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Abstract 

Many classical chirp signal processing algorithm may experience distinct performance decrease in noise 

circumstance. To address the problem, this paper proposes a deep learning based approach to filter noises in time domain. 

The proposed denoising convolutional neural network (DCNN) is trained to recover the original clean chirps from 

observation signals with noises. Following denosing, we employ two parameter estimation algorithm to DCNN output. 

Simulation result show that the proposed DCNN method improves the signal noise ratio (SNR) and parameter estimation 

accuracy to a great extent compared to the signals without denoising. And DCNN have a strong adaptability of low SNR 

input scenarios that never trained. 

Keywords: Chirp signal, Deep leaning Denoising, Chirp parameter estimation 

 

1 Introduction 

Chirp signals have a broad range of applications, such 

as in radar, sonar, communication and medical imaging [1]. 

Chirp usage and estimation of their parameters is a 

significant part in the digital signal processing area [2]. At 

present, directly use the time–frequency based methods have 

been practiced to be effective for detecting and estimating 

chirp signals. But whose accuracy is closely related to the 

SNR level and most of them cannot reconstruct the clean 

signals in time domain. This paper is focus on filtering 

noises by DCNN at low SNR scenarios in time domain and 

evaluating the filter performance by comparing the 

parameter estimation accuracy and SNR improvement. 

Data driven for filtering noise and estimating parameter 

methods have been of significant interest in recent years. 

Yuan Jiang proposed a deep learning denoising based 

approach for line spectral estimation [3], by using 

convolutional neural network (CNN) to filter noises of 

sinusoidal signals in time domain and offers a substantial 

improvement in line spectral estimation, but which training 

data and validation data are under SNR =15, 20, 25, 30, 35, 

40dB, the bandwidth of test signals are narrowed, and do not 

discuss the extend adaptability of CNN. Besides denoising 

in time domain, Se Rim Park proposed a method to remove 

noise from speech signals for enhancing the quality and 

intelligibility of speech in time-frequency domain [4], the 

training date and validation data are the magnitude spectra 

of the noisy and clean audio signals respectively, the 

network's output is the magnitude spectrum of the denoised 

signal, and then converted back to the time domain using the 

output magnitude spectrum and the phase of the noisy signal. 

Xiaolong Chen applies CNN for replacing the Fourier 

transform and Fractional Fourier transform (FrFT), uses it 

for single frequency signal and LFM signal detection and 

estimation [5], it have proved that the CNN based method 

can achieve good recognition performance at SNR above 

-2dB, and above -10dB combined with the wavelet 

denoising method. CNN also plays an active role in the field 

of signal detection and classification. Huyong Jin proposed a 

CNN based framework to perform preamble detection for 

underwater acoustic communications application [6], which 

can learns features from the time-frequency spectrum, and 

can gives an efficient solution for preamble detection under 

complicated underwater acoustic communications. For 

signal classification, Johan Brynolfsson uses Wigner-Ville 

distribution instead of the spectrogram as basic input into 

CNN to Classify One-Dimensional Non-Stationary Signals 

and has achieved good performance [7].  

Following with above ideas, this paper proposes a deep 

learning denoising based method for improving chirp 

signal's SNR and parameter estimation accuracy in low SNR 

environments. The proposed method consists of a DCNN, 

which is trained to perform filtering noises in time domain, 

and a parameter estimation process applied on the denoised 

signal to evaluate DCNN performance. Moreover the 

potential adaptability of DCNN in low SNR environments is 



also discussed. 

