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Abstract: Azimuth ambiguity significantly degrades the quality
of synthetic aperture radar images. Sub-look spectral analysis
(SSA) is a common ambiguity-detection method, but its perfor-
mance is limited by threshold sensitivity and the high correlation
of specific ambiguities across sub-looks. To overcome these
specific limitations, this paper proposes an improved detection
method. It first increases the number of sub-looks and con-
structs a high-dimensional multi-look matrix to enrich the coher-
ence differences between targets and ambiguities. Non-nega-
tive matrix factorization is then employed to decompose this
matrix, effectively separating the coherent target components
from the variably coherent ambiguity components without rely-
ing on predefined thresholds. Experimental results on real data
demonstrate that the proposed improvements achieve superior
azimuth-ambiguity-detection performance compared with con-
ventional SSA methods.
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1. Introduction

In some coastal and offshore scenarios, acquired syn-
thetic aperture radar (SAR) images may suffer from
severe azimuth ambiguities, which manifest as ghost or
defocused artifacts of real targets moving along the
azimuth direction [1]. These azimuth ambiguities not
only degrade the quality of SAR images but also lead to
incorrect interpretations [2].

Detecting azimuth ambiguities in SAR single-look
complex (SLC) images is a significant research topic. In
the ship detection field, traditional methods, based on sea
clutter statistical models and data intensity, such as con-
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stant false-alarm rate (CFAR) [3], can lead to false alarms
by misidentifying ambiguities as targets or missing real
targets obscured by them [4,5]. Some ship detection soft-
ware, such as SUMO [6], uses an azimuth-ambiguity-
detection method based on a parameterized model to
avoid false alarms [7]. It calculates the approximate dis-
tance of azimuth ambiguity displacement using satellite
parameters. Then it compares the strengths of targets
detected at sea, treating the weaker pair as azimuth ambi-
guities. In SAR image restoration, azimuth ambiguity
detection is often used as a preprocessing step for post-
processing suppression methods to exclude strong real
targets and avoid loss of proper signal caused by the
notch after focusing [8,9]. Apart from parameterized
recognition, techniques have been proposed to identify
ambiguities by exploiting the distinct characteristics of
real targets and their ghosts in SLC images. A representa-
tive method is the four-component scattering-model
decomposition of polarimetric SAR (PolSAR) images, in
which feature vectors are constructed from scattering
powers, and ambiguities are identified based on their cor-
relations with standard templates. While effective in
polarimetric contexts, it is inherently limited to fully
polarimetric systems [10].

In the domain of image-based detection, sub-look spec-
tral analysis (SSA) is another foundational technique
[11]. Tt often splits SLC images into two sub-looks via
azimuth multi-look processing. Then, the azimuth ambi-
guity can be identified by whether indicators, such as
energy cross-correlation [12], entropy difference (ED)
[13], or logarithmic ratio (LR) [14], which measure
changes between two sub-look images, exceed their
respective thresholds. In ship detection, SSA and its vari-
ants [15] are widely used because they can overcome the
limitations of traditional methods that rely on the target’s

intensity exceeding that of sea clutter. However,
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researchers also point out that some shortcomings of the
SSA [16,17]. The performance of SSA-based methods
remains sensitive to threshold selection. In addition,
across some sub-look images, specific ambiguities exhibit
high inherent correlation, while targets exhibit low intrin-
sic correlation, leading to missed detections.

Deep learning has emerged as a powerful, data-driven
paradigm in image analysis. Its application to the detec-
tion of imaging artifacts, such as the azimuth ambiguities
addressed in this paper, is an area of growing interest.
However, related research remains exploratory. A limi-
ted number of studies have explored relevant architec-
tures, such as convolutional neural networks CNNs [18]
or U-Nets [19]. A common challenge is that the preva-
lent patch-based training paradigm limits receptive fields,
hindering the capture of global coherence patterns charac-
teristic of distributed ambiguities across full-scene
imagery. Consequently, these approaches are still under
challenge for large-scale artifact detection, while promis-
ing for localized instances.

