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Abstract

Recent advancements in deep learning have shown considerable potential to enhance
radar target detection, particularly in improving detection probability under complex
environmental conditions. However, existing deep learning approaches largely operate in
the real number domain, neglecting the complex-valued nature of radar data, and often
inherit vision-oriented architectures that fail to address radar-specific challenges—such
as sparse target echoes, the necessity for phase preservation, and constraints imposed
by scanning radar systems. Meanwhile, conventional radar signal processing methods,
including CA-CFAR, are limited by their dependence on idealized statistical models and
often underperform in dynamic and cluttered electromagnetic environments.To overcome
these issues, this paper proposes Radar Transformer for Detection (RaTDet), an end-to-
end detection network that integrates complex-valued convolutional neural networks
(CNNs) and Transformers. RaTDet fully leverages complex-valued data to preserve critical
phase and amplitude information, enabling automated feature learning directly from raw
radar signals. The model operates effectively with very few pulses, making it suitable
for resource-constrained scenarios, and can serve as a pre-trained foundation model for
various radar downstream tasks. Experimental results demonstrate that RaTDet achieves
excellent detection performance, characterized by high detection probability (Pd) and low
false alarm rate (Pfa), outperforming both traditional signal processing and conventional
deep learning methods. This work bridges the gap between deep learning and radar signal
processing, offering a flexible and powerful network for next-generation radar systems.

Keywords: radar target detection; complex-valued neural networks; end-to-end architecture

1. Introduction
Maritime radar target detection serves as the cornerstone of modern ocean surveil-

lance, maritime security, search-and-rescue operations, and naval defense, enabling the
all-weather, day-and-night monitoring of vessels, small targets, and dynamic oceanic
scenes under harsh meteorological and electromagnetic conditions [1,2]. Conventional
detection frameworks, represented by constant false-alarm rate (CFAR) detectors and
model-driven statistical methods, rely heavily on handcrafted features and predefined clut-
ter models, which suffer from performance degradation in non-stationary, non-Gaussian
sea clutter, low signal-to-clutter ratio (SCR) scenarios, and when facing small, low-radar-
cross-section (RCS), or highly maneuverable targets [3,4]. These limitations have motivated
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a paradigm shift toward data-driven intelligent detection, which leverages deep learning,
multi-dimensional feature fusion, and self-adaptive learning to mine implicit scattering
characteristics and contextual information from radar echoes, thereby breaking the bot-
tlenecks of traditional algorithms in complex marine environments [5,6]. In recent years,
the field of intelligent maritime radar target detection has witnessed rapid advancement
driven by annotated datasets, and novel neural network architectures [7–9]. Previous stud-
ies [10] have shown that deep learning networks can also be effectively applied to radar
target detection tasks when radar data are represented in image format, with application in
radar automatic target recognition [10], radar target detection [11–13], cognitive radar [14],
marine target detection [15,16], and synthetic aperture radar target detection [17]. These
techniques enable high-performance detection with low false alarm probability (Pfa) and
high detection probability (Pd).

It is important to note, however, that current research on neural network architectures
is largely driven by applications in computer vision and natural language processing. De-
signing effective neural networks for radar applications may require deeper radar-specific
insights. Several key differences between visual images and radar data are noteworthy.
First, radar echoes—formed by waves scattered from targets—typically occupy only a
small fraction of pixels in the radar image, making radar target detection inherently a
small-object detection problem from a computer vision perspective. Second, vision-based
algorithms generally process entire images, which is often incompatible with the sequential
data acquisition of scanning radars. Third, unlike real-valued visual images, modern
radar systems typically collect complex-valued data. In this case, a complex-valued neural
network, whose computations adhere to the rules of complex multiplication, constrains the
parameter optimization space to a more physically plausible subspace, thereby enhancing
the network’s efficiency in extracting features from complex-valued data.

