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Abstract

To this day, analog high frequency radio transmissions play a pivotal role in some vital
sectors of our society, such as marine, aviation and police communications. However, the
listening experience for such recordings is limited due to the highly distorted transmission
channel and the dependency on accurate carrier frequency generation. In this thesis, neural
network-based solutions to three of the main causes of poor listening quality are presented,
using single-sideband modulated speech signals as an example of high frequency analog radio
communication. First, a reliable speech activity estimation is presented to avoid the strenuous
task of tracking the inactive, noisy high frequency channel. The developed architecture, which
to this day achieves the best published results on the public Fearless Steps data, is shown to
outperform comparable activity estimators. As a second challenge, a frequency shift in the
recorded signal due to a mismatch between the modulation and demodulation frequency is
identified. This is a challenge specific to analog transmission systems, which can lead to a
highly reduced quality and intelligibility of the recorded speech signal. Here, two network
architectures are designed and compared to a state-of-the-art statistical estimator. Third, a
source separation network is adapted to extract the speech signal from the noisy recording,
which leads to an improvement of more than 20 % in the speech intelligibility metric STOI.
The models for the different tasks are combined into one system to improve the signal quality
and intelligibility at the receiver in a single step. For all combinations of the presented models
a large gain in both intelligibility and speech quality is reported.
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1 Introduction

In today’s communication systems, analog radio transmissions are increasingly replaced by
their digital counterpart. However, analog modulation techniques are still of interest for
aircraft, marine and police communication. Despite these important use cases, only a few
studies in recent years dealt with the improvement of listening quality in recordings of high
frequency transmissions, e.g., [1] and [2].

This thesis aims to offer modern approaches based on deep learning to solve some of the main
challenges in analog high frequency (HF) communication. Most of the systems discussed in
this thesis are based on neural networks (NN), as research in the last decades has shown the
benefits of this data-driven approach for various tasks. A few examples for advances based on
NNs are the design of an automatic speech recognition (ASR) model on-par in performance
with human transcribers on some databases [3], a close to perfect separation of a mixture of
multiple speakers [4] and the development of a speaker recognition systems with an error
rate close to zero even for a large number of speakers [5]. Some of these algorithms have also
shown impressive feats in real world applications like home assistants [6], chatbots [7] and
more.

Three of the key unresolved challenges of analog HF communication are explored in this
work, i.e., speech activity detection (SAD), noise reduction (NR) and carrier frequency offset
(CFO) estimation and correction. A CFO is the frequency difference between the frequency

Content

T
R SAD SE BE

CFO-C NR

“Content”

Report activity

Enhanced
Content

Channel
distortions

Figure 1.1: Illustration of a multi-stage speech signal processing system for analog HF recordings,
where SE includes both the CFO correction (CFO-C) and noise reduction techniques. T
represents the transmitter, R the receiver and BE stands for a back-end, e.g., an ASR
system.
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Introduction 2

generated in the modulation oscillator in the transmitter, which is used to modulate the
baseband signal to the transmission band, and the frequency generated in the demodulation
oscillator of the receiver, which is used to demodulate the signal back to the baseband. These
three tasks are chosen as example for challenges in HF signal processing because they are
interdependent, and a reliable solution to each task provides a high impact with respect
to the listening experience. Furthermore, a combination of these systems can be used as a
front-end for subsequent processing like speaker recognition or ASR. An example of such a
processing pipeline is displayed in Figure 1.1.

One possible application for the discussed system is an assistance system for air traffic control:
The SAD component alerts the ground personnel at an airport of possible activity in a
frequency band, while the speech enhancement systems could reduce intelligibility issues.
Since most remaining applications of analog HF have strong safety requirements, only systems
optimized for the use-case with a very low error rate can be considered. To achieve this
goal with the help of neural networks, two steps must be taken. First, a database for
training and evaluation has to be designed, which is as close as possible to the described
use-case. The second step is the creation of network architectures specific to the tasks and
data.

To lead through these steps and give an introduction into speech processing on analog HF
data, the thesis is structured as follows. First, Chapter 2 provides a brief introduction to
the basics necessary to understand the particularities of analog HF transmissions. Then,
the current work in SAD is presented in Section 3.1 and in Section 3.2 an overview over
possible approaches for CFO estimation is given. Afterwards, the state-of-the-art in speech
enhancement (SE) is discussed in Section 3.3, focusing on single channel noise reduction
as a special case of source separation for two sources. In ??, a database of real analog HF
recordings is described and a simulation tool is presented to supplement or replace the real
data during training.

Chapter 5 and Chapter 6 introduce and evaluate the architectures and baselines for the SAD
and CFO correction task, respectively. For both tasks statistical and NN-based systems are
discussed. Although the focus of this work lies on NN for speech processing, a statistical
baseline system can often be considered. A description of the SE system is given in Chapter 7,
and the performance of the described system is evaluated for both source separation on
simulated two speaker mixtures and noise reduction on HF transmitted signals. In Chapter 8,
the individual systems for SAD, CFO correction and noise reduction are combined and
evaluated. Finally, a conclusion and an outlook for future research on these topics are given
in Chapter 9.



2 High Frequency Radio Transmission

Analog high frequency (HF) transmissions date back to the late 19th century when Tesla
demonstrated the first wireless transmission system [8]. A few years later, the first high
frequency communication system was presented by Marconi [9, p. 4]. Over the years more
and more complex transmission systems were deployed leading to the first mobile telephone
system in 1946 [9, p. 4]. The following years saw some breakthroughs with the publication
of Shannon’s work [10] and the development of the cellular principle [8]. Many of today’s
wireless communication devices can be attributed to techniques developed in the 1970s [11,
p. 2]. Wireless communication stayed a focal point of research and in the 1990s the digital
transmission techniques started to replace the analog systems [9, p. 6]. Digital transmissions
offer many benefits like higher speech quality, higher flexibility, data encryption and more [12,
p. 5]. Although these strengths of the digital systems lead to the mostly digital communication
system of our days, there are still tasks for which analog transmission is an important tool, like
marine and aircraft communication [2]. Analog transmission is still used for many of these tasks
due to its low power demands for long distance communication [13].

During the last decades the design of both the analog and digital HF radio systems evolved
by shifting the focus from hardware to software development [14, p. 3]. The resulting design
idea is called software-defined radio and allows for more flexibility of these communica-
tion systems by controlling some or all of the physical layer functions via software [15,
cha. 1].

In a radio communication system an information or baseband signal is modulated with a
carrier frequency FM which is very high compared to the baseband bandwidth [11, p. 255].
Afterwards, the modulated signal, i.e., the bandpass signal, is transmitted via an antenna.
At the receiver the recorded signal is demodulated using a predefined carrier frequency FD,
which is as close as possible to the modulation frequency.

An illustration of a communication system is depicted in Figure 2.1. The next sections
discuss each of the stages of the systems individually and introduce the signal properties of
the resulting speech recordings. Finally, an overview over current databases for research on
analog HF speech signals is given.

Modulation Channel Demodulation

FM FD

Information
signal

Received
signal

Figure 2.1: Illustration of a transmission system.
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High Frequency Radio Transmission 4

2.1 Modulation

Over the years, a host of different modulation techniques has been investigated. The two
most common approaches for analog transmissions are frequency and amplitude modula-
tion [11, p. 255]. While frequency modulation offers a higher noise immunity than amplitude
modulation, it also requires a larger bandwidth [11, p. 256].

In this work, only single-sideband (SSB) modulation is considered, which is a specific form
of amplitude modulation. The SSB method was derived in 1915 by John R. Carson [16].
Historically, SSB was first introduced to the broader public in 1923, when a trans-Atlantic radio
telephone demonstrated the capability of SSB modulation [17, p. 1-2]. Although SSB profits
from a lower bandwidth and power requirements than other amplitude modulation approaches
like double sideband (DSB), the higher dependency on frequency stability and selectivity in
the receiver delayed its rise to prominence in HF transmission until the 1950s [18, p. 3]. In
1990 SSB was declared the international standard for HF broadcasting and was recommended
by the International Telecommunication Union (ITU) [19]. This declaration was withdrawn
in 2012 but SSB is still a standard for maritime mobile service [20].

SSB is a form of amplitude modulation, where the hermitian symmetry of the Fourier transform
of a real-valued signal is exploited so that the modulated signal occupies the same bandwidth
as the original baseband signal [11, p. 260]. This is worth mentioning because other amplitude
modulations like DSB require twice this bandwidth [21, p. 176].

The SSB signal can be mathematically expressed using the analytic signal s+
t of the baseband

signal st [22] with

s+
t = st – j · H{st} = st – j · st ∗

1
πt

, (2.1)

where H{·} is called the Hilbert transform [23] and ∗ is the convolutional operator. Ap-
plying the ideal Hilbert transform to a signal leads to a 90◦ phase shift between the real
and imaginary part of the signal. The combination of the signal and its phase-shifted
counterpart results in a spectrum of the analytic signal which is zero for all negative frequen-
cies:

S+
ω = Sω – j · (j · sgn(ω) · Sω) = Sω + sgn(ω) · Sω =

{
2 · Sω if ω ≥ 0
0 otherwise

. (2.2)

Similarly, a signal s–
t = st + j ·H{st} is derived with a spectrum S–

ω that is zero for all positive
frequencies.

For the SSB modulation the analytical signal is shifted to a higher frequency resulting in the
so called bandpass signal

xSSB
t =

√
2R{ s+

t exp (j2π · FM · t)}
=

√
2st cos (2π · FM · t) –

√
2H{st} sin (2π · FM · t) (2.3)
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for a sinusoidal carrier, where R{·} reduces a signal to its real part. The frequency spectrum
of the bandpass signal for a modulation frequency FD greater than the bandwidth of the
baseband signal can be written as

Xω = 1√
2

(Sω ∗ (δ(ω – 2πFM) + δ(ω + 2πFM))

+ (sgn(ω) · Sω) ∗ (δ(ω – 2πFM) – δ(ω + 2πFM))) , (2.4)

=
√

2

{
S+
ω ∗ δ(ω – 2πFM) for ω ≥ 0

S–
ω ∗ δ(ω + 2πFM) otherwise

. (2.5)

Since S+
ω and S–

ω only require half the bandwidth of Sω, X occupies the same bandwidth as
Sω.

SSB modulation is a carrier suppressed modulation because the carrier does not influence the
average power of the bandpass signal xSSB

t . This is easily verified by calculating the power of
the bandpass signals using Parseval’s theorem [21, p. 42].

The equation above describes a specific form of the SSB modulation called upper sideband
(USB) because only the spectrum for the positive (upper) frequencies of the baseband signal
are modulated. From this analytical signal the negative frequencies of the spectrum can be
calculated using the hermitian symmetry of the Fourier transform for real-valued signals. If
only the spectrum for the negative (lower) frequencies of the baseband are modulated, the
approach is called lower sideband (LSB) modulation [11, p. 260]. This modulation can be
achieved by replacing s+

t with s–
t in Equation (2.3), which leads to a modulated signal with a

spectrum that only contains S–
ω in the positive frequencies. An illustration of the described

USB modulation steps for a sinusoidal carrier is depicted in Figure 2.2.

There are different approaches to generate a SSB signal. One is called balanced modulator
and can be considered a direct implementation of Equation (2.3) [11, p. 261]. Another method
sends a double sided amplitude modulation signal through a bandpass filter to remove the
unwanted sideband [11, p. 260]. A third approach called Weaver method uses an intermediate
frequency to remove the negative sideband with a lowpass filter [24].

After modulating the information signal, it is transmitted over a HF channel via an an-
tenna.

2.2 Transmission

In this work all signals are transmitted over HF bands, where HF is a designation for
frequencies between 3 and 30 MHz according to a recommendation by the ITU [25]. The
considered HF transmissions are propagated either as ground or sky waves [26, p. 260].
Here, ground waves imply a transmission to the receiver by reflection at the surface without
refraction in the ionosphere. These ground waves can travel a distance of up to 100 km for
specific antennas and surfaces [27].

Sky waves travel to the ionosphere, where they are refracted by collision with free ions and
diverted back to earth. Although this propagation allows the waves to travel farther distances,
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ω

Sω R

Hilbert
transform ω

I

√
2 sin (ωM · t)

√
2 cos (ωM · t)

ωωM-ωM

R

ω

ωM-ωM R

+
ω

Xω

ωM-ωM

R

-

Figure 2.2: Illustration of USB modulation with a sinusoidal carrier for a baseband signal with a
positive, real-valued triangle function as Fourier transform and ωM = 2π · FM. The
green boxes show the Fourier transform of the signal. The symbol in the corner of each
box symbolizes the displayed signal part (real: R or imaginary: I)

it also leads to increased variation of the transmission conditions [26, p. 69]. These conditions
are mainly influenced by the state of the ionosphere, which is dependent on solar activity [17,
ch. 11]. For further information regarding the propagation of HF in the ionosphere refer
to [26, ch. 4].

Both propagation modes can lead to the received signal consisting of multiple scaled and
delayed reflections of the original transmission, which is called “multi-path” [21, p. 113].
These distortions can be represented by a finite impulse response filter [28, p. 246], similar to
the distortion in recordings of reverberant environments [29]. After the transmission, the next
step is the demodulation and signal reconstruction at the receiver.

2.3 Demodulation

The first stage of any HF receiver is an antenna with a subsequent amplifier [21, p. 288].
Afterwards a generic SSB receiver has to fulfill three tasks, which are frequency selection, de-
modulation and amplification [21, p. 288]. For most radio receivers these tasks are solved using
the super heterodyne principle [21, p. 288]. However, with the rise of software defined radios,
the zero-IF approach has gained attention [15, p. 11]. In contrast to the super heterodyne
principle the received real-valued bandpass signal yBP

t is not translated to an intermediate fre-
quency (IF), but directly demodulated to the complex-valued analytic baseband signal y+

t with
the in-phase and quadrature (IQ) components as the real (I) and imaginary part (Q) [15, p. 12]
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ω

Xω

ωM-ωM

R
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Figure 2.3: Illustration of an idealized zero-IF demodulation with a positive, real-valued triangular
function as Fourier transform and ωM = 2π · FM = 2π · FD. The green boxes show the
Fourier transform of the signal. The symbol in the corner of each box symbolizes the
displayed signal part (real: R or imaginary: I)

it = LP
{

yBP
t · cos (2π · FD · t)

}
, (2.6a) qt = LP

{
yBP

t · sin (2π · FD · t)
}

, (2.6b)

where LP{·} is a low pass filter with a cut-off frequency below FD – FM and FD is the
demodulation frequency. This approach is especially beneficial for software defined radios
compared to the digitization of the signal at the IF, since digitizing the IQ signal reduces the
maximum frequency of the signal and thus the necessary sampling rate, resulting in a reduced
power consumption at the analog-to-digital converter [15, p. 12].

After demodulation the IQ-signals are further processed by an amplifier with automatic
gain control (AGC) to reduce fluctuations in their amplitude [17, p. 3-7]. A generic AGC
consists of a comparator that tracks the difference of the energy of the output signal with a
reference level to adjust the gain applied to the input signal [14, p. 29]. Therefore, it can
be represented by an infinite impulse response filter [14, p. 31]. In software defined radios,
the AGC is especially tasked to maintain the signal amplitude at a level compatible with
the analog-to-digital converter (ADC) to prevent non-linear distortions caused by signal
clipping [14, p. 29].

The transmitted signal can be reconstructed by phase-shifting qt by 90◦ and adding it to it in
case of USB and by subtracting the phase-shifted quadrature from the in-phase component
for LSB modulation [21, p. 293]:

yt = R {it ∓ jqt} . (2.7)
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Reducing the complex-valued basisband signal to its real part forces the signals values for posi-
tive and negative frequency to be identical, thereby removing all additional information located
in the negative frequencies. In case of perfect reconstruction no information is lost since pre-
vious steps already moved all information to the positive frequencies.

One reason for not digitizing the real-valued reconstructed signal but the IQ component is that
different analog and digital modulation types can be recovered from the IQ signal (e.g. LSB,
USB, quadrature modulation [28, p. 88]) and some errors in the demodulation frequency can
be rectified. This is partly due to missing information in the negative frequencies which would
be lost if only the real-valued signal is stored. An illustration of the zero-IF demodulation
with perfect knowledge of the modulation frequency (FD = FM) and a perfect channel, i.e.,
yBP

t = xSSB
t , is displayed in Figure 2.3.

All prior discussions assume perfect knowledge of the modulation frequency and an idealized
oscillator for the carrier signal generation for both modulation and demodulation. In such an
idealized scenario the quadrature component qt of an SSB signal is not required to reconstruct
the transmitted signal but it can be used to reject interfering signals from the opposite
sideband [21, p. 292].

After the signal is demodulated, it can now be further manipulated by subsequent signal
processing. The next section gives an overview over the challenges of HF signals for further
processing steps.

2.4 Signal properties

An analog HF recording is a challenging signal because of distortions due to multi-path
propagation, concurrent transmissions and non-linearities in the transmission and receiver
system. The non-linearity in the systems may lead to so called intermodulation distortions,
which can be represented by scaled repetitions of the original signal with a shifted center
frequency [21, p. 114]. In the demodulated signal these repetitions overlap with the original
signal or appear as its harmonics [14, p. 38]. Further non-linear distortions are caused by the
amplitude range compression of the AGC during demodulation.

Possible concurrent transmission in neighboring or overlapping HF channels can be modeled
as an additive distortion. Similarly, the imperfect HF channel and the transmission as
well as the receiver systems can be modeled as additive distortions. Another challenge for
many further processing steps and the human listener is the limited frequency range of the
transmitted signal, which is set at 2.7 kHz following ITU regulations for the considered HF
links.

Another distortion is a shift in the signal frequency spectrum called carrier frequency
offset (CFO), which is caused by imperfect knowledge about the modulation frequency
or small deviations between the frequency oscillator during modulation and demodulation
(FD = FM – ∆f). Because of the high modulation frequencies, even small deviations from
the original frequency can lead to a large frequency shift. For example an oscillator with
an instability of 25 ppm in a transmission over a 7 MHz channel can lead to a CFO of
7 · 106 Hz · 25 · 10–6 = 175 Hz. Reasons for such a deviation in the oscillator frequency can be
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variations in the electrical characteristics of the receiver or transmission components due to
mechanical vibrations or temperature changes [18, p. 92]. Even with perfect knowledge of the
modulation frequency and perfectly stable oscillators small CFOs can be caused due to the
high variability of the ionosphere [17, ch. 11] or a Doppler shift in the signal due to moving
receiver or transmitter, which is a common problem for airplane communication [18, p. 91].
The frequency shift associated with a small CFO can already lead to reduced intelligibility of
the demodulated signal [2]. Furthermore, in some applications, for example amateur radio,
only rough information about the transmission frequency is known so that the CFO can get
very large. For further discussion of CFOs refer to Section 3.2.

Even the general structure of the conversations over HF can be challenging for many signal
processing algorithms, as there are long silence intervals between activities and speech
segments, which can consist of only a few words [OC5]. These short activities are due to the
limited frequency range shared with other transmitting parties. Adherence to the described
transmission style is sometimes called radio discipline.

An advantage for further processing is that the transmitted signal is mostly recorded by a
headset or similar microphone close to the speaker’s mouth. Therefore, the final recording
is not distorted by reverberation or masked by environmental additive noise prior to the
modulation.

After discussing the HF signal in general, the next section deals with some of the HF data
currently used for research on HF signals.

2.5 Databases

During the last decade, the release of two databases has led to an increased research
interest in signal processing on analog HF transmission data: The Robust Automatic
Transcription of Speech (RATS) program [30] and the database released for the Fearless
Steps challenges [31]. For the RATS data a clean signal is transmitted over eight different
channels with different bandwidths and modulations types, leading to a range of degradation
in the recorded signal. The Fearless Steps database, on the other hand, contains recordings
of the communication between the ground personnel and the astronauts from the Apollo 11
mission [31].

On these data multiple publications have presented statistical and neural network (NN)-based
systems for a variety of tasks, including speech activity detection (SAD) [OC4], [32], [33],
speaker identity detection (SID) [34], speech enhancement (SE) [2], language recognition [35],
automatic speech recognition (ASR) [36], [37], and more. However, these databases cannot
be used for most of the supervised NN-based speech enhancement systems discussed in the
next chapter, since no paired data is provided. Paired data means the recording of both the
degraded and the underlying clean speech signal, which is the target signal to be estimated
by an enhancement system. For simulated signals, paired data often includes the distortion
signal that is added to the clean speech to construct the observation.

Another problem not considered in these databases is a possible mismatch between the
modulation and demodulation frequency. While the RATS database includes some data with
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differences in the modulation and demodulation frequencies, the Fearless Steps database
does not explicitly include CFOs because the modulation frequency was always fixed and
known during the Apollo mission. Nevertheless this mismatch is a common problem in HF
transmissions, as discussed above.

In this thesis, a new database is developed which provides high frequency radio transmission
data with paired clean signals. To evaluate the influence of a CFO on the introduced
systems, both recordings with and without a CFO are included in the database. Furthermore,
transmissions in both English and Russian language are recorded to investigate the impact of
different languages on systems like NNs that are reliant on appropriate training data. In ??
the resulting database is described in more detail.

After describing the HF transmissions, the next chapter offers an overview of some possible
subsequent signal processing systems. To be specific, current approaches for SAD, CFO
estimation and SE with a focus on NN-based systems are discussed.



3 Related Work

Speech signal processing using neural networks (NN) has been a focus of research for the
last decade. During this time, the field experienced several breakthroughs, most notably the
effective application of neural networks in automatic speech recognition. This advancement
led to NN-based automatic speech recognition (ASR) systems with a human level accuracy
on some databases [3].

Although researchers have been working on NNs since the 1940s [38, p. 12] with renewed
attention since the 1980s [38, p. 16] due to the invention of the back-propagation algorithm [39],
NN were not a common tool for everyday applications. The breakthrough for a broader
application only started in the years after the development of the greedy layer-wise pretraining
strategy [40] in 2006, after which an increasing number of systems relied on NNs [41]. The
possibilities of applying NNs to increasingly complex applications while outperforming many
former state-of-the-art algorithms, grew with the amount of available data and the increasing
computational capacity [38, p. 18-21].

This trend could also be witnessed in speech processing where by now a variety of tasks
have seen NN-based approaches surpassing the statistical systems. Examples for this rise of
neural networks in speech processing can be found in speech activity detection (SAD) [OC4],
speech enhancement (SE) [42], diarization [43], source separation [44] and so on. However,
ASR still is the most famous application of NNs in speech processing [41], [45]. Other
well known NN-based speech processing tasks include speech synthesis [46] and speaker
recognition [47].

One possibility to appreciate the importance of NNs in speech processing is the high number
of recent speech processing challenges where the top systems are heavily utilizing NNs.
Example for this trend are the CHiME [48], [49] and Reverb challenges [50] for robust
speech recognition, the VOXCELEB challenge for speaker recognition [47], the Dihard
challenges for diarization [51], the Deep Noise Supression Challenge for speech enhance-
ment [42], the Fearless Steps challenges for SAD, speaker identification, diarization and
ASR [31] and many more. A lesson learned from these challenges is that although NN-
based systems can solve most of the presented tasks on clean speech signals, distortions
like low signal to noise ratio (SNR) or reverberation still lead to a significant performance
loss [OC3], [52], [53].

In this work the potential of neural networks for processing speech signals that have been
transmitted over high frequency (HF) channels is shown on the example of SAD, carrier
frequency offset (CFO) estimation and noise reduction (NR). Therefore, new architectures
for SAD and CFO estimation are developed and some well known NR networks are extended.
For all three tasks, the models are comprehensively evaluated and compared with appropriate
baseline systems. All considered NNs consist of a combination of convolutional neural

11
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network (CNN) [54] and recurrent neural network (RNN) [39] layers, which are two of
the most popular architectures for speech processing with NNs [45]. For the RNNs both
gated recurrent units (GRUs) [55] and long short-term memory (LSTM) [56] layers are
considered.

The following sections give an overview over the current research for SAD, CFO estimation
and NR.

3.1 Speech activity detection

Speech activity detection (SAD) has been a subject of research for years, especially as
a preprocessing step of other, more elaborated systems like ASR [57, p. 662], SE [58] or
diarization [59]. SAD, also known as voice activity detection, describes a binary classifier that
declares either speech activity or inactivity for a signal segment. A common approach for
SAD systems consists of an initial feature extraction followed by a speech presence probability
(SPP) estimator and a subsequent decision stage [60]. A block diagram of such a SAD system
is displayed in Figure 3.1.

Features are a representation of the information in the input signal calculated by a trans-
formation function. There is a multitude of possible features for SAD, ranging from the
well-known short time Fourier transform (STFT) [61] to mel frequency cepstral coefficients
and cochleagram-features [62]. Some systems use multiple feature extraction algorithms and
combine the resulting features to allow the classification algorithm to exploit different views
of the data [33], [63].

The currently popular SPP estimators can be split into two categories: statistical [61], [64],
[65] and deep neural network (DNN)-based [33], [66] approaches. In recent years the DNN-

Feature
Extraction

SPP
estimator Decision

Figure 3.1: Block diagram of a SAD system with example output. The lower images show an overlay
of the estimation over the input signal.
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based approaches have consistently shown to outperform the statistical SAD if appropriate
training data is available [OC4], [67], [68]. However, most statistical SAD systems are less
computationally complex and are more robust to changes in the data statistics due to their
unsupervised nature.

The decision stage for both NN-based and statistical SAD can be either a simple thresholding
or a more complex system with automatic smoothing. Many SPP systems have a high
variance in the output, which leads to a high variance in the estimated activity in case of a
simple thresholding. To reduce the variance, which does not correspond to the reality of the
activity in most speech signals, the decision may include smoothing the original estimate.
A simple example for such a smoothing algorithm enforces a minimum duration of speech
activity. Since a human requires around 0.1 s to produce a single phoneme [69, p. 298], the
minimum length of activity segments detected by a SAD system should be at least that long.
There are various ways to achieve a smoothed estimation using a simple median filter, a finite
state transducer [70], smoothing the estimation by pooling over the time dimension in one of
the NN layer [OC4], et cetera. For simplicity only median and NN internal smoothing will be
considered in this work.

The statistical SAD systems may be divided into two groups. One focuses on a combination
of multiple feature extraction algorithms to enable a back-end classification algorithm to
exploit different views of the information [63]. Other systems use basic feature extractions
schemes like the STFT and focus on a multi-step classification system [61]. The statisti-
cal baseline system used in this work for the SAD [OC4] can be assigned to the second
group.

Although there are many competitive statistical SAD systems, this work focuses on NN-based
SAD. Various NN-based SAD approaches have been published over the last decade [32],
[66]–[68]. Depending on the database different architectures and input feature have led
to highly accurate SAD results. A common NN architecture for SAD consists of a CNN
followed by a RNN to capture temporal information, and a fully-connected (FC) classification
layer [68], [71], [72]. Most of these networks rely on different variations of frequency domain
features like the magnitude of the STFT [73, p. 94], Mel frequency cepstral coefficients
(MFCC)- or cochleagram-features [62], [74]. Some systems rely on a combination of different
frequency domain features to provide the system with alternative representations of the
signal [33]. However, these approaches increase the pre-processing pipeline and require large
input layers to map the feature combination to a latent space. Additionally, most of these
feature combinations do not provide additional information but provide the network with
different views of the same information [62]. Therefore, the network could learn to map
one kind of input feature to the appropriate latent representation without a large number
of different features. Some approaches rely on a CNN to extract the features directly from
the time domain signal [75], although previous publications have shown such a feature
extraction may result in less robust features [76], [77]. For this work, only the STFT features
are considered to reduce the scope of the investigation. Additional information like visual
features [78] or a-priori speaker embeddings [79] are not considered since such information
can in general not be provided for high frequency radio transmissions.

The prior discussions are mostly independent of the specific data on which the systems
are running. However, there are some publications regarding SAD on high frequency radio
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transmission as part of the Robust Automatic Transcription of Speech (RATS) program [30]
and the Fearless Steps Challenge [31]. For these databases both statistical and NN-based
SAD systems were presented [OC4], [32], [33]. However, the SAD results achieved on these
databases are not directly transferable to the data considered in this work since they assume
perfect knowledge of the carrier frequency during demodulation in case of the Fearless Steps
database or only small deviations between modulation and demodulation frequency for RATS.
Nevertheless, the SAD system developed as part of this thesis, achieved the lowest error rate
of all contributions to the Fearless Steps 2020 SAD challenge [80], as published in [OC4]. The
introduced system even outperforms the best performing contributions [81] to the follow-up
Fearless Steps 2021 SAD challenge [82].

