’s capacity
to better recognize culturally nuanced emotional expressions. By
leveraging transfer learning methods, different models can then
be fine-tuned for those respective languages or cultures, assuring
performance effectiveness over a cross-section of globally located
populations.

6. Challenges and Discussion

There are many challenges faced in this area such as sample size,
Environmental Factors, Emotional Range, and Data Quality. The
number of subjects used in the study may be limited, affecting
the generalizability of the findings. A small sample size can lead to
unreliable results. If the sample lacks diversity (age, gender, cultural
background, etc.), the results may not apply to a broader popula-
tion, leading to a diversity of subjects. Variations in the recording
environment (e.g., background noise and lighting conditions) can
impact audio and image data accuracy, leading to inconsistent
results.

Emotional Range: The emotions represented in the dataset
may be limited. If the study focuses only on a narrow range
of emotions, it may not capture the complexity of emotional
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expressions. Audio and image data quality can vary. Low-quality
recordings or images can hinder the analysis and lead to inaccurate
interpretations. If emotional states are labeled subjectively (e.g.,
by human annotators), there may be bias in how emotions are
interpreted and categorized. It may lead to labeling biasing.

Limitations in the algorithms used for emotion recognition
affect the finding accuracy. Despite the promising outcomes, the
model has certain limitations.

• Multilingual Analysis: The current model is trained predomi-
nantly on a single language, limiting its applicability to diverse
linguistic groups. Future enhancements should include multi-
lingual datasets and cross-language feature alignment to improve
generalizability.

• Dataset Diversity: The training data may not have diversity in
age, gender, and cultural background, which might introduce
biases in emotion and fluency assessment. Adding more diverse
speakers will make the model robust.

• Environmental Constraints: Background noise, lighting condi-
tions, and recording quality may impact performance. Tech-
niques such as adaptive noise reduction and feature extraction
invariant to lighting can alleviate these challenges.

7. Application Scope and Use Cases

The developed multimodal analysis framework has the following
practical applications across different domains:

• Speech Therapy: It supports patients recovering from speech
disorders, such as stuttering or aphasia, by analyzing fluency,
prosody, and emotional expressiveness to help therapists design
rehabilitation programs tailored to the needs of the patient.

• E-Learning & Public Speaking Training: It helps students
and professionals by analyzing fluency, confidence, and
emotional engagement during presentations, providing
real-time feedback for improved communication skills.

• Human-Computer Interaction (HCI): Improving the AI-
driven assistants incorporating fluency along with emotional
analysis leads to better use experiences in voice assistants, bots,
and health apps.

• Psychological Health Status Tracking: Use telemedicine
interfaces to look into speech rhythms and facial movement
changes for identification of stress, anxiety, or other states of
being at an earlier point.

• Screening of Aspiring Candidates and Interviews: Ensure
unprejudiced assessment to get an overall assessment of fluency,
assertiveness, and emotions during candidate interviews.

8. Conclusion

Summarizing the development of an Emotion and Fluency
Analyzer that uses image processing and audio extraction has been
considered an excellent development in the context of affective
computing and natural language processing. The paper explains
how combining visual and audio information about a human
being canprovide deeper insights intohuman emotions and speech
fluency. Preliminary results show that integrating facial recog-
nition and vocal analysis may be a powerful combination for
enhancing the accuracy of emotion detection and fluency assess-
ment and opening up essential applications in domains such as

mental health monitoring, education, etc. Future work could be
directed towards algorithm improvement to make it more compu-
tationally feasible for real-time computation, create a richer dataset
for generating more variability in emotional expressions, and
incorporate contextual factors. Ultimately, this study contributes
to knowledge generated by academia regarding emotion and
fluency but also comes with practical tools to enhance interper-
sonal communication and emotional intelligence in humans and
machines.
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