On the other hand, conventional radar signal processing is increasingly challenged by
complex electromagnetic environments. Although classic methods such as Cell-Averaging
Constant False Alarm Rate (CA-CFAR) are valued for their simplicity, stability, and effec-
tiveness, they are designed under the assumption of Rayleigh-distributed clutter. Despite
the development of alternative detectors [18–26], these closed-form solutions often struggle
to adapt to the dynamic and heterogeneous interference conditions faced by modern marine
radars. This mismatch between theoretical assumptions and practical conditions leads
to degraded detection performance. Deep neural networks, with their strong nonlinear
modeling capacity, offer a promising approach to mitigate these issues.

In this paper, we propose RaTDet (Radar Transformer for Detection), a general frame-
work for end-to-end marine radar target detection. The architecture integrates complex-
valued data processing, classical radar signal processing techniques, and deep neural net-
works, combining the strengths of both traditional workflows and deep learning to achieve
high Pd and low Pfa. The main contributions of this work are summarized as follows:

(1) We introduce a fully complex-valued network architecture that comprehensively
preserves phase information from raw complex-value radar data. This allows the
model to exploit more complete information from the input of complex-value radar
data, leading to richer feature representations and improved detection performance.

(2) Unlike classical feature-based detectors that often require extensive pulse integra-
tion [19] the proposed model operates effectively with only a small number of suc-
cessive coherent pulses (a pulse group). This makes it particularly suitable for pulse
resource-constrained scenarios where rapid detection is essential.

(3) The pulse-group-based processing design offers high flexibility and compatibility
across various types of pulse-Doppler radars. This adaptability facilitates deployment
in diverse operational contexts without requiring major architectural modifications.
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The rest of the paper is organized as follows. Section 2 involves an introduction to
the motives in the design of RatDet. Section 3 addresses the typical framework of RaTDet,
and the relative theories underlying its blocks. Then numerical results generated by four
distinct models based on RaTDet are presented in Section 4. The performance of these
models is also compared to traditional methods utilized in radar signal processing. And
finally, in Section 5 we conclude our paper with a summary and a further research proposal
of RaTDet.

2. Related Work
Radar maritime target detection is a core technology for maritime situational aware-

ness, with an irreplaceable role in national maritime security, coastal defense, marine traffic
management, and marine resource development. Over the past decade, radar maritime
target detection has undergone a progressive evolution from traditional statistical methods
to intelligent deep learning-based approaches. This section systematically reviews the
related work in radar maritime target detection, focusing on three core technical categories:
statistical-based detection methods, deep convolutional neural network (CNN)-based
detection methods, and Transformer-based detection methods.

Constant False Alarm Rate (CFAR) detectors are the foundational paradigm for mar-
itime radar target detection, as they maintain a stable false alarm rate by adaptively
estimating sea clutter statistics. Classical CFAR variants, such as Cell-Averaging CFAR,
Order-Statistic CFAR, and Greatest-Of CFAR, have been widely studied but suffer from
performance degradation in heterogeneous sea clutter and nearshore regions with land in-
terference. To address non-Gaussian sea clutter modeling, Gao and Liu compared multiple
statistical models for SAR sea clutter and validated that the proposed model significantly
improves CFAR detection accuracy by better fitting heavy-tailed clutter distributions,
outperforming traditional Gaussian and K-distribution models in low signal-to-clutter
ratio scenarios [27]. To handle nearshore land–sea mixed clutter, Wen and Lu introduced
a space-time adaptive filtering preprocessing step combined with Generalized Extreme
Value distribution modeling, which suppresses non-stationary clutter and enhances CFAR
threshold robustness for offshore ship detection [28].

