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ABSTRACT

Most deep learning-based speech enhancement methods oper-
ate directly on time-frequency representations or learned fea-
tures without making use of the model of speech production.
This work proposes a new speech enhancement method based
on neural homomorphic synthesis. The speech signal is firstly
decomposed into excitation and vocal tract with complex cep-
strum analysis. Then, two complex-valued neural networks
are applied to estimate the target complex spectrum of the
decomposed components. Finally, the time-domain speech
signal is synthesized from the estimated excitation and vo-
cal tract. Furthermore, we investigated numerous loss func-
tions and found that the multi-resolution STFT loss, com-
monly used in the TTS vocoder, benefits speech enhancement.
Experimental results demonstrate that the proposed method
outperforms existing state-of-the-art complex-valued neural
network-based methods in terms of both PESQ and eSTOI.

Index Terms— Speech enhancement, speech synthesis,
source-filter model, complex neural network

1. INTRODUCTION
Monaural speech enhancement is one of the most challeng-
ing tasks in speech signal processing, of which the goal is
to suppress the interfering noise in observed noisy speech to
improve the speech perceptual quality [1]. As a fundamental
module of speech application systems [2, 3, 4], it has been
widely used in mobile telecommunication, automatic speech
recognition, and hearing aids, etc.

Benefited from recent advances in deep learning, speech
enhancement with supervised deep neural network (DNN)
has attracted much attention and achieved much progress
recently [5, 6, 7]. Generally speaking, existing DNN-based
methods can be classified into two categories. The first trans-
forms time domain speech signal into time-frequency (TF)
representation via short-time Fourier transform (STFT) and
feeds the TF spectrogram to a neural network, while the sec-
ond directly feeds the time domain speech signal to a neural
network. Typically, the time-domain approaches either adopt
an encoder-decoder network architecture to directly learn a
regression mapping from noisy waveform to the target speech
[8, 9], or utilize an additional separator network between the
encoder and decoder to model the temporal context [7].

The more popular TF-domain approaches utilize neural
networks either to estimate the clean speech spectrogram (i.e.,
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mapping) [10] or to estimate the mask of the target spectro-
gram (i.e., masking) [11, 12, 13]. For a long time, the TF-
domain methods only estimate the speech magnitude spec-
trum, leaving the phase spectrum unprocessed [14]. More
recent studies show that, building complex-valued neural net-
work blocks [15] to deal with complex-valued spectrograms
can achieve significant improvement in speech enhancement
[16, 17, 18].

However, supervised speech enhancement methods, whether
time-domain or TF-domain based ones, are prone to over-
suppress the speech and under-suppress the noise, especially
in low signal to noise ratio (SNR) cases. To overcome this
limitation, a joint framework combining denoising autoen-
coder and text-to-speech (TTS) vocoder has been proposed
for speech denoising in [19, 20]. Similarly, a parametric
resynthesis method that combines acoustic feature prediction
model and vocoder has been developed to synthesize clean
speech from noisy observation in [21, 22]. Though the ef-
fectiveness of such methods has been well demonstrated, the
computational complexity of these methods is too high to be
applied in practice.

Motivated by our recent work on low computational com-
plexity neural homomorphic vocoder [23], we propose a new
speech enhancement method utilizing neural homomorphic
synthesis. Firstly, the speech signal is decomposed into ex-
citation and vocal tract in complex cepstrum domain. Then,
a complex-valued neural network is applied to estimate the
target complex spectrum of the decomposed components. Fi-
nally, time-domain speech signal is synthesized from the es-
timated excitation and vocal tract. To the best of our knowl-
edge, integrating speech enhancement and the digital signal
processing (DSP) based vocoder into an ensemble has not
been studied yet. Our contributions are as follows: 1) We pro-
pose a new speech enhancement method, which combines the
advantages of DSP-based vocoder and complex-valued neu-
ral network based spectrum denoiser, yielding state-of-the-art
performance in terms of PESQ and eSTOI. 2) We investi-
gate numerous loss functions and found that multi-resolution
STFT loss, commonly used in TTS vocoder, benefits speech
enhancement.