To overcome these limitations, the paper systemati-
cally investigates the evolution of azimuth ambiguity
across multiple sub-look images and proposes an
improved azimuth ambiguity detection method by
increasing the number of looks and applying non-nega-
tive matrix factorization (NMF). The contribution of the
proposed method is to mitigate the adverse effects of high-
correlation azimuth ambiguity in the conventional two-
sub-look SSA method as much as possible and to enhance
the adaptability and robustness of the threshold selection
mechanism.

The rest of this paper is organized as follows. Section 2
introduces the azimuth ambiguity model. Section 3
presents the proposed method. Section 4 presents an
experiment on real measured data, while Section 5 con-
cludes the paper.

2. Azimuth ambiguity model

As shown in Fig. 1(a), the SAR observes the ground. In
addition to the main area, adjacent areas whose Doppler
centroid frequencies f; are integer multiples » of the pulse
repetition frequency (PRF) always exist. For these adja-
cent regions, the PRF fails to satisfy the Nyquist sam-
pling criterion, the Doppler spectra from f;—2n+1)x
prf/2  to  f;—prf/2 and from f;+prf/2 to
fi+(@2n+1)xprf/2 folding into the main area’s Doppler
spectrum from f; — prf/2 to f;+prf/2. Fig. 1(b) shows an
example of n=1, where the blue dashed line exhibits spec-
tral aliasing. This phenomenon is known as azimuth
ambiguities, and their corresponding observation areas
are called ambiguity areas. Due to the azimuth antenna

pattern weighting [20], targets from f;—(2n+1)xprf/2
to f;—prf/2 and from f;+prf/2 to f;+(2n+1)xprf/2
have lower gain and cause negligible interference to the
SAR image. However, when strong targets, such as urban
or coastal areas, are present in ambiguous areas, these
folded components will generate artifacts in SAR
images.
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Fig.1 Cause of azimuth ambiguity

The equivalent PRF after channel synthesis satisfies
the Nyquist criterion for multi-channel SAR systems,
while the PRF per channel does not. This inherent under-
sampling causes each single-channel signal to carry
azimuth ambiguities, which can be expressed as

Sw(@f;)= D Su(r, f,+n PRE). 2 mt0)nsien (1)
k=—c0
where 7 is the range time, f, is the azimuth Doppler, £,
and ¢, are the azimuth delay time and phase of the mth
channel relative to the reference channel, respectively.
Furthermore, a practical non-ideal system has phase
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and time offset misalignments between channels. Imper-
fect calibration of these offsets leads to residual errors
that manifest as azimuth ambiguities in the synthesized
SAR imagery.

3. Proposed method
3.1 Multi-look processing

Based on the theoretical foundation outlined above, we
propose an improved method for azimuth ambiguity
detection. Fig. 2 shows the detailed flowchart of the pro-
posed method, which comprises three steps.

Input: an SLC image X

1
\ 4

Step 1: Multi-look processing

X— X,

¥

Step 2: NMF
X—V
min_|[V=WH}’
1

W,=0, H;=0

¥
Step 3: Scatters separation and
binarization
V=V-wW,
VEroOw>0)
I

| Output: binary mask

Fig. 2 Flowchart of the proposed method

Multi-look processing is a key step of the traditional
SSA method [21,22]. It aims to construct multiple sub-
look images through spectral segmentation. For an input
SLC image X (r,n) with N, range cells and N, azimuth
cells, it will be translated into the RD domain by FFT,
which is expressed as

n
X@f)= [} X@npe iy, @)
2

Then, divide its Doppler frequency band into equal
intervals according to the Doppler bandwidth B,, which
is expressed as

X@H={Xi@ N, . Xi(@ ), . Xc(x.f)} (3)
&x
where Xi(7,f) € R¥™ denotes the kth sub-band and
I <k<K.
Finally, each sub-band is translated into the sub-look
B,
image X, (r,n) € Rx " by IFFT, which is expressed as

xan=["" X@pean @

—L+LG-1)

Azimuth ambiguities from multiple orders (e.g., +1st,

+2nd) typically coexist in an SLC image. Fig. 3 lists only
+1st ambiguities as an example for ease of explanation.
Fig. 3(a) presents the three-look processing schematic,
with Fig. 3(b)—Fig. 3(d) displaying range-domain projec-
tions of sub-look imagery, where Al and A2 are the
amplitudes of the desired signal, and A3, A4, and A5 are
the amplitudes of the azimuth ambiguity. The desired sig-
nal maintains consistent range-cell alignment across sub-
looks, demonstrating strong inter-sub-look coherence. In
contrast, azimuth ambiguities exhibit range variant,
reflecting their inherently weaker coherence across sub-
look observations.