Deep CNN-based detection methods have become the mainstream paradigm of radar
maritime target detection. SLA-Net is proposed for SAR ship detection guided by a
hierarchical attention mechanism, which innovatively integrates a dedicated land–sea seg-
mentation branch with a hierarchical attention mechanism [29]. The land–sea segmentation
branch generates precise sea–land masks to distinguish sea regions from land clutter, while
the hierarchical attention module dynamically fuses multi-scale detection features with
the masks, enabling the network to focus on sea regions and suppress land interference
effectively. For low-SCR small and weak target detection, Zhang et al. proposed the Laplace
and LBP feature guided SAR ship detection method with an adaptive feature enhancement
block, which adopts a hybrid paradigm combining traditional handcrafted features with
deep CNN features [30]. This method extracts Laplacian edge and LBP texture features,
then fuses them with deep CNN features through an Adaptive Feature Enhancement Block,
which adaptively weights multi-scale feature maps to suppress noise and highlight target
features. Liu et al. proposed GCBANet: A Global Context Boundary-Aware Network for
SAR Ship Instance Segmentation, which integrates a Global Context Information Modeling
Block and a Boundary-Aware Box Prediction Block to improve the accuracy of target lo-
calization and pixel-level contour extraction [31]. Additionally, lightweight CNN-based
methods have made remarkable progress to achieve both high accuracy and efficiency
on SAR object detection. Zhuang Zhou proposed a lightweight detector with knowledge
distillation, reducing model parameters while maintaining detection performance [32].
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Transformer-based detection methods have emerged as a new research hotspot in
recent years, addressing the limitation of CNNs in capturing long-range feature dependen-
cies, which is crucial for multi-scale and occluded maritime target detection. Unlike CNNs
that rely on local convolution operations, Transformers use self-attention mechanisms to
model global feature relationships, significantly improving the robustness of detection in
complex maritime environments. To tackle multi-scale and arbitrarily oriented ship targets,
Chen et al. designed a lightweight Transformer detector with deformable attention, en-
abling adaptive feature sampling for small and rotated ships while reducing computational
overhead, suitable for real-time maritime surveillance [33]. A ship detection Transformer is
proposed with integrated key scattering point feature aggregation and context refinement,
which effectively suppressed false alarms from inshore clutter and improved localization
accuracy for sparse scattering ship targets in SAR images, validated on public SAR datasets
with state-of-the-art performance [34].

3. System Model
3.1. An Enlightening Review of Typical Methods

RaTDet is designed not only to achieve high-performance radar target detection but
also to incorporate principles from traditional signal processing into a neural network
framework, thereby maintaining alignment with conventional radar workflows. This
section provides a concise review of three key conventional methods: CA-CFAR, feature-
based detection, and moving target detection (MTD).

In CA-CFAR, a cell under test (CUT)—located at a specific range bin within a pulse—is
evaluated along with a set of adjacent reference cells. The core principle of CA-CFAR is
to assess whether the CUT contains a target echo by comparing its energy level against
those of the reference units. Specifically, the average background energy level, denoted as
σ, is estimated from the reference cells. This value is then multiplied by a threshold factor
τ, which is predetermined based on the desired false alarm probability (Pfa), to form the
detection threshold T as follows:{

ECUT ≥ T CUT belongs to a target echo.
ECUT < T CUT does not belong to a target echo.

, (1)

where ECUT indicates the energy of CUT.
CA-CFAR can be regarded as a specialized instance of feature-based detection. In

general, feature-based detection methods analyze radar data sequences across different
range bins. For each sequence within a specific range bin, a set of handcrafted features is
extracted to construct a feature vector, representing the characteristics of that range bin
in a high-dimensional feature space. Since target echoes and background clutter typically
originate from distinct sources, the corresponding feature points are often separable in
this space. Consequently, by leveraging these feature vectors and a suitable classifier,
feature-based detection can effectively determine whether a range bin contains a target.

In the case of CA-CFAR, the energy of the cell under test (CUT) serves as the se-
lected feature, and a manually designed threshold T functions as the classifier. In other
approaches, such as those referenced in [35–41], additional features—including Hurst
exponents, information entropy, and others—have been proposed, alongside classifiers
such as support vector machines (SVM) and decision trees.

Moving target detection (MTD), on the other hand, enhances target echoes by ap-
plying Fourier-based filtering across pulse groups, effectively separating targets accord-
ing to their Doppler shifts. CFAR detection is then independently applied within each
velocity channel, and the results are aggregated to produce the final detection out-
come. MTD exemplifies how signal processing techniques can amplify discriminative
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features—specifically the energy discrepancy between targets and background clutter—to
improve detection performance.