Assum a chirp signal 𝑥𝑥𝑖𝑖(t) with Additive Gaussian 

noise n(t)  is modeled as: 

yi(t) = 𝑥𝑥𝑖𝑖(t) + n(t)                                                                 (1) 

Where 𝑥𝑥𝑖𝑖(t) = sin (2πf0t + πkt2) , f0  denotes the initial 

frequency, k denotes the chirp rate, the prior knowledge of 

their value are unknown. We employ DCNN to extract 

denoised signals y�  from observation yi(t) , and then 

evaluate DCNN performance by calculating the SNR and 

parameters of y�. 
This paper is organized as follows. Section 2 introduces 

the DCNN structure with associated inner layer details. And 

briefly provides reviews on Radon-Wigner Ville transform 

(RW) and FrFt method used for parameter estimation. In 

Section 3, simulation results are given to show the 

advantages of the DCNN. Finally, conclusions drawn in 

Section 4 

2 Method 

2.1 DCNN Construction 

The proposed DCNN has a layer structure as described 

in Fig.1, totally consists of 34 layers. Input layer receives the 

observation Y0 , and Y0 = {y1(t), y2(t), … yM(t)} , M is 

mini-batch size, yi(t)  is the observation noised chirp signal 

with N points, and reshaped into a N×1×1 tensor.  

Layer1 to Layer30 have a Conv+BN+Tanh structure. 

Each Conv layer consists of K convolutional kernels and 

K=64, 32, or 8, the kernel size is 8x1. Conv layer applies 

sliding convolutional filters to the input Yi−1 by moving the 

kernels along Yi−1, and compute the product of input Yi−1 

and weights Wi , then adding bias term Bi. Convolution 

output Gi can be expressed as: 

Gi = Yi−1 ∗ Wi + Bi                                                            (2)  

Where i denote the layer number, Wi and Bi  are learnable 

parameters, Yi−1 is output of Layeri-1. The dimension of 

Gi  is Nx1xK, as the convolution is operated with same 

padding.
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Fig.1. Structure of DCNN 

BN layer normalize its input 𝐺𝐺𝑖𝑖 in order to speed up 

training and reduce the sensitivity to DCNN [8]. BN first 

calculating the mean μ  and variance 𝛿𝛿2  across a 

mini-batch over each input 𝐺𝐺𝑖𝑖 . Then, the normalized 

activations can be described as: 

𝐺𝐺�𝑖𝑖 =
𝐺𝐺𝑖𝑖 − 𝜇𝜇√𝛿𝛿2 + 𝜀𝜀                                                                     (3) 

Hyper parameter ε is set to 0.00001, to improve numerical 

stability when mini-batch variance is too small. Then BN 

shift and scale the activations as: 𝑍𝑍𝑖𝑖 = 𝜆𝜆𝐺𝐺�𝑖𝑖 + 𝛽𝛽                                                                     (4) 

where λ  is scale factor, β  is offset, they are learnable 

parameters. 

After BN normalization, we use a nonlinear activation 

function hyperbolic tangent (tanh) to increase nonlinear 

properties of DCNN, and then Layeri output Yi  can be 

expressed as: 𝑌𝑌𝑖𝑖 = tanh(𝑍𝑍𝑖𝑖) =
𝑒𝑒𝑧𝑧𝑖𝑖 − 𝑒𝑒−𝑧𝑧𝑖𝑖𝑒𝑒𝑧𝑧𝑖𝑖 + 𝑒𝑒−𝑧𝑧𝑖𝑖                                           (5) 

Because the additive white Gaussian noise (WGN) is 

randomly distributed along the clean signal, each 

observation 𝑌𝑌0  with the same SNR may have different 

value at same point. In order to train DCNN to effectively 

remove noises from observation 𝑌𝑌0, we need a large amount 

of training signals with approximate SNR. The initial 

frequency 𝑓𝑓0 and chirp rates k of the training signals are 

generated at an interval of 1 over a range, which covers the 

signals of interest. Here assume the prior knowledge of their 

range is available. Each SNR we added to clean signal is not 

strictly match to a fixed value, which is approximately at an 

interval of 1 over a range. We randomly generate a number 

of training signals with the same parameter around an 

approximate SNR. The validation data are clean signals with 



the same parameter as training data. We shuffle the training 

data before each training epoch, and validation data before 

each network validation. 

