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Abstract: Determining whether an audio signal is single compressed (SC) or double compressed
(DC) is a crucial task in audio forensics, as it is closely linked to the integrity of the recording. In this
paper, we propose the utilization of phase spectrum-based features for detecting DC narrowband
and wideband adaptive multi-rate (AMR-NB and AMR-WB) speech. To the best of our knowledge,
phase spectrum features have not been previously explored for DC audio detection. In addition
to introducing phase spectrum features, we propose a novel parallel LSTM system that simultane-
ously learns the most representative features from both the magnitude and phase spectrum of the
speech signal and integrates both sets of information to further enhance its performance. Analyses
demonstrate significant differences between the phase spectra of SC and DC speech signals, suggest-
ing their potential as representative features for DC AMR speech detection. The proposed phase
spectrum features are found to perform as well as magnitude spectrum features for the AMR-NB
codec, while outperforming the magnitude spectrum in detecting AMR-WB speech. The proposed
phase spectrum features yield 8% performance improvement in terms of true positive rate over the
magnitude spectrogram features. The proposed parallel LSTM system further improves DC AMR-WB
speech detection.

Keywords: DC AMR speech detection; AMR-NB; AMR-WB; audio forensics

1. Introduction

Verifying the integrity of an audio recording or speech signal is a critical task in audio
forensics, aiming to ascertain whether the signal remains authentic or has been tampered
with or edited since its initial generation [1]. The majority of multimedia devices available
on the market, such as smartphones and voice recorders, record and store audio files in
compressed formats. Any attempt to edit or manipulate a compressed audio recording
requires first converting it into a pulse code modulation (PCM) waveform, followed by the
manipulation of the PCM signal. Subsequently, the tampered PCM signal is re-compressed
back into its original format to conceal any traces of manipulation, resulting in an audio
recording compressed twice, as illustrated in Figure 1a. Another scenario leading to double
compression involves creating a deceptive high-quality audio recording to misrepresent
the true quality of the signal, as depicted in Figure 1b. Here, an original signal compressed
at a low bit rate is initially decoded into PCM format and then re-compressed at a higher
bit rate, again resulting in a double-compressed audio recording. Additionally, techniques
like audio watermarking or steganography often result in a signal being compressed twice,
as shown in Figure 1c. Therefore, distinguishing between single-compressed (SC) and
double-compressed (DC) audio recordings is a crucial task in audio forensics, closely linked
to the integrity of the recording. Particularly in legal contexts, such as courtrooms, double
compression can serve as a trace to verify the integrity of the recording.

Various audio codecs are employed to encode audio signals, including MP3 [2],
AAC [3], AC3, WMA, Vorbis, among others. However, the adaptive multi-rate (AMR)
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codec [4,5] stands out in several respects. Firstly, while the majority of encoders are per-
ceptual codecs designed to compress audio signals (often music signals), based on the
characteristics of the human ear, the AMR codec is primarily tailored for speech signals.
Secondly, AMR speech coding has emerged as a mandatory codec for GSM services, mak-
ing it the most prevalent speech codec in use. Thirdly, unlike other perceptual audio
codecs, the AMR codec employs the code excited linear prediction (CELP) model instead
of considering the masking effect on the human ear. Lastly, most smartphones and audio
recorders save recordings in AMR format, and numerous freely available audio editing
software tools can convert AMR-compressed signals into PCM waveform or other formats.
Consequently, individuals lacking prior experience in digital signal processing, such as
forgers or fraudsters, can easily modify AMR signals. As a result, this study focuses on
detecting double-compressed (DC) AMR speech signals.

Audio
manipulation

(@)

SC signal —— Decoding Encoding —> DC signal

Choose a
higher BR

(b)

SC signal —|  Decoding Encoding +—— DC signal

Watermarking/
Steganography

(©)

SC signal —|  Decoding Encoding —>DC signal

Figure 1. Cases of DC signal generation: (a) Creating a manipulated /tampered signal. (b) Generating
a fake-quality signal. (c) Audio watermarking/steganogprahy.

The magnitude of the discrete Fourier transform (DFT) of short speech segments, com-
monly known as the spectrogram representation of speech signals, has found widespread
application in various tasks such as speaker recognition [6], speech recognition [7], emotion
recognition [8], and audio event detection [9]. Its effectiveness stems from its ability to
capture the spectral content variation of the signal over time, making it suitable for use
with deep neural networks (DNNSs), such as deep convolutional neural networks (CNNs),
and long-short-term memory (LSTM) networks. In our previous work, we introduced the
use of spectrograms for the first time in detecting narrowband (sampling frequency of
8 kHz) DC AMR (AMR-NB) speech signals [10], achieving state-of-the-art performance.
However, the spectrogram representation only utilizes the magnitude spectrum, discard-
ing the phase information of the Fourier transform. Numerous studies in the literature
have highlighted the utility of the phase spectrum in tasks such as synthetic/converted
speech detection [11,12], speech recognition [13], and speaker recognition [14]. Addition-
ally, research has emphasized the perceptual importance of phase information in speech
coding [15,16] and human speech perception [17]. Previous studies have indicated that
preserving the original phase spectrum results in more natural sounding reconstructed
speech, underscoring the potential value of phase spectrum features in distinguishing
SC and DC speech signals. Motivated by the significance of the phase spectrum in other
speech-related tasks and its impact on human speech perception, we propose to explore and
evaluate the performance of the phase spectrum in DC AMR speech signal detection. To the
best of our knowledge, this study represents the first investigation into the effect of phase
information on DC audio detection. In addition to proposing the use of phase features
for DC AMR speech detection, we examine the influence of phase information on both
narrowband AMR (AMR-NB) and wideband AMR (AMR-WB)-coded signals, comparing
their performance with the traditional magnitude spectrum (spectrogram). Given that prior
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research has primarily addressed the detection of DC AMR-NB speech signals, comparing
the results of DC AMR-NB and AMR-WB speech detection will be crucial for future studies
on DC speech detection. In summary, our main contributions are as follows:

*  We propose utilizing the phase spectrum as a feature for detecting DC speech sig-
nals. As far as we know, the performance of phase features in DC audio detection
remains unexplored. Therefore, this study represents the first investigation into the
effect of phase information on this task. We examine the impact of three different
representations of the phase spectrum on DC speech signal detection.

*  We assess the performance of the proposed phase features on both AMR-NB and
AMR-WB-coded speech signals. Given that existing studies have focused solely on
AMR-NB-coded signals, understanding the performance of the AMR-WB codec in DC
audio detection and comparing it with the AMR-NB codec will be valuable for the
audio forensics community.

¢ Weintroduce the use of LSTM networks for DC AMR speech detection, marking the
first instance in the literature. Both spectrogram and phase spectra can be viewed as
time-series data, with the former capturing spectral energy variations over time and
the latter representing phase variation over time. Leveraging LSTM networks, known
for their effectiveness with time-series data, we propose their application for DC AMR
speech detection for the first time in the literature.

