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Abstract
This paper presents combination of Graph Fourier Trans-

form (GFT) and U-net, proposes a deep neural network (DNN)
named G-Unet for single channel speech enhancement. GFT
is carried out over speech data for creating inputs of U-net.
The GFT outputs are combined with the mask estimated by U-
net in time-graph (T-G) domain to reconstruct enhanced speech
in time domain by Inverse GFT. The G-Unet outperforms the
combination of Short time Fourier Transform (STFT) and mag-
nitude estimation U-net in improving speech quality and de-
reverberation, and outperforms the combination of STFT and
complex U-net in improving speech quality in some cases,
which is validated by testing on LibriSpeech and NOISEX92
dataset.
Index Terms: single-channel speech enhancement, graph
fourier transform, deep learning

1. Introduction
Speech enhancement is increasingly becoming a technology
worthy of attention recently, dedicated to improving both the
accuracy of automatic speech recognition (ASR) modules and
human perception. The goal of speech enhancement is to im-
prove the intelligibility and perceptual quality of speech signals
degraded by reverberation and noise. Traditional DNN based
noisy speech enhancement frameworks are mainly done in time-
frequency (T-F) domain or directly time [1, 2, 3] domain.

The T-F diagram estimation methods can be roughly di-
vided into two categories. One only focuses on the magni-
tude spectrum of the signal while ignoring the phase infor-
mation when performing T-F diagram estimation [4, 5, 6, 7].
The phase of the mixed speech is reused when recovering the
original signal, which leads to a certain degree of performance
degradation. The other introduces phase estimation on the ba-
sis of magnitude spectrum estimation, and uses the estimated
magnitude and phase spectrum to restore the original speech
signal [8, 9, 10, 11, 12]. However, the computation of com-
plex DNN model is huge. As described in DCUNET[10] and
DCCRN[12], keeping the DNN structure unchanged, extend-
ing convolution/recurrent layers from real operations to com-
plex operations will result in twice as many parameters and four
times as many calculations.

To reduce the complexity and further improve the perfor-
mance, some other signal transformation, such as discrete co-
sine transform[13, 14], was introduced to replace traditional
Fourier Transform. And some researchers attempted to intro-
duce methods of graph signal processing into speech enhance-
ment. Such as graph neural networks which exploits the spatial
correlations in the multi-channel speech enhancement [15], and
improved graph Wiener filtering for speech enhancement [16].

In this article, a signal front-end transform based on Graph
Fourier Transform (GFT) is proposed. It treats the original sig-

nal as a segmented graph signal after framing, and uses graph
theory to capture the characteristic information of the signal
over a period of time. GFT can project the original signal to
time-graph (T-G) domain, and generate a T-G diagram similar to
T-F diagram. Then GFT is combined with existing mask-based
estimation method to build G-Unet for single-channel speech
enhancement based on U-net [17] deep learning network. In
addition, M-Unet that pays attention to magnitude only and C-
Unet [10] of the complex convolution are implied for compari-
son, proving the feasibility of GFT in the field of single-channel
speech enhancement.

The contributions of this paper are as follows: (i) A signal
front-end transform based on GFT is utilized to extract short-
term signal features with graph structure. (ii) The mask esti-
mation based on U-net is combined with GFT as G-Unet for
single-channel speech enhancement, which can realize the esti-
mation of clean speech under environment with noise and rever-
beration by using a real-valued DNN. It also proves that speech
enhancement framework need not to be restricted in working
in time or time-frequency domain traditionally (iii) This paper
proves that estimation error in G-Unet resulting in phase error
occurs while training G-Unet with SI-SNR as loss function, and
speech quality is further improved when signs corrected. (iv)
This paper aims to remind reaserchers to jump out of the limita-
tions of the time/time-frequency domain, and explore wheather
using transformations other than STFT as front-end feasibility
for DNN based speech enhancement.

2. Methods

2.1. Graph Fourier Transform

Graph Fourier Transform [18] uses the characteristic matrix of
graph signal to transform the signal from time domain to graph
domain. Consider that signal s can be represented by graph
structure, with the Adjacency matrix A and Degree matrix D.
A describes the distance between each node on the graph, and
D describes the number that each node connects with others
on the graph. Eigenvalue decomposition of Laplacian matrix
L = D −A could be denoted as L = UΛUT , where eigen-
vectors in U are sorted in ascending order according to the size
of the eigenvalues in Λ. Transformed signal sg can be ex-
pressed as sg = UTs. And Inverse Graph Fourier Transform
(IGFT) reconstructs time domain signal s from sg , expressed
as s = Usg .

