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Abstract: The stigma of depression and mental illness is growing everywhere in the world and this is the reason why
the moves are on to come up with diagnostic tools, which would be rapid, efficient and consistent. The framework
suggested in this study is a state-of-the-art technic to infer patient-specific data on therapy-patient dialogs to fill a
knowledge gap that existing diagnosis solutions are unable to cover. The proposed signal processing scheme,
Patient-Specific Audio Extraction Pipeline (PSAAP) enhances input to the Machine Learning (ML) of mental illness
detection. The method locates and measures non verbal acoustic features such as the pitch, the intensity, and the
Mel Frequency Cepstral Coefficients (MFCCs) that play a crucial role in the determination of mental good health.
Noise reduction, speaker diarization, silence deletion as well as other samples of preprocessing are implemented on
DAIC-WOZ dataset to maintain quality of audio and sound. In this code, speech characteristics which are
instrumental in such diagnosis have been retained so that the depression symptom described by monotony, slow
speech and low variability of pitch can be analyzed precisely. The quantitative findings are demonstrated in the
framework and signal-to-noise ratio (SNR) is augmented by up to 16 dB compared to the existing methods. The
method allowing the practitioner to make a sound and clinically pertinent evaluation since separating patient-specific
variables of the voice and removing therapist feedback makes assessment trait-centered and dependable. The main
argument in favour of this one is that it possesses the quality to be applied in the extraction of patient speech
framework in general since the patient can find such opportunity to be helpful in the mental healthcare examination
and also in the circumstances where the computing capabilities are poor.

Keywords: Mel-frequency cepstral coefficients (MFCCs), Short time Fourier transform (STFT), Distress analysis
interview corpus - wizard of Oz (DAIC-WQZ), Discrete cosine transform (DCT)

1. Introduction

Depression is one of the most prevalent mental
disorders defined recently by deficient emotional
regulation, persistent low mood and depressed interests,
impaired concentration ability, and possibly suicidal
thoughts [1]. More than 322 million people suffer from
depression worldwide, and this scenario is witnessing a
blood-curdling upward trend in prevalence [2]. It has
been recognized by World Health Organization (WHO)
as the fourth biggest cause of disability and may reach
second position in the ranking by 2030 [3]. The prevailing
technigues for measuring psychiatric pathology remain
largely subjective through the methods utilized
traditionally including patients' verbal account, reports of
known individuals on their behavior and experiences,
and mental states [4]. But it usually needs a large
quantity of professional expertise as well to support.
Some of the key issues faced in the context of the
advanced mental health framework for patient voice

extraction in precision assessment are related to the
ability to identify the effect of various emotional and
psychological components among non-homogeneous
and complex patient voice data. Since patient data may
exhibit varying speech, accent, and tone during the
conversation, model credibility may be at stake. Small
sample size of datasets and the presence of imbalance
classes add more challenges to the models. Privacy and
ethical issues [5] as regard to handling patient data also
require utilization of excellent measures to enhance the
privacy of data. Also, there are some context factors
including background noise and overlapping speech
which interferes with the extraction of features. These
issues can be best addressed through source analysis
of signals, fusing information from different modalities,
and maintaining high ethical standards [6].

Voice is considered one of the primary biometric
markers in mental health and provides crucial
information about a person's emotional and
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psychological states [7]. Although text or written
responses would not reveal such subtle cues, voice
does—it can give impressions with regard to or underlying
mental health issues; with aspects such as tone and
pitch and a person's speed of speech as well as pauses,
these elements indicate a mood and state of mind. For
instance, in depression speech is slower, more
monotonous, and less variable in tone-traits which vocal
analysis can objectively measure [8]. Non-verbal
information might complement traditional assessment
techniques to give a better view of the patient's mental
health condition. One of the important characteristics of
assessing mental health using the voice is that it serves
as a non-intrusive accessible, and continuous monitor.
Unlike time-consuming physical and psychological tests,
voice analysis may easily be included in everyday
interactions by a passive monitoring that would not even
disturb the patient's daily schedule [9].

In depression detection tasks involving
conversational data, isolating the patient’s voice from the
therapist’s is essential. Conversations between a patient
and a therapist are rich with verbal and non-verbal
information, but when both voices are analyzed together,
the presence of multiple speakers can distort critical
depression-related indicators. Therapist contributions
such as prompts, questions, or affirmations add
emotional nuance that does not represent the patient’s
mental state [10]. This isolation of the voice of the patient
will render the analysis more concentrated and specific
and it is so that the depression symptoms including the
tone or the rate of speech can be better estimated
without interference of some other voice. Elimination of
noise and silence is important to achieve separation of
speakers of good quality. This form of recording
environment i.e., ambient/equipment noise results in this
form of background noise that tend to present artefacts
in voice feature extraction [11].

The removal of silence helps in eliminating
unwanted intervals in the speech which would otherwise
be distractive to the speech being delivered. These
preprocessing are helpful in removing any ambiguity to
the voice of the patient and giving the downstream
analysis a better faithfulness as the noisy aspects of the
signal have been discarded [12, 13]. As a hypothesis to
the study presented, there is an attempt at identifying the
method of retrieval and isolation of the voice of a patient
in a two-party dialogue. The targeted extraction to
indicate that the voice features of the patient in terms of
intonation, rates of the voice, voice pauses is applied
only in the consideration of the depression signs and not
of the voice of the therapist. The solitude of the voice of
the patient will enable us to gain a more realistic and
unadulterated statement of the psyche of the patient in
such a way that we have a condensed analysis of the
patient that will probably give us true insights into his
level of depression [14,15].

1.1 Literature Review

A comparative analysis of literature on speech-
based depression detection and related techniques is
presented in Table 1.

2. Methodology

The approach employed in the detection of
depression as depicted in figure 1 is the six step machine
learning procedure to identify depression through audio
information. It begins with the process of data collection
involving the patient voice and demographics.
Thereafter the audio is polished off by eliminating noise
and separating relevant speech. In extracting features,
MFCCs come into play in order to describe the vocal
qualities. Such features are utilized when training the
model where EfficientNet determines how to define
depression. Such metrics as accuracy and precision are
applied in the performance evaluation stage of the model
to determine efficiency of the model. In the event the
results are not optimal a feedback loop will be adopted
in refining the model. This official procedure will ensure
consistency and versatility in detecting depression which
is based on the aspect of speech analysis.