2. Related Work

Considering existing studies, research on DC audio signal detection can be divided
into three categories based on the audio codec used: (i) DC MP3 audio detection, (ii) DC
AAC audio detection , and (iii) DC AMR speech detection . The majority of early studies
focused on DC audio detection employed the MP3 codec, with the aim of distinguishing
whether an MP3 audio file belongs to the SC or DC class. Similarly, interest in detecting DC
AAC-encoded audio, another widely used perceptual audio codec found in platforms like
Apple iTunes, YouTube, and DVD standards, grew after numerous studies were conducted
on the AAC codec. DC AMR speech detection, on the other hand, has gained considerable
attention in recent years due to its extensive usage in smartphones and digital voice
recorders. In this section, we provide a brief overview of the existing literature for each
category of studies.

In [18], it was demonstrated that high-frequency components (above 16 kHz) were
attenuated when a CD-quality music signal was compressed using an MP3 codec with a
low bit rate (128 kbps). However, it was observed that these high-frequency components
became perceptible when a higher bit rate was used. Consequently, the authors proposed
employing a support vector machine (SVM) classifier with spectral features extracted from
the 16 kHz to 20 kHz band of the audio spectrogram to detect the original compression
bit rate of the MP3 audio signals. Detection of “fake-quality” MP3 recordings, where an
MP3 recording compressed at a low bit rate is decoded and re-encoded at a higher bit rate,
using the number of small valued modified discrete cosine transform (MDCT) coefficients,
was addressed in [19]. Similarly, in [20], statistical features extracted from zero-valued
and nonzero-valued MDCT coefficients were used with SVM classifiers to detect DC MP3
audio signals. The use of statistical features derived from quantized MDCT (QMDCT)
coefficients for DC MP3 audio detection was proposed in [21,22]. In [23], the distribution
of the nine most significant digits of the MDCT coefficients was employed to detect MP3
double compression using an SVM classifier. In [24,25], authors computed the Chi-square
distance between the histograms of observed and simulated MDCT coefficients and then
applied a threshold to the distance value to determine whether the MP3 audio is SC or DC.

In [26], the authors applied the Markov model to the Huffman codebook indices
to extract features and utilized an SVM classifier for detecting DC AAC signals. It was
reported that the proposed features gave higher performance when the first compression
bit rate (BR1) was lower than that of the second compression bit rate (BR2). In [27],
QMDCT coefficients were used with the SVM classifier to detect DC AAC signals. It was
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found that QMDCT coefficients provided reasonable performance when the BR2 value
was higher than BR1. In [28], it was demonstrated that the audio scale factor decreases as
the number of compression iterations increases, making it suitable for detecting DC AAC
signals. A detection rate above 99% was achieved using the proposed features with the
SVM classifier. In [29], authors proposed using QMDCT coefficient features with a CNN
classifier to detect the compression bit rate of SC AAC audio signals.

From the brief literature review on MP3 and AAC compression detection presented
above, it is evident that features computed from MDCT coefficients were widely utilized,
with reported detection rates exceeding 95% in most studies. The remarkable performance
of MDCT-based features in detecting MP3 or AAC compression is unsurprising, considering
that both MP3 and AAC codecs utilize MDCT coefficients for encoding audio signals.
Therefore, extracting features with prior knowledge about the encoder is expected to yield
high performance without a doubt.

In the initial study addressing DC AMR-NB speech signal detection, statistical fea-
tures based on spectral energy distribution and correlation of spectral components were
proposed and used with the SVM classifier [30]. In [31], stacked autoencoder (SAE) and
dropout networks were utilized for DC AMR-NB speech detection. Here, the long speech
signal was first divided into short, non-overlapping segments, which were then fed into
the classifier network. A majority voting strategy was employed for determining whether
input speech is SC or DC AMR-NB signal. Similarly, Ref. [32] employed a SAE network
for feature extraction, followed by modeling extracted features using a Gaussian mixture
model (GMM) classifier for DC AMR-NB speech detection. In [33,34], statistical features
extracted from linear predictive coding (LPC) coefficients and line spectral pairs (LSP) of
the speech signals were utilized with the SVM classifier for DC AMR-NB speech detection.
Given that AMR codec employs LPC analysis for speech signal encoding, the efficacy of
LPC coefficient-based features for DC AMR detection, as reported in [30,31,33,34], is unsur-
prising. Moreover, Ref. [35] demonstrated that reasonable DC AMR-NB speech detection
performance can be achieved using traditional spectral features without prior knowledge of
encoding algorithms, where simple but effective long-term average spectra (LTAS) features
were employed with traditional fully connected DNNs. In [36], the spectrogram of the
speech signal was divided into temporal segments, each consisting of 10 speech frames,
and LTAS of each segment was computed. These LTAS vectors were then inputted into a
DNN classifier for DC AMR-NB speech detection. The introduction of deep convolutional
neural networks (CNNs) in [10], utilizing speech spectrogram representation as input fea-
tures, marked a significant advancement in DC AMR-NB detection. It was demonstrated
that both CNNs and spectrogram representations achieved state-of-the-art performance.
Subsequently, Ref. [37] proposed the use of angular margin softmax loss functions over
vanilla softmax in CNN-based detection systems. It was reported that angular margin
losses exhibit superior performance compared to traditional softmax loss.

Inspired by the superior performance of spectrogram features on DC AMR-NB speech
signal detection, as reported in [10,37], which are extracted without prior knowledge
about the AMR encoder, this paper aims to investigate the potential of phase information
in DC AMR speech detection. While previous studies [10,35,36] have demonstrated the
considerable impact of compressing a speech signal twice on its high-frequency components
in the magnitude spectrum, the effects of compression on the phase spectrum remain
unexplored. The phase spectrum of a speech signal is known to convey crucial cues not
present in the magnitude spectrum and has been extensively utilized in various speech-
related recognition tasks, including speaker recognition, speech recognition, language
recognition, and synthetic speech detection. However, to the best of our knowledge,
the phase spectrum has not been previously utilized for DC speech/audio detection.
Therefore, this paper proposes the use of phase features for DC AMR-NB and DC AMR-WB
speech signal detection.
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3. AMR Speech Codec

The narrowband AMR speech codec (AMR-NB) encodes speech signals sampled at 8 kHz
using eight different bit rates, where BR € {4.75, 5.15, 5.90, 6.70, 7.40, 7.95, 10.20, 12.20}
kbits/s (kbps). It employs the code-excited linear prediction (CELP) model for encoding.
The CELP model parameters are extracted through 10th order LP analysis of 20 ms speech
frames, with each frame containing 160 samples. These extracted CELP model parameters are
then encoded and transmitted during the encoding process. On the decoder side, the trans-
mitted parameters are first decoded to reconstruct the excitation signal. This reconstructed
excitation signal is subsequently applied to the LP synthesis filter to obtain the speech signal.
For more technical details regarding the AMR-NB speech codec, readers are referred to [4].

