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Abstract:

Background of study: The increasing globalization of communication has intensified the need for systems capable
of automatically identifying spoken languages and providing accurate, real-time translation. With advancements in
speech processing and machine learning, an integrated framework for speech analysis, language identification, and
translation has become both feasible and necessary.

Aims: This paper aims to develop and evaluate a comprehensive system that performs automatic speech
preprocessing, language identification, speech recognition, and machine translation. The study focuses on designing
a multilingual pipeline capable of detecting multiple languages, converting speech to text, and translating the output
into a target language with high accuracy and usability.

Methods: A multilingual speech corpus comprising recordings in English, Spanish, French, and Mandarin was used.
Audio underwent preprocessing, feature extraction using MFCCs and spectrograms, and language identification using
CNN-based MFCC classifiers as well as i-vector and x-vector models. Speech recognition was conducted using pre-
trained ASR systems such as Whisper and DeepSpeech, followed by neural machine translation (NMT). System
performance was evaluated through accuracy, precision, recall, BLEU scores, real-time factor (RTF), and user
experience assessments.

Result: The proposed system demonstrated strong performance across the LID, ASR, and translation components.
CNN-based language identification achieved high accuracy across multilingual inputs, while ASR models produced
coherent transcriptions suitable for downstream translation. Translation evaluation using BLEU scores and qualitative
human review confirmed that the pipeline maintained contextual accuracy. The system also showed robustness across
varying speakers, accents, and noise conditions.

Conclusion: The integrated Speech Analysis, Language Identification, and Translation system provides an effective
solution for overcoming language barriers in real-time communication. By combining noise-reduced audio
preprocessing, reliable language detection, and accurate translation, the system offers a user-friendly platform suitable
for multilingual applications. Future improvements include expanding the language set, enhancing robustness against
dialectal variation, and deploying the model on lightweight edge devices for real-time applications.
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1. INTRODUCTION cross-border collaboration increase, the need for

Language plays a central role in human communication,
yet linguistic diversity frequently creates barriers that
hinder effective interaction in global, multilingual
environments (Bhatti & Alzahrani, 2023). As
international mobility, digital communication, and

Publisher Note:

CV Media Inti Teknologi stays neutral with regard to
jurisdictional claims in published maps and institutional
affiliations.

Copyright

©20xx by the author(s).

Licensee CV Media Inti Teknologi, Indonesia. This article is
an open access article distributed under the terms and
conditions of the Creative Commons Attribution-ShareAlike
(CCBY-SA)license (https://creativecommons.org/licenses/by-
sa/4.0/).

systems that can automatically recognize and translate
spoken languages has become more urgent (Zayyanu &
Ahmed, 2024). Conventional speech-based applications
such as automatic speech recognition (ASR),
conversational agents, and multilingual assistive
technologies depend heavily on accurate language
identification (LID) as the first step in their processing
pipeline (Kulkarni & Pal, 2024; Mandal et al., 2025).
Without a reliable LID, downstream modules such as
grammar modelling, speech decoding, and machine
translation often fail, resulting in incoherent or
inaccurate outputs (Zhao et al., 2024; Shaughnessy,
2025). This challenge underscores the need for
intelligent, automated solutions capable of robust
language identification and translation across diverse
acoustic conditions (Amiri, 2025), as shown in Figure 1.
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Figure 1. Speech Recognition

Existing LID systems typically struggle with variations
in speaker accents, background noise, short-duration
utterances, and code-switching, making them unreliable
in real-world environments (Palivela et al., 2025;
Alashban et al., 2022). Many systems also rely on
handcrafted features or limited training datasets,
reducing their ability to adapt to new languages or
evolving linguistic patterns. Furthermore, traditional
ASR and translation pipelines operate as separate
components, leading to cumulative errors and inefficient
processing (Gondi & Pratap, 2021; Ahlawat et al.,
2025). These limitations create a pressing need for an
integrated, data-driven framework that can detect
languages, recognize speech, and perform translation
seamlessly.

Over the years, researchers have explored various
approaches to improve speech processing and
multilingual understanding. Classical statistical models,
such as Hidden Markov Models (HMMs), i-vectors, and
phonotactic models, have been widely used for language
identification (Singh et al., 2021). More recent studies
apply deep learning architectures including CNNSs,
RNNs, and CRNNs to  spectrogram-based
representations for more accurate identification (Zaman
et al., 2023; Aysa et al., 2023). Neural machine
translation systems and transformer-based ASR models
such as Whisper and DeepSpeech have also advanced
the field significantly (Sharrab et al., 2025). While these
methods demonstrate promising results individually,
their integration into a unified multilingual pipeline
remains limited, particularly for real-time applications.

