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   ABSTRACT 

The electromagnetic environment is becoming more complex, and 

radar technology is always evolving, as such, a sizable number of 

contemporary radars with agile waveforms have appeared on the 

battlefield. Relying solely on traditional recognition models to 

identify radar signals in electronic warfare systems is a significant 

challenge. In response to the this problem, this paper proposed an 

analysis of normal radar signal based on different time-frequency 

distribution (TFDs) configurations which include Wigner-Ville 

Distribution (WVD), Windowed Wille-Ville Distribution 

(WWVD), Filtered Wigner-Ville Distribution (FWVD), Choi 

Williams Distribution (CWD), and hybrid distributions that 

combined FWVD and CWD.A two-stage process in other to 

achieve the aim of this research is presented.  The first stage is the 

modelling and generating a normal (simple) radar signal of pulse-

to-pulse constant frequency, while the second stage involved 

designed of these TFDs and using them to analyse the radar signals. 

The result showed that most of the TFDs captured the time and 

frequency parameters of the radar signals modelled around of 

pulse width (PW) of 1µs, pulse repetition interval (PRI) of 2 µs, 

center and sampling frequencies of 10 MHz and 40 MHz 
respectively. Therefore, these TFDs can further be analysed using 

signal processing and classification tools such as instantaneous 

power, instantaneous frequency, and machine learning for 

automatic waveform recognition.  

 
 

1.0 Introduction 

Radar, which stands for Radio Detection and Ranging, is a technology that uses radio waves to 

detect and track objects in various applications (Patole et al., 2017). The versatility and reliability 

of radar make it an essential tool in numerous fields. To explore some of these normal 

application areas of radar includes crucial role in aviation for air traffic control, collision 

avoidance, and weather monitoring, in military and defense applications. It is also utilized for 

air defense, surveillance, target tracking, and missile guidance. In maritime navigation, radar 

systems are used for collision avoidance, safe passage planning, and vessel traffic management. 

Additionally, radar is employed to monitor and track precipitation, storms, and severe weather 

phenomena. Fourier analysis techniques, including the Fast Fourier Transform (FFT), are applied 

in digital intercept receivers to detect and analyze parameters of low probability of intercept 

(LPI) radar signals (Pace, 2009).  
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When a practical non-stationary signal (such as a noised normal radar signal) is processed, the 

Fourier transform cannot efficiently analyze and process the time-varying characteristics of the 

signal’s frequency spectrum, because time and frequency information cannot be combined to 

tell how the frequency content is changing in time (Stephens, 1996; Xie et al., 2008). The non-

stationary nature of the received radar signal mandates the use of some form of time-frequency 

analysis for signal detection and parameter extraction (Ünal and Pakfiliz, 2022). Some of the 

more common classical time-frequency analysis techniques include the WVD, CWD, 

spectrogram, and scalogram. The WVD exhibits the highest signal energy concentration (Wiley, 

2006). but has the worse cross-term interference, which can severely limit the readability of a 

time-frequency representation (Stephens, 1996; Gulum, 2007; Boashash, 2015). The CWD is a 

member of Cohen’s class, which adds a smoothing kernel to help reduce cross-term 

interference (Upperman, 2008; Boashash, 2015). The CWD, as with all members of Cohen’s 

class, is faced with a trade-off between cross-term reduction and time-frequency localization. 

Radar waveforms are susceptible to various forms of noise and interference, including thermal 

noise, clutter, and jamming signals (Wei et al., 2014). The presence of unwanted components 

such as noise and interference in radar signals can significantly deteriorate the quality of time-

frequency representation, leading to inaccurate radar parameter estimation. Therefore, it is 

crucial to develop robust time-frequency analysis techniques that effectively mitigate the effects 

of these unwanted components. Additionally, radar waveforms often exhibit nonstationary and 

transient behavior due to various factors such as target dynamics, modulation schemes, or 

environmental conditions. Time-frequency distributions (TFDs) employed for radar waveform 

analysis should be capable of capturing the non-stationary nature of signals and accurately 

representing transient features. Techniques that adapt to signal variations over time or provide 

localized time-frequency analysis are necessary to address these nonstationary aspects. 

Furthermore, in real-time radar applications, efficient algorithms and techniques for time-

frequency analysis are required. The computational complexity of time-frequency distributions 

should be manageable to facilitate their implementation in resource-constrained radar systems. 