In the next section the state-of-the-art systems for CFO estimation on single-sideband (SSB)
transmissions are discussed which are applied to speech regions identified by a previous SAD
system.

3.2 Carrier frequency offset estimation and correction

As described in Section 2.4 one source of errors in SSB transmissions is a difference between
the modulation and demodulation frequency, which is also called carrier frequency offset
(CFO). A CFO leads to a shift in the frequency spectrum of the demodulated signal and
therefore to a deterioration of the signal, reducing intelligibility and thus increasing listeners
fatigue [83].

Figure 3.2 depicts an example for a recording with a 500 Hz difference between modulation
and demodulation frequency. One can see that the speech spectrum is shifted to the
higher frequencies, which leads to a change in pitch. This affects the gender and speaker
information in the signal [84] and thereby also degrades many automatic speaker and language
identification systems trained on signals without a CFO [2]. A more vivid description of
the resulting effect is to characterize the recorded speech as “chipmunk-like” [85] or “like a
duck speaking” [2]. This effect can already be witnessed at CFO greater than 5 Hz [85] and
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Figure 3.2: Spectrogram of an analog HF recording in case of a 500 Hz carrier frequency offset.
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significantly decreases the speech quality for CFO above 10 Hz [86]. These effects are the
result of a shift of the speech signal to higher frequencies or a positive CFO. For a negative
CFO the energy in the lower frequencies of the speech signal is lost during demodulation and
with it most of the speech energy, which is located in the lower frequencies [87]. Therefore, a
reconstruction of the original transmitted signal from the demodulated signal in the case of a
CFO is possible only for positive or very small negative CFOs.

The following algorithms for CFO estimation only consider positive frequency shifts to allow
for a CFO correction after the estimation. There are various approaches to estimate a CFO
∆f by exploiting the statistical properties of speech [88]. Many of those systems estimate the
pitch and harmonic frequencies of the signal to calculate the CFO as in [83], [88]. Others
use a third-order modulation spectral analysis [85] or a two-step approach combining a
rough estimate of ∆f using supervised learning algorithms with a subsequent fine-tuning
step [2].

This work presents a statistical and two NN-based CFO estimation algorithms. All three
algorithms are compared and the differences in performance are discussed. Parts of these
investigations have been published in [OC15] and [OC6]. Both the statistical and NN-based
approaches operate in the STFT domain with a high frequency resolution. The first NN-based
CFO estimator segments the spectrum along the frequency dimension and processes each
segment independently in NN layers with shared parameters. Afterwards the calculated
signals are combined and further processed to classify the input signal regarding its CFO. The
second NN architecture considered consists only of CNNs and estimates, for each frequency
bin, whether the speech signal spectrum is shifted to this bin using the information from a
limited number of adjacent frequency bins.

In comparison, the statistical algorithm, called RAKE, filters the power spectrum of the
signal with a filterbank to emphasizes the harmonics in the speech signal for different CFOs
and pitches. Afterwards, the pitch and CFO are chosen dependent on the filtered power
spectrum. As a side note, the RAKE algorithm can also be used to track the pitch of the
active speaker [OC15].

A more thorough explanation of both the RAKE and the NN-based CFO estimators is given
in Chapter 6. After the CFO is estimated the signal spectrum can be shifted to correct the
CFO as discussed in Section 6.3. Most of the enhancement systems discussed in the following
sections are developed for signals without a frequency shift. Therefore, the CFO correction is
a prerequisite for an application of these algorithms on SSB recordings.

3.3 Speech enhancement

Speech enhancement is a generic term, which includes research areas like noise reduction,
source separation and dereverberation [89, ch. 1.2]. In all these areas, the enhancement
system is tasked to improve the audio quality and/or intelligibility of a speech signal. There
is a multitude of applications for speech enhancement including communication, hearing
aids, voice-controlled human-machine interfaces and many speech processing tasks which
profit from a high input signal quality [89, ch. 1]. One can classify the speech enhancement
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Figure 3.3: Illustration of two different speech enhancement scenarios.

task by the number of microphones used during recording as multi-channel, binaural and
single-channel, also called monaural SE [89, ch. 1.2].

Monaural speech enhancement can be traced back more than 60 years and started gaining
more attention in the 1970s [90]. Over the years, different techniques like spectral sub-
traction [91], Wiener filtering [92], [93], signal subspace decomposition [94], computational
auditory scene analysis [95] or parametric [96] and statistical [97] model based enhancement
were developed. Additionally, a host of multi-channel approaches like independent vector
analysis [98], multi-channel non-negative matrix factorization [99] and others [29] were in-
vented, which utilize spatial information to improve the enhancement results. In the 2010s,
the sequential modeling capacity of RNNs was shown to improve NN-based enhancement
systems [100], [101]. This led to an increased attention on NN-based enhancement sys-
tems, culminating in NN-based systems outperforming the common approaches on multiple
databases [102]–[105].

In Figure 3.3 two distortion scenarios are depicted. The first is a scenario commonly associated
with the enhancement task, where the distortions are introduced during propagation of
the speech signal to the microphone [57, p. 844]. Therefore, the recorded signal includes
reverberation, environmental noise and overlapping speaker interference. In the second
image a single person is speaking directly into a microphone and the speech is transferred
to the listener. Here, the distortions are introduced during transmissions and may include
atmospheric distortions, multi-path fading, channel noise and distortion due to the receiver
automatic gain control (AGC), as well as the modulation and demodulation. A possible
third scenario is near-end listening enhancement, where a person is listening to clean speech
on a mobile device in the presence of background noise [106]. In this work only the second
scenario is discussed. Therefore, neither reverberation nor speaker overlap have to be
considered.

As a possible solution for the NR tasks, current systems developed for source separation are
used to reduce additive noise in the observed signal. Here, noise reduction is considered a
special case of source separation for two sources. There are multiple, recent publications that
show the benefits of NN architectures developed for source separation on the NR tasks [107]–
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[109]. In [108], it is shown that training a network to calculate an estimate for both the
speech and noise signal outperforms a network trained to estimate only the clean speech
signal.

The following sections give a short overview of current systems for source separation and NR to
offer an intuition for the network architectures discussed in Chapter 7.

3.3.1 Source separation

In this section the current state of the art in source separation or more specific blind source
separation (BSS) is discussed. BSS is the task of extracting the speech signals of an unknown
number of speakers from an audio recording without knowledge of the mixing situation [110,
p. 47]. A common BSS scenario is called the “Cocktail Party Problem” [111], where a
conversation between multiple participants in a noisy environment is recorded. During recent
years NN-based approaches outperformed the conventional enhancement systems on most
single channel databases with low reverberation [112], [113]. Especially for BSS, NNs achieved
some remarkable results on data with simulated overlap [114]–[116].

Many databases like the WHAMR [117] database, the SMS-WSJ [118] database, the data
recorded for the CHiME-5 challenge [49], and other databases [119]–[122] were published
to further research in this area. For all of these databases there are NN-based [117] and/or
statistical model based systems [OC8] which achieve strong separation results. However, many
of these systems rely on spatial, i.e., multi-channel, information to improve the prediction.
Some approaches directly use spatial features as input for a NN [121], others combine the
modeling power of a NN with spatial statistical models [123], [124] or directly utilize the
strength of spatial statistical models [OC8], [125]. In this work no spatial information is
available.

Most BSS approaches suffer from the so called “permutation problem” [114] which describes
the ambiguity of the mapping between the NN output and the target signals. For the network
all output orders might be equally valid, if no further information about the desired order is
provided. In other words, if a network outputs two separate signals x̂1 and x̂2 for a mixture
of two sources x1 and x2, x̂1 is not always an estimate of x1 because the order of the network
outputs need not match the arbitrary order of the target sources. There is a similar issue for
statistical models if statistical independence over the frequency dimension is assumed [126].
For this frequency permutation problem one solution uses a permutation alignment [126]
to rearrange the estimated output. For BSS with neural networks the permutation of the
output signals can be addressed by the design of the loss function. In recent years different
loss functions were proposed like deep clustering [114], deep attractor networks [127] and
utterance-level permutation invariant training (u-PIT) [115]. u-PIT describes a neural network
with a loss function that is calculated for different permutations of the output and target
signal. The permutation with the lowest loss is chosen to calculate the gradients and update
the model. This approach is called utterance-wise because it is solved for a whole utterance
and not frame-wise as in the original publication [113], which prevents a permutation of the
speakers over the time dimension,. For a BSS system with a mixture of two overlapping
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speakers as input the loss can be written as

LPIT (x1, x2, x̂1, x̂2) = min{L (x1, x̂1) + L (x2, x̂2) ,L (x1, x̂2) + L (x2, x̂1)}, (3.1)

with L(·) as an arbitrary distance measure for the estimated and target signal.

Commonly, the NN-based BSS systems operate in the frequency domain with the STFT
as input transformation. The network then estimates an activity mask for each source on
the magnitude of the frequency spectrum. This mask is multiplied with the input STFT
coefficients to calculate an estimate for each source signal in the input mixture. These
estimates are computed in the frequency domain, and the separated signals are transformed
back to the time domain using the inverse STFT to derive the final estimates. The networks
are either trained as a classification network to estimate activity for each time frequency bin
similar to a prior defined oracle mask or as a regression network by comparing the enhanced
signals to the target signals in the frequency domain [115]. These systems have shown to
achieve strong separation results for monaural data [115], [128]. However, such a system
just enhances the magnitude of the complex-valued input signal and use the noisy phase for
the reconstruction of the time-domain signal as suggested in [129]. Thereby, the possible
enhancement is limited due to the distorted phase as shown in [130]. Some systems try to
solve this problem by either directly estimating the complex-valued signal [131] or having an
explicit network for phase estimation [132], [133].

The current state-of-the-art systems for BSS on non-reverberated data [4], [44], [134] are
variants of the time-domain audio separation network (TasNet) architecture [116], which
transforms the time domain signal into a real-valued, learned latent domain which is optimized
for separation. During training the u-PIT method in combination with a time domain loss
function is used to train the network. One reason for switching from the frequency to the
latent domain is that the phase enhancement problem discussed above can be prevented since
the latent domain signal is real valued.

There are some extensions to the original TasNet which have shown to further improve the
separation results. Some of the extended networks use an additional layer, for example
to estimate speaker embeddings as in [4], others change the separation network as in [44],
[134]–[136]. For this work we assume that no speaker information is available during training
and to reduce the scope of the investigation only the extensions introduced in [44] and [135]
are considered.

In Figure 3.4 both frequency and latent domain separation are illustrated to show both the
similarities and differences between the approaches. Both networks are trained to estimate a
mask to separate the encoded signal and perform the separation in a transformed domain. The
main difference between the networks is the domain and the loss function. For the frequency
domain separation networks the loss is mostly calculated in the frequency domain [114],
[115], [127] except for more recent publications [OC3], [137], whereas the latent domain
separation mostly use time domain loss functions [116]. One exception is the so called
two-step training presented in [138] where the separation network is trained with a loss in
the latent domain.

Although, strong separation results can also be achieved in the frequency domain [115],
[128], [139] the latent domain networks outperform other architectures for non-reverberated
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Figure 3.4: Illustration of source separation in case of two sources with a frequency domain network
compared to a network operating in the latent domain.
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monaural data [135]. As part of this thesis, a combination of frequency domain separation
and the TasNet architecture, inspired by the experiments in [137], is introduced and evaluated.
A subset of these experiments is published in [OC3], which show that the TasNet struggles in
case of reverberation, where it is still outperformed by the frequency domain networks. This
decline in performance can be mitigated using spatial information as in [137], [140]–[142].
However, this solution is not possible for the monaural HF data. In general, our results
indicate that the TasNet is more susceptible to non-additive distortions than the frequency
domain separation. Since the HF transmission includes many non-linear distortions from
both the channel and the input AGC this work compares both frequency and latent domain
networks.

However, two simultaneous speakers in one transmission are not a common scenario for HF
signals. Therefore, this work focuses more on NR and in specific the application of NNs
designed for BSS on NR, which will be discussed in the next section.

3.3.2 Noise reduction

Similar to BSS the NN-based approaches for NR started to gain attention in the early
2010s [143] and started to surpass the conventional systems in the following years. For
example, in 2015 the strongest enhancement for the CHiME-3 challenge [144] was a statistical
model [145]. One year later, the prior best result was surpassed by a neural network based
enhancement [146] during the CHiME-4 challenge [48].

Some of the first NN-based NR systems tried to emulate conventional systems consisting
of well tuned statistical models [OC7], [145] with subsequent filtering using beamforming
vectors or a Wiener filter by replacing part of the systems with a neural network [105], [146].
Other systems rely on the conventional algorithms to guide the network as part of the loss
function [147] or use the NN as initialization for a statistical model [148]. A third kind of
network directly estimated the clean signal from the noisy observation with a regression
model [149] without the aid of conventional approaches. In recent years, more and more NR
systems especially for monaural NR rely on these single models with a regression loss to allow
for direct training on the clean source signal [150], [151]. In [1] such a regression network
is applied to simulated SSB recordings, where the results indicate the benefits of NN-based
enhancement for speech signals transmitted over HF channels.

As discussed earlier, NR can be viewed as a special case of source separation with two sources,
one of which is the desired speech signal and the other the noise signal. Therefore, NN
architectures that have shown to be effective for source separation can be transferred to NR.
However, NR does not have the “permutation problem” described in Section 3.3.1 because
noise and speech statistics can be considered distinct for most noise types. Therefore, the
network is able to learn a fixed mapping between the estimates and targets without requiring
u-PIT or other BSS specific loss functions.

While most published NR approaches have shown to achieve strong noise suppression in the
frequency domain [149], recent studies have shown the effectiveness of NR in a latent domain
with a regression loss computed in the time domain [107], [108], [150]. In [152] different
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strengths and weaknesses are identified for both latent and frequency domain NR. Latent do-
main NR networks are shown to lead to higher intelligibility improvements, while the evaluated
frequency domain models generalize better to previously unseen data.

In this work, the combination of frequency domain separation and the TasNet architecture
we introduced for BSS is applied to the NR task. To illustrate the benefits of each component
of the system the evaluation from [152] and [OC3] are performed on simulated and real
HF recordings. First, the steps from frequency to latent domain NR are examined to
allow a comparison of their importance for the NR results. Furthermore, the time and
frequency domain systems are evaluated on their performance on previously unseen data.
Whether a system is able to generalize well to unseen data is especially important for speech
enhancement on HF recordings since the HF data may contain a high variety of noise types as
discussed in Section 4.6. Therefore, the network has to generalize to noise signals previously
unseen during the training. Furthermore, the systems are trained on simulated data so that
there is a large mismatch between training and evaluation independent of the varying noise
types.

To evaluate the performance of a NN in any of the discussed topics first the training and
evaluation data have to be specified. Therefore, the next chapter gives an overview of
the recorded HF database and the simulation tools used to generate additional training
data.



4 High Frequency Radio Database

The objective of this work is to evaluate neural networks (NN) for processing speech signals
transmitted over high frequency radio channels. Therefore, a first step is the selection of appro-
priate data reflecting the main challenges of the application, which are

1. non-stationary noise,

2. errors in the demodulation frequency,

3. long silence intervals between speech activity,

4. short speech segments with only a few words.

As part of this thesis, more than 23 hours of clean speech were transmitted, recorded and
processed to create a database representing the challenges of high frequency transmissions.
In [OC5] a subset of the recorded data is published to support research in high frequency
(HF) signal processing.

This chapter gives an overview over the database, its creation and limitations. In the design
of the database setup, one focus is the automatic synchronization of the recordings with
the transmitted clean speech signal. The availability of both the synchronized transmitted
clean speech and received noisy signal is also referred to as paired data and is important
for the noise reduction (NR) performance evaluation as discussed in Section 7.5.2. Finally,
a simulation framework is presented to augment the recorded data with simulated signals
containing demodulation frequency errors.

4.1 Transmission

The recordings that make up the database are created by automatic transmission from an
amateur radio station at Paderborn University in Germany. The HF transmissions were
received in parallel from several Kiwi-SDR stations [153] in Germany and other European
countries and transferred back to Paderborn as a data stream using web services. Kiwi-SDRs
are software defined radios with a frequency range of 10-30 MHz that allow users around the
world to download their received signals. The transmission and recording scheme is depicted
in Figure 4.1.

All transmitted signals are single-sideband (SSB) modulated with a bandwidth of 2.7 kHz
following the International Telecommunication Union (ITU) recommendation [19]. As
discussed in Section 2.1 as well as Section 2.3, lower sideband (LSB) and upper sideband
(USB) modulation are closely related, so that the signals and errors after demodulation

22
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Figure 4.1: System for distributed recording of radio signals.

are fairly similar. Therefore, only USB modulation is considered to reduce the size of the
recorded database without affecting the generalizability of the results.

In Figure 4.2 the signal processing steps from the original to the received signal and the
bandwidth and sampling rate of the intermediate signals are depicted. First the clean 16 kHz
signal sn is downsampled to 8 kHz. Before modulation, the signal has to be further band-
limited to comply with the regulations for amateur radio transmissions set by the ITU, which
limits the bandwidth to 2.7 kHz per transmission. Afterwards, the band-limited signal s̃n is
processed by a digital-to-analog converter (DAC) to generate the analog signal s̃t with t as the
time index, which is then SSB-modulated at carrier frequency FM in the range of 7.05 MHz -
7.053 MHz or 3.6 MHz - 3.62 MHz resulting in the bandpass signal xSSB

t . These frequencies lie
in the frequency band reserved for amateur radio transmissions [154].

During transmission additive noise, multi-path propagation, fading and other distortions lead
to a deteriorated signal dependent on the channel bt and the additive noise d̃t .

The received bandpass signal yBP
t is demodulated at frequency FD = FM – ∆f where ∆f

symbolizes a deviation of the demodulation from the modulation frequency, i.e., a carrier
frequency offset (CFO). As part of the demodulation block the reconstructed signal is
processed by an automatic gain control (AGC) to reduce fluctuations in its amplitude as
discussed in Section 2.3. Afterwards, the received baseband signal ỹt is sampled at 12 kHz
resulting in ỹn.

The demodulated signal can be further downsampled to 8 kHz without loosing speech in-
formation, since the transmitted signal is already band-limited to 2.7 kHz due to the ITU
regulations. After these steps the final recording yn is obtained.
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Figure 4.2: Block diagram of the signal processing steps from the clean signal sn to the received
signal yn with sampling rate and maximum frequency.

Note, that different Kiwi-SDR stations may receive the transmitted signal with different degra-
dation depending on the propagation conditions as discussed in Section 2.2.

4.2 Clean signal design

To model real communications between two parties on a HF link, the emitted signal has to
reflect common speech patterns of such radio communications. As discussed in Section 2.4
many usage patterns over HF channels consist of long pauses between activities and speech
segments that are only a few words long. Additionally, the used speech signals have to
be recorded with a low amount of reverberation and a high signal to noise ratio (SNR).
This ensures that the signal degradation observed at the receiver is exclusively due to the
transmission channel. Since no freely available database currently meets these requirements,
suitable speech signals are generated from the clean training subset of the LibriSpeech
corpus [155].

The speech signal to be transmitted is compiled from five excerpts taken from different
utterances from the LibriSpech data, each with random start and end points. All excerpts
have a duration ranging from 1 to 8 s. To ensure that the random start and end points are in
silence segments of the utterance, both are adjusted by taking phoneme alignments generated
by an automatic speech recognition (ASR) system into consideration. If a phoneme label
representing non-silence is aligned with either the start or the end sample of the excerpt,
the duration of the excerpt is increased until both the start and end sample are aligned
with a silence label. The phoneme alignments are calculated using a hidden Markov model
(HMM)-Gaussian mixture model (GMM) system for ASR trained with the baseline script for
LibriSpeech provided in the Kaldi toolkit [156], [157].

The excerpts are concatenated with larger silence segments in-between to reflect real recordings
of high frequency transmission, which usually do not occupy a channel permanently to observe
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Figure 4.3: Exemplary structure of an audio signal sequence. Labels “sp” and “sil” represent speech
and silence, respectively.

radio discipline. Each LibriSpeech utterance chosen for one audio sequence is spoken by
a different speaker. In Figure 4.3 an example of the structure of an audio sequence is
shown.

4.3 Data preparation

For the database design, solutions for three key tasks have to be devised. How to:

1. annotate speech activity in the received signal yn,

2. synchronize the clean and recorded signals sn and yn to generate paired data,

3. evaluate automatically for each station whether the transmitted signal was received.

The first task is related to the second. If the clean and received signals are synchronized
the speech activity on yn can be annotated by estimating the activity on each of the clean
sequences. Here, the activity information for the clean signal is derived by calculating forced
alignments using a HMM-GMM acoustic model in Kaldi [157] and assuming speech activity
for all samples, which are not aligned with the phoneme label representing silence. Thereby,
highly accurate activity labels for 10 ms windows are generated, which are later used for neural
network training and speech activity detection (SAD) evaluation.

To enable a robust fine synchronization of the transmitted and received signal a marker is
added before and after each audio signal sequence. Each marker consists of an initial sine
signal, followed by a 4 s sequence of 26 chirp symbols with different starting frequencies and
orientations (ramp-up or ramp-down). To ensure orthogonality between the markers a gold
code [158, p. 82] is used as encoding for the chirp symbol combination. The initial sine leads
to a ramp-up of the AGC in the Kiwi-SDR, so that the following chirps are processed with a
more constant gain.

5 s of silence are added between the marker and audio sequence to mitigate the effects of
the marker on the Kiwi-SDR’s AGC reaction to the following audio sequence. Common
transmissions are not preceded by a warning of the upcoming transmission and therefore the
gain change due to the marker would result in an unrealistic recording. The added silence
allows for a readjustment of the gain to its original level prior to receiving the marker and
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Figure 4.4: Example of a chirp sequence, followed by the start of an utterance from the LibriSpeech
corpus.

therefore leads to a more realistic recording. An additional 1 s of silence is included after
the audio sequence to ensure that no overlap occurs between the audio sequence and the
end marker. Each transmission consists of NS = 5 of the described audio sequences with
preceding markers. The beginning of such a transmitted signal is depicted in Figure 4.4. The
recording starts with a marker, shown between 0.5 s and 2.5 s.

The markers described above can also be used to automatically detect whether the transmitted
signal was received at a specific Kiwi-SDR station. To this end, the order and temporal
position of the detected markers are compared with the emitted signal. Only if both the
order and temporal position of all markers coincide with their expected value do we assume
that the signal is received by the Kiwi-SDR station.

However, all presented solutions to the three tasks posed at the beginning of this section
depend on a robust detection of the markers in the received signals. This detection will be
explained in more detail in the next section.

4.4 Marker detection

To detect the markers in the received signal, it is first transformed to the frequency domain
using the short time Fourier transform (STFT) with a 16 ms shift and a window size of 40 ms.
Here, the active time-frequency bins of the marker are used to define a binary mask which is
shifted along the time dimension of the received signal spectrum. For all shifts the correlation
between the mask and the received spectrum is calculated and the shift with the maximum
correlation is chosen as temporal location of the marker. Therefore, the time resolution of
the marker location is limited by the 16 ms shift between STFT windows. Both the length of
4 s and the orthogonality of the markers allow for a highly precise estimation even in low
SNR conditions.

To keep only valid recordings both the number and order of markers in all recordings have to
match the original markers. Furthermore, the time difference between markers is compared
to the original transmission and the recording is discarded if they do not match. These
sanity checks lead to a highly accurate time synchronization between the transmitted and
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Figure 4.5: Example comparison of recordings of the same signal received at different locations in
Europe.

received audio sequence. Especially, the last check forces the synchronization error to be less
than 16 ms, which is the temporal resolution of the applied frequency transformation. From
the temporal position of the marker the position of the transmitted audio sequence in the
received signal can be inferred.

In Figure 4.5 exemplary segments of speech activity in the received audio signal are shown for
different SNR conditions. All spectrograms depict the same emitted speech signal that were
observed by different receiving stations under different propagation conditions. Here, short-
time objective intelligibility (STOI) [159] is used as an objective measure of speech quality
in the recorded signal. A more thorough discussion of the STOI metric for SSB recordings
can be found in Section 6.4.2. The low STOI value and the high noise in the signal recorded
by the station in Great Britain demonstrate the ability of the described marker detection
algorithm to detect the signal even in such adverse conditions.

The next section introduces the post processing steps to remove some possible delays between
the transmitted and recorded signal.

4.5 Post-processing

This post-processing step aims to reduce the possible misalignment of up to 16 ms between the
original clean signal and the recording due to the temporal resolution of the STFT calculated
during the marker detection. To this end, the recorded and clean signal are split into the five
speech segments and a delay is estimated for each segment using generalized cross-correlation
with phase transform (GCC-PHAT) [160]. A single delay estimation is obtained by calculating
the median over the delays for the five segments per recorded sequence. To compensate for
the delay the original clean signal is zero-padded from one side and equally many values
discarded from the other side. While the markers can be detected in very low SNR recordings
due to their high energy and specific design, the same is not true for the delay estimation
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with GCC-PHAT. To prevent the introduction of errors by the delay estimation, only delays
lower than 16 ms are considered, which is the highest possible error in the marker detection.
For all other recordings with a higher delay estimate, the signals are kept unchanged. More
information about the difference between the recorded and the delay-corrected data after
post processing is provided in Appendix A.1.

The next section discusses the recorded signals and the partitioning of the recordings into
data sets.

4.6 Database

Using the recording process described above, more than 23 hours of speech were transmitted
and the paired, distorted data was recorded in multiple KiwiSDR stations. Additional
recordings with a CFO (∆f > 0) are created to extend the evaluation set to include examples of
these problems common to analog HF transmissions [161, p. 8]. These recordings are performed
as described above, however adding an error in the demodulation frequency from the following
set {0 Hz, 100 Hz, 300 Hz, 500 Hz, 1000 Hz}. The resulting recordings have been made publicly
available in [OC15] as evaluation data and are called “evaluation shift”.

Furthermore, with the clean speech signals taken from the LibriSpeech database all recordings
consist of English speech. However, HF transmissions are used internationally as a communi-
cation method. Therefore, additional Russian data is recorded to test the presented systems
against a different language. The same transmission and preparation steps as described
above are taken for the Russian data. Only the part of the clean signal design, described in
Section 4.2, is changed. Here, the Russian Open Speech To Text Dataset [162] is used as
the basis for the clean data sequences instead of the Librispeech database and the activity
information is calculated using a simple energy based SAD similar to [61] and not from ASR
alignments as was done above. As for the English recordings, there is both an evaluation set
without a CFO, called “Russian”, and a data set with recordings that include a CFO, called
“Russian shift”.

The recordings are split into six data sets, the first for training, the second for development
and four evaluation sets. All four evaluation sets represent a different challenge. The first set
includes only signals with English speech without a CFO, the second consists of recordings of
English speech with a CFO. For the third and fourth data set only Russian speech is used,
where the third set only includes signals without a CFO and the fourth contains signals with
a CFO. Note, that only English recordings with ∆f = 0 are used as training and development
sets.

For the database recordings from 56 different Kiwi-SDR stations are chosen. Signals from
each station may appear in multiple data sets. All English speakers are uniformly distributed
between female and male and are strictly disjoint among the data sets. Table 4.1 displays a
comparison of the data sets.
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Table 4.1: Various statistics for the different data sets.

Data set Duration in h Speech activity in % # Speakers # Stations

Training 121.72 13.91 705 35
Development 18.77 13.83 75 32
Evaluation 37.12 12.53 175 36
Evaluation shift 23.53 14.16 140 8
Russian 6.50 5.84 150 11
Russian shift 25.54 5.53 120 13

4.7 IQ Recordings

All previously discussed recorded signals are sampled at 8 kHz and therefore have a bandwidth
of 4 kHz, which means that part of the signal energy may be lost in case of a large CFO.
Therefore, additional transmissions were recorded by the PLATH GmbH & Co. KG with
a high sampling rate and large CFOs. In these recordings, the complex-valued analytic
baseband signal y+

n = in +jqn is recorded instead of the reconstructed real-valued transmitted
signal yn. To only record real-valued signals the baseband signal is captured in form of its
in-phase and quadrature (IQ) components as shown in Equations (2.6a) and (2.6b). This
is not uncommon for software defined radio receivers as discussed in Section 2.3. Both the
in-phase in and quadrature qn component are saved with a high sampling rate of 64 kHz so
that the signals have an increased bandwidth that retains the signal energy even for high
CFOs. These recordings are combined in a data set referred to as “evaluation IQ” in the
following, which contains 46 unique speakers in 4.5 hours of recordings with speech activity
of 13.61 %.