Despite notable advancements, current research lacks a
comprehensive  system  that  unifies  speech
preprocessing, acoustic feature extraction, language
identification, speech recognition, and translation within
a single optimized workflow. Few studies have tested
such systems using multilingual corpora that include
diverse speakers, accents, and environmental conditions
(Hollands et al., 2022). Moreover, there is an inadequate
empirical evaluation comparing end-to-end
performance such as translation quality, computational
efficiency, and robustness across languages. Addressing
this gap requires a holistic, experimentally validated

framework capable of delivering accurate, real-time
multilingual speech analysis.

To overcome these limitations, this study proposes an
integrated Speech Analysis, Language ldentification,
and Translation framework that combines advanced
preprocessing methods, MFCC and spectrogram-based
feature extraction, CNN-based LID models, and state-
of-the-art ASR and neural machine translation systems.
The pipeline is designed to automatically capture audio,
reduce noise, identify language, transcribe speech, and
generate translated text in a target language. By
consolidating these components, the system enhances
accuracy, efficiency, and usability across multilingual
applications.

The research uses a multilingual speech corpus
comprising English, Spanish, French, and Mandarin
recordings from 40 native speakers. The audio signals
undergo standardized preprocessing, including down-
sampling, silence trimming, and noise reduction using
librosa and SoX (Yadav et al., 2024). Feature extraction
is performed using MFCCs, pitch, formants, and
spectrograms. CNN, i-vector, and x-vector models are
trained for LID, while ASR is conducted using Whisper
and DeepSpeech. Translation quality is evaluated using
BLEU scores and human assessments (Datta et al.,
2022). System performance is further measured through
accuracy, precision, recall, real-time factor (RTF),
robustness across accents, and overall user experience
(Xu, 2024).

The main objective of this research is to design and
evaluate a robust, real-time multilingual speech-
processing framework capable of accurately identifying
spoken languages and providing seamless translation.
By integrating state-of-the-art speech and language
technologies, the study aims to overcome persistent
barriers to multilingual communication and to provide a
scalable solution suitable for global, cross-cultural
applications.

2. MATERIAL AND METHOD

This study adopts a structured experimental framework
to develop and evaluate an integrated system for speech
analysis, automatic language identification (LID),

209


https://gomit.id/

International Journal of Advances in Artificial Intelligence and Machine Learning

speech recognition, and machine translation. The
methodology consists of six core components: dataset
preparation, audio preprocessing, feature extraction,

language identification modelling, speech recognition
and translation, and system evaluation, as shown in
Figure 2.
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Figure 2. Proposed Architecture

Figure 2 shows, each stage was designed to ensure
reproducibility, scalability, and fair comparison across
different languages and modelling approaches.

Speech Corpus

The study used a multilingual speech corpus curated
from established datasets, including Mozilla Common
Voice, VoxForge, and the GlobalPhone corpus. Four
widely used languages English, Spanish, French, and
Mandarin were selected to represent a broad spectrum of
phonetic and linguistic diversity.

The dataset consisted of recordings from 40 native
speakers, with 10 speakers per language and balanced
across gender and age groups between 18 and 45 years.
Speech samples included conversational phrases, digits,
isolated words, and scripted sentences, ensuring
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adequate variability for training and evaluating both the
language identification and translation components. The
inclusion of recordings collected under varied
environmental conditions further enhanced the corpus's
robustness for real world applications.

Audio Preprocessing

To ensure consistent signal quality, all audio samples
underwent a series of preprocessing operations.
Recordings were first converted to mono and down-
sampled to 16 kHz, a sampling rate commonly adopted
in automatic speech recognition applications. Noise
reduction techniques such as spectral subtraction and
Wiener filtering were applied using the librosa and SoX
toolkits to suppress environmental noise and enhance
speech clarity (Yousif & Mahmmod, 2025), as shown in
Figure 3.
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Figure 3. Processing of Audio

Figure 3 shows that the silence removal was performed
using Voice Activity Detection (VAD) algorithms to
eliminate non-speech regions that could degrade model
performance. Finally, amplitude normalization was
applied to standardize loudness across recordings. These
preprocessing steps collectively ensured that the audio
signals entering the feature extraction and modelling
pipelines were clean, consistent, and linguistically
relevant.