Amplitude

Range time
— : Azimuth ambiguity;
—— : Desired signal.
(b) Time projection of
sub-image 1

Range time

(a) Multi-look processing

Amplitude Amplitude

Range time
— : Azimuth ambiguity;
—— : Desired signal.

Range time
— : Azimuth ambiguity;
—— : Desired signal.
(c) Time projection of
sub-image 2

(d) Time projection of
sub-image 3

Fig.3 Schematic diagram of sub-look spectral analysis

Meanwhile, the desired signal maintains amplitude
superiority over the azimuth ambiguity through coherent
accumulation in ideal conditions. These coherence and
amplitude disparities are beneficial for identifying
azimuth-ambiguity regions via inter-sub-look cross-corre-
lation with empirical thresholds. Nonetheless, practical
scenarios pose challenges in which the ambiguity may
reach amplitudes comparable to those of the desired sig-
nal, and certain azimuth ambiguities unexpectedly exhibit
high coherence. Additionally, some azimuth ambiguities
exhibit high inherent correlation across sub-look images.
Therefore, one improvement to the proposed method is to
increase the number K of sub-looks to reduce the coher-
ence among the ambiguities across sub-look images.

However, increasing the number of looks results in
higher data dimensionality, and traditional two-look SSA-
based methods are no longer applicable to high-dimen-

sional sub-images {Xi (T, eRE™X  Therefore,

another improvement to the proposed method is the use
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of NMF. As an effective matrix factorization and feature
extraction tool, NMF can automatically learn and sepa-
rate the basis vectors representing the main and se-
condary coherent components from the high-dimensional
matrix formed by stacking multi-look images, thus natu-
rally adapting to the improved multi-look processing
frameworks.

3.2 NMF

In Step 2, each sub-image is vectorized and stacked to
form the non-negative observation matrix V = [|v],---,

B,N, BN,
Wel,--- vkl € Rk X first, where v, e R« *' is the
vectorized representation of the kth sub-look image. The
coherence differences among sub-looks are characterized
as the principal components of V.

Then, NMF is employed to isolate these components
by approximating V as the product of two non-negative
matrices:

- V~WH 5)
where We R« ™' s the basis matrix containing the
principal components. H € R™*¥ denotes the coefficient
matrix, representing the weights of each basis component
in the sub-look images.

The NMF optimization is performed using the multi-
plicative update algorithm [23] with random initializa-
tion, minimizing the Frobenius norm ||V—WH||§ until
convergence or a maximum number of iterations is
reached.

3.3 Scatters separation and binarization

After obtaining the basis matrix W via NMF, the weak
targets and azimuth-ambiguity areas are enhanced by sub-
tracting this principal component from each sub-look vec-
tor. Specifically, for the kth sub-look, the residual vector
u, is computed as

U, =vV,— w (6)
B,N,
where #, € R x represents the signal component that
has little correlation with the principal components.
Then, a binary mask M, for each sub-look is gene-
rated by reshaping u, back into a two-dimensional image
B,
matrix U, € Rx ™" and thresholding the positive residu-
als, as follows:

MkZUkQ(Uk>0). (7)

where © is the Hadamard product. U, >0 represents a
matrix that is exactly the same size as U,, and the posi-
tion of elements greater than zero in U, are 1, while the
rest are 0.

The sub-masks M, contain significant noise that needs

to be removed using the morphological filtering tech-
nique (MFT) [24].

Finally, the union of the K refined sub-masks forms the
final binary detection mask M, which can be expressed
as follows:

Mz = UM, (5. ®)

4. Experimental results
4.1 Experimental data introduction

To verify the effectiveness and robustness of the pro-
posed azimuth ambiguity detection algorithm, two typi-
cal scenarios are presented in this section. The experi-
mental data come from SLC images of LuTan-1 (LT-1)
and Sentinel-1 satellites [25—27]. Between them, the
azimuth ambiguities are defocused due to LT-1’s high
resolution.

