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Abstract—Radar target detection in meteorological clutter
remains difficult in surveillance systems. Under adverse weather,
conventional detection algorithms may generate excessive false
alarms and degrade target tracking. This work presents a
preliminary study on the use of deep learning for radar target
discrimination using complex Doppler signatures extracted from
real operational measurements of the SABER M200 Vigilante
radar. The proposed approach organizes radar samples as
structured tensors of Doppler signatures from multiple pulse
repetition frequencies (PRFs) and receiver channels, preserving
the real and imaginary components of the complex signal to allow
the network to exploit both amplitude and phase information.
A compact hybrid 2D/1D residual convolutional neural network
(=147,000 parameters) is trained on a strict temporal partition
and evaluated against a sealed cross-day dataset. The proposed
model achieves an F> score of 0.910 and ROC-AUC of 0.999 on
the cross-day test, outperforming linear baselines by more than
0.75 in F» and demonstrating feasibility on operational data.

Index Terms—Radar signal processing, deep learning, meteoro-
logical clutter, Doppler processing, convolutional neural networks

I. INTRODUCTION

Surveillance radar systems play a fundamental role in
airspace monitoring and target tracking. However, detecting
aerial targets under adverse meteorological conditions is chal-
lenging because meteorological clutter degrades conventional
detection algorithms, increasing the Doppler background level
and generating excessive false alarms.

Conventional techniques rely on threshold-based approaches
such as Constant False Alarm Rate (CFAR) detectors [1].
Although widely deployed, these methods degrade in non-
homogeneous environments where clutter statistics vary spa-
tially and temporally, making discrimination between clutter
and targets particularly difficult when both occupy similar
regions of the Range-Doppler domain.

Polarimetric diversity is an established approach for dis-
criminating scatterer types in weather-radar systems [2].
Spectral-polarimetric methods exploit depolarization to sepa-
rate precipitation from ground clutter [3], [4]. However, these
require dual- or full-polarimetric acquisition, which is unavail-
able in the single-polarization S-band radar considered here.
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This motivates discrimination techniques that rely solely on
the complex Doppler, multi-PRF, and multi-receiver structure
present in conventional surveillance measurements.

Deep learning has emerged as a powerful tool for radar
signal analysis [5]. Convolutional Neural Networks (CNNs)
in particular learn discriminative representations directly from
structured radar data without relying on analytical clutter
models [6], [7], exploiting spatial, spectral, and temporal
correlations that are difficult to model with conventional signal
processing [8], [9].

This work investigates the feasibility of CNN-based target
discrimination under meteorological clutter using complex
Doppler signatures from the SABER M200 Vigilante radar.
The central hypothesis is that the joint observation of Doppler
responses across multiple PRFs and receiver channels pre-
serves discriminative characteristics that CNNs can exploit,
including under a strict cross-day generalization test in which
no information from the held-out day informed any modelling
decision.

II. DATABASE GENERATION

The dataset was collected during a real operational field
experiment in Campinas, Brazil, using the SABER M200 Vigi-
lante radar, a ground-based S-band phased-array pulse-Doppler
surveillance radar developed through a cooperation between
the Brazilian Army and Embraer [10]. The radar remained
stationary while monitoring real aerial traffic. Meteorological
conditions produced localized clutter that affected portions of
the coverage volume.

A. Signal Processing and Data Extraction

The radar signal processing chain follows a conventional
pulse-Doppler architecture. After coherent acquisition and
range-Doppler processing, detection candidates are identified
through CFAR processing on Range-Doppler maps [1]. The
complex Doppler signature for range bins with significant
Doppler activity is preserved for offline analysis. The proposed
network does not receive binary CFAR decisions. It receives
the full I/Q Doppler response, preserving spectral structure,
Doppler distribution, and phase characteristics. The simplified
extraction pipeline is shown in Fig. 1.
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Fig. 1. Simplified radar signal processing and dataset extraction pipeline. Range bins presenting significant Doppler activity after CFAR-based processing are
selected and their complex Doppler signatures are preserved for deep learning-based analysis.

B. Annotation and Temporal Partitioning

Target samples were manually annotated from range—time
visualizations, with annotations corroborated by secondary
surveillance radar (SSR) data. Target-related samples show
coherent trajectories, and clutter samples show spatially ex-
tended patterns. Labels should be understood as practical
experimental labels, not perfect ground truth.