2.1 Patient-Specific Audio Extraction Pipeline
(PSAAP) Framework

The patient speech extraction methodology
based on DAIC-WOZ dataset is applied, which includes
audio interactions of therapists with patients necessary
to perform diagnostics of mental health. This included
the step of preprocessing methods i.e. noise reduction,
speaker diarization, and silence suppression before
achieving feature extraction on basis of STFT and MFCC
[16] to design a strong framework of audio tests on
patient-specific basis. This entire framework steps are
discussed as below.

2.1.1 Data Collection

DAIC-WOZ [14] dataset is an important resource
among mental health research studies and especially
studies on the identification of depression through the
analysis of speech. First introduced by the University of
Southern California Institute for Creative Technologies,
this dataset was created to help researchers access a
rich audio-visual corpus for studying the distress
conditions while keeping an emphasis on depression.
The DAIC-WOZ dataset captures audio and video
recordings of interviews conducted with participants and
the virtual interviewer named Ellie [17]. Interviews were
conducted in a Wizard-of-Oz setup where the responses
given by the virtual agent were controlled by human
interviewers who were behind the scenes. Figure 1
illustrates the experimental setup.
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Table 1. Summary of Key Literature on Speech-Based Depression Detection and Related Techniques

world applications

Reference Study Focus Area Methodology Key Findings Identified
Reference Limitations
Wang et al. Depression CNN + GAN Achieved high Lacks real-world
(1] (2020) recognition from accuracy using data variability
audio deep learning on
voice signals
WHO (2017) Global Epidemiological Provided baseline | Not technical; lacks
[2] depression Report for global mental ML relevance
statistics health status
Solieman & Multimodal Text + Voice Improved Requires large
[3] Pustozerov depression Feature Fusion detection using labeled datasets
(2021) detection multimodal inputs
Lietal. Depression SVM, RF, Feature Compared Limited
4] (2019) detection via ML Engineering different feature generalizability to
generation clinical settings
methods
Ravi et al. Speech-based Speaker Improved both Model complexity
5] (2024) depression Disentanglement privacy and increases
detection with accuracy in deployment time
privacy detection
Shinichi Stress evaluation Voice Stress Demonstrated Lacks ML
[6] (2015) from voice Analysis voice as a non- integration; basic
invasive indicator statistical models
Chetty et al. Brain tumor Image Processing Reviewed MRI Not directly related
7] (2017) segmentation Survey segmentation to depression/audio
(reference techniques
framework)
Zhao et al. Vocal biomarkers | Acoustic Feature Found significant Cross-sectional
[8] (2022) of depression Analysis vocal indicators of design, not
depression longitudinal
Furer et al. Speaker Random Forest- Improved Specific to
9] (2020) diarization in based Diarization diarization for psychotherapy; not
psychotherapy therapy session depression per se
analysis
Huang et al. Voice-based Voice Pre-training | Achieved superior Data privacy and
[10] (2024) depression Models results with pre- generalizability
detection trained speech concerns
encoders
Low et al. Review of speech Systematic Identified trends Mostly review; lacks
[11] (2020) in psychiatric Review and challenges in experimental
diagnosis speech-based analysis
diagnostics
Gratch et al. DAIC-WOZ Human-computer Established Dataset lacks multi-
(2014) Corpus interview design benchmark language support
[12] Development dataset for
depression
detection
Sun et al. Speech Diarization Discussed Does not offer
[13] (2022) diarization in Techniques applications in implementation
health analytics Review health monitoring metrics
Williamson Speech Multi-Speaker Improved Not specific to
[14] et al. (2016) separation in Recognition recognition in depression
noisy complex scenarios
environments
Ao et al. Universal speaker | USE-D Algorithm State-of-the-art Focus is broader
[15] (2024) diarization diarization for real- | than mental health
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Depression Detection Methodology

|'||§ Data Collection

Gathering audio and
demographic data

Reducing noise and isolating
patient voice

@ Feature Extraction

Audio Refinement

Computing MFCCs for voice
analysis

Training EfficientNet with audio
features

Model Training é‘f"“' |

Assessing model accuracy and
precision

Refining model based on
performance

Iterative Feedback 8

Figure 1. Methodology

This method resulted in natural conversations,
semiformal, while simultaneously ensuring uniformity of
the interview format across all the participants. The
interviews within the dataset last typically between 7 and
33 minutes, averaging about 16 minutes for each
interview. The available data are available in four forms:

1. Audio Recordings: High-quality  audio
recordings of interviews, sampled at 16 kHz.

2. Transcripts: Detailed transcripts with timings of
the discussions.

3. Depression Scale: Scores of the Patient Health
Questionnaire-8 for each participant providing
standardized measurement of depression.

4. Basic Demographic Information: For each
participant, basic demographic information.

This dataset contains a total of 189 audio files.
Figure 2 and Table 2 gives a summary of the description
of the dataset.

2.1.2 Audio Refinement and Speaker Isolation for
Targeted Voice Analysis

Patient voice extraction is core part of the
framework and the flow is shown in Figure 3. First,
through background noise reduction, the ambient
sounds and the irrelevant noises in the raw audio file are
minimized. This first step is important because it
enhances the clarity and quality of the patient's voice,
which makes further analysis easier. After noise
reduction, speaker diarization is applied to identify and
label the various different speakers in the conversation.
Post diarization, segmentation and silence removal are
done to better refine the audio.
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Figure 2. Data Collection Setup

Table 2. Dataset Summary

Total number of files

189 files

Sampling rate

16,000 Hz

Data type

Audio recordings, transcripts, PHQ-8 scores, demographic information

Average Interview Duration

16 minutes (range: 7-33 minutes)

Audio file format

wav

Key Applications

Depression detection, emotion recognition, mental health assessment

Main Challenges

Limited sample size, class imbalance, contextual factors

Background
Noise
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Minimi bient
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290 2240 0

Silence
Removal

il 0

Removes pauses
and non-verbal parts

Audio
Reassembly
Combines retained

segments into a
coherent output

Figure 3. Flow of Patient Voice Extraction
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Segmentation broke the audio into tangible
segments, and silence removal removed pauses, non-
verbal parts, and kept only relevant audio segments for
further processing. In the next step, segments where the
patient was speaking were identified using the
diarization labels and retained for proper reassembly to
a coherent output of the patient's voice. This final output
represented the extracted patient audio that can then be
used for further analysis.