Hence, it is essential to develop computationally efficient methods that strike a balance 

between accuracy and computational requirements, as this is crucial for practical radar 

waveform analysis. Addressing these challenges through the utilization of TFDs contributes to 

the advancement of radar system capabilities, ultimately enhancing target detection, 

classification, and tracking performance. The research presented in this paper focuses on the 

careful design and adoption of commonly used TFDs to effectively tackle these challenges 

(Boashash, 2015; Ahmad et al., 2019). 

Radar waveforms face various noise and interference issues, such as thermal noise, clutter, and 

jamming signals (Wei et al., 2014). These unwanted components can degrade time-frequency 

representations and lead to inaccurate parameter estimation. Thus, developing robust time-

frequency analysis techniques to mitigate these effects is essential. Radar waveforms also often 

display nonstationary and transient behaviors due to factors like target dynamics or 

environmental conditions. Effective time-frequency distributions (TFDs) should capture these 

nonstationary aspects and accurately represent transient features. Efficient algorithms for real-

time applications are also necessary to manage the computational complexity of TFDs. 

Balancing accuracy with computational efficiency is crucial for practical radar analysis. This 

paper explores the design and application of TFDs to address these challenges and improve 

radar system performance (Boashash, 2015; Ahmad et al., 2019). 
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According to Kong et al. (2018), a method of recognizing low probability of intercept (LPI) 

waveforms that included polytime coded radar signals and robust performance comparison 

analysis was proposed. The method was based on CWD as the main TFD and CNN as the 

classifier. In addition to CWD and CNN, a sample averaging technique was also proposed to 

reduce the large computational cost required by intercept receivers in some situations.  It was 

testified that the proposed technique offered significant improvement such as robustness to 

noise and recognition accuracy of 85% at SNR of -6 dB for all 12 signals. However, a large 

number of signal samples in thousands is required for good recognition accuracy as 22,680 and 

9720 signals are required for training and validation respectively. 

From Qu et al. (2018), the modulation of radar signals using the techniques of time-frequency 

analysis, image processing, and convolutional neural network (CNN) was identified. Through 

Cohen class time-frequency distribution (CTFD), the time-frequency images (TFIs) of received 

signals are extracted. To obtain the high-quality TFIs of received signals, a new kernel function 

for the CTFD was introduced, which has a stronger anti-noise ability than Choi–Williams time-

frequency distribution. A series of image processing techniques, including 2-D Wiener filtering, 

bilinear interpolation, and the Otsu method, is applied to remove the background noise of the 

TFI and obtain a fixed-size binary image that contains only the morphological features of the 

TFI. We design a CNN classifier to identify the processed TFIs. The approach identifies up to 

12 kinds of modulation signals, including frequency modulation, phase modulation, and 

composite modulation. Simulation results show that, for 12 kinds of modulation signals, an 

overall probability of successful recognition of 96.1% when SNR is −6 dB was achieved. 

However, the modulation recognition of the intra-pulse multi-component radar signal has 

become a problem to be solved. 

According to Qu et al. (2019) a radar signal intra-pulse modulation recognition method based 

on convolutional denoising autoencoder (CDAE) and deep convolutional neural network 

(DCNN) was proposed. Cohen’s TFD was used to convert radar signals into time-frequency 

images (TFIs). CDAE was designed to denoise and repair TFIs and a deep convolutional neural 

network based on Inception architecture was designed to identify the processed TFIs. The 

approach has good noise immunity and generalization. It can classify twelve kinds of modulation 

signals, and an overall probability of successful recognition is more than 95% when the SNR is 

-9 dB. A versatile method for different types of radar signals. However, the method developed 

has a very complicated classification structure and hence computationally complex. 

A simple and effective FB algorithm based on Manhattan distance-based features (MDBFs) were 

proposed (Huang et al., 2019). MDBFs are new features for radar signals that can be applied 

for the recognition of different modulations. The main contributions are First, radar signals are 

represented as wavelet ridges, which include important information that can distinguish 

different modulations, and the piecewise aggregate approximation algorithm is introduced to 

reduce signal dimensions. Then, the dynamic time warping averaging is employed instead of the 

traditional k-means algorithm to extract realistic centroids for each class. Finally, the Manhattan 

distances between each data sample and each centroid are used to construct MDBFs, and 

decisions are made using the k-nearest neighbor. It was proved that MDBFs have better class 

separability power than Euclidean-based features. MDBFs contain information about the 

correlations between different classes, which means that these features are suitable for 
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discriminating various modulations when their class distributions do not overlap badly in 

representation space. According to the parameter information, each modulation simulates 

twenty samples at SNR values of 10 to 15 dB to train the classifier. Each modulation generates 

one hundred samples at SNR values of [0, 3, 6, 9, 12] dB. Thus, a total of 900 samples are 

generated at each SNR to test performance. However, the proposed method is realized based 

on some known patterns, and future work will focus on applying the technique to an unknown 

modulated signal. 