GFT takes ui as the base, and transforms the signal
from the original time domain to the graph domain, where
ui represents the eigenvector of the Laplacian matrix U =
[u0,u1, ...,un−1] of the graph signal. The transformed signal
is a linear combination of ui.
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Figure 1: Structure of considered graph signal

2.2. GFT Used in Speech Signal

For a long sequence of speech signal, it can be expressed
as s = [s0, s1, ..., sn−1]

T
n×1, where n represents the to-

tal number of samples. Speech signal first needs to be di-
vided into frames, and a sequence of speech signal could be
represented as s̃ =

[
sf
0 , s

f
1 , ..., s

f
m−1

]
nf×m

, where sf
i =

[
sh, sh+1, ..., sh+nf−1

]T
nf×1

represents the i-th segment of the
framed signal, nf represents the number of samples of a single
frame signal, h = i × ns, ns represents the number of points
shifted by the frame window. Each single frame speech sig-
nal sf could be considered stationary and regarded as a graph
structure as shown in Fig. 1.

Each sampling point sf (i) in sf is regarded as a node on the
graph, connected to other nodes. Adjacency matrix A is used to
represent the interval between sampling points in time domain
and degree matrix D is used to indicate the number of sampling
points. Therefore, A and D of the graph could be represented
as A = [aij ]nf×nf

, aij = |i− j|,D = diag(nf − 1)nf×nf ,
and the Laplacian matrix L = D −A is an orthogonal matrix.
Laplacian matrix L is subjected to eigenvalue decomposition as
L = UΛUT .

Let G : Rn → Rnf×m be the Short-time GFT proposed
where nf and m are the number of graph and time bins. T-G
diagram of the original signal s could be reprented as S.

S = G(s) = UT s̃. (1)

And Inverse Short-time GFT is denoted as G† : Rnf×m →
Rn, used to reconstruct S into time domain signal s.

s = G†(S) = Grif(s̃) = Grif(US). (2)

Grif(·) denotes algorithm proposed in [19] used to reconstruct
the framed signal into time domain signal, using rectangular
window.

2.3. Speech Enhancement Based on GFT and Deep Learn-
ing

Environment considered in this paper contains reverberation
and noise. Original speech to be enhanced can be expressed
as x = s ∗ r + n, where ∗ stands for the convolution operator.
Clean speech s is affected by Room Impulse Response (RIR)
function r and additive noise n. The goal of speech enhance-
ment and separation is to recover s from x.

G is combined with deep learning to explore its feasibility
in the field of speech enhancement. Speech enhancement net-
work called G-Unet is proposed, which is shown in Fig. 2. G-
Unet combines G with the classic U-net [17] architecture. And
inspired by DCCRN[12], a 2-layer Long Short-Term Memory
(LSTM) layer is added to capture the sequential information

Figure 2: Illustration of proposed speech enhancement network
G-Unet

among each speech frame between encoder output and decoder
input. Note that parameters of DNN used here are all real-
valued.

The original mixed speech signal x is first transformed into
T-G domain as X = G(x), then the mask of X is estimated by
DNN based mask estimator, denoted as M . And ŝ = G†(M ⊙
X) is the enhanced speech signal.

Similar to ideal ratio mask (IRM)[20] in T-F domain, G-
Unet uses the signal approximation method to estimate the real-
valued IRM in T-G domain, denoted as IGRM. IGRM can be
defined as:

IGRMt,g =
St,g

Xt,g
(3)

where St,g and Xt,g denotes transformed GFT diagram of
clean and noisy signal, at t-th time frame and g-th graph index.

During training, Scale-Invariant Source-to-Noise Ratio (Si-
SNR) [21] in time domain is choosen as the loss function [1]
during training, which is defined as





starget =
⟨ŝ,s⟩
∥s∥2 · s

Si− SNR = 10× log10

(
∥starget∥2

∥ŝ−starget∥2

)
(4)

where ŝ and s denotes the estimated and clean speech, ∥ · ∥
is ℓ2 norm.

