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Abstract. This paper explores modern techniques to process and enhance the reliability of
radar signals amid strong noise and interference typical for the secondary surveillance radar
(SSR) band at 1030/1090 MHz. Air-traffic radar systems play a critical role in ensuring safe and
efficient airspace management, however, their performance degrades under strong noise and
interference typical of the 1030/1090 MHz band. A comprehensive analysis of filtering and
adaptive signal processing algorithms was conducted to improve the signal-to-noise ratio,
stabilize target response parameters, and lower false detection rates. For objective comparison,
both traditional and advanced digital filtering methods were evaluated. Special focus was placed
on comparing the Median, Butterworth, and recursive Kalman filters, implemented and tested in
MATLAB with synthetic data and simulated radar scenarios. The effects of filter order, bandwidth,
adaptation coefficients, and sampling interval on signal reconstruction quality were investigated.
Using statistical, correlation, and probabilistic analyses, an enhanced adaptive threshold
detection method was developed, which accounts for the non-stationary background noise,
temporal signal correlations, amplitude fluctuations, and dynamic interference parameters in real
time. Results demonstrate that combining and recursively applying these filters greatly enhances
the robustness of secondary radars against random and systematic interference, reduces
estimation error variance, and improves radar reliability. The practical significance lies in the
potential integration of these methods into intelligent air-traffic management systems, which can
enhance interference immunity, aircraft identification accuracy, and overall radar surveillance
quality in civil aviation.

Keywords: secondary radar, adaptive filtering, Kalman filter, Butterworth filter, median
processing, digital signal processing, signal interference, reliability of radar surveillance.

Introduction.

Modern radar systems operate in highly congested electromagnetic environments, where
both external and internal interference significantly distort received echoes and reduce detection
accuracy. To address this, digital adaptive filtering techniques are employed to boost the signal-
to-noise ratio and minimize interference. This study examines three radar signal filtering methods:
the median filter, the Butterworth filter, and the Kalman filter. Each method offers distinct benefits,
ranging from suppressing impulsive noise to adaptively correcting random errors. The
performance of the median, Butterworth, and Kalman filters was evaluated using MATLAB
simulations with synthetic radar scenarios, allowing a controlled assessment of their effects on
SNR, noise suppression, and target detectability.

The proposed integrated method offers dynamic noise estimation, automatic tuning of
filtering parameters, and adaptive adjustment of the detection threshold in response to changing
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observation conditions. This strategy decreases the probability of false alarms and increases the
chances of detecting actual targets. MATLAB simulation results demonstrate that the Kalman
filter, when paired with the adaptive MAD threshold, achieves the greatest signal-to-noise ratio
improvement and the lowest mean-square error among the filters tested, confirming the
effectiveness of the radar signal processing system.

The scientific novelty of this work lies in the development of a hybrid cascade filtering
architecture that combines median, Butterworth, and adaptive Kalman filters with dynamic noise
covariance estimation and MAD-based thresholding. Unlike traditional approaches that apply
these filters separately, the proposed method adaptively tunes filter parameters in real time based
on interference density in the 1030/1090 MHz band. This enables robust detection under FRUIT
and Mode-S/ADS-B garbling conditions. A major contribution is the adaptive threshold detection
algorithm that automatically adjusts the detection threshold using the median absolute deviation,
accounting for non-stationary noise statistics. This integrated framework increases interference
immunity while maintaining target-signal integrity and enabling stable operation under FRUIT-
and garbling-dominated scenarios.

Materials and Methods.

In the 1030-1090 MHz frequency range, used for secondary radar, TCAS, and ADS-B, there
IS notable spectral congestion. The high interrogation density in the 1030/1090 MHz band leads to
false replies (FRUIT), overlapping Mode S messages (garbling), and widespread mutual
interference among airborne and ground interrogators. These issues lead to amplitude fluctuations,
distorted time stamps, and decreased chances of correct message decoding [9, 11-13].

Recent studies demonstrate that modern air-traffic surveillance systems, particularly ADS-
B and Mode S, are increasingly exposed to signal-level interference, intentional manipulation, and
growing spectrum load in the 1030/1090 MHz band. Research shows that ADS-B channels remain
vulnerable to spoofing, ghost-aircraft injection, trajectory modification, and denial-of-service
attacks, while the rising density of Mode S interrogations and DAP-based replies significantly
increases channel occupancy and contributes to congestion. These trends collectively indicate that
the reliability of cooperative surveillance increasingly depends on robust signal-level processing
capable of maintaining integrity under dense-traffic conditions. This further reinforces the need
for advanced signal-processing techniques, including the filtering approaches investigated in this
study [1, 3, 6].

