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Abstract

Time-frequency analysis (TFA) and mode decomposition for
non-stationary signals are research hotspots in the field of
signal processing. Current optimization-based decomposition
methods require a good initial IF estimate. However, due to
the Heisenberg uncertainty, achieving accurate ridge extrac-
tion from the time-frequency representation (TFR) necessi-
tates empirical parameter adjustments. In this paper, we pro-
pose the TFD-Net framework, which takes time-series signals
as inputs and adaptively conducts TFR construction and mode
decomposition. Specifically, the framework integrates a phys-
ically interpretable TFA encoder and a query-based mode de-
composition decoder. The highlights of this study include ex-
ploring the mathematical equivalence between deep convo-
lutional operators and classical TFA methods. This enables
the extraction of multi-scale features for TFR construction
and mode separation in a data-driven manner, eliminating the
need for signal-specific manual tuning and enhancing adapt-
ability. Finally, simulated and real-world experiments demon-
strate TFD-Net’s superior performance over several state-of-
the-art methods in complex signal processing.

Introduction

Non-stationary signals in natural scenarios, such as echolo-
cation signals, power system oscillation signals, and me-
chanical vibration signals, are characterized by time-varying
instantaneous frequencies (IF), multi-mode coupling, and
strong noise interference. How to extract time-varying fea-
tures and separate mixed modes has become a research
hotspot in signal processing, and the achievements will ben-
efit applications like target identification and tracking, sta-
bility monitoring in power grids, channel equalization and
fault diagnosis (Matz, Bolcskei, and Hlawatsch 2013; Silva,
Oliveira, and Rocha 2025; Tang, Shen, and Lam 2024; Pan
et al. 2025; Feng, Ming, and Fulei 2013; Bai et al. 2023).

Existing approaches suffer from several limitations: time-
frequency analysis (TFA) techniques are difficult to handle
the trade-off between time and frequency resolutions (Auger
et al. 2013); Mode decomposition methods suffer from end-
point effects and sensitivity to noise and sampling (Huang
et al. 1998; Pan et al. 2021).
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Recent advances in TFA for improving the resolution
of time-frequency representation (TFR) predominantly em-
ploy the synchrosqueezing transform (SST) (Thakur and
Wu 2010), which sharpens short-time Fourier transform
(STFT) energy distributions via phase-derived IF alignment.
Subsequent variants like reassignment-synchrosqueezing
(RS), synchroextracting transform (SET), and multisyn-
chrosqueezing (MSST) (Yu, Yu, and Xu 2017; Yu, Wang,
and Zhao 2019; He et al. 2020) are proposed for TFR refine-
ment. With the development of deep learning, some TFA
networks further improve the energy concentration (Pan
et al. 2023; Chen et al. 2024; Dai, Xu, and Zhou 2025; Ding
et al. 2025). However, these methods neglect mode decom-
position capabilities.

In the aspect of mode decomposition, variational non-
linear chirp mode decomposition (VNCMD) (Chen et al.
2017a) reformulates mode decomposition as a signal de-
modulation optimization problem. When provided with
proper initial IF estimates, the method can progressively re-
fine IF measurements and recover all signal components.
Therefore, enhanced initialization strategies (e.g., adaptive
chirp mode decomposition (ACMD) (Chen et al. 2019),
ridge path regrouping with intrinsic chirp component de-
composition (RPRG+ICCD) (Chen et al. 2017b), and im-
proved variational generalized nonlinear mode decomposi-
tion (IVGNMD) (Wang, Chen, and Zhai 2025)) are pro-
posed. However, these methods suffer from heavy reliance
on empirical parameter tuning, limiting practical applicabil-
ity.

Therefore, we propose TFD-Net, a deep learning-based
time-frequency (TF) mode decomposition network. By
treating mode decomposition as a segmentation task on
TFRs, TFD-Net is designed with a particular emphasis on
a physically interpretable module for multi-scale feature ex-
traction from time-series signals, which simultaneously ben-
efits the TFR generation and mode decomposition. The main
contributions of our work are as follows:

* Propose a physics-inspired TFA encoder characterized
by the multi-resolution TF transform and multi-scale
TF feature extraction. Specifically, STFT-inspired multi-
kernel convolutional layers are designed to convert time-
series signals into coarse TFRs, which are then refined
by channel attention and residual U-Net. Furthermore,
multi-scale features from the residual U-Net are fed into



a decoder for mode decomposition.

