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ABSTRACT Article information:
This research aims to develop a robust Application Program Interface
(API)-Based Arti�cial Intelligence (AI) system for e�ective noise removal
from audio signals, enhancing speech quality and intelligibility in noisy
environments to be fed into di�erent AI models to assess the applicant
interview. The proposed methodology combines sophisticated signal pro-
cessing techniques and noise reduction algorithms with AI models trained
on clean voice data and noise patterns. To achieve this goal, we lever-
age two key components: the Wiener �lter and a Convolutional Neural
Network (CNN). The Wiener �lter serves as the foundational noise reduc-
tion technique, exploiting statistical properties of the signal and the noise
to suppress unwanted noise components e�ectively. Concurrently, CNN
is integrated to classify the clean and noisy audio. In this research, the
best optimizers selected, including Adam, SGD, RMSprop, Adagrad, and
Adadelta are evaluated to identify the most suitable classi�cation. The op-
timizers evaluated through cross-validation and hold-out validation in the
same batch size (25) and epoch (25) were used. The study demonstrates
that the Adam optimizer yields the best results. The epoch was optimized
to 35, 75, 105, and 125 and epoch of 105 was selected with accuracy of
99.52%, Recall of 100%, F1-Score of 99.50%, and ROC_AUC of 99.99%
for cross-validation while Accuracy of 98.79%, Recall of 99.21%, F1-Score
of 98.81%, and ROC_AUC of 99.54% for hold-out validation, signi�cantly
improving AI model performance. Lastly, we ensured the batch size pa-
rameter was suitable for our model by tuning it with di�erent settings (25,
50, 75, and 125) using the optimized optimizer and epoch. The batch size
of 25 yielded the best accuracy. The modeled CNN also included kernel
regularization L2 to avoid over�tting.
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1. INTRODUCTION

Business Process Outsourcing (BPO) is a subset of
outsourcing in which the operations and responsibil-
ities of a certain business process are contracted out
to a third-party service provider. One example of the
BPO industry is the �Call Center,� where the mode of
communication is through calls dealing with clients.
According to the 2022 Outsourcing Performance Re-
port of Outsource Accelerator (OA), a marketplace
for the BPO industry, call centers in the Philippines
ranked �fth. The country received a disproportionate
share of outsourcing-related inquiries�3.81 percent
of all inquiries indicating that international compa-
nies were considering locating their back o�ces in the

Philippines. Hiring is continuous to recruit the best
applicants so that the company can satisfy the job
requirements, where skills must be needed to demon-
strate their communication skills and attitude to be
on top of the list. Call centers are very diligent in se-
lecting their candidate employees to satisfy the needs
of their clients. The hiring process traditionally takes
months for the entire process before deploying the ap-
plicant and depends on the company's training pro-
gram; this is because, after the interview process and
applicant selections, the company will conduct train-
ing to develop the skills and assess again for the �nal
judgment of hiring. The issue that this method re-
vealed will cause the applicant's cost and hiring pro-
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cesses to be delayed. Several companies in this in-
dustry embracing artificial intelligence, believing to
address the issues and expenses. Thus, the poten-
tial of artificial intelligence significantly impacted the
company in selecting the applicants without delaying
the deployment, bias, and cost reduction. The whole
process will change embarking on the new technol-
ogy that AI brings. However, our research is focused
on an API pipeline that will give a robust method
to eliminate noise from audio. A major barrier to
successful speech recognition and the best possible
performance of AI models in audio data processing is
noise. Different kinds of noise, like background noise
and environmental factors, can deteriorate the qual-
ity of audio signals and cause mistakes in recognition
systems when transcribing the audio to text. Thus,
a critical aspect of this study involves using auto-
mated transcription systems to convert audio inter-
views into text for fair and consistent applicant grad-
ing. To assess the impact of noise, we transcribed
audio samples without applying a Wiener filter, re-
vealing significant errors. Researchers analyzed these
samples to identify misspelled words and noise pres-
ence, laying the groundwork for developing robust
noise mitigation methods to enhance transcription ac-
curacy. This process included using a speech recog-
nizer to convert speech to text and thoroughly review-
ing the transcriptions for noise-induced errors. The
suggested method employs a Convolutional Neural
Network (CNN) model to accurately detect the pres-
ence of noise in audio samples and real audio data.
The problem of applying AI in the proposed system
is the integrity and quality of the audio from the ap-
plicant where the system should accurately clean and
detect the presence of noise before transcription of
audio to text. Hence the researcher introduced an in-
novative approach, and processing this problem in an