2.1.2.1 Background Noise Reduction

The background noise reduction process in this
methodology leveraged Spectrogram analysis and
Spectral Gating [18] to isolate and reduce unwanted
background noise while preserving the primary speech
signal. Figure 4 illustrates the calculated noise profiles
for the first three seconds of the respective audio files,
providing a visual representation of the baseline noise
characteristic.

Figure 5 shows the steps for background noise
reduction. This output represented the cleaned version
of the original audio, with the unwanted noise reduced
and the primary speech signal preserved.

Each frequency bin in the spectrogram was
evaluated against the noise profile, and a decision was
made whether the frequency should be considered part
of the signal or as noise. If a frequency component's
energy was at or below the noise threshold, it was
considered noise and was attenuated and frequencies
that exhibited significantly higher energy were preserved
as part of the primary signal. The attenuation factor for
the noise components was set at 30 dB, a value that was
sufficient to substantially diminish unwanted noise
without affecting the integrity of the signal. After the
noise reduction had been applied to the spectrogram,
the modified spectrogram was then converted back into
the time domain. This was achieved using the Inverse
Short-Time Fourier Transform (Inverse STFT), which
reconstructed the cleaned audio signal by reversing the
transformation process applied in the STFT. The Inverse
STFT took the adjusted spectrogram, including the
reduced noise components, and synthesized a time-
domain audio signal. Table 3 provides a concise
summary of the background noise reduction results,
showing initial noise energy, the amount of noise
reduced, and the overall reduction percentage,
demonstrating the effectiveness of the applied noise
reduction techniques.

na as Ln 1=
T 50

-+
i

Figure 4. Noise Profile Sample representation of DAIC-WOZ

Audio File

A 4

STFT Generation

A 4

Generate Noise Profile

. 4

Soft Masking + Spectral Gating

AV

Inverse STFT

v

Background Noise Reduced

Figure 5. Steps for Noise reduction
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Table 3. Noise Energy Reduction

Parameter Description Metric/Calculation DAIC-WOZ
Dataset Value
Initial Noise Total noise energy before Sum of noise power over the entire
. . 75-85 dB
Energy processing. duration.
Reduced Noise Total noise energy removed Energy @fference post and pre-
. processing. 30-40 dB
Energy after processing.
Where:
e Energy pre: Noise energy
Reduction Percentage of noise energy before processing.
: 50-60 %
Percentage (%) removed. o Energy post : Noise energy
after processing.

Transforming Raw Audio inte Spectrograms

Raw Audio Input Preprocessing

Moise removal and
amplitude normalization

Collection of raw audio
signals

|"”||CI~%

Fast Fourier
Transform (FFT)
Computation

Framing &
Windowing

Division inte frames and

Tirne to frequency domain application of windowing

transformation

STFT Spectrogram
Generation

Creation of STFT
spectrogram

STIT: 307 AUOIO merr Tk 15 swisnin)

Figure 6. a) Steps to compute STFT spectrogram, b) STFT spectrograms Sample representation of DAIC-WOZ

STFT is used as shown in Figure 6a, to
transform audio signals into time- frequency
representation for the analysis of frequency content
change. It provides a detailed view of both temporal and
spectral features, required for detecting small changes
between the real and synthetic speech. Its concise
representation of the signal's frequency and temporal
information makes it suitable for image-based
classification models.

The steps for computing the STFT from an audio
signal in shown in figure 7. The spectrogram in Figure
6b, shows time on X- axis, frequency on the Y- axis, and
intensity as colour or brightness. STFT of first 15s of
audio files from dataset.

2.1.2.2 Diarization

To identify which speaker is the patient, speaker
diarization [19, 20] is applied to the entire audio file.
Diarization segments the audio based on speaker
changes and labels each segment with a speaker ID

such Speaker 1, Speaker 2 and so on. The audio is first
converted into features that are suitable for clustering.
Features considered for diarization here include MFCCs,
STFTs, chroma features, spectral contrast, zero-
crossing rate, RSME and Pitch. The audio is segmented
into small windows of 30ms with an overlap of 10ms for
each window, then features were extracted from each
segment. These small windows are then clustered into
groups that likely correspond to different speakers using
K-means clustering. The goal of clustering is to group
audio segments where the speaker remains the same.
After the audio has been segmented and clustered, each
segment is assigned a label (e.g., Speaker 1, Speaker
2). These labels are the diarization output, indicating
which speaker was talking during each segment. Since
there are only two speakers (therapist and patient), the
most frequent speaker ID is assigned to the patient label,
based on the assumption that the patient speaks more
consistently than the therapist. Figure 8 illustrates the
steps to identify and label various speakers in an audio
file, of a conversation recording.
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Input: Audio signal. Frame length NNN, Overlap MMM, Window function w(m)w(m)w(m) (e.g.,
Hanning), Fourier Transform function FT

Process:
Frame Segmentation of continuous audio signal x(t)x(t) is divided into overlapping frames of length
NN, with an overlap of MM samples:
xn(m) = x(m+nH),m=01,..,N—-1x,(m)=x(m+nH), m=01,..,N—-1
where HH is the hop size (frame shift), NN is the frame length, and xn(m)x, (m) represents the
segmented frames
A window function w(m)w(m), such as the Hanning window, is applied to each frame:
xnw(m) = xn(m) - w(m)xy (m) = x,(m) - w(m)
where the Hanning window is given by:

2mm
w(m) = 0.5(1 —cos(2mmN — 1)),0 <m < Nw(m) = 0.5 (1 — cos (N — 1)), 0<m<N

This step smooths the edges of each segment and reduces spectral leakage.
The Discrete Fourier Transform (DFT) on each frame is applied to convert the time-domain signal
nto the frequency domain:
N-1
Xn(k) = Z m = ON — lxnw(m)e — j2nkm/N,k = 0,1, ..., N — 1X,,(k) = Z xW(m)eJ2mkm/N |
m=0
=01..,N-1
where Xn(k)X,(k) represents the frequency components of each frame. Magnitude]
Spectrum Extraction is absolute value of each frequency component is computed to obtain the
magnitude spectrum:

X0 = [Re(X, 00" + Im (¥, )’

This discards phase information and retains only the intensity of each frequency component.
Short-Time Fourier Transform (STFT) Spectrogram formation is the magnitudes from all frames are
stacked to construct the STFT spectrogram, a 2D time-frequency representation:

N-1
S, ) =l Z m= 0N — 1lx(m)w(m —t)e —j2nfm | S(t,f) = ‘Z x(m)w(m — t)e J2Hm
m=0

where S(1,f)S(t, f) represents the STFT spectrogram with time tt and frequency ff.