Reformulate mode decomposition as an IF trajectory seg-
mentation problem and construct a query-based decoder.
Different from the classical Mask2Former (Cheng et al.
2021), our decoder directly takes multi-scale features
from the TFA encoder as inputs, and learnable queries are
updated to segment distinct TF modes through attention-
guided mask prediction.

Conduct experiments to demonstrate the superiority of
the proposed method in obtaining more accurate TFRs
and TF modes, compared with several state-of-the-art
methods.

Methodology

The TFD-Net framework consists of a physics-inspired TFA
encoder and a mode decomposition decoder, as depicted in
Fig. 1.

Physics-inspired TFA encoder

The physics-inspired TFA encoder includes the multi-
resolution TF transform and multi-scale TF feature extrac-
tion.

Multi-resolution TF transform In the multi-resolution
TF transform, three complex-valued convolutional layers
with different kernel sizes are first constructed to transform
time-domain signals into coarse TF-domain representations
of different resolutions.

Herein, we explain why the convolutional layers can be
used to achieve the TF transform. For the convolution opera-
tion between an input signal of length L and a convolutional
layer with the kernel size Ny x 1 x L,,, it will produce a
feature map of size Ny x 1 x L using the zero-padding tech-
nique. Reshaping itinto 1 x Ny x L, the feature map behaves
like one TFR. And also, L,, and Ny mathematically corre-
spond to the window length parameter and the number of
frequency bins in the classical STFT operation.

Mathematically, a bias-free convolutional layer processes
input data through the following mechanism:

L,—1
TFR, (k) = Y 2m(n)W(n, k)

n=0

ey

where z,,,(-) denotes the m-th segment of the input signal,
obtained by the sliding window of length L,,. W denotes
the filter kernel with size L., x Ny.
More generally, the segmented signal in (1) can be rewrit-
ten as
Ly—1
TFR(m, k) = > g(n—m)s(n)W(n,k)
n=0

@

where g(-) represents the window function.
Compared with the classical STFT operation:

o[

It is seen that (2) represents a general transform frame-
work, with the STFT serving as its special case. They

g(u —t)x(u)e 7" du 3)

19330

are totally same if W(n,k) is updated to be equal to
exp(—j2rkAfn).

However, even though neural networks demonstrate the-
oretical capacity to approximate Fourier-based kernel func-
tions, it remains insufficient to achieve energy-concentrated
TFRs. We hypothesize that gradient-based optimization en-
ables the data-driven discovery of task-specific basis func-
tions, overcoming the rigid harmonic assumptions inherent
in conventional Fourier decomposition. Therefore, we ex-
pand the number of channels in the weight matrix W from
Ny to CNy, enabling the original signal to be projected
into C' distinct subspaces, where each subspace is spanned
by Ny basis functions. This leads to enhanced TFRs with
richer representational diversity. Additionally, since the ker-
nel size L,, is equivalent to the window length that deter-
mines the TF resolution, three convolutional layers with dif-
ferent kernel sizes are used in our TF transform block for
multi-resolution TFR generation. Given that each convolu-
tional layer generates C' TFRs of size Ny x L, the output
feature maps of the multi-resolution TF transform block is
of size 3C' x Ny x L.

For multi-channel feature maps, using the channel at-
tention mechanism for channel enhancement is a com-
monly used technique, enabling dynamic modeling of the
importance of feature channels. Traditional squeeze-and-
excitation network (SENet) (Hu et al. 2020) compresses spa-
tial information through global average pooling to generate
channel descriptors, followed by two fully connected layers
to learn channel-wise importance. Here, we adopt the effi-
cient channel attention (Wang et al. 2019), which replaces
fully connected layers with 1-D convolution, effectively re-
ducing the number of parameters while maintaining perfor-
mance.

Multi-scale TF feature extraction Our goal is to track
and separate the IF trajectories of signal components in the
TF domain, thus the features that encode refined TFR are
required. However, the aforementioned TF transform block
merely obtains coarse TFRs. We therefore built a residual
U-Net to filter out noise and achieve refined TFRs. The U-
Net is chosen for its proven effectiveness in image super-
resolution tasks. Driven by spectral fidelity loss, the U-
Net can progressively capture multi-scale features of TFRs,
which benefits subsequent TF mode decomposition. Further-
more, as the TF transform block serves as a critical founda-
tion for feature extraction and mode decomposition, residual
connections are incorporated into the U-Net to facilitate gra-
dient backpropagation to shallow layers.