API is suitable. Our research endeavors to devise a
resilient innovation for efficaciously eliminating noise
from audio signals, hence augmenting speech quality
and comprehensibility. The main objectives are to
optimize the noise detection model, develop an effi-
cient Wiener filter for noise removal, and explore the
integration of multi-model processing for enhanced
speech analysis. The suggested approach uses noise
reduction methods in concurrence with sophisticated
signal processing techniques to recover audible speech
from noisy audio settings. Wide-ranging effects may
result from the effective use of this technology in sev-
eral industries, including voice assistants, call centers,
and audio analytics applications. By tackling noise
interference in speech recognition, this study has the
potential to greatly increase AI models’ performance
and reliability in noisy audio situations. This re-
search introduces the detection of noise from audio
using CNN and cleaning through a Wiener filter be-
fore transmitting into different systems that the au-
dio will use for the assessments as shown in Figure 1.
This research project aims to develop an innovative
noise detection and removal methodology for improv-
ing speech quality in audio data processing.

2. REVIEW OF RELATED WORKS

The adoption of Artificial Intelligence nowadays is
vastly looking for the opportunity to leverage its ap-
plication. One of the industries is call centers wherein
many researchers look for opportunities and change
the traditional process of hiring applicants [1-2]. In
this way, the cycle time of the hiring process will be
lessened, and accurate without any bias during the
assessment and cost reduction [3]. Various studies
have been conducted on the automation of the re-
cruiting process, including studies on emotion and

Fig.1: The Proposal System API of Noise Cancellation.
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auditory cues where the pre-emphasis approach is em-
ployed, the size of certain frequencies, and how P (n)
is amplified based on other frequencies to increase
the total signal to noise ratio (SNR) [4] and using
natural language processing and machine learning [5]
in overcoming the noise in audio with audio API to
address the issue of speech enhancement and tran-
scribing text from audio is very challenging, there
is various study on Audio API and suppressing the
noise, and [6] discussed from their research the au-
dio nodes (Audio nodes) allowing audio processing
to follow a certain flow. API for Web Audio offers
a resource for de-creating applications for interactive
music and sound in Web Audio XML [7]. Microsoft
Speech API and Google Cloud Speech API were intro-
duced to address the challenge of speech [8-9]. AEC
research has advanced significantly with the ICASSP
2022 Acoustic Echo Cancellation Challenge, which in-
troduces mobile scenarios, a 48 kHz audio standard,
and a novel speech recognition measure. The chal-
lenge encourages cooperation and assessment by pro-
viding open-source large datasets, an online subjec-
tive test framework, and an objective metric service.
The average Mean Opinion Score and speech recog-
nition of the word accuracy rate are used to decide
the winners [10]. However, different research stud-
ies introduced noise reduction, speech enhancement,
and Wiener Filtering noise. N. Alamdari et al. devel-
oped an application for noise reduction using an un-
supervised noise classifier that used Wiener filtering
for noise reduction and was specifically designed to
automatically adjust to various ambient backgrounds
and speaker configurations in N-HANS architecture
[11]. Thus, the study used two equivalent neural
networks composed of stacks of residual blocks, each
of which is trained on extra speech- and noise-based
recordings using auxiliary sub-networks [12]. The far-
end user must be able to hear this noise and mute
it without impairing the speaker’s speech. Because
non-stationary noise from the background eludes typ-
ical algorithms’ detection and suppression, it nega-
tively impacts the far-end user’s experience with the
quality of call audio. Through the implementation of
real-time noise reduction in the sender-side browser,
this study aims to increase portability [13]. More-
over, there are techniques for filtering the noise using
a Wiener filter. Kumar et al. (2020) developed an ef-
fective Wiener filter and used it in conjunction with
a digital hearing aid, a real-valued fast Fourier trans-
form (FFT), and a real-valued inverse FFT processor
to reduce noise [14]. One method for lowering back-
ground noise is a wiener filter, which determines the
wiener gain using SNR before and after filtering. The
Modified Noise Reduction Method (MNRM) is an in-
novative approach to reducing feedback noise [15].
On the other hand, research introduced audio classi-
fication, robust sound event categorization, and noise
using Convolutional Neural Networks (CNN). To ac-

