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Abstract 
Direct-sequence spread-spectrum receivers are sensitive to nonstationary jammers, and instantaneous frequency 

(IF) estimation is an important component of antijamming. Time-varying autoregressive (TVAR) parametric 

modeling time–frequency analysis avoids the limitation of resolution by observation time and has the advantage 

of high time–frequency resolution. However, the performance of the TVAR model for IF estimation is affected 

by such factors as basis functions. To address this problem, the TVAR model of nonstationary signals was 

studied, and the performances of TVAR models with different basis functions for IF estimation of linear 

frequency modulation (LFM) and nonlinear frequency modulation (NLFM) jammers were investigated. 

Conclusions were drawn, and the optimal basis for the TVAR model used for IF estimation of LFM and NLFM 

jammers was obtained. The results provide a basis for applying of the TVAR model to nonstationary jammers. 
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1. Introduction 

Nonstationary jammers are important in direct-sequence spread-spectrum (DSSS) communication. 

Nonstationary jammer suppression has been a popular area of research for several years [1–3]. Estimating 

instantaneous frequency (IF) based on the Cohen class time–frequency distribution has always been a 

research focus [4-7]. This method has drawbacks, such as complex and heavy calculation, slow 

convergence, and a crossover term. The short-time Fourier transform is also an important method for 

estimating IF; however, this method has poor estimation accuracy for variable nonstationary jammers [8] 

and is limited by the Heisenberg uncertainty principle. It does not consider both time resolution and 

frequency resolution [9,10]. High-resolution frequency estimates [11-14] can be obtained using the time-

varying autoregressive (TVAR) model, and the calculation of its parameters can be based on the recursive 

least-squares technique, which has lower computational complexity [15]. The authors of [15] applied 

TVAR on a polynomial basis to frequency modulation (FM) jammer suppression in direct-spectrum 

systems and achieved satisfactory results. The basis functions commonly used in TVAR models include 

the Fourier and Legendre functions. Different basis functions and parameter selections inevitably affect 
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the performance of TVAR models in estimating the IF of a DSSS nonstationary jammer. To solve this 

problem, the performances of three basic function TVAR models (polynomial, Fourier, and Legendre) 

for estimating the linear frequency modulation (LFM) and nonlinear frequency modulation (NLFM) 

jammer IFs were studied through simulations, and relevant conclusions were obtained. 

 

 

2. Principle of Jammer Suppression based on TVAR IF Estimation 

The basic principle of jammer suppression based on the TVAR DSSS model is shown in Fig. 1. IF 

estimation based on the TVAR model is transferred to the notch to complete the jammer suppression. 

Accurately estimating IF is crucial for jammer suppression effectiveness. 

 

notch 

TVAR instantaneous 
frequency estimation

r(n) y(n)

 

Fig. 1. Schematic diagram of jammer suppression based on TVAR, where r(n) is the IF signal and y(n) is 

the notch output. 

 

 

3. TVAR Model for Nonstationary Signals 

The order 𝑝 nonstationary TVAR model 𝑥(𝑛) is [15]: 

 

𝑥(𝑛) = − ∑ 𝑎𝑖

𝑝

𝑖=1

(𝑛)𝑥(𝑛 − 𝑖) + 𝑒(𝑛) (1) 

 

where 𝑒(𝑛) is a zero mean, σ2 is the variance of the stationary white noise, {𝑎𝑖(𝑛), 𝑖 = 1,2, ⋯ , 𝑝} are the 

coefficients of TVAR, and 𝑝 is the order of TVAR model. 

The TVAR 𝑎𝑖(𝑛)  model is time varying, and 𝑎𝑖(𝑛)  can be fitted with a set of basis functions 

{𝑢𝑘(𝑛), 𝑘 = 0,1,2, ⋯ , 𝑞 − 1}. 