The Wideband AMR speech codec (AMR-WB) operates on speech signals with a sam-
pling frequency of 16 kHz and consists of nine bit rates: 6.60, 8.85,12.65,14.25,15.85,18.25,
19.85,23.05,, and 23.85 kbits/s. During encoding, the WB AMR codec first applies a pre-
emphasis filter to the speech signal, followed by dividing the signal into short frames of
20 ms each. Each frame is then analyzed using a 16th-order LP analysis to obtain the code-
excited linear prediction (CELP) model parameters. Unlike the AMR-NB codec, which
applies LP analysis once per frame, the AMR-WB encoder further divides each frame
into four subframes. For each subframe, adaptive and fixed codebook parameters are
transmitted. During decoding, the transmitted parameters are decoded first, followed by
synthesizing the speech signal by applying the reconstructed excitation signal to the LP
synthesis filter. More details on the AMR-WB encoding and decoding steps can be found
in [5].

4. Magnitude and Phase Spectra of AMR-Encoded Speech Signals

While speech is inherently a non-stationary signal, it is assumed to be quasi-stationary
when analyzed over a short duration (typically 2040 ms) [38]. Therefore, speech signals are
processed through short-term analysis. In this approach, the signal is initially segmented
into short, overlapping frames and then the desired speech processing techniques are
applied to each of these individual frames. The spectrum of speech signals is obtained
using the short-term Fourier transform (STFT), which involves applying the discrete Fourier
transform (DFT) to these short speech frames. Concretely, given a set of short speech frames
denoted as x(n,t) where n=0,1,..., N—1landt =1, 2, ..., T representing the sample
and frame indices, respectively, the STFT is computed by:

N-1
X(k, t) = Z x(n, t)w(n)e—jzﬂkn/l\] (1)
n=0

where w(n) is the data-tapering window (e.g., Hamming or Hanning window) and k
represents the DFT bin. Since X(k, t) is complex-valued, Equation (1) can be written in the
polar form as

X(k,t) = |X(k, t)]e/**D) 2)

where | X (k, t)| is the short-term magnitude spectrum (also known as the spectrogram of
the signal and visualized by intensity plot on log-scale) and 6(k, t) is the short-term phase
spectrum of the speech signal.

Spectrogram features (| X(k, t)|) are widely used in the majority of the current state-
of-the-art DNN-based speech-related recognition tasks, such as speaker recognition and
speech recognition. Hence, usually phase information (8(k, t)) is discarded. Similarly, to the
best of our knowledge, the short-term phase spectrum has not been used for DC audio
detection tasks previously. However, the importance of phase information in human per-
ception has been reported in several studies [15-17]. For example, in [16], it was shown that
the reconstructed speech signal sounds less natural when phase information is discarded
during speech coding. Similarly, in [15], it was reported that human perception of phase
varies with frequency especially for low-pitched speakers. In [17], authors showed that the
STFT phase spectrum is as important as the STFT magnitude spectrum in speech intelligibil-
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ity when analysis-synthesis parameters are properly selected. Since phase information was
found to have a considerable impact on human speech perception and speech intelligibility,
intuitively, it can be considered a reasonable feature representation for DC audio detection.
Hence, in this paper, we aim at investigating the effect of the STFT phase spectrum on DC
AMR audio detection.

In order to analyze the effect of AMR compression on the phase spectrum of a speech
signal, the phase spectrum of the selected original (uncompressed) speech signal and its
compressed (SC and DC) counterparts are first computed. Suppose that 6g(k, t), 0sc(k, t)
and Opc (k, t) denote the phase spectrum of the original SC and DC speech signals, respec-
tively. Then the average difference phase spectrum between the original speech and SC
AMR speech is computed for each DFT bin k by

[T T
Abosc(k) = % Y 0ok, t) =) bsc(k, f)] 3)
=i =1

similarly, the average difference phase spectrum between the SC and DC speech signals is
computed by

[T T
Abscpc (k) = % Y Osc(k,t) =Y Opcl(k, f)] 4)
=t =1

where T is the total number of speech frames. Equation (3) reveals the impact of the first
compression on the phase spectrum compared to the original (uncompressed) signal for
each frequency (k), while Equation (4) delves into the effect of subsequent compression on
the phase spectrum relative to the SC speech signal. Figure 2 displays the average differ-
ence phase spectra Ao sc (k) (left panel) and Afsc pe (k) (right panel) calculated using the
AMR-NB codec across various bit rates. When computing Afsc pc(k), which represents
the average difference phase spectra between the SC and DC signals, the first compression
bit rate (BR1) of the DC signals is set to match the value used for obtaining the SC signal
(BR = BR1 = 5.9 kbps). This adjustment allows us to assess the effect of the second compres-
sion bit rate (BR2) on the phase spectrum. From the figure, it is observed that compressing
the narrowband speech signal considerably affects the phase spectrum above 500 Hz, and
the difference between the phase spectrum of the original and SC signals becomes larger as
the compression bit rate increases. For the DC signals in turn, compressing the signal for
the second time notably affects the phase spectrum at higher frequencies.

25 w w w 15

——SC — DC (BR1=5.9, BR2=6.70 kbps)
; - = SC — DC (BR1=5.9, BR2=7.95 kbps)
201 2T - | P SC — DC (BR1=5.9, BR2=12.20 kbps)

# g
T N &
Pt~ v O L
15+ 5 ‘_.}' e Wt
p

kY

-~
e o

—Orig. — SC (BR=5.9 kbps)
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(
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------ Orig. — SC (BR=7.95 kbps)
5 —-=0Orig. — SC (BR=12.20 kbps)
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Figure 2. Average difference phase spectra between the original (uncompressed) and SC speech
signals (left) and between the SC and DC speech signals (right). The AMR-NB codec is used to
generate the SC and DC signals. For the DC signals, the first compression bit rate (BR1) matches
with the compression bit rate of the SC speech signal (BR = 5.9 kbps) to asses the effect of second
compression bit rate (BR2) on DC signals.

Figure 3 shows the average phase spectra Afp sc (k) and Afsc pe (k) computed using
the AMR-WB codec. Similar to the observations with AMR-NB-coded signals (as shown
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in Figure 2), compressing the speech signal for the first time using the AMR-WB codec
has a considerable impact on the phase spectrum. As the compression bit rate increases,
the phase spectrum exhibits notable variations compared to the uncompressed signal
spectrum. These variations become more pronounced when the signal is compressed for
the second time, particularly at higher frequencies.