3. Experiments
3.1. Datasets

Clean speech dataset selected in this paper is LibriSpeech [22],
which includes 251 speakers for training and 40 speakers for
testing, and noise datasets used are NOISEX92 [23] and DE-
MAND [24]. Image source method [25] is utilized to generate
the RIR functions for creating reverberant speech signals. Five
rooms have different sizes except for a fixed height of 3 m, the
RIR functions corresponding to room R1 R3 and R5 are utilized
for training while the RIRs of room R2 and R5 respectivley for
validation and testing.

The reverberant speech signals are combined with noise to
create the training set with SNR from -5 dB to 10 dB. All train-
ing data are sampled at 16 kHz. The number of samples in
generated dataset is 25537 for training and 3002 for validation.

Different from the training set, the test set only contains
noise from NOISEX92. Besides the speech from Librispeech,
the test set with 1916 samples includes speech fragments of Chi-
nese speakers. Note that speakers in the test set didn’t appear in
the training set.
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3.2. Training Details

G-Unet shown in Fig 2 is implemented in Pytorch and trained on
training set for 30 epochs, with Adam optimizer using learning
rate of 0.0008, and batch size of 8. For feature extraction, nf

was set to 512 and ns was set to 256. channel size of each layer
in encoder/decoder is kept same as DCUNET-10 in [10].

Besides, two existing speech enhancement approaches
which use Short time Fourier Transform (STFT) F : Rn →
Cf×m as front-end transform are also implemented in this pa-
per as baselines for comparison.

• M-Unet: an U-Net structured model only estimate mag-
nitude spectrum, and use noisy phase and estimated
magnitude to reconstruct the signal. Similarly, channel
size of each layer in encoder/decoder is kept same as
DCUNET-10 in [10]. And a 2-layer real valued LSTM
is also added between encoder and decoder.

• C-Unet [10]: an U-Net structured model incorporating
complex-valued building blocks to estimate complex-
valued spectrogram, complex LSTM layer[12] is added
between the encoder and decoder of U-Net. And C-Unet
channel of each layer in encoder/decoder is is twice the
channel size of G-Unet/M-Unet. A 2-layer complex val-
ued LSTM, similar to DCCRN[12], is added between
encoder and decoder. Compared to real-valued LSTM,
the complex convolution and LSTM layer brings twice
amount of parameters and four times amount of compu-
tation.

F is calculated using Hann window, the frame length is
set to 64 ms with 32 ms overlap and FFT size is 1024. Loss
function used during training of M-Unet and C-Unet is also SI-
SNR represented in (4).

3.3. Evaluation Metrics

In this paper, SI-SNR in (4), PESQ, STOI [26], SRMR [27] are
selected as performance indicators for evaluating the effect of
speech enhancement.

• PESQ: Perceptual evaluation of speech quality, with a
rating range of −0.5 ∼ 4.5.

• STOI: Short-time objective intelligibility measure, with
a rating range of 0.0 ∼ 1.0.

• SRMR: speech to reverberation modulation energy ratio.

• SI-SNR: Scale invariant source-to-noise ratio.

For all indicators, the higher the value corresponds the better
the effect of speech enhancement.

3.4. Evaluations

G-Unet is first evaluated on a single test corpus x (with pink
noise, SNR=0 dB), s and ŝ denotes the clean and estimated
speech. G(x),G(s),G(ŝ) are shown in Fig. 3. And T-F analysis
is performed on x, s, ŝ, shown in Fig 4.

It can be seen that G-Unet could realize the estimation of
clean T-G diagram(Fig. 3), meanwhile magnitude spectrum of
clean speech can be restored through G-Unet(Fig. 4). What’s
more interesting, shapes of T-G diagram and related spec-
trum, even positions of over suppression/noise residue(marked
with red/white boxes) are extremely similar. In addition,
the shortcomings of over- suppression and noise residue op-
erated in T-G domain will be mapped to the T-F spectrum
(Fig. 3.(c)/Fig. 4.(c)). Reduction and noise residue in T-F dia-
gram are also labeled by red and white boxes in Fig 4.(c), which

(a) (b) (c)

Figure 3: T-G diagrams of different speech. (a):mixed speech.
(b):clean speech. (c):speech enhanced by G-Unet.

