
Abstract—The  paper  proposes  a  custom  system  for  auto-

matic voicemail detection designed for production-grade call/

contact center environments. The detection problem is formu-

lated as a binary classification task, where the objective is to 

distinguish live speech from a recorded voicemail message. The 

proposed system is based on a two-level hierarchical audio sig-

nal  windowing  structure  combined  with  dominant  spectral 

component  extraction using  the  Discrete  Fourier  Transform. 

The extracted feature representation serves as input to a multi-

layer perceptron performing binary classification. The system 

was designed for telephone recordings sampled at eight kHz. 

Experiments were conducted on a dataset  of  7.321 authentic 

telephone recordings from a production contact center. A sys-

tematic search over filtering threshold parameters yielded 56 

experiments. The best accuracy of 93.35% was achieved using a 

small window threshold of 1.5 and a large window threshold of 

0.1. The results confirmed the effectiveness of the proposed ap-

proach and highlighted the role of filtering parameters in clas-

sification accuracy.

Index  Terms—voicemail  detection,  call/contact  center,  Dis-

crete Fourier Transform, spectral feature extraction, hierarchi-

cal windowing, multilayer perceptron.

I. INTRODUCTION

N RECENT years, interpersonal communication and cus-

tomer service have increasingly relied  on various com-

puter-based systems.  A particularly prominent  role  in  this 

context is played by call/contact center (CC) systems, whose 

presence is  strongly visible  across  numerous business  do-

mains,  including marketing, sales, and debt collection [1]. 

These systems are also gaining increasing significance in the 

medical domain [2].

I

The highly competitive market in which these systems op-

erate demands their continuous development. Advances are 

evident across many areas, including automatic speech tran-

scription methods [3], voicebots and chatbots [4], emotion 

recognition methods dedicated to CC systems [5], [6], and 

multi-label classification of text messages [7], [8].

In CC systems, outbound traffic plays an important role 

[9], as its efficiency directly translates into key performance 

indicators (KPIs) such as the number of successfully com-

pleted calls,  customer satisfaction levels,  and the cost  per 

contact  [10],  [11].  In  many outbound campaigns,  particu-

larly those related to debt collection activities, a significant 

operational challenge arises from calls going unanswered by 

the called party.  In such cases,  the call  is  forwarded to a 

voicemail system, effectively making the contact attempt re-

source-intensive but inefficient [12]. Therefore, its essential 

to detect as early as possible that the call has been answered 

not by a live person, but by a voicemail system. The ability 

to distinguish between a live caller and a recorded voicemail 

greeting  determines  how the  system  handles  the  ongoing 

call. The call may either be transferred to a consultant for a 

live conversation or discarded as voicemail contact. This has 

a direct impact on consultant efficiency and service quality. 

The  detection  of  Interactive  Voice  Response  (IVR)  mes-

sages and voicemail greetings goes beyond classical Voice 

Activity Detection (VAD), requiring dedicated methods ca-

pable  of  distinguishing  voicemail  messages  from genuine 

customer contact [13]. Such solutions are referred to as An-

swering Machine Detection (AMD), and their presence be-

comes critical in these scenarios.

Despite the practical significance of this issue, voicemail 

detection has not yet received sufficient attention in scien-

tific  literature.  The  number  of  publicly  documented  algo-

rithms is limited, and the solutions deployed by CC system 

vendors in production environments are generally not dis-

closed [14]. An additional constraint is the nature of quality 

audio using in call centers which are standardly sampled at 

eight kHz. This significantly reduces the available spectral 

resolution and renders speech processing techniques devel-

oped for high-quality audio suboptimal in this environment.
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The primary contribution of this work is the proposal of a 

custom two-level hierarchical audio signal windowing struc-

ture as the basis for feature representation in a binary classifi-

cation task. While signal analysis is a well-studied field, the 

application of two-level temporal windowing as a direct input 

representation for a Multi-Layer Perceptron (MLP) classifier 

in the context of voicemail detection in telephone recordings 

has not been previously investigated. An additional contribu-

tion is the empirical validation of the proposed approach on a 

real production dataset and the analysis of the influence of fil-

tering parameters on classification quality. 

The rest of this paper is organized as follows. Section II 

reviews existing approaches to voicemail detection. Section 

III describes the proposed research methodology. Section IV 

presents the obtained results. Section V contains a discussion 

of the results and a description of the method's limitations. 