Output: STFT Spectrogram S(t, f)S(t, f)S(¢t, f) for further processing

Figure 7. Short-Time Fourier Transform (STFT) Pipeline for Audio Signal Processing

Audio File (Segmentation)

[

Windowing

7

Feature Extraction

A 4

K-Mean Clustering

7

Labelled Segments

vy

Speaker Labelled Audio Segments

Figure 8. Steps for Speaker Labelling
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Table 4. Diarization for Labeling

Parameter

Description of Value

Number of Speakers Detected

2 (Interviewer and Participant).

Accuracy (%)

89% (depending on speaker overlap).

Error Types

Misclassification of overlapping speech.

Processing Time

~2-4 seconds per minute of audio.

Table 4 presents a concise summary of the
speaker diarization system implemented to distinguish
between the patient and therapist in audio recordings.

2.1.2.3 Silence Removal

The objective was to identify and categorize
segments of audio with speech versus silence. The
audio signal was processed using small window frames
with a step size of 20 ms. Windowing ensured that the
audio was divided into manageable segments for
efficient analysis (Table 5). For each frame, its potential
for sound activity was determined by checking its energy
level. If the energy was below some threshold, it was
treated as silence. To distinguish between genuine
speech pauses and background noise, a smoothing
window of 1.5 seconds and a weight threshold of 0.2
were applied. The smoothing window enabled
considering the neighbouring frames when the question
of whether a given frame contains speech or not was
made, thereby lowering the chances for misclassification
of very short speech pauses as silence.

The threshold of weight is used to modify the
sensitivity of the silence detection process, such that it
removes the frame if the energy level of the frame is
constantly lower than the threshold. This combination of
parameters allowed cleansing the silence from the audio
while preserving the natural pauses during speech.
Audio pieces returned only the parts of the audio
signalled as relevant speech thus improving the quality
of the resulting data for analysis. It also ensured that the
speech preserved was noise-free background sounds or
irrelevant silences, thus allowing the model to receive
the patient's voice in a more direct way for further
processing in the depression detection model.

2.1.2.4 Patient Voice Summarization & Extraction

In the last step of the pipeline depicted in the
figure 9, all segments detected as containing patient
speech are checked according to the diarization output
against the patient’s label.

Interfering background noise and talkers’
speech from other participants including therapists are
also excluded. The resultant sound is then normalized to
avoid low amplitude in further analysis and make the
sound waves to have equal amplitudes. The framework

for extracting patient audio is based on patient’s speech
isolation from a conversation. The process starts with
noise elimination process thus the quality of the audio
input is considered clean. Diarization is then used in the
next step for speaker labeling to guarantee the
segmentation of the patient’'s voice. Next fragments
consisting of speech only are obtained after checking an
identified speech segment to eliminate noise and keep
only the patient’s voice. Validated segments are then
combined into one large waveform that is representative
of the patient’s voice during a session, while eliminating
all background noise and other speakers. Some of the
more sophisticated procedures, which are standard in
the approach, are Short-Time Fourier Transform (STFT),
clustering, and MFCC. STFT looks at how a frequency
changes over time, groups similar patterns which could
be different speakers, and MFCC emulates human
auditory perception but is only concerned with critical
speech frequencies. These combined methods
guarantee perfect separation and analysis of auditory
features, which are important in special uses such as
mental disorders diagnosing and speaker recognition.
The outcome is sound that is uniform, easily understood,
and appropriately preprocessed for other uses in
diagnostic and research applications. This method
focuses on accuracy in the identification and extraction
of patient voices to improve external processes, such as
mental health evaluations. Table 6 outlines the
effectiveness of patient-specific segment identification in
recorded sessions.

3. Method for
Discrimination

MFCC-Based Speaker

Acoustic voice differences can discriminate
between speakers, such differences include pitch,
timbre, rhythm, and energy, among other acoustic
properties of the voice. Exposed feature representations
uniquely characterize speakers with their specific vocal
imprints. Clustering algorithms try to group together
segments that have similar feature vectors and, through
consistent audio profiles, assign parts of a conversation
to the proper speaker. By detecting shifts in patterns,
features such as zero-crossing rate, pitch, and energy
levels can indicate speaker changes, which the system
uses to mark segment boundaries and more accurately
assign continuous speech to the correct speaker.
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Table 5. Analysis on Silence Removal

Parameter Description of Value

Silence Duration | ~15-20% of the total recording time (depending on pauses).
Removed

Accuracy (%) 95%

Challenges Detecting pauses that carry emotional cues.

Processing Time | ~1-3 seconds per minute of audio.

Speaker Diarization (Segmentation & Clustering) involves clustering speech segments into
different speaker labels. Each frame of the audio signal is converted into feature vectors XiX;Xi,
and clustering is performed using K-Means or Gaussnan Mixture Models (GMMs):

C]—IIS]IZXLESJXU—IZ KCj = ZX,, j=12,..,KCj=|Sjl1Xi

| lles
€ SjZXi,j 212K
where:

e (jrepresentsthecentroidofcluster j
e Sjdenotes the set of feature vectors assigned to that cluster.
A feature vector XiX;Xi is assigned to cluster j if it minimizes the Euclidean distance:
Sj =Xi:ll Xi—Cj I 2 <l Xi — Ck Il 2,Vk # jS; = {X;: |1X; — Cj|* < |X; — Ci|%, VK # j}Sj = Xi:
I Xi—Cjll2<IXi—Ckll2Vkld=j
This ensures that speech segments with similar acoustic properties are grouped together,
aiding in distinguishing speakers.