(a) (b) (c)

Figure 4: Spectrogram of different speech. (a):mixed speech.
(b):clean speech. (c):speech enhanced by G-Unet.

are almost at the same position of boxes in Fig. 3.(c). Proving
that T-G bins and graph index in T-G domain are indeed related
to T-F bins and frequency in T-F domain.

And the phase spectrum of ŝ has changed from x, but has a
large deviation from s, which might limits the performance of
G-Unet. The reason for deviation in the phase spectrum might
be the deviation of sign(S) and sign(Ŝ). S = G(s), Ŝ =
G(ŝ), and sign(S) means the signs spectrum of S, expressed
by (5).

[sign(S)ij ] = [sgn(Sij)], sgn(x) =





1 x > 0
0 x = 0
−1 x < 0

(5)

Without calculating loss in graph domain, G-Unet pays
more attention to the magnitude information that has a greater
impact on hearing, while ignoring the phase information, that
is, signs of the T-G diagram. sign(S) is introduced to get re-
vised T-G diagram Ŝr . Note that the estimation of sign(S) is
not implemented in this paper, sign(S) is only used to prove
that estimation error of sign(Ŝ) leads to phase error of ŝ. The
revising calculation could be equivalent to (6). abs(·) computes
the absolute value of each element of its input matrix.

Ŝr = abs(Ŝ)⊙ sign(S), ŝr = G†(Ŝr) (6)

Phase error of ŝ is denoted as |∆Φ|, |∆Φ| ∈ [0, 2π].
|∆Φ| = mean{abs(θ{F(ŝ)} − θ{F(s)})}, θ{·} computes
argument of each element in its input matrix, mean{·} com-
putes the mean of all elements in its input matrix.

Phase error and evaluation metrics of x, ŝ, ŝr are shown
in Table 1, G-Unet-sr represents G-Unet with signs of output
T-G diagram revised. Bold in tables denotes the best scheme.
It can be seen that phase of sr is corrected after signs were
revised, which is manifested in the reduction of |∆Φ| and the
improvement of all metrics.

Then models are evaluated on the test set under different
noise enviroments. In order to demonstrate the importance of
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Table 1: Phase error and evaluation metrics of single test cor-
pus and its enhanced results

|∆Φ| SI-SNR SRMR PESQ STOI
Noisy 2.11 11.06 3.40 2.81 0.77

G-Unet 2.08 14.65 4.33 3.09 0.86
G-Unet-sr 1.37 15.64 4.36 3.12 0.88

the sign(Ŝ), G-Unet-sr was evaluated at the same time. Cuz
the main purpose of our paper is to demonstrate the feasibil-
ity of using GFT as front-end transformation for DNN-based
speech enhancement and out that speech enhancement could
not be limited in time/T-F domain rather than state-of-the-art
(SOTA) DNN model, it is necessary to control all same factors
(including the structure of DNN models used) except for front-
end transformation.

Table 2 shows the average performance of the three models
in all noise environments (13 types in total) at different SNR.
It can be seen that G-Unet always performs better than M-Unet
on all metrics. And compared with C-Unet, G-Unet can ap-
proach or even exceed C-Unet in terms of SI-SNR, PESQ and
STOI, which is more obvious for high SNR case. However, in
terms of the performance of eliminating reverberation, G-Unet
is weaker than C-Unet, showing a lower SRMR. The last row in
Table 2 indicates that the application of sign(S) can improve
all indicators under all SNRs, and SI-SNR, PESQ are always
higher than C-Unet’s.

Table 2: Average objective evaluation results

SI-SNR SRMR PESQ STOI
SNR 0 5 0 5 0 5 0 5
Noisy 1.02 10.84 3.01 5.78 1.50 2.53 0.71 0.88

M-Unet 7.06 9.36 7.76 7.29 2.25 2.66 0.84 0.92
C-Unet 10.56 16.01 8.51 7.96 2.51 3.09 0.86 0.95
G-Unet 9.91 16.64 7.96 7.80 2.50 3.14 0.82 0.93

G-Unet-sr 11.15 17.69 8.14 7.87 2.60 3.21 0.84 0.94

In addition, G-Unet performs better under several noises,
such as white, pink, volvo, machinegun, factory, which are more
stationary than others. Table 3 and 4 show objective evaluation
results of the three models under white noise and babble noise
with different SNRs.