3.2. Summarized General Workflow of Radar Target Detection

It is evident that the core methodology of radar target detection consists of two
fundamental steps: first, extracting discriminative features from radar echoes, and second,
employing a classifier to partition the decision region for distinguishing targets from
background clutter. In essence, the role of radar signal processing is to magnify the
separation between target and background features in this representation space. Thus,
from a feature-oriented perspective, the conventional radar target detection workflow can
be formalized as a two-stage process as in Figure 1.

Stage I

Feature Enhancement

Stage II

Classification

Figure 1. The two-stage procedure of traditional radar target detection.

In the feature enhancement stage, signal processing techniques—such as moving
target detection (MTD) or filtering—are applied to the raw radar data to isolate and amplify
characteristics that help differentiate targets from the background. Energy remains the most
widely used feature, although other attributes such as Doppler shift, entropy, or statistical
properties may also be employed depending on the operational context. The objective is to
maximize the distinguishability between target and clutter in feature space.
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In the classification stage, a classifier—such as CA-CFAR, support vector machine
(SVM), or other decision rules—is used to divide the feature space into target-present
and target-absent regions. The design of this classifier is typically based on statistical
assumptions or expert-defined rules, often tailored to specific environmental conditions
(e.g., urban clutter, sea waves, or low signal-to-noise ratio scenarios).

This well-established workflow is the product of decades of research and refinement by
radar experts. Its simplicity, robustness, and effectiveness have been thoroughly validated
in practice, establishing it as a highly reliable approach in the field. Nevertheless, with the
increasing complexity of electromagnetic environments, human-engineered features may
no longer be sufficient to maintain high detection performance, often resulting in elevated
false alarm rates or the reduced probability of detection. Deep neural networks offer a
promising pathway to address these emerging challenges.

4. Proposed RaTDet Network
4.1. The Radar Transformer for Detection

Given that the traditional radar target detection workflow has proven effective over
many years, RaTDet is not intended to completely replace it. Rather, it is designed to
enhance flexibility and learn directly from raw complex-valued data. Accordingly, and
in alignment with the conventional process, RaTDet consists of two core modules: pulse
embedding and sequence analysis.

The pulse embedding module processes a group of successive pulses into a multi-
channel sequence of feature vectors along the range bin dimension using neural networks.
This module functionally corresponds to the signal processing stage in the traditional
workflow, acting as a feature extraction step. As previously noted, feature extraction in
conventional systems relies heavily on human expertise. However, human-engineered
feature design has notable limitations. First, it is challenging for experts to identify highly
discriminative features that reliably separate target echoes from background clutter. Second,
aside from a limited set of simple attributes, most handcrafted features require a large
number of pulses within a pulse group to be effective, a requirement often impractical for
scanning radars due to resource and time constraints.

In contrast, the pulse embedding module in RaTDet automatically extracts a rich set
of features from a limited number of pulses, without human intervention. These features,
which are often beyond human ability to design or interpret, enable more adaptive and
efficient detection in complex electromagnetic environments.

As is shown in Figure 2, the size of the input pulse group is designated as Nin × Cin ×
M, where Nin is the number of pulses in a pulse group, Cin is the number of features for a
certain range bin, and M is the number of range bins. For the input data, Cin equals 1 for
the input feature is the value of signal itself. After being processed by a feature extracting
neural network, the output is a matrix of the size of Nout × Cout × M, Nout = 1 is the number
of vector sequences along the dimension of range bins, Cout is the number of features
extracted, and M is the number of range bins.

The subsequent module is sequence analysis, transforming the feature vector sequence
acquired by the pulse embedding module into a binary vector indicating the location of
target range bins. Rather than a classification neural network, the sequence analysis is a
counterpart of CA-CFAR detector, trying to figure out various relations between different
range bins and directly accomplishing the mapping process. As is shown in Figure 2, the
input feature vector sequence of size 1 × Cout × M is transformed into a 1 × 1 × M binary
sequence, with the black block indicating where the target lies.
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M

Sequence 
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Pulse Groups
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Figure 2. Dataflow of RaTDet.