-~

Figure 1 — Numbr of 1090 MHz Isrcord during flight FR2918
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Flight data from flight FR2918, traveling from Barcelona to Brussels on December 16, 2020,
indicated heavy congestion on the 1090 MHz frequency band. Overlapping Mode S messages
(garbling) and false replies (FRUIT) were identified. These findings reaffirm the ongoing
interference issues in the 1090 MHz channel and underscore the importance of adaptive filtering
techniques that can dynamically counteract distortions and ensure radar data reliability. The color
scale depicts the reception rate of Mode S messages at 1090 MHz, with the highest intensity over
northern France, where signal interference and overlap are prevalent under spectral congestion
conditions (Figure 1) [14].

In conditions where the 1030/1090 MHz band is overloaded, a combination of filtering
techniques—specifically median, Butterworth, and Kalman filters—has been proposed to
effectively mitigate various types of interference while maintaining the shape of the desired
signals. The median filter, which operates as a nonlinear rank-based method, effectively eliminates
impulse outliers without distorting the edges of signals, making it capable of handling signals
affected by overlapping noise. The linear Butterworth filter is beneficial for smoothing out high-
frequency noise thanks to its maximally flat amplitude-frequency response, and it is commonly
utilized in the spectral processing of radar signals. Its straightforward design and reliability are
key in reducing background noise. Meanwhile, the Kalman filter is used for recursive optimal state
estimation, merging a priori models with incoming measurements. This cascade of filtering
techniques results in a high signal-to-noise ratio, decreases the occurrence of false replies
(FRUIT), and enhances the overall reliability of real-time radar surveillance [5, 10].

A comparable principle of parallel frequency-time decomposition has been successfully
implemented in acousto-optic systems utilizing Bragg diffraction. In such systems, each Bragg
angle corresponds to a distinct frequency sub-band, and multichannel reception is achieved by
spatially distributing optical beams across a photoelastic medium. This physical analogy aligns
with the sub-band decomposition and multichannel filtering approach employed in our deep
learning model, where convolutional kernels act as adaptive band-pass filters that isolate
overlapping SSR pulses under interference conditions [4, 15].

The combined use of these three filters creates a multi-layered intelligent filtering system,
with each method addressing the limitations of the others. To assess filter effectiveness, a synthetic
radar signal was produced in MATLAB with added Gaussian noise. Subsequently, median,
Butterworth, and Kalman filters were applied for comparison using the radar equation (1) [8].

At the initial stage, the main radar parameters were defined as follows:

- Transmitted power (Pt): 10 kW — the radar’s output power indicating the strength of the

emitted signal.

- Antenna gain (G): 30 dB — how effectively the antenna transmits and receives signals.

- Wavelength (1): 0.03 m — corresponding to the radar operating frequency.

- Radar cross section (RCS): 100 m> — the effective area describing how strongly the target

reflects radar signals.

- Range vector (R): from 1 m to 50 km — a distance array divided into 1000 points for

simulation.

- Noise power (NoisePower): 5 uW — representing the random background noise level.

- Sampling frequency (Fs): 10 kHz — the rate at which the signal is sampled, determining

temporal resolution.

- Signal length: 1000 samples — the number of discrete time samples in the simulated

echo.

- Noise model: zero-mean Gaussian noise with variance corresponding to the specified

noise power.

Performance metrics: SNR improvement, mean-square error (MSE) reduction, detection
probability and false alarm rate were measured to evaluate filter effectiveness.After setting these
parameters, the received signal power is modeled using the classical radar equation, which
includes transmitted power, antenna gain, wavelength, radar cross-section, and range. The array
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Pr shows the received power at different distances, demonstrating how the signal diminishes with
increasing distance, adhering to the inverse fourth-power law (1/R*) due to the double propagation
loss—both signal travel to the target and back [7].

b P,G*A%0 (1)
" (4m)3R4

After defining the radar parameters, the received signal power Pr was computed numerically
using the classical radar equation (1). For each value in the range vector R, a corresponding power
sample was generated, forming a one-dimensional array that represents how signal strength
decreases with distance. To emulate realistic operating conditions, zero-mean Gaussian noise with
power NoisePower was added to the theoretical signal, producing a noisy received signal
according to expression (2). All calculations were performed in MATLAB using predefined
parameters and mathematical models. This numerical approach ensured a consistent simulation of
the signal behavior required for subsequent filtering and comparative analysis.

ReceivedSignal = Pr + NoisePower - randn(size(Pr)) (2)

To process the noisy radar signal, several filtering techniques were applied sequentially.
First, a matched filter was used to enhance the signal-to-noise ratio by correlating the received
signal with a known reference waveform. This step emphasizes components of the signal that
correspond to the expected pulse shape. Next, a median filter was employed to reduce impulsive
noise and suppress narrow, high-amplitude fluctuations caused by interference. The median filter
replaces each sample with the median value of its local neighborhood, improving robustness to
outliers.