For the white Gaussina noise, G-Unet performs better than
M-Unet on all metrics. Compared with metrics of C-Unet, SI-
SNR and PESQ of G-Unet are always higher, and STOI is 0.02
lower at SNR=0 dB and equal at SNR=5 dB. Similarly, the ap-
plication of sign(S) can improve all indicators under all SNRs.

Table 3: Objective evaluation results (White noise)

SI-SNR SRMR PESQ STOI
SNR 0 5 0 5 0 5 0 5
Noisy 8.89 18.89 5.11 7.08 2.27 3.29 0.87 0.96

M-Unet 9.28 10.27 7.44 7.13 2.40 2.92 0.91 0.95
C-Unet 15.29 20.05 8.08 7.76 2.77 3.46 0.94 0.98
G-Unet 16.11 23.10 7.90 7.70 2.86 3.63 0.92 0.98

G-Unet-sr 17.29 24.21 7.99 7.73 2.90 3.68 0.93 0.98

For other types of noise, taking babble as background noise
for example, the performance of G-Unet is weaker than C-
Unet’s. However, the gap between G-Unet and C-Unet de-
creases when SNR higher. Compared with M-Unet, G-Unet’s
SI-SNR, SRMR, and PESQ are always higher, while STOI is

0.06 lower at SNR=0 dB and 0.01 lower at SNR=5 dB. Sim-
ilarly, the application of sign(S) can improve all indicators,
making indicators higher than C-unet’s in some cases.

Table 4: Objective evaluation results (Babble noise)

SI-SNR SRMR PESQ STOI
SNR 0 5 0 5 0 5 0 5
Noisy -1.88 8.12 2.24 5.38 0.99 2.03 0.59 0.82

M-Unet 5.73 8.87 7.86 7.34 2.06 2.51 0.80 0.91
C-Unet 8.04 14.17 8.54 8.04 2.22 2.88 0.82 0.93
G-Unet 6.12 13.40 7.94 7.86 2.10 2.80 0.74 0.90

G-Unet-sr 7.60 14.68 8.26 8.00 2.24 2.91 0.77 0.92

According to the evaluation results, we can make inferences
as follow: (i) In terms of SI-SNR and PESQ, metrics about im-
proving speech quality, G-Unet can always achieve higher val-
ues than M-Unet and higher than C-Unet under environments
with several noises. (ii) G-Unet achieves a higher value than
M-Unet but lower than C-Unet in terms of SRMR and STOI.
(iii) sign(Ŝ) has a deviation while taking SI-SNR in time do-
main as loss function, resulting in phase error between ŝ and s.
Using sign(S) for revision can reduce the average phase error
and improve all metrics of speech.

4. Conclusion
In this paper, a signal front-end transform based on GFT
is proposed to combine with U-net to realize a mask-based
single-channel speech enhancement network G-Unet. G-Unet
outperforms M-Unet on improving speech quality and de-
reverberation, and outperforms C-Unet on improving speech
quality only when dealing with noise more stationary, due to
extracting more features from the T-G domain over the T-F do-
main in these cases. When the sign estimation error in G-Unet
resulting in the phase error has been corrected, the phase error
can be reduced and speech quality can be further improved. The
effectiveness of G-Unet for speech enhancement is verified on
LibirSpeech in terms of SI-SNR, PESQ, SRMR and STOI.

5. Future Works
Finally, here list some points that are worth exploring:

• We didn’t realize the estimation of sign(S), but
used clean speech’s information to prove the effect of
sign(S) in reducing phase error in Sec. 4. In future,
we plan to design loss function to focus on signs of the
T-G diagram, or use a dual-stream network to realize the
estimation of signs of T-G diagram at the same time.

• This paper only focus on human perception-related ob-
jective metrics in Sec. 4, while not considering hu-
man perception itself. Post-filtering methods in T-F
domain[28, 29] can be introduced to remove unnatural
residual noise components.

• More SOTA models[11, 29, 30] working in T-F domain
can be learnt and introduced in future.
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