A rapid accurate recognition system, especially for when multiple signals arrive at the receiver 

was presented (Gao et al., 2019). The system can recognize eight types of radar signals while 

separating signals: binary phase shift keying (BPSK), linear frequency modulation (LFM), Costas, 

Frank code, and P1–P4 codes. Regression variational mode decomposition (RVMD) is explored 

to separate the received signals, which saves time for parameter optimization of variational 

mode decomposition (VMD). The simulation results show that the recognition system achieves 

an overall recognition rate of 99.5% and 94% at a signal-to-noise ratio (SNR) of 0 dB when 

receiving single signals and double signals while spending 0.8 s and 2.23 s, respectively. 

Furthermore, the proposed system can also be used to recognize mechanical and medical 

signals. However, further related research will be required to examine the ideal technology 

required for an unknown number of radar signal recognitions in a more realistic environment. 

The usefulness of an algorithm in the scenario of LPI radar signal detection and recognition 

based on visibility graphs (VG) was explored (Tao et al., 2020). More network and feature 

information can be extracted in the VG two-dimensional space, this algorithm can solve the 

problem of signal recognition using the autocorrelation function. Signal detection simulation 

analysis shows that when the SNR is −10 dB, the SDP is 90.9%, and as the SNR increases, the 

SDP also increases, especially when SNR is greater than −8 dB, the SDP is 100%. However, 

future research was expected to extend the VG theory to radar signal sorting and working 

pattern recognition applications. 

A novel intra-pulse modulation recognition method based on the high-order spectrums of radar 

signals was developed (Chen et al., 2021). Automatic soft thresholding is implemented in the 

deep residual network to adaptively eliminate redundant information in the process of feature 

learning and improve the learning effect of valuable features in distribution images of 

corresponding third-order spectrums. The extensive simulations compared with the other four 

methods further reveal the excellent classification performance of the proposed method. The 

approach achieves an overall probability of successful recognition of 93.5% for eight kinds of 

modulation signals, even when the SNR is just − 8 dB. Outstanding performance proves the 

superiority and robustness of the proposed method. However, it has recognition mistakes that 

mainly occur between the signal pairs that have similar TSDIs, such as EQFM and Frank code 

signals, LFM and Frank code signals, and the process of image resizing also makes small 

frequency jump blurred. The losses and blurs of this small frequency information finally led to 

confusion between signals. 

According to Matuszewski and Pietrow (2021), recognition method of emitted radar signals 

with agile waveforms based on the convolutional neural network (CNN) was presented. These 

signals are measured in the electronic recognition receivers and processed into digital data, 

after which they undergo recognition. The implementation of this system is presented in a 
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simulation environment with the help of a signal generator that can make changes in signal 

signatures earlier recognized and written in the emitter database. The effectiveness results of 

the applied solutions and the possibilities of developing the method of learning and processing 

algorithms are presented utilizing tables and appropriate figures. The experimental results 

demonstrate that the proposed method can effectively solve the problem of recognizing raw 

radar signals with agile time waveforms and achieve correct probability of recognition at the 

level of 92–99%. However, the size of the CNN use cannot be used in the case of direct 

operation at high frequencies. 

Therefore, this paper in line with the reviewed research focused on normal radar signal analysis 

(of lesser attention, yet still important) using different time-frequency distributions. 

2. Material and Method 

The radar signal is modeled based on the pulse-to-pulse constant frequency, pulse width (PW), 

and pulse repetition period (PRP); hence, its name is normal radar signal due to this constancy. 

Fast Fourier transform was used for the frequency representations and conversion process. 