60 50 : : :
——SC — DC (BR1=8.85, BR2=12.65 kbps)
- - SC — DC (BR1=8.85, BR2=18.25 kbps)|
401+ 40l.esss SC — DC (BR1=8.85, BR2=23.85 kbps) [}, |
— — 30} ]
= 20" -
S %
3 0 5
——Orig. — SC (BR=8.85 kbps)
20 |- - Orig. — SC (BR=15.85 kbps)
------ Orig. — SC (BR=19.85 kbps)
—-—Orig. — SC (BR=23.85 kbps)
-40 : : .
0 2 4 6 8

f (kHz) f (kHz)

Figure 3. Average difference phase spectra between the original (uncompressed) and SC speech
signals (left) and between the SC and DC speech signals (right). The AMR-WB codec is used to
generate the SC and DC signals. For the DC signals, the first compression bit rate (BR1) matches
with the compression bit rate of the SC speech signal (BR = 8.85 kbps) to asses the effect of second
compression bit rate (BR2) on DC signals.

Based on the average difference phase spectra visualized in Figures 2 and 3, it is evident
that the phase spectra of the SC and DC signals exhibit different behaviors. Therefore,
the phase spectrum can serve as a discriminative feature between SC and DC signals. In this
study, we explore the effect of the STFT phase spectrum on DC AMR speech detection by
proposing the use of three different phase spectrum-based feature representations:

e STFT Phase Spectrum: In this approach, the STFT phase spectrum 6(k, t) is unwrapped
to obtain a continuous function of k, in order to remove the discontinuities by adding
an integer multiple of 277 to the phase spectrum at each DFT bin k. The unwrapped
phase spectrum is used as the feature for DC AMR speech detection.

*  Cosine Normalized Phase Spectrum (CosPhase): After unwrapping the phase spec-
trum, the dynamic range of the phase spectrum may exhibit large variations, making
it challenging to model the phase information accurately. To address this, we apply
the cosine function to the unwrapped phase spectrum, resulting in features within the
range [—1, 1].

*  CosPhase with discrete cosine transform (DCT + CosPhase): To obtain a more compact
representation of the phase information, DCT is applied to the CosPhase features to
obtain uncorrelated features.

In addition to the three phase spectrum-based features described above, we also
utilize the magnitude spectrum (spectrogram) representation of the speech signal as a
baseline feature in our experiments, enabling us to compare the performance of the phase
spectrum features.

5. DC AMR Detection System

Distinguishing between SC and DC speech signals constitutes a binary classification
task due to the presence of only two possible classes. As a result, previous research pre-
dominantly relied on traditional pattern recognition techniques such as support vector
machines (SVM) to tackle this challenge. However, the effectiveness of such methods hinges
on pre-processing the speech signals to extract pertinent information for the given task.
It is imperative that the extracted features are highly representative to ensure reasonable
performance. In earlier studies, feature extraction often involved the use of handcrafted fea-
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tures, leveraging prior knowledge about the compression algorithm. For instance, features
derived from MDCT coefficients were utilized for MP3 and AAC codecs, while feature
vectors obtained through LP analysis were employed for the AMR codec. Subsequently,
these extracted features were fed into classification algorithms to either estimate the distri-
butions of training features (generative models) or draw a decision boundary between the
two classes in the feature space (discriminative models). In the case of generative models,
decisions are made based on the posterior probabilities of potential classes given the test
feature vector. Conversely, discriminative models employ distance measures to make
decisions. Nevertheless, traditional pattern classification techniques suffer from certain
limitations, notably the challenge of determining which features are most pertinent for the
task and selecting an appropriate classification method. These decisions often necessitate
profound domain expertise and entail a protracted trial-and-error process.

With the rapid advancement of deep learning methodologies, the concept of end-
to-end learning has emerged. In end-to-end learning, DNN possesses the capability to
automatically learn the most pertinent features and make decisions based on input data.
Consequently, both feature extraction and classification tasks are seamlessly integrated into
the DNN system. In this study, we leverage LSTM-based DNN:Ss for the task of DC AMR
speech detection. LSTM networks, belonging to the family of recurrent neural networks
(RNNS), are renowned for their ability to capture long-term dependencies. These networks
comprise a series of memory blocks that are interconnected recurrently. They acquire
knowledge of long-term dependencies by retaining previous information within their
memory blocks and utilizing it to compute the output of the current block based on both
previous and current input. Hence, LSTM networks are well-suited for modeling temporal
sequences, making them particularly appropriate for tasks involving time-series data
such as spectrograms and phase features extracted using STFT. These features inherently
represent a time-series sequence of frequency domain features, rendering LSTM networks
suitable for learning the long-term dependencies essential for DC AMR speech detection.

In this study, we propose two different LSTM-based systems for DC speech detection.
The baseline LSTM system, illustrated in Figure 4, comprises two LSTM layers, followed
by one fully connected layer and a classification layer. Each LSTM layer encompasses
256 units with tanh nonlinearity, while the fully connected (FC) layer consists of 512 units
with a sigmoid activation function. The classification layer employs the softmax activation
function, featuring two units corresponding to the SC and DC speech classes, respectively.
Given the input features X (spectrogram or phase spectrum features), the outputs of the
classification layer yield the posterior probabilities p(Cy|X) and p(Cy|X), where C; and C,
denote the SC and DC speech classes, respectively. Employing the posterior probabilities of
SC and DC classes, the Bayes decision rule, ensuring the minimum classification error rate,
is utilized to make decisions. This rule is defined as follows:

Decide (Cq, p(C1|X) > p(C2|X)
Decide Cp, p(C2|X) > P(Cy[X)’

Input FC scC
(257x100) "l (512) DC

Figure 4. Proposed baseline LSTM system DC AMR speech detection.

Decision = { 5)

The second system proposed in this study is the parallel LSTM system, illustrated in
Figure 5. The parallel LSTM system comprises two LSTM networks operating in parallel,
where the deep features learned by each branch are fused through concatenation and
subsequently applied to the fully connected (FC) and classification layers. The motivation
behind proposing the parallel LSTM system is to explore whether the magnitude spectrum
(spectrogram) and phase features convey complementary information when simultaneously
utilized in each branch of the parallel system. Each branch of the parallel system is designed
to learn different levels of information due to the diverse inputs, enabling the learned deep
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embeddings to be fused to enhance the performance of DC AMR detection. Each branch of
the parallel LSTM system consists of two LSTM blocks, each containing 256 units with a
tanh activation function. The outputs of the second LSTM block of each branch are then
flattened, resulting in 25,600 -dimensional deep features from each branch. These features
are concatenated to form a single 51,200 -dimensional super vector, which is subsequently
fed into two FC layers comprising 512 and 256 units with rectified linear unit (ReLU)
activations, respectively. The classification layer consists of 2 units representing the SC and
DC classes, utilizing softmax activation

Inputy
(257x100) |

Spectrogram

Concatenation FC FC sc
(51,200) " (612) (256) DC

Phase

Figure 5. Proposed parallel LSTM system for DC AMR speech detection.

All parameters in both systems, such as the number of LSTM and FC blocks, the num-
ber of units in each layer, and the activation functions, are optimized based on preliminary
experiments. The best-performing parameters are then employed in the proposed methods.