In our proposed scheme, DCNN is trained to remove 

noises from training data set and output the denoised signal 𝑌𝑌� , The optimization goal of training is to minimize the 

half-mean-squared-error loss between 𝑌𝑌�  and the clean 

labels X. The loss function is given by: 

loss =
1

2
�(𝑌𝑌� 𝑖𝑖 − 𝑋𝑋𝑖𝑖)2𝑀𝑀
𝑖𝑖=1                                                        (6) 

where M is the number of output responses. During training 

process, we use mini-batch gradient descent with Adam 

optimization algorithm [9] to evaluate the gradient of the 

loss function and update DCNN weights. In our test, we use 

Matlab Deep Learning Toolbox to train DCNN.  

2.2 Parameter Estimation Algorithm Employed  

After denoising, the initial frequency 𝑓𝑓0 and chirp rate 

k of observation Y are estimated by denosied output 𝑌𝑌� . 

Many parameter estimation method are available, such as 

the method based on maximum likelihood principle 

[10],[11],[12], based on using the gradient of the short-time 

Fourier transform complex phase [13], based on Fractional 

Order Cross Spectrum [14] and so on. For our problem, we 

choose RW [15],[16] and FrFT [17],[18] methods to 

estimate chirp parameters. 

For a chirp signal y with duration T, the Wigner Ville 

distribution (WVD) is: 𝑊𝑊𝑊𝑊𝑊𝑊(𝑡𝑡, 𝑓𝑓) = � 𝑦𝑦(𝑡𝑡 + 𝜏𝜏/2)𝑦𝑦∗(𝑡𝑡 − 𝜏𝜏/2)
𝑇𝑇/2
−𝑇𝑇/2 𝑒𝑒−𝑗𝑗2𝜋𝜋𝜋𝜋𝜋𝜋𝑑𝑑𝜏𝜏             (7) 

The 𝑊𝑊𝑊𝑊𝑊𝑊(𝑡𝑡, 𝑓𝑓) shape of chirp signal in time-frequency 

plan is like a linear dorsal fin as shown in Fig.6. 

In order to estimate parameters, we do a Radon 

transform for 𝑊𝑊𝑊𝑊𝑊𝑊(𝑡𝑡, 𝑓𝑓)  (RW), as shown in Fig.2, the 

linear integral is along the line PQ at different radius ρ and 

angle θ, witch can be described in the following formula: 

RW(ρ, θ) = �𝑊𝑊𝑊𝑊𝑊𝑊(𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 − 𝑣𝑣𝑢𝑢𝑣𝑣𝑣𝑣𝑢𝑢,𝑢𝑢𝑢𝑢𝑣𝑣𝑣𝑣𝑢𝑢 + 𝑣𝑣𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢)𝑑𝑑𝑣𝑣         (8) 

Radon transform converts time-frequency plan to u-v plan. 

In u-v plan we extract linear component by searching the 

maximal amplitude of RW(ρ, θ) at rotation angle 𝑢𝑢′  and 

integral radius 𝜌𝜌′ , which correspond to the linear 

time-frequency distribution of y. Then we can get the 

estimation result as follows: 

{𝜌𝜌′,𝑢𝑢′} = arg max𝜌𝜌,𝜃𝜃 {𝑅𝑅𝑊𝑊(ρ, θ)}                                             (9) 𝑘𝑘� = − cot θ′                                                                            (10) 𝑓𝑓0 = ρ′/sinθ′                                                                          (11) 
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Fig.2. The diagram of Radon transform 

The inverse FrFT of a finite signal y(t) is defined as 

follows: 

y(t) = � 𝑌𝑌𝑝𝑝(𝑢𝑢)𝐾𝐾−𝑝𝑝(𝑡𝑡,𝑢𝑢)𝑑𝑑𝑡𝑡+∞
−∞                                                        (12) 

Where Yp(u) is the FrFT of y(t), p is FrFT order, Kp(t, u) 

is FrFT kernel function and it is defined as: 

Kp(t, u) = 

⎩⎪⎨
⎪⎧�1 − 𝑗𝑗𝑢𝑢𝑢𝑢𝑡𝑡𝑗𝑗

2𝜋𝜋  exp �𝑗𝑗 �𝑢𝑢2 + 𝑡𝑡2
2

𝑢𝑢𝑢𝑢𝑡𝑡𝑗𝑗 − 𝑢𝑢𝑡𝑡𝑢𝑢𝑢𝑢𝑢𝑢𝑗𝑗��   𝑗𝑗 ≠ 𝑣𝑣𝜋𝜋𝛿𝛿(𝑡𝑡 − 𝑢𝑢)                                                                       𝑗𝑗 = 2𝑣𝑣𝜋𝜋𝛿𝛿(𝑡𝑡 + 𝑢𝑢)                                                           𝑗𝑗 = (2𝑣𝑣 + 1)𝜋𝜋             (13) 

Where α is FrFT rotation angle, and α = pπ/2. 