Feature Extraction

Feature extraction served as a critical step in
transforming raw audio signals into structured
representations suitable for machine learning models.
Mel-Frequency Cepstral Coefficients (MFCCs) were
computed to capture perceptually important spectral
characteristics of speech (Ali et al., 2021). Additional
acoustic features including pitch (FO), formants, signal
energy, and temporal duration were extracted to support
detailed phonetic analysis across languages (Hansen et
al., 2020), as shown in Figure 4.
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Figure 4. Image Preprocessing

Figure 4 shows the Spectrograms generated using the
Short-Time Fourier Transform (STFT), which produce
two-dimensional visual representations of frequency
variation over time. These spectrogram images were
handy for convolutional neural network (CNN) models.
By combining MFCCs, prosodic features, and
spectrograms, the study ensured a rich and informative
feature set for both classification and translation tasks.

Language Identification Modelling

Three modelling strategies were implemented to
perform automatic language identification. First, a
Convolutional Neural Network (CNN) was trained on
spectrogram images to capture spatial and temporal
patterns unique to each language.

The model consisted of stacked convolution and pooling
layers followed by dense layers for classification.
Second, the traditional i-vector framework was adopted

b)))\! [ —

to represent each audio file as a compact vector
capturing speaker and language characteristics.

Third, an advanced x-vector approach using deep neural
networks was employed to extract robust embeddings
for classification. The performance of all models was
assessed using accuracy, precision, recall, F1-score, and
confusion matrices. These complementary modelling
techniques allowed for a comprehensive comparison of
classical and deep-learning-based LID approaches
(Abdurrahman & Zahra, 2021).

Speech Recognition

After language identification, speech to text
transcription was performed using state of the art
automatic speech recognition systems. Pre-trained
models such as Whisper and DeepSpeech were utilized
due to their proven robustness across noise conditions
and multilingual environments (Gong et al., 2023;
Senapati & Roy, 2025), as shown in Figure 5.

Figure 5. Speech to Text

Figure 5 shows, the ASR component converted the
cleaned speech signals into textual representations,
which served as input to the translation module. The use
of pre-trained models ensured high transcription
accuracy without requiring extensive domain-specific
model training.

Machine Translation

The transcribed text was processed by neural machine
translation (NMT) systems to convert it into a target

language. MarianMT and the Google Translate API
were adopted owing to their strong contextual
understanding  and  cross-lingual  capabilities.
Translation quality was evaluated using the BLEU
score, which provides an objective measure of
translation accuracy based on n-gram matching. In
addition, human evaluators conducted qualitative
assessments to examine fluency, adequacy, and
semantic preservation. This dual evaluation approach
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ensured that the system's translations were both accurate
and meaningful.

Statistical and Qualitative Analysis

A combination of statistical and qualitative analyses was
conducted to evaluate system performance. Statistical
comparisons were made across the three LID models to
identify strengths, weaknesses, and error patterns
associated with each approach.

The ASR and translation outputs were assessed for
accuracy, consistency, and linguistic quality. Visual
tools, such as spectrograms, confusion matrices, and
performance graphs, were generated to enhance
interpretability. This comprehensive analysis provided
insight into the factors influencing errors and informed
recommendations for system enhancement.

Computational and Mathematical Techniques

Several computational methods grounded the system’s
signal processing and machine learning workflow.
Fourier analysis was used to decompose speech signals
into frequency components, forming the basis for
spectrogram and MFCC extraction. The analog-to-
digital conversion (ADC) process determined the
sampling and quantization parameters for transforming
raw speech into digital data.

The Discrete Cosine Transform (DCT) was applied to
compress MFCC vectors by removing redundant
correlation. These mathematical techniques ensured that
the extracted features were compact, informative, and
practical for downstream learning algorithms.

Experimental Setup

All experiments were conducted on a workstation
equipped with GPU acceleration to support deep
learning computations. Python served as the primary
programming language, alongside libraries such as
TensorFlow/Keras, librosa, SoX, Whisper, and
MarianMT. Training parameters including learning rate,
batch size, and number of epochs were optimized for
each model.

The performance evaluation included accuracy metrics
for LID, BLEU scores for translation, Real-Time Factor
(RTF) for processing speed, and robustness tests across
accents, dialects, and noisy environments. User

experience feedback was also collected to assess system
intuitiveness and usability.