To illustrate the benefits of working on the IQ components instead of the reconstructed signal,
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Figure 4.6: Excerpt from the frequency spectrum of the reconstructed real-valued transmitted signal
(yn) and the complex baseband signal (y+

n ) for a 8 kHz recording of a SSB transmission
with a CFO of –500 Hz. The orange lines mark the frequency bin representing 0 Hz.
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both the complex-valued baseband signal y+
n and the real-valued reconstructed signal yn for a

recording of a HF transmission with a CFO of –500 Hz are displayed in Figure 4.6, where the
signals are downsampled to a rate of 8 kHz. Usually, the symmetry of the frequency spectrum
for real-valued signals is used to reduce the size of the displayed spectrum to the unique bins.
Here, the whole frequency spectrum is shown to compare the real-valued and complex-valued
signal. For the real-valued reconstructed signal the spectrum is severely distorted due to
the loss of the pitch and harmonics in the first 500 Hz of the signal. The complex-valued
baseband however still includes the whole signal, which allows a reconstruction of the original
transmitted signal even for negative CFOs.

Additionally, the larger bandwidth of the recording allows a realistic simulation of a CFO by
considering the high CFO of

∣∣∣∆f
∣∣∣ ≥ 2000 Hz introduced during recording as an intermediate

frequency (IF). Then, baseband IQ components with a smaller CFO can be simulated
by further demodulating the IQ signals similar to Equation (2.6a) and Equation (2.6b)
with

ĩn = LPF

{
in · cos

(
2π · F̃D

FS
· n

)}
, (4.1)

q̃n = LPF

{
qn · sin

(
2π · F̃D

FS
· n

)}
, (4.2)

where FS represents the sampling rate and the demodulation frequency is set to F̃D = ∆f – ∆̃f

with ∆̃f as the resulting smaller CFO. The real-valued reconstructed signal yn can be
calculated as the sum of ĩn and q̃n for a USB and as the difference between q̃n and ĩn
for a LSB transmission following the steps of Weaver demodulation [24]. Finally, the
demodulated signal is downsampled to 8 kHz to be comparable to other recordings with a
CFO ∆̃f.

Due to the unsupervised nature of all recordings considered, some of the signals in the
data sets are distorted by concurrent speakers, which is discussed further in the next
section.

4.8 Concurrent speakers

The discussed recordings are performed automatically in a HF channel reserved for amateur
radio communication. Therefore, the recorded signals may accidentally be corrupted by
adjacent channel interference caused by other HF transmissions [OC5]. In all data sets most
examples include at least some activity of a concurrent speaker in the higher frequency
and around 5-10 % of the signals include more than 1 s of activity of such an interfering
speaker. An example of a recording with a concurrent speaker on a particularly close channel
is displayed in Figure 4.7, where the transmission is demodulated without a CFO, while
the concurrent speech signal has a CFO of about 1200 Hz and can bee seen above the red
line.
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Figure 4.7: Example of a recording with a concurrent speaker, where the interfering transmission
has a CFO of about 1200 Hz and can be seen above the red line.

For the SAD systems discussed in Chapter 5 the concurrent speakers active during the
transmission of silence segments lead to false positives in the activity detection, as these
signal regions are, obviously, not annotated with activity, since no speech has been transmitted.
The labels for segments with speech activity are not affected by the concurrent speakers,
because the additional activity by the concurrent speakers does not falsify the original
annotation.

To examine the influence of concurrent speech on the SAD a manual annotation of the
activity in the evaluation sets with English speakers is used. The annotation was performed
by the PLATH GmbH & Co. KG. Here all speech activity is marked even if it is not part
of the original transmission. Therefore, the difference between the SAD performance when
evaluated with the automatic and manual annotation can be attributed to the concurrent
speakers.

For both the CFO estimation and the NR systems discussed in Chapter 6 and Chapter 7,
concurrent speakers active during the transmission of speech activity pose a unique chal-
lenge. This interference however is less frequent than the activity of concurrent speakers
during silence transmissions, since other users are aware of the activity in the transmission
channel.

While the database includes some evaluation sets with deviation between the modulation
and demodulation frequency (∆f > 0) the training set only includes data with the optimal
demodulation frequency, i.e., ∆f = 0. A CFO greater than zero leads to a shift in the
frequency spectrum of the speech signal as discussed in Section 3.3 and thereby introduces a
large mismatch between the training and the evaluation data sets with a CFO. Therefore, the
next section is dedicated to simulating these shifted signals to complement the real recordings
during training.

4.9 Simulating high frequency radio signals

Creating a training database of real signals with representatives for all challenges in high
frequency radio transmissions requires a large amount of data. To reduce the required
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Figure 4.8: Pre-processing pipeline for simulating bandwidth limitations and preparing the signal
for CFO effects. Fmax represents the Nyquist frequency of the shown signal and the
displayed frequency range is changed between the images to reflect the change in Fmax.

number of transmissions some of the signals can be simulated. Therefore, a processing
pipeline comparable to the steps taken during modulation and demodulation as described
in Chapter 2 and Figure 4.2 is implemented to generate a simulated signal from the digital
clean speech signal similar to the recording of a SSB modulated signal transmitted over a HF
channel.

Here, the modulation approach described in [11, p. 260] is applied, where a double sideband
(DSB) signal is filtered by a bandpass to remove one of the sidebands. To reduce the
complexity only USB demodulation is simulated since all error patterns of LSB modulation
also occur in USB modulated signals.

As a pre-processing step, the clean signal is low-pass filtered to simulate the limited bandwidth
of the transmission channel. The signal is then interpolated to a four times higher sampling
rate to provide bandwidth for shifting the signal along the frequency axis. Figure 4.8 depicts
a visualization of the pre-processing pipeline.

The modulation is described as follows:

xsim
n = s̃sim

n · cos

(
2π · F̃M

Fmax
· n

)
, (4.3)

with s̃sim
n as the output of the above described processing steps, n as the time index, F̃M as

the simulated carrier frequency and Fmax as the Nyquist frequency. For the simulation F̃M
Fmax

is chosen to be 0.5.

The modulated bandpass signal is reduced to the USB signal with a high pass. Subsequently,
the sideband signal is filtered with a band pass to simulate the limited frequency range of
the transmission channel.

The demodulation reverses the frequency shift applied during modulation:

ỹsim
n = ỹn · cos

(
2π · F̃D

Fmax
· n

)
= (b ∗ x)sim

n · cos

(
2π · F̃D

Fmax
· n

)
, (4.4)

where ỹsim
n is the simulated signal after the channel distortion is applied and F̃D = F̃M –∆f is

the demodulation frequency with ∆f as the CFO. These demodulation steps are independent
of the chosen sideband for transmission. Note that no additional channel distortions other
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Figure 4.9: Example for the signal spectrum during the simulated transmission without a CFO. The
low, high and band pass operations are abbreviated with LP, HP and BP, respectively.

than bandpass limitation is applied during this simulation. For more realistic simulations,
other distortions such as multi-path propagation could be added.

Afterwards, a low pass filter is applied to reject the signal at image frequencies introduced
by the demodulation. Furthermore, the signal is downsampled to the original sampling rate.
The different signal spectra during transmission for a simulation with a CFO are shown in
Figure 4.9.

To simulate a CFO only the demodulation frequency F̃D in Equation (4.4) has to be adjusted.
Examples for the simulated signal spectra in case of negative and positive CFO are displayed in
Figure 4.10. For the simulation framework, the CFOs are drawn from an uniform distribution
in the range from ∆f

min to ∆f
max, where ∆f

max has to be smaller than the Nyquist frequency
Fmax.

∆f = 300 Hz ∆f = 0 Hz ∆f = –300 Hz

Figure 4.10: Example for the signal spectrum after demodulation with a CFO ∆f.
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Figure 4.11: Examples for real recordings used as additive noise during simulation.

At this point, the simulated signal does not include channel noise. Therefore, the Kiwi-
SDR receivers are used to record multiple hours of noise on non-occupied frequencies.
A random chunk of recorded noise dn is added to the simulated recordings at a ran-
dom SNR ∈ [SNRmin , SNRmax] to generate a realistic high frequency transmission sig-
nal

ysim
n = ỹsim

n + dn. (4.5)

In Figure 4.11 a few examples of the recorded signals used as noise dn are displayed to
emphasize the variability of the encountered noise. The first image includes a periodically
repeating interference, which could be caused by an overlapping radar transmission. In the
second image the effect of the AGC on the recorded noise can be seen. After a few seconds,
the amplitude of the recorded signal is reduced, resulting in a sudden change in the noise
energy. The last image is an example of an interfering speech transmission on a neighboring
frequency.

The presented simulation framework consists of multiple independent components which can be
replaced to create training data suitable to adapt to other languages, different noise conditions
or specific CFOs. To emphasize the modularity of the presented system a simple representation
of the different components during simulation are shown in Figure 4.12.

Speech database

Noise database

Low pass
2.7 kHz

Simulation of
frequency shift

Noise
scaling

simulated
signal

∆f

SNR

Figure 4.12: Overview of the presented simulation framework.
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4.10 Summary

This chapter offered an in-depth discussion of database design and the automatic recording
process for the HF recordings used for training and evaluation in the next chapters. Here,
concurrent speakers during the transmission are identified as one of the main challenges
for training and evaluation on the recorded signal. Additionally, a simulation framework is
presented, which can either be used to generate signals to extend the recorded training set as in
Chapter 5 or to create a new training set as in Chapter 6 and Chapter 7.

The next chapters will examine each component of the multi-stage system introduced in
Chapter 1, starting with the SAD block.



5 Speech Activity Detection

STFT NN TH

Figure 5.1: Block diagram of the SAD system, where TH represents thresholding.

As discussed in Section 2.4, high frequency channels are often inactive for a longer period
of time while containing only short segments of speech activity. Therefore, the first step of
most signal processing pipelines is to detect speech activity, so that subsequent processing
steps can be performed only on speech-active segments.

There are both statistical and neural network (NN)-based speech activity detection (SAD)
systems which achieve a strong detection performance. However, the NN-based systems
outperform the statistical detection for scenarios for which appropriate training data is
available as discussed in Section 3.1. Therefore, NN-based systems with the structure
displayed in Figure 5.1 are the focus of this chapter. The block diagram of the system is the
comparable to the one discussed in Section 3.1.

In the following section, an architecture for the NN-based speech presence probability (SPP)
estimation is presented, which is a combination of convolutional neural network (CNN) and
recurrent neural network (RNN) layers. Additionally, we propose a novel RNN architecture
called segment recurrent neural network (SRNN) that leads to large improvements over a
simple RNN layer on multiple data sets. Furthermore, the statistical approach we presented
in [OC5] is discussed as a baseline for the NN-based SAD system. Finally, the network is
evaluated for different scenarios of high frequency (HF) radio transmissions. We published a
part of this evaluation in [OC4] as the winning submission to the 2020 Fearless Steps SAD
challenge [80].

5.1 Architecture

As described in Section 3.1 there are many possible architectures for a NN-based SAD system.
In this thesis an architecture is proposed that consist of CNNs and RNNs to combine the
strength of both layer types.

36
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Figure 5.2: Block diagram of the SAD model, Cν represents the number of channels in a layer and
Pν the pooling window size with ν ∈ [1, 2, 3]. The window size of the output pooling P4
is equal to the output size of the temporal layer F̃ . All 2D-CNNs are designed with a
3 × 3 kernel.

The network uses the magnitude of the short time Fourier transform (STFT) of the audio
signal as an input. A more detailed discussion about the STFT as feature extraction can
be found in Section 7.2. To understand the following discussion, note that the STFT is a
transformation of the input signal into the frequency domain, by segmenting the signal into
multiple, overlapping windows and calculating the discrete Fourier transformation (DFT) for
each window independently. For this SAD system a input signal with a sample rate of 8 kHz
is assumed. Therefore, a STFT size of 256, a window length of LW = 25 ms is chosen with a
shift between the windows of LS = 10 ms, resulting in an overlap of 15 ms. Each segment is
zero-padded to account for the STFT size which corresponds to a window size of LW = 32 ms.
Since the DFT of a real valued signal leads to a symmetric frequency spectrum the feature
vector has the size F = 129.

A block diagram of the architecture is shown in Figure 5.2. It consists of three initial
CNN-blocks where each block consists of two 2D-CNN layers with 3x3 kernels, strides of one
and rectified linear unit (ReLU) activation functions. Each CNN layer is preceded by a batch
normalization [163]. The CNN blocks end with a maximum pooling with a pooling window
of size Pν × 1 with ν ∈ [1, 2, 3]. To allow for a frame-wise activity estimation no pooling is
applied along the time dimension.

The context per bin or receptive field of a CNN layer with a stride of one increases for each
layer by the number of neighboring bins included in the kernel [38, p. 327]. Each pooling with
a stride equal to the pooling window size Pν further increases the context of the following layer
Pν times. In other words, the receptive field Rm,ν of the ν–th 2D-CNN layer for the dimension
m can be calculated from the context of the previous layer with

Rm,ν = Rm,ν–1 · Pm,ν–1 + Km,ν–1 – 1 (5.1)

where m is in the range [1, 2] with m = 1 representing the feature and m = 2 the time dimen-
sion. Km,ν is the kernel size, which equals three for all dimensions m and layers ν for the given
architecture. As described above the pooling window size for the time dimension is set to one,
which leads to a simplified context calculation with R2,ν = R2,ν–1 + 2.

Therefore, the configuration of the input CNN-blocks leads to a final temporal context of
1 + 3 · (2 + 2) = 13 frames for each considered frame, which is equal to 0.13 s for a sample rate
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Figure 5.3: Block diagram of possible temporal layers, F̃ represents the output size of the temporal

layer. The 1D-CNN layers are designed with a kernel of length 3 and 1 respectively.

of 8 kHz and the STFT configuration given above. This context is determined only by the
kernel size of the CNN-layers, since no maximum pooling is applied to the time dimension.
While this is only a small temporal context, it is increased by a subsequent temporal layer
with a larger context, which has shown to improve the results in [68]. As in [OC4], three
possible temporal layers are compared:

1. a 1D-CNN block,

2. a uni-directional gated recurrent unit (GRU) [55] followed by a fully-connected (FC)
layer,

3. a segment recurrent neural network (SRNN), to be introduced here.

The configuration of the CNN and GRU temporal layers are displayed in Figure 5.3.

While the 1D-CNN layer only increases the temporal context by 2 frames to 0.15 s, given the
receptive field of the initial CNN layer, the temporal layer with a GRU can gather information
from the whole input signal. These architectures for the two temporal layers are chosen to
offer two distinct networks as a comparison for the SRNN layer, a fast network with a small
number of trainable parameters and a larger network with full temporal context. As a final
step a maximum pooling over the feature dimension is applied to the output of the temporal
layer with a window size P4 equal to the feature size of the temporal layer output F̃ . In the
following section the SRNN is explained in more detail.

5.2 Segment recurrent neural network

Like many SPP systems, the two temporal layers described above suffer from a high variance
in the output, which leads to a high variance in the estimated activity if the decision is
performed by thresholding as discussed in Section 3.1. This can lead to a high dependency
on the threshold applied to the network output, which, to the same extent, can be mitigated
by external smoothing with a median filter or a hidden Markov model (HMM) as in the
statistical SAD system. However, the smoothing can also be done inside of the network.
There are already some publications on this subject, for example in [164] and [165]. However,
most of these systems require additional trainable parameters to estimate a smoothed
output.
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Figure 5.4: Block diagram of the SRNN. Here the RNN is a temporal GRU described above. The

input is segmented in into L̃ chunks with length L̃W and an overlap of L̃W – L̃S . Each
blue block represents a feature vector.

In this work, the SRNN layer is introduced, where a fixed segmentation of the input over
the time dimension is used to restrict the temporal context of an RNN layer. This idea
to restrict the temporal information exploited by the RNN is related to the dual-path
recurrent neural network (DPRNN) [44] designed for speech enhancement and described in
Section 7.3.2.

The L frames of the input are split into L̃ segments of length L̃W with a shift L̃S which results
in an overlap L̃W – L̃S between the segments. Each segment is processed independently by
an RNN layer. In this work the temporal GRU defined in Figure 5.3 is chosen but could be
replaced by other RNN configurations. Note, that only the time dimension is segmented.
Each RNN processes the whole feature dimension for each segment.

For each RNN only the last frame of the output is passed on to force the RNN to aggregate
the information of each segment. This value is the output of the SRNN layer. In case of the
network architecture displayed in Figure 5.2 a global maximum pooling is applied to the
feature dimension of the output before it is evaluated by the cost function. A block diagram
of the SRNN is displayed in Figure 5.4

During the evaluation, the network output is further processed to obtain a frame-wise,
binary estimate. If the estimated output q̂i , with i ∈ [0, L̃ – 1] as the segment index,
exceeds a fixed threshold thnn,fixed the i-th segment is assumed to contain speech activ-
ity:
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Figure 5.5: Block diagram of the post-processing after a SAD model with a SRNN temporal layer.
A threshold is applied to the network output q̂i from the result an estimate per frame is
calculated using the maximum operation. Each blue block represents a feature vector.

ôi =

{
1 if q̂i > thnn,fixed

0 else
. (5.2)

A frame-level decision is obtained by declaring a frame active if at least one segment containing
that frame indicates speech activity. This is similar to the overlap-add, except that here
the maximum operation is calculated instead of the sum. Thereby, possible fluctuation
between speech activity and silence are reduced at the cost of overestimating the activity. A
block diagram of the post-processing steps during evaluation of a SAD system with a SRNN
temporal layer is depicted in Figure 5.5.

The resulting smoothing can be adjusted via the segment length L̃W and shift L̃S . Reducing
the length L̃W decreases the number of frames affected by a segment with erroneous detected
activity but also reduces the temporal context of the GRU. Increasing the shift L̃S leads to a
reduced overlap between segments and thereby to a lower number of segments L̃. This entails
a lower computational complexity since the number of chunks processed in parallel by the
GRU is decreased. However, the number of neighboring segments contributing to the activity
estimation for each frame is reduced as well.
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5.3 Cost function

All networks are trained using the binary cross entropy (BCE) as cost function, since activity
detection is a binary classification task. The loss is calculated as follows:

LBCE(q̂SAD,qSAD) = – 1
L̃

L̃∑
`=1

q` · log q̂` + (1 – q`) · log(1 – q̂`) (5.3)

where q̂SAD = [q̂1, ..., q̂L̃]T and qSAD = [q1, ..., qL̃]T are the network output and the target
vector, respectively. L̃ represents the number of time frames in both the output and target
vector. For the SRNN L̃ is smaller than the number of STFT window frames L due to the
segmentation steps with L̃ =

⌊(
L + L̃S – 1

)
/L̃S

⌋
. Maximum pooling over the time dimension

with a pool size L̃ and stride L̃S is applied to the target sequences to adjust the targets to
the smaller time resolution of the network output. For all networks with a temporal layer
other than the SRNN holds L̃ = L. The following section introduces the statistical baseline
system as described in [OC5].

5.4 Baseline

Statistical SAD has been a subject of research for many years [166] and has shown to achieve
impressive results, even on challenging data [167]. For this work a baseline similar to [OC4]
was chosen, which uses a strong denoising front-end with subsequent adaptive thresholding
and a HMM-Gaussian mixture model (GMM) smoothing algorithm.

The block diagram of the statistical SAD system is depicted in Figure 5.6 and consists of two
stages. First, a denoising stage is applied, which consists of multiple runs of the minimum
statistics (MS) algorithm with subsequent application of a Wiener filter [92] and a high
pass to suppress noise in frequencies above 2.7 kHz. Afterwards, a 1st-order linear predictive

Minimum
Statistics

Wiener
filter Highpass

LPCEnergy
Tracker

HMM/Viterbi

EM-Alg.

Audio

SAD

Stage 2 Stage 1

Figure 5.6: Block diagram of the statistical SAD system.
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coding (LPC) filter reduces the signal to its well predictable parts like the highly correlated
speech signal. As a second step, an adaptive threshold is calculated using sub-band energy
information. The resulting threshold is combined with a subsequent smoothing using a HMM
trained with the expectation maximization (EM)-algorithm and decoded with the Viterbi
algorithm [168]. For further information on the statistical system please refer to [OC5]
or [OC4].

This statistical system has no trainable parameters, only a hyperparameter optimization may
be necessary to adapt the system to a new environment. It is designed for high frequency
transmission data without a carrier frequency offset (CFO) (∆f = 0 Hz) and will be used as
baseline for the NN-based SAD system described above.

In the next section, the discussed SAD systems are evaluated and the impact of additional
simulated training data as described in Section 4.9 for SAD on signals with a CFO are
investigated.

5.5 Evaluation

Afterwards, the hyperparameters (L̃S and ˜LW ) of the SRNN layer are fine-tuned and
the performance of the resulting network is compared to the temporal layers described
in Section 5.1 and the statistical system. These two experiments are also performed for
both the development set of the Fearless Steps Challenge [80] and the evaluation set of
our own real HF recordings. Note, that the hyperparamters for the statistical baseline are
optimized individually for each database. For experiments on the Fearless Steps database,
the configuration described in [OC4] is chosen, and for our HF recordings, the system is
parameterized according to [OC5].

The best network architecture is further evaluated on both the evaluation set with a CFO
greater than zero and the Russian data described in Section 4.6. These experiments are only
performed on our recordings because the Fearless Steps database does not provide different
language data or signals with a CFO. To improve the results, additional data is simulated as
described in Section 4.9 and mixed with the real training data. Finally, the best system is
evaluated for its performance on the recorded in-phase and quadrature (IQ) signals instead
of the baseband signal for negative and positive CFOs.

Both the NN-based SAD systems and the statistical baseline use the STFT as feature
extraction. For the NN a window length of LW = 25 ms with a shift between the windows
of LS = 10 ms and a DFT size of 256 is chosen, as described in Section 5.1. The statistical
SAD system uses a window length of LW = 64 ms with the shift LS = 32 ms and a DFT size
of 1024.

For both databases the input CNN of the NN uses the following hyperparamters (see
Figure 5.2): C1 = 16, C2 = 32, C3 = 64, P1 = 4 and P2 = P3 = 8. The temporal GRU for
the experiments on the database of the Fearless Steps challenge contains only one layer with
256 units instead of two as in the experiments with our HF recordings. The additional layer
is added to account for the lower signal to noise ratio (SNR), i.e., the more difficult task, in
our HF recordings. During training all input audio sequences are split into 4 s long segments
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to improve convergence. For optimization during training the ADAM algorithm [169] with a
learning rate of 0.001 is chosen and each model is trained until the BCE does not improve
for two epochs.

The systems are compared using receiver operating characteristic (ROC) curves which show
the true positive rate (TPR) over the false positive rate (FPR) for different thresholds.
Additionally, the decision cost function (DCF), recall (REC) and precision (PRC) value for
the threshold with the lowest DCF are calculated with

PRC = TP
TP + FP

, (5.4) REC = TP
TP + FN

, (5.5)

DCF = 0.75 · FN
TP + FN

+ 0.25 · FP
TN + FP

, (5.6)

where TP, FP, TN and FN are the number of true positive, false positive, true negative
and false negative frame-wise predictions. For the TP, FP, TN and FN calculation a collar
of 1 s length around speech active segments are not scored to allow the systems to slightly
overestimate speech activity without loss in accuracy as suggested in the NIST openSAD
evaluation [170]. Underestimation of the activity with these collars still results in the same
error rates as if no collars had been used. These collars improve the real world significance
of the calculated metrics because most applications require the SAD to correctly detect
every second of speech, while declaring preceding silence frames as speech is considered less
severe.

Additionally, the real time factor (RTF) which is defined as the ratio between process-
ing time and signal length is calculated for some systems. The RTF is measured on an
Intel®Xeon®CPU E3-1240 v6 with 3.70 GHz and 8 GB RAM to compare the computational
complexity.

5.5.1 SAD on optimally demodulated speech

This section gives an overview of the results achieved on speech demodulated without an
error in the demodulation frequency (∆f = 0 Hz).

First, the statistical SAD baseline is compared with the NNs with a CNN or GRU temporal
layer. Here, the NN-based SAD estimation is smoothed with a median filter after thresholding.
The median filter was chosen over smoothing with an HMM since our experiments in [OC4]
suggest that both perform similarly despite the lower computational complexity of the median
filter.

Figure 5.7 depicts the ROC curves for the three systems together with a line representing
the equal error rate (EER) (FNR = FPR) on the Fearless Steps database and the evaluation
set of our recordings without a CFO.

The statistical SAD slightly outperforms both NN-based systems in terms of EER for our
HF recordings, while the opposite is true on the Fearless Steps database. For the statistical
SAD the performance is similar for both databases with an EER around 5 %. However, the
NN-based systems achieve a low EER close to 2 % on the Fearless Steps database and a
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Figure 5.7: ROC curve for different SAD systems on the development set of the Fearless Steps
challenge (first row) and the evaluation set of our real HF data (second row). Each
square represents a different threshold. The gray line symbolizes the EER.

higher EER around 7 % on our HF recordings. These results indicate a larger mismatch
between the training and test data for our HF recordings compared to the Fearless Steps
challenge because the statistical system, without a training phase, performs similar on both
sets, while the NN-based models perform clearly worse on our recorded data. Two reasons for
the difference in the achieved EER for the two databases might be the concurrent speakers
discussed in Section 4.8 and the low SNR, that can mask some activity segments in our
recorded data.

To improve upon those results, the SRNN architecture is chosen as temporal layer. First,
however, a parameter tuning is performed to find the best combination of shift L̃S and
segment length L̃W for the SRNN for both databases. The DCF results for different L̃S
and L̃W for the development set of the Fearless Steps database and our recordings are
displayed in Figure 5.8. Here, only the results for the threshold with the lowest DCF value
are shown, and the value range of L̃S and L̃W is limited to those with the best results for
each database.

For both databases, the NN with a SRNN and an appropriate configuration outperform
the system with the lowest EER from the initial experiment. Still, which configuration
leads to the best results, depicted by a blue asterisk, differs between the databases. For the
Fearless Steps database lowering L̃S and L̃W improved the DCF value with L̃W = 5 ms and
L̃S = 1 ms as the best configuration. On our recordings the systems with L̃W = 1000 ms
outperform systems with larger or shorter window lengths. The difference to the results on
the Fearless Steps database may be explained by the lower SNR on our recordings, where a
larger context can be used to capture speech statistics even for signals with high noise energy.
Additionally, the large window increases the possibility to exploit short intervals with high
speech energy in multiple segments.
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Figure 5.8: DCF results for the SRNN temporal layer on the development set of the Fearless Steps
database (first row) and our recorded HF data (second row) with different shifts L̃S and
segment length L̃W for the respective optimal threshold. The orange line symbolizes the
DCF value of the best result from the prior experiment (CNN for Fearless, statistical
SAD for our data).

For our recordings the DCF values for different shifts L̃S with a constant L̃W of one second
are similar. Therefore, the shift L̃S = 0.5 s is chosen which reduces the DCF by only 0.077 %
compared to the best system with L̃S = 0.1 s but improves the RTF from 0.112 to 0.032.
The increased processing speed is due to the lower overlap of 50 %, which results in a lower
number of segments L̃ to be processed by the SRNN.

During the following experiment, the chosen SRNN temporal layer is compared to both
the statistical baseline and the other temporal layers described in Section 5.1 on both
databases. Here, the SRNN based system clearly outperforms all other systems on our
database with higher TPR values for all FPRs and an EER of 2.8 %. For the Fearless Steps
database the depiction of the ROC curve does not show a large gain for the SRNN. To
highlight the strong detection results of the SRNN, Table 5.1 displays the metrics from
Equations (5.4) to (5.6) for each system as well as the RTF for both databases. All results
are calculated using the threshold with the lowest DCF value on the development set for
each model.

The SRNN outperforms all other systems for both databases in all presented metrics, while
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Figure 5.9: ROC curve for all presented SAD systems on the development set of the Fearless Steps
challenge (first row) and the evaluation set of our real HF data (second row). Each
square represents a different threshold. The gray line symbolizes the EER.

still allowing real-time processing. In particular, the DCF value is improved compared to the
system with the next lowest DCF. For this metric the SRNN leads to a relative reduction of
47.7 % on the Fearless Steps database and 43.6 % on our recordings. Although the RTF is
higher than for all other systems, it is still very low.