2. NEURAL HOMOMORPHIC SYNTHESIS
2.1. Source-filter model
The source-filter model is widely used in speech synthesis
[24]. A simplified version of the source-filter model of speech
production is illustrated in Fig. 1. The excitation signal e[n] is
assumed to be either voiced speech that generated by convo-



Glottal Pulse  
Filter 

Random Noise 
Generator 

Vocal System 
Impulse 

Switch

Voiced

Unvoiced

Fig. 1. A simplified source-filter model of speech production.

lution of a periodic impulse p[n] and a glottal pulse filter g[n],
or unvoiced speech that generated by a random noise genera-
tor u[n]. The linear filter h[n] is a combination of a vocal tract
model and a radiation model in speech production, and here
we call it the vocal system for short. Thus, the discrete-time
speech signal is generated by a convolution of the excitation
signal e[n] and the vocal system h[n].

2.2. Neural homomorphic synthesis for speech enhance-
ment
Generally, TTS vocoder synthesizes speech using acoustic
features as input, while speech enhancement uses reference
noisy speech. A vocoder can produce high-quality speech
from acoustic features (e.g., log magnitude spectrum and f0),
but the quality of the synthesized speech drops dramatically
when the acoustic features are degraded by noise. Speech
enhancement algorithms can usually obtain moderate qual-
ity speech from noisy speech, even if the SNR is relatively
low. Thus, integrating speech enhancement and vocoder into
an ensemble can be expected to obtain high-quality and high-
intelligibility speech.

Speech signal can be decomposed into excitation and vo-
cal tract in the cepstrum domain, whether the speech is clean
or degraded by noise. The left part in Fig. 2 illustrates the
decomposition of time-domain speech into excitation and vo-
cal tract via cepstral liftering. Firstly, speech waveform is
segmented into frames with windows. Then, a complex cep-
strum analysis pipe-line is applied, including Fourier trans-
form, complex logarithm, and inverse Fourier transform. Fi-
nally, a lifter is applied to separate the excitation and vocal
tract.

The right part in Fig. 2 illustrates the procedure of neu-
ral homomorphic synthesis. The decomposed excitation and
vocal tract cepstrum are transformed into time-domain via
complex cepstrum inverse pipe-line, respectively. The in-
verse pipe-line includes Fourier transform, complex exponen-
tial, neural network forward propagation, and inverse Fourier
transform. The speech signal is obtained by time-domain cir-

cular convolution of the excitation and vocal tract, followed
by post-processing, e.g., truncating and overlap-adding.

Most of the blocks in Fig. 2 are non-trainable DSP-based
components, and only the neural networks contain trainable
parameters. Given noisy-clean training pairs, noisy speech x
and clean target speech y, gradients are backward propagated
along with the post-processing, time-domain circular convo-
lution, and inverse Fourier transform. Details for estimating
the excitation and vocal tract from noisy speech with neural
networks are presented in the following section.

3. EXCITATION AND VOCAL TRACT ESTIMATION
WITH COMPLEX NEURAL NETWORK

As illustrated in Fig. 2, the input and output of the neural net-
work are both complex-valued data. Therefore, it is natural to
use complex neural networks to process the complex-valued
spectrum.

3.1. Complex neural network
The complex neural network is an extension of the real-valued
neural network, all building blocks (e.g., convolution, acti-
vation, normalization, etc.) are extended to corresponding
complex-valued blocks. Here, we take the complex convo-
lution block as an example, and other blocks are similar.