4.2. Realization of RaTDet

Given the complex-valued nature of radar data, it is essential that the neural network is
capable of processing such data directly. This approach ensures that all information inherent
in the radar signals—including phase—is preserved and made available for analysis. To
this end, complex-valued neural networks are adopted in this work.

The pulse embedding module is implemented as a complex-valued convolutional
neural network (CV-CNN), in which all weights are complex numbers. For the activation
function, we employ Cardioid ReLU, defined as follows:

f (z) = (
1 + cos ϕ

2
)z, (2)

where z is the input complex number and ϕ is its argument. When ϕ ranges from 0 to
π, the factor (1 + cos ϕ)/2 decreases from 1 to 0, hence we call it an extended version of
real-valued ReLU. Additionally, in this paper, as a demonstration, the number of a pulse
group is 16. Therefore, four layers containing 1D complex-valued convolution operator
are implemented for down-sampling. As an example, the complete structure of the pulse
embedding module is shown as Figure 3. The module comprises four complex-valued
convolutional layers which are each succeed by Cardioid ReLU as the activation function
and whose number of output channels are 16, 64, 256, and 512 respectively. The kernel size,
stride, and padding for all the convolution operators are 3×1, 2×1 and 1×0. Through the
four-layer pulse embedding module, a 16-pulse group of data with a single channel are
transformed into a 512-channel feature vector sequence along the dimension of range bins.

Complex-Valued 

Convolution

Kernel_size=3*1

Stride=2*1

Padding = 1*0

Out_channel=16

Cardioid ReLU

Complex-Valued 

Convolution

Kernel_size=3*1
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Out_channel=64

Cardioid ReLU

Complex-Valued 

Convolution
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Cardioid ReLU
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Convolution

Kernel_size=3*1

Stride=2*1

Padding = 1*0

Out_channel=512
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··· ··· ···
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··· ···

Feature Vector 

Sequence

···
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Group

 

Figure 3. Structure of the pulse embedding module.
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The sequence analysis module employs Transformer architecture, which has recently
demonstrated exceptional performance across numerous domains. However, the original
Transformer design introduced in [42] operates on real-valued data and is therefore in-
compatible with the complex-valued feature sequences produced by the pulse embedding
module. A straightforward solution would be to apply a modulus operation to convert
the complex-valued vectors into real-valued ones, thereby enabling standard Transformer
processing. Yet, this method would inevitably result in substantial information loss.

Fortunately, recent work by Florian Eilers and Xiaoyi Jiang [43] introduced a set
of foundational components for constructing complex-valued Transformer architecture.
In RaTDet, we adopt these building blocks to implement a complex-valued Transformer
encoder as shown in Figure 4. Unlike real-valued attention that discards phase by operating
solely on magnitudes, the complex-valued multi-head attention mechanism preserves
phase information inherently through its algebraic formulation. Specifically, the attention
score between a query q and a key k is computed via the complex-valued inner product
qHk, which retains both the relative magnitude and the relative phase difference of the
two complex vectors. This phase-sensitive compatibility measure is then normalized by a
complex-valued Softmax function that preserves angular relationships while scaling the
modulus. Subsequently, the weighted combination of complex-valued value vectors v is
performed using complex multiplication and addition, ensuring that both amplitude and
phase contributions from each sequence element are faithfully aggregated. By maintaining
the full complex-valued representation throughout the attention mechanism, the encoder is
able to exploit phase-coherent relationships within the feature sequence while harnessing
the powerful representational capacity of the Transformer [43].

···
···

Positional 

Embedding

Complex-valued 

Multi-head Attention

Complex-valued 

Layer Normalization

Feed Forward

Complex-valued 

Layer Normalization

4x
··· ···

Binary 

Sequence

Feature Vector 

Sequence

Figure 4. Sequence analysis module.