Section VI provides conclusions and directions for future 

work. 

II. RELATED WORKS 

Existing approaches to voicemail detection can be divided 

into three main categories: acoustic methods based on the de-

tection of a characteristic audio tone, methods exploiting 

metadata and signaling information available in telecommu-

nication protocols, and machine learning-based methods that 

analyze properties of the audio stream. Each of these ap-

proaches operates at a different processing level and involves 

a distinct trade-off between decision latency, implementation 

complexity, and robustness to variability in the production en-

vironment. 

The traditional approach is the detection of the characteris-

tic beep tone generated by voicemail systems at the end of the 

greeting message, signaling the transition to recording mode. 

From an acoustic standpoint, this signal is most commonly a 

sinusoidal tone of constant frequency, whose spectral density 

is characterized by a distinct energy peak, clearly distinguish-

ing it from speech, which is time-varying in nature. Fre-

quency-domain analysis methods such as the Discrete Fourier 

Transform or the Goertzel algorithm are used for its identifi-

cation [15]-[17]. This method is characterized by low compu-

tational complexity and high precision; however, its funda-

mental limitation is decision latency. Detection requires wait-

ing for the entire greeting message to complete, which may 

take from several to over ten seconds, significantly reducing 

the operational efficiency of outbound campaigns. Further-

more, not all voicemail systems generate a beep tone, and its 

parameters may vary depending on the operator or PBX con-

figuration. 

An alternative is provided by methods based on Session In-

itiation Protocol (SIP) signaling metadata, which under favor-

able conditions allows a classification decision to be made al-

most instantaneously, without requiring any audio stream 

analysis [18]. The simplest indicator is the call answer time: 

voicemail systems answer calls programmatically, resulting 

in response times close to zero, whereas a live caller requires 

time for a physical reaction. Additional information is pro-

vided by SIP headers such as Diversion (RFC 5806) and His-

tory-Info (RFC 7044), which may directly indicate that the 

call has been forwarded to a voicemail system [19]-[21]. 

However, this method is strongly dependent on the telecom-

munication operator's policy. Not all operators transmit com-

plete signaling information, and in environments with incom-

plete SIP chains, such data may be partially or entirely una-

vailable. Furthermore, a fast answer time may result from a 

user's auto-answer feature, potentially leading to false classi-

fications. This method is therefore effective only as a comple-

ment to other approaches. 

The broadest classification potential is offered by machine 

learning-based methods. Unlike beep tone detection, which 

requires waiting for the entire greeting to end, these methods 

are capable of making a decision based on analysis of only the 

first few seconds of the audio stream, thereby eliminating the 

need to wait for a characteristic tone. This constitutes a sig-

nificant operational advantage in CC environments. The liter-

ature documents the use of Mel-Frequency Cepstral Coeffi-

cients (MFCC) [14], [22], the GeMAPS and eGeMAPS pa-

rameter sets [13], [23], and deep feature vectors generated by 

the YAMNet model [24] as input representations for binary 

classifiers. On the classifier architecture side, both Convolu-

tional Neural Networks (CNN) operating on spectrograms 

[25] and recurrent neural networks with GRU layers pro-

cessing sequences of feature vectors [14] have been adopted. 

These methods demonstrate high effectiveness. However, 

their primary drawback is the significant cost of development. 

They require large, manually labeled training datasets that are 

difficult to obtain due to the private nature of telephone re-

cordings and legal constraints related to personal data protec-

tion [13]. A further limitation is the generalization capability 

of trained models. Classifiers trained on data from one opera-

tor may exhibit a significant drop in performance when de-

ployed in a different environment. 

The two-level windowing structure proposed in this work 

fundamentally alters the processing logic. It enables extrac-

tion of both local and global spectro-temporal signal proper-

ties without relying on external feature extraction libraries. Its 

key advantage over other approaches lies in the way the in-

coming audio signal is processed. Classical voicemail detec-

tion methods treat a recording as a static, finite data object to 

be processed. This applies to both acoustic methods and ma-

chine learning-based approaches. Beep detection requires 

waiting for the entire greeting to end, which may take several 

seconds. Methods based on features such as MFCC or Ge-

MAPS also typically operate on the full recording or a prede-

termined fixed-length segment, meaning the classification de-

cision can only be made after a required number of samples 

has been collected. In both cases, the system remains passive 

throughout the data acquisition phase, and classification oc-

curs as a one-time event upon completion of this process. 