Fig. 4(a) shows the original SLC image of LT-1 used
in the large-scale defocused distributed ambiguity-detec-
tion experiment. The white artifacts in ROI B are
matched with the island in the yellow region of interest
(ROI) at the center of the image. In fact, the large-scale
azimuth ambiguity source is often cities (e.g., in ROI A)
or islands (e.g., in ROI B), as shown in Fig. 4(b) and
Fig. 4(c), respectively, which depict the SLC image after
+1 ambiguity focusing. The focused island of the red ROI
in Fig. 4(c) is the same as the island of the yellow ROI in
Fig. 4(a).

(a) LT-1 (original)

(b) LT-1 (+1 focusing)
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[

(¢) LT-1 (-1 focusing) (d) Sentinel-1

Fig.4 SLC image used for the experiment

A large-scale, focused, distributed ambiguity detection
experiment is conducted on a Sentinel-1 image shown in
ROI C of Fig. 4(d). Additionally, an experiment is con-
ducted to detect small vessels in coastal waters, as shown
in ROI D of Fig. 4(d).

4.2 Detection experiment result for the whole area

The LR method effectively enhances the radiation-differ-
ence characteristics of the change area by applying a log-
arithmic-ratio operation to the two sub-looks. It is a clas-
sic azimuth-ambiguity-detection algorithm based on SSA.
Other SSA-based detection methods also use two looks
and can achieve similar detection performance to LR with
appropriate parameters or thresholds. Therefore, LR is
used as a comparative method, aiming to highlight the
advantages of the proposed method in adaptive threshold
selection and detection accuracy, based on its detection
characteristics relative to fixed thresholds.

Fig. 5(a)—Fig. 5(d) show the detection masks for the
whole area of two SLC images. White regions mean a
weak correlation between the sub-look images, while
black regions indicate a strong correlation. Comparing
Fig. 4(a) and Fig. 5(d), both methods can approximately
detect weak-correlation azimuth ambiguity and effec-
tively exclude strong-correlation targets. Meanwhile,
CFAR detectors can effectively filter out most weakly
correlated targets detected by both methods, while retain-
ing only a few isolated strong noise events, which could
lead to false detections. On the other hand, from a global
perspective, the detection results for large-scale dis-

tributed ambiguity show significant edge loss and leave
residual noise that MFT algorithms cannot remove.
Missed detection due to edge loss can be compensated for
by inflation, but this may be affected by residual noise.
Therefore, the next section will conduct ablation experi-
ments on local regions to quantitatively evaluate the
detection performance of the two methods, while
accounting for edge loss and introduced noise.

(a) LR (mean+1xstd) (b) NMF (K=4)

(¢) LR (mean+1xstd)

(d) NMF (K=4)
Fig.5 Detection masks by different methods
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4.3 Ablation detection experiment based on the ROI

For the proposed method, different K values can alter the
feature information carried by each sub-look, thereby
affecting detection results. This section sets different K to
study the impact of the proposed method on azimuth
ambiguity detection across different looks.

For LR, the choice of threshold directly affects the
binarization results. This section sets three thresholds
(mean+0xstd, mean+0.5xstd, and mean+1xstd) under
K=2 to observe changes in the LR method’s detection
results as the threshold condition moves from relaxed to
strict.

Given the complex edge shape of distributed ambigui-
ty, the experiment employs an area-control strategy based
on MFT. It constructs a system for evaluating detection
performance that does not rely on prior annotations. This
strategy sorts the sizes and quantities of the reserved con-
nected domain areas in each method’s detection results,
ensuring that the total area of the white region in the
detection mask remains consistent. Then, the spatial dis-
tribution characteristics of the white region are statisti-
cally analyzed to enable a quantitative comparison of the
two methods’ detection performance under different con-
ditions.

The spatial distribution characteristic index used in this
experiment includes the mean distance (MD), the stan-
dard deviation of distances (SDD), the voronoi coeffi-
cient of variation (VCV), and the mean center distance
(MCD).