As a demonstration, four complex-valued Transformer encoders with an 8-head at-
tention mechanism and a 512-dimensional feed-forward networks are stacked up and
succeeded by a fully connected layer to convert the 512-channel feature vector sequence
mentioned above into the binary sequence required. The layer normalization is the same as
that is proposed in [42].

Therefore, the overall architecture of our proposed RatDeT is displayed below in
Figure 5. This complex-valued convolutional neural network takes pulse group data as
input and outputs target detection results. It primarily consists of two main components:
pulse group feature extraction and feature sequence analysis, which is described in detail
as above.
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Figure 5. Network structure of RaTDet. Note: * represents convolution.

5. Experiments
5.1. Experiment Settings

In this paper, the proposed RaTDet utilizes 16 pulse echoes to construct range pro-
files. The input data of the detector is preprocessed using max-value normalization. The
experimental hardware environment consists of an NVIDIA A6000 GPU and an Intel(R)
Core(TM) i9-13900K CPU, while the software environment includes Python 3.10 and the
deep learning framework PyTorch 2.0.0. The loss function employed is the diceloss function,
and the Adam optimizer is used to minimize the loss function for optimizing the weights
of RaTDet. The learning rate is set to 10−6. For the experimental dataset, the batch-size are
configured as 32, with the training iterations set to 400 epochs.

5.2. Dataset

The detection performance of RaTDet is evaluated using the publicly available radar
maritime surveillance dataset from the Journal of Radars [44]. The radar maritime surveil-
lance dataset was collected in Yantai, Shandong, China, and the parameters of the radar
employed are also listed in Table 1. In this study, the files “20210104163843_01_star-
ing.mat” and “20210106150614_01_staring.mat” are used to build the training set, while
“2021010150614_03_staring.mat” is utilized to construct the test set.
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Table 1. Property of the dataset.

Property Value

Bandwidth(MHz) 25
Frequency(GHz) 9.30–9.50

Pulse Repetition Frequency(Hz) 1600
Pulse Width(us) 3.0

200,000 samples are generated randomly from the labeled dataset, 70 percent of which
are utilized for training and the rest are for validation. Each sample comprises 16 pulses,
1 channel and 256 range bins. It is notable that the number of range bins may be increased
if more cuda memory is available. Here Figure 6 is an example of the labeled sample. The
first 16 rows are the original data selected from the files, while the 17th row is a binary label
indicating the range bin in which the target lies.

Figure 6. Demonstration of training sample.

5.3. Experiment Design

To explore the effectiveness of the proposed RaTDet, in the experiment stage we
propose four variations of the aforementioned architecture, namely CNN-Real-RaT, CNN-
CV-RaT, CNN-CV-RaT-X and CNN-CV-RaT-mini. The differences between these models
are listed as in Table 2 below.

Table 2. Four variations of model architectures.

Model Pulse Embedding Sequence Analysis Extra Processing

CNN-Real-RaT Complex-valued CNN
Real-valued

Transformer with four
encoder blocks

--

CNN-CV-RaT Complex-valued CNN
Complex-valued

Transformer with four
encoder blocks

--

CNN-CV-RaT-X Complex-valued CNN
Complex-valued

Transformer with four
encoder blocks

With data enhancement in
Doppler domain

CNN-CV-RaT-X-mini Complex-valued CNN
Complex-valued

Transformer with two
encoder blocks

With data enhancement in
Doppler domain

Among these four variational models, CNN-CV-RaT is the standard model proposed
in Section 2.

In CNN-Real-RaT, the complex-valued Transformer is restored to a standard real-
valued Transformer. When input into the real-valued Transformer, the complex-valued
features generated by the complex-valued CNN are converted to real numbers by taking
their modulo.
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While in CNN-CV-RaT-X, a data enhancement method is employed to improve the
performance of RaTDet. The samples for training are altered by adding a random Doppler
steering vector to the target in the sample so as to decrease the sensitivity of RaTDet
to the velocity of a target, where the velocity ranges in [−vq, vq) with vq being the
Nyquist velocity.