However, the fast Fourier transform produced mirrored frequencies that resembled the actual 

signal but appeared at different frequencies which are not required. As such, the Hilbert 

transform was used to help in eliminating the mirrored signal that was caused by the fast Fourier 

transform. And finally, the signal was analyzed using the TFDs considered in this work. The 

normal signal model is based on equation (1) (Wiley, 2006): 

                   s(t)  = 𝐴𝑠𝑖𝑛(2𝜋𝑓𝜏)                                                           (1) 

where A is amplitude in pu, 𝑓 is the center/modulating frequency in Hz, 𝜏 is the PW in secs; 

duration of the signal in which the signal is On. The Off time (called the listening time) is simply 

modelled by zeroes for the considered duration. A full complete radar signal cycle 

concatenation of the On and Off times (Wiley, 2006; Ahmad et al., 2023). The time-frequency 

analysis tools proposed for this paper include WVD, WWVD, FWVD, CWD, and hybrid 

distributions that combined FWVD and CWD. Further information on these TFDs is given in 

the preceding subsections. 

2.1 Wigner-Ville Distribution (WVD) 

WVD is an important quadratic time-frequency distribution (QTFD) that extends the 

capabilities of the Wigner distribution. It employs a quadratic function to achieve precise 

localization for linearly modulated frequency and impulse signals. the WVD equation is also 

divided into two major sections (Ahmad et al., 2019). The first stage is for obtaining 

instantaneous autocorrelation function (IAF) (2) and the second stage is the time-frequency 

conversion and storage of the IAF based on the Fourier transform (3): 

𝐾𝑧(𝑡, 𝜏) = 𝑧 (𝑡 +
𝜏

2
) 𝑧∗ (𝑡 −

𝜏

2
)                                             (2) 

𝜌𝑧,𝑊𝑉𝐷(𝑡, 𝑓) = ∫ 𝐾𝑧(𝑡, 𝜏)𝑒−𝑗2𝜋𝑓𝜏𝑑𝜏
∞

−∞
                                                      (3) 

Where 𝜌𝑧,𝑊𝑉𝐷(𝑡, 𝑓) represents the Wigner-Ville distribution of a signal at time t and frequency 

f. 𝑧 (𝑡 +
𝜏

2
) represents a complex-valued function, typically denoting the analysing signal or 
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window function used in the WVD. ∗ (superscript) represents the complex conjugate. The 

interference terms are independent of the time-frequency distance between the two signal 

terms. In some applications, they may overlap the auto-components (Boashash, 2015). 

Moreover, since (3) requires an evaluation from minus infinity to plus infinity, which is 

impossible in the real application, pseudo-Wigner-Ville distributions (PWVDs) are chosen to 

use a running window to overcome this problem (Boashash, 2015). Putting a regular window 

into (3) leads to PWVD (Stephens, 1996): 

𝜌𝑧,𝑃𝑊𝑉𝐷(𝑡, 𝑓) = ∫ ℎ(𝜏)𝑧 (𝑡 +
𝜏

2
) 𝑧∗ (𝑡 −

𝜏

2
) 𝑒−𝑗2𝜋𝑓𝜏𝑑𝜏

∞

−∞
                                                   (4) 

For this research, the two basic forms of pseudo-WVD were considered, which are windowed 

WVD (WWVD) and filtered WVD (FWVD). 

2.2 Windowed Wigner -Ville Distribution (WWVD) 

Similar to the WVD, the WWVD follows a comparable process. However, an additional step 

is introduced before the conversion, involving the application of a windowing technique to the 

instantaneous autocorrelation function (IAF) to enhance its smoothness. For this purpose, a 

Hamming window is chosen due to its desirable characteristics, including a relatively narrow 

main lobe width and effective attenuation of the initial side lobes (Cheng et al., 2022). Equation 

(5) illustrates the windowing process applied to the instantaneous autocorrelation function 

(IAF), while equation (6) represents the final equation of the Wigner-Ville distribution (WVD) 

incorporating this windowing process and equation (7) represents the hamming window used.  