To further smooth the signal and suppress high-frequency noise, a Butterworth low-pass
filter was applied. This filter provides a maximally flat frequency response in the passband,
preserving the main structure of the radar echo while attenuating rapid fluctuations. Finally, an
adaptive Kalman filter was used to dynamically estimate the true signal in the presence of noise.
The Kalman filter predicts the next signal state based on a linear system model and continuously
adjusts its estimates using incoming measurements [2].

This approach is particularly effective for modeling smooth radar returns, gradual range
variations, and target motion. Proposed step-by-step implementation forms the foundation of an
adaptive cascade filtering system, where each method performs a distinct role: the matched filter
enhances useful echoes, the median filter removes impulsive distortions, and the Kalman filter
adaptively stabilizes the signal and compensates for noise variations in real time [2, 7].

The adaptive Kalman filter processes the radar signal in two main stages: prediction and
update. During the prediction stage, the filter estimates the next state of the signal and the
associated uncertainty using equations (5) and (6). This step forecasts the expected signal
dynamics before receiving new measurements.In the update stage, the filter adjusts the predicted
state based on the incoming noisy measurement. The Kalman gain, calculated using equation (7),
controls how strongly the new measurement influences the state estimate. A higher gain increases
sensitivity to new data, while a lower gain emphasizes the predicted state. To maintain adaptability
under fluctuating interference levels, the process noise covariance Q is continuously recalculated
using expression (3). This enables the filter to adjust its noise model in real time, particularly under
conditions where overlapping ADS-B and Mode S signals create rapidly changing interference
patterns. As a result, the adaptive Kalman filter dynamically balances prediction and measurement
information, providing a stable and accurate estimate of the radar signal.

The Kalman filter operates through sequential prediction and measurement-based correction
of the signal state. The input data is stored in the ReceivedSignal array, which contains discrete
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samples of the radar signal received. To maintain the filter's adaptability, the covariances of
process and measurement noise are computed dynamically based on the signal's features. To
enhance the algorithm's stability, an adaptive estimation of noise parameters is implemented. The
process noise covariance is calculated using a specific formula that defines the adaptive parameter
Q, which represents the process covariance in the Kalman filter. This approach allows the Kalman
filter parameters to be automatically adjusted as the noise level varies, especially when overlapping
ADS-B and Mode S messages occur. Consequently, the system continuously fine-tunes its
sensitivity to noise and updates the weighting of new measurements.

©)
2

During the adaptive adjustment of the process and measurement noise covariances, a sliding
window of the last 10 measurements is used to dynamically estimate the noise level in the signal.
The minimum value of 1078 prevents the covariance from becoming zero, which could lead to filter
instability. The measurement noise covariance is calculated using the following formula:

Ryaiman = NoisePower X 1.2 4)
where NoisePower is the predefined noise power level. The coefficient 1.2 provides an additional
margin to account for measurement uncertainty.

1
Q = max (—var( ReceivedSignal[max(1,k — 10):k]),10_6>

At the prediction stage, the algorithm forecasts the new state of the system:

Xpred = A - Xest (%)
Ppred=A-P‘A+Q (6)
Here:

Xest — €Stimated system state at the previous step;

Xpred —Predicted state at the next time moment;

A — state transition matrix describing how the system evolves over time;

P — covariance matrix of the estimation error (uncertainty);

Ppred— predicted covariance of the estimation error;

Q — process noise covariance, which determines the uncertainty level of the model.

This stage allows predicting the probable target position before obtaining a new
measurement. In the 1030-1090 MHz frequency band, equations (5) and (6) describe the
prediction of the target’s position, velocity, and echo amplitude between successive pulses. The
parameter Q, calculated according to equation (3), provides adaptation to changing interference
levels, making the filter stable under Mode S/ADS-B channel congestion conditions.

At the update stage, after receiving a new measurement, the state estimate is corrected. For
this purpose, the Kalman gain is calculated:

K= Ppred ~H/(H - Ppred *H + Ryaiman) (7)
where:

K — Kalman gain, determining how much the new measurement affects the updated state;
H — observation matrix linking the system state with the measurement;
Rkaiman — measurement noise covariance.
This coefficient defines the balance between reliance on the model and the measurement: if
the measurement noise is large (high Rkaiman), the filter trusts the model prediction more; if small,
it relies more on measurements. Then the state estimate is updated according to:

Xest = Xpred T K- (ReceivedSignal(k) — H - xpred) ®)
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where the difference (ReceivedSignal—H-xpred) is the innovation, i.e., the prediction error. The

filter corrects the predicted state by adding a weighted adjustment proportional to this error, scaled

by the Kalman gain K. The covariance of the estimation error is also updated as follows:
p:(]-_K'H)'Ppred )

After processing each measurement, the corrected state value is stored in the array
FilteredSignal_Kalman for further analysis. This array contains the filtered signal values, free from
impulse outliers and random noise. After correction, the uncertainty (estimation error) decreases
— the filter becomes more confident in its results [2, 7].