6. Experimental Setup
6.1. Database

Double-compressed AMR audio detection experiments are conducted on the TIMIT
dataset [39]. TIMIT is a well-known audio dataset commonly used for speech and speaker
recognition. It comprises 6300 speech recordings sampled at 16 kHz from 630 different
speakers, with each speaker having 10 different utterances. Among these utterances, two
speech recordings (SA1 and SA2) are shared by all speakers.

For the AMR-NB codec, all speech signals in the database are initially downsampled
to 8 kHz, as the AMR-NB codec operates on narrowband signals. Subsequently, all speech
signals in the database are compressed using the AMR-NB codec at eight different bit rates,
ranging from 4.75 kbps to 12.2 kbps. This process yields a total of 50,400 SC AMR-NB
speech recordings (6300 x 8 = 50,400). These SC AMR-NB files are then decoded and
recompressed at eight different bit rates to generate DC AMR-NB signals. Consequently, we
obtain a total of 403,200 double-compressed AMR-NB audio files (6300 x 8 x 8 = 403,200).

A similar procedure to the one used for the AMR-NB database generation is applied
to generate the SC and DC AMR-WB speech signals. The speech signals in the TIMIT
database, sampled at 16 kHz, are utilized to generate the AMR-WB-coded signals. Since
the AMR-WB codec employs nine different bit rates ranging from 6.6 kbps to 23.85 kbps,
the AMR-WB database comprises a total of 56,700 SC speech signals (6300 x 9 = 56,700)
and 510,300 DC speech signals (6300 x 9 x 9 = 510,300).

In the experiments, one-second-long speech signals are utilized. If a signal’s duration
exceeds 1 s, its first one-second portion is cropped. Conversely, if the signal is shorter
than 1 s, its samples are duplicated and appended to the signal to achieve a one-second
duration. For each dataset, 25% of the speech signals are allocated for training the DC
signal detection system, while the remaining signals are used for validation and testing.
Since SA1 and SA2 utterances are shared by all speakers in the dataset, the validation set
comprises only these signals. To ensure the effectiveness of the model in distinguishing DC
signals from SC signals, the training and test sets are disjoint in terms of speaker allocation.
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This prevents the system from potentially learning to differentiate between speakers rather
than detecting DC signals.

6.2. Feature Extraction and Classifier Setup

The proposed LSTM-based systems in the experiments utilize magnitude spectrum
(spectrogram) and phase spectrum representations of the speech signals as input. These
feature representations are computed using STFT analysis of the signal. To achieve this,
speech signals are segmented into short frames lasting 25 ms each (containing 200 and
400 speech samples for narrowband and wideband signals, respectively) with a frame shift
of 10 ms, resulting in a frame rate of 100 frames per second. Each frame is then multiplied
by a Hamming window, and a 512-point DFT of each windowed frame is computed to
obtain complex-valued Fourier transforms. Subsequently, the spectrogram is computed
by taking the logarithm of the magnitude of the STFT spectrum of the signal. The phase
spectrum representation is obtained by computing the angle of the STFT spectrum and then
applying phase unwrapping to avoid discontinuities. The resulting spectrogram and phase
spectrum representations are of dimensions 257 x 100, where each dimension corresponds
to the DFT bin and frame indeX, respectively.

The features (spectrogram or phase spectrum features) of the SC and DC speech signals
from the training set are then fed into the LSTM-based DC detection systems as described
in Section 5. All models (LSTM and parallel LSTM networks) are trained using the Adam
optimizer [40]. The networks undergo training for 100 epochs, with an initial learning rate
set to 0.001. If the validation loss increases compared to the previous epoch, the learning
rate is reduced by a factor of 0.95. To prevent overfitting, an early stopping approach is
employed during model training.

6.3. Performance Criteria

Given that DC AMR speech signal detection involves a binary classification task aimed
at distinguishing between DC signals and those of SC, the evaluation of system performance
revolves around true positive and true negative rates (TPR and TNR, respectively). In this
context, the DC speech class is designated as the positive class, while the SC speech class is
regarded as the negative class. TPR , also referred to as sensitivity, represents the probability
of a DC signal being correctly classified as such by the system. It is computed by

o TP
where TP and FN are true positive and false negative values, respectively. TNR, also known
as specificity, in turn denotes the probability of classifying a signal as belonging to the SC
class given that the signal actually is SC. It is computed by

o1 IN
where TN and FP correspond to true negative and false positive values, respectively.
In addition to the TPR and TNR evaluation metrics, the accuracy criterion is employed
to demonstrate the overall performance of the system. It is computed by

TP + TN

Acc[%] =
%] = P T INFFP T EN

100 (8)

7. Experimental Results

In the experiments, we initially assess the performance of individual feature repre-
sentations using the baseline LSTM system for AMR-NB and AMR-WB speech detection.
The average SC and DC detection rates (represented by TNR and TPR values, respectively)
for each feature representation are summarized in Table 1. For each feature, the average SC
detection rates are computed by averaging eight TNR values for the AMR-NB codec (8 BR
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values) and nine TNR values for the AMR-WB codec (9 BR values), respectively. Similarly,
the average DC detection rates (TPR) are determined by aggregating 64 TPR values for the
AMR-NB codec (8 BR1 x 8 BR2 = 64 combinations) and 81 TPR values for the AMR-WB
codec (9 BR1 x 9 BR2 = 81 combinations), respectively. The results presented in the table
reveal considerably higher detection rates achieved using the AMR-NB codec compared to
the AMR-WB encoder, regardless of the feature set used. For instance, while the magnitude
spectrum (spectrogram) features yield a 99.94% SC detection rate with the AMR-NB codec,
it reduces to 76.73% for the AMR-WB codec. Similarly, employing spectrogram features
results in a TPR value of 99.98% with the AMR-NB codec, whereas a degradation of ap-
proximately 20% is observed in the DC detection rate (TPR of 80.06%) when utilizing the
AMR-WB codec. This trend persists for the phase spectrum features as well, indicating that
detecting AMR-WB-coded speech signals is inherently more challenging than detecting
narrowband signals, regardless of the feature representation employed. An important
observation from the table is that, for narrowband AMR-coded speech signals, the pro-
posed phase-spectrum-based features (except the raw phase spectrum) yield comparable
results to spectrogram features. For instance, while spectrogram features achieve a 99.94%
average SC detection rate, CosPhase and DCT+CosPhase features yield average TNR values
of 99.93% and 98.72%, respectively. Similarly, the TPR values obtained using CosPhase
features and DCT + CosPhase features closely match the DC AMR-NB detection rate of
spectrogram features. For wideband-coded speech signals, CosPhase features exhibit
higher detection rates compared to spectrogram features for both SC and DC speech signals.
For instance, while spectrogram features achieve 76.73% and 80.06% average TNR and TPR
values, respectively, cosPhase features further enhance the SC and DC detection rates to
84.03% (approximately 10% relative improvement) and 86.51% (approximately 8% relative
improvement), respectively. The elevated detection rates achieved using phase spectrum
features on both AMR-NB and AMR-WB compressed speech signal detection indicate that
phase spectrum conveys useful information for DC speech detection. Among the three
proposed phase-spectrum-based features, CosPhase features yield the highest detection
rates for both SC and DC speech signals, regardless of the codec. Therefore, CosPhase
features will be utilized in the remaining experiments.