𝐾𝑧,𝑤(𝑡, 𝜏) = 𝑔𝑤(𝜏)𝐾𝑧(𝑡, 𝜏)                 (5) 

𝜌𝑧,𝑊𝑊𝑉𝐷(𝑡, 𝑓)  = ∫ 𝑔𝑤(𝜏) 𝑧 (𝑡 +
𝜏

2
) 𝑧∗ (𝑡 −

𝜏

2
) 𝑒−𝑗2𝜋𝑓𝜏𝑑𝜏

∞

−∞
                         (6) 

𝜌𝑧,𝑊𝑊𝑉𝐷(𝑡, 𝑓)  = ∫ 0.54 − 0.46 cos (
2𝜋𝜏

𝑇
)   𝑧 (𝑡 +

𝜏

2
) 𝑧∗ (𝑡 −

𝜏

2
) 𝑒−𝑗2𝜋𝑓𝜏𝑑𝜏

∞

−∞
           (7) 

Where 𝜌𝑧,𝑊𝑊𝑉𝐷(𝑡, 𝑓) represents the windowed Wigner-Ville distribution of a signal at time t 

and frequency f.𝑧 (𝑡 +
𝜏

2
) represents a complex-valued function, typically denoting the analyzing 

signal or window function used in the WVD. ∗ represents the complex conjugate. 

2.3 Filtered Wigner-Ville Distribution (FWVD) 

The FWVD follows a similar approach to the WWVD. However, instead of applying a 

windowing technique, a filtering process, which can be considered a convolution process, is 

employed. Equation (8) represents the filter Wigner-Ville distribution, which encapsulates this 

filtering process. To accomplish the filtering, the Kaiser window is utilized due to its 

effectiveness in suppressing unwanted noise or interference while preserving the desired signal 

components in radar signals. The Kaiser window's parameter, referred to as the beta value, 

allows for fine-tuning the balance between the width of the main lobe and the levels of the 

sidelobes. By adjusting the beta value, engineers can effectively reduce the sidelobes and 

improve the selectivity of the filtering process, thereby enhancing the overall performance of 

the radar system (Liang et al., 2021). 

𝐾𝑧,𝑓(𝑡, 𝜏) =  𝑔𝑓(𝑡) 𝐾𝑧(𝑡, 𝜏)𝑡
∗                                                                                 (8) 
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𝜌𝑧,𝐹𝑊𝑉𝐷(𝑡, 𝑓) = ∫ 𝑔𝑓(𝑡) ∗  𝑧 (𝑡 +
𝜏

2
) 𝑧∗ (𝑡 −

𝜏

2
) 𝑒−𝑗2𝜋𝑓𝜏𝑑𝜏

∞

−∞
                                             (9) 

𝜌𝑧,𝐹𝑊𝑉𝐷(𝑡, 𝑓) = ∫ ∫
𝐼0{𝛽√1−(

𝑡−𝑢

𝑇
)

2
}

𝐼0{𝛽}
 𝑧 (𝑢 +

𝜏

2
) 𝑧∗ (𝑢 −

𝜏

2
) 𝑒−𝑗2𝜋𝑓𝜏𝑑𝑢𝑑𝜏

∞

−∞

∞

−∞
                             (10) 

𝜌𝑧,𝐹𝑊𝑉𝐷(𝑡, 𝑓) represents the pseudo-filtering, 
𝐼0{𝛽√1−(

𝑡−𝑢

𝑇
)

2
}

𝐼0{𝛽}
 represents the filtering process 

added to equation (4). 

2.4 Choi-Williams Distribution (CWD) 

The CWD belongs to the Cohen class of time-frequency distributions. It incorporates a kernel 

function that effectively suppresses cross-terms resulting from multiple signals. Consequently, 

the CWD exhibits high resolution and minimizes the presence of cross terms (Guo, Yu, & 

Ruan, 2019). This TFD, unlike WVD, is readily available and there was no need for its pseudo-

version design therefore it was adopted from the standard reference (Boashash, 2015). 

Mathematically, the expression for the CWD can be represented as follows: 

𝜌𝑧,𝐶𝑊𝐷(𝑡, 𝑣) = 2 ∬
√𝜎

4√𝜋 |𝜏|

+∞

−∞
𝑒−𝑣2𝜎 (16𝜏2)⁄  𝑧 (𝑡 + 𝑣 −

𝜏

2
) 𝑧∗ (𝑡 + 𝑣 −

𝜏

2
) 𝑒−𝑗2𝜋𝑣𝜏𝑑𝑣𝑑𝜏         (11) 

Where t and f represent time and frequency, 𝑒
−𝜋2𝜎(𝑡−𝑢)2

𝜏2  It represents a Gaussian function in 

the time domain function,  is the positive scaling factor, 𝑒−𝑗2𝜋𝑓𝜏 it represents a complex 

exponential function in the frequency domain and 𝑑𝑢𝑑𝜏 it represents the integration variables. 