Silence Removal use Energy-Based Voice Activity Detection (VAD) for determine whether a
frame contains speech:

N-1
En:Zm:ON—llxn(m)IZE,,: ZIxn(m)IzEn:mZOZN—l | xn(m) 12
m=0

where:
e EnE,Enis the short-time energy of frame nnn,
o xn(m)x,(m)xn(m) represents speech samples in frame nnn.
A threshold-based decision is applied:
Frame is speech if En > 6Frame is speech if E,, >\theta Frame is speech if En > 6
Alternatively, Zero-Crossing Rate (ZCR) is used for detecting unvoiced frames:

ZCRn = 1N — IZm = 0N - 21(xn(m)xn(m + 1) < 0)ZCR,

-
~¥—q Z 1(x,(m)x,(m+1) <0)ZCRn =N —11m
m=0
= OZ N —=21(xn(m)xn(m+1) <0)
where 1 is an indicator function counting sign changes in the signal. High ZCR indicates unvoiced
sounds or silence.

Patient Voice Summarization & Extraction use after silence removal, only voiced segments are
retained. The extracted voiced frames are concatenated

Y(©) = Z i = IMXi(OY(t) = Z X, @®Y(E) =i=1 z MXi(t)

where Xi(t)X;(t)Xi(t) are the individual vonced segments
A time-domain energy thresholding approach is applied:
Svoiced(t) = {S(t),if En > 0 0,otherwiseS _{"{voiced}}(t) = [{cases}S(t),&"{if }En
> 0\ 0,& "{otherwise} ] {cases}Svoiced(t) = {S(t),0,if En > fotherwise
This ensures that only speech segments above a certain energy level are retained.

Figure 9. Algorithm for Speaker Diarization, Silence Removal and Patient Voice Extraction

Table 6. Identification of Patient Segments

Parameter Description of Value

Patient-Specific Segments | ~50-60% of the total speaking time.

Error Rate (%) 4-8% due to overlapping voices.
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Step 1: Frame Segmentation & Wind owing

Step Z: Fourier Transform (FT)

frequency domain:

Step 3: Magnitude Spectrum Computation

Step 4: Apply Mel Filter Bank

filters is applied:

| Xnlk) | Hi(k)

Step 5: Log Compression

Step 6: Discrete Cosine Transform (DCT)

where:
& wiwgwi are the mixture weights,

labels

where s is the predicted speaker identity.

MFCC-Based Speaker Discrimination is to distinguish between different speakers:
Each frame is multiplied by a Hanning wind ow to minimize spectral leakage:
xnwim) = xnim) - wim)x¥(m) = xp(m) - wim)anw(m) = xnim) - wim)

where w(m)w(mw({m] is the Hanning window function.

The Discrete Fourier Transform (DFT) is computed to convert the time-domain signal into the

Xnilk) = Z m = 0N — 1xnwimle — j2ukm /N Xy (k) = Zh.r}‘;'{mje'i2“*""-"""’){”(4(] =im
= I.'JZ."." — lxnwimle — j2mlm/N
The magnitude spectrum is extracted by computing:

|
| Xn(k) I= Re(Xn(k))2 + Fm({Xn(k)) 2| Xg (k)| = \'IRE[XT;Ek:I]E + fm(XnEkJ]E | Xnik) |
= Re(Xn(k))2 + Im(Xn(k))2

To convert the frequency scale to a more perceptually relevant Mel scale, a series of triangular
Mn(i) = Z k=fi—1fi| Xn(k) | Hi(k)My(i) = Z Xplk)|Hik)Mn{il =k = fi—1 Z;z’

where HI{R)H {(k)Hi(k) represents the Mel filter weights.

Alogarithmic function is applied to mimic human auditory perception:
Inii)=log Mn{i)L,(i) = log M, (i)Ln(i) = log Mn(i)

The Discrete Cosine Transform (DCT) is applied to decorrelate the features:
K
; T
MFCC(n) = Zi =1KInl{ilcosn(i — 12)nK | MFCCin) = Z L, (i) co sln I:i ——) E‘ MFCC(n)

=i=1 Z Fin(ilcos|n(i — 21)Kx]

This results in a compact representation of speech features.

Speaker Classification using Ganssian Mixture Model (GMM ) is to classify spealier identities,
Gaussian Mixture Models (GMMs) are applied to the extracted MFCC features:
N

P(X|4)= Zi — IMWiN( X | i, Zi)P(X|1) = Zw[-_i'il'ljx ML EDP(X | A) =i

=1 Z MwilN (X | ui, Zi)

& i Kipg Epui, Bi are the mean and covariance of Gaussian components,
o NOX | pl FOONCX|pg EQNCX | i, i) is the Gaussian probability density function.

Speaker Labelling using Maximum Likelihood Estimation (MLE) is used to assign speaker

ssargmaxsP{X | Als)s=argmaxg P (X|Adg)s argsmaxP{ X | is)

N-1

=

fi

k=fi 1

1
2

Figure 10. Algorithm for MFCC-Based Speaker Discrimination

These features provide the diarization system
with clear vision into the variability of speakers ensuring
that there is proper separation and labelling of speakers
from even complex, multi-speaker audio files. The
process to compute MFCC is shown in Figure 8 and
discussed in this section.

Mel Frequency Cepstral Coefficients: MFCCs
are a widely recognized feature extraction technique in

the field of speech and audio processing. They represent
the short-term power spectrum of a sound, effectively
capturing the phonetic and perceptual aspects of audio
signals. The MFCCs are particularly valuable as it
decorrelates the features and compresses the most
significant information into a smaller number of
coefficients.
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Figure 11. Steps to compute MFCC
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Figure 12. Sample MFCC plot

This results in fewer features, reducing the
complexity and dimensionality of the input data for
machine learning models. The reduced size makes
MFCCs more efficient for classification tasks, especially
when data or computational resources are limited.