The proposed two-level windowing structure fundamen-

tally changes this processing logic. Since each large window 

is constructed, processed and classified independently of the 
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others, the system is capable of making classification deci-

sions continuously, as successive signal samples arrive, even 

while the telephone call is still in progress. There is no single 

global time threshold after which the system makes its deci-

sion. Instead, each large successive window provides an inde-

pendent assessment that can be aggregated or updated in real 

time. The decision threshold is therefore dynamic and adap-

tive in nature: the more windows that have been classified, the 

greater the confidence in the final decision. The practical im-

plications of this approach are significant from the perspec-

tive of a CC production environment. For short voicemail 

messages, the system may reach the correct decision after pro-

cessing only the first few large windows, without needing to 

process the entire recording. For longer calls, each successive 

window provides additional information, gradually improv-

ing classification confidence. The system therefore does not 

need to assume a maximum recording length as a prerequisite 

for decision-making - it is sufficient that enough samples have 

arrived to fill a single large window. This makes the proposed 

approach inherently better suited to streaming environments 

than methods requiring analysis of the entire recording as a 

single unit. 

III. RESEARCH METHODOLOGY 

This section describes the proposed research methodology. 

Section A characterizes the dataset used in the experiments. 

Sections B through G describe the successive stages of the 

proposed processing pipeline, from initial audio signal pre-

processing, through hierarchical windowing and spectral fea-

ture extraction, to the classifier architecture.  

A. Dataset 

The neural network model was trained and validated on an 

audio dataset consisting of 7.321 recordings in WAV format. 

The dataset originates from a real telecommunication envi-

ronment and represents authentic telephone calls recorded 

during outbound call center campaigns.  

 

TABLE 1. DATASET STATISTICS 

Feature Value 

Total number of recordings 7.321 

Class 0 - live speech 3.404 (46,5%) 

Class 1 - voicemail 3.917 (53,5%) 

File format WAV 

Sampling frequency 8 kHz 

Number of channels 2 (stereo) 

Mean recording duration ~8 s 

Mean file size ~200 KB 

Training set (80%) 5.856 recordings 

Test set (20%) 1.465 recordings 

Collection periods IX 2022, X 2022, I 2024 

 

Data was collected across three time periods: September 

2022, October 2022, and January 2024, ensuring the repre-

sentativeness of the dataset with respect to seasonal variabil-

ity and the evolution of voicemail systems over time. The da-

taset was divided into two classes: Class 0, corresponding to 

recordings containing live caller speech (3.404 recordings, 

46.5%), and Class 1, corresponding to recordings containing 

a voicemail message (3.917 recordings, 53.5%). The slight 

class imbalance present in the raw recordings was addressed 

during training by applying random undersampling of the ma-

jority class. Each recording was manually labeled by telecom-

munications operators, ensuring high label quality. Detailed 

dataset statistics are presented in Table 1. 

All files were recorded in stereo, with one channel captur-

ing the agent's voice and the other capturing the caller's voice 

or the voicemail message. Due to the short duration of the re-

cordings (approximately eight seconds), the material does not 

contain sensitive personal data. It should be noted that the unit 

of classification in the proposed system is not the entire re-

cording, but a single large time window generated during the 

hierarchical windowing process. Each recording yields multi-

ple such windows, resulting in a total number of feature vec-

tors in the training set on the order of 100.000, despite the 

base dataset comprising just over 7.000 files. 

B. System Architecture 

The proposed system is designed as a processing pipeline 

consisting of five cascaded stages: 

• Audio signal preprocessing - extraction of the rele-

vant channel from the stereo recording and signal 

length normalization. 

• Hierarchical temporal windowing - segmentation of 

the signal into a two-level window structure com-

prising small local windows and large contextual 

windows, each grouping a fixed number of small 

windows. 

• Spectral feature extraction via DFT - computation of 

dominant spectral components for each small win-

dow and their concatenation into a feature vector 

representing the entire large window. 