Mode decomposition decoder

The mode decomposition in the TF domain is equivalent to
the image segmentation task, i.e., separating the IF trajecto-
ries of different signal components on a given TFR image.
Therefore, a query-based decoder is adopted. Two points are
highlighted: On one hand, we avoid constructing a new fea-
ture extraction backbone based on the TFA module’s TFR
output. Instead, the multi-scale features from the U-Net are
directly fed into the Mask2Former’s pixel decoder, because
the U-Net has preserved sufficient semantic and structural
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Figure 1: The TFD-Net framework.

features for representing the TFR. On the other hand, exist-
ing methods for separating IF trajectories on the TFR image
rely on distance clustering or slope metrics of each IF curve,
making them threshold-sensitive and ineffective for corner
cases. We employ the pixel decoder to map multi-scale fea-
tures into a high-dimensional space via pixel-wise embed-
ding, where pixels from a same IF trajectory share similar
features. Finally, the learnable queries are trained to extract
these features for tracking and decomposing IF trajectories,
with the predicted masks for TF modes as output.

Signal reconstruction module

To better evaluate the mode decomposition performance,
recovering each TF mode into a time-domain waveform
is necessary. For the p-th predicted mask for TF mode
TFR,(t, f), the corresponding IF trajectory can be ob-
tained by locating the peaks along the frequency dimension:

IF,(t) = arg mjz}x(TFRp(t, ) )
Thus, the recovered waveform can be achieved based on

the signal demodulation principle (Chen et al. 2017a). To be
specific, consider a general signal:

s(t) = a(t) exp (m < /0 t F(v)dv + ¢>> )

where j? = —1. The demodulation operator and modulation
can be respectively expressed as

o (1) = e (~aon ' fa(w)dv i) ©
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v () = exp (g2 ' fa(w)dv ) o

where f4(v) denotes a frequency function of operators and
fe > 0 denotes a constant frequency. By multiplying s(¢)
with the demodulation operator, the demodulated signal is
obtained:

s4(t) = a(t) exp(y27r(/f fa(ds — 1.4+ 6) )
¥

It is seen that s4(t) becomes a single-frequency signal
with frequency f., when f(v) — fa(v) = 0 is satisfied.
That is, if the frequency function of the demodulation op-
erator is updated to approximate the IF function of the origi-
nal signal, the demodulated signal would have the narrowest
bandwidth, and meanwhile, the included signal components
would be restored by multiplying the demodulated signal
with the modulation operator in (7). Therefore, the optimiza-
tion problem is formulated as minimizing the bandwidth of
demodulated signals, and the constraint condition is that the
sum of all the recovered signal components approximates
the original signal. For accelerating the algorithm conver-
gence and improving the recovery accuracy, the estimated
IFs in (4) from separated TF modes serve as good enough
initial frequency functions of the demodulation operator for
optimization.

Dataset and Loss function

Modulated signals are generated as the dataset. In order to
make our model applicable beyond local parameter ranges,
the signal parameter settings should ensure that the signal’s



IFs cover the entire unblurred spectrum. The expressions of
signals and the corresponding IFs are respectively written as

P—-1
s(n) = Z Ap €j2ﬂ' (Bp Cos(bp7"+01’)+dpn+“p"2) (9)

p=0

IF,(n) = d, + 2apn — Bpby, sin (bpn + 6,) (10)
where the component number P follows the uniform distri-
bution U(1,6). A, € (0.1,15) denotes the intensity of the
p-th component. B, denotes the vibration amplitude of the
p-th component, and follows /(0.01,1). a,, and b, are re-
spectively sampled in the range of [—30, 30) and [—25, 25).
6, follows U (0, 27). Doppler d,, follows ¢/ (—128, 128). The
signal length L and the frequencies of interest Ny are both
set to 256.

Noted that due to the exponential signal’s multivalued na-
ture, the dataset’s fixed sampling rate does not impair gen-
eralization, as confirmed by subsequent real-world experi-
ments.

