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Abstract
Unmanned aerial vehicles (UAVs), as typical low, slow, and small targets, exhibit
characteristics such as low flight speed, low altitude, and small radar cross-
section (RCS), making UAV targets difficult to detect and recognize. To address
the challenges of low signal-to-noise ratio and difficult detection for UAVs in
complex environments, a knowledge-aided Constant False Alarm Rate (CFAR)
detection method for UAV targets is proposed. This method first analyzes three
common ground clutter distribution models and mean-type CFAR detectors,
then applies CFAR detection methods to echo signals under these three clutter
distributions, storing the method with optimal detection performance as the
optimal CFAR detection method for that clutter distribution into a knowledge
base, thereby establishing a CFAR knowledge base. By estimating the clutter
distribution of the echo signal of the target to be detected and determining the
clutter distribution model, the corresponding CFAR algorithm is selected from
the radar knowledge base based on this distribution to complete the detection
of the echo signal. Finally, validation is performed using real measured data
collected by radar, and simulation and experimental results verify the feasibility
and effectiveness of the proposed method.
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Abstract
This paper proposes a knowledge-aided constant false alarm rate (CFAR) de-
tection method for unmanned aerial vehicle (UAV) targets. UAVs represent
typical low-altitude, slow-speed, small-radar-cross-section (RCS) targets that
pose significant detection challenges in complex environments. The method
first analyzes three common ground clutter distribution models and mean-level
CFAR detectors, selecting the detection approach with optimal performance
for each clutter distribution type. By estimating the clutter distribution of the
radar echo signals under detection, the corresponding optimal detection method
is retrieved from the radar knowledge base to complete signal detection. Finally,
validation is performed using actual radar measured data. Both simulation and
experimental results demonstrate the feasibility and effectiveness of the pro-
posed approach.

1. Introduction
The rapid development of the UAV industry has brought convenience to soci-
ety while simultaneously introducing new security threats. UAVs exhibit “low,
small, slow”characteristics—low flight altitude, small radar cross-section, and
slow speed—making them extremely difficult to detect, particularly in complex
environments with strong ground clutter interference [1-3]. Improving detec-
tion performance for such low-slow-small targets represents a critical challenge
in current radar systems [4-7].

Traditional CFAR algorithms mitigate clutter environmental effects by estimat-
ing background clutter power levels to calculate detection thresholds. Com-
mon approaches include cell-averaging CFAR (CA-CFAR), which uses the av-
erage clutter power from cells adjacent to the detection cell; greatest-of CFAR
(GO-CFAR); smallest-of CFAR (SO-CFAR); and ordered-statistics CFAR (OS-
CFAR) [8-10]. However, these conventional CFAR methods cannot adequately
address the complexities of UAV operating environments. Recent deep learning-
based detection methods have demonstrated superior performance compared to
traditional CFAR across different signal-to-noise ratios, but they remain lim-
ited by single environment type constraints that fail to meet UAV detection
requirements.

2. Methodology
2.1 CFAR Detection Principles

The CA-CFAR detector represents the most classical approach, assuming a ho-
mogeneous background environment with independent reference cells. Protec-
tion cells near the detection cell prevent target energy from occupying multi-
ple range cells and affecting clutter power estimation. The clutter background
power estimate for CA-CFAR is given by:
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𝑍 = 1
𝑛

𝑛
∑
𝑖=1

(𝑥𝑖 + 𝑦𝑖)

where 𝑥𝑖 and 𝑦𝑖 are reference cells in the left and right windows, respectively,
and 𝑛 is the number of reference cells in each window. The detection probability
for CA-CFAR in uniform Rayleigh clutter is:

𝑃𝑑,𝐶𝐴 = (1 + 𝜆
1 + 𝑇 )

−𝑛

where 𝜆 is the ratio of target signal power to noise power, and 𝑇 is the threshold
factor. The false alarm probability is:

𝑃𝑓𝑎 = 𝑃[𝑌 > 𝑇 𝑍|𝐻0] = exp(−𝑇 )