• Threshold-based filtering with normalization - elim-

ination of silence and noise segments based on a 

two-stage energy criterion, where at the small win-

dow level the total energy (amplitude) of dominant 

spectral components is evaluated, and at the large 

window level the fraction of windows classified as 

active is verified. Feature values are subsequently 

scaled to the range [0, 1]. 

• Binary classification using a multilayer neural net-

work - assignment of the feature vector to one of two 

classes: live caller speech or voicemail message. 

 

Each stage is tightly coupled to the next, the output of one 

stage constitutes the input to the following stage. The system 
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features a modular architecture, enabling independent config-

uration of individual components without requiring recon-

struction of the entire pipeline. 

C. Preprocessing 

The system input consists of WAV recordings sampled at 

eight kHz. For two-channel recordings, the system extracts a 

single channel, and all subsequent processing is performed on 

the resulting mono signal. This operation is motivated by the 

specific structure of the available telephone recordings, in 

which one channel carries the caller's voice or the voicemail 

message. After channel extraction, the signal is either 

trimmed or zero-padded to a fixed number of samples. Zero-

padding ensures a uniform input length across all recordings, 

regardless of their actual duration. This is a necessary condi-

tion for data vectorization, as multilayer neural networks re-

quire inputs of fixed dimensionality. 

 

 

Fig 1. Schematic of the two-level hierarchical windowing structure.  

 

D. Hierarchical Temporal Windowing 

Direct analysis of an entire recording as a single unit is in-

sufficient for capturing the temporal variability of the speech 

signal. Short segments of a recording may differ substantially 

in their spectral characteristics. For this reason, the system 

employs a two-level windowing structure, which constitutes 

the primary contribution of this work and enables signal anal-

ysis at both local and global scales. 

At the lowest level of the hierarchy, small time windows of 

fixed length are defined. The default value is 256 samples, 

which at a sampling frequency of eight kHz corresponds to a 

time interval of 32 ms - a range widely used in speech analysis 

that approximates the duration of a phoneme [26], [27]. Suc-

cessive small windows are shifted by a configurable number 

of samples. The system supports two basic configurations: a 

shift equal to the window length (non-overlapping) and a shift 

equal to a fraction of the window length (overlapping), which 

allows features at the boundary between adjacent segments to 

be captured. 

At the higher level of the hierarchy, the signal is segmented 

into large windows, each encompassing a fixed number of 

small windows. This structure allows the classifier to consider 

both the local spectral properties of individual segments and 

the broader temporal context spanning several hundred milli-

seconds of the recording. This is particularly relevant for dis-

tinguishing spontaneous speech from recorded voicemail 

messages, as these two signal types differ not only at the pho-

neme level but also in the overall structure of the utterance. 

The two-level windowing scheme is illustrated in Fig. 1. 

 

The baseline windowing parameter configuration used in 

the experiments is presented in Table 2. 

 

TABLE 2. BASELINE WINDOWING PARAMETER CONFIGURATION 

Parameter Value Description 

N_LEN_SMALL_WINDOW 256 
Samples  small window 

length 

N_SHIFT_SMALL_WINDOW 256 Samples small window shift 

N_SMALL_WINDOW 50 
Number of small windows 

per large window 

N_BIG_WINDOW 50 Number of large windows 

N_SHIFT_BIG_WINDOW 128 Samples  large window shift 

 

E. Spectral Feature Extraction 

Spectral feature extraction is the central stage of the sys-

tem. Its purpose is to transform the raw time-domain signal 

into a compact numerical representation describing the fre-

quency content of each segment. The adopted approach is 

based on the DFT. Rather than storing the full amplitude spec-

trum, only the dominant components with the highest ampli-

tudes are selected from each segment, significantly reducing 

the dimensionality of the representation while retaining the 

most energetically significant components of the signal [28]. 

Processing is performed independently for each small win-

dow as follows. Prior to computing the transform, each signal 

segment is multiplied by a window function to eliminate spec-

tral leakage arising from discontinuities at the segment 

boundaries. The Hamming window is applied, defined as: 

 𝑤[𝑛] = 0,54 − 0,46 ⋅ 𝑐𝑜𝑠! ( 2𝜋𝑛𝑁 − 1) , 𝑛 = 0,1, … , 𝑁 − 1 

 

where N denotes the number of samples in the small window. 