MD reflects the overall dispersion degree between cen-
troids. SDD is used to characterize the non-uniformity of
centroid distribution. They are expressed as follows,
respectively [28]:

N

1 —\2 —2
MD == 3 =D+ (i), ©)

i=1

1 < ,
SDD = m;(d,.—lvm). (10)

VCV is a measure of the regularity of spatial distribu-
tion. It is represented [29] as follows:
vev =24, (11)
Ha
MCD reflects the degree of concentration of the cen-
troid relative to the distribution center. It is expressed

[30] as follows: .
2303 ) -y

i=1 j=i+l

MCD = NV (12)

where (x;,y;) is the centroid coordinate of each con-

nected domain, (x,y) is the geometric center of all cen-
troids, and N is the total number of centroids. d; is the
distance from the ith centroid to the geometric center. o4
and u, are the mean and standard deviation of the
Voronoi cell area, respectively.

As shown in Table 1 and Fig. 6, in ROI A, the NMF
(K=4) method exhibits the best clustering performance,
with an MD value of 478.53, an SDD of 334.53, a VCV
of 2.53, and an MCD of 312.76. The extremely low VCV
value indicates that the targets detected by this method
are evenly distributed and highly clustered in space.
When the K value increases to 6 and 8, the aggregation
indices are significantly degraded. This indicates that for
the isolated distributed azimuth ambiguity, an excessive
increase in the number of sub-looks will introduce false
positives.

Table 1 Analysis of agglomeration indicators

ROI
Method Index
A B C
MD 782.20 884.22 361.45
SDD 469.40 605.57 216.59
LR (mean + 0xstd)
VCv 27.80 49.65 47.11
MCD 589.22 648.87 266.10
MD 581.36 1316.19  250.88
SDD 377.34 886.91 188.17
LR (mean + 0.5xstd)
VCV 46.04 96.99 6.14
MCD 410.23 977.49 181.49
MD 1238.74  1370.68  384.22
SDD 836.58 913.51 222.56
LR (mean + 1xstd)
VCvV 114.21 72.18 4.58
MCD 1017.55  277.87
MD 620.29 1182.59  265.07
SDD 388.78 824.23 176.96
NMF (K=2)
VCv 16.82 4722 3.97
MCD 448.81 877.00 204.38
MD 478.53 1216.10 154.71
SDD 334.53 843.43 106.71
NMF (K=4)
VCV 2.53 31.17 2.84
MCD 312.76 930.04 111.78
MD 637.60 1201.63 165.70
SDD 481.65 830.68 118.56
NMF (K=6)
\(Y% 23.98 46.06 3.63
MCD 441.09 899.76 112.98
MD 882.43 1199.35 163.64
SDD 688.98 833.18 116.04
NMF (K=8)
VCv 54.99 50.15 2.36
MCD 602.84 891.63 117.46
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Fig. 6 Indicators of ROI A

In contrast, the LR method exhibits significant perfor-
mance differences across thresholds. The VCV, MD, and

(a) ROT A (b) LR (mean+0xstd)

(e) NMF (K=2)

(f) NMF (K=4)

In Table 1 and Fig. 8, all detection methods in the ROI B
exhibit relatively dispersed features. The MD values
for each technique are generally high (884.22—1370.68),
and the VCV values are moderate (31.17-96.99).
Changes in K have a relatively small impact on detection
results. The indices across different methods are rela-
tively close, suggesting that the azimuth ambiguity of
ROI B may exhibit inherent dispersion. The performance
of NMF (K=4) and LR (mean+1 xstd) is comparable, with
MDs of 1216.10 and 1370.68, and VCVs of 31.17 and
72.18, respectively

SDD of LR (mean+1xstd) are all high, suggesting that
this method may yield many false positives and an
uneven spatial distribution. This phenomenon indicates
that the LR method is sensitive to threshold settings, and
improper parameter choices can significantly degrade
detection performance.