A complex-valued Conv2d block consists two real-valued
Conv2d blocks, and four real-valued Conv2d multiplication
[15]. Let x = xr + jxi be the input complex vector, and
W = Wr+jWi be the weight matrix of the complex-valued
Conv2d, where Wr and Wi are weight matrices of the two
real-valued Conv2d blocks, respectively. Then, the complex-
valued convolution is defined as

W∗x = (Wr ∗xr−Wi ∗xi)+j(Wi ∗xr+Wr ∗xi). (1)

Fig. 3 illustrates the structure of the deep complex neural
network we used in the experimental section. The network
follows an U-Net architecture [16] and applies complex re-
current network blocks for temporal modeling [6, 18]. For
the sake of concise description, other building blocks (e.g.,
batch normalization, activation) are omitted in the figure. It
should be noticed that the masking connection from the noisy
input to the clean target output is optional. When the connec-
tion is applied, the output of the neural network is considered
to be a mask M̂t,f , and an additional bounding process [16]
is applied to the output of neural network Ot,f as follows

M̂t,f =
∣∣∣M̂t,f

∣∣∣ · ejθM̂t,f = M̂mag
t,f · M̂

phase
t,f

M̂mag
t,f = tanh(|Ot,f |), M̂phase

t,f = Ot,f/ |Ot,f | .
(2)
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Fig. 2. (Color Online) Block diagram of the proposed method. Gradients are backward propagated along red lines.



The estimated spectrum Ŷt,f is computed by multiplying the
estimated mask M̂t,f on the input spectrum Xt,f , i.e., Ŷt,f =

M̂t,f · Xt,f . Whereas, when the masking connection is not
applied, the network directly output the estimated complex
spectrum, i.e., Ŷt,f = Ot,f .
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Fig. 3. Structure of deep complex neural network.

3.2. Loss functions
Let x, y, and n denote noisy speech, clean speech, and addi-
tive noise, respectively, with which the corresponding signal
model is x = y + n. The goal of speech enhancement is
to get an estimation ŷ of the clean speech y, given the ob-
served noisy speech x. That is, finding a function f such that
ŷ = f(x) ≈ y. We consider the following loss functions for
neural network training.
3.2.1. Scale Invariant SNR loss

Scale-Invariant SNR (SI-SNR) loss [25] is shown to be more
robust than the classical SNR and has been widely used as an
evaluation metric for speech enhancement and speech separa-
tion, which is given by

LSI−SNR(y, ŷ) = −10 log 10

(
‖ytarget ‖22
‖enoise‖22

)
(3)

where ytarget = (〈y, ŷ〉 · y)/‖y‖22 is the projection of the es-
timated speech ŷ onto clean speech y, and enoise = y − ŷ is
the estimated noise.
3.2.2. Weighted SDR loss

Weighted SDR (wSDR) loss uses a normalization term to
bound the loss function within the range [-1, 1] and an ad-
ditional noise prediction term to complement the noise errors
[16]. The two terms are balanced with an energy ratio as

LwSDR(x,y, ŷ) = αLSDR(y, ŷ)+(1−α)LSDR(n, n̂) (4)

where LSDR(y, ŷ) = −〈y, ŷ〉 /(‖y‖‖ŷ‖) is the bounded
SDR loss, α = ‖y‖2/

(
‖y‖2 + ‖n‖2

)
is the energy ratio, and

n̂ = x− ŷ is the estimated noise.
3.2.3. Multi-resolution STFT loss

Multi-resolution STFT (MR-STFT) loss is commonly used
for speech and audio synthesis [26, 23]. Let Yi and Ŷi be
the ith resolution STFT of the time-domain speech y and ŷ,
respectively. The STFT loss of ith resolution is defined as

L
(i)
stft(y, ŷ) =

‖|Yi| − |Ŷi|‖F
‖|Yi|‖F

+‖ log |Yi|−log |Ŷi|‖1 (5)

where ‖·‖F and ‖·‖1 are the Frobenius and L1 norm, respec-
tively.

Our preliminary experiment results show that adding
L1 loss of the time-domain speech can further improve the
speech quality. This trick has been also applied in the wave-
form domain speech enhancement [9]. Overall, the multi-
resolution STFT loss is defined as

LMR−STFT = −

(
‖y − ŷ‖1 +

I∑
i=1

L
(i)
stft(y, ŷ)

)
(6)

where I is the number of STFT resolutions. For the MR-
STFT configuration, we use Hanning window with sizes (256,
512, 768, 1024, 1536, 2048, 3072, 4096) with 75% overlap,
and the FFT sizes are set to twice the window sizes.