One should note, that the improvements with the SRNN as temporal layer are due to
the more sophisticated architecture and not just the high number of parameters. The
RNN layers used for the RNN and the SRNN temporal layer both have 1,677,312 trainable
parameters. Although, this is more than the 26,250 parameters of the CNN this still cannot

Table 5.1: Results for all presented systems for different metrics on the development set for the
Fearless Steps database and the evaluation set for our real HF radio database. The
arrow after each metric name indicate whether higher (↑) or lower (↓) values are an
improvement for this metric. The best result for each metric and database is shown in
bold font.

Database System PRC/% ↑ REC/% ↑ F1/% ↑ DCF/% ↓ RTF ↓

Fearless

Statistical 80.91 97.97 88.63 4.76 0.0047
CNN 95.17 99.12 97.10 1.30 0.0181
RNN 94.98 99.01 96.95 1.41 0.0276
SRNN 96.19 99.77 97.95 0.68 0.0320

Our HF recordings

Statistical 79.06 94.74 86.19 4.93 0.0047
CNN 71.17 93.31 80.75 6.25 0.0181
RNN 62.87 92.04 74.71 7.11 0.0376
SRNN 85.60 97.14 91.00 2.35 0.0445
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Figure 5.10: ROC curve for the SRNN SAD systems on the English and Russian evaluation set.
Each square represents a different threshold. The gray line symbolizes the EER.

explain the superior results because otherwise the RNN temporal layer would outperform the
CNN.

To assess whether the presented system is robust to a language mismatch between training
and evaluation data, the model with the SRNN layer chosen above is applied to the Russian
evaluation set without CFO. In Figure 5.10 the ROC curve of the SRNN on the Russian
evaluation set is compared to the results on the English evaluation set.

Although no Russian data was used during training, the SAD system shows strong detection
performance on the Russian evaluation set. The results on the Russian data are even slightly
better than the results on the English data, which might be explained by a smaller number
of examples with concurrent speakers. As the system performs very well on this previously
unseen language, we can only assume a certain language independence.

5.5.2 SAD on recordings with concurrent speakers

In the previous experiments the models are compared to ground truth labels that have been
obtained automatically that means that concurrent speakers are not annotated as activity as
discussed in Section 4.8. Next, the influence of concurrent speakers on the presented system
is examined by evaluating the activity detector with manual annotations as ground truth,
where concurrent speakers are marked as activity. The resulting ROC curve is compared to
the previous results on the automatic annotation in Figure 5.11.

If the activity detected by neural network is compared with the manual annotations the
TPR is much lower than for a comparison with the automatic annotations. This is to be
expected, since the network is trained on the automatic annotations as ground truth, where
the concurrent speakers recorded are not annotated as activity. Since the concurrent speakers
are recorded mainly with a CFO above 1000 Hz, the network learns to focus on the lower
frequencies and dismiss activity in the upper frequencies.

The network is able to learn this difference between a speech signal in the higher and lower
frequencies despite the potential shift equivariance of the input CNN with subsequent pooling.
Shift equivariance to translation means that a CNN has a limited receptive field, so that
during training the CNN learns to recognize certain patterns in respect to the neighboring
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bins, independent of the specific position of the neighborhood in the input signal [38, p. 329].
The chosen CNN configuration leads to a large receptive field over the frequency dimension
of ((1 · 8 + 2 + 2) · 8 + 2 + 2) · 4 + 2 + 2 = 404, which surpasses the size of the frequency
dimension. Therefore, the CNN is able to exploit padding at the spectrum edges to encode
positional information in the output values. Initial experiments have shown that the given
network architecture is also able to tag concurrent speaker as active, if the annotation of the
training targets is adjusted accordingly.

Although it is beneficial for the network to ignore activity in the higher frequencies in case of
concurrent speakers, this is no longer true for recordings with a CFO. The next section is
examining the impact of CFO in the evaluation data on the detection results. Furthermore,
the influence of additional simulated data during training on the evaluation results in the
case of a CFO is evaluated.

5.5.3 SAD on frequency shifted speech

As described in Section 3.2, the mismatch between the modulation and demodulation frequency
and the resulting frequency shift has a major impact on speech quality. In [85] the resulting
speech is described as ”chipmunk-like”, which perfectly describes the challenge of recognizing
these recordings as speech, even though the network was trained only on signals with perfect
demodulation (∆f = 0 Hz).

To evaluate the impact of a CFO in the evaluation set, the best performing model on the
evaluation set with ∆f = 0 is applied to the English HF recordings with ∆f ≥ 0 Hz described
in Section 4.6. The resulting ROC curves are displayed in Figure 5.12.

The activity detection becomes less accurate for increasing CFOs, which is expected, as
the prior experiments to concurrent speakers have shown that the network learns to ignore
activity in the higher frequencies if no activity is detected in the lower frequencies. For a
CFO up to 300 Hz the network still detects most of the activity without a high FPR, but
the results for signals with a CFO of 500 Hz and 1000 Hz are not acceptable with EERs
above 10 %.
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Figure 5.11: ROC curve for the SRNN SAD systems on the English evaluation set for the original
annotation of the evaluation data, where concurrent speakers are not marked as activity,
and the manual one, where they are annotated as activity. Each square represents a
different threshold. The gray line symbolizes the EER.
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Figure 5.12: ROC curve for the SRNN SAD systems on the English evaluation set. Each square
represents a different threshold. The gray line symbolizes the EER.

To improve the detection results, the mismatch between training and evaluation is reduced
by augmenting the training data with additional simulated signals with a CFO as described
in Section 4.9. For the simulation an additive noise with a random SNR between –10 DB
and 5 DB is chosen. Since the network should not tag concurrent speakers in the higher
frequencies as active, the additional training data is limited to CFOs between 0 Hz and
1500 Hz. Thereby, the network is still rewarded for ignoring activity in higher frequencies
above 1500 Hz, which is considered a distortion in this work.

In Table 5.2 the results with different ratios between real and simulated training data are
shown. For all models with simulated data in the training set, the threshold is calculated on a
purely simulated development set. In contrast, a threshold is determined on the development
set with ∆f = 0 Hz for the model solely trained on real data, as discussed for the last
experiments.

For the model trained only on the real training set without a CFO the metric values shown
in Table 5.2 are calculated from the same TP, FP, TN and FN values that lead to the ROC
curves displayed in Figure 5.12. Training only on simulated data already provides improved
results for most metrics and ∆f ≥ 0. However, for the examples with ∆f = 0 Hz the results
are worse than the results with the original model trained only on real recordings without a
CFO. This is especially clear for the EER, which is increased from 4.63 % for the training
without a CFO to 6.46 % for the purely simulated training data with ∆f ≥ 0. Experiments
on the evaluation set without a CFO for the model trained only on simulated signals with a
CFO confirm this deficit.

Therefore, the effect of a mixture of real and simulated training data is evaluated. While
the model trained on data equally distributed between real and simulated data show im-
proved results for all examples with ∆f ≤ 500 Hz, there is a significant drop in perfor-
mance for ∆f = 1000 Hz compared to the model trained only on simulated signals that
exhibit a CFO. To increase the accuracy for higher errors in the demodulation frequency
the share of simulated data in the training set is raised to 90 % simulated and 10 % real
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data. For more information about the reasoning behind this specific ratio please refer to
Appendix A.2.

Table 5.2: Results for models with different ratios of real and simulated data in the training set on
the evaluation set with |∆f| ≥ 0 Hz of the real HF radio database. The arrow after each
metric name indicate whether higher (↑) or lower (↓) values are an improvement for this
metric. All metrics are given in % and the best result per metric and ∆f is shown in bold
font.

∆f / Hz
Share of the training data EER ↓ PRC ↑ REC ↑ F1 ↑ DCF ↓

Real (∆f = 0) Simu (∆f ≥ 0)

0

1 0 4.63 82.69 95.14 88.48 4.60
0 1 6.46 67.96 95.83 79.52 5.29

1/2 1/2 3.71 94.37 94.75 94.56 4.21
1/10 9/10 4.88 80.98 94.75 87.33 5.00

100

1 0 7.34 67.97 92.83 78.48 7.43
0 1 8.36 52.62 97.59 68.38 5.92

1/2 1/2 6.36 84.55 91.74 88.00 6.98
1/10 9/10 6.57 69.52 93.97 79.92 6.45

300

1 0 8.05 58.41 92.52 71.61 8.69
0 1 3.01 78.23 97.53 86.82 3.12

1/2 1/2 5.73 91.46 90.79 91.13 7.30
1/10 9/10 4.35 88.91 94.42 91.58 4.74

500

1 0 14.87 45.56 85.98 59.55 15.23
0 1 3.93 71.48 97.40 82.45 3.73

1/2 1/2 7.77 92.99 87.09 89.94 9.98
1/10 9/10 4.37 87.63 94.52 90.94 4.72

1000

1 0 41.42 42.22 25.42 31.74 57.62
0 1 3.93 61.99 98.36 76.05 4.16

1/2 1/2 14.78 86.50 48.96 62.53 38.65
1/10 9/10 4.98 84.84 93.08 88.77 6.00

The higher share of simulated data improves the EER from 14.78 % to 4.98 % compared to
the fifty-fifty ratio on the data with ∆f = 1000 Hz. This is slightly worse than the 3.93 % of
the model trained only on simulated data. However, the model with 90 % simulated training
data outperforms the network trained only on simulated data on the signals with a low CFO
of 0 Hz or 100 Hz by over 1.5 % EER.

To visualize the gain from the simulated data the EER is displayed in Figure 5.13 for
the models with different training data over the five CFOs. The distinct difference in
performance between the different demodulation frequency offsets for the original model
trained only on real recordings without a CFO are significantly lowered for the new train-
ing data with simulated CFO. Furthermore, this change only leads to a negligible loss
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for ∆f = 0 Hz.

For experiments with the models trained on simulated data on the Russian recordings refer
to Appendix A.3. Here, the model trained on 90 % simulated signals also outperforms the
original model and achieves similar results for all CFOs. Therefore, all future experiments
will be performed with the 1:9 model if not stated otherwise.
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Figure 5.13: EER curve for the SRNN model trained on a combination of real data without a CFO
and simulate signals with a CFO over the CFO in the evaluation data.

In the experiments in this section only positive CFO are considered since negative CFOs lead
to a loss of the pitch and its first harmonics, so that the speech signal cannot be identified
easily. On the other hand, if the activity detection is performed on the IQ-components of
the baseband signal instead of the baseband signal itself, it is possible to detect speech even
for negative CFOs. Therefore, the next section is going to examine the performance of the
presented SAD system on the recorded IQ evaluation set.

5.5.4 SAD on IQ signals

As discussed in Section 4.7 there are benefits from using the complex baseband signal
y+

n = in + jqn, which consists of the IQs-components (in, qn), instead of the real-valued
demodulated signals. Therefore, the network with training data consisting of 90 % simulated
signal is evaluated on the IQ evaluation set.

Since the networks are not shift-invariant, as discussed above, and are trained on signals
with a Nyquist frequency of Fmax = 4 kHz, they cannot be applied directly to the complex
baseband signal with a frequency range of 8 kHz. Therefore, the the complex baseband signal
is divided into three overlapping segments, each consisting of a 4 kHz band and together
covering the entire 8 kHz spectrum. An example for this segmentation of the frequency
spectrum is shown in Figure 5.14. Note, that the experiments on the IQ signals are performed
on lower sideband (LSB) transmissions by mirroring the spectrum on the time axis. Thereby,
an equivalent upper sideband (USB) transmission is created, which can be processed by the
network trained on real-valued demodulated signals.

To evaluate the performance for different CFOs, the IQ-components of the transmission are
shifted to the baseband with a random CFO ∆f ∈ [0, 100, 300, 500, 1000] and the SAD is
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performed on both the complex-valued baseband signal and the real-valued demodulated
signal. To illustrate the benefits of the complex-valued baseband signal another experiment
is performed where both negative and positive CFOs are considered. Therefore, the set
of possible CFOs is extended by [–100, –300, –500, –1000]. The results are presented in
Figure 5.15

The EER for the estimator on the real-valued demodulated signals is higher than in previous
experiments, which indicates that the recordings in the IQ evaluation set are more challenging
than the ones in previous experiments. However, since the estimator on the real-valued
demodulated signals has shown to perform well on other data sets with positive CFOs it is
considered a strong baseline.

For positive CFOs both the network on the real-valued demodulated signals and the complex-
valued baseband signal perform similarly, so that the activity estimation on the IQ-signal can
be considered successful. If the signals also include negative CFOs the network processing the
real-valued demodulated signals has a lower TPR, while the results on the complex-valued
baseband are similar to the ones in the experiments without negative CFOs. These results
are to be expected because the real-valued demodulated signals looses a high percentage of
speech energy when the CFO is negative, while the complex-valued baseband still includes
the entire signal spectrum as discussed in Section 4.7.

In the discussed experiments, we have only considered a small excerpt from each of the recorded
64 kHz IQ-signals. Even so, the results can be transferred from the 8 kHz excerpt to the entire
64 kHz signal. Since the SAD system is only processing 4 kHz segments of the considered
frequency range, the entire spectrum can be segmented and each segment can be processed
independently by the SAD system. Therefore, the presented approach can be used to search the
entire 64 kHz spectrum for activity by a single-sideband transmission.
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Figure 5.14: Example for the segmentation of the complex baseband signal for SAD with NNs
trained on real-valued recordings, where the segments are 0 Hz-4000 Hz (red line),
2000 Hz-6000 Hz (orange dashed line) and 4000 Hz-8000 Hz (yellow dashed and dotted
line)
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Figure 5.15: ROC curve for the SRNN SAD systems on the IQ evaluation set with simulated,
positive CFOs (solid) or simulated positive and negative CFOs (dashed). The gray line
symbolizes the EER.

5.6 Summary

In this chapter a SAD system with a novel temporal layer called SRNN layer is presented. It is
shown that the neural network is able to detect speech activity for both English and Russian
recordings, despite a training set consisting only of English recordings. However, errors in
the demodulation frequency ∆f still lead to high errors in the detection rate, which can be
mitigated by training on additional simulated signals that exhibit a CFO. This significantly
improves the results on real recordings with positive CFOs (∆f > 0), without sacrificing
accuracy on signals with ∆f = 0. Therefore, all following experiments are run with the
following parameters if not stated otherwise:

• SRNN with L̃W = 1000 ms and L̃S = 500 ms as temporal layer

• Training data that consists of 10 % real and 90 % simulated signals

Additionally, this best performing SAD system is evaluated on the complex-valued instead of
the real-valued recordings. It is shown that the system can perform similarly on the complex
signal and even improve the detection for negative CFOs.

The presented SAD system is the first building block in the processing pipeline introduced in
Chapter 1. The next chapter will deal with the CFO estimation and correction, assuming
perfect activity information provided by the SAD system.



6 Carrier Frequency Offset
Estimation and Correction

The speech activity detection (SAD) algorithm described in the last chapter is shown to
detect speech despite the possible frequency shifts in the recorded signals due to an error in
the demodulation frequency, i.e., a carrier frequency offset (CFO). However, most other tasks
become significantly more difficult in case of a frequency shift ∆f. Already a small CFO
can lead to a loss in intelligibility of the recorded speech signal as discussed in Section 3.2.
Therefore, this chapter deals with estimating demodulation frequency errors and reverting
the subsequent frequency shift.

First, three systems for CFO estimation are introduced, a pitch-tracking based algorithm
called RAKE and two neural network (NN)-based approaches. The estimated CFO ∆̂f is
then used to revert the frequency shift by following steps similar to the simulation framework
discussed in Section 4.9. Afterwards, the estimation algorithms are compared in terms
of their accuracy and the impact of estimations errors on the speech signal’s quality and
intelligibility. Finally, the estimators are compared with respect to their performance on
signals with a negative CFO and the application of the estimators to the complex-baseband
signal instead of real-valued recording used in the other experiments is proposed to improve
the results.

6.1 RAKE estimator

The following estimator exploits the structure of the short time Fourier transform (STFT)
representation of voiced speech signals, which can be considered to show an approximately
harmonic pattern [57, p. 182]. These patterns allow the algorithm to recognize a shifted
speech signal by its fundamental frequency, i.e., its pitch, and the harmonic repetitions. An
intuitive explanation for the estimator is that filters representing different pitches f p and their
harmonics (2 · f p, 3 · f p, ...) are moved through the frequency spectrum of the input signal for
different shifts ∆f, and the correlation with the input signal is calculated for each pitch and
shift combination (∆f + f p,∆f + 2 · f p,∆f + 3 · f p, ...). The pitch and shift combination with
the highest correlation with the input signal is chosen as the estimate for pitch and CFO.
The pitch- and shift-varying filter is comparable to dragging a rake through the spectrum, so
that the algorithm is called RAKE.

We presented the RAKE algorithm in [OC15], where a filterbank Hf (f p) with varying
center-frequency indices is used to locate the pitch index f p and its harmonics in the noisy
speech. In Figure 6.1 examples for the filters Hf (f p) are shown. The filters are designed
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Figure 6.1: Examples for the filters Hf (f p) with O = 4 and W = 2.

such that they are zero for all frequency indices except the pitch, its harmonics and their
vicinity:

Hf (f p) =
O∑

o=1

W∑
ν=–W

ω(o, ν) · γ (f – o · f p – ν) . (6.1)

Here, O stands for the number of considered harmonics and W defines how many of the
frequencies surrounding a harmonic are considered. γ is the Kronecker delta and f represents
the frequency bin index. The weights are defined as

w(o, ν) =


0.5 · ∧(ν) if o = 1
1/(o – 1) · ∧(ν) for 1 < o <= O
0 else

, (6.2)

with ∧(ν) as a filter in triangular shape. The weight for the pitch (o = 1) is lower than the
weight of the first harmonic (o = 2), since in several publication such as [171] it is reported
that in many recordings the pitch is only weakly observable, while the first harmonic is clearly
visible. A similar pattern is witnessed in multiple of the real high frequency (HF) recordings
discussed in ??.

As the pitch of human voices is between 80 Hz and 500 Hz [57, p. 65], the considered values
for f p are also restricted to this interval with Ωf p as the set of possible pitch frequencies.
To accommodate rapid changes in the pitch over time [172] the pitch frequency is con-
sidered time-varying for the following discussion: f p = f p

` with ` being the frame index.
As an intermediate result the correlation between the filters Hf (f p

` ) and the logarithmic
power spectral density (PSD) of the STFT coefficients of the observed signal Y`,f are
calculated

Γ`,f
(
f p
`

)
= log

(∣∣Y`,f
∣∣2) ∗ Hf (f p) =

O∑
o=0

W∑
ν=–W

ω(o, ν) · log
(∣∣∣Y`,f –o·f p

` –ν

∣∣∣2) , (6.3)

where ∗ symbolizes the discrete convolution operation.
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For each frequency bin there is a sequence of pitches fp = [f p
0 , f p

1 , ..., f p
L–1]T that maximizes

the summation of Γ`,f
(
f p
`

)
over time

f̂
p = argmax

fp∈Ωf p

L–1∑
`=0

Γ`,f
(
f p
`

)
= argmax

fp∈Ωf p
Γf (fp) , (6.4)

where L represents the number of frames in an input signal. Then, the frequency bin with
the largest Γf

(
f̂
p) is chosen as an estimate for the CFO ∆f

∆̂f = argmax

f∈Ω∆f
Γ̃f
(
f̂
p) (6.5)

with Ω∆f as a set of possible carrier frequency differences. Note, that the accuracy of the esti-
mation is limited by the frequency resolution of the chosen STFT size.

In the original work the entire frequency spectrum is searched for the considered pitch and
harmonic combinations. To reduce the computational complexity one can restrict Ω∆f to
a smaller subset if prior knowledge about the possible frequency differences is given with
∆f ∈ [∆f

min,∆f
max]. Additionally, the limited range of ∆f prevents the algorithm from

estimating the CFO of concurrent speakers instead of the target CFO.

In Figure 6.2 the pitch tracking result of the RAKE approach is shown for a real example
utterance with ∆f = 500 Hz. The red lines, which are a smoothed estimate for the pitch and its
harmonics, clearly fit the speech signal. For this input signal the pitch f p

` has been estimated
assuming a CFO of ∆f = 500 Hz. The pitch search for any other ∆f results in a lower Γ̃f

(
f̂
p
f
)

because either less harmonics or a wrong pitch are found. Therefore, ∆̂f = 500 Hz is chosen
as the estimate of the RAKE algorithm for the CFO for this example.

The discussed estimator has a high computational complexity, which can be reduced by
replacing the correlation in Equation (6.3) with a multiplication in the cepstral domain.
The complete algorithm is depicted as a block diagram in Figure 6.3. For a more extensive
description of the algorithm, see [OC15].
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Figure 6.2: Example for the pitch tracking (red) in case of a CFO ∆f = 500 Hz.
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Figure 6.3: Block diagram of the RAKE carrier frequency difference estimation. Multiple arrows
indicate that more than one pitch is considered. The three dots indicate that different
possible pitch values and therefore different filter functions are considered.

6.2 NN-based estimators

In this section two NN-based estimators are presented. One uses information from the
entire frequency spectrum of the input signal to estimate the position of speech activity in
this spectrum. This allows the network to ignore activity in higher frequencies to prevent
errors due to concurrent speakers, which are also present in some of the training data
as discussed in Section 4.9. During the following discussion this network architecture is
called full-band classifier. We published a first evaluation of this network architecture
in [OC6].

As another network, a frequency-shift invariant convolutional neural network (CNN) archi-
tecture is chosen, which estimates for each frequency bin whether it includes the pitch of
a speech signal. This network can be applied to signals with different frequency spectrum
sizes, which makes it adaptable to the in-phase and quadrature (IQ) recordings. Due to the
shift-invariant architecture, the network estimates the CFO for different excerpts from the
frequency spectrum independently from each other. Therefore, it is called sub-band classifier
during the following discussion. For both architectures the same loss function is used, which
is described in Section 6.2.3
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6.2.1 Full-band classifier

The full-band classifier is designed as a two-stage approach, where the first stage calculates an
attention mask that is multiplied with the observed signal. Thereby, highlighting frequencies
with high energy so that the second stage is less affected by additive noise. The second stage
processes the masked observation to calculate a final CFO estimate.

As input for the mask estimation layer the magnitude of the input STFT signal y`,f is
chosen. This input is represented by a vector y` = [y`,0, ..., y`,F–1]T, which is divided into NF̃
sub-band vectors ỹ`,i with size F̃ = bF/NF̃c. Here, i represents the sub-band index and F the
number of frequency bins. The sub-bands do not overlap and, possible remaining frequencies
F – NF̃ · F̃ near the Nyquist frequency are set to zero in the final mask. Each sub-band i is
independently processed by a sub-band layer (SBL) to calculate a sub-band activity masking
vector m̃`,i of size F̃ , where all SBLs share the same parameters. Estimating a mask per sub-
band allows the network to highlight speech and suppress noise independent of the frequency
band that contained the observed noise during training [OC6]

The masking vector m` of size F is constructed from the sub-band mask vectors with
m` = [m̃T

`,0, ..., m̃T
`,NF̃–1

,0T ]T , where 0 is a vector of zeros with the length F – NF̃ · F̃
that represents the possible remaining frequencies after the segmentation of the input
vector.

In [OC6] the vector m` is multiplied to the input vector y` resulting in the omasked
` = m` ◦y`

with ◦ as the Hadamard product. The masked vector is then further processed by the
second stage of the network called full-band classification layer. However, the second stage
can also work directly on the output vector of the first stage odirect

` = m` to allow the
first network stage to encode the important information per sub-band in the SBL output.
Regardless of the input vector design, the second stage of the network processes the entire
frequency range to predict the CFO value. The output vector q̂` consists of ∆f

max – ∆f
min + 1

values, where ∆f
min and ∆f

max represent the lowest and highest considered CFO values,
respectively.

For the SBL two architectures as discussed in [OC6] are compared, which are a multi-layer
recurrent neural network (RNN) or a 1D-CNN block consisting of three CNN layers with
batch normalization [163]. The output activation for both architectures is either a Sigmoid
function if the input to the second network stage is the masked input vector omasked

` or a
rectified linear unit (ReLU) function for odirect

` as the input to the full-band classification
layer.

As the full-band classification layer a 1D-CNN block with a subsequent fully-connected (FC)
layer is chosen, which is the same architecture we proposed in [OC6]. The 1D-Block consists of
three CNN layers each including a batch normalization and a ReLU activation function. For
the FC block two linear layers are used, the first with a ReLU and the second with a Softmax
activation function. The full network is displayed in Figure 6.4.

As discussed above, the presented architecture allows the network to combine information
from the whole frequency spectrum. This offers the possibility to ignore speech activity in
higher frequencies which can be attributed to concurrent speakers and only evaluate speech
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Figure 6.4: Block diagram of the NN-based full-band classifier for CFO estimation, first presented

in [OC6] with NF̃ = 128.

signals in the frequency range seen during training. However, this also leads to a network
that can only be applied to a predefined frequency range. Therefore, it cannot easily be
adapted to process signals with frequency range larger than the one seen during training,
e.g., the complex-valued baseband signal. The next section introduces a sub-band classifier
network, which can be applied to signals with different frequency ranges without retraining
or other adaptation schemes.

6.2.2 Sub-band classifier

Another considered network is inspired by the success of the WaveNet architecture [46] in
speech signal generation. Here, a combination of CNN layers with increasing dilation allows
the layers to exploit an exponentially growing context without reducing the resolution [173].
In CNNs dilation represents a distance between two bins that are simultaneously processed
by one kernel. For example, a dilation of 3 with a kernel of size 2 means that the n-th output
is calculated by calculating the convolution between the CNN kernel and a vector consisting
of the n-th and n + 3-th input values.

For the CFO estimation the properties of a dilated convolution are exploited to increase the
context over the frequency dimension without reducing the resolution of the final estimate.
Therefore, a 2D-CNN architecture is designed, which consists of multiple CNN layers with
an exponentially increasing dilation over the frequency dimension for each subsequent layer.
Maximum pooling over the time dimension is used to increase the temporal receptive field.
Each CNN layer has a larger number of channels compared to the previous layer, to aggregate
the information from the growing frequency context. For each frequency bin, the output
of the CNN-block is processed by applying a FC layer to reduce the channel dimension to
one. Here, all FC layers share their parameters to allow a shift-independent training of these
output layers. The network output is passed through a Sigmoid activation to limit the results
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Figure 6.5: Illustration of the receptive field along the frequency dimension for the sub-band classifier
with CNN kernels of size 2 along the frequency dimension. The illustration is designed
to clarify the receptive field for one example time frame ` and frequency bin f . D is the
dilation factor.

to values between 0 and 1. This allows the output to be interpreted as a confidence for each
frequency bin whether it contains the pitch of the transmitted speech.

In the case of exponential to the base of two increasing dilations over the frequency dimension,
the CNN has a receptive field of 2NC with NC as the number of CNN layers. Figure 6.5
illustrates the receptive field for one frequency bin f .

Both the sub-band and full-band classifier share the same loss function, which is described in
the following section.

6.2.3 Loss function

In general, the CFO estimation could be considered a typical regression task. However,
preliminary results have shown that a regression loss function like the mean squared error
(MSE) leads to poor results. Inspired by the observation presented in [132] that some
regression tasks benefit from being redefined as a classification task, a binary cross entropy
(BCE) loss, as used in Equation (5.3) for the SAD model, is considered for the CFO
estimation.

For the full-band classifier a discrete number of possible CFOs in the range from ∆f
min to

∆f
max is chosen, while the sub-band estimator estimates a value for each frequency bin. The

target vector q = [q∆f
min

, ..., q∆fmax
]T is compared to the time average q̂ = [q̂∆f

min
, ..., q̂∆fmax

]T

of the network output q̂`. q is designed as an one-hot vector I∆f with length ∆f
max –∆f

min +1,
which is only one for the index representing the true CFO ∆f and zero else. Therefore, an
error of 1 Hz leads to the same loss as an error of 1000 Hz. This behavior is undesirable
because small errors cannot be perceived by human listeners and consequently the uniform
consideration of errors is not appropriate.

Similar solutions have been reported in literature, e.g., the ranking regression loss in [174].
However, most of these loss functions are continuous over the error, while in CFO estimation
errors up to 5 Hz [86] do not impact the listening experience and should therefore be
minimally considered. All other errors should be weighted higher, as they affect speech
intelligibility.
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To take these consideration into account, an auxiliary target vector

q̃CFO = [q̃∆f
min

, .., q̃i , ..., q̃∆fmax
]T

is introduced with

q̃i =


(

1 –
|i–∆f· F

Fmax |
LI

)2
if |i – ∆f · F

Fmax
| < LI

0 else
, (6.6)

where LI refers to the length of an error tolerance interval, for example the number of frequency
bins equivalent to 5 Hz and Fmax to the Nyquist frequency. The weighted target vector q̃
defines a reduced penalty for smaller deviations from the target CFO.