A two-stage sanitization procedure was applied to remove
duplicate and conflicting samples. First, intra-class duplicates
were removed using the joint range-bin and timestamp key,
eliminating repeated detections of the same range-time cell.
Second, samples present in both classes with the same range-
bin and timestamp were removed from both, discarding in-
stances labelled inconsistently as target and clutter.

Data were partitioned by scan order to prevent temporal
leakage. Cells sharing an antenna scan are correlated, so
no scan straddles a partition boundary. C1 comprises two
temporal acquisition segments collected on the same day.
Segment 1 is assigned entirely to validation. Within Segment 0O,
a contiguous interior block is also assigned to validation. Two-
scan guard intervals flanking the block are discarded. All
remaining Segment 0 scans form the training set. A dataset
acquired on a different day (C2) was held out as an external
test set and was not used during model development. The
resulting distribution is shown in Table I and the range-time
view with partition assignments in Fig. 2.

TABLE I
DATASET DISTRIBUTION BY SUBSET AND CLASS, AFTER TWO-STAGE
SANITIZATION. C1 IS SPLIT BY SCAN ORDER; C2, ACQUIRED ON A
DIFFERENT DAY, IS THE HELD-OUT EXTERNAL TEST SET.

Subset Clutter  Target Total
Cl1 training 66,636 3,535 70,171
Cl validation 50,248 1,901 52,149
C2 ext. test 23,895 637 24,532

III. RADAR SIGNAL REPRESENTATION

Each sample is the complex Doppler-domain signature for
a selected range bin, acquired across multiple PRF bursts and
receiver channels [11]. The measurement arrives as a one-
dimensional complex vector. In this vector the Doppler index
varies fastest, followed by the receiver channel, then the PRF
burst. After partitioning into PRF blocks and demultiplexing
per receiver, the signature is reorganised into a tensor:

CxPxD
X e CoxxP,

where C' is the number of receivers, P the PRF bursts, and D
the Doppler bins. Due to confidentiality constraints, the exact
values of C, P and D are not disclosed, but the physical
structure is preserved in full.

A. Real and Imaginary Channel Decomposition

Because the proposed architecture uses real-valued con-
volutions, X is converted to a real-valued representation by
concatenating the real and imaginary parts along the channel
axis:

X c RQCXPXD

This preserves all information in the original complex signal
while remaining compatible with standard CNN operations.
Unlike magnitude-only representations, this retains phase in-
formation. Section V confirms that phase information is criti-
cal: a magnitude-only model (A6) degrades by 0.12 in F.

IV. PROPOSED NEURAL NETWORK ARCHITECTURE

We propose a compact hybrid two-stage residual CNN
operating directly on X. The network has five macro blocks:
a front end, a 2D PRF-Doppler residual stage, a transition, a
1D Doppler residual stage, and a decision head.
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Fig. 2. Range-Time view of all labelled cells. Left: C1 development set with temporal partition highlighted (train/guard/val). Target trajectories appear as
diagonal lines (red dots), clearly separable from meteorological clutter (blue cloud). Right: C2 external test set, containing strong and weak clutter alongside

two clearly visible target trajectories.

A. Input Representation

The network is applied to the real-valued tensor X €
R2CxPxD defined in Section III. I/Q components and re-
ceivers act as the 2C channels, while the PRF and Doppler
axes form the spatial grid on which the 2D convolutions act.
A single 2D kernel therefore spans several PRF bursts and
Doppler bins at once, so the early layers learn how a return
evolves jointly across slow time and Doppler rather than along
either axis alone.

B. Macro Structure

The front end applies input BatchNorm directly to the 2C-
channel Re/Im tensor. Input normalization keeps the network
self-contained and facilitates its integration into a radar pro-
cessing chain. The small configuration uses no stem, so the
first 2D block operates on the raw input channels. The 2D
PRF-Doppler stage has two residual downsampling blocks that
halve both the PRF and Doppler axes, progressively fusing the
PRF dimension to a single row. A transition squeezes this axis
into a Doppler sequence. Two 1D Doppler residual blocks
refine the sequence. The decision head concatenates global
average and max pooling and outputs a target-presence logit.

The two-stage design matches the structure of the signal.
While both PRF and Doppler axes carry information, the 2D
stage first learns their joint structure and fuses the PRF dimen-
sion to a single row. Once that axis is consumed, the remaining
variation lies along Doppler alone, so 1D convolutions suffice
and avoid the cost of 2D kernels over a degenerate axis. This
keeps the network compact while still exploiting cross-PRF
correlations where they are present.