Fig. 7(a) shows the original ROI A, where the left is
the strong sea clutter, and the center is the azimuth ambi-
guity, whose intensity is not stronger than the former.
Fig. 7(b)-Fig. 7(e) show the azimuth-ambiguity detec-
tion result. The LR method under the mean+1xstd thresh-
old shows clear discrete distribution characteristics, with
many isolated white-noise pixels throughout the image,
consistent with the VCV of 114.21 in the quantitative
indicators. From a qualitative perspective, K=2 has
slightly better detection performance than K=4, but there
are no obvious omissions or false positives. Among the
three thresholds, the mean + 0 x std performs best.

(¢) LR (mean+0.5xstd) (d) LR (mean+1xstd)

(g) NMF (K=6)
Fig. 7 Detection masks of ROI A

(h) NMF(K=8)
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Fig. 8 Indicators of ROI B
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Fig. 9(a) shows the original ROI B. There are three appar-
ent azimuth ambiguities. This further supports the quantita-
tive conclusion of the inherent distribution characteristics.
From a qualitative perspective, the LR method under the
mean + 0 x std threshold still performs the best in terms of

(a)ROIB (b) LR (mean+0xstd)

(e) NMF (K=2)

(f) NMF (K=4)

aggregation. However, it does not detect the left-side
azimuth ambiguities. This error occurs because the experi-
ment is configured with a limited detection area. Controlling
MEFT to obtain a larger detection area can avoid missed
detections, but will also generate more irrelevant noise.

(¢) LR (mean+0.5xstd) (d) LR (mean+1xstd)

(g) NMF (K=6) (h) NMF (K=8)

Fig. 9 Detection masks of ROI B

In addition, for the right ambiguity in ROI B, most
methods only detect sporadic noise in the middle, except
the LR method under the mean+0xstd threshold. Among
them, the noise after processing with K=4, 6, 8 exhibits a
relatively uniform spatial distribution, and morphological
operations, such as dilation, can help mitigate missed
detections. This is because increasing K can capture more
subtle changes in features.

Fig. 10 shows the indicators of the ROI C. It can be
concluded that the NMF method is significantly superior
to the LR method. NMF (K=4) achieves the best cluster-
ing metrics: MD = 154.71, SDD = 106.71, VCV = 2.84,
and MCD = 111.78. K = 6, 8 also maintaines excellent
performance. These indicators also indicate that the pro-
posed method’s performance gradually saturates as K
increases. Correspondingly, the LR method’s perfor-
mance in ROI C still fluctuates widely with changes in
the threshold. The VCV of LR (mean+0xstd) is as high
as 47.11, indicating poor clustering. However, as the
threshold increases, the VCVs of LR (mean+0.5xstd)
and LR (mean+1xstd) decrease to 6.14 and 4.58,
respectively, but remain higher than those of the NMF
method.

400

| »
.»\ r
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N / Q
'qé 200 et - & \\
E L T &
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0 . i o A PN
LR, LR, LR,, NMF, NMF, NMF, NMF,
Method
—e— :MD (LR); -o0-:MD (NMF);

—=— :SDD(LR); -0 - :SDD (NMF);
:VCV (LR); -4 -:VCV (NMF);
4— :MCD (LR); -¢ - : MCD (NMF).

Fig. 10 Indicators of ROI C

Fig. 11(a) shows the original ROI C. The artifacts on
the sea surface originate from a strong-scattering target
below. Fig. 11(b) indicates that the LR method under the
mean+0xstd threshold results in severe false and missed
detections, which cannot be mitigated by controlling the
detection area via MFT. Compared with other LR meth-
ods in Fig. 11(c)—Fig. 11(d), the LR method with mean+0x
std performs worst, indicating the limitations of the tradi-
tional SSA-based method for adaptive threshold selec-
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tion. Correspondingly, the proposed method, using NMF
and multiple sub-look images, is more stable. Compared

‘ (a) ROI C

(b) LR (mean+0xstd)

(e) NMF (K=2) (f) NMF (K=4)

with Fig. 11(e) and Fig. 11(f), the aggregation of K=4 is
significantly better than K=2.

(c) LR (mean+0.5xstd)

(d) LR (mean+1xstd)

(g) NMF (K=6) (h) NMF (K=8)

Fig. 11 Detection masks of ROI C

To verify the proposed method’s performance in point-
azimuth ambiguity detection, comparative experiments
are conducted in ROI D, which includes 21 real vessel
targets or strong-scattering points on the sea, and 30 false
azimuth ambiguities.

