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[Abstract]

Maritime radar provides essential wide-area surveillance for naval Combat Management System
(CMS), yet 'object-like' clutter often leads to False Positives (FPs) that compromise system reliability.
This research focuses on analyzing these FPs to develop strategies for enhancing the autonomy and
reliability of maritime situational awareness. First, we empirically establish the operational performance
ceiling for post-detection FP suppression (AUROC = 0.844), demonstrating that hand-crafted features
are fundamentally insufficient to resolve the physical indistinguishability of clutter. To overcome this
limitation, we propose a Radar-Aware MAE (RA-MAE), a label-efficient detection framework based on
a domain-adapted self-supervised learning strategy. In particular, a Blob-Priority Masking module is
introduced to encourage the encoder to extract high-dimensional structural patterns from extensive
unlabeled radar data. Experimental results demonstrate that RA-MAE significantly improves detection
performance in data-scarce regimes. Notably, with a 10% label ratio, the proposed framework achieved
a 9.2% reduction in FPs while maintaining target recall. Furthermore, a comprehensive analysis provides
practical operational guidelines to optimize the trade-off between annotation costs and computational
resource investment. Consequently, this research establishes a viable technical trajectory for enhancing
the operational reliability and autonomy of naval maritime situational awareness by transitioning from

heuristic feature engineering to representation learning.

» Key words: Intelligent Combat Management System, False Positive Suppression, Self-Supervised Learning,
Maritime Radar Representation Learning, Label-Efficient Learning
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II. Preliminaries

1. Related works : FP Suppression
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Self-Supervised Pre-training

Representation
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3. Dataset and Experimental Setup
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Table 1. Fully-Supervised Baseline

Metric Value
mAPs, 0.7385
MAPs50-95 0.6509
Precision 0.6529
Recall 0.7211
F1-Score 0.6853
FP/image 0.2108
True Positives 2094
False Positives 1113
False Negatives 810

III. False Positive Suppression

1. Motivation
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(3) Morphological Noise Reduction: 3x3 EF¥E A
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Fig. 2. Qualitative Evaluation of the Constructed Hard
Negative Pool (A) Overlay of Targets (blue) and Hard

Negative Samples (orange) on a Zoom-in Patch, (B, C)
Grids of Cropped Samples of Hard Negatives and Actual
Targets, respectively.
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4. Statistical feature Analysis
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4.2 Statistical Comparison Results

Table 2= 7849} Hard Negative 7] 67} featured]|
AR &/ Bl s LRIt 7} feature?] TE
o5] Brtsp] 9ol -2 p-valueZ 534 &
9012 solsty, BE FHES $9) £ T4
Aarststel o, KL Divergence (Kullback-

i
2
!

19

2= 2 mjo rok

P 2

o
o=



Label-Efficient Maritime Radar Target Detection for Intelligent Combat
Management System via Domain Adapted Self-Supervised Learning 65

Table 2. Definition of Hand-crafted Features and Statistical Results between Objects and Hard Negatives

o . Hard _ Overlap .
features Definition Objects NS p-value %) KL Div.
Mean Z 3" 1. ) 90.64 9099 | 176e-03 | 80.0% | 0.1520
Intensity Wi== ' ' ' ' '
Intensity Max [ =max; 16, ) 229.47 22959 | 2.80e-07 | 98.8% 0.0048
Intensity
Std Dev _ 1 Y o
Intensity o= \/—HW;(I(Z,]) ) 84.28 85.76 0.00e+00 70.2% 0.3228
Y 1G,j)?
EF;‘er.gy E -0 02629 | 02604 | 0.00e+00 | 79.0% 0.1914
atIO ratio ﬁax HW
Morphological | A\gpect Ratio AR = %V 1.5603 13632 | 0.00e+00 | 85.2% 0.0865
A
Solidity S = % 0.9034 0.9021 3.00e-04 92.9% 0.303
hall
Leibler Divergence)S £l & &5 EX Ato]9] AHE  Divergence’} AlE[E 4 Q)= XRYUS Hoy&rt 67j
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A2 vol WURQl BE £72A0 2840] Heg
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RCSS} Ealdoz 74 Brhseich AS Eelsielrt
HEEHA feature £oA]= Std Dev Intensity7} 7H
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5. Classical Machine Learning Classifiers

5.1 Classifier Selection Rationale

M g 2ol 1}, 24 feature] SRR AFE
©2 Hard Negative A% Ao] of2jg-2 aelstoic.
Tefa 2 oM @Y T2 feature 7[9H9] Hard
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Layer Perceptron)7}X] thofst 24w S 718 E87|1S
WYsIo0, 2t $5710) 4 Ago] 283 £ ot
olm| mz}u]E}= Table 31} ZTH35].