3. RESULT AND DISCUSSION

The proposed multilingual speech analysis system was
evaluated across three core components: language
identification (LID), automatic speech recognition
(ASR), and machine translation. The CNN-based LID
model trained on spectrogram images demonstrated
strong performance, achieving high accuracy and
consistent classification across English, Spanish,
French, and Mandarin. Comparative evaluation with i-
vector and x-vector approaches showed that the x-vector
model outperformed traditional statistical methods,
particularly in cases involving background noise and
varied speaker accents. Confusion matrix analysis
confirmed that the deep learning models captured
distinctive phonetic and spectral patterns across
languages with minimal misclassification.

3.1 Results

The performance of the proposed multilingual speech-
processing framework was evaluated across three key
components language identification, automatic speech
recognition, and machine translation to determine its
accuracy, robustness, and practical applicability. Table
1 summarizes the results of the experimental analysis.
The metrics reported include accuracy scores for the
LID models, word error rates for ASR systems, BLEU
scores for translation quality, and real-time factor
measurements for system efficiency.

Together, these results provide a comprehensive
overview of how each component contributes to the end-
to-end pipeline's performance. As illustrated, the deep
learning based x-vector and CNN models outperform
traditional approaches in language identification, while
Whisper and Google Translate deliver superior speech
recognition and translation accuracy, respectively. The
table also highlights user experience feedback,
confirming that the framework offers both functional
reliability and usability in multilingual environments, as
shown in Table 1 and Figure 6.

Table 1. Performance Results for Language Identification, Speech Recognition, and Machine Translation

Component Model / Method Key Metrics Result Summary
Language CNN (Spectrogram- Accurac 92.4% Strong performance in distinguishing phonetic
Identification (LID)  based) y patterns across all four languages.
0 . .
i-\ector Model Accuracy 85:7A) Goo_d_ baseline performance but less robust in
noisy conditions.
0 .
w-Vector DNN Accuracy 94.1% Best performance, highly robust across accents

Speech Recognition

(ASR) Whisper

(WER)

Word Error Rate

DeepSpeech (WER)

Word Error Rate

and variable audio quality.

7.5% Highest robustness and accuracy across clean
and noisy inputs.

11.3% Reliable on clean audio; performance
decreases under noise.
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Component Model / Method Key Metrics
Machine Translation .
(NMT) MarianMT BLEU Score
Google Translate BLEU Score

System Efficiency End-to-end Pipeline

(RTF)
Usability &

User Evaluation Satisfaction

Quialitative

Real-Time Factor

Result Summary

38.2 Produces coherent translations with good
semantic preservation.

42.5 Best translation quality, highly fluent output
across languages.

0.83 Faster than real time, suitable for live
applications.

Users reported high clarity, intuitive interface, and
stable multilingual performance.

Model Accuracy

Model Loss

— Train
Validation

— Train
Validation

Figure 6. Performance Evaluation Graph

Table 1 shows how well the system performed in
identifying languages, recognizing speech, and
translating text. The x-vector model achieved the
highest accuracy for language identification, followed
closely by the CNN model. The i-vector model
performed the lowest among the three, especially with
noisy audio. For speech recognition, Whisper produced
fewer errors than DeepSpeech, meaning it understood
spoken words more accurately. In the translation stage,
Google Translate achieved the highest BLEU score,
indicating better translation quality than MarianMT. The
system also worked faster than real time, as shown by a
Real-Time Factor of 0.83. User feedback indicated that
the system was easy to use and provided precise and
reliable results.

3.2 Discussion

The results indicate that integrating advanced speech
processing techniques with CNN-based LID and
modern ASR/NMT architectures can yield a highly
efficient multilingual communication system. The
performance of the CNN and x-vector models validates
the effectiveness of deep learning approaches in
capturing  language-specific  acoustic  signatures.
Furthermore, the successful integration of ASR and
translation demonstrates the feasibility of building end-
to-end multilingual pipelines capable of real-time
deployment.

A key finding is that feature-rich representations, such
as MFCCs and spectrograms, significantly improve
model accuracy. These features allow the system to
differentiate between tonal and non-tonal languages,

handle diverse prosodic patterns, and adapt to varying
acoustic conditions. The combined quantitative and
qualitative evaluations highlight that the system not only
performs well in controlled settings but also maintains
stability in more realistic speech environments.

3.2.1 Implications

The study’s findings carry several important
implications for both research and real-world
applications. First, the ability to accurately identify and
translate spoken language in real time offers substantial
benefits for multilingual communication, particularly in
healthcare, education, tourism, and customer service.
Systems based on the proposed approach can help
bridge language gaps in critical contexts where
misunderstandings may have serious consequences.