To suppress high-frequency noise while preserving the informative low-frequency
components of the radar echo, a 5th-order Butterworth low-pass filter was applied. The cutoff
frequency Fc was selected to limit the bandwidth of the signal to the physically relevant range,
while the sampling frequency Fs determined the normalized cutoff Fc/(Fs/2) used in the digital
filter design. The Butterworth filter provides a maximally flat response in the passband, ensuring
smooth signal shaping and minimizing amplitude distortions. After computing the filter
coefficients using expression (10), the filter was applied to the received signal according to
equation (11), producing a smoothed version of the radar echo suitable for subsequent threshold-
based detection.

A 5th-order Butterworth low-pass filter was then applied to attenuate high-frequency
components while preserving the main structure of the radar echo. The filter was configured with
a cutoff frequency Fc = 2000 Hz and a sampling frequency Fs = 10 kHz, which determine the
normalized cutoff Fc/(Fs/2) used in the digital filter design. A 5th-order filter was selected to
ensure a smooth passband response and a sufficiently steep roll-off beyond the cutoff frequency.

After computing the filter coefficients according to expression (10), the filter was applied to
the received signal using the digital filtering equation (11). This approach effectively reduces high-
frequency noise and improves the signal-to-noise ratio (SNR) without introducing significant
distortion. Compared with other filtering techniques, the Butterworth filter provides a maximally
flat amplitude response in the passband, making it a reliable tool for preprocessing radar data prior
to target detection.

Before applying the filter, its coefficients b and a were computed using the standard design
expression:

[b,a] = Butterworth(n = 5, fc/(Fs/2)) (10)

In this expression, the first argument defines the filter order (n = 5), while the second
argument represents the normalized cutoff frequency Fc/(Fs/2), computed relative to the Nyquist
frequency. Since a low-pass response is required, the filter is designed to attenuate all components
above the cutoff frequency Fc.

After calculating the coefficients, the filter is applied to the received signal ReceivedSignal
using the digital filtering equation:

FilteredSignalButterworth = filter(b, a, ReceivedSignal) (1)

Applying this filtering method effectively suppresses high-frequency noise, improving the
signal-to-noise ratio (SNR) without significant distortion of the useful signal. Unlike many other
methods, the Butterworth filter provides a smooth frequency response, minimizing phase
distortion. The obtained results demonstrate that the proposed method is an effective tool for
preprocessing radar data before further analysis.

Adaptive threshold-based target detection in radar signals.

Target detection in radar systems is a complex task, especially in the presence of noise and
interference. The detection process is based on comparing the filtered signal with a threshold value
that is dynamically calculated considering the statistical characteristics of the signal.

11
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The adaptive threshold (THRESHOLD) is determined using the Median Absolute Deviation
(MAD), which allows the algorithm to take into account the variability of noise in the signal:

MAD = median(| FilteredSignalKalman — median(FilteredSignalKalman) (12)
) X 1.4826
Then, the detection threshold is calculated as:
Threshold = median(FilteredSignalKalman) + 2 X MAD (13)

Target detection is performed by comparing the filtered signal with the adaptive threshold.
A detection is registered when the signal amplitude exceeds the threshold value, and no target is
declared otherwise. This procedure produces a binary detection sequence, where samples above
the threshold correspond to potential target returns.

Figure 2 illustrates the points in space where the system detects the presence of a useful
signal (detection) and where the signal is absent. The X-axis (Range, m) shows the distance to the
target or the observed area, while the Y-axis (Detection Status) represents the detection state. The
value 1 indicates a detected signal, while 0 denotes no detection. The red vertical lines on the graph
mark the moments when the system registered signal detection.

| | | | | | | | |
05 1 15 =z 25 3 35 4 45 5
Range (m) x 10

Figure 2 — Signal detections using adaptive Kalman filtering (Signal detections using adaptive
Kalman filtering. The X-axis represents the range in meters, and the Y-axis shows the detection
status (1 — target detected, 0 — no detection). Red vertical lines mark detection events)

The analysis of the graph shows that rare and narrow peaks correspond to the effective noise
suppression by the Kalman filter, which allows identifying only significant signals. The filtering
process eliminates false detections caused by noise in the raw data. Individual detection moments
(red lines) may correspond to real reflected signals or objects.

Thus, the Kalman filter helps reduce the number of false alarms by adaptively suppressing
noise. The graph confirms that the signal processing enables selective target detection compared
to the original noisy data. To increase detection accuracy, the detection threshold can be adjusted
in the MATLAB code via the Median Absolute Deviation (MAD) parameter. This approach
ensures reliable signal detection even in complex environments with high noise and fluctuation
levels [2].
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Figure 3 — Comparison of the noisy input radar signal (Received Signal) and the filtered signal
after Kalman filter processing (Kalman Filter Output) in MATLAB (The X-axis shows range in
meters (0—50 000 m), and the Y-axis shows signal power on a logarithmic scale, illustrating
noise suppression)

The red line in Figure 3 represents the original radar signal with added Gaussian noise, while
the blue line shows the signal processed by the Kalman filter. The X-axis indicates the range from
the radar to the target (in meters), covering the interval from 0 to 50,000 meters. The Y-axis
displays the signal power on a logarithmic scale, allowing better visualization of both weak and
strong echoes.