However, this adopted version was modified using two smoothing for both time and frequency 

to get its pseudo version. 

2.5 Hybrid TFD 

The hybrid TFD in this research was constructed by combining two TFDs, namely the FWVD 

and the CWD. Among the various WVDs considered in this paper, FWVD was chosen as the 

representative due to its superior ability to suppress cross-terms and frequency cross-talk, 

resulting in the best performance. Mathematically, the hybrid TFD can be expressed in equation 

(12) as follows: 

𝜌𝑧,ℎ𝑦𝑏𝑟𝑖𝑑(𝑡, 𝑣, 𝑓) = ∫ ∫ ∫
√𝜎

2√𝜋 |𝜏|

𝐼0{𝛽√1−(
𝑡−𝑢

𝑇
)

2
}

𝐼0{𝛽}

∞

−∞

∞

−∞
𝑒−𝑣2𝜎 (16𝜏2)⁄  𝑧 (𝑢 + 𝑣 −

𝜏

2
) 𝑧∗ (𝑢 + 𝑣 −

∞

−∞

𝜏

2
) 𝑒−𝑗2𝜋𝑓𝑣𝜏𝑑𝑢𝑑𝑣𝑑𝜏                 (12) 

It is seen from equation (12) that the hybrid version is a filtered version of the doubled 

windowed CWD, hence an extra integration is added to cater for the filtering process, and 

also the time parameter is changed to the convolution parameter. Furthermore, careful 

observation of equation (11) shows that the CWD can be considered a pseudo-WVD. That 

uses an exponential function (hence, sometimes called exponential distribution) (Boashash, 

2015). As such, only the Kaiser filtering window was integrated into the CWD as the CWD 

already contains the IAF of WVD. However, the result obtained showed no noticeable 

difference from that obtained from CWD. As such, a second hybrid was developed by simply 

multiplying the output of FWVD and that of CWD  
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3. Results and Discussion  

Graphical Interpretation of the Analysis Based on TFDs: 

A waterfall presentation of the analysis based on TFDs such as WVD, WWVD, FWVD, CWD, 

and hybrid distributions that combined FWVD and CWD involves a 3D plot with the x-axis 

representing time, the y-axis representing frequency, and the z-axis representing power. In this 

presentation, the x-axis is labeled as time and represents the progression of time throughout 

the analyzed signal. The y-axis is labeled as frequency and represents the range of frequencies 

under examination. The z-axis is labeled as power, which indicates the magnitude or strength 

of the signal at each specific time-frequency point. The waterfall presentation provides a visual 

representation of how the signal's spectral content changes over time. Each point on the plot 

corresponds to a specific time-frequency location, and the color or intensity at that point 

represents the power or magnitude of the signal. By observing the waterfall presentation, 

analysts can gain insights into the time-varying behavior of the signal's frequency components. 

They can identify frequency trends, variations, and patterns that occur over different time 

intervals. The z-axis, representing power, allows analysts to assess the strength or energy 

distribution of the signal at various time-frequency points. In summary, a waterfall presentation 

based on WVD, WWVD, FWVD, CWD, and hybrid distributions combines the elements of 

time, frequency, and power to visually depict the signal's changing spectral content over time. 

This presentation facilitates the analysis of temporal frequency patterns and the power 

distribution of the signal at different time-frequency locations. 

3.1 Waterfall Presentation of NWVD 

Figure 1 shows a three-dimensional (3D) result obtained for a normal radar signal using 

NWVD. 

Figure 1: waterfall 3-D presentation of NRS using NWVD 

Figure 1 shows a three-dimensional (3D) waterfall plot of power, time, and frequency for the 

normal radar signal using NWVD. The signal was generated at a center frequency of 10 MHz 

which indicates that the radar system operates around this frequency, sampling frequency of 
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40 MHz indicates that the signal was digitized at a rate of 40 million samples per second, 

capturing detailed information about the signal, Pulse width (PW) of 1 μs which refers to the 

duration of each transmitted radar pulse. A shorter pulse width allows for better range 

resolution in radar systems, Pulse Repetition Interval (PRI) or pulse repetition time (PRT) of 

2μs indicates the time interval between consecutive pulses. This parameter determines the 

radar's maximum unambiguous range and affects the radar's ability to distinguish between 

different targets and a delay of a quarter at the beginning of the pulse suggests that there is a 

time delay introduced at the start of each pulse, corresponding to a quarter of the pulse width. 