 

𝑎𝑖(𝑛) = ∑ 𝑎𝑖𝑘𝑢𝑘(𝑛)

𝑞

𝑘=0

 (2) 

 

where {𝑢𝑘(𝑛), 𝑘 = 0,1,2, ⋯ , 𝑞 − 1} is a set of functions varying with time, 𝑞 is the order of the basis 

function, and 𝑎𝑖𝑘 is a constant coefficient of the expansion of the time-varying parameter 𝑎𝑖(𝑛) on the 

basis function. In addition, 𝑢𝑘(𝑛) from a previous report [9] is 

 

{𝑢𝑘(𝑛) = 𝑛𝑘}𝑘=0
𝑞

 (3) 
 

It is called "polynomial basis" or "time basis." Usually, a lower-order discrete Fourier basis, such as 

the Legendre basis [16], is optional. 
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The Fourier basis is 

 

{
𝑢𝑘(𝑛) = cos(𝜔𝑛𝑘)    (𝑘 is even)
𝑢𝑘(𝑛) = sin(𝜔𝑛𝑘)     (𝑘 is odd)

 (4) 

 

The Legendre basis is 

 

{𝑢0(𝑛) = 1, 𝑢1(𝑛) =
2(𝑛 − 1)

𝑁 − 2
= 𝑦, 𝑢2(𝑛) =

3𝑦2 − 1

2
 

(𝑘 + 1)𝑢𝑘+1(𝑛) = (2𝑘 + 1) ∙ 𝑦 ∙ 𝑢𝑘(𝑛) − 𝑘𝑢𝑘−1(𝑛)
 (5) 

 

where 𝜔 = 1/𝑁, N is the number of samples, and 𝑘 = 0,1, ⋯ , 𝑞. 

Eq. (2) is substituted into Eq. (1) to obtain the following prediction equation: 

 

𝑥(𝑛) = − ∑(∑ 𝑎𝑖𝑘u𝑘(𝑛)

𝑞

𝑘=0

)

𝑝

𝑖=1

𝑥(𝑛 − 𝑖) + 𝑒(𝑛) (6) 

 

Then, the minimum mean square error of 𝑎 is 

 

𝐽(𝑛) = ∑ (𝑥(𝑛) + ∑ ∑ 𝑎𝑖𝑘𝑢𝑘(𝑛)

𝑞

𝑘=0

)

𝑝

𝑖=1

𝑥(𝑛 − 𝑖))

2

𝑛

 (7) 

 

Based on the optimization criterion, 

 

∑ ∑ 𝑎𝑖𝑘𝑐𝑘𝑙(𝑖, 𝑗)
𝑞
𝑘=0 = −

𝑝
𝑖=1 𝑐0𝑙(0, 𝑗)     0≤ 𝑗 ≤ 𝑝, 1≤ 𝑙 ≤ 𝑞 (8) 

 

where 

 

𝑐𝑘𝑙(𝑖, 𝑗) = ∑ 𝑢𝑘(𝑛)𝑢𝑙(𝑛)𝑥(𝑛 − 𝑖)𝑥(𝑛 − 𝑗)𝑛      0≤ 𝑘, 𝑙 ≤ 𝑞 (9) 
 

The coefficient vector of the basis [𝑎10,𝑎11, ⋯ , 𝑎1𝑞−1,𝑎20,𝑎21, ⋯ , 𝑎2𝑞−1, ⋯ , 𝑎𝑝0,𝑎𝑝1, ⋯ , 𝑎𝑝𝑞−1] = 𝜃 and 

𝜃 [16] can be solved by the recursive least-squares method. 

After 𝜃 is obtained, the fitted 𝑎̂𝑖(𝑛) of the TVAR model coefficients can be obtained from Eq. (2) by 

calculating the polynomial: 

 

1+∑ 𝑎̂𝑖(𝑛)𝑧−𝑖𝑝
𝑖=1  (10) 

 

The time-varying extreme can be obtained: 𝑧𝑖(𝑛),𝑖 = 1,2, ⋯ , 𝑝. Then, the IF 𝑓(𝑛) is 

 

𝑓(𝑛) =
𝑎𝑛𝑔[𝑧𝑖(𝑛)]

2𝜋
∙ 𝑓𝑠     |𝑧𝑖(𝑛)| ≈ 1 (11) 

 

where 𝑓𝑠 is the sampling rate. 

 

 

4. Simulation and Analysis of IF Estimation for LFM Jammer 

The accuracy of IF estimation is related to the order of the TVAR model, the basis, and the order of 

the basis. For the FM jammer, Shan deduced the basis for choosing the order of the TVAR model [9]; 

however, the selection of the basis function and its order requires further study. For typical unstable 
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jammer LFM and NLFM, the performances of the polynomial basis, Fourier basis, and Legendre basis 

were compared through simulation. 