The choice of the Hamming window is motivated by its wide-

spread use in speech signal processing and its favorable spec-

tral leakage suppression characteristics [29], [27]. Based on 

the element-wise product of the signal and the window func-

tion, the amplitude spectrum is computed, and the dominant 

frequency components are selected, as described in detail be-

low. 
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An N-point DFT is computed on the windowed signal. 

Since the input signal is real-valued, the DFT spectrum is 

symmetric about the Nyquist frequency [30]. Therefore, only 

the first half of the spectrum is retained, corresponding to fre-

quencies from 0 Hz to 4 kHz. The real part of the transform 

output is extracted, and its magnitude is computed to yield a 

simplified amplitude spectrum. Prior to component selection, 

the spectrum is trimmed to a parameterized frequency band, 

eliminating components unrelated to the acoustic content of 

the call. From the band-limited spectrum, a fixed number of 

indices with the highest amplitudes are selected and converted 

to frequency values. Each frequency and amplitude pair con-

stitutes one element of the small window feature representa-

tion. The feature extraction parameters are summarized in Ta-

ble 3. 

 

TABLE 3. SPECTRAL FEATURE EXTRACTION PARAMETERS 

Parameter Value Description 

N_MAX 5 
Number of dominant 

components 

MIN_HZ 50 Hz Lower bound of analysis band 

MAX_HZ 1.800 Hz Upper bound of analysis band 

Small window 

vector dimension 
10 N_MAX * 2 

Large window 

vector dimension 
500 

N_SMALL_WINDOW * 

NMAX * 2 

 

F. Threshold-Based Filtering and Normalization 

Raw feature vectors contain both active speech segments 

and fragments of silence or background noise. To eliminate 

these components, a two-stage threshold-based filtering pro-

cedure is applied. At the small window level, each segment is 

evaluated based on a logarithmic energy measure of its dom-

inant spectral components. If this measure falls below a pre-

defined threshold, the segment is zeroed and treated as si-

lence. At the large window level, the fraction of non-zero 

small windows -are computed. If it falls below a second 

threshold, the entire large window is discarded. Following fil-

tering, normalization is applied to both frequency and ampli-

tude values, mapping all values to the range [0, 1]. The fil-

tered data are subsequently flattened into a one-dimensional 

feature vector that serves as the classifier input. The system 

supports three feature vector configurations: frequencies 

only, amplitudes only, or both types interleaved. This last 

configuration was adapted as the default. 

G. Classifier Architecture 

The feature vector is fed into an MLP constructed as a se-

quential model. All hidden layers employ the Rectified Linear 

Unit (ReLU) activation function. The output layer consists of 

a single neuron with a sigmoid activation function, producing 

a probability score for class membership in the voicemail 

class. Binary cross-entropy is used as the loss function, and 

the Adam optimizer is employed for training. 

IV. RESULTS 

The experiments were designed to investigate the effect of 

filtering threshold parameters on binary classification quality 

in the proposed system. Two filtering thresholds were se-

lected as variables: the small window energy threshold and 

the large window percentage threshold. All remaining system 

parameters, including the MLP classifier architecture, win-

dowing parameters, and feature extraction parameters, were 

held constant throughout the experiments. Their values were 

determined experimentally through preliminary investiga-

tions and guided by the authors' experience with MLP-based 

classifiers to provide a stable operating point for the proposed 

method. The selected values are listed in Table 4. 

 

TABLE 4. PARAMETERS HELD CONSTANT ACROSS ALL EXPERIMENTS 

Parameter Value 

N_LEN_SMALL_WINDOW 256 (32 ms) 

N_SHIFT_SMALL_WINDOW 256 

N_SHIFT_BIG_WINDOW 128 

N_MAX 5 

N_SMALL_WINDOW 50 

N_BIG_WINDOW 50 

MIN_HZ 50 Hz 

MAX_HZ 1.800 Hz 

Feature vector type Frequencies and amplitudes 

Classifier architecture MLP 

Number of epochs 50 

Batch size 32 

 

For the small window energy threshold, eight values were 

evaluated: 0, 0.1, 0.3, 0.7, 1.0, 1.5, 2.0, and 2.5. For the large 

window percentage threshold, seven values were evaluated: 

0, 0.1, 0.2, 0.3, 0.4, 0.6, and 0.8. The full combinatorial grid 

yields 56 experiments in total. Each experiment encompassed 

the complete processing pipeline: feature extraction, thresh-

old-based filtering, normalization, dataset balancing, MLP 

classifier training, and evaluation on the test set. Accuracy on 

the test set was adopted as the primary performance metric. 