MFCCs are computed by applying a Discrete
Cosine Transform (DCT) to the log-scaled Mel energies.
Figure 10 illustrates the steps to compute MFCCs and
required number of coefficients can be chosen and
extracted as needed. MFCC_0 is often considered the
average log energy of the audio frame. Most of the
informative coefficients are from MFCC_1 - MFCC_12
as they extract the fundamental spectral properties
connected with the timbre and major formants of speech.
The coefficients from MFCC_13 to MFCC_39 capture
finer features of the audio spectrum like higher
frequency, which contribute to minute differences or
background noise.

Figure 11 shows the step to compute MFCC and
figure 12 shows the plot for first 40 MFCCs for the
extracted patient audio where, X- axis represents the

time as the audio proceeds, and the Y-axis contains the
first 40 MFCCs starting from 0 at the bottom to 39 at the
top.

4. PSAAP-EfficientNet Framework for
Depression Detection from Clinical Audio
Data

The flowchart in figure 13, illustrates a machine
learning pipeline for depression detection using audio
data. It begins with the DAIC-WOZ dataset, which
contains clinically labeled audio recordings from
interviews. These recordings are processed through the
PSAAP Framework, which cleans and refines the audio
by removing noise and isolating patient speech. The
resulting Extracted Patient Audio is converted into Mel-
spectrograms and fed into the EfficientNet Model, a
deep learning architecture optimized for image
classification. During Training, the model learns to
associate audio features with depression labels.
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Figure 13. Sample MFCC plot

The model's effectiveness is assessed in the
Performance Evaluation stage using metrics like
accuracy and precision. If the results are unsatisfactory,
the system loops back to retrain and refine the model.
Once performance is acceptable, the Final Output is
generated, providing a depression classification label
and confidence score. This iterative and structured
approach ensures reliable and adaptive detection of
depression from speech data.

5. Results & Discussion

In this framework of voice extraction, the
process involved several pre-processing steps, including
background noise removal, diarization and silence
trimming, which allowed for accurate segmentation and
extraction of the patient's voice of raw audio files.
Quantitative results from the extraction process indicate
that the patient’s speech was effectively isolated, with
minimal distortion or loss of important vocal features.

The extracted audio files, preserving key voice
characteristics, can be further processed for applications
such as depression detection. These preserved voice
features can serve as a basis for analysis, providing
valuable input for downstream tasks like emotion
classification, sentiment analysis, or behavioral health
assessment. Figure 14 displays plots of the original,
unprocessed audio files from the dataset. These
waveform plots provide a visual representation of the
variations in amplitude within the audio signals over time,
offering insight into the structural and acoustic
characteristics of the recordings. Here, amplitude-
essentially the strength or intensity of an audio signal-is
plotted against time, capturing fluctuations that reflect
changes in sound levels throughout each recording.
Large, consistent peaks in the waveform indicate
sections with more energy, which correspond to louder
or more emphasized portions, such as segments of
spoken dialogue. On the other hand, low-amplitude

regions of the period comprise smaller peaks or flat
regions in the waveform that indicate breaks or silence
or very quiet background noise. They are especially
supportive regions in pointing out natural breaks in
speech and quiet sections of the audio recording for
greater appreciation of the rhythmic flow of the
recording. For tasks such as speaker diarization and
segmentation, a silence or near-silence intervals are
needed because they help discriminate between various
audio segments and changes in the recording.

Figure 14(b) shows signal plots for the original
audio after applying the noise reduction.These plots
illustrate the processed audio waveform, highlighting the
impact of noise reduction on the overall clarity and
quality of the signal. In these plots, the amplitude of the
audio signal represents the intensity of sound at each
point in time, allowing for an assessment of the
effectiveness of the noise reduction process. By
attenuating unwanted background noise, the signal plots
reveal a smoother and more distinct waveform, with
reduced fluctuations that previously corresponded to
interference. Figure 14(c) presents an overlap plot
illustrating the audio signal for each file before and after
noise reduction. In this visualization, the grey line
represents the original audio signal, containing both the
speaker's voice and various background noise
elements, while the blue line represents the processed
audio signal following noise reduction.

The plot indicates that there is constant
background noise in the original audio. This was causing
sustained interference throughout all the recordings.
Soft masking was applied to reduce the noise from the
audio. Soft masking selectively attenuates frequencies
associated with noise while preserving the spectral
characteristics of the speaker's voice, thereby not risking
a distortion of audio signals. This approach, in particular,
preserves the quality of the speaker's voice signal
because it dampens less noise without sacrificing some
features necessary for the voice.
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Figure 14 (a) Plot of the original Signal (b) Plot of the Background Noise Removed Audio (c) Overlap Plot for
comparison (d) Plot of Patient Extracted Audio (e) Overlap of both the plots original vs extracted for Comparison

The overlap plot allows for a visual comparison
showing that the blue line, noise-reduced audio, closely
tracks the grey line, original audio, but with smoother and
more well-defined transitions. This indicates that the
process was highly successful in terms of reducing
background noises such that the signal from the audio
coming from the mic would have come out cleaner-
meaning the speaker's voice was clearer. This alignment
between the original and noise-reduced signals clearly
points out that the implemented soft masking
successfully masked the unwanted noise components
and preserved the targeted audio content and, therefore,
validates the effectiveness of the proposed technique to
enhance audio quality for analysis purposes. Figure
14(d) shows signal plots of the extracted audio which
contains only the patient’s voice.

Figure 14(e) presents an overlap plot comparing
each audio file with its corresponding patient-extracted
audio segment. In this overlap plot, the amplitude of the
audio signal, reflecting a measure of sound intensity at
every sample point is used. The blue line shows the
original, raw audio record with both voices of the
therapist and the patient, while the yellow shows the
audio part isolated in order to contain only the voice of
the patient. The sample index in the plot is represented
by the X-axis, allowing point-to-point comparison
between the two signals. This overlap is drawn along
sample indices and not along a time axis since the

lengths of the original and extracted audio files are not
the same. The actual patient audio extracted is therefore
shorter than the original recording, and so the two
signals are partially aligned. In the initial sections of the
plot, the overlap between the original and extracted
audio is visually apparent, with clear fluctuations in
amplitude corresponding to patient speech. However, as
the plot progresses, the signals diverge: the yellow line
(extracted audio) fades, and the blue line (original audio)
continues, reflecting segments where silences and the
therapist’s voice have been removed from the extracted
signal. This divergence in the latter part of the plot
highlights the selective removal of non-patient audio
components, emphasizing that the extraction process
effectively isolated the patient’s speech, while filtering
out non-target elements.