Besides, the dataset consists of a training set of 30,000
signals, a validation set of 1,000 signals and a test set of 200
signals. Meanwhile, all these signals are mixed with the ad-
ditive white Gaussian noise (AWGN) with SNRs of [—5, 40]
dB. The training parameters include the initial learning rate
of 0.0003 and batch size of 8. The Adam algorithm (Kingma
and Ba 2015) is adopted to optimize the model. Besides, a
machine with one NVIDIA RTX 6000 GPU with memory
of 48 GB and the 14-core Xeon(R) Gold 6330 with memory
of 62 GB is used for the model training.

The loss function consists of a TFR loss Lossiy and
a mode decomposition loss Lossyq. Specifically, Lossg
includes the DICE loss and BCE loss between the pre-
dicted and ground-truth TFRs in the TFA module. Similarly,
Lossigq includes the DICE loss and BCE loss between the
matched and ground-truth TF modes in the TF mode decom-
position module. It is noted that the matched TF modes in
Lossigq are chosen by the Hungarian matching algorithm
(Mills-Tettey, Stentz, and Dias 2007). Besides, since the IF
trajectories (positive samples) are far less than the back-
ground (negative samples) in the TFR, the positive sample
pixels are weighted. Mathematically, the loss function is ex-
pressed as

Loss = Lossig + Lossigq (11

Lossyy = OZBCE(Ptfr, thr) cw+ (1 — Oé)DICE(Ptfr, thr)

(12)
Lossitq = aBCE(Ptfd, thd) + (1 - a)DICE(Ptfd, Citlf%;
where Py /1q denotes the predicted results by the TFA en-
coder/mode decomposition decoder, and G /tq denotes
the ground-truth labels. w denotes the weights for positive
pixels, and « is a parameter to balance the DICE and BCE
loss. It is noted that since a masked Transformer is used
in mode decomposition modules, no weights are given to
positive-sample pixels in (13). In our model, o and w are set
to 0.7 and 5, respectively. Besides, since the mode decom-
position focuses on segmenting IF trajectories with distinct
boundaries, the weight « for the BCE term is set to a higher
value of 0.7, while the DICE term is assigned a weight of
0.3 for both Lossis and Lossigq.
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Simulated Experiments

In this section, we evaluate the performance of the proposed
TFD-Net framework and compare it with state-of-the-art
methods. Then, we conduct ablation studies to investigate
important components of our model and clarify the criterion
for parameter selection.

Performance comparison

To evaluate the performance of our proposed model, experi-
ments are conducted and the comparison methods include
VNCMD (Chen et al. 2017a), RPRP+ICCD (Chen et al.
2017b), SET (Yu, Yu, and Xu 2017), ACMD (Chen et al.
2019), MSST (Yu, Wang, and Zhao 2019), TFA-Net (Pan
et al. 2023) and IVGNMD (Wang, Chen, and Zhai 2025).
Among them, SET, MSST and TFA-Net are TFA methods,
while the others are mode decomposition methods.

First, a test signal with four components is processed to
show the intuitive performance comparison. The ground-
truth IF trajectories and the corresponding STFT results
with different window lengths are respectively shown in
Fig. 2. It is found that different window lengths lead to the
TFRs of different resolutions. Specifically, a window func-
tion of small length leads to poor frequency-domain reso-
lution, while a long time-domain window will degrade the
time-domain resolution.