This delay is often used to separate the transmitted pulse from any reflections or clutter that 

may be present in the radar system based on reviewed literature of chapter two. The essence 

of showing the 3D plot is for the analysts to gain insights into the radar signal's time-varying 

spectral content. Observing how the signal's power is distributed across different frequencies 

at different time points, allows for the identification of frequency components, temporal 

patterns, and potential targets or objects in the radar's field of view. However, it can be seen 

from the plot between the 2 pulses there is a      cross-terms that resemble the signal but not 

the actual signal it occurs due to the interaction of the main signal with the noise. Thereafter, 

the Hilbert transform was used in the process to eliminate the negative mirrored signal since 

the focus of the project is on the main signal.  

3.2 Waterfall Presentation of WWVD 

Figure 2 shows a 3D result obtained for a normal radar signal using WWVD. 

 

Figure 2: waterfall 3-D presentation of NRS using WWVD 

Figure 2 shows a 3D waterfall plot of power, time, and frequency for the normal radar signal 

using WWVD.  Based on the information that was presented in the methodology, the signal 

was generated with the same characteristics as that of NWVD. However, from the result 

obtained for these waterfalls of WWVD, the cross-term was completely eliminated due to the 

effect of the windowing. 
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3.3 Waterfall Presentation of FWVD 

Figure 3 shows a 3D result obtained for a normal radar signal using FWVD. 

 

Figure 3: waterfall 3-D presentation of NRS using FWVD 

Figure 3 shows a 3D waterfall plot of power, time, and frequency for the normal radar signal 

using FWVD.  Based on the information that was presented in the methodology, the signal was 

generated with the same characteristics as that of NWVD. From the pictorial view, it was 

observed that the effect of cross terms was little compared to that of NWVD. However, the 

reduction of the cross terms was due to the filtering process of the FWVD.  
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3.4 Waterfall Presentation of CWD 

Figure 4 shows a 3D result obtained for a normal radar signal using CWD. 

 
Figure 4: waterfall 3-D presentation of NRS using CWD 

Figure 4 shows a 3D waterfall plot of power, time, and frequency for the normal radar signal 

using CWD. Based on the information that was presented in the methodology, the signal was 

generated with the same characteristics as that of NWVD. The pictorial view of the CWD 

shows that the signal is well captured with no cross-terms or inner artifact. 

3.5 Waterfall Presentation of HYBRID (FWVD & CWD) 

Figure 5 shows a 3D result obtained for a normal radar signal using a hybrid. 

 
Figure 5: waterfall 3-D presentation of NRS using Hybrid (FWVD &CWD) 
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Figure 5 shows a 3D waterfall plot of power, time, and frequency for the normal radar signal 

using a hybrid.  Based on the information that was presented in the methodology, the signal 

was generated with the same characteristics as that of NWVD. The pictorial view of the hybrid 

shows how the signal was well captured with no cross-terms or inner artifact. However, the 

shape of the captured signal using this hybrid shows a pre-indication that further analysis such 

instantaneous power or frequency may not yield accurate results when compared to others. 

Generally, all the TFDs considered for analysis in this research accurately captures the time 

and frequency changes of the normal radar signal graphically to a high degree. Exact numerical 

accuracy would depend on further analysis using feature extraction and classification for future 

works. 

5. Conclusion 

The paper conducted analysis of normal radar signals, exploring various time-frequency 

distribution configurations, including WVD, WWVD, FWVD, CWD, and a hybrid distribution 

that combines FWVD and CWD. The research revealed that most of these time-frequency 

distributions (TFDs) effectively captured the time and frequency characteristics of radar signals, 

which were modeled based on specific pulse width (PW), pulse repetition interval (PRI), center 

frequency, and sampling frequency. The values of these parameters are PWof 1µs, PRIof 2µs, 

center frequency of 10 MHz, and sampling frequency of 40 MHz. As a result of these findings, 

it is evident that these TFDs hold great potential for further analysis of other radar signal types 

using signal processing and classification tools. Instantaneous power, instantaneous frequency, 

and machine learning techniques can also be employed for automatic waveform recognition. 

This advancement could significantly enhance radar signal processing capabilities and contribute 

to improved radar system performance and accuracy. 
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