count for brief secondary path delays and reduce noise
ratio, a fixed-filter noise canceling system employing
a convolutional neural network (CNN) classification
algorithm was proposed. CNN noise cancellation im-
proved the signal-to-noise ratio (SNR) by 2.3 dB over
the adaptive LMS approach. To cancel noise in time-
varying systems a frequency-domain noise categoriza-
tion and coefficient selection approach is proposed
[16]. There have been various studies on the clas-
sification of noise using CNN [17–19].

However, despite these advancements, there is a
notable gap: the limitations of existing Wiener filter
and CNN research in evaluating the quality of audio
transcriptions to identify noise presence in real-world
data. This study aims to fill this gap by focusing
on the transcription accuracy of audio quality in the
presence of noise using the gathered applicant audio
data. We trained our CNN models with clean and
noisy audio data to enhance transcription accuracy,
thereby addressing the real-world challenges of noise
in audio-to-text conversion.

In summary, we observed a research gap in the
specific application of enhancing API-based AI mod-
els in noisy audio environments. Furthermore, the
absence of comprehensive evaluation methodologies,
limited exploration of novel noise removal techniques,
and a narrow scope of real-world applications further
contribute to this gap. To address these shortcom-
ings, this study seeks to establish a strong and spe-
cialized technique. that effectively addresses noise re-
moval challenges encountered by API-based AI mod-
els in noisy audio environments, thereby contributing
to the advancement of noise reduction techniques and
the optimization of AI model performance. Thus,
the successful implementation of this methodology
will lead to significant advancements in noise removal
techniques, contributing to more accurate and reli-
able AI models in noisy audio environments, and ben-
efiting applications such as call centers, voice assis-
tants, and audio analytics.

3. METHODOLOGY

This paper proposes a complete approach for eval-
uating audio data in noisy contexts to improve API-
based AI models. Our method combines signal pro-
cessing techniques and Convolutional Neural Net-
works (CNN) to enhance noise removal efficiently.
Initially, the audio data is preprocessed, where it is
divided into smaller chunks using mel-spectrogram
representations from the Librosa library. By apply-
ing a Wiener filter to these chunks, researchers suc-
cessfully obtain cleaner noise versions, effectively mit-
igating the impact of noise. Audio chunks are clas-
sified into ‘raw data’ (with noise) and ‘clean noise’
(applied Wiener filter) classes using a CNN model
with 1551 mel-spectrogram images on each categor-
ical class. The training and testing data set of each
categorical classification split 80% and 20%. As a
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Fig.2: Audio data cleaning through Wiener Filter.

result, in the cross-validation set, we utilized 2481
images for training and 621 images for testing. The
hold-out validation set used 2232 images for training
and 249 images for testing. To enhance the model’s
generalization capabilities, data augmentation tech-
niques like random rotation and horizontal flip are
employed. The researchers adopted a Stratified K-
Fold cross-validation strategy, ensuring robust eval-
uation and validation of the model’s performance.
Hence, an essential aspect of our research involves
the assessment of various optimizers, namely Adam,
SGD (Stochastic Gradient Descent), RMSprop (Root
Mean Square Propagation), Adagrad, and Adadelta.
In addition, it evaluated the learning curve to assess
for overfitting on selected optimizers, and optimized
epochs, and by conducting a comprehensive compar-
ison where it aims to identify the most suitable opti-
mizer and epoch for our specific audio data analysis
task, one that maximizes noise removal efficacy while
maintaining model efficiency. To evaluate the effec-
tiveness of our approach, it employs multiple met-
rics, including accuracy, F1-Score, recall, and ROC
AUC. These metrics provide a comprehensive view
of the model’s performance. In a separate testing
set, it was used to validate the trained CNN model
through hold-out validation as illustrated in Figure
4. Our research significantly contributes by improv-
ing API-based AI models by enhancing noise removal
in audio data. The evaluation of different optimizers
provides valuable insights, aiding in optimal Hyper-
parameter selection and model fine-tuning, and the
selection of the best optimizers, optimized epoch, op-
timized batch size, and learning regularization (L2)
were implemented. Ultimately, our work promotes

the development of more efficient audio analysis sys-
tems for API-based AI models and advances noise
reduction approaches in real-world applications.