The DSSS received signal is 

 

𝑟(𝑡) = 𝑠(𝑡) + 𝑗(𝑡) + 𝑛(𝑡) (12) 
 

where 𝑠(𝑡) is a spread-spectrum signal with a bandwidth of 20.46 MHz, 𝑛(𝑡) is a zero mean, the variance 

of 𝜎𝑛
2 is Gaussian white noise, the signal-to-noise ratio is −32 dB, and the sampling rate is 60 MHz. The 

LFM jammer 𝑗(𝑡) is 

 

𝑗(𝑡) = √2𝑃𝑗cos(2𝜋(𝑓0𝑡 +
1

2
𝑓∆𝑡2)) (13) 

 

where 𝑃𝑗 is the power of the jammer, 𝑓0 = 42 MHz is the center frequency of the LFM jammer, and 𝑓∆ = 

500 kHz/ms is the frequency modulation. The sampling rate is 62 MHz, and the TVAR model is second 

order [15]. Fig. 2 shows the time–frequency characteristics of the LFM jammer. 

 

  

(a) (b) 

Fig. 2. (a) The waveform and (b) IF diagram of LFM jammer. 

 

Fig. 3(a) and 3(b) show the 3D and 2D time–frequency spectra of the polynomial basis TVAR, 

respectively, with a jamming-to-noise ratio (JNR) of 20 dB. Fig. 3(c) shows a comparison of the true and 

estimated IFs at a JNR of 20 dB. 

Fig. 4(a) and 4(b) show the 3D and 2D time–frequency spectra of the Fourier-basis TVAR model, 

respectively, with a JNR of 20 dB. Fig. 4(c) shows a comparison of the true and estimated IFs at a JNR 

of 20 dB. 

Fig. 5(a) and 5(b) show the 3D and 2D time–frequency spectra of the Legendre basis TVAR model, 

respectively, with a JNR of 20 dB. Fig. 5(c) shows a comparison of the true and estimated IFs at a JNR 

of 20 dB. 

Comparing Figs. 3–5 reveals that the time–frequency resolutions of the TVAR models based on the 

three basis functions are good, the instantaneous estimation accuracies are high, and the convergence 

speeds of the three basis functions are very close when the JNR is 20 dB. Three basis functions were 

obtained after 100 Monte Carlo simulations. The relationship between the average error of the IF 

estimation and the JNR and its order is shown in Fig. 6. 
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(a) (b) (c) 

Fig. 3. Time–frequency spectrum estimated by polynomial basis TVAR model: (a) 3D image, (b) 2D 

image, and (c) true and estimated IF. 

 

  
 

(a) (b) (c) 

Fig. 4. Time–frequency spectrum estimated by Fourier basis TVAR model: (a) 3D image, (b) 2D image, 

and (c) true and estimated IF. 

 

  
 

(a) (b) (c) 

Fig. 5. Time–frequency spectrum estimated by Legendre basis TVAR model: (a) 3D image, (b) 2D image, 

and (c) true and estimated IF. 

 

   

(a) (b) (c) 

Fig. 6. Average IF estimation error (normalized to sampling rate): (a) polynomial basis, (b) Fourier basis, 

and (c) Legendre basis. 
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Based on the simulation results, the following conclusions were drawn for estimating the IF of an LFM 

jammer. 

1) Parametric modeling time–frequency analysis avoids the limitation of the resolution by observation 

time, has the advantage of high time–frequency resolution, and has good tracking performance and time–

frequency energy concentration at high JNR ratios. 

2) When the polynomial basis is fitted after the dimension is greater than 10, the error in the IF 

estimation is large. The expression for the polynomial base indicates that, when the base dimension is 1, 

the polynomial base is constant 1, so when the base dimension is low, the fitting accuracy of the time-

varying parameters is poor. When the JNR is less than 20 dB, the IF estimation error starts to worsen 

significantly, indicating that the polynomial basis has relatively poor noise resistance. 

3) When the Legendre dimension is less than 20, there is no fit. As with the polynomial basis, the 

Legendre base is constant at 1 when the base dimension is 1, therefore, the fitting of the time-varying 

parameters is not sufficient when the base dimension is low. Thus, the accuracy of IF estimation is poor. 

When the JNR is less than 10 dB, the error in IF estimation does not change significantly, and its noise 

resistance is better than that of the polynomial basis. 

4) If the dimension of the Fourier basis is greater than 10, overfitting occurs, which increases the error 

in IF estimation. When the dimensions of the base are low, the fit of the Fourier basis is better than that 

of the polynomial and Legendre bases. When the JNR is less than 10 dB, the IF estimation error of the 

Fourier basis is smaller than those of the polynomial and Legendre bases, indicating that it has better 

noise resistance than the polynomial and Legendre bases. 