4. EXPERIMENTS
4.1. Datasets
We conduct experiments using the Chinese Standard Man-
darin Speech Corpus (CSMSC)1 and the DEMAND [27]
noise corpus. CSMSC contains 10000 recorded sentences
read by a female speaker, totaling about 12 hours of high-
quality speech. DEMAND contains six categories and three
environments for each category, totally 18 types of noise.
Both CSMSC and DEMAND are originally sampled at 48
kHz, which are down-sampled to 16 kHz in our experiment.

Four noise categories and one environment of each are
selected as the training, validation, and seen-noise test set,
i.e., DKITCHEN, OMEETING, PCAFETER, TBUS. An-
other two noise categories, Nature and Street, are selected
as unseen test data to evaluate the noise generalization. The
SNR levels for mixing the noisy speech are randomly sam-
pled from a uniform distribution [-5dB, 10dB]. The noise
segment is also randomly sampled from the whole noise data
of each selected noise type. Thus, we get 100,000 (10000
utterances × 10 noises) mixtures. For the seen-noise case,
9000, 500, and 500 utterances are selected as training, vali-
dation, and test sets, respectively. For the unseen nosie case,
500 utterances of each are selected as the test set. In total,
there are 36000 training mixtures with a total duration of
about 43 hours, 2000 validation mixtures, 2000 seen-noise
test mixtures, and 3000 unseen-noise test mixtures.

4.2. Setups
All the utterances are framed by a hamming window with a
length of 32 ms and a hop size of 8 ms, and the FFT length
is 512. The quefrency for separating the excitation and vocal
tract is 29. The algorithms are implemented with the help of
PyTorch Lightning tools2, and all the experiments are carried
out on a High Performance Computing (HPC) center.

We use the following state-of-the-art complex DNN based
speech enhancement models for comparison. Deep complex
neural network with masking connection and different losses
are considered, including SI-SNR loss, wSDR loss, and MR-
STFT loss. The network architectures follow the setting of
the DCCRN method [18], which ranked first in the Inter-
speech 2020 deep noise suppression challenge. The number

1https://www.data-baker.com/en/#/data/index/source
2https://github.com/PyTorchLightning/pytorch-lightning

https://www.data-baker.com/en/#/data/index/source
https://github.com/PyTorchLightning/pytorch-lightning


Table 1. PESQ and eSTOI scores of the compared methods for seen noise types and unseen noise categories.

Metrics KITC MEET CAFE BUS Seen Nature Street Unseen Overall

Noisy PESQ 1.345 1.117 1.098 1.821 1.345 1.211 1.180 1.196 1.270
eSTOI 0.925 0.721 0.682 0.930 0.815 0.812 0.793 0.803 0.809

OMLSA PESQ 2.181 1.195 1.256 2.577 1.802 1.757 1.591 1.674 1.738
eSTOI 0.936 0.732 0.721 0.947 0.834 0.849 0.835 0.842 0.838

DCCRN-SI-SNR PESQ 2.993 2.370 2.163 3.199 2.681 2.397 2.430 2.413 2.547
eSTOI 0.971 0.930 0.906 0.975 0.946 0.924 0.930 0.927 0.936

DCCRN-wSDR PESQ 2.827 2.325 2.142 2.965 2.565 2.297 2.339 2.318 2.441
eSTOI 0.966 0.927 0.906 0.969 0.942 0.920 0.926 0.923 0.932

DCCRN-MR-STFT PESQ 3.270 2.475 2.280 3.229 2.814 2.495 2.518 2.507 2.660
eSTOI 0.970 0.932 0.914 0.972 0.947 0.928 0.933 0.931 0.939