Diarization Error Rate (DER) is the
quantification of the accuracy of speaker diarization as
the ratio of incorrectly labeled time. It is computed to the
satisfaction in equation 1:

DER = Missed speech + False Alarm +
Speaker Error / (1)

Total Reference Speech Duration
Where:

Missed Speech:
reference but not detected.

Speech present in the
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False Alarm: Non-speech or incorrect speech
detected as speech.

Speaker Error: Speech attributed to the wrong
speaker.

Minor timing differences are taken into account
by a collar tolerance (usually 0.25 seconds). DER is
given as a percentage and a common measure in the
evaluation of systems of diarizing data and particularly
of datasets such as DAIC-WOZ.

In figure 15, the Diarization Error Breakdown
Chart as whoin displays a graphical visualization of
errors that are engaged in speaker diarization of the
provided dataset. It categorizes the errors in three
classes as mistakes in missed speech, false alarms and
speaker misclassification. The Bar duration (seconds)
denotes the number of error each of the types are ready
to give and helps in determining the areas of the
diarization process that must be addressed. Speaker
error, as well as the missed speech exemplified in the
passage, prove to be the most important, and hence,
issues with the adequate modal guidance of speech
blocks and the determination of all the speech emerge.
These include interlaced speech and stuttering of
speakers. This graph also warrants certain
breakthroughs that need to be made in PSAAP pipeline
and guarantees unavoidable optimization of cycles.

As given in equation in 1, SNR (dB) = 10 x log1o
(signal power + noise power), quantifying audio clarity by
comparing useful signal to background noise.

SNR (dB) = 10 - log10(Power of NoisePower of Signal
) @)

As figure 16 illustrates, the graph of SNR
distribution renders the signal-to-noise ratio in the range
of 187 audio files that obtained the results of post-
processing. It is presented as a histogram with the SNR
values with the mean of 23.95 dB indicated with a red
dashed line. The dispersion of values expresses the
usual deviation of 2.35 dB, and 95 relationships of the
confidence period stretch between 23.61 and 24.29 dB.
This plot is useful to evaluate consistency and reliability
of the audio developing process. The narrow dispersion
around the mean is indicative of consistent similar gains
within different samples, which makes the statement of
+16 dB increase over raw recordings true and proves the
PSAAP pipeline efficiency.

The figure 17 analysis by stage as set forth in
Table 7 that compares the Signal-to-Noise Ratio (SNR)
values pre- application and post- application of the
Patient-Specific Audio Extraction Pipeline (PSAAP)
method with the subsequent SNR improvement. When
using a PSAAP process, conceived to improve the
quality of audio transmitted in a situation of noise, the
SNR increases relatively by 16 dB. In the table, the pre-
processing SNR is approximately 8 dB, post-processing
SNR is 24 dB, and the huge improvement rate obtained
by using the PSAAP approach is mentioned. The above
illustrates the efficacy of the suggested approach in
enhancing the audio signal considerably, and explains
its prospectivity in the audio applications that require
individual patient attention.
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Figure 15. Diarization Error Breakdown Chart
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Distribution of Post-Processing SNR Across 187 Audio Files
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Figure 16. SNR Distribution Graph
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Figure 17. Result of SNR Comparison of Proposed Model (PSAAP) vs others

As shown by the bar chart in figure 16, post-
processing SNR is best among the works and the
improvement is greatest in PSAAP. The visual difference
between bars brings out the differences in performance
in the studies which helps in indicating the most useful
methods. The flow chart entitled, PSAAP-Based
Depression  Detection Using DAIC-WOZ and
EfficientNet provides an adaptive and well-organized
structure of machine learning to detect depression. It
combines PSAAP (Processed Speech Audio Analysis

Pipeline) with EfficientNet deep learning model in order
to process audio data of clinical interviews. It starts with
downloading the DAIC-WOZ dataset, one of the
established clinical validation of affective computing
benchmark datasets. It is a multimodal dataset (audio,
video, and text captured as part of a structured interview
between participants and a virtual interviewer). The
detection system input is in the form of audio records
named in terms of standardized depression scales, such
as PHQ-8 or PHQ-9.
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Table 7. Comparison of Signal-to-Noise Ratio (SNR)

Study Dataset Pre- Post- SNR Sample Results
Processing | Processing | Improvement | Size Comparison
SNR (dB) SNR (dB) (dB)
Pre- and post- | Custom -3dB, +3 4to 6 dB ~8t0 10 dB 26 Moderate
target cortical EEG-based dB participants | improvement,
processes speech-in- focuses on
predict speech- | noise task cortical
in-noise response rather
performance than pure SNR
[21] enhancement.
Speaker Synthetic ~15 dB ~20 dB ~5dB ~1,000 Limited SNR
Recognition datasets for samples improvement;
Using Pre- speaker demonstrates
processing recognition basic
Approaches enhancements
[22] for recognition
systems.
VPQAD [23] VPQAD: 15.35to 22.57 dB ~7 dB 50 High diversity in
Voice Pre- 45.22 dB (mean post- | improvement | participants | real-world
Processing SNR) scenarios but
and Quality lacks
Assessment multilingual
Dataset focus.
Automated FBI Voice ~12 to 50 ~16 ~4 10 10 186 test Moderate
speaker Database files improvements
recognition in focusing on real-
real world world
conditions: applications;
controlling the slightly lower
uncontrollable improvement.
[24]
Patient-Specific | DAIC-WOZ ~8 dB ~24 dB ~16 dB 187 files Best method
Audio among all:
Extraction Achieved
Pipeline highest SNR
(PSAAP)- improvement
Proposed (+16 dB) with
Method scalable
methodology.