The comparison of the two signals shows that the red “Received Signal” experiences
significant amplitude fluctuations caused by noise. The power level changes chaotically with
range, complicating interpretation. In contrast, the blue “Kalman Filter Output” signal has a
smoothed profile and more accurately follows the expected variations in power without abrupt
jumps. This confirms the efficiency of the Kalman filter in noise suppression and signal
restoration.

The Kalman filter demonstrates a high ability to remove noise while preserving useful
information. The difference between the red and blue curves reflects the degree of noise
suppression, which is particularly important in radar systems that must detect weak targets in the
presence of interference. The graph clearly shows that the Kalman filter significantly improves
signal quality, reduces the influence of random fluctuations, and preserves the underlying signal
structure. In radar applications, where measurement precision is crucial, such processing enhances
the reliability and accuracy of target detection.

Results and Discussion.

The filtering methods were quantitatively evaluated using two metrics: improvements in
signal-to-noise ratio (SNR) and reductions in mean-square error (MSE). The analysis was
performed using a Monte-Carlo simulation with 50 independent runs to ensure statistical stability
of the results. The clean reference signal was generated according to the radar equation, and noise-
corrupted data were processed by each filtering method. Figure 4 and Table 1 summarizes the
simulation results.
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Figure 4 — Improvement of SNR for Different Filtering Methods

The median filter yields a moderate SNR increase by removing impulsive outliers, though
its smoothing effect limits accuracy in some cases. The Butterworth filter achieves a significantly
better SNR (>10 dB) by attenuating high-frequency components. The adaptive Kalman filter yields
unbiased minimum-variance estimates but remains sensitive to changes in the noise covariance.
The proposed hybrid cascade achieves the best performance in both metrics due to the
complementary nature of its components: the median filter suppresses outliers, the Butterworth
filter removes broadband noise, and the Kalman filter refines the final estimate (table 1).

Table 1 — Quantitative Performance Comparison of Radar Signal Filtering Methods

Filtering Method SNR (dB) | MSE | SNR Improvement (ASNR)
No filtering -0.01dB | 1.0023 —
Median filter 548 dB | 0.2842 +5.48 dB
Butterworth filter (low-pass, 5th order) 10.38 dB | 0.0924 +10.38 dB
Adaptive Kalman filter 8.83dB | 0.1318 +8.84 dB
Hybrid cascade (median + Butterworth + Kalman) | 10.55 dB | 0.0895 +10.56 dB

In the baseline case without filtering, the input SNR was approximately 0 dB, meaning that
the signal power was nearly equal to the noise power and the radar echo was heavily distorted.
After applying the proposed filtering methods, the SNR increased by about 5-10 dB, while the
MSE decreased by almost an order of magnitude, indicating a substantial improvement in signal
quality. The bar charts (Figure 4) visualize the SNR enhancement achieved by each filtering
technique, demonstrating that the hybrid cascade filter provides the highest gain. This combined
approach, with an SNR of 10.55 dB and MSE 0.0895, outperforms individual median (SNR: 5.48
dB; MSE: 0.2842), Butterworth (SNR: 10.38 dB; MSE: 0.0924), and Kalman filters (8.83 dB;
MSE: 0.1318), confirming its effectiveness in suppressing noise and enhancing radar signal
reliability.

Conclusion.

The study presents an analysis and modeling of adaptive radar signal filtering methods in
the 1030-1090 MHz frequency band, which is typical for secondary surveillance radar, TCAS,
and ADS-B systems. The research has shown that the use of a combination of median, Butterworth,
and Kalman filters significantly improves signal processing reliability and reduces the influence
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of both random and correlated noise. Simulation results confirm that median filtering effectively
suppresses impulsive distortions, the Butterworth filter provides broadband noise reduction, and
the adaptive Kalman filter delivers the lowest estimation error. Their combined use significantly
strengthens interference immunity in the congested 1030-1090 MHz band. The implementation
of adaptive threshold detection based on Median Absolute Deviation (MAD) allows creating a
dynamically adjustable detection criterion sensitive to variations in the interference environment.
This ensures the stable operation of the radar system under 1090 MHz frequency channel
congestion and maintains data reliability even under overlapping Mode S and ADS-B
transmissions.
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EKTHIILIIK PATAOJOKALASI CUTHAJIJIAPBIHBIH KEJAEPTITE
TO3IM/ILIITTH APTTBIPY YIITH AJIATITUBTI CY3TLTEPAI TAJIJIAY KOHE
MOJEJBJEY