This choice was made to enable direct comparison with pre-

viously published studies, in which classification perfor-

mance is commonly reported in terms of accuracy. 

Of the 56 experiments carried out, a subset resulted in 

model degeneration, manifested as an accuracy value oscillat-

ing around 0.5 - a characteristic symptom of a classifier adopt-

ing a constant-class prediction strategy. This phenomenon oc-

curred most frequently at low values of both thresholds, when 

the feature vectors contained a substantial proportion of si-

lence and noise segments. Experiments in which the model 

learned to classify effectively achieved test set accuracy val-

ues ranging from approximately 0.87 to 0.93. Given the sim-

plicity of the adopted feature representation and the narrow-

band nature of the input data, these results can be considered 
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promising. A comprehensive overview of the results for all 

threshold combinations is presented  as a heatmap in Fig. 2. 

The values are reported as percentages with one decimal 

place. Gray cells correspond to configurations in which model 

degeneration occurred. 

 

 

Fig. 2. Accuracy (%) as a function of the small window threshold and 

the large window threshold. Gray cells indicate model degeneration. 
The best result is highlighted with a red border. 

 

Analysis of the heatmap reveals a clear pattern associated 

with a small window threshold of 1.5. In all configurations in 

which the model achieved effective classification, accuracy 

exceeded 92%. This result is consistently higher than those 

obtained for all other values of this parameter, where accuracy 

varied over a wider range and model degeneration occurred 

more frequently. This indicates that a threshold of 1.5 consti-

tutes a particularly favorable operating point for the dataset 

under study - it effectively eliminates low-energy segments 

while retaining a sufficient number of active speech segments 

for effective classifier training. 

To further investigate the effect of the large window thresh-

old, a detailed analysis was conducted for a fixed small win-

dow threshold of 1.5. Table 5 presents the relationship be-

tween the large window threshold value, the size of the train-

ing set, the training time, and the resulting accuracy. The 

value of Nan in the last column indicates model degeneration. 

The data in Table 5 reveal two notable trends. Firstly, as 

the large window threshold increases, the number of training 

samples decreases monotonically, from 98.150 at a threshold 

of 0.0 to 65.904 at a threshold of 0.8. The accompanying re-

duction in training time is nearly proportional, indicating a 

linear relationship between dataset size and the computational 

cost of the training process. This relationship is illustrated in 

Fig. 3. Secondly, the best accuracy (93.35%) was achieved at 

a threshold of 0.1 rather than 0.0, despite the second configu-

ration having a larger training set. This suggests that even 

minimal filtering at the large window level improves the qual-

ity of the feature representation to a degree that outweighs the 

benefit of having more training examples. To provide a more 

comprehensive evaluation of the best performing configura-

tion, additional metrics were also calculated. The model 

achieved a precision of 97.28%, a recall of 90.87%, and an 

F1-score of 93.97%, confirming that the high accuracy is ac-

companied by a well-balanced classification performance. 

TABLE 5. EFFECT OF THE LARGE WINDOW THRESHOLD ON TRAINING 

SET SIZE, TRAINING TIME, AND ACCURACY FOR SMALL WINDOW 

THRESHOLD = 1.5 

Large 

window 

threshold 

Training 

samples 

Training 

time (s) 
Accuracy 

0 98.150 1.668 Nan 

0,1 95.508 1.643 93,35% 

0,2 93.383 1.606 92,28% 

0,3 90.812 1.590 92,43% 

0,4 87.796 1.552 92,39% 

0,6 79.675 1.464 Nan 

0,8 65.904 1.306 Nan 

 

 

 

Fig. 3. Number of training samples (left axis) and training time in sec-

onds (right axis) as a function of the large window threshold for small 
window threshold = 1.5.  

 

The analysis is complemented by Fig. 4, which presents the 

distribution of accuracy values for each evaluated small win-

dow threshold value. Each bar corresponds to a single non-

degenerate experiment. The visualization confirms the obser-

vation regarding threshold 1.5. All experiments carried out at 

this parameter value cluster above the 92% line, whereas for 

all other threshold values the spread of results is considerably 

wider and a portion of experiments falls below 90%. 