Since the signal components are closely located, it is seen
that the STFT results fail to clearly distinguish them. TFRs
produced by the proposed TFD-Net and the mentioned com-
parison methods are given in Fig. 3. It is found that for the
energy-reassignment methods, i.e., SST and SET in Figs.
3 (e)—(f), they can well capture the independent and non-
crossing IF trajectory in the lower part of the TFR images,
and the energy concentration is improved. However, because
they reassign TF energy based on the STFT result, a phase-
disrupted STFT result caused by the mutual interference of
multiple components inevitably leads to the failure of en-
ergy reassignment. For the mode decomposition methods
in Figs. 3 (a)—(d), they are also post-processing methods
based on the STFT, and pixel-by-pixel track each IF curve
in the STFT result by using morphological filtering or log-
ical judgment. Therefore, the tracking results are not satis-
factory due to the low-resolution STFT results. Moreover,
it is assumed that the IF trajectory changes slowly, result-
ing in errors in the tracking results. For example, due to the
more similar IF curve slopes for the yellow and orange tra-
jectories around the TF coordinate (0.45 s, 82 Hz) as shown
in Fig. 2 (a), the first IF curve (the yellow one) is tracked
and connected to the second IF curve (the orange one) for
the IVGNMD method, as shown in Fig. 3 (a). The TFA-Net
produces sharper and more accurate TFR result, confirm-
ing the superiority of automatic feature extraction by deep
learning. However, the convolution kernel of a single scale
is used for the TF transform, which indicates that it can only
obtain the single-resolution TFR, leading to limited TF fea-
ture extraction. Meanwhile, the TFA-Net emphasizes energy
concentration and neglects mode decomposition. Compared
with TFA-Net, the proposed TFD-Net effectively generates
and integrates multi-resolution TFRs, further improving the
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Figure 2: IF trajectories and STFT results of a test signal. (a) True IF trajectories, (b) STFT with window length 32, (c) STFT

with window length 64, (d) STFT with window length 96.
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Figure 3: Comparisons of TFRs produced by different methods

location accuracy of the closely placed IFs. For example,
for the intersection area of the upper two IF trajectories, the
TFD-Net exhibits better tracking performance, as shown in
Fig. 3 (h).

Furthermore, the separated TF modes and recovered sig-
nal components by the proposed TFD-Net are respectively
shown in the first and second row of Fig. 4. It is found that
the separated TF modes are highly in accord with the true IF
trajectories shown in Fig. 2 (a). Also, with the accurate IF
initialization, the reconstruction error is greatly reduced.

Additionally, the quantitative performance of the test set
is statistically analyzed. Specifically, the DICE losses for
predicted TFR and separated TF modes, and the MSE met-
ric for the reconstructed components concerning SNRs are
calculated in Table 1.

As the SST, SET and TFA-Net cannot realize the mode
decomposition and signal recovery, they are not involved in
the comparison here. It is seen that the proposed TFD-Net
outperforms the other mode decomposition methods under
various SNRs.

Ablation study

To validate the effectiveness of our physics-inspired TFA
module, we design three ablation experiments as follows:

e TFD-Net-L: This experiment removes the constraint of
TFR loss in the TFA module, with all other modules be-
ing the same as in TFD-Net.

* TFD-Net-E: This experiment removes the enhanced
channel attention in the TF transform block of the TFA
module, with all other modules being the same as in
TFD-Net.
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* TFD-Net-R: This experiment removes the residual con-
nection in the U-Net block of the TFA module, with all
other modules being the same as in TFD-Net.

The main comparative results are presented in Fig. 5. The
results from the ablation experiments demonstrate that each
component positively influences the overall performance.
For the TFD-Net-R and TFD-Net-L models, by removing
the TFR loss or the residual connection in the TFA mod-
ule, the models hardly work. These results confirm that
the multi-resolution TF transform block serves as a criti-
cal foundation for downstream multi-scale feature extraction
and mode decomposition. By imposing a TFR loss and back-
propagating gradients through residual connections, the con-
volutional kernels within the TF transform block are effec-
tively constrained and optimized to approximate physically
meaningful short-time filters. Besides, the performance of
the TFD-Net-E model also degrades compared to the com-
plete TFD-Net due to the absence of enhanced channel atten-
tion, verifying that the channel attention mechanism plays a
certain role in highlighting more important features among
multi-resolution TFRs. In summary, these ablation experi-
ments not only validate the effectiveness of the proposed
TFA module but also showcase its significant role in improv-
ing the mode decomposition and signal reconstruction.