Anoamna. byn makanaoa exinwi pemmix paouonoxayusi ouanazonvina (1030/1090 MI'y)
MoK Kywmi uy MeH Kedepeiiep ica20aublH0d paouoIOKAYUSILIK CUCHANOAPObl OHOeY JiCoHe
011apObIY CEHIMOLNIZIH apmmbIipYObll 3AMAHAYU MACLI0ePi KapacmulpblLidaobl. Oye KO32ANblCbIHbIY
paoapvlk Jcyienepi aye KeHicmicin Kayinciz scane muimoi 6ackapyovl KaMmAamdacsls emyoe
MaHvI30bl PO amKapaowvl, oeceHmeH, onapoviy enimoiniei 1030/1090 MIy ouanazonvina mau
Kywmi uty meH Kedepeinep Kesinoe momenoeloi. 3epmmey 6apblcblHOA CUSHAT/ULY KAMbIHACHIH
apmmulpya, MaKCammablK HCayan napamempiepiniy, mypaKxmolibleblH KAMMAMACHL3 emyee HCaHe
AHCAN2aH 0aObBLL LIKMUMATIObIZbIH A3AUMY2a OAZLIMMAEAH CY32iney MeH Oelimoenzen CUSHALObIK
enoey aneopummoepi ezoiceti-mezoicelini mandanovl. OObeKmusmi carblcmvipy JHcypeizy yudin
KAACCUKANLIK JICIHE Jicemindipineer yu@pivlk cyseiney macindepi Kapacmulpwuliovl. Ocipece
MATLAB opmaceinoa oicy3eze  Aculpblibll, CUHMEMUKAIbIK —Oepekmep MeH Munmix
PAOUONOKAYUANBIK, CYEHAPULLIEPOIH MOOenrbOepi Heli3iHoe CblHANeAH MeduanovlK, bammepsopm
ocone pexypcuemi Kanman cyseinepin canvicmuvlpmansl 3epmmey epeKuie HA3aped anblHObL.
Cyseiniy pemi, emxizy sconaevl, beiimoeny Ko3phuyuenmmepi men ouckpemmey KaOAMbIHbIH
CUSHANObL KANNbIHA Keamipy canacvlHa acepi 3epmmendi. CmamucmuKkanvlk, Koppersyusivlk
JHCIHE bIKMUMALObIK Manoday Hamudicecinoe QOHObIK wyOvly OeticmayuoHapivl madu2amuolH,
CUSHANOAp apacblHOAbl YAKbIMUA KOPPEIAYUAHbL JICIHEe AMNAUMYOalvlK mepobenicmepoi
eckepemin Oetiimoenzen mabaioblpbIKMblK AHLIKMAY 20iCi Hcemindipinodi. Anvinean Hamudcenep
Oipikmipineen ocone pekypcusmi cy3einepOi KONOAHY eKiHuli pemmik paouoiokamopiapobiy
Ke30€liCoK JicoHe JCYleliK Kedepeinepee MO3IMOLNICIH eddayip apmmulpamulHbll, 0aeanay
Kamenikmepiniy  OUCNEPCUACHIH — A3aUmamsiHblH  JHCoHe  PAOUOJIOKAYUSLBIK — AKNAPAMmblH
CEHIMOILNICIH  HCORAPLINAMAMBIHLIL  Kopcemmi. 3epmmeyoiy NpaKmuKaivlk KYHObLIbI2bl —
YChIHbLIEAH 20icmepoi azamammolk ASUAUUAHBIY UHMELIeKmyanovl dye KO32AIbICblH 0acKkapy
JHCIHEe PAOUOTIOKAYUANLIK 0aKbliay cylielepine eHei3y apKblivbl Kedepeice MmMO3IMOLNIKMI,
Yuaxkmapowl caukecmenoipy 0anodiciH dHcoHe paouonioKayusivlk OAKbLIAy Ccanacvli apmmolpy
MYMKIHOIZIMEH atiKbIHOANA0b.

Tyitin co30ep: exinwi pemmik paouonoxayus, Geuimoenzen cyseiney, Kamman cyseici,
bammepsopm cyzeici, meduanovlx omnoey, yu@piviy cueHandapovl 6HOey, CUSHAIOAPObIH
unmeppepeHyuscol, paouoIoKAYUALLIK OAKbLIAYObIH CeHIMOLNIZI.