Table 3. Hyperparameter Configurations and Performance Comparison of Various Machine Learning Classifiers

for Hard Negative Discrimination

Classifier Dzeliion hEr Theoretical Basis AUROC | Accuracy | Precision | Recall | F1-Score
Boundary | Parameters

Logistic Linear C=1.0 Linear separability of 0.6727 | 06497 | 06624 | 0.8686 | 0.7516

Regression features

SVM | Non-linear |  C=1.0 _ Kernel“induced g g371 | 97623 | 08119 | 08159 | 08030

high-dimensional mapping

Random | o, owise | 100 trees, | Ensemble of decorrelated | (g0 | 7434 | 07840 | 08000 | 0.7920

Forest depth=6 decision trees

Gradient | )\ itive | 100 trees. | Sequential optimization of | o gag8 | 7415 | ggos2 | 08035 | 08044

Boosting Ir = 0.1 residual errors

MLP Arbitrary | 64732, e ppcyen 08443 | 07689 | 08253 | 0.7880 | 0.8062
Non-linear | max_iter=500 approximation
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5.2 Results and AUROC Analysis
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Fig. 3. AUROC Performance Comparison by Various
Machine Learning Classifiers
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5.3 feature Importance Analysis
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Table 4. Comparison of Feature Importance based
on Gain and Permutation

feature Gain-based | Permutation Importance
Importance Mean Std

Mean Intensity 0.2894 0.165 0.0017
Max Intensity 0.2390 0.0929 0.0010
Std Dev Intensity 0.2051 0.0600 0.0008
Energy Ratio 0.1618 0.0363 0.0008
Aspect Ratio 0.0995 0.0297 0.0007
Solidity 0.0049 0.0021 0.0001

5.4 Operation Analysis and Score Distribution
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o] TP fAlE2 5P| Y= dARE 0.30 olst
2 d7gstiof 6}5111, o] 3% FP Zgag2 42.7%0] 1A
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Table 5. Trade-off Analysis between TP Retention
and FP Reduction

Threshold Precision TP Retention | FP Reduction
0.30 0.716 92.3% -42.7%
0.40 0.780 84.7% -62.5%
0.50 0.825 78.8% -73.9%
0.60 0.858 72.5% -81.3%
0.70 0.886 65.5% -86.8%
0.80 0.926 53.6% -93.3%

6. Summary and Motivation for Advanced
feature Learning
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IV. Label-Efficient Detection via
Self-Supervised Learning

1. Motivation
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2. Proposed Methods
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2.1 Radar-Aware Masked AutoEncoder (RA-MAE)
RAMARE A5t 3 9:1%% CEENES
Zlold v]d

1 R 3 e el xgmar B2 iRl g

= 1R BAl ARG 7
HE YOLOv8s b ackbonei J_x]o}o:] qo A EZ] EH(]
719t0] a2 A =X S sdsigion) o2 Eaf HLo
AR ¥Ig Aoojglo] AP 715AIE Flojat & Q)
£2 olgirt. ¥ magyas 37 dlay, 28 94 o}
A7) 95 72k MLP gIgz JpA=ich

QA 9130+ YOLOv8s backbone? %7] thAl 7H
gojojz o], ¥ oJu]X]E 640x6400]4 80x80
3719 128 AP P3 57 o2 che AU o)
A], Adaptive Average Poolinge £3dff 40x40 12jE&

E39] 75%5 TANY] ntAZIsH= 71&E Sk HHAl
& AME Boly St FEo] S F
28 94 0127 BES mYelgich AR
b-022 A4l 5h] % 4491 50%0] siohe 3
ﬂﬂili SHFo 2 sk, o] & AAl 75%00 i
2007H U}A:IE E'X]—Hi /dEHo}o:] U}/ﬁ]o}oﬂo

£ 0.80] tiaiM= Aol TARL] 74T

2
ro o“
S

1 Ro %
L EEEERE G

T3y ohaZE TR] Rl B 8% TRsa o}

N
X
&
=)

0

=
Jo

O

OtATE 16x16 TR Y& 1
Bolst 25 MLPE 7¥sigion, o}
of] tfjall 419t Mean Squared Errorz &
of AKd S5 485t

2.2 Radar-Specific SimCLR (RS-SimCLR)
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Stage 1.a. Radar-Aware MAE Pre-training
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Fig. 4. Self-supervised Learning based Detection Framework: (Stage 1) Radar—aware MAE and Radar-Specific SimCLR
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2.3 Overall Framework
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(Stage 2) Supervised Fine—tuning

3. Experimental Setup

3.1 Pre-training and Fine-tuning Setup
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Table 6. Hyperparameters for Self-supervised
Pre-training and Supervised Fine-tuning
Hyper RA-MAE RS-SimCLR | Fine-tuning
parameter
YOLOv8s YOLOv8s
Model (layers 0-9) | (layers 0-9) YOLOvEs
Optimizer AdamW AdamW AdamW
Learning rate 1.5x10™ 3x10™ 1x107°
Batch size 64 128 32
Cosine + 10 | Cosine + 10 | Cosine + 3
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3.2 Labeled Data Subset Construction
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3.3 Statistical Significance Verification
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4. Results
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Table 7. Comprehensive Performance Comparison of Detection Models across Different Labeled Ratios