For the final loss a weighted sum over the both BCE losses is calculated

LCFO
(
q̂CFO,qCFO

)
= (1 – α) · LBCE

(
q̂CFO, I∆

f)
+ α · LBCE

(
q̂CFO, q̃CFO

)
(6.7)

with α as the loss weight.

During evaluation, the time dimension of the network output q̂` is removed by computing the
sum over it. This makes the estimation more robust to large silence segments in the input
signals. Afterwards, the median of the five possible CFOs with the highest corresponding
output value is chosen as the estimate to reduce the influence of possible outliers. Afterwards,
the CFO estimation can be used to reverse the CFO. A possible approach for this is discussed
in the next section.

6.3 CFO correction

After the CFO is estimated, the calculated offset ∆̂f can be corrected by following the steps
similar to the CFO simulation in Section 4.9. In short, the input signal is interpolated and
the frequency spectrum is shifted to a higher frequency which corresponds to an adjusted
carrier frequency f̃0 = f0 – ∆̂f. Afterwards, the repetition introduced by shifting the signal to
a higher frequency is removed by limiting the bandwidth using a band-pass filter with the
transmission bandwidth 2.7 kHz. The remaining single-sideband (SSB) signal is shifted to
the zero frequency using the simulated carrier frequency f0 and the signal is low-pass filtered
with the bandwidth as cut-off frequency. At last the signal is downsampled to the original
sample rate.

If ∆f is zero, a perfect reconstruction of the band-limited original signal is possible, by
applying a low-pass filter to limit the signal to the 2.7 kHz transmission bandwidth. However,
in case of a CFO (|∆f| 6= 0) the spectrum is shifted compared to the original spectrum and
some signal information may be lost due to the filtering during demodulation. Since more
than 80 % of the energy of speech signals is located in only 10 % of the lower frequencies [87],
most of the information is retained for a positive CFO. In case of a shift towards the negative
frequencies because of a negative CFO the signal cannot be easily reconstructed for larger
differences between the demodulation and modulation frequency since most of the speech
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energy may be lost. To account for a negative CFOs, the shift estimation and correction
can be performed on the IQ components instead of the real-valued recordings, as discussed
in Section 4.7 and further elaborated in Section 6.4.5. This discussion assumes a upper
sideband (USB) transmission but the same considerations are true for lower sideband (LSB)
modulation only that a negative CFO leads to a shift towards the higher frequencies and a
positive shift leads to a shift towards the lower frequencies.

In the following section the CFO estimators discussed above are evaluated with respect to
their estimation accuracy and the influence of their estimation errors on the signal quality
and intelligibility after the CFO correction. These investigations are performed on the
real-valued recordings for positive CFOs and then extended to negative CFOs by using the
IQ components.

6.4 Evaluation

This section includes a comparison of the RAKE and NN-based CFO estimators. First the
parameter of the NN-based estimators are fine-tuned. The resulting best network is compared
to the RAKE estimator.

Most of the experiments are performed on the evaluation set of the database of real recordings
described in Section 4.6. Only the parameter tuning for the NN-based CFO estimators is
performed on simulated data to prevent an overfitting to the real HF data. The following
section gives more insight in the considered evaluation data sets.

6.4.1 Database

Two databases are used during evaluation. One consists of simulated HF data as described in
Section 4.9, where the clean audio signal is taken from the LibriSpeech data set. This data
is used for training and fine tuning of the NN parameters. During evaluation of the CFO
estimators, the CFO ∆f is a random value between 0 Hz and 1500 Hz and the signal to noise
ratio (SNR) is randomly drawn from the interval –5 dB to 5 dB.

The other database is a HF database of real HF transmissions described in Section 4.6, which
is only used during evaluation. Results are presented for both the Russian and English
recordings with a CFO. In Table 6.1 all three evaluation sets are compared. The real
recordings contain both audio with and without a CFO.

The next section gives an overview of different performance measures used to evaluate the
presented CFO estimators.

6.4.2 Performance measures

For the real HF data, two ways to calculate the performance measures are considered. Either
the scores are calculated on a concatenation of all activity segments in a recording, or, in
order to assess the influence of shorter utterances, the performance is evaluated individually
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Table 6.1: Comparison of the evaluation sets for CFO estimation and correction.

Name Simulated CFO Duration in h Speech activity in % SDR in dB
min max

HF Simu 3 3 10.81 83.06 –5.0 5.0
Evaluation 7 7 37.12 12.53 –21.4 5.8
Evaluation Shift 7 3 23.53 14.16 –24.2 5.8
Russian 7 7 6.50 5.84 –18.0 7.9
Russian Shift 7 3 25.54 5.53 –21.3 10.5

for each of the five excerpts from a LibriSpeech utterance per recording. For more information
about the design of the transmitted clean signals and the LibriSpeech excerpts refer to
Section 4.2. If not stated otherwise, the experiments are performed on the activity segments
of an entire recording. The CFO correction has two aspects that can be evaluated. First,
the accuracy of the CFO estimation and secondly, the impact of the correction on speech
enhancement.

Carrier frequency offset estimation

Two evaluation measures are considered to assess the quality of the CFO estimation. Intu-
itively, the estimation error e∆f = ∆f – ∆̂f or the MSE would be chosen as a score. However,
for an improved visualization either the error class affiliation (ECA) or the cumulative
distribution function (CDF) of the estimation error is calculated.

For the ECA, the errors e∆f are grouped in four classes representing different level of signal
quality after the CFO correction. The first class includes all errors smaller than 5 Hz, which
lead to a remaining CFO that is not audible to most human ears [85]. As a second class the
errors between 5 and 10 Hz are grouped, which produce a CFO that only slightly impacts the
sound quality [86]. For the third error class the errors between 10 and 50 Hz are chosen, which
lead to signals that are still intelligible despite the strongly diminished sound quality. The
last error class includes all estimation errors greater than 50 Hz. Even after correction, the
remaining frequency shift of more than 50 Hz results in signals that are either very difficult
to understand or even completely incomprehensible.

Carrier frequency offset correction

After estimating the CFO it is corrected to enhance the recorded signal. The speech enhance-
ment success is evaluated with both perceptual evaluation of speech quality (PESQ) [175], a
speech quality measure, and the short-time objective intelligibility (STOI) score [159].

PESQ represents a prediction of the subjective mean opinion score [57, p. 85] with a value
range between 1.0 and 4.5 [175] where higher values represent a better speech quality. It
consists of a time alignment, equalization of gain variation and other normalizations, which
allow for reliable quality measurement even for the HF audio with amplitude variations due
to the automatic gain control (AGC).
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Figure 6.6: PESQ and STOI values for 10000 signals with a high SNR between 25 and 30 dB and a
simulated CFO (First published in [OC6]).

STOI measures the intelligibility by comparing the transformed clean and distorted signals.
Here, the value range is limited to a range between 0.0 and 1.0 with higher values representing
better intelligibility. Similar to PESQ the score is calculated for short segments, where the
observed signal is normalized to the amplitude level of the target signal. The normalization
reduces the influence of the changes in the amplitude introduced by the AGC on the
performance measure.

For both scores, the reference speech signals are low-pass filtered to account for the limited
transmission bandwidth of 2.7 kHz. This reduction of the frequency range reduces the
difference between the target signal and the recorded signal. Since both performance
measures are not designed to evaluate the impact of a CFO on a speech signal, it is first
examined whether there is a correlation between a reduction in the score and an increasing
CFO. We performed such an investigation in [OC6], where the PESQ and STOI values are
calculated for a set of 10000 signals with varying CFOs. The CFOs are simulated as described
in Section 4.9 with a SNR uniformly drawn at random between 25 and 30 dB. From the
graphs in Section 6.4.2 a clear correlation between the PESQ score and the CFO between
10 Hz and 100 Hz can be seen. This correlation does not extend to values outside of this
interval. Nevertheless, the PESQ score is still meaningful for signals with a CFO, since it still
distinguishes between high speech quality for signals with a CFO below 10 Hz and very low
quality for CFOs above 100 Hz. The STOI score displays a clear correlation with CFOs larger
than 10 Hz. Therefore, both performance measures can be considered appropriate choices to
examine the influence of the CFO correction on the signal quality.

The evaluation of the CFO estimators starts with a parameter tuning for the NN-based CFO
estimators on the simulated HF database.

6.4.3 NN parameter tuning

All NN-based CFO estimators are trained on the training set of the LibriSpeech database [155].
The signals are downsampled to 8 kHz and distorted with the simulation setup explained in
Section 4.9. A similar configuration of the simulation is used as described for the SAD training
in Section 5.5.3, with a SNR in the range between –5 dB and 10 dB. The CFOs for the full-
band classifier are chosen in the range ∆f ∈ [–100 Hz, 1500 Hz] and for the sub-band classifier
between 0 Hz and 3000 Hz. The different CFOs are chosen to account for the different tasks
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of classifiers. For the full-band classifier the limited range of CFOs seen during training allows
the network to ignore speech activity in higher frequencies and thereby deal with concurrent
speakers with a CFO above 1500 Hz. The sub-band classifier cannot easily learn to ignore
specific frequency ranges because of its shift-invariant configuration. Therefore, it is trained
on a larger range of possible CFOs. The possible CFOs are only limited by the information
loss for very high CFOs due to the Nyquist frequency of 4 kHz.

For both architectures, the magnitude of the STFT coefficients of the input signal with
a window size of 25 ms and a shift of 10 ms is chosen as a feature. The NN-based CFO
estimators are dependent on multiple hyper-parameters that are optimized for the given task
in the following subsections.

Full-band classifier

The full-band classifier consists of two stages a sub-band layer (SBL) and a full-band
classification layer, as shown in Figure 6.4. A single sub-band in the SBL consists of F̃
frequency bins, where F̃ is fixed to a value representing 250 Hz. For the SBL, either a CNN
or a RNN with configurations as displayed in Table 6.2 is chosen. Both SBL variants are
designed to consists of roughly 300 k parameters.

For the full-band classification layer a fixed combination of CNN and FC layers is chosen
with 4.7 M parameters and the configuration as displayed in Table 6.3 . Each CNN consists
of the convolutional layer with or without a subsequent batch normalization [163] and an
activation function.

Table 6.2: RNN and CNN configuration used in the SBL of the full-band classifier.

Sub-band layer Index Parameters Batch-Norm Activation

CNN
1 3x1 Kernel / channels=256 3 ReLU
2 3x1 Kernel / channels=256 3 ReLU
3 3x1 Kernel / channels=F ·NF

Fmax
7 –

RNN
1 #units: 256 7 –
2 #units: 256 7 –
3 #units: F ·NF

Fmax
7 –

Table 6.3: Architecture for the classifier layer of the NN-based CFO estimator.

Index Layer type Parameters Batch-Norm Activation

1 CNN 3x1 Kernel / channels=512 3 ReLU
2 CNN 3x1 Kernel / channels=256 3 ReLU
3 CNN 3x1 Kernel / channels=128 3 ReLU
4 FC #units: 512 7 ReLU
5 FC #units: ∆f

max – ∆f
min + 1 7 Softmax
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Table 6.4: Comparison of the NN-based CFO estimators with different o` on the simulated HF
evaluation data regarding their error class affiliation. All values are given in percentage
of estimates in a given error class. For all results F = 2049 is fixed.

Sub-band layer Masking <5 Hz 5-10 Hz 10-50 Hz >50 Hz

CNN 3 58.97 39.72 1.02 0.29
7 47.52 44.42 8.06 0.00

RNN 3 55.68 40.10 4.22 0.00
7 58.11 41.60 0.19 0.10

The first experiment evaluates whether masking improves the results over a direct calculation
of o` for both the CNN and RNN-SBL without the auxiliary loss, i.e., with a fixed loss
weight α = 0. For the feature size F a fixed value of 2049 is chosen as a compromise
between high frequency resolution and computational complexity. The results are displayed
in Table 6.4.

For the CNN-SBL the masking with o` = omasked
` improves the results over the direct

approach with o` = odirect
` by reducing the fraction of errors above 10 Hz by almost 7 %.

However, this is not true for the RNN-SBL, where o` = odirect
` leads to about 4 % lower

fraction of errors above 10 Hz, while the number of errors with e∆f > 50 Hz increases
slightly.

To illustrate the difference between the networks with o` = omasked
` and o` = odirect

` , example
signals for both types of o` are depicted in Figure 6.7. For the CNN-SBL the vector omasked

`
includes only the pitch and the high energy harmonics of the speech signal. The rest of the
signal spectrum is greatly reduced by the attention mask. Thereby, the network can follow a
similar approach as RAKE to first detect the harmonics and then calculate the CFO via the
frequency shift of the pitch. The direct approach also slightly highlights the speech active
parts, however it also adds a smoothing over the time dimension.

For the RNN-SBL, the attention mask does not only highlight speech activity but also
some of the background noise. Although o` = odirect

` leads to the best results for the RNN
excerpt layer, no discernible speech patterns remain. This signal representation might be
beneficial for the NN but hinders an interpretation by the human eye. This is similar to
the behavior of the time-domain audio separation network (TasNet) discussed in [OC3] and
Section 7.5.

One explanation for the differences in o` for the two possible SBL is the different temporal
context. For the RNN layer o` = odirect

` can encode the information for all previous frame in
the current frame, while the CNN layer only aggregates information from eight neighboring
frames. This is clearly seen in the example for o` = odirect

` , where the CNN only uses local
information so that a relation to the original signal can still be observed, which is not true
for the estimation with a RNN-SBL.

Following the results in Table 6.4, all future experiments with the full-band classifier use
o` = omasked

` for the CNN and o` = odirect
` for the RNN-SBL.
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Figure 6.7: Depiction of omasked
` and odirect

` for the CNN (first row) and RNN (second row) excerpt
layers.

Sub-band classifier

For the sub-band classifier eight CNN layers with an increasing number of channels are
chosen. The first layer uses 16 channels and for each second CNN the number of channels is
doubled, which leads to a last layer with 128 channels. While the dilation over the frequency
dimension is increasing exponentially, no dilation is used along the time dimension. The
temporal context is increased by applying maximum pooling with a window size and stride
of two after every second CNN. In combination with a kernel size of three, this leads to a
temporal receptive field of 150 frames or 1.5 s. For a larger discussion of the receptive of a
CNN refer to [38] or Section 5.1.

Loss weights

Both the sub-band and full-band classifier networks use the loss function described in
Section 6.2.3 with an auxiliary loss weighted by α. The next experiment focuses on dependency
of the networks on this loss weight. For this experiment the size of the STFT input vector
is fixed to F = 2049 and for the full-band classifier with the CNN-SBL the SBL output
is used as an attention mask and for the network with the RNN-SBL it is directly sent
to the full-band classification layer as discussed above. To reduce the number of variables
the length LI of the error tolerance interval of the auxiliary loss is set to a fixed value of
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Table 6.5: Comparison of NN-based CFO estimators for different loss weight α on the simulated
HF evaluation data regarding their error class affiliation. All values are given in %. For
all results F is set to 2049 and for the full-band classifier holds o` = omasked

` for the
CNN-SBL and o` = odirect

` for the RNN-SBL. The gray rows mark the value of α with
the best results for each network.

Classifier Type Sub-band layer α <5 Hz 5-10 Hz 10-50 Hz >50 Hz
0.0 58.97 39.72 1.02 0.29
0.2 57.92 40.71 1.37 0.00
0.5 56.00 43.08 0.83 0.10

CNN

1.0 55.96 41.89 2.05 0.10

0.0 55.68 40.10 4.22 0.00
0.2 54.46 42.60 2.85 0.10
0.5 57.18 39.85 2.97 0.00

Full-band

RNN

1.0 55.68 39.14 5.08 0.10

0.0 71.59 15.48 7.35 5.58
0.2 73.30 14.43 4.21 8.06
0.5 81.24 9.09 4.21 5.45

Sub-band n.a.

1.0 76.26 6.41 7.14 10.18

3 frequency bins, which corresponds to approximately 5 Hz. The results are displayed in
Table 6.5.

For all networks an influence of the loss weight α can be observed. While both considered
full-band classifier networks are only slightly impacted by a change in α, the results for the
sub-band classifier are more heavily affected by a change of α. Overall, the estimation with
the full-band classifier results in less errors greater than 50 Hz compared to the sub-band
classifier. This may be partly due to concurrent speakers recorded with the additive noise
(Section 4.9), which can interfere with the sub-band classifier but not with the full-band one
as discussed above.

For the full-band classifier with a CNN-SBL α = 0.2 and for the RNN-SBL α = 0.5 are
chosen, because these configuration do not lead to errors greater than 50 Hz and for the
RNN α = 0.5 also leads to the smallest number of errors greater than 10 Hz. One could
argue, that for the network with a CNN-SBL α = 0.5 or α = 0.0 should be chosen because
they lead to an improvement of 0.3-0.5 % in the error range between 10 and 50 Hz. However,
they also slightly increases the number of errors greater 50 Hz, which is a much more severe
error. For the sub-band classifier the best result is achieved with α = 0.5. After choosing the
hyperparameters for the neural networks, the best models can be compared to the RAKE
algorithm.
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6.4.4 CFO estimation

The previous experiments are designed to tune the NN-based estimators on the simulated
data. In this experiment, the tuned estimators are compared to the statistical RAKE system
described in Section 6.1. In contrast to [OC15] the set Ω∆f of possible CFOs for the RAKE
algorithm is upper bounded with ∆f

max = 1500 Hz since the full-band classifiers are only
trained on signals with a CFO below 1500 Hz.

The systems are compared for different STFT features sizes F since it affects both the
speed as well as the performance of the CFO estimation. One reason for the impact on the
performance is the frequency resolution. A smaller feature size F results in a lower resolution
so that the algorithm has to interpolate between frequency bins to get an accurate estimate.
For the 8 kHz audio signals in the evaluation set with the Nyquist frequency Fmax = 4 kHz
the STFT with feature size 4097 is chosen which leads to each frequency bin representing
roughly 1 Hz. All experiments with the NNs use a fixed window length of 25 ms and a shift
of 10 ms for the STFT, while the RAKE algorithm operates with a window length of 64 ms
and a shift of 20 ms to be comparable to the experiments in [OC15].

In all following experiments the CFO estimation is only performed on activity segments that
are detected by an ideal prior SAD system. Therefore, the target activity is calculated from
the alignment information as discussed in ??. The results for the different estimators are
shown in Table 6.6.

For all feature sizes F the NN-based systems outperform the statistical RAKE in the sense,
that they produce less errors greater than 10 Hz. This improvement is especially large for
F = 1025 which indicates that the neural network is able to deal with the low frequency

Table 6.6: Comparison of the NN-based and the statistical CFO estimation on the real HF English
evaluation data for more than 10 s of speech activity regarding their error class affiliation.
All values are given in %.

System Feature size F <5 Hz 5-10 Hz 10-50 Hz >50 Hz RTF
Statistical RAKE 20.49 39.53 37.81 2.16 –
Full-band (CNN) 95.13 2.66 1.08 1.13 0.058
Full-band (RNN) 94.18 3.02 1.98 0.81 0.058
Sub-band

1025

47.87 45.68 1.08 5.37 0.121

Statistical RAKE 96.44 1.40 0.00 2.16 –
Full-band (CNN) 95.67 4.06 0.00 0.27 0.031
Full-band (RNN) 99.46 0.18 0.09 0.27 0.039
Sub-band

2049

85.52 13.31 0.00 1.17 0.364

Statistical RAKE 96.66 1.17 0.00 2.16 –
Full-band (CNN) 96.89 1.35 0.36 1.40 0.138
Full-band (RNN) 95.26 2.66 0.63 1.44 0.150
Sub-band

4097

81.32 15.65 0.36 2.66 0.762
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Figure 6.8: CDF of the CFO estimation error for the NN-based systems compared with the RAKE
algorithm for segments with more than 10 s of speech activity. The number of errors
used as boundaries for the ECA are marked with gray lines.

resolution and still output a highly accurate estimation. Additionally, the real time factor
(RTF) of the models is significantly smaller than 1 for all feature sizes F . Therefore, both
are able to process signals in real time, although the sub-band classifier is slower than both
the full-band classifier. The RTF numbers for the RAKE algorithm are not presented, since
it is implemented in standard Python without an optimization of the runtime. The networks
on the other hand are implemented in Pytorch [176], which internally optimizes the runtime
of the networks, so that a RTF comparison would favor the NNs. All future experiments
are performed using F = 2049 since a lower feature size increases the error rate especially
for the statistical RAKE algorithm and a higher feature size increases the RTF without any
significant gain. To offer a visualization for the performance of the four estimators with the
feature size F = 2049, the CDF of the error is depicted in Figure 6.8.

A detailed analysis shows that the errors above 10 Hz are mostly due to concurrent speakers.
While a manual review found only one example with an error above 10 Hz for the full-band
classifiers that cannot be explained by a concurrent speaker (refer to Figure 6.9b for the
signal spectrum) in the HF transmission channel, the RAKE algorithm generates 28.6 % of
the errors above 10 Hz in recordings without a concurrent speaker (refer to Figure 6.9a for an
example spectrum). Another 17 % of the estimation errors generated by the RAKE algorithm
are originating from an interfering narrow-band signal that is active on periodically repeating
frequencies, which is misinterpreted as speech harmonics. Such an error type is also seen in
the additive noise during network training as discussed in Section 4.9. An example is displayed
in Figure 4.11 in ??. Therefore, the NN-based systems are not distracted by these interfering
narrow-band signals since similar distortions occur during training.

Astonishingly, for the sub-band classifier only one of the errors above 10 Hz is caused by
concurrent speakers. All other errors are caused by the remainder of the suppressed sideband
signal. Therefore, these errors only occur in signals with a very high SNR (refer to Figure 6.9c
for an example spectrum). An example for a recording with a remainder of the suppressed
sideband signal is displayed in Figure 6.9.
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Figure 6.9: Spectrum of a signal with an estimation error above 10 Hz for each system.

One explanation for the strong results on signals with concurrent speakers is the large activity
duration of more than 10 s distributed over up to 2 minutes. During this time the target
speaker is always active, while a concurrent speaker has only short activity intervals. Therefore,
the sum over the time dimension during evaluation leads to a larger accumulation of activity
bins for the transmitted signal than for the concurrent speaker.

To further compare the four estimators the ECA are displayed in Figure 6.10 for different
speech activity durations similar to our experiments published in [OC15]. The results for
examples with more than 10 s of speech activity are calculated on the concatenated activity
of entire recordings and the results for shorter activity segments are calculated individually
on each of the LibriSpeech utterance in a recording. In contrast to [OC15] only segments
with activity longer than one second are considered because all systems do not perform well
for shorter segments. In particular, the sub-band classifier suffers for shorter segments since
it is designed with a temporal context of 1.5 s.

Considering errors below 10 Hz as acceptable, all estimators perform a nearly flawless CFO
estimation for the 158 recordings with more than 20 s of activity. For an activity duration
greater than 2 s but smaller than 20 s the full-band classifiers outperform both the sub-band
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Figure 6.10: Depiction of error class affiliation for the CNN, RNN and RAKE CFO estimators for
different speech activity duration.
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classifier and the RAKE algorithm. However, for shorter activity segments between 1 and 2
seconds all three NN-based systems perform worse than the statistical RAKE approach. In
particular, the sub-band classifier experiences a drop in performance for these shorter segments,
which makes sense given its temporal context of around 1.5 s.

For all prior experiments, the full-band classifier outperforms the sub-band classifier. To
assess the value of a sub-band estimation the models are applied to the IQ recordings with
positive and negative CFOs.

6.4.5 CFO estimation on IQ signals

In this section, it is shown that there are benefits of the shift-invariant sub-band classifier over
the full-band classifier. All estimators are designed for positive CFOs since a reconstruction
of negative CFOs from the real-valued recording is not possible as discussed in Section 6.3.
However, using the complex-valued baseband signal allows a reconstruction of the transmitted
signal even for negative CFOs.

As discussed in Section 4.7 the frequency range of the complex-valued baseband signal is twice
as large as the spectrum of the real-valued recording seen during training. This difference
is due to the symmetry of the frequency spectrum of a real-valued signal. Therefore, an
estimation of the CFO on the complex-valued baseband signal requires the estimator to be
independent of the size of the input spectrum. While the full-band classifier cannot be applied
to a larger frequency range than the one for which it was trained, the sub-band classifier has
no such restriction.

This difference is due to the full-band classification layer in the full-band classifier, which
uses the entire input spectrum for the CFO estimation. For the sub-band classifier on the
other hand an estimation is performed for each frequency bin individually and the estimate is
only informed by a limited context, so that this network can be applied to spectra of varying
size. To adapt the full-band classifier to this larger input spectrum the network would have
to be retrained on spectra of complex-valued baseband signals.

To emphasize the advantage of working on the IQ components, the CDFs for all estimators
are displayed in Figure 6.11 for the IQ recordings described in Section 4.7 with simulated
CFOs (∆f ∈ [0, 100, 300, 500, 1000]). For the evaluation of the influence of negative CFOs
on the error rate, the set of possible CFOs is extended by [–100, –300, –500, –1000]. Note,
that only the sub-band classifier is directly applied to the complex-valued baseband signal
calculated from the IQ components. The full-band classifiers and the RAKE algorithm still
process the real-valued recordings.

As expected, the sub-band classifier significantly outperforms the full-band classifiers if
both positive and negative CFOs are considered. The full-band classifier could be applied
to the larger spectrum of the complex-valued baseband signal by applying it twice. Once
for the negative and once for the positive frequencies. However, this still does not solve
the problem for small negative CFOs, which would be detected both in the positive and
negative half of the IQ spectrum. Although the RAKE algorithm could also be applied
directly to the IQ data, this is not pursued further in this work due to the significantly worse
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Figure 6.11: CDF of the CFO estimation error for the NN-based systems compared with the RAKE
algorithm on the IQ evaluation set with simulated positive CFOs (solid) or simulated
positive and negative CFOs (dashed). The errors used as boundaries for the ECA are
marked with gray lines.

performance compared to the NN-based estimators for positive CFOs on the “evaluation IQ”
data set.

After establishing, the strong performance of the CFO estimators, the influence of the
CFO correction on the speech signal quality and intelligibility is evaluated in the next
section.

6.4.6 CFO correction

As discussed in Section 3.2 a high CFO significantly reduces the speech quality and intelligi-
bility. For the English HF evaluation set without a CFO the average PESQ value is 1.55 and
the STOI value is 57.1 %. The low values indicate the distortion of the recorded signal due
to the transmission independent of a CFO. However, these values are still high compared
to the PESQ and STOI values for the evaluation set with CFOs greater than zero, which
are 1.20 and 42.0 %. In the next experiments, the estimated CFOs are used to correct the
frequency shift and thereby enhance the signals. The absolute improvement compared to the
recorded signal are displayed in Table 6.7.

The CFO correction leads to similar results independent of the CFO estimator. For all
estimators the performance measures are close to the ones for the correction with the
true CFO (Oracle), which is not surprising considering the accuracy of the CFO estima-
tion. For the recordings without a CFO, limitation of the signal frequencies to the trans-
mission bandwidth using a low-pass filter leads to a small gain in the PESQ and STOI
score.

One can conclude that the few errors in the CFO estimation do not have a high impact on the
speech signal quality after enhancement. This is surprising for the larger estimation errors,
which lead to a highly distorted signal. One explanation for the small difference between the
oracle results and the performance of the estimation systems is that signal segments with
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Table 6.7: Evaluation of the signal enhancement due to CFO correction for different CFO estimators
with F = 2049 on the real HF English evaluation data with (∆f ≥ 0) and without
(∆f = 0) a CFO.

∆f = 0 ∆f > 0CFO estimator
PESQ STOI % PESQ STOI / %

None 1.55 57.1 1.20 42.0
Oracle 1.55 58.8 1.71 62.9
Statistical RAKE 1.56 58.8 1.71 61.9
Full-band (CNN) 1.57 59.3 1.70 62.6
Full-band (RNN) 1.57 59.3 1.71 62.7
Sub-band 1.56 58.9 1.69 62.7

high CFO prediction error rate are already highly distorted, so the additional distortion due
to the erroneous CFO correction is concealed by the existing distortion. To emphasize this
conjecture, Figure 6.12 displays the distribution of PESQ values for the recorded signal and
the signal after CFO correction with oracle information. While the CFO correction leads to
a gain for some examples, most occurrence are still centered around a low PESQ value of 1.5.
For these examples, the distortion introduced during transmission mask the gain from the
CFO correction.