AHAJIN3 U MOAEJUPOBAHUE AJAIITUBHBIX ®UJIbTPOB JIs1 TIOBBIINEHUSA
MOMEXOYCTONUYNBOCTHU CUTHAJIOB BTOPUYHOM PAJITMOJIOKATINN

Annomayusn. B dannoii cmamve paccmampusaromces cogpemenHvle nooxoowvl K obpabomke
U NOBbIUEHUIO O0CTOBEPHOCTNU PAOUOIOKAYUOHHBIX CUSHAIO8 8 YCILOBUAX CUNbHLIX ULYMOBLIX U
HOMEX08bIX 8030€UCMBUL, XAPAKMEPHBIX 0J1 OUanaszona emopuurou paouonoxkayuu (1030/1090
MTy). Cucmemvl paouoiokayuoHHO20 KOHMPOIS 030VULHO2O OBUNCEHUSL USPAIOM BANCHETIULYIO
PpoZb 8 obecneueHuu 6e30naAcH020 U IPHEKMUeH020 Ypasienus 6030YUIHLIM NPOCMPAHCIMBOM,
00HAKO UX NPOU3BOOUMENLHOCIb CHUNCACMCS 8 YCI0BUAX CULHO20 WYMA U NOMEX, MUNUYHBIX
ons ouanasouna 1030/1090 MIy. B pabome npoeedén Oemanvuvili AHAIU3 ANCOPUMMOS
Qunempayuu u aoanmuHou 06pabomKu paouoIOKAYUOHHLIX CUSHANO08, HANPABIEHHbIX HA
NOBblUleHUE OMHOWEHUS CUSHAT/WYM, CMAOUIU3AYUIO NAPAMEmpos UeneblX OMKIUKOS U
VMeHbUleHUe 8ePOSIMHOCIU JTONCHBIX CPAbAmMvléaHull npu pesucmpayuu ommemox. /na bonee
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00bEKMUBHO20 CPABHEHUSL PACCMOMPEHbL KAK KAACCUYEecKUue, max U yCco8epuleHCmeo8aHHbvle
no0xo0uvl yugposot gpurvmpayuu. Ocoboe eHUMAHUE YOENeHO CPABHUMENbHOM) UCCAe008AHUIO
MeouanHnoco Qunvmpa, ¢urempa bammepsopma u pexypcusnozo ¢uiempa Kanmana,
Peanu308anHblX U npomecmuposanuvix 6 cpede MATLAB ¢ ucnonv3oeanuem cunmemuyecKku
C2eHePUPOBAHHBIX OAHHBIX U UMUMAYUOHHBIX MOOeell MUNUYHBIX PAOUOLIOKAYUOHHBIX CYUECHAPUES.
Ilpu smom uccredosanucs enusnue NOpsOKa Guibmpa, noaoCbl NPONYCKAHUS, KO3 uyuenmos
adanmayuu U 6peMeHHO20 uaea OUCKPemu3ayuu Ha Kavecmeo 80CcmaHosnenus cuenana. Ha
OCHOBE CMAMUCMUYECKO20, KOPPENAYUOHHO20 U BEPOSIMHOCIHO20 AHAIU3A  NPEeONOANCEH
YCOBEPULEHCIBOBAHHDILL MmO A0ANMUEH020 NOpPo208020 0OHapycenus yereu. Ilonyuennvie
pe3yabmamsl NOOMEEPAHCOAIOM, YMO NOMEHYUANbHOE UCHONb308AHUEe KOMOUHUPOBAHHBIX U
PEKYPCUBHBIX  (PUTbMPOE NO360JI5leM  3HAYUMENLHO NOBbICUMb  YCIOUYUBOCb  BMOPUYHBIX
PAOUONOKAMOPO8 K CAVUAUHBIM U CUCTNEMHBIM NOMEXAM, CHU3UMb OUCNEPCUIO OUWUOOK OYEHKU U
NOBbICUMb  O0CMOBEPHOCb  PAOUOLOKAYUOHHOU  uHopmayuu. [lpakmuueckas yeHHOCHb
pabomul  3aKIOYAEMCS 68  BO3MONCHOCMU — 6HEOPEeHUs  NPeOJIONCEHHbIX — Memooo8 8
UHMENLIEKMYANIbHblEe CUCeEMbl 00pabOMKU OAHHLIX YNPAGIEHUs. 8030VUHBIM OB8UICEHUEM OJls
NOBbIULEHUS NOMEXOYCIMOUYUBOCIU, MOYHOCTNU UOSHMUDUKAYUU 8030VULHBIX CVOO8 U VIIYYULeHUS
Kauecmea padaprozo HabI00eHUs: 8 2PANCOAHCKOU ABUAYULL.