Scratch baseline tjg] 8H¥ Hs A =
Moz FAMst ZAul, mAPs(A=+0.0426) mAPsgg5(A
=+0.043)9] A S 50% 2HE BlE&L AR
RA-MAEIA] HREIQICE ol AMHSLE® Z13AL
50%2] 2 clole] sk Aaot AgIYL U 1Y 28

Aol Mt AR

o

i

X2k
Jskxe}

te 9Eae ojujsint
£5], 283 Fe Hapd 7llAe] FP ol Aol
Tt 10% 2H¥ ¥]goA RA-MAEE Recall2 SX](A

=+0.0041)stHA = FPE 21370(-9.2%) 7¥AA|7]= Adut
£ Hoh o]& U AlRtARl A= st ol E A
skl 1glo] ZBRQF Hard Negative® 1828 4 9)
A|X0] £7] feature 371 AledtozH, ©X|7]|9
e AN O R PIZSZ AlARRIT

olojA], Table 82 &F %A UA7] v]&o] Tg 24
(mAPsp-05) Y]l AIS UEPACE of7]N r2 &5
opA7) 2HE-2 2Ju]sty, r=0.002 ¢l FATY] ofA
d, r=1.002 ¢H 55 A upaFdo] sligeitt.

A Ant BE 2 vlg FZofA r=0.200] 1
52 7I53ien, 53] A2fE A7t (10%, 25%)01A AT
¢ ofAZ o] 282+ 0.027, 0.037 At

2, =020 Apslo] F7184E 5L gas]

S

_L4

o l‘l[‘ K

J
O o
o
o

\

Table 8. Performance Comparison by BPM
Random-blob Prior Masked Ratio () - mAPsg-gs.

L;‘;‘::zd ~0.00 | =0.20 | =0.40 | ~0.60 | ~=0.80 | ~1.00
10% | 0.5160 | 0.5433 | 0.5354 | 0.5358 | 0.5377 | 0.5417
25% | 0.5863 | 0.6230 | 0.6129 | 0.5718 | 0.6016 | 0.6023
50% | 0.6472 | 0.6507 | 0.6128 | 0.6261 | 0.6429 | 0.6490
100% | 0.6462 | 0.6563 | 0.6426 | 0.6534 | 0.6394 | 0.6496

L?g‘:i'sd ;;?:;'Ir;i Method | mAPs; | mAPsses | Precision | Recall | Fl-score TP FP FN
Scratch | 064038 | 05217 | 04794 | 07338 | 05799 2131 2314 773
10% 1587 |RS-SimCLR| 0.6064 | 05183 | 0.4409 | 07348 | 05511 2134 2706 770
RA-MAE | 06280 | 05433 | 05049 | 07379 | 05996 2143 2101 761
Scratch | 06845 | 06039 | 05835 | 07042 | 0.6382 2045 1460 859
25% 3,968 |RS-SIMCLR| 06174 | 05355 | 05473 | 06636 | 05998 1927 1594 977
RA-MAE | 07118 | 06230 | 05800 | 07476 | 0.6532 2171 1572 733
Scratch | 07004 | 06077 | 06215 | 06915 | 0.6546 2008 1223 896
50% 7.936 |RS-SimCLR| 07035 | 06175 | 06329 | 06897 | 06601 2003 1162 901
RA-MAE | 07430 | 06507 | 06064 | 07455 | 0.6688 2165 1405 739
Scratch | 07385 | 06509 | 06529 | 07211 | 0.6853 2094 113 810
100% | 15872 |RS-SimCLR| 07203 | 06307 | 06267 | 07262 | 06728 2109 1256 795
RA-MAE | 07394 | 06563 | 06347 | 07376 | 0.6823 2142 1233 762
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n

Table 9. Statistical Significance Verification and FP/Image Comparison at Fixed Recall (Baseline: Scratch,

conf=0.25). Bold indicates statistical significance (95% CI excludes 0), negative A (FP/image) indicates
improvement.
. Labeled mAPsy A o Scratch Calibrated Calibrated .
Cemeeifeen |~ e [95% CI] FreeRReeEll | o Threshold e | TS
. +0.0195 ]
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RA-MAE . +0.0441 B
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. -0.0087 ]
100% (-0.0149, ~0.0024] 0.7211 0.2108 0.2923 0.2072 0.0036
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° [-0.0233,+0.0015] ' ' ' ' '
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Scratch vs. ’ [+0.0559,+0.0783] : : : : :
RS-SimCLR . -0.0086
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Fig. 5. Qualitative Comparison for Detection Results. (A)

Case 1: Multiple Targets, (B) Case 2: Object-like Clutter.

Colored Boxes: True Positives(Sky blue), False Positives
(Orange), False Negatives(Purple).

5. Analysis
5.1 Label Efficiency Under Annotation Scarcity
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mAP50 vs. Labeled Ratio
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5.3 Analysis of Label Efficiency and Label Regime
via Performance Convergence
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