All previous experiments are performed on English audio. To evaluate whether the systems are
robust to a language change, the CFO correction is performed on the Russian HF evaluation
data. The results are presented in Table 6.8.

The results on the Russian data are very similar to the results on the English recordings
indicating that the systems are robust to a different language. Surprisingly, all systems lead
to slightly higher score than the oracle CFO correction. This indicates that some of the CFO
labels for the Russian signals might be noisy.
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Figure 6.12: Histogram of the PESQ value of the recordings before (left) and after (right) CFO
correction with oracle information for recordings with a CFO ∆f > 0.
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Table 6.8: Evaluation of the signal enhancement due to CFO correction for different CFO estimators
with F = 2049 on the real HF Russian evaluation data with (∆f ≥ 0) and without a CFO
(∆f = 0).

CFO estimator ∆f > 0 ∆f = 0
PESQ STOI / % PESQ STOI / %

None 1.42 59.3 1.20 40.2
Oracle 1.53 59.3 1.60 54.4
Statistical RAKE 1.56 60.4 1.63 55.1
Full-band (CNN) 1.56 60.5 1.62 55.1
Full-band (RNN) 1.56 60.5 1.63 55.2
Sub-band 1.55 59.3 1.63 55.3

6.5 Summary

In this chapter a statistical and two NN-based approaches to estimate the CFO of HF
recordings are introduced and compared. The two NNs architectures achieve a performance
similar to the statistical RAKE approach and even outperform it on the the “evaluation IQ”
data set.

Furthermore, the benefits of the CFO estimation on IQ signals with the sub-band classifier for
negative CFOs are shown. Finally, the large impact of a CFO correction on the speech quality
and intelligibility is shown, where the CFO estimates for all three systems lead to results
close to those obtained if the true CFO value is known. Since the results of all estimators are
similar for the positive CFOs in the “evaluation shift” data set both NN-based systems and
the statistical approach are considered in future experiments.

After evaluating both the CFO estimation and correction, the following experiments deal
with blind source separation (BSS) and noise reduction (NR) assuming absence (or perfect
correction) of a CFO.



7 Speech Enhancement

The last chapters introduced systems for speech activity detection (SAD) and carrier frequency
offset (CFO) correction, which are assumed as a preprocessing step, so that all following
systems can be designed for segments with speech activity and without a CFO. However, the
speech signal is still distorted by the high frequency (HF) transmission channel and additive
noise.

Therefore, the observation can be modeled as

yn = bn ∗ x̃n + dn = xn + dn, (7.1)

with yn denoting the observation, bn as the transmission channel, dn as the noise and x̃n as
the clean signal prior to the distortion due to the transmission. The final definition of the
observed signal is a simplification of the original signal model introduced in ?? because the
degradation caused by the HF channel is not considered.

Since many of the current neural network (NN)-based noise reduction (NR) approaches have
their origin in blind source separation (BSS) [108], [150], this chapter starts by introducing a
modular NN-based BSS system. This system is a combination of the estimator suggested
in [115] and the time-domain audio separation network (TasNet) introduced in [116]. Note,
that the described system can also be applied to the NR task.

For the following description noise is treated as a source so that the training scheme for NR
and BSS with two sources are indistinguishable and the signal model is further simplified
to

yn = x0,n + x1,n =
K–1∑
k=0

xk,n, (7.2)

with K as the number of sources (K = 2). For noise reduction x1,n represents the noise
(x1,n = dn) and x0,n the clean signal. Note that the noise reduction network is trained
to reconstruct the noise signals as well as the source signal, as suggested in [108]. During
evaluation only the reconstructed speech signal is considered. To make the equations valid
for more scenarios, K is kept undefined although this work only considers scenarios with
K = 2.

This section starts with an overview of an universal BSS system and then gives insights into
each of its components. Finally, the presented system is evaluated on a speaker separation
and the NR task on HF signals in Section 7.5.

76
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7.1 System overview

In this work we consider the received signal yn to be a sum of two sources x0,n and x1,n. For
the NR task one of these sources is the channel noise. A common BSS system is depicted in
Figure 7.1, it consists of three blocks. The first block is the encoder, which transforms the
time domain signal into a feature domain suitable for enhancement. This block is followed by
a mask estimator, which predicts an enhancement mask M̂k,`,f for each source k, with ` as
the frame index and f as the feature index. The estimated masks are multiplied with the
transformed signal Y`,f to separate the sources, leading to the estimate X̂k,`,f . The mask
multiplication is followed by a decoder, which transforms the enhanced signal back to the
time domain, thereby calculating the final estimate x̂k,n.

Both the encoder and decoder can either be learned transformations as in [116] or a transfor-
mation with a fixed parameterization. There are different possibilities for a fixed transforma-
tion [OC3], [177], [178]. However, in this work only the short time Fourier transform (STFT)
and inverse STFT are considered as suggested in [137] and [OC3]. A loss function can either
be calculated on the enhanced signal in the latent or time domain, using Xk,`,f or xk,n as
targets.

Latent/Frequency domain

Encoder Mask
Estimator Decoder

l-loss t-loss

yn Y`,f

M̂1,`,f

M̂2,`,f

X̂1,`,f

X̂2,`,f

x̂1,n

x̂2,n

X1,`,f

X2,`,f

x1,n

x2,n

Figure 7.1: Block diagram of a NN-based BSS and NR system.

7.2 Encoder and decoder

As a first step of the transformation, the input signal yn is segmented into L frames. Each
frame has the length LW with LW –LS samples overlapping with the previous frame, where LS
is the advance between frames. After segmentation, the signal is written as yi,` := y(i + ` ·LS )
with i as the sample index within the frame `. Then, the transformation is applied to the
segmented signal.

For source separation the STFT is a common transformation [179] with

Y`,f =
LW –1∑
i=0

yi,` · wi · exp (–j2π · i · f /FDFT) , (7.3)
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where wi represents a window function and FDFT the size of the discrete Fourier transformation
(DFT). In this equation, it is assumed that LW is identical to FDFT. If LW < FDFT the
segments are zero-padded.

Since the input signal is real-valued, the STFT leads to a symmetric output if FDFT is an even
number. To take advantage of the redundancy due to the symmetry only frequency bins f in
the range from 0 to F –1 are considered during separation with F = FDFT/2+1. The dropped
frequency bins are restored during decoding with the inverse STFT.

For the learned transformation a one-dimensional convolutional neural network (CNN) layer
is used for both the encoder

Y`,f = g

LW –1∑
i=0

yi,` · ui,f

 , (7.4)

and the decoder

x̂k,n =
L–1∑
`=0

`rect

(
n – `LS – LW

2
LW

) F–1∑
f =0

ũi=n–`LS ,f · X̂k,`,f (7.5)

where ui,f and ũi,f are the learnable, one-dimensional CNN kernels and x̂k,n is the time
domain estimate of the k-th source signal. g(·) is the activation function of the encoder, which
commonly is either the identity function or a rectified linear unit (ReLU) [135]. The time
domain estimate is calculated from the feature domain estimate by computing the weighted
sum over the feature dimension for each frame and deriving the per-sample result using the
overlap-add method.

Both the STFT and inverse STFT can be written as a one-dimensional convolution with a
fixed instead of a learned kernel. In this case the complex STFT operation is split into a real
and imaginary part leading to two separate kernels

ureal
i,f = wi · cos

(
2π · i · f

FDFT

)
, (7.6) uimag

i,f = –wi · sin
(

2π · i · f
FDFT

)
, (7.7)

The complex signal resulting from the two convolutions Y`,f =
∑

i yi,` ·ureal
i,f +j

∑
i yi,` ·u

imag
i,f

is identical to the STFT result in Equation (7.3).

7.3 Mask estimator

The mask estimator operates on the transformed signal to calculate activity information
for both sources per time frequency bin. For the STFT as encoder, it is common practice
to present the magnitude of the complex spectrum to the estimator [115]. However, due
to this data representation the phase information of the complex signal is unknown to the
mask estimator. To maintain this information the real and imaginary part of the STFT
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transformed signal can be concatenated so that the estimator input has FDFT + 2 real
valued features and can calculate an activity mask for both real and imaginary part of the
signal [180].1

For many publications the mask estimation output activation either is a Softmax or a
Sigmoid function to limit the mask to the interval [0, 1] [101]. In [132] it is suggested that a
“mask” with values greater than one can be used to amplify the target signal components
and thereby achieve an improved separation performance. Therefore, in the following
discussion the mask is not confined to the interval [0, 1] but can take on any real, positive
value (M̂k,`,f ∈ R+).

There are many different architectures for the mask estimator ranging from recurrent lay-
ers [116] to a transformer structure [134]. In this work, only the convolutional architecture
described in [135] and the recurrent one published in [44] are compared, since they are two of
the most popular mask estimators for source separation.

7.3.1 Convolutional mask estimator network

The convolutional mask estimator introduced in [135] is a temporal convolutional network [181].
It consists of an input normalization with subsequent projection of the input signal with size
F to the network feature size BC with a one-dimensional CNN layer with a 1x1 kernel. The
projected signal is further processed by RC CNN blocks which consist of DC one-dimensional
convolution blocks (Conv1D-blocks) with increasing dilation. In Figure 7.2 an example for
a Conv1D-block is depicted. It consists of an input normalization, a one-dimensional CNN
with 1x1 kernel as input projection, a parametric rectified linear unit (PReLU) activation and
the central one-dimensional CNN with a 1x3 kernel and the block specific dilation. As the
last two steps of the Conv1D-block the signal is processed by a PReLU activation and a one-
dimensional CNN with 1x1 kernel as output projection to return the feature size to the network
feature size BC . After the RC CNN blocks the signal is projected to the size k · F so that
the network outputs an estimate for each source k = 1, .., K . Finally, an activation function
is applied to calculate a time frequency mask. In [135] a Sigmoid or Softmax activation is
suggested. However, as discussed in [132] a less restrictive activation may lead to improved
results. Therefore, a ReLU activation function is used in this work.

Norm
Conv-1D

1x1, ch=HC
PReLU

Conv-1D
1x3, ch=HC
dilation=dC

PReLU
Conv-1D

1x1, ch=BC

dilation=dC

Conv1D-Block

Figure 7.2: Block diagram of a Conv1d-block of the convolutional mask estimator

1Due to the symmetry of the DFT only FDFT features of the transformed signal are unique. For simplicity
FDFT + 2 values are calculated.
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Figure 7.3: Block diagram of the convolutional mask estimator.

The combination of multiple CNN layers with different dilation factors leads to a large
temporal context of roughly 2DC ·RC ·LS

Fmax
, which allows the network to aggregate source

information for the mask estimation even in case of short silence segments. The whole
convolutional estimator is depicted in Figure 7.3.

7.3.2 Recurrent mask estimator network

The second architecture considered here is a dual-path recurrent neural network (DPRNN)
network as introduced in [44]. This architecture consists of RR DPRNN-blocks, where
each block includes two recurrent neural networks (RNNs) layers each with HR nodes. As
preprocessing for the DPRNN-blocks the L frames of the encoded input signal are split into
L̃ segments of length L̃W with a shift L̃S , which results in an overlap L̃W – L̃S between
the segments. This is similar to the segmentation in Section 5.2 and allows to define the
temporal context presented to the first RNN layer. Next, the input signal is projected to the
expected feature space with a feature size BR. Before the signal is processed by the second
RNN layer it is again projected to the network feature size BR and normalized using layer
normalization [182]. Additionally, the segmented input signal and the normalization output
are connected with a residual connection.
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Figure 7.4: Block diagram of the DPRNN layer, where each blue block represents a feature vector for

one frame and the colors indicate which frames are processed together in the following
step.

The second RNN processes inter segment information by stacking the ˜̀-th value of all segments
to get an input vector for a recurrent layer with ˜̀∈ [0, L̃ – 1]. Thereby, allowing the network
to process local information in the first RNN and using this information in a global context
in the second RNN. The second RNN layer includes an output projection, layer normalization
and a recurrent connection exactly as the first RNN. The L̃ frames of the segmented output of
the RNN-blocks are added together using the overlapp-add method to calculate the activity
mask for each of the L frames. Figure 7.4 depicts a block diagram of the described recurrent
mask estimator, where the different colors and line types show that the first RNNs are applied
to the each segment individually, while the second RNNs process values from each segment
to gather inter-segment information. Note, that the output of a DPRNN blocks is sent to
the next block, and only the output of the last layer is further processed to get a frame-wise
representation again.

In this work, the focus lies on the original version of DPRNN despite the recently published
improvements to the DPRNN, which were shown to lead to stronger separation results [183]
or to require less computational power [184]. This decision can be justified by the as-
sumption that the insides gained during this work can be transferred to all versions of
DPRNN.

7.4 Cost function

The loss for both the BSS and the NR network can be either calculated in the feature or in the
time domain. In Figure 7.1 this is represented by the l- and t-loss blocks. For the BSS task
the permutation problem is solved using the utterance-level permutation invariant training
(u-PIT) method [115]. As discussed previously, the permutation problem does not occur for
the NR task because the noise and speaker statistics are distinct, allowing the network to learn
an unambiguous assignment between estimated signals and targets.



Speech Enhancement 82

One common loss function for noise reduction calculates the deviation of the estimated mask
M̂k,`,f from an oracle mask Mk,`,f using the binary cross entropy (BCE)

LM–BSE = 1
L · F · K

K–1∑
k=0

L–1∑
`=0

F–1∑
f =0

[
–Mk,`,f log

(
M̂k,`,f

)
–
(

1 – Mk,`,f log
(

1 – M̂k,`,f
))]

. (7.8)

An oracle mask is calculated from the observation Y`,f and the paired clean speech signal
Xk,`,f . There are various possible oracle masks as discussed in [101]. In this work the ideal
ratio mask (IRM) and the ideal complex mask (ICM) are considered as target masks. Both
are discussed in more details in Section 7.5.3.

An alternative loss function is the mean squared error (MSE) between the enhanced signal
X̂ and the source signal X . For a frequency domain system with the magnitude spectrum
as input there are two common MSE-based loss functions. The first ist a simple MSE
loss

LMSE = 1
L · F · K

K–1∑
k=0

L–1∑
`=0

F–1∑
f =0

∣∣∣∣∣∣X̂k,`,f
∣∣∣ –
∣∣Xk,`,f

∣∣∣∣∣2 , (7.9)

which takes the phase information into account if the input is a concatenation of the real and
imaginary part of the observation instead of the magnitude. Otherwise, no phase information
is considered in the loss calculation.

Therefore, in [115] a phase sensitive loss LP–MSE is introduced, which adds phase information
to the simple MSE loss

LP–MSE = 1
L · F · K

K–1∑
k=0

L–1∑
`=0

F–1∑
f =0

∣∣∣∣∣∣X̂k,`,f
∣∣∣

–
∣∣Xk,`,f

∣∣ · cos(∆θk,`,f
)∣∣2 , (7.10)

with ∆θk,`,f = θ`,f –θk,`,f as the difference between the observed phase θ`,f and the phase infor-
mation for each speaker θk,`,f . Using the cosine to convey the phase information can be shown
to be the best real-valued approximation of the true complex-valued signal [185]. For a more
in depth discussion of frequency domain loss functions refer to [186].

For both BSS and NR the scale invariant signal to distortion ratio (SI-SDR) is a common
time domain loss function [116], [150] with

LSI–SDR = –10 1
K

K–1∑
k=0

log10

N–1∑
n=0

∣∣∣α · x2
k,n

∣∣∣
N–1∑
n=0

∣∣α · xk,n – x̂k,n
∣∣2 and α =

N–1∑
n=0

x̂k,n · xk,n

N–1∑
n=0

∣∣xk,n
∣∣2 , (7.11)

where α is used as a scaling factor. In [OC3] we showed that with only a few reformulations a
logarithmic MSE in the time domain can be derived from the SI-SDR. Therefore, a new scaling
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factor β = 1
α is introduced and all terms without a dependency on learnable parameters are

removed.

LSI–SDR = –10 1
K

K–1∑
k=0

log10

N–1∑
n=0

∣∣xk,n
∣∣2

N–1∑
n=0

∣∣xk,n – β · x̂k,n
∣∣2

∝ 10 1
K

K–1∑
k=0

log10

N–1∑
n=0

∣∣xk,n – β · x̂k,n
∣∣2. (7.12)

Setting β to 1 leads to the logarithmic MSE in the time domain

LT–LMSE = 10 1
K

K–1∑
k=0

log10

N–1∑
n=0

∣∣xk,n – x̂k,n
∣∣2. (7.13)

When assuming that one of the sources is inactive during a whole utterance, then α approaches
infinity following Equation (7.11) which leads to an information devoid gradient for LSI–SDR as
a loss function, while the gradient for LT–LMSE is not affected as long as some of the predicted
values are greater than zero. Therefore, LT–LMSE is both simpler than LSI–SDR and provides
a more informative gradient in case of inactivity for one of the sources. However, the scale
invariance is lost for LT–LMSE as a loss function compared to LSI–SDR. For both LT–LMSE

and LSI–SDR the gradients are strongly influenced by examples from the training set with
already good predictions (x̂k,n close to xk,n) because the loss approaches minus infinity. To
mitigate the influence of these stronger predictions a clipping or thresholding is suggested in [4]
and [187]. These upper bounds to the time domain loss functions are only considered for noise
reduction to keep the comparability to [OC3] for the BSS experiments.

The system for BSS and NR introduced in this chapter is evaluated in the next sec-
tion.

7.5 Evaluation

In this section the presented system is evaluated for both the BSS and NR task. Here,
the experiments are conducted to evaluate whether frequency domain separation and noise
reduction networks can still achieve competitive results compared to time domain systems.
Therefore, first the evaluation data sets and measures are discussed.

Afterwards, a top and a baseline system are presented for the different data sets. Then, a
step-by-step analysis of the system components is performed for both the BSS and NR data.
From this evaluation a design recommendation for both tasks specific to the considered data
is derived.
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7.5.1 Database

Two distinct databases are used in the evaluation. The first is the WSJ0-2mix database [114],
which is used to evaluate the described system on the BSS task. It consists of mixtures
of two utterances from the Wall Street Journal (WSJ) database [188] spoken by different
speakers. The signals are mixed at a random signal to distortion ratio (SDR) between –2.5 dB
and 2.5 dB. In contrast to many publications the length of the utterance is chosen to be
the length of the longest utterance as suggested in [OC3] to ensure that for both speakers
the whole utterance is included in the observed signal. This configuration leads to about
0.5 dB lower SDR results compared to the common approach to choose the length of the
shortest utterance [OC3]. The database consists of three data sets with 30 h of training, 10 h
of validation and 5 h of testing data.

Similar to the CFO systems, all NR models are only trained on HF signals of English
speakers simulated as described in Section 4.9. For the evaluation on the NR task a subset of
simulated data (HF Simu) and the real recordings discussed in Section 4.6 are considered.
The evaluation sets without a CFO described in Section 4.6 are used to evaluate the NR
performance of the discussed system on real recordings. Most of the evaluations on real
HF signals are performed on the recordings of English speakers (HF English) and only in
Section 7.5.6 is the Russian evaluation set (HF Russian) used to examine the impact of an
unknown language on the NR performance. In Table 7.1 an overview over the considered
data sets is displayed. For all NR signals a perfect CFO correction is applied prior to the NR
network.

The next section gives an overview of the evaluation measures used during the following
experiments.

Table 7.1: Comparison of the speech enhancement evaluation sets.

Name Simulated Speech Overlap Noisy SDR
min max

WSJ0-2mix 3 3 7 –2.5 2.5
HF Simu 3 7 3 –5.0 5.0
Evaluation 7 7 3 –21.4 5.8
Russian 7 7 3 –21.3 10.5

7.5.2 Evaluation Measure

Both the NR and BSS performance can be assessed using the short-time objective intelligibility
(STOI) and perceptual evaluation of speech quality (PESQ) evaluation measures discussed in
Section 6.4.2. Additionally, three common evaluation measures for enhancement that are
influenced by the amplitude variation due to the automatic gain control (AGC) are used to
evaluate the performance on simulated HF signals.

The first two additional measures are MIR-SDR [189], [190] and SI-SDR [191], which are
common BSS evaluation measures that compare the power of the target xn and estimated
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signal x̂n. Therefore, both measures cannot be used for the real HF data, which is processed
by an AGC. Although the SI-SDR calculates a scaling factor to compensate for amplitude
differences, this factor is only estimated globally for an utterance so that the changing
factor of the AGC cannot be counteracted. Additionally, the SI-SDR is susceptible to
small temporal delays between the estimated and target signal, which do not reduce the
quality or intelligibility as we have shown in [118]. This leads to very low SI-SDR values
for the real HF signals in case of small errors in the synchronization of the transmitted and
recorded signal described in ??. For brevity, MIR-SDR will be called SDR for the rest of this
work.

As a third evaluation measure, the word error rate (WER) is calculated to show the impact
of the enhancement systems on a downstream automatic speech recognition (ASR) system.
Two acoustic models are trained, one to evaluate the BSS results and another for the NR
output. Both models use a factorized time-delayed neural network (TDNN-F) [192] with a
configuration based on the WSJ recipe from the Kaldi toolbox [156], [157]. The training
procedure follows the one we describe in [118], where a GMM-HMM is trained on clean
audio to extract alignments. These alignments are used to train the acoustic model with 8
TDNN-F layers. During evaluation the default tri-gram Kaldi language model for either the
WSJ or LibriSpeech database is used. No language model rescoring is used for this work.
The WER is calculated by accumulating the insertion, deletion and substitutions over all
utterances and dividing the sum by the number of words in the data set. Therefore, the
value of the WER is a positive number and lower values represent an improvement in the
recognition.

Two ASR systems are trained, one for the WSJ0-2mix and one for the HF data. For the
WSJ0-2mix database both the acoustic model and the HMM-GMM for alignment extraction
are trained on the WSJ data. To train an acoustic model for the HF Simu data set, the
alignments are extracted from the clean LibriSpeech audio and then used to train the acoustic
model on the simulated training data.

For the evaluation on the real HF recordings the NR is performed on each of the five activity
segments in a recording individually. The presented results are an average over the values
calculated per utterance.

To offer a comparison for the enhancement performance of the presented NN for speech
enhancement during evaluation both a baseline and a topline system are discussed in the
next section.

7.5.3 Top- and baseline

In this section a baseline and a topline for BSS and NR are introduced and evaluated on the
task specific, simulated evaluation sets. Additionally, two baselines for the noise reduction
task on the real HF signals are discussed.
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Simulated signals

For the simulated databases WSJ0-2mix and HF Simu a multiplication of the frequency spec-
trum of the input signal with an oracle mask is chosen as the topline, with X̂k,`,f = Mk,`,f · Y`,f .
The following experiments compare the IRM, Wiener-like mask (WLM) and ICM oracle
masks for both tasks.

The masks are calculated in the frequency domain with LW = 64 ms and LS = 16 ms. For each
considered mask the equation and average result on the simulated evaluation sets for both tasks
are displayed in Table 7.2 for the PESQ and SDR evaluation measures. To compare additional
evaluation measures please refer to Appendix A.5. Additionally, the results for the observation
signal yn without any enhancement are presented as a baseline.

For both BSS and NR the WLM shows stronger distortion reduction than the IRM which can
be explained by the more sparse representation due to the quadratic terms.

For these simulated signals, the enhancement with the ICM leads to a nearly perfect recon-
struction, which is expected as the observation is a linear combination of the sources. To
emphasize the differences between the masks examples for the IRM and ICM are displayed
in Figure 7.5. The WLM is not displayed since it has a behavior similar to the IRM. For
the ICM mask the absolute value is displayed. The low values in the higher frequencies for
the NR masks are due to the bandwidth restriction to 2.7 kHz of the simulated and real HF
signals as discussed in ??.

For a long time the described real valued masks were considered an upper bound on perfor-
mance for mask estimation with neural networks [115], [193]. However, with the introduction
of a time-domain loss these oracle masks are surpassed regarding the SDR evaluation mea-
sure [138]. Note, that only the real valued masks are outperformed by the new architectures.
The ICM still is an upper limit for linear distortions.

To give a sense of the difficulty of noise reduction on the real recordings the next section intro-
duces two baseline NR systems and their results on the real HF signals.

Table 7.2: Comparison of the oracle masks for BSS on the test data of the WSJ0-2mix database
and NR on the evaluation set of the HF-Simu database

Name Equation Source Separation Noise Reduction
PESQ SDR / dB PESQ SDR / dB

No masking 1 1.86 0.1 1.44 0.2

Ideal ratio mask (IRM)
∣∣xk,`,f

∣∣∣∣Y`,f
∣∣ 3.67 12.4 3.51 13.3

Wiener-like mask (WLM)
∣∣xk,`,f

∣∣2∣∣Y`,f
∣∣2 3.60 13.2 3.25 14.1

Ideal complex mask (ICM) xk,`,f
y`,f 4.55 155.0 4.55 74.9
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Figure 7.5: Examples for oracle masks for BSS (first row) and NR (second row) on the respective
simulated evaluation sets

Real high frequency signals

For the real HF recordings only the observation and the paired clean speech but no noise
data is recorded so that the masks discussed above cannot be calculated. Therefore, a simple
quantile mask MS

`,f is derived from the clean signals, which is set to one for the 10 % of the
time-frequency points with the highest energy and zero for all remaining time-frequency
points. The noise mask MD

`,f is defined as the opposite to the speech mask with MD
`,f = 1–MS

`,f
Both masks are multiplied with the input signal to get an estimate of the respective clean
signal, which is then used to calculate a Wiener filter [92]:

W`,f = max


∣∣∣MS

`,f · Y`,f
∣∣∣2∣∣∣MD

`,f · Y`,f
∣∣∣2 , Gmin

 , (7.14)

with Gmin as a lower bound of the Wiener filter.

Another baseline system for the real HF data is spectral subtraction in the α-domain as
suggested in [194] and for example applied in [OC7]. Performing the subtraction not on the
power spectrum (α = 2), but with a lower exponent α reduces the kortosis ratio [194], which
is an indicator for musical noise in the processed signal [195]. Therefore, the estimated clean
speech signal Ŝ`,f can be described as

Ŝ`,f =
(∣∣Y`,f

∣∣α –
∣∣Df
∣∣α) 1

α , (7.15)
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with
∣∣Df
∣∣α as the averaged noise spectrum in the α domain. To get an estimate of the noise

statistics the silence prior to the observed signal is accumulated and the average operation is
performed over the alpha domain signal

∣∣Df
∣∣α = 1

LD

LD–1∑
`=0

∣∣D`,f
∣∣α . (7.16)

The estimated noise and speech power spectrum are then used to calculate a Wiener filter.
For experiments on the simulated data the time-averaged noise power

∣∣Df
∣∣α can be replaced

by time-varying values
∣∣D`,f

∣∣α since parallel noise data is available.

In the following experiments the NR performance of the oracle mask and the statistical NR
explained above are examined. Both baseline algorithms are performed in the frequency
domain with LW = 64 ms and LS = 16 ms. As discussed in Section 7.5.2 neither the SDR
nor SI-SDR evaluation measure is calculated on the real data because they are distorted
by the AGC in the Kiwi-SDR receiver. In Table 7.3 the results of the oracle and statistical
NR in comparison to the evaluation measure calculated directly on the recorded signal are
displayed.

While both the statistical and the oracle results lead to improved PESQ and STOI values on the
real data compared to the unprocessed signal, both evaluation measures are significantly lower
than the ones calculated for the simulated data. There are multiple reasons for the lower results.
First, there is the non-linear distortion of the original signal during the transmission. This is
especially harmful to the considered systems since both enhancement algorithms are designed
for linear distortions. Secondly, the real data includes some utterances with such low signal to
noise ratio (SNR) that the speech signals are incomprehensible. For the statistical algorithm
an additional impediment is the missing parallel noise information.

For the simulated data the switch from time-varying to an time-averaged noise signal leads
to a loss of about 20 % in STOI. Even with the averaged noise information the statistical
approach still achieves results close to the oracle mask with Wiener filtering. For STOI the
difference amounts to around 3 % and for PESQ to 0.12.

Table 7.3: Comparison of the baseline results on the real HF data.

Method Wiener filter
Simulated Real

PESQ STOI PESQ STOI
% %

No enhancement 7 1.44 70.1 1.69 58.7

Oracle Mask 7 1.79 87.2 1.59 65.1
3 2.10 86.5 1.99 64.3

Statistical
∣∣D`,f

∣∣α 3 2.73 88.5 – –
Statistical

∣∣Df
∣∣α 3 1.47 69.5 1.87 61.5
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These results on both the simulated and real data are presented to offer a value range to
which the presented BSS and NR systems discussed in the next sections can be compared.
First, the BSS systems are evaluated.