Knwouesvie cnosa: emopuunas paouonoxayus, aoanmuenas Guivmpayus, @uibmp
Kanmana, ¢uromp bammepeopma, meduanuas oopabomka, yughposas obpabomka CucHaios,
uHmepghepeHyus cCueHanNos, 00CMOBEPHOCHb PAOUOIOKAYUOHHO20 HADIIOOEHUSL.
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Appendix A

014a\bin\Untitled.m

| Untitled.m | $55.m “’.| +
(1) This file can be published to a formatted document. For more information, see the publishing video or help. X
1 |%% MATLAB Code for Adaptive Radar Signal Filtering and Analysis TD
2
3 % 1. Define radar parameters
4 = Pt = le4; % Increased transmitted power (W)
5 - G = 30; % Antenna gain (dB)
6 — Lambda = 0.03; % Wavelength (m)
7= RCS = 100; % Radar Cross Section (m"™2)
8- B = linspace(l, 50e3, 1000); % Reduced range (m) to better wvisualize sign
g5 — NoisePower = 5e-6; % Increased Noise power (W) to make noise more visible
10
11 % 2. Compute received power using radar eguation
12 — Pr = (Pt * (10~(G/10))"2 * Lambda”2 * RCS) ./ ((4 * pi)~3 * R.~4);
13
14 % Display signal properties
15 — disp(['Max Pr: ', num2str(max(Pr)}]);
16 — disp(['Min Pr: ', numZ2str(min(Pr))]); o

Code fragment for calculating received power according to Equation (1)

1201 4a\binkUntitled.m

| Untitledm = | 555.M “’.|
@ This file can be published te a formatted document. For more infermation, see the publishing video or help, x

19 % 3. Add Gaussian noise to received signal L

20 — EeceivedSignal = Pr + sqgrt(NoisePower) * randn(size(Pr));

21

22 % 4. Adaptive filtering techniques

23

24 % Matched filter (correlation with expected signal)

25 — filter coeff = fliplr(Pr); % Matched filter based on transmitted signal

26 — MatchedFilteredSignal = conv(ReceivedSignal, filter coeff, 'same'):;

27

28 § Median filter to avoid over-smoothing

w5l |= n =5; % Filter order

a0 — FilteredSignal Median = medfiltl (ReceivedSignal, n);

31

32 % Adaptive Kalman Filter

=)= A = 1; % System dynamics coefficient

34 — H=1; % Measurement matrix

35 — %X _est = ReceivedSignal(l); % Initial state estimate

3 |= P =1; % Initial estimate error covariance

37 - FilteredSignal EKalman = zeros(size(ReceivedSignal))- v
I( >

MATLAB code for implementing adaptive radar signal filtering methods: matched,
median, and Kalman filters
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T Editer - C:\Program Files\MATLAB\R2014a\bin\Untitled.m ® x
| Untitled.m 2 | ss5am L |T|
3) This file can be published to a formatted document. For more information, see the publishing video or help. X
£ —
39 — for k = l:length(ReceivedSignal) "
40 % Adaptive process noise covariance

41 — Q = max (var (ReceivedSignal (max (1, k-10):k)) * 0.5, le-6€);

42 — R_kalman = NoisePower * 1.2; % Adaptive measurement noise

43

44 % Prediction step

45 — X pred = A * x est;

46 — P pred = A * P * B + Q;

47

48 % Update step

49 — K =P pred *H / (H* P_pred * H + R_kalman):

50 — x est = x pred + K * (ReceivedSignalik) - H * x pred);

51 — P=(1-K*H) * P pred:

52

53 % Store result

54 — FilteredSignal Kalman(k) = x_est;

55 — end

56

- L P e - = — —~ . . . —~ . r PR -~ - - \\--\v
I« >

Algorithm of the adaptive Kalman filter

rogram Fil 014a\bin\Untitled.m
| Untitled.m | s55.m [ + |
(T) This file can be published to a formatted document. For more information, see the publishing video or help. X
39 T-D
&0 £ Butterworth low-pass filter
61 — Fc = 2000; % Cutoff frequency (Hz)
62 — Fs = 10e3; % Sampling frequency (Hz)
63 — [b, a]l] = butter(5, Fc/(Fs/2), '"low'}):
64 — FilteredSignal Butterworth = filter (b, a, Receiwvedsignal):;
] v
< >

Code for implementing the Butterworth filter to suppress high-frequency noise

14a\bin\Untitled.m

| Untitled.m | sssm |+ |
(@) This file can be published to a formatted document. For more information, see the publishing video or help. x
IT -
114 % 6. Adaptive detection threshold "
15 |= MAD = median(abs(FilteredSignal Kalman - median(FilteredSignal Kalman))) * 1.482¢;

116 — Threshold = median(FilteredSignal Kalman) + 2 * MAD;

117

118 $ 7. Detection process using Kalman filtered signal

119 — Detections = FilteredSignal Kalman > Threshold;

120 — disp(['Total Detections: ', num2str {sum(Detections))]);

aliil|= figure('Units', 'normalized', 'Position', [0 0 1 1]);

122 — stem(R, Detections, 'r', 'Marker', 'none');

123 — title('Detection Results using EKalman Filter (1 = Detection, 0 = No Detection)');

124 — xlabel ('Range (m)'"); ylabel('Detection Status');

125 — grid on;

1ze v

Code for target threshold detection using the Kalman filter
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