GO-CFAR, an improvement over CA-CFAR, addresses detection in strong clut-
ter regions by selecting the greater of the means from the front and rear reference
windows as the background power estimate. The clutter power estimate is:

𝑍𝐺𝑂−𝐶𝐹𝐴𝑅 = max ( 1
𝑛
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∑
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The false alarm probability for GO-CFAR is:

𝑃𝑓𝑎,𝐺𝑂 = 2(1 + 𝑇 )−𝑛 − (1 + 2𝑇 )−𝑛

The detection probability can be expressed as:

𝑃𝑑,𝐺𝑂 = 2 (1 + 𝜆
1 + 𝑇 )

−𝑛
− (1 + 𝜆

1 + 2𝑇 )
−𝑛

SO-CFAR is suitable for detection in clutter edge regions, using the smaller of
the two reference window means as the clutter power estimate:

𝑍𝑆𝑂−𝐶𝐹𝐴𝑅 = min ( 1
𝑛

𝑛
∑
𝑖=1

𝑥𝑖,
1
𝑛
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The false alarm probability is:

𝑃𝑓𝑎,𝑆𝑂 = 2
𝑛−1
∑
𝑖=0

(𝑛 − 1 + 𝑖
𝑖 )(2 + 𝑇 )−(𝑛+𝑖)
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The detection probability is:

𝑃𝑑,𝑆𝑂 = 2
𝑛−1
∑
𝑖=0

(𝑛 − 1 + 𝑖
𝑖 ) (2 + 𝜆

1 + 𝑇 )
−(𝑛+𝑖)

2.2 Clutter Distribution Models

UAV flight environments are complex, primarily involving urban and rural set-
tings where ground clutter dominates. Current research identifies three main
clutter models: Rayleigh, log-normal, and Weibull distributions [17]. The
Rayleigh distribution, the most typical model for describing clutter distribu-
tion, has the probability density function:

𝑝(𝑥) = 𝑥
𝜎2 exp (− 𝑥2

2𝜎2 ) , 𝑥 ≥ 0

where 𝜎 is the scale parameter. The Weibull distribution can describe clutter
intermediate between Rayleigh and log-normal distributions:

𝑝(𝑥) = 𝑝
𝑞 (𝑥

𝑞 )
𝑝−1

exp [− (𝑥
𝑞 )

𝑝
] , 𝑥 ≥ 0

where 𝑝 is the shape parameter and 𝑞 is the scale parameter. The log-normal
distribution better describes complex sea or terrain clutter:

𝑝(𝑥) = 1√
2𝜋𝜎𝑥 exp [−(ln 𝑥 − 𝜇)2

2𝜎2 ] , 𝑥 ≥ 0

where 𝜇 is the scale parameter and 𝜎 is the shape parameter.

2.3 Parameter Estimation

Clutter parameter estimation commonly employs maximum likelihood estima-
tion (MLE) and moment-based methods, followed by goodness-of-fit tests to
determine the clutter distribution type [18-19]. For Rayleigh distribution, both
MLE and moment estimation yield parameter 𝜎. Log-normal distribution uses
MLE and moment methods to obtain shape parameter 𝜎 and scale parameter 𝜇.
Weibull distribution uses estimation methods for scale parameter 𝑞 and shape
parameter 𝑝.

2.4 Knowledge-Aided CFAR Framework

Based on the above analysis, we construct a knowledge-aided CFAR detection
framework. The process involves: (1) performing clutter parameter estimation
and fitting on echo data to determine clutter amplitude type, (2) selecting the
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corresponding optimal CFAR method from the knowledge base for the identi-
fied clutter distribution, and (3) conducting CFAR processing. This approach
effectively solves the problem of single environment type in traditional CFAR
methods and enables effective UAV target detection across different clutter dis-
tributions.