The above formula explains that y(t) is a summation 

based on inverse kernel space K−p(t, u), the coefficients are 

Yp(u) . And K−p(t, u)  can be represented as a set of 

orthogonal chirps in u domain. So the FrFT of a chirp signal 

at an appropriate order will be represented as a pulse. And 

Gauss noises do not have this feature. In other words, FrFT 

have a good property of energy aggregation for chirp signal 

at corresponding order p. So, by searching the maximal 

amplitude of FrFT at u0 and α0, we can calculate chirp 

parameter as follows: 

{𝑢𝑢0,𝑗𝑗0} = arg max𝑢𝑢,𝛼𝛼 {𝑎𝑎𝑎𝑎𝑢𝑢(𝑌𝑌𝑝𝑝(𝑢𝑢))}                                  (14) 𝑓𝑓0 = 𝑢𝑢0𝑢𝑢𝑢𝑢𝑢𝑢𝑗𝑗0                                                                      (15) 𝑘𝑘� = −𝑢𝑢𝑢𝑢𝑡𝑡𝑗𝑗0                                                                         (16) 

3 Simulation Results and Discussion 

In our simulation, chirp signal sample frequency is 

256Hz, duration is 2 seconds. The range of initial frequency 𝑓𝑓0 is from 15Hz to 20Hz at an interval of 1Hz, and the range 



of chirp rate is from 5Hz/s to 10Hz/s at an interval of 1Hz/s. 

There are 5 SNR levels generated by matlab awgn function 

with signal power in measured mode, the range of SNR is 

about from -13dB to -9dB at an interval of 1dB. At each 

SNR we randomly generate 800 training signals and 150 

validation signals. The training data set size is 144000 

signals. Validation data set size is 27000 signals. 

We use mini-batch gradient descent method to update 

DCNN parameters, and each mini-batch size is 128. 

Maximum number of epochs is 8, so there are 8 full passes 

of the training algorithm over entire training set, and before 

each training epoch we shuffle the training data. Validation 

frequency is set to 562 iterations, so each epoch we validate 

two times, and before each validation we shuffle the 

validation data too. The initial learning rate is set to 0.007, 

and updates the learning rate each epoch by multiplying with 

learn rate drop factor 0.9. 

The test data set signals, also called observation signals 

Y, have the same initial frequency and chirp rate as training 

data set and validation data set, but the range of SNR is 

about from -13dB to -3dB at an interval of 1dB, in total of 

11 SNR levels. At each combination of initial frequency and 

chirp rate, we randomly generate 10 test signals around the 

same SNR. Test data set size is 3960 signals. 

We calculate the SNRs of input Y and DCNN output Y�, 

the result is illustrated in Fig.3. We can obviously see that 

after DCNN denoising, the SNRs of Y� are all increased 

above 10dB compared to observation Y. Although we train 

the DCNN at low SNR conditions, which is about from 

-13dB to -9dB, DCNN also have an ability of filtering at 

high SNR scenarios. But the variance is deferent between 

low SNRs and high SNRs. The reason that variance at low 

SNR levels is relative high is due to the strong noises are 

randomly distributed, and attenuate the signal structured 

features that DCNN can extract. DCNN denoising instance 

is shown in Fig.4 and Fig.5, we can see that DCNN can 

effectively filter the unstructured noises and output highly 

structured signal. 