Table 1. Average TNR and TPR values for AMR-NB and AMR-WB codecs obtained using different
feature representations and the baseline LSTM system

AMR-NB AMR-WB
Input
TNR (%) TPR (%) TNR (%) TPR (%)
Spectrogram 99.94 99.98 76.73 80.06
Phase Spectrum 83.40 81.82 68.65 62.46
CosPhase 99.93 99.84 84.03 86.51
DCT + CosPhase 98.72 97.95 57.47 42.81

To further analyze the DC detection rates obtained using spectrogram and CosPhase
features, we present the TPR values for each combination of first and second compression bit
rates (BR1-BR2). Table 2 summarizes the TPR values obtained using spectrogram features
and the baseline LSTM system on the AMR-NB codec. Although there are 64 possible
combinations of BR1-BR2 pairs for DC AMR-NB-coded speech signals, only 6 cases yield
TPR values lower than 100%. Hence, in Table 2, bit rate combinations that provide 100%
detection rates are omitted for clarity. Interestingly, among these six BR1-BR2 combinations
where detection rates are lower than 100%, the BR1 value is consistently 4.75 kbps, and as
the BR2 value increases, the detection rate slightly decreases in general. However, the
reduction in detection rates is negligible.



Appl. Sci. 2024, 14, 4573

12 of 19

Table 2. Detection rates (TPR in %) for DC AMR-NB speech using spectrogram features and the
baseline LSTM network. BR1: first compression bit rate and BR2: second compression bit rate.

Feature System BR1 (kbps) BR2 (kbps) TPR
Spectrogram LSTM 4.75 4.75 99.47
Spectrogram LSTM 4.75 59 99.94
Spectrogram LSTM 475 6.7 99.83
Spectrogram LSTM 4.75 7.95 99.80
Spectrogram LSTM 4.75 10.2 99.97
Spectrogram LSTM 475 12.2 99.72

The DC AMR-NB detection rates obtained using the proposed CosPhase features
and the baseline LSTM system for each possible BR1-BR2 combination are reported in
Table 3. The results summarized in the table demonstrate the effectiveness of phase
spectrum features in detecting DC AMR-NB speech signals. Nearly all of the detection rates
reported in the table (except for three entries) exceed 99.5%, indicating the efficacy of the
proposed features. The lowest detection rate (98.82%) is observed when BR1 = 12.2 kbps
and BR2 = 4.75 kbps, corresponding to a radical down-transcoding procedure.

Table 3. Detection rates (TPR in %) for DC AMR-NB speech using CosPhase features and the baseline
LSTM network.

BR2 (kbps)
475 5.15 5.9 6.7 7.4 7.95 10.2 12.2

4.75 99.89 99.83 99.39 99.20 99.97 99.97 99.83 99.94
5.15 99.47 99.58 99.86 99.89 99.91 99.97 100 99.94
5.75 99.53 99.86 99.97 99.86 99.94 99.97 99.97 99.97
6.7 99.61 99.97 100 99.89 99.97 100 100 99.97
7.4 99.80 99.97 100 99.72 99.86 99.97 100 100
7.95 99.89 99.91 99.89 99.78 99.97 99.97 99.97 100
10.2 99.78 99.97 99.75 99.91 99.94 100 99.94 100
12.2 98.82 99.75 99.50 99.61 99.53 99.80 99.89 99.83

BR1
(Kbps)

We next investigate the impact of combining information learned from spectrogram
and CosPhase features using the proposed parallel LSTM network structure outlined in
Section 5. Figure 6 illustrates the SC AMR-NB detection rates (TNR values) obtained using
the parallel LSTM system, along with the results obtained using single features with the
baseline LSTM system for comparison. From the figure, it is evident that the parallel LSTM
system outperforms stand-alone spectrogram or phase spectrum features in most cases.
However, it is noteworthy that the TNR values depicted in the figure are very close to each
other, making it challenging to draw a general conclusion solely based on the TNR values.
Hence, the DC AMR-NB speech detection rates obtained using the parallel LSTM system
are reported in Table 4. Notably, perfect detection rates (100%) are observed for the majority
of BR1-BR2 cases. Comparing the detection rates in the table with the results obtained
using stand-alone CosPhase features given in Table 3, it is evident that phase spectrum
and spectrogram features complement each other. Consequently, combining the learned
deep features from the spectrogram and CosPhase features through parallel LSTM further
enhances the detection rates for the AMR-NB codec.
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Table 4. TPR detection rates (in %) for DC AMR-NB speech utilizing spectrogram and CosPhase
features with the proposed parallel LSTM network.

BR2 (kbps)
4.75 5.15 5.9 6.7 7.4 7.95 10.2 12.2
4.75 99.42 99.83 99.75 99.26 99.80 99.58 99.83 99.80
5.15 100 100 100 100 100 100 100 100
5.95 100 100 100 100 100 100 100 100
BR1 6.7 100 100 99.97 100 100 100 100 100
(kbps) 7.4 100 100 99.94 100 100 100 100 100
ps 7.95 100 100 99.97 100 100 99.97 100 100
10.2 100 99.89 100 100 100 100 100 100
12.2 100 99.97 100 99.97 99.94 99.94 99.97 99.97
AMR NB
100r o 8 R 8 § 8 2
209 A A A
o
99.8|
99.7
99.6|

TNR(%)
8
(6]
[m]
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Figure 6. Detection rates (TNR in %) for SC AMR-NB compressed speech obtained using the baseline
LSTM system with spectrogram and CosPhase features and the proposed parallel LSTM system.

In the experiments, we next explore the impact of phase features on DC AMR-WB
speech detection. The DC AMR-WB speech detection rates obtained using individual
spectrogram and CosPhase features with the baseline LSTM network are summarized in
Tables 5 and 6, respectively. The detection rates where CosPhase features are superior
to the spectrogram features are underlined in Table 6 for ease of comparison. Firstly, one
can observe that unlike the AMR-NB codec (Tables 2 and 3), where the detection rates are
consistently higher than 99.5%, DC AMR-WB detection rates are notably lower regardless of
the features. This confirms that DC AMR-WB speech detection is indeed a more challenging
task compared to detecting DC AMR-NB speech. For spectrogram features, when the
first compression bitrate (BR1) is fixed, DC speech detection rates generally decrease as
the BR2 value increases. Similarly, a similar observation is noted when BR1 increases
for a fixed value of BR2. Regarding the CosPhase features, higher detection rates are
observed as BR1 (or BR2) increases for a fixed value of BR2 (or BR1). Upon comparing the
results obtained using the magnitude spectrum (Table 5) and phase spectrum (Table 6),
it becomes evident that in most cases, CosPhase features exhibit superior performance
to spectrogram features. For instance, while a TPR value of 71.46% is obtained using
spectrogram features when BR1 = 23.85 kbps and BR2 = 18.25 kbps, a considerable relative
improvement of approximately 35% is observed using CosPhase features, yielding a TPR
value of 96.82%. Similarly, when BR1 = 23.85 kbps and BR2 = 23.05 kbps, CosPhase features
yield approximately 38% higher detection rates than spectrogram features. The results
summarized in Tables 5 and 6 underscore the considerable impact of phase spectrum
features on AMR-WB-coded speech detection, significantly enhancing DC speech detection
performance compared to magnitude spectrum features.
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Table 5. Detection rates (TPR in %) for DC AMR-WB speech using spectrogram features and the
baseline LSTM network.