A. Data Collection

The audio data used in this study was obtained
from an outsourcing call center provider. The col-
lected audio data consists of various audio calls and
data collected in two months (August to September
2023) where collected data was gathered in different
calls within the province of Nueva Vizcaya, Philip-
pines. These audio calls serve as the primary dataset
for conducting the proposed study and developing
the methodology for effective noise removal from au-
dio signals. The use of a two-month timeframe for
data collection adds temporal depth to the dataset
capturing potential trends in audio patterns through-
out that period. This temporal component is impor-
tant for understanding different noise in audio sig-
nals changes from different applicants’ background
environments, which influences the effectiveness of
noise reduction procedures. These audio calls serve
as the foundation of the study, providing the basic
dataset for the development and testing of the sug-
gested methodology for a successful noise reduction
from audio signals.

Hence, using audio data from an outsourcing call
center provider serves as a strong foundation for per-
forming a comprehensive study on noise reduction
from audio signals, ensuring that the research find-
ings are relevant and applicable to real-world appli-
cations.

B. Signal Processing

The audio data is loaded from the specified direc-
tory, and each audio file is divided into smaller chunks

Fig.3: Transcribed audio to text.
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Fig.4: Noise presence time frame from 36 to 38 seconds – misspelled word.

with a window size of 2 seconds and an overlapping of
50% (1 second), for each chunk, the mel-spectrogram
representation is calculated using the Librosa library,
which converts the audio signal into a visual represen-
tation. A Wiener filter is applied to obtain a clean
noise version of the chunk, which helps to denoise the
audio signal where mel-spectrogram representations
of the raw data and clean noise chunks are saved as
images for further analysis (Figure 2). With this ap-
proach, we have collected 3102 Mel-spectogram im-
ages.

C. Wiener Filter
One critical aspect of this study is the reliance

on automated transcription systems to convert au-
dio interviews into text format and it is crucial for
fair and consistent applicant grading. However, noise
prevalent in call center environments poses a signif-
icant challenge to achieving high-quality audio-to-
text transcription. Originating from environmental
factors, cellphone microphone interference, and sig-
nal transmission distortions, this noise degrades au-
dio signals, leading to transcription inaccuracies and
potentially erroneous applicant grading. To evalu-
ate noise’s impact, audio samples were transcribed
without applying a Wiener filter, revealing significant
transcription errors due to noise, as depicted in Fig-
ure 3, while Figure 4 illustrates the time frame of
noise presence. Researchers audited these samples
to identify misspelled words and analyze noise pres-
ence, laying the groundwork for developing robust
noise mitigation methods to enhance transcription
accuracy from applicant audio sets. This involved
initializing a speech recognizer and processing each
audio file to convert speech to text. Furthermore, a
thorough review of these transcriptions revealed mis-
spelled words due to noise interference.

D. CNN Model for Classification Structure
he images of the raw data and clean noise mel-

spectrograms are used as inputs with dimensions of
224 x 224 pixels to a Convolutional Neural Network
(CNN) model for classification. The CNN model ar-
chitecture includes Convolutional 2D (Conv2D) lay-

ers for feature extraction, MaxPooling2D layers to
downsample, and Dense layers for classification, as
illustrated in Table 1 and Figure 5.

D.1 Conv2D Layer 1

The Conv2D layer is composed of a kernel size of
3 x 3, padding of 0, strides of 1 x 1, and filters of
32. The calculated output dimension for height and
width is 222 x 222.

Formulas:

Outputheight =
(

inputheight−kernelheight+(2×padding)

stride

)

Outputwidth =
(

inputwidth−kernelwidth+(2×padding)
stride

)
Substituting in the values:

Outputheight =

(
224 − 3 + 2 × 0

1

)
+ 1 = 222

Outputwidth =

(
224 − 3 + 2 × 0

1

)
+ 1 = 222

Param =kernelheight × kernelwidth × inputchannels
× outputchannels + outputchannels + 1

Parameters = 3 × 3 × 1 × 32 + 32 = 320

Substituting in the values:

Thus, the Output Shape is (None, 222, 222, 32) with
320 parameters.