Every block follows the residual mapping

Y = ReLU(F(X) + §(X)), (1)

where F is the main path and S the shortcut. Within this
mapping, the 2D blocks downsample both axes with even
kernels and strides of two, using asymmetric padding to

preserve axis compatibility, while the 1D blocks use same-
length padding throughout. The complete network configura-
tion is summarized in Table II. The model comprises 147,377
trainable parameters.

TABLE II
PROPOSED HYBRID 2D/1D RESIDUAL CNN.

Block Configuration Output
Front end

Input tensor [2C, P, D]
BN2D input normalization [2C, P, D]
2D PRF-Doppler stage (no stem; starts from 2C' channels)

Res-2D-1 [3x9] + [2x4,s2] ® [1x1,82], 2C—32  [32, P/2,D/2)
Res-2D-2 [1x9] + [2x4,52] ® [1x1,52], 3264 (64,1, D/4]
Squeeze PRF  remove singleton [64, D /4]
1D Doppler stage

Res-1D-1 [7] + [5] @ id [64, D/4]
Res-1D-2 5] + [3] @ [1] [32, D/4]
Decision head

Pool GAP+GMP, concat [64]
Output Dropout, Linear [1]

“+7 chains main-path convolutions. “&” is residual addition with shortcut
+ ReLU (Eq. 1). Strides are 1 unless noted.

C. Loss and Training

The model was trained using binary cross-entropy with
logits:

N
L= *% > [unlogo(en) + (1-yn) log(1-0(zn))], @)

where o is the logistic sigmoid and y,, € {0, 1} the label. Class
imbalance (= 19:1 clutter to target in training) is handled by
weighting the positive term by w; =19.

Hyperparameters were optimized through a sequential co-
ordinate search on the C1 validation set using 30-epoch



training trials. The selected configuration employed the Adam
optimizer with a cosine annealing learning rate schedule
(maximum learning rate of 3 x 1073), ReLU activations, and
2D spatial dropout (dropout rate of 0.1) applied to the feature
maps. The final model was then trained on the CI1 training
set for up to 50 epochs. The checkpoint achieving the highest
validation F5 score was selected at epoch 25.

D. Evaluation Metric

Standard accuracy is dominated by the majority clutter class
(= 19:1). Therefore, the Fjg score with 5=2 was adopted as
the primary evaluation metric:

5P-R

TIPTR ¥

2
where P and R denote precision and recall, respectively. This
metric places greater emphasis on recall than precision. In
surveillance applications, missing a target (i.e., reducing the
probability of detection, Py) is operationally more costly than
generating a false alarm. Consequently, the F5 score better
reflects the operational priorities of the target discrimination
task. All model selection decisions were based exclusively on
the C1 validation F5. The C2 test set was not used during
model development

V. RESULTS AND DISCUSSION

A. Baselines

Two linear classifiers were trained on the same temporal
splits. A logistic regression (LR) model on magnitude features
achieves F5=0.635 on Cl-val but collapses to F>=0.153 on
C2, showing that the learned representation does not generalise
across days. An SVM on the raw complex signal performs
worse in-distribution (F» =0.167) and similarly on C2 (Fp=
0.117). These results confirm that the problem is not linearly
separable and motivate the architecture in Section IV.

B. Internal Performance (C1 Validation)

At the operating threshold of 0.655 selected on Cl1-val, the
baseline CNN (A1) achieves F5 =0.991 and PR-AUC =0.995.
Table III shows the confusion matrix: of 1,901 target samples
only 7 are missed, and of 50,248 clutter samples only 58
produce false alarms.

TABLE III
CONFUSION MATRIX ON C1 VALIDATION (THRESHOLD 0.655): 99.6%
TARGET DETECTION AND 99.9% CLUTTER REJECTION (F2=0.991).

Predicted
Target  Clutter
Actual Target 1,894 7
Clutter 58 50,190

C. Cross-Day Generalization (C2)

Table IV compares all models on the sealed C2 test. The
threshold is fixed at 0.655 from C1 val with no re-tuning.
Fig. 3 shows the ROC and precision-recall curves on C2 for
the CNN baseline and both linear models.

TABLE IV
CROSS-DAY GENERALIZATION ON THE SEALED C2 TEST SET, THRESHOLD
FIXED AT 0.655 (NO RE-TUNING).

