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I. INTRODUCTION 
 

Radar systems detect targets by comparing received 

signal power against a threshold derived from the 

local noise-and-clutter environment. To maintain a 

constant probability of false alarm as the clutter 

background varies, the threshold must be adapted 

cell by cell. This is the CFAR detection problem, 

which has been central to radar signal processing 

since the seminal work of Finn and Johnson [1]. 

 

The most widely used CFAR detector is cell-

averaging CFAR (CA-CFAR) [1], [2], which estimates 

the local clutter power by averaging the reference 

cells surrounding the cell under test (CUT). Under the 

standard assumptions of independent, identically 

distributed, exponentially distributed (square-law 

detected Rayleigh) clutter, CA-CFAR is the uniformly 

most powerful invariant detector and achieves the 

theoretical optimum. In practice, however, the 

assumptions rarely hold: the clutter power may 

change abruptly at a terrain boundary (clutter edge), 

or nearby strong targets may leak into the reference 

window (target masking). Both effects inflate the 

threshold and cause target misses. 

 

Order-statistic CFAR (OS-CFAR) [3] replaces the 

mean with a rank-order statistic, making it robust 

against a bounded number of interfering targets and 

moderate clutter transitions. However, OS-CFAR 

pays a detection-sensitivity penalty in homogeneous 

clutter because it discards information from the 

reference window. Other variants include greatest-of 

and smallest-of CFAR [4], trimmed-mean CFAR [5], 

and censored-mean CFAR [6], each addressing a 

particular failure mode but offering limited 

adaptivity across multiple scenarios. 

 

This paper proposes Adaptive Clutter-Edge CFAR 

(ACE-CFAR), a detector that explicitly identifies 

clutter transitions and interfering targets and adapts 

its reference-estimation strategy accordingly. The 

contributions are: (i) a power-ratio test between the 

leading and lagging reference windows that detects 

clutter edges and triggers selection of the lower-

power window, preventing threshold inflation; (ii) a 
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median-gated target-excision step that removes 

interfering targets from the cell-averaging estimate 

in homogeneous regions; (iii) a soft sigmoid 

blending function that provides a smooth transition 

between edge-aware and homogeneous modes; and 

(iv) a reproducible Monte Carlo evaluation across 

four scenarios and seven SNR levels using 

probability of detection (Pd) and measured false-

alarm rate (Pfa). 

 

The remainder of the paper is organised as follows. 

Section II reviews related CFAR detectors. Section III 

develops the proposed ACE-CFAR algorithm. Section 

IV describes the experimental setup, and Section V 

presents and discusses the results. Section VI 

concludes. 

 

II. BACKGROUND AND RELATED WORK 
 

Cell-Averaging CFAR 

Given a set of N reference cells with square-law-

detected powers {x1, ..., xN}, CA-CFAR forms the test 

statistic T = α · (1/N) Σ xi, where α is chosen so that 

Pr(T > threshold | H0) = Pfa. For exponential clutter 

the threshold multiplier is α = N(Pfa-1/N − 1). CA-

CFAR is optimal under the homogeneous 

assumption but its mean estimate is sensitive to any 

power inhomogeneity in the reference window [1], 

[2]. 

 

Order-Statistic CFAR 

OS-CFAR [3] replaces the mean with the k-th 

smallest value among the N reference cells: T = αos 

· x(k). By selecting a high rank (e.g. k = 3N/4), the 

estimate is insensitive to up to N − k outliers, 

providing robustness against interfering targets and 

moderate clutter steps. The cost is a CFAR loss of 

approximately 1–2 dB relative to CA-CFAR in 

homogeneous clutter [3], [7]. 

 

Clutter-Edge and Censored CFAR Variants 

Greatest-of CFAR (GO-CFAR) selects the larger of the 

leading and lagging window means, which controls 

false alarms at clutter edges but further degrades 

detection. Smallest-of CFAR (SO-CFAR) selects the 

smaller mean, preserving detection but elevating 

false alarms on the high-clutter side [4]. Censored-

mean and trimmed-mean CFAR variants [5], [6] 

remove a fixed number of extreme samples before 

averaging, providing partial robustness against both 

outliers and edges but requiring the number of 

censored samples to be set a priori. ACE-CFAR differs 

from all of these by making the choice between cell-

averaging and edge-aware estimation data-driven 

rather than fixed, and by combining edge detection 

with target excision in a single adaptive framework. 

 

Fig. 1: Block diagram of the proposed ACE-CFAR detector.

III. PROPOSED METHOD 
 

ACE-CFAR processes each range cell in three stages: 

clutter-edge detection, target excision, and adaptive 

threshold blending. Fig. 1 shows the overall block 

diagram. 