D.2 MaxPooling2D, Layer 1, and Dropout Layer 1

The MaxPooling2D Layer 1 and Dropout Layer 1
don’t have trainable parameters and the output shape
results are the same (None, 111, 111, 32) with a pool
size of (2 x 2). The calculated output dimension for
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height and width is 111 x 111.

Formulas:

Outputheight =

(
inputheight
pool size

)

Outputwidth =

(
inputwidth

pool size

)
Substituting in the values:

Outputheight =

(
222

2

)
= 111

Outputwidth =

(
222

2

)
= 111

Thus, the Output Shape is (None, 111, 111, 32) with
no trainable parameters.

D.3 Conv2D Layer 2

The Conv2D layer is composed of a kernel size of
3 x 3, padding of 0, strides of 1 x 1, and filters of
64. The calculated output dimension for height and
width is 222 x 222.

Formulas:

Outputheight =
(

inputheight−kernelheight+(2×padding)

stride

)

Outputheight =

(
111 − 3 + 2 × 0

1

)
+ 1 = 109

Outputwidth =

(
111 − 3 + 2 × 0

1

)
+ 1 = 109

Thus, the Output Shape is (None, 109, 109, 32) with
18,496 parameters.

Param =kernelheight × kernelwidth × inputchannels
× outputchannels + outputchannels + 1

Parameters = 3 × 3 × 32 × 64 + 64 = 18, 496

D.4 MaxPooling2D Layer 2 and Dropout Layer 2

The MaxPooling2D Layer 1 and Dropout Layer
1 don’t have trainable parameters, and the output
shape results are the same (None, 54, 54, 64) with a
pool size of (2 x 2). The calculated output dimension
for height and width is 54 x 54.

Formulas:

Outputheight =

(
inputheight
pool size

)

Outputwidth =

(
inputwidth

pool size

)
Substituting in the values:

Outputheight =

(
109

2

)
= 54

Outputwidth =

(
109

2

)
= 54

Thus, the Output Shape is (None, 54, 54, 64) with
no trainable parameters.

D.5 Flatten Layer

The flattened dimension consists of 186 rows and
624 columns. The estimated output flatten layer pro-
duced a vector of 186,624, which is represented as
(None, 186,624). Where the flattened output size
equals the spatial dimensions multiplied by the num-
ber of channels.

D.6 Dense Layer 1 and Dense Layer 2

Dense Layer 1 has 128 output units, where the
previous layer’s input units are 186,624, for a total of
23,880,000. The Dense Layer 2 contains one output
unit, while the input layer from Dense Layer 1 is 128,
for a total parameter of 129.

Dense Layer 1:

Param = (inputUnits)× (outputUnits)+(outputunits)

Fig.5: CNN model Architecture.
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Param = 186, 624 × 128 + 128 = 23, 880, 000

Dense Layer 2:

Param = (inputUnits)× (outputUnits)+(outputunits)

Param = 128 × 1 + 1 = 129

In Summary, the CNN model architecture processes
clean and noisy images with the shape of 224 x 224
and a grayscale image through CNN and pooling lay-
ers, gradually decreasing the spatial dimensions. The
Conv2D layers capture features, while Max Pooling
layers downsample the data. The dropout layers in-
troduce regularization, and the Dense layers at the
end perform the classifications. As a result, the CNN
model architecture may capture intricate patterns
and characteristics in the image classification class.

