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Abstract: For the problem of constant false alarm rate (CFAR) detection in Weibull clutter background, a CFAR
detector—cycle elimination TLME-CFAR detector is proposed. The detector calculates its detection threshold
through the estimation of two parameters of Weibull distribution, which is based on TL-moment estimation. The effect
of the interference target and the strong scattering point are then eliminated by the cyclic elimination method. This
paper proved that the proposed detector is a CFAR detector, and then the performance of the detector is studied by
Monte Carlo simulation and compared with the MLH-CFAR detector. The result shows that the cyclic elimination
TLM-CFAR detector has very nearly the same performance with MLH-CFAR detector. The detector avoids iterated
operation of maximum likelihood estimation, and improves the efficiency and applicability of detection algorithm.
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Table 3 The comparison of CFAR loss of two detectors
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Fig. 9 Single target detection results. (a) Original SAR image; (b) The results of MLH-CFAR algorithm; (c) The results of cycle elimination
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Overview: Target detection in a changing clutter and keeping the probability of false alarm constant is one of the im-
portant issues which cannot be avoided by each system and designer. CFAR technology is the most important tool in the
control of false alarm rate in automatic radar target detection system, which plays an important role in the process of
automatic radar detection. CFAR processing refers to adjusting the detection threshold by estimating the average clutter
power of reference cells near cell under test under the condition of a constant false alarm rate. The classic CFAR detec-
tors include ML-CFAR detectors and OS-CFAR detectors, and others are combination of the two detectors. However
ML-CFAR detectors and OS-CFAR detectors are single-parameter CFAR detectors, while the Weibull PDF is a
two-parameter distribution. If both the shape parameter and the scale parameter are taken into account, the
two-parameter estimation CFAR detection method should be used.

The shape parameter and scale parameter of Weibull distribution are estimated by using the reference samples in the
reference sliding window. Werber and Haykin propose a method to set the detection threshold using two ordered statis-
tical samples which is known as Werber-Haykin algorithm internationally, referred to as WH algorithm. Levanon and
Ravid proposed the maximum likelihood CFAR algorithm (MLH-CFAR). Levanon has pointed out that CFAR loss is
related to the accuracy of shape parameter estimation. MLH is an option when estimating the two parameters, but MLH
estimator does not have a closed-form expression for estimation of shape and scale parameters and needs to be com-
puted by the iterative process, thus reducing usability. In order to reduce the estimated variance of shape parameters and
improve the efficiency of the algorithm, we estimate the two parameters of Weibull distribution by TL-moment estima-
tion (TLME), and propose a cyclic elimination TLM-CFAR detection device.

For the problem of constant false alarm rate (CFAR) detection in Weibull clutter background, a CFAR detector—cycle
elimination TLME-CFAR detector is proposed. The detector calculates its detection threshold through the estimation of
two parameters of Weibull distribution, which is based on TL-moment estimation. The two parameters (shape and scale)
of the background statistics are estimated using a TL-moment estimation algorithm. A CFAR threshold based on para-
meters estimated in this way exhibits a smaller variance, and hence a smaller CFAR loss, than thresholds based on other
estimation algorithms such as moments. The effect of the interference target and the strong scattering point are then
eliminated by the cyclic elimination method which analyzes detector performance in comparison with MLH-CFAR de-
tector, and the cyclic elimination TLM-CFAR detector has very nearly the same performance with MLH-CFAR detector.
The detector avoids iterated operation of maximum likelihood estimation, and improves the efficiency and applicability
of detection algorithm.
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