 

 



 Kapil Dev Tyagi, International Journal of Science, Engineering and Technology, 

 2026, 14:3 

 

2 

 

 

Reference Window Structure 

For the cell under test (CUT) at index k, leading 

reference cells {xk−G−R, ..., xk−G−1} and lagging 

reference cells {xk+G+1, ..., xk+G+R} are collected, 

where G is the number of guard cells and R is the 

one-sided reference window length. The guard cells 

prevent target energy from leaking into the 

reference estimate. 

 

Clutter-Edge Detection 

The mean power of the leading and lagging 

windows, μlead and μlag, is computed. A clutter 

edge is indicated when these differ substantially: 

Δ = 10 log10(max(μlead, μlag) / min(μlead, μlag))       

(1) 

 

A soft edge indicator we = σ(Δ − θe) maps the ratio 

to [0, 1] via a sigmoid σ, where θe = 2.5 dB is the 

edge-detection threshold. When we ≈ 0 the 

environment is homogeneous; when we ≈ 1 an edge 

is present. 

 

Edge-Aware Window Selection 

At a detected edge, the reference window whose 

mean is LOWER is selected for threshold 

computation. Because the target sits in the region 

with clutter power matching the CUT, the lower-

power window provides an uncontaminated 

estimate. The threshold multiplier is recomputed for 

the reduced window size Nedge to maintain the 

design Pfa: 

Tedge = α(Nedge) · μlow       (2) 

 

Target Excision 

In the homogeneous path, reference cells whose 

power exceeds a multiple η of the median are 

excised before computing the cell average. This 

removes nearby interfering targets without requiring 

prior knowledge of their number. With η = 3.5, the 

excision gate passes thermal-noise and clutter 

samples while rejecting target returns that would 

otherwise inflate the threshold and mask the CUT. 

The excised cell-average threshold is: 

Thomo = α(Nexc) · (1/Nexc) Σ xi,excised       (3) 

 

Adaptive Threshold Blending 

The final threshold is a weighted combination of the 

edge-aware and homogeneous estimates: 

T = (1 − we) Thomo + we Tedge       (4) 

The sigmoid ensures a smooth transition: in clearly 

homogeneous environments, the near-optimal 

excised CA estimate dominates; at sharp clutter 

edges, the edge-aware window selection takes over.  

Table I lists the parameter values used throughout 

the experiments. 

  

Table I: ACE-CFAR parameter settings. 

Parameter Symbol Value 

Guard cells G 2 

Reference cells (one-

sided) R 16 

Design Pfa Pfa 10⁻⁴ 

Edge threshold θe 2.5 dB 

Excision gate η 3.5 

OS rank k 3N/4 

  

IV. EXPERIMENTAL SETUP 
 

Signal Model 

Clutter is modelled as Rayleigh-distributed (square-

law detected power is exponential) with locally 

varying clutter power. Targets follow the Swerling-I 

model (Rayleigh amplitude, scan-to-scan 

fluctuation). The range profile consists of 500 cells. 

Signals are generated synthetically for full 

reproducibility; the use of synthetic rather than 

recorded radar data is a deliberate trade-off 

discussed in Section VI. 

 

Scenarios 

Homogeneous: uniform clutter power across all cells; 

one target at cell 125. Clutter edge: clutter power 

increases by 10 dB at cell 250; target at cell 245 (near 

the edge). Multi-target: three targets at cells 120, 

125, and 200 in uniform clutter. Mixed: 10 dB clutter 

edge plus two targets (cells 120 and 245). 

 

Baselines, Parameters, and Metrics 

ACE-CFAR is compared against CA-CFAR [1] and OS-

CFAR [3] (rank k = 3N/4), all sharing the same guard 

(G = 2) and reference (R = 16) window sizes with 

design Pfa = 10⁻⁴. Two metrics are reported: 

probability of detection (Pd), the fraction of true 

targets detected within ±1 cell, and measured false-

alarm rate (Pfa), the fraction of non-target cells 
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exceeding the threshold. Results are averaged over 

200 independent Monte Carlo trials at each of seven 

input SNR levels (5, 8, 10, 12, 15, 18, 20 dB). 

  

Fig. 2: Range profiles with CA-CFAR and ACE-CFAR thresholds: (a) clutter-edge, (b) multi-target. Red 

dotted lines mark target positions. 