Table 1: CNN Model Summary.
Model: Sequential

Layer (type) Output Shape Param ]
conv2d (25, 222, 222, 32) 320
max pooling2d (25, 111, 111, 32) 0
dropout (25, 111, 111, 32) 0
conv2d (25, 109, 109, 64) 18496
max pooling2d (25, 54, 54, 64) 0
dropout (25, 54, 54, 64) 0
flatten (25, 186624) 0
dense (25, 128) 23888000
dense (25, 1) 129
Total Param: 23,906,945
Trainable Param: 23,906,945
Non-trainable Param: 0

E. CNN Model for Classification Structure
The flowchart illustrates a methodology for en-

hancing API-based AI models in noisy audio environ-
ments. It involves signal processing steps, including
Mel-spectrogram computation, and Wiener filtering,
to obtain clean noise versions of audio chunks. The
processed data is then used to train a CNN model for
classifying audio chunks in ‘raw data (with noise)’
and the ‘clean noise’ categories as shown in Figure 6.

4. RESULTS AND DISCUSSION

In this study, the researcher conducted a statisti-
cal evaluation of audio samples to assess the indepen-
dence of variables representing noise and clean noise.
The results revealed a significant difference in the
signal-to-noise ratio (SNR) between the two variables,
emphasizing the importance of advanced algorithms
for effective noise separation [20]. The signal-to-noise
ratio is a measure used to quantify the level of desired
signal relative to the level of noise. It is defined by
the following formula:

Fig.6: Methodology Framework.

Formula:

SNR = 10 log10

(
Psignal

Pnoise

)
Where Psignal represents the average power of the sig-
nal, and Pnoise represents the average power of the
noise.

The box plot clearly illustrates the differences in
the SNR values between clean and noise signals, with
the clean signal having a wider range and potentially
lower SNR values compared to the noise signal as
illustrated in Figure 7.

Fig.7: SNR values between the clean and noise sig-
nals.

Statistical Treatment using Independent T-test:
The statistical treatment involves performing an

independent t-test to compare the means of Clean
SNR and Noise SNR. The t-test will determine if
there is a significant difference between the two
groups to be evaluated.
1] Problem Statement:

The problem is to assess whether Clean SNR and
Noise SNR are independent and have distinct charac-
teristics. The goal is to determine if the noise signal
is stronger compared to the clean signal, and if there
is a significant difference in the signal-to-noise ratios
between the two groups.
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2] Formulate Hypothesis:
2.1] Null hypothesis (H0): there is no significant

difference between the means of Clean SNR and Noise
SNR

2.2] Alternative hypothesis (H1): there is a signif-
icant difference between the means.
3] Confidence Level = 0.95

Significance Level = 0.05
4] Basic Assumptions:

4.1] Independence: Each group’s observations are
independent of one another.

4.2] Normality: The distribution of data in each
group follows a normal distribution.

4.3] Homogeneity of Variance: The variances of
Clean SNR and Noise SNR are equal.
5] Statistical Significance:

Higher negative values indicate a poorer signal-to-
noise ratio, and a lower quality of the intended signal
compared to the noise level. The Clean SNR and
Noise SNR have negative values, indicating that the
noise signal is stronger than the clean signal. The
bigger standard deviation for Clean SNR compared
to Noise SNR suggests that the Clean SNR values
are more variable, indicating a wider range of signal-
to-noise ratios in the clean signal. The calculated
means of Clean SNR and Noise SNR are reasonably
exact, as indicated by reduced standard errors, which
measure the accuracy of the estimated mean values
as shown in Table 2.

Table 2: Summary of Mean, Standard Deviation,
and Standard Error.

Standard Standard
Mean Deviation Error

Clean SNR -98.829 24.961 1.949
Noise SNR -66.099 16.945 1.323

The result of the Independent T-test, there is a
considerable difference between the means of Clean
SNR and Noise SNR, as indicated by the t-statistic
of 13.8928014 and the extremely low p-value (7.90E-
35). The cleaner signal may have a wider range of
signal-to-noise ratios because the Clean SNR Vari-
ance (623.054471) is greater than the Noise SNR Vari-
ance (287.1440707). These data, combined with 164
degrees of freedom in Table 3, provide strong statis-
tical evidence that Clean SNR and Noise SNR are
independent and have distinct properties.