7.5.4 Source separation

In this section the modular source separation network is evaluated and different configurations
are compared to show the potential of frequency domain separation despite the current trend
towards latent domain networks. For these experiments both the convolutional (Section 7.3.1)
and recurrent (Section 7.3.2) mask estimator are considered. For both mask estimators a
configuration similar to the original publication is chosen with RC = 4, DC = 8, BC = 256
and HC = 256 for the convolutional mask estimator and RR = 6, L̃S = 100, L̃S = 50,
BR = 64 and HR = 128 for the recurrent one. We published a subset of the following
experiments in [OC3].

Similar to [OC3] the Adam method [169] is used for optimization with a step size of 0.001
The step size is divided by 2 each time the SDR on the validation set is not reduced for 5
consecutive training epochs. Additionally, each time the step size is reduced, the learned
parameters of the network are reset to the last state with the highest SDR. As in [OC3] the
convolutional mask estimator is designed with a ReLU activation function and a global layer
normalization [135]. In contrast to [OC3], the window size LW and shift LS are reduced from
4 ms to 2 ms and from 2 ms to 1 ms, respectively. This reduction increases the comparability
to [44] and [135].

From frequency to time domain source separation

As in [OC3] the STFT-based mask estimator with a phase sensitive frequency loss LP–MSE

is used as baseline. Starting from this baseline the encoder and decoder as well as the loss
function is changed step by step until the resulting combination is a TasNet architecture. The
results for the different steps are displayed in Table 7.4, where the domain name “Magnitude”
represents the frequency magnitude spectrum and “Real+Imag” the concatenation of the
real and imaginary part of the frequency spectrum.

For the network configuration with the MSE frequency domain loss LMSE a worse performance
is observed than for the phase-sensitive baseline loss LP–MSE, which is expected since the
network does not learn to consider the phase for the mask estimation. However, the additional
phase information gained by estimating a mask for both the real and imaginary part of
the observation leads to the worst results of all experiments. Here, the additional phase
information does not improve the network training. While the performance can be improved
by calculating the SI-SDR loss LSI–SDR, it is still slightly worse than the baseline results.
Reducing the window size LW and shift LS to 2 ms and 1 ms during encoding and decoding
leads to a relative improvement of more than 100 % for the SDR, SI-SDR and WER evaluation
measures compared to LW = 64 ms and LS = 16 ms. This gain indicates the importance of
small window sizes for enhancement with a time-domain loss function on non-reverberated
data. This conclusion is supported by the experiments presented in [177] and [178]. The final
step from the baseline to the TasNet separator is to replace the STFT encoder and inverse
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Table 7.4: A step-by-step comparison of frequency and time domain source separation on the test
set of the WSJ0-2mix database with the convolutional mask estimator. The line in the
table separates configurations with a frequency and time domain loss function.

Domain LW/LS Loss-Fn PESQ STOI SI-SDR SDR WER
ms/ms % dB dB %

Magnitude 64/16 LP–MSE 2.29 86.3 7.9 8.3 43.36
Magnitude 64/16 LMSE 2.36 88.0 7.7 8.0 45.04
Real+Imag 64/16 LMSE 2.12 84.6 2.9 5.4 50.28

Real+Imag 64/16 LSI–SDR 2.29 86.6 9.2 9.7 44.47
Real+Imag 2/1 LSI–SDR 2.82 92.8 12.9 13.2 26.16
Latent 2/1 LSI–SDR 3.21 94.5 15.4 15.8 20.83
Latent 2/1 LT–LMSE 3.26 94.6 15.4 15.8 20.80

STFT decoder with a learned encoder and decoder. Due to the separation in the latent
space, the SDR is improved by additional 2 dB. Switching from the SI-SDR loss LSI–SDR to
LT–LMSE leads to only small improvements.

In summary, the main advantage of the TasNet architecture compared to the baseline system
is a combination of the time domain loss and a small window size and shift in the encoder
and decoder. In other words, frequency domain source separation offers the possibility to
achieve competitive results if the configuration is optimized. Because the difference between
the LT–LMSE and LSI–SDR loss function is quite small and the LSI–SDR loss offers better
comparability to other publications, all following experiments with time domain loss functions
will be performed using the LSI–SDR loss.

Component comparison for source separation

To further investigate the influence of the latent domain on the separation results different
combinations of the learned and STFT-based en- and decoder are compared. To ensure
that these observations are not specific to the convolutional mask estimator the same
experiments are performed using the recurrent mask estimator. The results are displayed in
Table 7.5.

While the architecture with both learned encoder and decoder achieves the best results, the
gap in SDR between the frequency and latent domain is reduced to 0.9 dB from 2.6 dB by
using an learned inverse transform. A learned encoder with the fixed inverse STFT decoder
gives a similar improvement of 1.5 dB in SDR to 14.7 dB. For the recurrent mask estimator
the differences between the models are comparable to the ones witnessed for the convolutional
mask estimator. Only for the learned encoder with an inverse STFT the results deviate,
where the recurrent mask estimator achieves a SDR of 15.60 dB which is close to the result of
the convolutional mask estimator with learned encoder and decoder. The WER of this model
is even lower than the result of the systems with learned encoder and decoder, indicating
the benefits of the regularization of the latent space due to the fixed decoder. Most of the



Speech Enhancement 91

Table 7.5: Comparison of different encoder and decoder combination for both the recurrent and
convolutional mask estimator using LW = 2 ms and LS = 1 ms on the test set of the
WSJ0-2mix database.

Mask estimator Encoder Decoder PESQ STOI SI-SDR SDR WER
% dB dB %

Convolutional

learned learned 3.21 94.5 15.4 15.8 20.83
STFT learned 3.09 94.4 14.6 14.9 22.57
learned inverse STFT 3.08 92.9 14.3 14.7 23.48
STFT inverse STFT 2.82 92.8 12.9 13.2 26.16

Recurrent

learned learned 3.27 95.1 15.7 16.1 20.82
STFT learned 2.98 94.4 14.1 14.5 22.13
learned inverse STFT 3.18 95.0 15.3 15.6 20.64
STFT inverse STFT 2.99 93.0 13.7 14.1 24.45

evaluated configurations with a recurrent model achieve improved results compared to the
corresponding model with a convolutional mask estimator.

The slightly worse results of the fixed compared to the learned encoder/decoder are somewhat
compensated by the higher interpretability of the transformed signals for the STFT compared
to the latent encoder. Furthermore, the STFT encoder allows a combination of the NN-based
separation with well known statistical enhancement and extraction algorithms in the spectral
domain like mixture models [124], beamforming [29] or Wiener filtering [92]. Overall, the
frequency domain separation is still a valid alternative to the latent space network and
achieves strong separation results.

Both the separation with the recurrent and the convolutional mask estimator achieve similiar
results with a window size LW and shift LS of 2 ms and 1 ms, respectively. These results fit
the observation published in [44] that the DPRNN significantly outperforms the convolutional
mask estimator for smaller LW , with LW = 0.25 ms giving the best results. These small
window sizes are not considered in this work since they drastically increase the computational
complexity of the model. The 16.1 dB of the enhanced signal are close to the results presented
in [44], where the small difference may be attributed to the different data preparation
described in Section 7.5.1 and the differences in optimization.

The simulations presented in this work indicate, that both the recurrent and convolutional
mask estimator can achieve competitive separation results for both frequency and latent
domain separation. Therefore, both will be considered in the following experiments. During
the next section, the system is evaluated for noisy HF recordings. The experiments serve to
clarify whether the changes from frequency to time domain separation described in Table 7.4
lead to similar improvements in the noise reduction task.
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7.5.5 Noise reduction

This section deals with two questions. The first question is whether the gains of time domain
source separation can be transferred to the NR task. Second, it is examined whether the
insights gained from the experiments on the simulated HF signals can be transferred to the
real HF recordings.

From frequency to time domain noise reduction for simulated data

First, the experiments described in Section 7.5.4 are repeated for the NR task on the simulated
HF data. The training on the simulated HF signals is similar to the one described above for
the BSS task. Only the comparison between the training steps differs from the BSS tasks,
because the SDR evaluation measure is calculated for the estimation of the first source signal
but not for the second. Since the second source represents a noise signal for the NR task,
it is not important for a successful noise reduction and is discarded. Only the enhanced
speech signal is used during evaluation. Additionally, a clipping of the time-domain losses as
suggested in [4] is used in the following experiments, since preliminary results suggested that
this clipping is beneficial for the NR task.

As above, the baseline system is a frequency domain mask estimator with a phase-sensitive
loss. The encoder, decoder, window and shift sizes as well as the loss function of this baseline
are varied until the network configuration is changed to a time domain noise reduction
network. The results for the different stages are displayed in Table 7.6.

Changing the parameters in the NR architecture leads to similar improvements as for BSS.
Only the influence of the latent domain is smaller than the one witnessed for BSS. Nevertheless,
the NR in the latent domain with a time domain loss achieves the strongest performance
with an SDR of 14.8 dB. The SDR and all other evaluation measures are worse than the
ones in BSS which can be explained by the missing upper frequencies due to the 2.7 kHz
bandwidth restriction. Preliminary experiments without the bandwidth restriction lead to
significantly higher evaluation measures close to those seen for BSS.

Table 7.6: A step-by-step comparison of frequency and time domain noise reduction on the evaluation
set of the simulated HF database with the convolutional mask estimator. The line in the
table separates configurations with a frequency and time domain loss function.

Domain LW/LS Loss-Fn PESQ STOI SI-SDR SDR WER
ms/ms % dB dB %

Magnitude 64/16 LP–MSE 2.33 86.4 9.8 10.4 27.87
Magnitude 64/16 LMSE 2.29 85.5 10.6 11.4 26.88
Real+Imag 64/16 LMSE 2.07 81.1 8.7 11.0 34.89

Real+Imag 64/16 LSI–SDR 2.43 87.5 12.0 13.2 27.51
Real+Imag 2/1 LSI–SDR 2.52 88.7 13.3 14.2 21.90
Latent 2/1 LSI–SDR 2.70 90.1 13.8 14.8 21.42
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Furthermore, the time-domain NN outperforms the real-valued oracle masks discussed in
Section 7.5.3 similar to the model for the BSS task. Note, that many of the NR models
lead to an improved WER compared to the error rate of the unprocessed signals with a
WER of 29.00 %. This gain is noteworthy because it contradicts the assumption that in
general a ASR system is more inhibited by distortions introduced by a NR system than by
the additive noise in the observed signal [108]. One explanation for these improvements is
the high non-stationarity of the noise, which degrades the recognition results even though
the network is trained on similar signals. A stronger ASR architecture might no longer profit
from this single channel enhancement as suggested in [196].

Mask estimator comparison for noise reduction on simulated data

To verify the smaller influence of the latent domain, the next experiments compare the NR
results in the latent and time domain for both mask estimators. The results are displayed
in Table 7.7. For both the convolutional and recurrent mask estimator the choice of the
feature domain only slightly influences the noise reduction results. While the network with
STFT encoder and inverse STFT decoder performs worse than the system with the learned
encoder and decoder, the difference is not as large as in Table 7.5. The intermediate steps
with learned encoder and fixed decoder, as well as fixed encoder and learned decoder, are
not considered here, since they do not lead to a significant gain over the network with fixed
encoder and decoder.

Note that the recurrent mask estimator is outperformed by the convolutional estimator
independent of the chosen feature domain, which is not consistent with the results observed
for the BSS task. This difference to the separation can be explained by the low temporal
auto-correlation of the noise signal compared to the speech signal of an overlapping speaker.
Therefore, the larger temporal context of the recurrent estimator due to the second, inter-
segment RNN layer is not as beneficial. Note, that the STFT domain signal is limited to the
lower frequencies due to the low pass filtering during demodulation, the learned encoder is
not limited and learns a latent domain where the whole feature dimension contains signal
information.

Overall, the presented NR experiments on the simulated HF mirror the results for BSS. In
both BSS and NR the SDR evaluation measure for the better performing neural networks
outperform the real valued oracle masks in Section 7.5.3. This is true for both frequency

Table 7.7: Comparison of the recurrent and convolutional mask estimator using LW = 2 ms and
LS = 1 ms on the evaluation set of the simulated HF database.

Mask estimator Encoder Decoder PESQ STOI SI-SDR SDR WER
% dB dB %

Convolutional learned learned 2.70 90.1 13.8 14.8 21.42
STFT inverse STFT 2.52 88.7 13.3 14.2 21.90

Recurrent learned learned 2.62 88.9 13.3 14.4 23.25
STFT inverse STFT 2.50 87.8 12.9 13.9 23.15
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domain and latent domain enhancement systems. Especially for BSS the best performing
system outperforms the oracle results by more than 2 dB. However, the real valued oracle
masks still outperform the systems in regards to speech quality represented by the PESQ
value. These results indicate, that there is still information to be gained from the oracle
masks that can improve the results by reducing the focus of the network training on SDR
improvement.

In the next sections the systems evaluated for NR are examined with regards to their
performance on the real HF data. These experiment show whether the non-linear distortion
during transmission and the mismatch between training and evaluation data lead to a drop
in performance.

From frequency to time domain noise reduction for real data

In the following experiments, the networks trained on the simulated data for the experiments
in the last section are applied to the real HF data without retraining. The results are
displayed in Table 7.8.

As depicted in Table 7.8 the differences between the results with the different parameters
are lower than the ones presented in Table 7.4. Overall, the NR on real recordings leads
to worse results for both the PESQ and STOI evaluation measure compared to NR on the
simulated signals. This drop in performance can be partially explained by a shorter average
utterance length, the lower SNR and the non-linear distortion due to the transmission and
the AGC. All systems outperform both the statistical baseline and the oracle mask with
regards to PESQ and only the frequency domain system with the MSE loss LMSE achieves a
worse STOI result than both baselines. Therefore, we can assume that all trained systems
are effective for the real HF recordings.

The best result is achieved by a noise reduction in the frequency domain using a time domain
loss with a PESQ value of 2.32 and a STOI value of 72.6 %. A similar result is achieved with
the phase sensitive MSE loss. Both systems estimate the mask in the frequency domain with

Table 7.8: A step-by-step comparison of frequency and time domain noise reduction on the evaluation
set of the real HF database with the convolutional mask estimator. The line in the table
separates configurations with a frequency and time domain loss function.

Domain LW/LS Loss-Fn PESQ STOI
ms/ms %

Magnitude 64/16 LP–MSE 2.23 71.4
Magnitude 64/16 LMSE 2.17 69.8
Real+Imag 64/16 LMSE 2.07 58.9

Real+Imag 64/16 LSI–SDR 2.32 72.6
Real+Imag 2/1 LSI–SDR 2.17 69.4
Latent 2/1 LSI–SDR 2.27 69.3
Latent 64/16 LSI–SDR 2.41 72.8
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LW = 64 ms and LS = 16 ms. Therefore, a network in the latent domain with the larger
LW and LS is trained to examine whether the STFT domain generally improves the results
or if the improvements can be attributed to the larger LW and LS . This separation in the
latent domain further improves the enhancement with a PESQ value of 2.41 and a STOI
value of 72.8 %. These results are comparable to the experiments presented in [OC3], where
for the more realistic database, a larger shift and window size in the encoder is beneficial
for the network. One conclusion is that the enhancement network does not profit from
the small window LW and shift size LS if there is a larger mismatch between training and
evaluation. In other words, the larger window and shift size can increase the robustness of
the network at the cost of degraded results for signals that are very similar to the training
set.

Mask estimator comparison for noise reduction on real data

To asses the difference between the latent and frequency domain noise reduction for real
recordings, both mask estimators are compared in both domains. The results are presented
in Table 7.9 for LW = 64 ms and LS = 16 ms. The larger sizes are chosen because they
consistently produce improved enhancement results. For a comparison with results for a
shorter LW and LS refer to the appendix (Table A.6).

Again, the convolutional mask estimator slightly outperforms the recurrent mask estimator
for both feature domains. Note, that the difference between the results of the frequency and
latent domain networks is even smaller than for the experiments on the simulated signals. One
explanation for this difference between the experiments on the real and simulated HF signals
is that the fixed transformation prevents the network from overfitting the latent domain to the
simulated data. This overfitting might still improve the results on the simulated evaluation
set, but no longer leads to an improvement for the real HF data with larger mismatch to the
training data.

Table 7.9: Comparison of the recurrent and convolutional mask estimator using LW = 64 ms and
LS = 16 ms on the evaluation set of the real HF database.

Mask estimator Encoder Decoder PESQ STOI
%

Convolutional learned learned 2.41 72.8
STFT inverse STFT 2.32 72.6

Recurrent learned learned 2.30 72.3
STFT inverse STFT 2.32 72.1

7.5.6 Noise reduction on an unseen language

In previous experiments all models were trained and tested on English speech for both the
simulated and real HF data. In this section different models trained on simulated signals with
English speakers are compared for real HF recordings of Russian speech signals. Without any
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Table 7.10: Comparison of a NR system with both recurrent and convolutional mask estimator on
the evaluation set of the real Russian HF database.

Mask LW/LS
Fixed encoder/decoder Trained encoder/decoder

estimator PESQ STOI / % PESQ STOI / %

Convolutional 4/2 2.14 74.5 2.18 74.6
64/16 2.23 76.4 2.33 77.1

Recurrent 4/2 2.03 74.1 2.15 74.6
64/16 2.25 76.7 2.21 76.8

NR an average PESQ value of 1.70 and a STOI value of 59.1 % is calculated. These values
are comparable to those calculated for the real English HF recordings in Section 7.5.3. The
results are displayed in Table 7.10.

Similar to the results for the English recordings, the models with fixed and learned en-
coder/decoder achieve a similar performance. This is especially true for the recurrent mask
estimator, where the STFT encoder/decoder even slightly outperforms the separation in
the learned latent space in both evaluation measures. Overall, the convolutional mask es-
timator with the larger LW and LS using a trained encoder and decoder achieves the best
noise reduction with a PESQ value of 2.33 and a STOI value of 77.1 %. For all models the
intelligibility after NR is higher for the Russian signals compared to the English recordings.
During the experiments in Section 5.5.1 the SAD systems delivered a stronger performance
on the Russian than on the English data. This difference is attributed to a lower amount
of concurrent speakers in the Russian data, which could also explain the difference in NR
performance.

7.6 Summary

In this chapter a model architecture for BSS and NR is described and evaluated. Although
current system for BSS and NR rely on masking in a learned latent space, the experiments
presented in this chapter show that STFT-based separation can still achieve competitive
results and in some metrics even outperform the latent domain networks. Additionally, the
evaluation results show the benefits of a larger window size LW and shift LS for signals
with more realistic distortions. This is true for both BSS and NR. However, other results
cannot be transferred from BSS to NR. While the recurrent mask estimator outperforms the
convolutional mask estimator for source separation, it leads to worse results in all of the NR
experiments.

For future experiments on real recordings only models with larger window length LW = 64 ms
and shift LS = 16 ms in the encoder and decoder are considered. These models have shown to
consistently outperform the models with small LW and LS for experiments on both English
and Russian recordings.

In this chapter the NR system is evaluated on signals with perfect information about the
CFO and speech activity. The next chapter takes a step towards a more realistic system by
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combining the three presented algorithms for SAD, CFO correction and NR to a multi-stage
approach and evaluates the dependencies between the stages.



8 Multi-Stage Processing

In this chapter the multi-stage system discussed in Chapter 1 is evaluated. It consists of
three subsystems:

• the speech activity detection (SAD) networks as presented in Chapter 5,

• the carrier frequency offset (CFO) correction discussed in Chapter 6,

• the noise reduction (NR) networks as introduced in Chapter 7.

In Chapter 7 the NR is trained and evaluated on signals without a CFO, while assuming a
prior CFO correction. However, the NR could also be performed on signals with a CFO ∆f ≥ 0
without correcting the CFO if the model’s training data is changed accordingly. Therefore,
two different multi-stage systems are considered as depicted in Figure 8.1: One, where the
CFO is corrected before the NR network, and a second, where NR is performed on the shifted
signals with a subsequent CFO estimation and correction. For both enhancement approaches
only the segments with speech activity are concatenated and sent to the enhancement
stage.

To reduce the scope of the investigations only a limited number of the subsystems discussed
in the previous chapters are considered. These systems for CFO and activity estimation

enhancement stage

Speech
activity

detection

CFO
correction

Noise
reduction

Noise
reduction

CFO
correction

only retain
activity

trained with |∆f | ≥ 0

trained with |∆f | = 0

Figure 8.1: Block diagram of both considered multi-stage systems, where the enhancement consists
of a CFO correction with subsequent NR (upper path) or the same blocks in the reversed
order (lower path).
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Table 8.1: Subsystems

Task System Name Parameters
Oracle Oracle activity information
Real SRNN trained only on real data without a CFOSAD

RealSimu SRNN trained on real and simulated data

Oracle Oracle CFO information
RAKE Statistical CFO estimation algorithm

Full-band (CNN) Full-band classifier with a CNN sub-band layer
Full-band(RNN) Full-band classifier with a RNN sub-band layerCFO estimation

Sub-band Shift-invariant sub-band classifier

NR Convolutional ConvNet with trained encoder / decoder
Recurrent DPRNN with trained encoder / decoder

are presented in Table 8.1 with a short explanation. For both SAD systems the threshold
with results closest to the equal error rate (EER) on the simulated high frequency (HF)
development set is chosen.

Both the convolutional and recurrent mask estimator with trainable encoder and decoder
are used and compared as NR systems. Following the experiments discussed in Section 7.5
all models for NR are designed with the larger window length and shift LW = 64 ms and
LS = 16 ms to achieve the best performance on the real recordings.

In the following sections different combination of sub-systems will be evaluated with the
evaluation measures discussed in Section 7.5.2 and Section 8.2. All experiments will be
performed on the real recordings described in ??. The next section examines the enhancement
stage, which consists of a CFO correction and a NR system.

8.1 Evaluation of the enhancement stage

Prior experiments have considered noise reduction and CFO correction as separate tasks.
However, since the second tasks is dependent on the performance of the prior task The next
experiments will evaluate how the errors due to an imperfect CFO estimation affects the
NR.

Note, that these experiments are performed on each utterance in a recording to be comparable
to the experiments discussed in Section 7.5. This is a change to the setup for prior CFO
estimation experiments in Section 6.4. Here, the CFO estimator is applied to each utterance
without speech activity information. Oracle information is used to define the utterance
boundaries. Therefore, the speech activity in the input is below 8 s and interspersed with
silence which is different to the CFO experiments in Section 6.4. In Figure 8.2 the cumulative
distribution functions (CDFs) of the estimation error on this new setup for the four considered
CFO estimators are displayed. All estimators show a worse performance on these shorter
signals than on the large activity segments in Section 6.4. This is to be expected, since
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Figure 8.2: CDF of the CFO estimation error for the neural network (NN)-based systems compared
with the RAKE algorithm for activity segments shorter than 8 s. The number of errors
used as boundaries for the error class affiliation (ECA) are marked with gray lines.

experiments in Section 6.4 already showed the benefits of input segments with lengths above
10 s for the CFO estimation.

After evaluating the CFO estimation on its own, it is combined with the noise reduction
system for the following experiments. The system combinations are evaluated with respect
to the speech enhancement metrics short-time objective intelligibility (STOI) and perceptual
evaluation of speech quality (PESQ).

The results for both variations of the enhancement stage in case of an estimated CFO are
displayed in Table 8.2. Here, a CFO correction prior to the NR model outperforms the
enhancement stage with a noise reduced input to the CFO.

A CFO correction followed by a NR network is expected to outperform a system with a

Table 8.2: Comparison of NR systems with and without a prior CFO correction during training and
evaluation on the real HF data with a CFO for both variations of the enhancement stage.

CFO CFO → NR NR → CFOMask estimator estimator PESQ STOI / % PESQ STOI / %
Oracle 2.55 78.4 2.40 70.1
RAKE 2.52 75.7 2.01 64.0

Full-band (CNN) 2.54 76.9 2.27 68.4
Full-band (RNN) 2.54 76.9 2.31 68.9

Convolutional

Sub-band 2.43 75.8 2.23 67.1

Oracle 2.38 77.8 2.29 68.6
RAKE 2.31 74.1 1.93 62.4

Full-band (CNN) 2.37 76.3 2.19 67.0
Full-band (RNN) 2.37 76.3 2.22 67.4

Recurrent

Sub-band 2.27 75.0 2.12 65.5
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CFO correction after the NR, since the CFO estimators are trained to deal with noise but
not with the distortions introduced by the noise reduction system. Therefore, the following
experiments will only be performed using the NR network trained on signals without a
CFO.

Note, that the enhancement results using an estimated CFO are very close to those with oracle
CFO information. Especially, for the full-band classifiers the PESQ values are close to identical
to the oracle experiments. This indicates that small errors in the CFO estimation do not
impact the noise reduction system. Additionally, for some signals with a high CFO estimation
error, it is reasonable to assume that the signal is so distorted that the noise reduction network
does not perform well even with the oracle CFO correction. This is in-line with the evaluation
of the CFO correction in Section 6.4.6, where some of the high CFO estimation errors are
masked by the low signal quality. For a broader evaluation of influence of a remaining CFO
on the noise reduction performance please refer to Appendix A.7.

The presented experiments all use oracle activity information to process each utterance
individually. However, this information is not available in a realistic scenario. Therefore,
evaluation measures for experiments without utterance boundary information are discussed
in the next section.

8.2 Performance measure for imperfect activity
information

The combination of subsystems is mostly evaluated with the evaluation measures described
in Section 7.5.2. However, in case of imperfect activity information the enhanced signal and
the transmitted clean signal have a different length. In this case, the evaluation measures can
not be applied since they are defined only for an equal length of the reference and estimated
signal. Therefore, the sizes are adjusted in two steps. First, all detected activity in a recording
is concatenated and sent through the enhancement algorithm. Then, the missing activity
(false negative) is added as zeros to the enhanced signal. Now the enhanced signal is larger
than the activity in target signal because of possible false positives in the activity estimation.
Therefore, for each sample with a false positive activity estimation, zeros are inserted into
the target signal to equalize the length between the target and the estimated signals. Adding
these zeros to the estimated and target signal penalizes the false positives and false negatives
in the enhancement evaluation measures. The resulting target signal is compared to the
enhanced signal using the evaluation measures discussed in Section 7.5.2. An illustration of
these adjustment to the evaluation scheme is displayed in Figure 8.3.

In Table 8.3 the evaluation measures for the real HF data are displayed for the unprocessed
signals. These simulations serve as a baseline and can be compared to the evaluation measures
calculated per utterance.

For oracle activity information with oracle CFO correction the evaluation on whole recordings
leads to a PESQ value of 1.55 and a STOI value of 58.76 % on the evaluation set of the real
HF database without any additional processing. The described results are similar to those
of the experiments per utterance in Section 6.4.6. Furthermore, the different results for the
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Figure 8.3: Illustration of the preprocessing for the calculation of performance measures in case of
imperfect activity information.

“Real” and “RealSimu” SAD system show the influence of CFOs in the training data for
evaluation on signals with a CFO.

Note, that the PESQ value increases for imperfect activity information on signals without
a CFO, while the STOI decreases as expected. This result can be explained by the zeros
introduced by false positives of the activity detection, where silence is compared to noise.
These effects have to be considered when interpreting the NR evaluation measures on systems
using imperfect activity information.

For recordings without a CFO the CFO correction leads to an improved result although there
is no shift to correct. This gain can be explained by the low pass applied during correction,
which leads to a reduction of the noise energy in the higher frequencies without speech
information, as discussed in Section 6.4.6.

In the following section, the described evaluation measures are used to examine the overall
system, consisting of SAD, CFO correction and NR, regarding its influence on the speech
quality and intelligibility.
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Table 8.3: Comparison of NR evaluation measures for the real HF input data with and without a
CFO with oracle CFO correction for imperfect activity information.

SAD CFO ∆f = 0 ∆f ≥ 0
correction PESQ STOI / % PESQ STOI / %

Oracle 7 1.47 50.0 1.25 40.5
3 1.55 58.8 1.71 62.9

7 1.54 46.2 1.39 32.9Real
3 1.62 57.2 1.67 49.8

RealSimu 7 1.56 45.9 1.35 38.0
3 1.64 56.8 1.71 59.9

8.3 Evaluation of the multi-stage system

Each of the systems in the multi-stage approach displayed in Figure 8.1 has shown to achieve
strong results as a single system. In this section, the multi-stage system is applied to the real
HF recordings for different system combinations and evaluated in terms of its NR performance.
The resulting evaluation measures for both the real HF recordings with and without a CFO
are shown in Table 8.4.