Second, the successful integration of LID, ASR, and
NMT demonstrates the potential for unified speech-
processing frameworks that reduce computational
redundancy and increase efficiency. This integrated
design can support deployment on mobile and
embedded platforms, expanding accessibility for users
in resource-limited settings. Lastly, the results suggest
that deep learning-based language identification systems
can be extended to additional languages with minimal
reconfiguration, supporting scalable solutions for global
communication.

3.2.2 Research contribution

This study contributes to the field of multilingual speech
processing in several ways. First, it provides a
comprehensive end-to-end framework that unifies
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preprocessing, feature extraction, language
identification, speech recognition, and translation into a
single operational pipeline. Second, it empirically
compares classical and deep learning-based LID models
within the same experimental environment, offering
valuable insights into their relative strengths. Third, the
study demonstrates how advanced ASR and NMT tools
can be integrated with LID models to create functional
multilingual applications, providing a replicable
blueprint for future research.

Additionally, the inclusion of multiple evaluation
metrics accuracy, BLEU, RTF, and qualitative human
assessment allows for a multidimensional understanding
of system performance. This holistic evaluation
approach enhances the credibility of the findings and
may serve as a reference for future speech-processing
research.

3.2.3 Limitations

Despite promising results, the system has several
limitations. Performance remains highly dependent on
the quality of the input audio, meaning microphone
variability, background noise, and inconsistent
recording environments may reduce accuracy. The
dataset, although multilingual, does not fully represent
dialectal variations within each language, limiting the
model’s generalizability in regions with substantial
accent diversity. Furthermore, instances of code-
switching where speakers alternate between languages
within a single utterance pose a challenge for the LID
component, which currently assumes monolingual input
per segment.

In terms of translation, while BLEU scores and human
assessments indicate acceptable quality, subtle cultural
nuances and idiomatic expressions are not always
captured accurately. Lastly, computational complexity
may be a barrier for deployment on low-power devices
without further optimization.

3.2.4 Suggestions

Future research should consider expanding the dataset to
include a broader range of dialects, accents, and
spontaneous speech to improve model robustness.
Incorporating noise-augmentation techniques during
training may also strengthen system performance under
real-world conditions. To address code-switching,
hybrid models capable of segment-level or frame-level
language detection could be developed.

Improvements to the translation module could involve
fine-tuning NMT models on domain-specific datasets to
capture contextual subtleties better. Additionally,
optimizing the computational pipeline through model
pruning, quantization, or edge-friendly architectures
would support real-time deployment on mobile devices.
Finally, future work may explore coupling the system
with intelligent chatbots or multimodal interfaces that
combine speech, text, and visual inputs for more
advanced human machine interaction.

4. CONCLUSION

This study presented a comprehensive multilingual
framework that integrates speech analysis, automatic
language identification, speech recognition, and machine
translation into a unified system. By combining advanced
preprocessing techniques with feature-rich
representations such as MFCCs and spectrograms, the
proposed architecture demonstrated strong performance
across English, Spanish, French, and Mandarin speech
inputs. The evaluation of deep learning models
particularly CNN and x-vector approaches showed that
these methods effectively capture distinctive acoustic and
phonetic patterns, enabling accurate and robust language
identification even under varied recording conditions.

The incorporation of state-of-the-art ASR models,
including Whisper and Deep Speech, enabled reliable
transcription of spoken language, which was further
transformed through neural machine translation to
generate contextually meaningful output. Translation
accuracy, as evidenced by BLEU scores and human
evaluation, confirmed the pipeline's viability for real-
time multilingual communication. Overall, the system
successfully demonstrates that integrating LID, ASR, and
NMT within a single processing chain can significantly
enhance efficiency, reduce error propagation, and
support  scalable applications in  multilingual
environments.

The findings highlight the practical potential of this end-
to-end system for various domains such as healthcare,
education, customer service, and cross-border
communication, where trust, clarity, and immediacy are
essential. Although limitations remain particularly
related to dialect diversity, noise sensitivity, and code-
switching the framework provides a solid foundation for
future enhancements. Continued research into dataset
expansion, domain-specific translation models, and
computational optimization will further improve system
robustness and real-world applicability.

This work contributes a validated, efficient, and scalable
approach to overcoming language barriers through
intelligent speech processing. It paves the way for more
inclusive and accessible multilingual technologies that
can support global communication in increasingly
diverse digital ecosystems.
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