Table 3: Statistical Summary.
t-statistic 13.892
p-value 7.90E-35
Clean SNR Variance 623.054
Noise SNR Variance 287.144
DF 164

6] Practical Significance

The significant difference in signal-to-noise ratio
and the higher variability observed in the clean signal
compared to the noise signal have important practical
implications. These findings highlight the need for ef-
fective noise reduction techniques and signal process-
ing methods to improve the signal quality and system
design in the specific application. Thus, by address-
ing the significant disparity in SNR, it becomes evi-
dent the presence of noise degrades the desired signal,
emphasizing the importance of advanced algorithms
capable of effectively separating the desired signal
from the noise. Additionally, the higher variability
in clean signal SNR values underscores the need to
account for different signal conditions and develop ro-
bust system designs capable of handling varying noise
levels.

Throughout the evaluation, the CNN model un-
derwent multiple tests using different optimizers, and
epochs to optimize the best accuracy was evalu-
ated in hold-out validation results. The evaluation
approach included training and testing the model
with an 80%-20% split, performing 10-fold cross-
validation, and employing hold-out validation tech-
niques. These rigorous evaluations contributed to the
proposed project’s success in noise removal in API-
Based AI Models.

The CNN model employs a variety of optimizers
and evaluates them using cross-validation and hold-
out validation. The findings show that Adam out-
performs other optimizers, achieving an accuracy of
96.37%, recall of 92.86%, F1-Score of 96.29%, and
ROC AUC of 99.97% for cross-validation, and accu-
racy of 97.26%, recall of 94.65%, F1-Score of 97.08%,
and ROC AUC of 99.93% for hold-out validation.
RMSprop trails closely behind, while Adagrad fares
poorly. The evaluation metrics, including accuracy,
recall, F1-Score, and ROC AUC, are presented in Ta-
ble 4, confirming Adam’s superiority as the most ef-
fective optimizer for the given batch size and epoch
duration.

Moreover, the epoch was optimized, and select dif-
ferent epoch values like 35, 75, 105, and 125 were
and epoch 105 was selected with an accuracy of
99.52%, Recall of 100%, F1-Score of 99.50%, and
ROC AUC of 99.99% for cross-validation while Accu-
racy of 98.79%, Recall of 99.21%, F1-Score of 98.81%,
and ROC AUC of 99.54% for hold-out validation, sig-
nificantly improving AI model performance as illus-
trated in Table 5. Also, the confusion matrix resulted
in a true positive of 319 as clean and correctly pre-
dicted as clean while a false positive of 3 is incorrectly
predicted as clean. On the other hand, the true neg-
ative of 299 is noise and correctly predicted as noise
while the false negative 0 indicates no incorrect pre-
dicted as noise (Table 6).

In summary, the classifier describes that the model
is performing well with high True positives, and True
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Table 4: Evaluation of Optimizers Cross Validation and Hold-out Validation.

Table 5: Evaluation of Optimizers Cross Validation and Hold-out Validation.

Table 6: Confusion Matrix.

negatives, and very low False positives, and False neg-
atives, and the selected optimizers and epoch have
been optimized to achieve good metrics that can pre-
dict the noise and clean noise in API-based as pro-
posed.

To assess the created model, we thoroughly evalu-
ated training accuracy and validation accuracy, learn-
ing rate curve, and Receiver Operating Characteristic
Area Under the Curve (ROC AUC) curve to assess if
the model is overfitting (Figures 8, 9, 10). On the
plotted figures, the training accuracy and validation
accuracy are significantly learning without any over-
fitting as observed, despite the learning curve result-
ing in the validation loss being larger than the train-
ing loss, this will not result in overfitting with a small
gap. Additionally, the ROC AUC curve resulted in
100% hold-out validation indicating a perfect classi-
fier. The model is not overfitting, as evidenced by the
training and validation sets of results that indicate a
small gap even in the learning curve loss. In addition,
to ensure that a batch size of 25 is suitable for our

model, we evaluated and optimized different batch

Fig.8: The training accuracy and validation accu-
racy.

sizes (25, 50, 75, and 125) as shown in Figure 11. It
was found that a batch size of 25 yields the best accu-
racy of 99.77% and a validation accuracy of 98.54%.
The batch size of 50 converged at epoch 9 with an ac-
curacy of 50.43% and a validation accuracy of 50.81%.
A batch size of 75 resulted in an accuracy of 99.64%
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Fig.10: Learning curve (Training loss and Valida-
tion loss).