BR2 (kbps)
6.6 8.85 1265 1425 1585 1825 19.85 23.05 23.85

6.6 9276 9514 9472 9525 9487 9456 9499 9541 95.14

8.85 93.09 9253 9393 9403 9317 9418 93.87 9397  96.06

12.65 89.68 89.12 8631 8646 84.64 8581 8619 8748  90.56

1425 8943 8891 8650 8546 84.03 8462 8583 85.64 89.49

BR1 1585 8930 8763 8531 8539 8326 8433 8541 8583 89.18
(kbps) 1825 8830 87.09 8416 8391 8135 8290 8322 8332 8813
1985 8759 87.02 84.03 8341 8094 8225 8238 8334 87.63

23.05 8650 8587 8225 81.63 79.89 80.87 81.19 8171  86.92

238 7981 7813 7355 7387 7002 7146 7217 7192 73.20

Table 6. Detection rates (TPR in %) for DC AMR-WB speech using CosPhase features and the baseline
LSTM network. The underlined entries in the table indicate the BR1-BR2 combinations with higher
detection rates in comparison to results obtained using spectrogram features in Table 5.

BR2 (kbps)
6.6 8.85 12.65 1425 1585 1825 19.85 23.05 23.85

6.6 6290 5635 8535 8828 8995 9361 9481 97.07 94.03

8.85 65.12 5723 86.08 8956 9219 9575 9648 9849 95.75

12.65 6596 5535 8456 8937 9071 9514 9619 98.03  95.60

1425 6640 56.77 8635 8826 8995 9541 96.61 9822 9546

BR1 1585 6654 5730 85.69 8958 90.96 9470 9592 9841  95.27
(kbps) 1825 66.40 5717 8845 9056 9142 9520 9635 9832  95.64
19.85 6596 5824 8698 90.08 9150 9535 9631 9832  95.64

23.05 6811 59.22 8924 9196 9263 9579 96.82 9832  95.96

2385 7190 70.10 8847 92.00 9322 96.82 9799 99.26  94.60

Finally, we investigate the performance of combining deep features learned through
the proposed parallel LSTM system on AMR-WB-coded speech signals. The SC AMR-WB
speech detection rates obtained using the parallel LSTM system are shown in Figure 7.
Additionally, the TNR values obtained using spectrogram and CosPhase spectrum features
with the baseline LSTM system are depicted in the figure to facilitate comparison between
the proposed parallel system and the baseline system. It is evident from the figure that the
parallel LSTM system outperforms the stand-alone systems regardless of the compression
bit rate value. Similarly, CosPhase features yield higher TNR values than spectrogram
features, irrespective of the bit rate. These two important observations suggest that (i) phase
spectrum features are more representative than magnitude spectrum features for detecting
SC AMR-WB speech, and (ii) phase spectrum features and spectrogram features convey
complementary information. Combining the deep embeddings learned from these two
features through the proposed parallel LSTM network further enhances SC AMR-WB
speech detection.

The DC AMR-WB speech detection rates obtained using the proposed parallel LSTM
system for each BR1-BR2 combination are summarized in Table 7. In the table, underlined
entries indicate BR1-BR2 combinations where the parallel LSTM outperforms the baseline
LSTM system with CosPhase features (Table 6), while bold numbers highlight cases where
the parallel LSTM yields higher detection rates than the baseline LSTM system with spec-
trogram features (Table 5). The results reveal that combining deep features learned by the
parallel LSTM network from two different sources (magnitude and phase spectrum) con-
siderably improves DC speech detection rates compared to using single CosPhase features
(Table 6) for almost all BR1-BR2 combinations. For instance, while a 56.35% detection rate
is achieved when BR1 = 6.6 kbps and BR2 = 8.85 kbps using stand-alone CosPhase features,
employing the parallel LSTM network, which combines two deep features, increases the
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detection rate to 74.64%, representing an approximately 32% performance improvement.
The only exception where the parallel LSTM results are slightly lower than the phase
spectrum features is when BR2 = 23.85 kbps. However, the performance difference between
the two systems (parallel LSTM and LSTM with phase spectrum) is not considerably large.
Similarly, the parallel LSTM outperforms the spectrogram features for almost every second
compression bit rate, except for 6.6 and 8.85 kbps. Interestingly, when the BR2 value is
either 6.6 kbps or 8.85 kbps, the spectrogram features yield better DC speech detection
rates than the phase spectrum features or the parallel LSTM system. This observation
suggests that magnitude spectrum features are more effective when the BR2 value is very
low. With the exception of these two very low BR2 values, the parallel LSTM results are
advantageous over stand-alone spectrogram features.

AMR WB
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Figure 7. Detection rates (TNR in %) for SC AMR-WB speech obtained using the baseline LSTM
system with spectrogram and CosPhase features and the proposed parallel LSTM system.

Table 7. TPR detection rates (in %) for DC AMR-WB speech utilizing spectrogram and CosPhase
features with the proposed parallel LSTM network. Underlined entries indicate conditions where
the parallel LSTM outperforms the baseline LSTM system with CosPhase features (Table 6), whereas
bold numbers indicate cases where the parallel LSTM is superior to the baseline LSTM system with
spectrogram features (Table 5).