NHS-SE PESQ 3.444 2.850 2.598 3.582 3.119 2.708 2.859 2.783 2.951
eSTOI 0.969 0.943 0.925 0.974 0.953 0.933 0.944 0.939 0.946

of channel, kernel size and stride are set to {16, 32, 64, 128,
128, 128}, (5,2) and (2,1), respectively. We denote the three
models as DCCRN-SI-SNR, DCCRN-wSDR, DCCRN-MR-
STFT, respectively. A traditional minimum mean squared
error (MMSE) based speech enhancement method [28], de-
noted as OMLSA, is also considered for comparison. The
proposed Neural Homomorphic Synthesis based Speech En-
hancement method, denoted by NHS-SE, uses two complex
neural networks, one modeling the excitation and another
modeling the vocal tract. The MR-STFT loss is adopted in
NHS-SE. In order to alleviate cepstrum aliasing, the FFT size
is increased to 2048. Accordingly, the strides of the first two
layers in the encoder and the last two layers in the decoder
are increased to (4, 1).

The weights of all layers are initialized by a Xavier initial-
izer [29]. Batch normalization for all layers except the output
layer is applied. An Adam optimizer [30] with a fixed learn-
ing rate set to 0.001 is adopted to optimize the models. The
learning rate is reduced by a factor 0.5 of when the validation
error has stopped decrease within successive seven epochs.
The training process is stopped when the validation error has
no longer decreased in successive 30 epochs or reached the
maximum of 200 epochs.

4.3. Results and analysis
We use speech quality (PESQ) [31] and extended short-time
objective intelligibility (eSTOI) [32] to evaluate the quality of
the enhanced speech. Audio samples are provided online3.

The results are shown in Table 1, in which the best results
in each case are highlighted by boldface. The third to sixth
collumns are the results of seen-nosie types, and the seventh
column is the corresponding mean score. Each categories of
the unseen noise (i.e., Nature and Street) contains three noise
types, and the results are averaged in the eighth and ninth
columns, respectively. The mean scores for the unseen noise
are listed in the penultimate column, and the overall mean
scores are listed in last column.

The results demonstrate that, 1) the SI-SNR loss and
wSDR loss yield comparable results in term of PESQ and
eSTOI; 2) the MR-STFT loss outperforms the SI-SNR and

3https://jiang-wenbin.github.io/NHS-SE/

wSDR losses in terms of PESQ; 3) the proposed NHS-SE ob-
tains the highest score in terms of PESQ and eSTOI metrics.
For the unseen noise types, the performance of all methods
is degraded to some extent. However, the proposed NHS-SE
still outperforms all the others.

In addition to the results provided in the Table 1, we also
conducted extra experiments using the proposed NHS-SE
model with the SI-SNR and wSDR losses. Yet, the both
models failed to converge. We also notice that the DCCRN-
SI-SNR, in which the training loss matches the evaluation
metric, obtains the highest SI-SNR score, while the proposed
method failed to improve the SI-SNR score. This is due to
all the synthesis-based method will cause phase mismatch
[26, 20, 19, 21, 22], which results in very low SNR. Such
methods usually only use perception scores (e.g., PESQ and
eSTOI) as the evaluation metrics.

The proposed NHS-SE is more efficient than the cascaded
systems [19, 21], in which a front-end denoising network and
a back-end TTS vocoder are applied in combination. The
number of model parameters of NHS-SE is about 7.4M,
while that of a typical TTS vocoder is more than 20 M (e.g.,
WaveNet[33] is 21.56 M, WaveGlow[34] is 87.88 M). Fur-
thermore, with the front-end denoising network, the model
parameters of the cascaded systems will increase additionally.

5. CONCLUSIONS AND FUTURE WORKS

In this paper, we proposed a novel speech enhancement
method based on homomorphic analysis and synthesis. It
makes use of the advantages of the classical vocoder method
and the recently popular speech enhancement method based
on complex-valued neural networks. We conducted exten-
sive experiments to investigate the popular SI-SNR, weighted
SDR, and multi-resolution STFT losses. The results demon-
strated that the multi-resolution STFT loss performs better
than the others in terms of PESQ and eSTOI. Using the
multi-resolution STFT loss, the proposed method outper-
forms state-of-the-art methods on both seen noise and unseen
noise. Future works include removing some artificial noise
introduced by the synthesis procedure and studying speaker
generalization of the models.

https://jiang-wenbin.github.io/NHS-SE/
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