The analysis results reveal that the three basis functions have good tracking performance and time-

frequency energy concentration at a higher JNR. The Fourier basis has a better antinoise ability at a lower 

JNR, and a lower dimension can be chosen to fit the time-varying parameters. It is more suitable for 

engineering implementation based on the calculation amount; therefore, the performance of the Fourier 

basis is optimal when it is considered comprehensively. In addition, when the JNR is less than 0 dB, none 

of the three basic function TVAR models converge; therefore, the TVAR model can only be used to 

estimate the IF steadily when the JNR is greater than 0 dB. 

 

 

5. Simulation and Analysis of IF Estimation for NLFM Jammer 

To compare the performances of the three bases further, the TVAR model was used to estimate the IF 

of the NLFM jammer. The other simulation conditions were the same as those described in Section 3. 

The form of the NLFM jammer signal is 

 

𝐽(𝑡) = √2𝑃𝐽cos(2𝜋(𝑓0𝑡 + 𝑓∆𝑡3)) (14) 
 

where 𝑃𝐽 is the jammer power, the center frequency 𝑓0= 45 MHz, and 𝑓∆ = 800 GHz/ms. 

Fig. 7 shows the waveform of the NLFM jammer with JNR = 20 dB, and Fig. 8 shows the IF of the 

NLFM jammer. 
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Fig. 7. The waveform of NLFM jammer. 

 

 

Fig. 8. The IF of NLFM jammer. 

 

Fig. 9(a) and 9(b) show the 3D and 2D time–frequency spectra of the polynomial basis TVAR model, 

respectively, where the JNR is 20 dB, and the dimension of the basis function are 4. Fig. 9(c) shows a 

comparison of the true and estimated IFs at a JNR of 20 dB. 

Fig. 10(a) and 10(b) show the 3D and 2D time–frequency spectra of the Fourier basis TVAR model, 

respectively, where the JNR is 20 dB, and the dimensions of the basis function are 4. Fig. 10(c) shows a 

comparison of the true and estimated IFs at a JNR of 20 dB. 

Fig. 11(a) and 11(b) show the 3D and 2D time–frequency spectra of the Legendre basis TVAR model, 

respectively, where the JNR is 20 dB, and the dimensions of the basis function are 4. Fig. 11(c) shows a 

comparison of the true and estimated IFs at a JNR of 20 dB. 
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(a) (b) (c) 

Fig. 9. Time–frequency spectrum of NLFM estimated by polynomial basis TVAR model: (a) 3D image, 

(b) 2D image, and (c) true and estimated IF. 

 

   

(a) (b) (c) 

Fig. 10. Time–frequency spectrum of NLFM estimated by Fourier basis TVAR model: (a) 3D image, (b) 

2D image, and (c) true and estimated IF. 

 

 
  

(a) (b) (c) 

Fig. 11. Time–frequency spectrum of NLFM estimated by Legendre basis TVAR model: (a) 3D image, 

(b) 2D image, and (c) true and estimated IF. 

 

Fig. 12 shows the relationship between the IF estimation mean square error of the three basis function 

TVAR models, and the dimensions and dry-noise ratios of the base function relative to the normalized 

value of the system bandwidth from 120 Monte Carlo simulations. 

Comparing the simulation results of the TVAR model for the IFs of the LFM and NLFM jammers 

reveals that the TVAR model is not sensitive to the NLFM jammer and can still estimate the IFs of the 

NLFM jammer very well. From the simulation results for the NLFM jammer, the same conclusions can 

be drawn as those for the LFM jammer. 
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(a) (b) (c) 

Fig. 12. Average IF estimation error for NLFM signal (normalized to sampling rate): (a) polynomial basis, 

(b) Fourier basis, and (c) Legendre basis. 

 

 

6. Conclusion 

The performances of the polynomial, Fourier, and Legendre basis functions of the TVAR model were 

compared for IF estimation of LFM and NLFM signals. TVAR time–frequency analysis avoids the 

limitation of observation time and has the advantage of high time–frequency resolution. The three bases 

have good tracking performance and time–frequency energy concentrations at a high JNR. 

Based on the antinoise ability, tracking performance, and ability to fit the TVAR parameters, the 

optimal Fourier basis function can be obtained. The simulation results show that the TVAR model can 

only work stably when the JNR is greater than 0 dB. The TVAR model is insensitive to NLFM signals 

and exhibits the same performance in estimating the IFs of NLFM and LFM jammers. 
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