 

 

Fig. 4. Distribution of accuracy values for each evaluated small win-

dow threshold value.  

V. DISCUSSION AND LIMITATIONS 

The obtained results confirm that the proposed feature rep-

resentation, based on dominant spectral components within a 
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two-level windowing structure, is capable of effectively dis-

tinguishing live speech from recorded voicemail messages. 

The best accuracy of 93.35% was achieved with a relatively 

simple classifier architecture, indicating that the selected 

spectral components carry high-quality discriminative infor-

mation. The obtained accuracy is comparable to the results 

reported in the literature. Previous studies achieved accura-

cies of approximately 94%, 93%, 96%, and 94% [12]–[14], 

[25]. However, these methods were evaluated using consider-

ably longer speech segments, whereas the proposed approach 

operates on much shorter audio fragments. The comparable 

performance obtained on substantially shorter recordings sug-

gests that the proposed method is a promising direction for 

practical call center applications. A particularly noteworthy 

observation is the stability of results for a small window 

threshold of 1.5. While other values of this parameter led to a 

wide spread of results, a threshold of 1.5 consistently yielded 

accuracy above 92% across all non-degenerate configura-

tions. Such stability is a highly desirable property in a produc-

tion environment, where the predictability of system behavior 

is as important as peak performance. 

The experiments covered only a search over the filtering 

threshold parameter space, with all other system parameters 

kept constant. The impact of window size, window overlap-

ping, and the number of dominant spectral components re-

mains uninvestigated. The irregular pattern of model degen-

eration across the parameter space further suggests that some 

results may be sensitive to random weight initialization, 

which requires verification through repeated experiments 

with averaged results. Finally, the dataset was collected from 

a single call center operator, limiting the ability to evaluate 

the model's portability to other telecommunication environ-

ments. Although the recordings were collected over different 

time periods, which introduced a degree of natural variability, 

all data originated from the same operational environment. 

Acquiring similar datasets from multiple operators is chal-

lenging because call recordings are highly sensitive and sub-

ject to strict privacy and regulatory constraints. Therefore, an 

important direction for future work is the evaluation of the 

proposed method on independent external datasets collected 

from different call center operators to assess its generalization 

capability. All of the aforementioned limitations will be ad-

dressed in future work aimed at further developing the pro-

posed methodology. 

VI. CONCLUSION 

This paper proposes a voicemail detection system based on 

a two-level hierarchical audio signal windowing structure and 

dominant spectral component extraction via the DFT. Binary 

classification is performed by a multilayer perceptron. The 

system was designed for production-grade call center envi-

ronments in which recordings are sampled at eight kHz. A to-

tal of 56 experiments were conducted through a systematic 

search over the filtering threshold parameter space. The best 

accuracy of 93.35% was achieved at a small window thresh-

old of 1.5 and a large window threshold of 0.1. 

The results confirm that a simple representation based on 

dominant spectral components, appropriately filtered and nor-

malized, provides the classifier with sufficient information for 

effective classification. Among all evaluated threshold val-

ues, a small window threshold of 1.5 distinguished itself by 

exceptional stability. Accuracy exceeded 92% in all non-de-

generate configurations. Such consistent system behavior is a 

particularly desirable property in a production environment, 

where operational reliability is as critical as peak classifica-

tion performance. 

A key architectural property of the proposed system is its 

natural suitability for streaming processing. Each large win-

dow is constructed, processed, and classified independently, 

enabling classification decisions to be made continuously as 

signal samples arrive. The system does not require waiting for 

the recording to end. A decision can be reached as soon as the 

first large windows have been collected. This constitutes an 

operational advantage over methods that treat the recording 

as a closed unit of analysis. 

Future work should include an expanded set of evaluation 

metrics and confusion matrix analysis. A full parameter space 

search covering window size, window overlap, and the num-

ber of dominant spectral components is warranted. A promis-

ing direction is the comparison of the proposed MLP classi-

fier with sequential architectures such as recurrent neural net-

works with GRU or LSTM layers, which may more effec-

tively exploit the temporal structure of hierarchical feature 

vectors. Finally, the system requires validation on recordings 

from multiple telecommunication operators to assess its abil-

ity to generalize beyond the environment in which the training 

data was collected. 
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