As shown in Fig. 12(a), the ambiguities are distributed
along the azimuth direction on both sides of the real ves-
sel target pointed by the yellow arrow. Fig. 12(b) indi-
cates that the mask, when LR is under the mean + 0 x std
threshold, cannot be used for false vessel detection due to

(a) ROID (b) LR mask (mean+0xstd)

(e) LR Mask (mean+1xstd) (f) LR (mean+1xstd)

(¢) LR Mask (mean+0.5xstd)

. . ' .
¥

incorrect threshold settings. Therefore, this case does not
participate in subsequent discussions. Fig. 12(d),
Fig. 12(f), Fig. 12(h), and Fig. 12(j) are the detection
results, where the green box is the strong intensity targets
detected by CFAR and the red box is the fake targets
detected by two SSA-based methods. Since the small area
of partial azimuth ambiguity formed by real vessels or
strong-scattering points and their similar intensity to sea
clutter, CFAR does not detect 14 false azimuth ambigui-
ties.

(d) LR (mean+0.5%std)

(2) NMF Mask (K=2) (h) NMF (K=2)
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(i) NMF Mask (K=4) (j) NMF (K=4)

(m) NMF Mask (K=8)

(k) NMF Mask (K=6) (1) NMF (K=6)

(n) NMF (K=8)

Fig. 12 Detection results of ROI D

The indicators adopt the missed detection rate (MAR)
and false detection rate (FAR) used in traditional vessel
detection. To verify the proposed method’s performance
in point-azimuth ambiguity detection, comparative experi-
ments are conducted in ROI D, which includes 21 real
vessel targets or strong-scattering points on the sea, and
30 false azimuth ambiguities.

Table 2 and Fig. 13 present the quantitative evalua-
tion results for ROI D. The NMF (K=4) methods achieve
the best overall performance, with zero FAR and zero
MAR, indicating that the process accurately identifies

the 16 false targets detected by the CFAR algorithm.
In addition, it can identify 12 false azimuth ambiguities
that CFAR missed. Although the NMF (K=2) method
also achieves a zero FAR, its MAR is as high as 43.75%,
indicating insufficient ability to extract false target fea-
tures when the sub-look number K is limited. In contrast,
the LR method faces an apparent trade-off in threshold
selection: LR (mean+0.5 x std) maintains a zero FAR
while producing a 25% MAR; LR (mean+l X std)
reduces the MAR to 18.75%, but introduces a FAR of
4.55%.

Table 2 Analysis of detected indicators %
Method Index ROID
FAR 0
LR (mean+0.5xstd)
MAR 25
FAR 4.76
LR (mean+1xstd)

MAR 18.75

FAR 0
NMF (K=2)

MAR 43.75

FAR 0
NMF (K=4)

MAR 0

FAR 0
NMF (K=6)

MAR 0

FAR 0
NMF (K=8)

MAR 0
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Fig. 13 Indicators of ROI D

5. Conclusions

This paper focuses on two challenges faced by the tradi-
tional SSA-based azimuth ambiguity detection method in
practical applications: the difficulty of selecting an opti-
mal correlation detection threshold and the inherent high
correlation between sub-look images associated with spe-
cific azimuth ambiguities. An improved method of
azimuth ambiguity detection is proposed. By increasing
the number of sub-looks and introducing matrix decom-
position, the proposed method can discriminate between
azimuth ambiguity and the real target in feature space,
thereby improving discrimination. Experimental results
show that the proposed method can achieve fine segmen-
tation of weak azimuth ambiguities arising from ships or
strong scattering points, as well as detect large-scale dis-
tributed ambiguities arising from islands or cities. In
addition, the ablation experiment indicates that the pro-
posed method can better extract distribution features and
identify strong-correlation ambiguity, thereby reducing
the risk of missed alarms, by appropriately increasing the
number of multi-look operations. Compared with tradi-
tional SSA-based methods, it avoids dependence on
thresholds and detects masks with more concentrated
ambiguity and less irrelevant noise.
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