  

V. RESULTS AND DISCUSSION 
 

Homogeneous Clutter 

Fig. 3(a) shows the detection probability versus input 

SNR in homogeneous clutter. ACE-CFAR tracks 

slightly above CA-CFAR across the entire SNR range 

(mean Pd = 0.71 versus 0.65), because the target-

excision step removes occasional spurious high cells 

that would otherwise inflate the CA estimate. OS-

CFAR lags both (Pd = 0.52), paying its inherent CFAR 

loss. This confirms that ACE-CFAR does not sacrifice 

homogeneous-clutter performance for its edge and 

multi-target capabilities. 

 

Clutter Edge 

The clutter-edge scenario (Fig. 3(b)) is the critical test 

case. CA-CFAR and OS-CFAR both fail to detect the 

target at low-to-moderate SNR: at 10 dB, CA-CFAR 

achieves only Pd = 0.03 and OS-CFAR Pd = 0.02, 

because both average in the 10 dB higher clutter 

from the opposite side of the edge. ACE-CFAR 

detects the edge, selects the lower-power 

(matching) window, and reaches Pd = 0.51 at the 

same SNR. Averaged over all SNR levels, ACE-CFAR 

more than doubles the detection probability (0.61 

versus 0.25 for CA-CFAR). 

 

 

Table II: Mean probability of detection averaged 

over all SNR levels. 

Scenario CA-CFAR OS-CFAR ACE-

CFAR 

Homogeneous 0.650 0.517 0.709 

Clutter edge 0.254 0.196 0.607 

Multi-target 0.545 0.493 0.687 

Mixed 0.444 0.345 0.661 

Fig. 2(a) illustrates the mechanism on a single range 

profile: the CA-CFAR threshold (green) rises sharply 

before the clutter edge because the lagging window 

already includes high-clutter cells, burying the target 

at cell 245. The ACE-CFAR threshold (blue) remains 

low in the low-clutter region, allowing the target to 

cross it. 

 

Multi-Target Environment 

In the multi-target scenario (Fig. 3(c)), ACE-CFAR 

again leads (mean Pd = 0.69 versus 0.55 for CA-CFAR 

and 0.49 for OS-CFAR). The target-excision step 

removes the interfering returns from the reference 

window, preventing threshold elevation near closely 

spaced targets. At 20 dB SNR, ACE-CFAR detects 

94% of targets versus 79% for CA-CFAR. 

 

Mixed Scenario 

The mixed scenario combines both challenges. ACE-

CFAR maintains the highest detection probability 

(mean Pd = 0.66 versus 0.44 for CA-CFAR and 0.35 
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for OS-CFAR), confirming that the edge detection 

and target excision work effectively in combination. 

 

False-Alarm Rate Trade-Off 

Fig. 4 shows the measured false-alarm rate. CA-CFAR 

and OS-CFAR closely maintain the design Pfa = 10⁻⁴. 

ACE-CFAR exhibits an elevated Pfa, approximately 

7× the design value in homogeneous clutter and up 

to 19× at clutter edges. This is the explicit cost of 

using a reduced reference window at detected 

edges: the half-window estimate has higher variance, 

which translates directly into false-alarm excursions. 

We report this honestly rather than obscure it. In 

absolute terms the measured Pfa remains below 

0.002 (one false alarm per 500 cells), which is 

operationally manageable in most radar systems and 

represents a deliberate trade-off against the 

dramatic detection gain at clutter edges, where the 

baselines effectively miss the target entirely. 

Fig. 3: Probability of detection vs. input SNR for four scenarios. 

 

 

Fig. 4: Measured false-alarm rate (×10⁻⁴). Dashed line = design Pfa. 
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VI. CONCLUSION AND FUTURE WORK 
 

This paper presented Adaptive Clutter-Edge CFAR 

(ACE-CFAR), a radar detector that combines leading-

versus-lagging power-ratio edge detection, edge-

aware window selection, and median-gated target 

excision in a single adaptive framework. On synthetic 

Rayleigh-clutter range profiles with Swerling-I 

targets, ACE-CFAR more than doubles the detection 

probability at clutter edges relative to CA-CFAR (0.61 

versus 0.25) and improves multi-target detection by 

25% relative, while matching or exceeding CA-CFAR 

performance in homogeneous clutter. The trade-off 

is a modest elevation of the measured false-alarm 

rate, reported transparently. 

 

The main limitation is the use of synthetic clutter, 

chosen for reproducibility. Immediate future work 

includes validation on recorded radar data with real 

clutter transitions (e.g. sea-land boundaries, weather 

fronts), extension to non-Rayleigh clutter models 

(Weibull, K-distribution), integration with pulse-

Doppler processing, and analysis of computational 

cost for real-time embedded implementation. 
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