BR2 (kbps)
6.6 8.85 12.65 14.25 15.85 18.25 19.85 23.05 23.85

6.6 7378 7464 9131 9370 9376  96.33 97.30 9826  93.61

8.85 77.09 75.56 93.64 94.89 9585 9755 9847 98.99 96.21

1265 75.04 7301 90.96 9330 93.43 96.08 9711 9845 94.64

1425 7589 7332 91.29 93.05 93.20 96.56 9719 98.80  94.49

BR1 1585  76.31 7447 91.61 94.03 93.36 96.50 97.25 98.84 94.84
(kbps) 1825 7619 7353 92,57 93.99 9458 96.56 97.23 98.74  94.70
1985 7642 7564 9148 9324 93.70 96.86 97.28 98.68 94.81

23.05 7740 7512 93.26 94.72 9474 96.88 97.63 98.93 95.31

2385 7945 79.79 9186 9416 9395 9690 98.03 99.22  95.27

8. Discussion and Conclusions

In this study, we investigated phase-spectrum-based features for DC AMR narrowband
(AMR-NB) and wideband (AMR-WB) speech detection. To the best of our knowledge, this
is the first study to utilize phase spectrum features for DC audio or speech detection tasks.
We demonstrated that compressing a speech signal for the first time using the AMR-NB
codec significantly affects phase spectrum components above 500 Hz compared to the
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uncompressed (original) signal. Additionally, SC speech signals compressed at different bit
rates exhibit distinct phase spectra (left panel of Figure 2). Similarly, we observed differences
in phase spectra of DC narrowband speech signals at higher frequencies (right panel of
Figure 2). Likewise, phase spectra of SC AMR-WB speech signals differ from the original
speech signal, and compressing the speech signals for the second time has a considerable
impact on the phase spectrum compared to the SC speech spectrum (Figure 3). Based
on these observations, it is evident that the phase spectrum can serve as a discriminative
feature to distinguish SC and DC-AMR-coded speech signals for both AMR-NB and AMR-
WB codecs. We proposed three different phase spectrum-based feature representations for
DC AMR speech detection: (i) conventional STFT phase spectrum, where the unwrapped
phase spectrum of the STFT of the speech signal was used as the features; (ii) CosPhase
features, where cosine normalization was applied to the unwrapped phase spectrum to
reduce the dynamic range of the features; and (iii) DCT + CosPhase features, where discrete
cosine transform was applied to the cosine normalized features to obtain uncorrelated
feature representations. The magnitude spectrum (spectrogram) was also used as the
baseline feature to compare the performance of the proposed phase spectrum features.

In addition to proposing phase-spectrum-based features for DC AMR speech detection,
we introduced a novel DNN-based classification system based on LSTM networks. LSTM
networks are renowned for their exceptional performance on time-series data, and since
both the spectrograms and phase spectra serve as time-series representations of magnitude
and phase information, respectively, we utilized LSTM networks for DC AMR detection.
To the best of our knowledge, this is the first study to propose the use of LSTM networks
for DC audio detection. Furthermore, alongside traditional LSTM networks, we proposed a
parallel LSTM system for DC AMR speech detection. This parallel LSTM system simultane-
ously receives both spectrogram and phase spectrum as inputs and processes these features
separately to learn the most representative deep features. Subsequently, the learned deep
feature representations are concatenated to form a single feature vector, encompassing
both magnitude and phase information. This concatenated feature vector is then applied
to the fully connected (FC) and classification layers. Our goal with this approach was to
investigate whether magnitude and phase spectra convey complementary information for
the DC AMR speech detection task.

Experiments conducted on the TIMIT database showed that CosPhase and DCT + CosPhase
features yield as good performance as magnitude spectrum features on the AMR-NB codec
(Table 1). For example, while the spectrogram feature gave a 99.98% true positive rate (TPR)
for AMR-NB-coded DC speech signals, a TPR of 99.84% was obtained using CosPhase
features. Conversely, for the AMR-WB codec, CosPhase features were found to be superior
to the spectrogram features (86.51% vs. 80.06% TPR values) using the baseline LSTM-based
classifier (Table 1).

The superior performance of the CosPhase features was expected because the dynamic
range of the unwrapped phase spectrum features exhibits large variations, which possibly
makes it difficult to accurately model the phase information. However, applying the cosine
function to the phase spectrum reduces the dynamic range of the features and normalizes
them within the range [—1,1]. Hence, this helps the classifier learn the discriminative
features more accurately. Utilizing the proposed parallel LSTM network using spectrogram
and CosPhase features further improved the DC AMR-NB speech detection performance
compared to the stand-alone CosPhase features with the baseline LSTM network. For ex-
ample, stand-alone CosPhase features yielded a 100% TPR for only 9 out of the possible
64 BR1-BR2 combinations (Table 3), whereas the parallel LSTM system with spectrogram
and CosPhase inputs achieved a perfect detection rate (100% TPR) in 45 BR1-BR2 cases
(Table 4). This observation suggests that the CosPhase features convey complementary
information to the spectrogram features; hence, fusing the learned deep features further im-
proves the detection rates for the AMR-NB codec. Additionally, the computational speeds
of the proposed baseline LSTM and parallel LSTM systems for processing a single trial
(one input signal) were compared. It was found that the baseline LSTM system completes
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a prediction in 0.05 s, while the parallel LSTM system requires 0.07 s. The difference in
computation time is expected since the parallel LSTM simultaneously propagates two
input features (spectrogram and phase spectrum) through two distinct LSTM branches,
thereby extending the prediction time. Nonetheless, the prediction times for both systems
are relatively short, demonstrating that the proposed system is capable of operating in
real time.

Experimental results carried out using the AMR-WB codec showed that detecting DC
AMR-WB speech signals is a more challenging task than detecting AMR-NB speech signals.
The detection rates obtained using the AMR-WB codec (TNR or TPR values) were found to
be considerably lower than those obtained using the AMR-NB codec. However, CosPhase
features were found to be significantly superior to spectrogram features in detecting AMR-
WB-coded speech signals. For instance, while a TPR value of 71.92% was obtained using
spectrogram features when BR1 = 23.85 kbps and BR2 = 23.05 kbps (Table 5), CosPhase
features brought approximately a 38% relative improvement, yielding a TPR value of
99.26% (Table 6). The use of both spectrogram and CosPhase features with parallel LSTM
further improved SC (Figure 7) and DC AMR-WB speech detection (Table 7) performances
independently of the compression bit rates. This again highlights that CosPhase features
complement spectrogram features, and the combination of both phase and magnitude
spectrum information significantly enhances the detection performance for the AMR-
WB codec.

In conclusion, this research makes a significant contribution to DC AMR speech
detection by introducing phase spectrum features with deep LSTM networks, focusing
on the AMR-NB and AMR-WB speech codecs. Previous studies primarily focused on the
narrowband AMR codec (AMR-NB), and while high detection rates were independently
reported by other researchers, the performance of the AMR-WB speech codec in DC
speech detection remained unknown. Our study reveals that detecting DC AMR-WB
speech presents a greater challenge compared to detecting AMR-NB speech. However,
the utilization of phase spectrum-based features notably enhanced the detection rates.
Furthermore, integrating magnitude and phase spectrum features through the proposed
parallel LSTM architecture further boosted the detection rates. These findings underscore
the potential of phase spectrum features in DC audio or speech detection tasks, which
hold significant relevance from an audio forensics standpoint. Future studies may explore
the performance of phase spectrum features on perceptual audio codecs such as MP3
and AAC, expanding beyond speech codecs. Additionally, investigating the efficacy of
phase spectrum features on DC AMR speech signals using various DNN architectures and
angular margin softmax losses presents promising avenues for further research.
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