 

Fig.3. Comparison of SNR between observation signals and 

denoised signals 

 

Fig.4. DCNN denoise instance at SNR=-13.3133dB 

 

Fig.5. DCNN denoise instance at SNR=-4.8159dB 
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Fig.6. WVD and RW of observation and denoised signal at 

SNR=-13.3133dB 

 

Fig.7. FrFT of observation and denoised signal at 

SNR=-13.3133dB 

The clean chirp signal without noises with initial 

frequency 𝑓𝑓0  and chirp rate k is denoted as 𝑌𝑌𝑐𝑐 , and 

parameter estimation result of 𝑌𝑌𝑐𝑐  is 𝑓𝑓0′ and 𝑘𝑘′ , used as 

truth-value. Parameter estimation result of DCNN output 𝑌𝑌�  

is 𝑓𝑓0  and 𝑘𝑘� . Estimation accuracy between 𝑌𝑌𝑐𝑐  and 𝑌𝑌�  is 

measured by Root Mean Squared Error (RMSE), which is 

defined as: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝜋𝜋0 = �1𝑅𝑅�(𝑓𝑓0𝑖𝑖′ − 𝑓𝑓0� 𝑖𝑖)2𝑀𝑀
𝑖𝑖=1                                                                (17) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘 = �1𝑅𝑅�(𝑘𝑘𝑖𝑖′ − 𝑘𝑘�𝑖𝑖)2𝑀𝑀
𝑖𝑖=1                                                                    (18) 

Where M is the number of test signals. 

The RMSEf0 and RMSEk estimated separately by RW 

and FrFT are shown in Fig.8 and Fig.9. We can see that with 

the increase of SNR, the RMSE is descending, and RMSE of 

Y� is significantly improved to a great extent compared to 

observation signals Y. Besides the improvement of filtering 

performance, from RMSE curve we can also conclude that 

DCNN trained with low SNR have a good performance in 

high SNR conditions. 

 

Fig.8. RMSE of f0 and k estimated by RW 

 

Fig.9. RMSE of f0 and k of by FrFT 

Parameter estimation error percentage is defined by 

following formula: 

𝑅𝑅𝐸𝐸𝐸𝐸𝑢𝑢𝐸𝐸 𝑄𝑄𝑢𝑢𝑎𝑎𝑣𝑣𝑡𝑡𝑣𝑣𝑡𝑡𝑦𝑦% =  
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Wrong estimation result is the parameter that the bias is 

greater than the threshold relative to the parameter of Yc. 
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We calculate error percentage at threshold=0.05 and 

threshold=0.15, the result is shown in Fig.10 and Fig.11. 

From the curve we can conclude that after DCNN denoising 

process, parameter estimation accuracy is markedly 

improved. But at low SNR circumstance, there are also 

considerable observation signals cannot be processed 

commendable, the error percentage seems to be acceptable 

at SNR above -10dB. 

 

Fig.10. Parameter estimated error percentage at threshold=0.05 

 

Fig.11. Parameter estimated error percentage at threshold=0.15 

4 Conclusions 

In this paper, a DCNN based method for filtering chirp 

signal is proposed. It takes advantage of deep learning 

feature extraction ability to recover the clean chirp signals as 

far as possible. Simulation result indicate that DCNN have a 

good filtering performance at low SNR circumstances, And 

although DCNN has learned the features of chirp signals at 

low SNR scenarios, it still work in high SNR conditions. But 

when the SNR is low enough, DCNN’s performance become 

uncommendable. For future research, we will find solutions 

to let CNN abstract features in different noise environment 

and noise types, which will not only be trained in time 

domain, but also in frequency domain. 
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Figures

Figure 1

Structure of DCNN

Figure 2

The diagram of Radon transform



Figure 3

Comparison of SNR between observation signals and denoised signals



Figure 4

DCNN denoise instance at SNR=-13.3133dB



Figure 5

DCNN denoise instance at SNR=-4.8159dB



Figure 6

WVD and RW of observation and denoised signal at SNR=-13.3133dB



Figure 7

FrFT of observation and denoised signal at SNR=-13.3133dB



Figure 8

RMSE of f0 and k estimated by RW



Figure 9

RMSE of f0 and k of by FrFT



Figure 10

Parameter estimated error percentage at threshold=0.05



Figure 11

Parameter estimated error percentage at threshold=0.15
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