3. Simulation and Experimental Results
3.1 Simulation Data Analysis

Simulations were conducted using MATLAB with linear frequency-modulated
continuous wave (LFMCW) signals. The radar signal had a center frequency
𝑓0 = 30 GHz. The zero-memory nonlinearity (ZMNL) method generated
Rayleigh, Weibull, and log-normal clutter signals with known parameters,
which were then superimposed with LFMCW signals containing two UAV
targets at distances of 800 m and 600 m. The false alarm probability was set
to 10−6 with protection cell number 𝑁𝑝 = 4.

For Rayleigh distribution clutter, CA-CFAR demonstrated the best detection
performance, effectively identifying both targets without false alarms. GO-
CFAR could detect targets but produced multiple false alarm points, while
SO-CFAR failed to detect targets adequately. [FIGURE:N]

For Weibull distribution clutter, GO-CFAR exhibited the best performance,
detecting both targets effectively. CA-CFAR could detect targets but with mul-
tiple false alarms, while SO-CFAR was insufficient for detection needs. [FIG-
URE:N]

For log-normal distribution clutter, GO-CFAR again showed optimal perfor-
mance, detecting two UAV targets without false targets. CA-CFAR could de-
tect moving targets but produced multiple false alarms, while SO-CFAR was
inadequate. [FIGURE:N]

3.2 Measured Data Analysis

Radar measured data was collected using a triangular-wave LFMCW phased-
array radar operating at 24 GHz carrier frequency, 200 MHz bandwidth, 1 ms
period, and 2 MHz sampling frequency. The test target was a DJI Phantom 4
UAV. [FIGURE:N]

The measured data was processed using the knowledge-aided approach. Fitting
results showed the clutter clearly deviated from log-normal distribution but
matched Rayleigh distribution well, indicating the data followed Rayleigh clut-
ter characteristics. Based on the established radar knowledge base, CA-CFAR
was applied for Rayleigh distribution clutter. The detection results successfully
identified the UAV target without false alarms, consistent with actual conditions
and verifying algorithm feasibility. [FIGURE:N]
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4. Conclusion
This paper proposes a knowledge-aided CFAR detection method for UAV tar-
gets. Compared with traditional CFAR, this approach improves UAV target
detection performance in clutter environments by fitting the current flight clut-
ter environment and selecting the optimal detection method from the knowledge
base. Future work will continue to expand the knowledge base’s auxiliary in-
formation to further enhance effective UAV target detection.

References
[1] WANG Feng, et al. Knowledge-aided UAV target constant false alarm rate
detection method. Journal of Guilin University of Electronic Technology, 2022,
42(6): 463-467.
[2] LIU Yang. Research on UAV detection technology. Electronic World, 2019,
21: 10-12.
[3] ZHANG Chunmei, LI Hang. Command control and simulation. Command
Control & Simulation, 2018, 40(2): 53-60.
[4] XU Chao, et al. UAV detection methods 综述. Command Control &
Simulation, 2020, 42(2): 128-135.
[5] JIANG Liangnian. Radar low-slow-small target detection technology 综述.
Modern Defense Technology, 2018, 46(1): 148-155.
[6] HU Hang. Study on pulse Doppler radar detection processor[C]//International
Symposium on Antennas, 2006: 1-4.
[7] YANG JI. Seven CFAR processing schemes and performance analysis. Radio
Engineering, 2004, 26(4): 47-50.
[8] MAIO A, FOGLIA G, FARINA A. Design and experimental validation
of knowledge-based detectors[J]. Environmental Research and Engineering
Management, 2006: 1-10.
[9] LIU Chunmei. Knowledge-aided CFAR detection based on radar knowledge
base. Radar Target Detection and CFAR Processing, 2017, 39(6): 46-49.
[10] Tsinghua University Press. Radar target detection and constant false
alarm processing, 2011: 36-49.
[11] Xidian University. Research on radar target detection methods in ground
clutter background, 2014: 8-24.
[12] WANG Feng. Research on clutter polarization characteristics based on
measured data. Chinese Journal of Radio Science, 2019, 34(6): 75-79.
[13] LIU Y. Sea clutter statistical modeling method based on measured data.
Ordnance Industry Automation, 2019, 38(9): 64-67.

Note: Figure translations are in progress. See original paper for figures.
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