While the gap between the performance of the convolutional mask estimator and the recurrent
mask estimator is smaller compared to most previous NR experiments, the convolutional
architecture still slightly outperforms the recurrent network, especially in the PESQ evaluation
measure. This difference can partially be explained by the larger activity segments used.
All studies in previous sections combining NR and CFO estimation for real recordings were
performed individually for each excerpt of an utterance from the LibriSpeech database, but
here all speech activity segments in a recording are concatenated. Therefore, the input
duration is no longer limited to an activity below 8 s, but is increased to more than 10 s
for all examples. Since the temporal context of the convolutional mask estimator is limited
as discussed in Section 7.3.1, it cannot take advantage of this additional information. On
the other hand, the recurrent mask estimator is designed to exploit large temporal contexts,
allowing it to use the additional information.

For both NN-based SAD systems the results on the recordings without a CFO are comparable
to the NR with oracle SAD information. Nevertheless, the slightly stronger SAD performance
of the SAD system only trained on real signals leads to small improvements regarding the
STOI evaluation measure. As discussed in Section 8.2 errors during SAD leads to a large drop
in performance in regards to the STOI evaluation measure, while only slightly impacting the
PESQ measure. Therefore, the difference in the STOI evaluation measure can be be attributed
to a different SAD performance despite the similar PESQ values.

For the recordings with ∆f ≥ 0 the difference between the multi-stage system with and
without oracle SAD information is more prominent, which is expected since it reflects the
evaluation of the single SAD systems in Section 5.5. Especially, the results for the network
only trained on real recordings without a CFO are worse with a drop of around 16 % in the
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Table 8.4: Comparison of different configuration of the multi-stage system on the real HF data with
(∆f ≥ 0) and without (∆f = 0) a CFO. For all three SAD systems the highest value for
each evaluation measures is marked as bold.

SAD CFO Mask ∆f = 0 ∆f ≥ 0
estimator estimator PESQ STOI / % PESQ STOI / %

Convolutional 2.27 76.8 2.36 78.6Oracle Recurrent 2.15 76.2 2.21 78.2
Convolutional 2.28 76.8 2.38 74.1RAKE Recurrent 2.16 76.1 2.20 76.7
Convolutional 2.28 77.3 2.34 78.1Full-band (CNN) Recurrent 2.17 76.7 2.19 77.7
Convolutional 2.28 77.3 2.35 78.2Full-band (RNN) Recurrent 2.23 77.5 2.20 77.9
Convolutional 2.34 77.6 2.34 78.7

Oracle

Sub-band Recurrent 2.21 76.8 2.19 78.1

Convolutional 2.29 75.0 2.14 62.3Oracle Recurrent 2.21 74.5 2.06 62.3
Convolutional 2.28 73.1 2.14 60.5RAKE Recurrent 2.21 72.1 2.09 60.2
Convolutional 2.30 75.4 2.15 61.8Full-band (CNN) Recurrent 2.22 74.9 2.06 61.0
Convolutional 2.36 76.2 2.15 61.6Full-band (RNN) Recurrent 2.22 74.9 2.07 60.8
Convolutional 2.35 75.9 2.03 60.5

Real

Sub-band Recurrent 2.27 75.3 1.97 60.0

Convolutional 2.28 74.4 2.30 75.0Oracle Recurrent 2.21 74.0 2.21 74.8
Convolutional 2.27 68.4 2.33 72.2RAKE Recurrent 2.27 70.2 2.20 70.1
Convolutional 2.39 73.4 2.30 72.2Full-band (CNN) Recurrent 2.30 72.9 2.20 72.0
Convolutional 2.41 72.7 2.33 73.2Full-band (RNN) Recurrent 2.33 72.1 2.23 72.9
Convolutional 2.41 72.5 2.25 72.5

RealSimu

Sub-band Recurrent 2.32 71.8 2.16 71.9

STOI value for both mask estimators with oracle information regarding the CFO. Using the
SAD system trained on real recordings without a CFO and simulated signals with a CFO
reduces the loss to 4 % for the STOI evaluation measure compared to the oracle system.
Therefore, the following experiments only use the SAD system trained on both real and
simulated signals for the recordings since it on average shows the best performance for both
data sets.
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8.4 Impact of an unseen language

During previous chapters all single systems are examined for their performance on a language
not seen during training. In this section the performance of the multi-stage system is evaluated
on recordings of utterance in a previously unseen language.

Overall, the difference for both the SAD and the CFO estimation to the oracle information is
limited. Therefore, the NR network is the bottleneck for stronger speech enhancement so only
the two mask estimator networks are compared, with the best performing CFO estimation
and SAD combination as front-end. Here, the experiments are performed using the full-band
classifier with a recurrent neural network (RNN) sub-band layer (SBL) for CFO estimation
and the SAD model trained on both real and simulated signals.

As expected the NR performance of the multi-stage system on the Russian language data is
comparable to the results on English recordings presented in Section 7.5.6. Therefore, the
multi-stage system can be considered as robust to a change in the recorded language as the
single NR system.

Table 8.5: Comparison of NR performance of the multi-stage system on the real Russian HF data
with (∆f ≥ 0) and without (∆f = 0) a CFO. The CFO estimation is always performed
with the full-band classifier with a RNN SBL and for SAD the model trained on both
real and simulated signals is chosen.

SAD / CFO Mask ∆f = 0 ∆f ≥ 0
estimator PESQ STOI / % PESQ STOI / %

Convolutional 2.04 76.6 2.19 73.6Oracle Recurrent 1.92 76.3 2.05 73.0

Convolutional 2.26 77.6 2.24 72.7Estimated Recurrent 2.26 77.7 2.20 72.4

8.5 Summary

In this chapter the systems presented in the previous chapters are combined to a multi-stage
system. Here, two possible combinations of the CFO correction and the NR are considered.
However, it is shown that the performance of the CFO estimation is reduced by a prior
noise reduction with the considered networks. Therefore, the multi-stage system is composed
of a SAD network followed by an enhancement stage consisting of a CFO estimation and
correction with subsequent NR.

For this multi-stage system, different configurations are evaluated, where the best performance
is achieved using the following configuration:

• a SAD system trained both on real recordings without a CFO and simulated signals
with a CFO,
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• a full-band classifier with a RNN SBL as CFO estimator,

• a NR network using the convolutional mask estimator with two-step training.

This best performing system configuration is evaluated on its performance on a language
not seen during training and it achieves results comparable to those reported for the English
recordings.



9 Conclusion and Outlook

9.1 Main contributions

This work offers new insights into three areas of research. First, an architecture for neural
network (NN)-based speech activity detection (SAD) is introduced in Section 5.2 that achieved
the best published performance on the Fearless Steps challenge data to date. This architecture
is shown to outperform comparable architectures on single-sideband (SSB)-modulated speech
transmissions in Section 5.5.1 and is adapted to detect speech shifted due to a carrier frequency
offset (CFO) in Section 5.5.3. Initial experiments have shown that the trained model is
able to detect speech from Russian speakers although it is only trained on the English
language, indicating a certain robustness against a prior unseen language. Furthermore,
the SAD network is extended in Section 5.5.4 to detect speech activity on the spectrum
of complex-valued baseband signals, which allows a strong detection performance even for
negative CFOs.

The second developed building block is the CFO correction. Here, a statistical approach
called RAKE is described in Section 6.1 and in Section 6.2, two NN architectures for CFO
estimation are presented, the so-called full-band and sub-band classifiers. All three CFO
estimators are shown to predict the CFO with a low error rate for input signals with a
duration of at least 2 s. Additionally, it is shown in Section 6.4.5 that the sub-band classifier
allows the prediction of negative CFOs if the complex-valued baseband signal is provided.
The impact of the CFO correction on the speech quality and intelligibility is evaluated in
a further experiment where the CFO estimation of all three systems lead to similar speech
quality improvements as the correction with the true CFO. In a final experiment all three
CFO estimation systems are shown to perform well on Russian SSB recordings, although
they are not trained or designed for this language.

As the third contribution, a source separation architecture, which processes the observation
either in a latent or the frequency domain, is adapted to noise reduction (NR) on recordings of
high frequency (HF) transmissions. For this model different combinations of the encoder and
the decoder are evaluated with respect to their impact on the model performance for different
loss functions. These experiments in Section 7.5.4 illustrate the importance of an appropriate
segmentation window size during encoding to achieve strong separation results. Additionally,
the positive effects of a time domain loss function for frequency domain separation are
emphasized. Further experiments in Section 7.5.5 show that these improvements can be
transferred to the NR task. For the SSB transmission data a larger segmentation window
size of around 64 ms leads to the best performing system over the common window size of
4 ms. During the last chapter it was shown that all three building blocks can be combined
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to a multi-stage system, which achieves strong NR results for all considered recordings of
SSB-modulated speech transmissions.

9.2 Outlook

Each of the three tasks, SAD, CFO estimation and NR, which lead to an improved listening
experience for HF recordings, offers further opportunities for research. For the SAD system a
shift-invariant architecture which is trained to recognize both sidebands as speech could allow
a direct application to the in-phase and quadrature (IQ) data without a prior segmentation
of the frequency dimension. Additionally, this design allows the network to learn to recognize
the modulation type, which would further improve the detection.

A similar adaptation could also improve the CFO estimation if the transmitted sideband
is unknown to the listener. This could be achieved by adapting the the sub-band classi-
fier to predict the CFO for both sidebands allowing for an increased automation of the
demodulation.

As a final remark, the presented NN-based systems have shown strong performance for all
three speech processing tasks on the real SSB recordings. Therefore, other common tasks for
HF transmission, like speaker and language recognition could also benefit from specifically
designed NNs.



A Appendix

A.1 Analysis of the delay correction on the recording

Even after the synchronization of the recordings with the transmitted signal, as discussed in
Section 4.4, a small delay may remain between the signals. During most of this work only
recordings with a delay correction using generalized cross-correlation with phase transform
(GCC-PHAT) for the delay estimation as described in Section 4.5 are considered. To show
that this delay correction leads to an improvement perceptual evaluation of speech quality
(PESQ) and short-time objective intelligibility (STOI) values are shown for all data sets for
both the corrected and non-corrected data. Both evaluation measures are calculated on the
speech active segments of the audio sequences.

The STOI values clearly improve after the delay correction for all data sets. Although
the change in PESQ is smaller, it is still an improvement. Note, that the highest possible
delay correction is 16 ms. Therefore, most of the gains have to come from an improved
synchronization and not from the introduction of zeros to the signal during correction. One
can conclude that the delay correction improved the synchronization.

Table A.1: Comparison of the data before and after delay correction during post processing.

Data set non-corrected corrected
PESQ STOI PESQ STOI

Training 1.51 0.51 1.57 0.63
Development 1.58 0.53 1.63 0.64
Evaluation 1.59 0.49 1.65 0.61
Evaluation with CFO 1.33 0.41 1.52 0.56
Russian 1.62 0.53 1.74 0.65
Russian with CFO 1.33 0.42 1.59 0.57

A.2 Comparison of real to simulated training data
ratios

This section offers some additional comparisons of the segment recurrent neural network
(SRNN)-based SAD models for real HF signals demodulation with a CFO ∆f.
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Table A.2: Results for models with different ratios of real and simulated data in the training set
on the evaluation set of the real HF radio database with |∆f| > 0 Hz. All evaluation
measures are given in % and the best result per evaluation measure and ∆f is marked
by a gray background.

∆f Share EER PRC REC F1 DCF
Real Simu

0

1/2 1/2 3.71 94.37 94.75 94.56 4.21
1/4 3/4 4.50 86.06 93.74 89.74 5.43
1/6 5/6 4.71 83.27 94.74 88.63 4.86
1/8 7/8 4.52 84.63 94.74 89.40 4.77
1/10 9/10 4.88 80.98 94.75 87.33 5.00
1/12 11/12 4.66 84.12 94.30 88.92 5.13
1/14 13/14 4.97 83.13 93.86 88.17 5.52

100

1/2 1/2 6.36 84.55 91.74 88.00 6.98
1/4 3/4 6.54 74.67 92.97 82.82 6.75
1/6 5/6 5.82 75.70 94.21 83.95 5.76
1/8 7/8 6.68 66.80 94.36 78.22 6.42
1/10 9/10 6.57 69.52 93.97 79.92 6.45
1/12 11/12 5.88 75.00 94.17 83.50 5.85
1/14 13/14 6.69 68.88 93.96 79.49 6.52

300

1/2 1/2 5.73 91.46 90.79 91.13 7.30
1/4 3/4 5.34 88.15 91.85 89.96 6.69
1/6 5/6 4.75 92.70 94.08 93.39 4.78
1/8 7/8 4.86 89.87 93.77 91.78 5.17
1/10 9/10 4.35 88.91 94.42 91.58 4.74
1/12 11/12 4.09 87.34 94.89 90.96 4.48
1/14 13/14 4.18 83.23 95.59 88.98 4.21

500

1/2 1/2 7.77 92.99 87.09 89.94 9.98
1/4 3/4 6.25 86.11 90.97 88.47 7.44
1/6 5/6 6.39 88.49 92.01 90.21 6.54
1/8 7/8 6.23 84.91 92.16 88.39 6.63
1/10 9/10 4.37 87.63 94.52 90.94 4.72
1/12 11/12 4.98 82.99 94.05 88.17 5.35
1/14 13/14 5.28 81.62 94.15 87.44 5.36

1000

1/2 1/2 14.78 86.50 48.96 62.53 38.65
1/4 3/4 8.99 85.69 79.90 82.70 15.72
1/6 5/6 7.55 87.49 86.95 87.22 10.39
1/8 7/8 8.84 77.64 88.20 82.58 10.09
1/10 9/10 4.98 84.84 93.08 88.77 6.00
1/12 11/12 5.16 80.69 93.20 86.54 6.24
1/14 13/14 5.65 80.93 93.32 86.69 6.08
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In Table A.2 models trained on varying ratios of real and simulated data are compared.
Starting from a 1:9 ratio of real and simulated data the models achieve very similar results.
Although some of the models with a lower share of simulated data outperform the model
trained on 90 % simulated data for some ∆f, none achieve a similar consistency over all
considered CFOs. Therefore, the 1:9 model is used during this work.

A.3 Evaluation on Russian data with a CFO

The SRNN-based SAD models described in Chapter 5 are trained either on real HF recordings
without a CFO or simulated signals with a CFO. In this section a model trained with a 1:9
ratio of real and simulated signal is compared with a model only trained on the real recordings
for the Russian evaluation set with different CFOs. Both models are only trained on signals
with English speakers. The results are displayed in Figure A.1.

Similar to the experiments discussed in Section 5.5.3 the simulated training data improves the
SAD results for CFOs above 100 Hz. This indicates some robustness against speech signals
of a previously unseen language similar to Section 5.5.1.
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Figure A.1: ROC curve for the SRNN model trained on real English speech recordings with ∆f = 0 Hz
(upper) and the model trained on both simulated and real data (lower) for Russian
speech recordings with different CFOs. The gray line symbolizes the EER.
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A.4 CFO estimation on overlapping speakers

Table A.3: Comparison of the full-band classifier for CFO estimation on the test set of the WSJ0-
2mix database with simulated CFO regarding their error class affiliation. All values are
given in %.

# speakers System <5 Hz 5-10 Hz 10-50 Hz >50 Hz

1 NN-based (RNN) 57.18 39.85 2.97 0.00
NN-based (CNN) 57.92 40.71 1.37 0.00

2 NN-based (RNN) 64.620536 34.93 0.45 0.00
NN-based (CNN) 64.843750 32.59 1.34 1.23

All evaluations of the CFO estimation in this work are performed on signal with one speaker.
However, if a signal with two overlapping speakers is transmitted over a HF channel and
demodulated with a CFO it is interesting to know whether the CFO estimation can deal
with such a signal. Therefore, the signal with overlapping speaker from the test set of the
WSJ0-2mix database described in Section 7.5.1 are shifted as described in Section 4.9 to
simulate a CFO. Afterwards, the signals are processed by the NN-based estimator described in
Section 6.2. The error class affiliation of the estimations are displayed in Table A.3. For both
considered architectures, the CFO estimation on the overlapping speech signal is comparable
to the estimation on signals with a single speaker.

A.5 Enhancement with oracle masks

In Section 7.5.3 some topline results for blind source separation (BSS) and NR are presented,
but not all evaluation measures are shown. In this section the missing results are presented.
The Table A.4 and Table A.5 display PESQ, STOI, signal to distortion ratio (SDR), scale
invariant signal to distortion ratio (SI-SDR) and word error rate (WER) values for all
considered oracle masks for the two tasks.

For the BSS task the observations discussed in Section 7.5.3 are corroborated by the additional
evaluation measures. Interestingly, the WER of the ideal ratio mask (IRM) is more than 2 %
lower than the one achieved with the Wiener-like mask (WLM) mask, despite the improved

Table A.4: Comparison of the oracle masks for source separation on the test data of the WSJ0-2mix
database

Name Equation PESQ STOI SI-SDR SDR WER
% dB dB %

Ideal ratio mask (IRM)
∣∣Xk,`,f

∣∣∣∣Y`,f
∣∣ 3.51 0.95 11.7 12.4 10.26

Wiener-like mask (WLM)
∣∣xk,`,f

∣∣2∣∣Y`,f
∣∣2 3.25 0.94 12.4 13.2 12.84

Ideal complex mask (ICM) Xk,`,f
Y`,f

4.55 1.00 155.1 155.0 9.78
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Table A.5: Comparison of the oracle masks for noise reduction and on the simulated HF evaluation
data

Name Equation PESQ STOI SI-SDR SDR WER
% dB dB %

Ideal ratio mask (IRM)
∣∣Xk,`,f

∣∣∣∣Y`,f
∣∣ 3.67 0.97 12.9 13.3 14.94

Wiener-like mask (WLM)
∣∣Xk,`,f

∣∣2∣∣Y`,f
∣∣2 3.60 0.96 13.8 14.1 16.38

Ideal complex mask (ICM) Xk,`,f
Y`,f

4.55 1.00 74.8 74.9 14.41

SI-SDR and SDR. This indicates that even slight improvements in STOI and PESQ are more
correlated to the WER than the two power-based evaluation measures.

For the NR tasks, the results are similar to the BSS task. A small gain in PESQ and STOI
for the IRM compared to the WLM leads to a 1.5 % lower WER, despite the lower SDR
values for the IRM.

A.6 Small encoder and decoder windows for NR on
real HF signals

In Section 7.5.5 it is shown, that the NR on real HF data profits from a higher window
size LW and shift LS in the encoder and decoder. Therefore, all further experiments are
performed using these larger values. To show that the higher LW = 64 ms and LS = 16 ms
are beneficial on the real recordings independent of the architecture, the experiments in
Table 7.9 are repeated with LW = 2 ms and LS = 1 ms. These experiments are performed
for a trainable as well as the STFT-based encoder and decoder. Additionally, the recurrent
and convolutional mask estimator described in Section 7.3 are compared. The results are
presented in Table A.6.

Table A.6: Comparison of different encoder and decoder combinations using LW = 2 ms and
LS = 1 ms on the evaluation set of the real HF database.

Mask estimator Encoder Decoder PESQ STOI
%

Convolutional

learned learned 2.27 69.3
short time Fourier transform (STFT) learned 2.22 70.7

learned inverse STFT 2.32 71.4
STFT inverse STFT 2.17 69.4

Recurrent

learned learned 2.26 69.9
STFT learned 2.28 69.8
learned inverse STFT 2.23 70.0
STFT inverse STFT 2.18 69.3
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The presented results are worse for both mask estimators and all encoder and decoder
combinations. Therefore, it can be concluded that the larger window size and shift a in
general beneficiary for the real HF recordings.

A.7 Evaluation of noise reduction on signals with a
CFO

To evaluate the dependence of a NR system on a prior CFO correction the two described
NR architectures are applied to signals with a CFO. Therefore, the simulation scheme for
both training and evaluation is changed. So far all models are both trained and evaluated on
simulated data without a CFO. For the following experiment the models trained on signals
without a CFO are compared to those trained on signals with a CFO. Both models are
evaluated on input signals with and without prior CFO correction. For the models trained
with a CFO the same offset simulated on the input signals is added to the target signals
during training by following the steps in Section 4.9. Adding the CFO to the target signal
forces the network to reduce the noise without addressing the CFO.

The comparison of the models with and without CFO correction is performed for both
simulated and real HF evaluation data. To quantify the enhancement results the follow-
ing evaluation measures as discussed in Section 7.5.2 are used: PESQ, STOI, SI-SDR,
SDR and WER for the simulated signals and only PESQ and STOI for the real record-
ings.

All reference signals for the performance measures are adjusted during evaluation by sim-
ulating the CFO of the observation and then correcting this CFO with oracle information
to ensure that only the NR performance is judged. Otherwise, the evaluation measures
might decrease due to missing signal power in higher frequencies in case of CFOs greater
than the difference between the Nyquist frequency Fmax = 4 kHz and the bandwidth, here
4 kHz – 2.7 kHz = 1.3 kHz. The power in these frequencies is lost due to the transmission
and not the enhancement. Therefore, these frequencies should not be considered during
evaluation of the NR.

Simulated signals

In a first step to examine the influence of a CFO on the NR, the models trained with-
out a CFO are evaluated on the simulated HF data without CFO correction. Here, the
CFO is corrected after the NR is performed to ensure comparability with the results pre-
sented in Section 7.5.5. The calculated evaluation measures are displayed in Table A.7 and
compared to the results on the evaluation data with perfect CFO correction presented in
Section 7.5.5.

As expected all evaluation measures indicate a worse performance for signals with a CFO if
the models are trained on simulated audio without a CFO. Training the models on signals
with a CFO reduces this difference for all evaluation measures except the WER. The WER
suffers because of missing frequencies above the Nyquest frequency Fmax as described above.
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Table A.7: Comparison of NR systems with and without prior CFO correction during training and
evaluation on the simulated HF data.

CFO PESQ STOI SI-SDR SDR WERMask estimator Train Eval % dB dB %
7 7 2.70 90.1 13.8 14.8 21.42
7 3 1.55 53.5 –3.4 0.9 82.30
3 7 2.34 87.1 12.6 13.5 25.41Convolutional

3 3 2.22 86.1 12.2 13.2 60.30

7 7 2.62 88.9 13.3 14.4 23.25
7 3 1.67 67.5 2.6 5.2 74.52
3 7 2.39 86.2 12.2 13.2 25.53Recurrent

3 3 2.19 85.4 11.8 12.8 58.24

This effect is not as prominent for the other evaluation measures because of the discussed
adjustment of the target signals.
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Figure A.2: Heatmaps of PESQ, SDR, SI-SDR and STOI values over the CFO after NR with the
convolutional mask estimator trained on signals without CFO for the simulated HF
data.
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Note, that the recurrent estimator is less affected by the CFO if it is not trained on signals
with a CFO, and the difference between the estimators is smaller if the models are trained
on signals with a CFO. This indicates that the recurrent mask estimator is more robust
to CFOs. However, this observation does not transfer to the real HF signals, as shown
below.

To emphasize the negative influence of the CFO on NR a scatter plots of the evaluation
measures is plotted over the CFO for the convolutional mask estimator with learned encoder
and decoder. The resulting graphs are displayed in Figure A.2. From these heatmaps it
appears that the CFO does affect the NR, but it does not lead to a distorted output signal
for every offset. While the evaluation measures for signals with an CFO below 300 Hz are in
the range expected from a successful NR, higher CFOs mostly lead to highly deteriorated
results. Therefore, a CFO does not prevent the NR system from improving the signal, but
for some examples causes the NR network to distort the input signal during enhancement.
The amount of examples that are distorted by the NR network increases with the CFOs. For
models trained on signals with a CFO the NR performance is largely independent of the CFO
as shown in Figure A.3. Note, that further experiments in Appendix A.7 and Section 8.1
show that the NR performance in case of a CFO correction is stronger if the network was not
trained on signals with a CFO.
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Figure A.3: Heatmaps of PESQ, SDR, SI-SDR and STOI values over the CFO for NR with the
convolutional mask estimator trained on signals with a CFO for the simulated HF data.
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These experiments have shown that the NR with subsequent CFO correction achieves
similar results to NR on signals without a CFO if the training data is adjusted accord-
ingly. The following experiments are examining the NR on real data with and without a
CFO.

Real recordings

Here, three kind of evaluation recordings are considered: without a CFO, with a CFO and
with a CFO that was corrected before NR is applied. For the signals without a CFO the
real HF evaluation set with ∆f = 0 is chosen. The remaining two evaluations use the real
HF evaluation set with ∆f ≥ 0, where the CFO is corrected with oracle information for
the experiment with a corrected CFO. The resulting evaluation measures are presented in
Table A.8

Most of the findings from the experiments on the simulated data can be transferred to
the real recordings. Training on simulated signals with a CFO improves the results on
recordings with a CFO for both mask estimators. However, if the CFO is corrected using
oracle information, the NR trained on signals without a CFO outperforms the network trained
on shifted data for both the PESQ and STOI evaluation measures. Surprisingly, the network
trained on signals with a CFO achieves a higher STOI value if the CFO is corrected before
the network is applied, but a slightly higher PESQ value if the NR is performed first. These
differences might be due to the noise energy in the frequencies above 2.7 kHz, which are
removed by the CFO correction. Removing these frequencies might deprive the network
of contextual information that while slightly improving the signal quality, decreases the
intelligibility.

For the real signals, the recurrent mask estimator no longer outperforms the convolutional
one for signals with a CFO. Here, the gains of the convolutional network on signals without
a CFO can be transferred to the recordings with a CFO both with and without a prior CFO
correction.

Table A.8: Comparison of NR systems with and without a prior CFO correction during training
on different evaluation data on the real evaluation sets of the HF data. Here, “without
CFO” refers to the evaluation set with ∆f = 0, “with CFO” represents the evaluation set
with ∆f ≥ 0 without prior CFO correction and “Corrected CFO” refers to the evaluation
set with ∆f ≥ 0, where the CFO is corrected before the NR is applied.

Mask estimator CFO in without CFO with CFO corrected CFO
Train PESQ STOI / % PESQ STOI / % PESQ STOI / %

7 2.55 78.4 1.84 57.2 2.55 78.4Convolutional
3 2.08 72.0 2.40 70.1 2.21 73.4

7 2.30 72.3 1.69 52.6 2.38 77.8Recurrent
3 2.14 71.8 2.29 68.6 2.26 73.1
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Acronyms

ADC analog-to-digital converter.

AGC automatic gain control.

ASR automatic speech recognition.

BCE binary cross entropy.

BSS blind source separation.

CDF cumulative distribution function.

CFO carrier frequency offset.

CNN convolutional neural network.

Conv1D-block one-dimensional convolution block.

DAC digital-to-analog converter.

DCF decision cost function.

DFT discrete Fourier transformation.

DNN deep neural network.

DPRNN dual-path recurrent neural network.

DSB double sideband.

ECA error class affiliation.

EER equal error rate.

EM expectation maximization.

FC fully-connected.

FPR false positive rate.

GCC-PHAT generalized cross-correlation with phase transform.

GMM Gaussian mixture model.

GRU gated recurrent unit.

119



Acronyms 120

HF high frequency.

HMM hidden Markov model.

ICM ideal complex mask.

IF intermediate frequency.

IQ in-phase and quadrature.

IRM ideal ratio mask.

ITU International Telecommunication Union.

LPC linear predictive coding.

LSB lower sideband.

LSTM long short-term memory.

MFCC Mel frequency cepstral coefficients.

MS minimum statistics.

MSE mean squared error.

NN neural network.

NR noise reduction.

PESQ perceptual evaluation of speech quality.

PRC precision.

PReLU parametric rectified linear unit.

PSD power spectral density.

RATS Robust Automatic Transcription of Speech.

REC recall.

ReLU rectified linear unit.

RNN recurrent neural network.

ROC receiver operating characteristic.

RTF real time factor.

SAD speech activity detection.

SBL sub-band layer.

SDR signal to distortion ratio.
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SE speech enhancement.

SI-SDR scale invariant signal to distortion ratio.

SID speaker identity detection.

SNR signal to noise ratio.

SPP speech presence probability.

SRNN segment recurrent neural network.

SSB single-sideband.

STFT short time Fourier transform.

STOI short-time objective intelligibility.

TasNet time-domain audio separation network.

TDNN-F factorized time-delayed neural network.

TPR true positive rate.

u-PIT utterance-level permutation invariant training.

USB upper sideband.

WER word error rate.

WLM Wiener-like mask.

WSJ Wall Street Journal.
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