Parameter selection

In this section, we investigate the impact of parameter se-
lection on the model performance. One of the important pa-
rameters is the number of convolutional filters used for the
multi-resolution TF transform. As mentioned above, convo-
lution operations with various kernel sizes approximate the
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SNR =20dB SNR = 15dB SNR = 10dB SNR =5dB
Methods TFR TFmodes Recon. TFR TFmodes Recon. TFR TFmodes Recon. TFR TF modes Recon.
DICE DICE MSE DICE DICE MSE DICE DICE MSE DICE DICE MSE
IVGNMD 0.753 0.769 0.295 0.758 0.769 0.304 0.786 0.781 0.324  0.887 0.864 0.416
ACMD 0.775 0.765 0.271 0.812 0.793 0.289  0.862 0.838 0.318  0.908 0.885 0.368
RPRG+ICCD 0.781 0.770 0.319 0.785 0.773 0.325 0.803 0.787 0.347 0.839 0.819 0.383
VNCMD 0.761 0.736 0342  0.778 0.751 0.336  0.812 0.783 0.342  0.859 0.834 0.369
TFD-Net 0.276 0.458 0.079 0.329 0.488 0.095 0.404 0.530 0.121 0.510 0.587 0.173
Table 1: DICE ({) and MSE () metrics for TFR and separated/reconstructed modes under different SNRs.
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Figure 5: Ablation experiment results. Left: TFR DICE loss;
Middle: Mean DICE loss for separated TF modes; Right:
MSE for reconstructed signals.

STFT operations with different window lengths, which can
provide different combinations of TF resolutions. However,
more convolutional filters might lead to a larger model that
could cause over-fitting, high computational complexity and
other problems. Therefore, we conduct experiments to deter-
mine the optimal parameter selection. The validation losses
for the cases including one filter with size 31, two filters with
size 31 and 63, three filters with sizes 31, 63 and 95, four fil-
ters with sizes 31, 63, 95 and 127, and five filters with sizes
31, 63, 95, 127 and 159 are displayed in Fig. 6 (a). It can be
seen that as the number of filters increases from one to three,
the performance of the model gradually improves. Then the
number of filters is increased, and the performance of the
method reaches saturation and no longer shows a significant
improvement. Therefore, in our model, three convolutional
filters with sizes 31, 63 and 95 are used for multi-resolution
TF transform.

Another important module is the residual U-Net-shaped
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Figure 6: The influence of hyperparameters. Left: The num-
ber of filters for TF transform; Right: The number of convo-
lutional layers in the U-Net block.
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Figure 7: STFT results of two real-world data.

TF feature extraction block. We conduct experiments to de-
termine the number of convolutional layers for obtaining
each scale of features. The cases (two convolutional layers
for each scale and 16 layers in total, three convolutional lay-
ers for each scale and 24 in total, four convolutional layers
for each scale and 32 in total) are considered in the exper-
iment, and the validation losses are exhibited in Fig. 6 (b).
It is seen that when the number of convolutional layers is
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increased to 24, the model performance has not improved
significantly. Therefore, the number of convolutional layers
in the U-Net block is set to 24 in our model.

Applications

In this section, real-world experiments are conducted to ver-
ify the effectiveness of our proposed method. Two real data
are processed without model retraining, and they can be both
directly loaded from the Matlab time-frequency gallery. One
is the subsynchronous oscillation data of a power system,
and the other is the echolocation signal collected by Rice
University. The sampling rates of these two signals are re-
spectively 1 kHz and 142.86 kHz, and their STFT results are
shown in Fig. 7.

Fig. 8 and Fig. 9 show the mode decomposition re-
sults from different methods, respectively. For the proposed
method, the TFR result from the TFA encoder and the sep-
arated modes from the mode decomposition decoder are all
provided in the upper row of these two figures. It is seen
that the proposed method better achieves TF mode decom-
position and greatly improves the energy concentration of
the weak-intensity components, e.g., the first component (15

19335

Hz) from the oscillation data and the fourth component from
the echolocation signal.

Conclusion

This paper proposes TFD-Net for TFA and mode de-
composition, with its core contribution being the use of
physics-inspired convolutional layers with channel attention
to generate multi-resolution TFRs. These layers are math-
ematically equivalent to STFTs, enabling the network to
learn physically interpretable TFRs. Based on this founda-
tion, a residual U-Net extracts multi-scale TF features for
TFR refinement and mode decomposition. A query-based
Transformer decoder then projects these features into high-
dimensional embeddings, where learnable queries are iter-
atively updated to capture pixel-level similarities along IF
trajectories, enabling accurate IF tracking. Finally, the sep-
arated modes yield initial IF estimates, which are itera-
tively refined to reconstruct individual signal components.
Numerical and real-world experiments validate the effec-
tiveness, robustness, and generalization of TFD-Net. Future
work may explore integrating an unfolded reconstruction al-
gorithm to achieve a fully neural network-based pipeline.
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