Table 8. EfficientNet Model Performance Metrics

Metric Score
Accuracy 0.87
Precision 0.85
Recall 0.88
F1-Score 0.86

Int. Res. ]J. Multidiscip. Technovation, 7(5) (2025) 49-68 | 65




Vol 7 Iss 5 Year 2025

Raminder Kaur & Vikram Kulkarni /2025

a) ROC Curve
1.0 4
0.8 1
-
& 0.6
U
E
2
&£
o 0.4
=
0.2 4
0.0 = ROC curve (AUC = 0.96)
0.0 02 04 06 08 10

False Positive Rate

b) Training Loss vs. Epoch

0.9

0.8

Training Loss
o o
(=] ~
L

o
n
L

0.4 1

0.3 1

Figure 18. a) Training Loss vs. Epoch, b) ROC Curve

The quality of the annotations provided in the
dataset and its diversity of entries allows it to be a
suitable choice when training the models in mental
diagnoses.

The point where audio data is received is
followed by the PSAAP framework processing the data
through several steps of important preprocessing. These
are speaker diarization to capture patients only, noise
removal and silence removal to remove irrelevant audio
and segmentation and standardization to normalize the
data. The last step consists of transforming the cleaned
audio into Mel-spectrograms (or two-dimensional time-
frequency representations, made to be desirable to
convolutional neural networks (CNNs). Such
transformation improves the understandability of the
information contained in it and conditions it on deep
learning analysis. The product of PSAAP is an extracted
list of patient audio files, devoid of the speech and
background noise of the interviewer. Vocal biomarkers
of depression, like monotony, lack of energy, and
delayed responses, remain in these segments and these
markers can be used in ensuring right classification.
After this cleaning up of the data, said data is put through
a state of art CNN named EfficientNet that is
characterized by the aforementioned compound scaling
approach balancing on resolution, width, and depth.
EfficientNet is either trained (or fine-tuned with
pretrained versions (e.g. EfficientNet-BO to B7), to
classify the Mel-spectrograms as either depressed or
non-depressed (table 8). The model is trained to know
how to connect patterns in the spectra to labels as
depression during the training phase. To be generalized,
the dataset will be divided into subsets (for training,
validation and testing). The most important operations
are optimizing the loss function (e.g., cross-entropy),
backprop, gradient descent, and hyperparameter
optimization. The prevention of overfitting becomes
possible with such techniques as dropout, early
stopping, and data augmentation. To track the learning

process of the model, a training loss vs. epoch graph is
used, which demonstrates a steady decrease in the loss
on 10 epochs, pointing to the successful learning of the
model and convergence.At the end of the training
process, the model is performed using common
classification metrics as some results.

The combination of all of the measures is
available in a performance table and can be visualized
in a bar plot which indicates high predictive power of the
model. Further, the ROC curve is plotted to show a
trade-off between the value of the true positive rates and
the values of the false positive rates at different
thresholds. The curve is closer to the truth considering
the area under the curve (AUC) is higher which means
that this model is efficient in detecting the non-
depressed and depressed. Should the model obtain the
necessary levels of performance, the result is recorded
after the final output that has a predicted class label and
confidence measure. This can also be further applied
within research in a way where it can be interpreted and
also within practice like the use of telemedicine to screen
mental health remotely. However, should performance
levels not be adequate, the framework proposes that
there exists a closed loop iteration that is dubbed, in
case Accuracy is less. Such aloop will allow res stepping
back to the EfficientNet model and training steps to
further improve the performances. The potential issues,
such as absence of the data, over fitting, poor
preprocessing, or feature representation are solved by
tentative modification of the parameters, alteration of the
preprocessing, or the model architecture modification.

The effectiveness of the Algorithm correct
classification is assessed by the true positive rate
(sensitivity) as the false positive rates rise at the different
classification thresholds, and is also referred to as the
ROC (Receiver Operating Characteristic) curve as
shown in figure 18a. A perfect model would exhibit a
curve that would follow the top-left corner position and a
random model would follow the diagonal. The
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performance is quantified as area under the curve (AUC)
[2, 12] the closer this measure is to 1.0 the better the
discrimination. As the ROC curve in the case portrays,
there exists a large degree of predictive power of the
EfficientNet model because the model can distinguish
between persons with depression and non-depression
based on the audio feature option selected during the
clinical interviews. As may be seen in the training loss
vs. epoch graph shown in figure 18b, the model error
decreases going forward in time during learning based
on the input data. One entire pass through the training
data comprises one epoch. A constantly decreasing
curve that is inclusive of an incurring loss that goes on to
decelerate steadily as in this graph would indicate that
the model is doing a good job and is learning and
converging towards an excellent answer. Such a graph
will enable monitoring the training process and revealing
such issues as overfitting (when the loss reaches
stagnation or begins to increase). In this case, the model
steadily performs better and therefore, this can be
deemed to show that the training is stable and the model
will become more precise in each iteration.

5. Conclusion

In the proposed research, a signal processing based
approach to isolate the audio signals of a particular
patient occurring in a therapist-patient talk channel is
presented and this is an essential step towards
developing mental health diagnostics embedded into the
raw audio signal recording made by the patient. In
comparison with the existing methods, which only act on
Al, the described framework is clear and would be
interpreted productively, which covers the gap of
efficiently represented non-Al approaches to complex
conversation cases. Based on pitch, intensity and STFT-
MFCC acoustic parameters, method retains the non-
verbal information that is not appropriate in
transcriptional based analysis but highly significant in
clinics. The other involved technique is the step-wise
audio improvement that is done in the steps of removal
of background clatter to upper leg the audio, diarization
of the speakers so that the efficiency of the descent is
augmented, and the elimination of silence, which
preserves the psychologically significant pauses. This
whole process results in the last step of a high quality,
consolidated patient audio file that is optimized down
streams. The resulting clean audio is then run through
the pre-trained model built with efficientnet that has
already shown a decent performance in its classification-
87% accuracy, 85 precision, 88 recall and 86 F1-score.
These measurement values confirm the effectiveness of
the model to recognize depression using Mel-
spectrograms with the use of patient speech. The
strength of the model is further proved by the ROC curve
that has a high AUC and a steadily plunging loss during
training situation.Not only has this integrated system
maintained the integrity of speech and its diagnostic
value but it has better prepared it to be used in machine

learning. It puts the material at the disposal of traditional
audio processing and the modern area of mental health
diagnostics. A scalable, interpretable and summary
solution to clinically applicable data. It is possible to
extend this framework in the sense of tonal variations,
accents and in real time processing and so help to
further generalizability of this framework across diverse
settings and to other populations.
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