Model Fy AUC-ROC
LR (magnitude) 0.153 0.747
SVM (complex) 0.117 0.522
CNN Re/Im (A1) 0.910 0.999

The CNN (A1) achieves F> =0.910 on C2, outperforming
the best linear baseline by +0.757. At this operating point
the CNN detects Py = 100% of targets at Py, = 10% and
P; =99.7% at Pt, = 1%, thresholds at which both linear
baselines detect fewer than 2% of targets. The fixed threshold
of 0.655 is one point on these curves, not the only usable
one. Because the full detection and false-alarm trade-off is
traced by sweeping the threshold, the operating point can be
moved to match operational priorities. Lowering it raises P,
at the cost of higher Py,, while raising it does the reverse.
The C2 ROC curve in Fig. 3 stays close to the top-left corner
(AUC-ROC 0.999), so a wide range of thresholds yields high
detection at low false alarm. This margin is the practical value
of the model: a deployment can select its own Py or Py, target
without retraining, and the threshold transferred unchanged
from C1 to C2, which indicates the operating point is stable
across days.

D. Ablation Study

Table V ranks all ablations by C2 F5. Each configuration
modifies one design choice of the baseline CNN (Al).

TABLE V
ABLATION RESULTS SORTED BY C2 F5. EACH VARIANT MODIFIES ONE
FACTOR FROM THE BASELINE (A1).

ID Description Cl-val Fo, C2 F»
Al Baseline Re/Im 0.991 0.910
A7 Magnitude + phase 0.979 0.877
A3 Per-sample normalization 0.977 0.871
A6 Magnitude only 0.980 0.794
A4 Phase-rotation aug. 0.981 0.792
A7b  Magnitude + unwr. ph. 0.982 0.787
A0 LR baseline (magnitude) 0.635 0.153

The ablation isolates phase information as the decisive
factor: switching to magnitude-only (A6) reduces C2 F; to
0.794 (A=0.116 below A1), confirming that the Re/Im chan-
nel decomposition provides complementary information rather
than just more features. Variants that combine magnitude with
explicit phase channels (A7, A7b) also underperform the joint
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Fig. 3. ROC (left) and Precision-Recall (right) curves on the C2 cross-day test
dominates across all operating points (AUC-ROC 0.999, AP 0.950).

Re/Im representation, indicating that the benefit comes from
how real and imaginary parts are presented to the convolutions
rather than from the mere availability of phase. Phase-rotation
augmentation (A4) and per-sample normalization (A3) both
reduce cross-day F5, suggesting that modifying the phase
structure or removing global amplitude information is harmful.

VI. CONCLUSION

We presented a compact hybrid 2D/1D residual CNN
(147,377 parameters) for binary target-presence detection un-
der rain clutter, operating directly on the complex multi-PRF,
multi-receiver Doppler tensor produced by the SABER M200
Vigilante radar. The Re/Im channel decomposition is essential
to cross-day performance. On C1 validation the network
achieves F» =0.991 with only 7 missed targets and 58 false
alarms among 52,149 samples. On the sealed cross-day C2
set, the network attains 5 =0.910 and AUC-ROC = 0.999,
outperforming the best linear baseline by 0.757 in Fs. The
CNN detects 99.7% of C2 targets at Py, =1%, thresholds at
which linear baselines detect fewer than 2%.

These results confirm the central hypothesis of this work:
the joint multi-PRF, multi-receiver complex Doppler rep-
resentation contains discriminative information that can be
effectively exploited by a compact CNN. This demonstrates
the feasibility of deep learning-based target discrimination in
meteorological clutter using real operational radar data.

A. Limitations

Results come from a single operational campaign under one
meteorological event type and should be interpreted as prelim-
inary feasibility evidence. Annotation from Range-Time visu-
alizations may contain residual uncertainty for weak targets
in clutter-dominated regions. Performance may also depend

set for the CNN baseline (A1), logistic regression (LR), and SVM. The CNN

on campaign-specific preprocessing and clutter characteristics,
which motivates evaluation across more diverse conditions.

B. Future Work

Directions include evaluation across multiple campaigns and
event types, complex-valued architectures [12] that natively
process I/Q, uncertainty quantification for adaptive threshold
selection, domain adaptation for cross-day shift, and multi-
class discrimination between clutter types.
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