Fig.11: ROC AUC Curve (Hold-Out Validation).

and a validation accuracy of 98.39%, while a batch
size of 125 achieved an accuracy of 98.97% and a val-
idation accuracy of 98.79%, respectively. This fine-
tuning used the optimized optimizer, Adam, and an
epoch of 105.

The audio set sampled from the applicant was rig-
orously analyzed to identify the noise affecting the
transcription accuracy, as shown in Figure 12. The

researchers identified the background noise impact-
ing the audio quality without using the Wiener filter
and corrected the misspelled word using the Wiener
filter. The comparison between the original audio
(without the Wiener filter) and the enhanced audio
(with the Wiener filter) demonstrates a significant
improvement in transcription accuracy. In the origi-
nal audio, noise interference caused the transcription
to incorrectly capture the word “ghost” instead of
“goals.” However, after applying the Wiener filter,
the enhanced audio accurately transcribes “goals,”
showcasing the filter’s effectiveness in reducing noise
and improving clarity. This enhancement not only
results in more coherent and contextually accurate
transcriptions but also underscores the importance of
noise reduction techniques in ensuring the reliability
of AI models that rely on such data. Improved tran-
scription accuracy is crucial for various applications,
including automated interview assessments, call cen-
ters, and voice-activated systems, where understand-
ing spoken words correctly is essential. Overall, this
enhancement highlights the benefits of integrating
traditional signal processing methods with modern
AI to achieve superior performance in noisy environ-
ments.

The implementation of CNN was done using Spy-
der Python and it was trained and tested on a com-
puter equipped with an 11th Gen. Intelr CoreTM i7
processor, and a GeForce RTXTM 3060 Laptop GPU
with 6GB GDDR6.

5. CONCLUSION

This research has successfully developed an effec-
tive noise removal from audio signals, significantly en-
hancing the speech quality and intelligibility of API-

Fig.9: Batch Size Optimization with L2 regularization (25, 50, 75, and 125).
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Fig.12: Applying Wiener Filter.

based AI models in noisy audio environments and by
combining advanced signal processing techniques, in-
cluding Short-Term-Windowing, SFFT, and Wiener
Filter functions with Convolutional Neural Networks
(CNNs), the proposed methodology effectively sep-
arates clean speech from unwanted noise compo-
nents. The evaluation of various optimizers, including
Adam, SGD, RMSprop, Adagrad, and Adadelta, re-
vealed that the Adam optimizer outperforms others,
and optimized the epoch, providing the best results.
The utilization of data augmentation techniques fur-
ther enhanced the model’s generalization capabilities.
The statistical evaluation of audio samples demon-
strated a significant difference in the signal-to-noise
ratio (SNR) between clean and noise signals, em-
phasizing the need for robust noise removal tech-
niques to address varying noise levels effectively. The
successful implementation of the methodology holds
great promise for real-world applications, particularly
in call centers, voice assistants, and audio analyt-
ics domains. Overall, this research contributes to
the advancement of noise reduction techniques in AI
models, fostering optimized performance in noisy au-
dio environments and improving AI model reliability
and signal quality, the proposed methodology opens
new avenues for enhancing communication, automa-
tion, and human-computer interaction fields, unlock-
ing the potential for innovative speech-based appli-
cations and services. In conclusion, the innovation
of noise removal techniques in real-world, noisy envi-
ronments significantly enhances the performance and
reliability of API-based AI models, paving the way
for more efficient and accurate speech recognition and
audio data processing.

In future research, we aim to investigate advanced
signal processing techniques, explore alternative fea-
ture representations, validate robustness with diverse
datasets, develop real-time noise removal algorithms,
and further enhance the noise removal effectiveness
in audio data processing. Techniques such as spec-

tral subtraction, adaptive filtering, noise estimation
algorithms, and hybrid Long Short-Term Memory
(LSTM) algorithms are integrated to classify a noisy
and clean audio signal. Current research acknowl-
edges certain limitations. The effectiveness of noise
removal heavily relies on the quality and size of the
training dataset, which may impact the model’s per-
formance when dealing with rare or specific noise pat-
terns. Despite this limitation, research provides a
foundation for effective noise removal in audio data
processing, contributing to the innovation of robust
solutions for enhancing speech quality and intelligi-
bility in noisy audio environments.
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