5.4. Ablation Study and Experiment Results

The pulse-range graph of the test data file “2021010150614_03_staring.mat” is shown
in Figure 7. A target lies in range bins 1761 and 1762.

Figure 7. Visualization of test data file. The target lies in the red box.

When the false alarm rate is set around 2 × 10−3, the detection results of the proposed
models and other comparison models are demonstrated in Figure 8 and Table 3.

Table 3. Ablation study of different implementations under the test scenario.

Model Pd (Pfa~10−3) Accuracy Specificity Recall Precision F1 Score

CNN-Real-RaT cannot
converge

cannot
converge

cannot
converge

cannot
converge

cannot
converge

cannot
converge

CNN-CV-RaT 70.5% 0.9979 0.9980 0.7050 0.0750 0.1356
CNN-CV-RaT-X 92% 0.9985 0.9985 0.9200 0.1237 0.2181

CNN-CV-RaT-X-mini 90.1% 0.9983 0.9983 0.9010 0.1087 0.1940
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

  
(g) (h) 

Figure 8. Detection results of (a) Original data; (b) CNN-CV-RaT-X; (c) traditional CA-CFAR; (d)
MTD; (e) α-AMF and (f) MFF-Net; (g) U-Net; (h) Real-CNN-CV-RaT. The target lies in the red box.
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During the training process, it was observed that the CNN-Real-RaT model failed
to converge effectively. Consequently, as shown in Table 3, the CNN-Real-RaT model
produced detection failures during testing, outputting all-zero results. This ablation study
clearly demonstrates that connecting a real-valued network structure after complex-valued
features disrupts the complex nature of the data, leading to information loss and resulting
in ineffective model training. While the proposed CNN-CV-RaT-X converges successfully,
with its loss decreasing smoothly from 0.9 to 0.09, this finding serves as a demonstration of
the necessity of constructing an end-to-end complex-valued network.

In addition, the CNN-CV-RaT-X-mini reduced the number of complex-valued Trans-
former blocks from 4 to 2 and is trained on the augmented dataset. The result shows this
operation only slightly decreases the detection performance, indicating the potential for
further model simplification.

It should be noted that high accuracy and low precision is normal in a radar target
detection scenario. The vast majority of range bins contain only clutter or noise (negative
class), while targets (positive class) are exceedingly sparse. In such a setting, a classifier
can achieve very high overall accuracy simply by correctly identifying the overwhelming
number of negative samples.

Under the constraint of the specified false alarm probability, the traditional CA-CFAR
method with 32 reference range cells and four protection cell ranges, although capable of
performing detection, achieved a detection probability of only 0.04%, indicating significant
performance limitations owing to model mismatching in a sea clutter background. In con-
trast, the RaTDet network proposed in this paper demonstrated outstanding performance:
the standard model CNN-CV-RaT achieved a detection probability of 70.5%, while the
data-augmented version CNN-CV-RaT-X further improved the detection probability to
83.1%. The classical coherent detection method MTD using 16 pulses and cascaded by a
CA-CFAR detector with 32 reference range cells and four protection cell ranges achieved a
detection probability of 7.6%. However, due to the limited number of coherent pulses and
an inaccurate covariance matrix estimation, the α-AMF method [45], specifically designed
for target detection in sea clutter environments, failed. Trained on the augmented dataset,
the MFF-Net proposed in [46] and a plain U-Net proposed in [47] also exhibited a fair
detection result. To further demonstration the necessity of a complex-valued model, a
Real-CNN-CV-RaT with real-valued CNN and real-valued Transformer where the I/Q
channels of input data are processed separately is also implemented for comparison. The
specific results are summarized in Figure 8 and Table 4 below.

Table 4. Detection results of different algorithms under the test scenario.

Model Pd (Pfa~10−3) Accuracy Specificity Recall Precision F1 Score

CNN-CV-RaT-X 92% 0.9985 0.9985 0.9200 0.1237 0.2181
CA-CFAR 0.04% 0.9979 0.9981 0.0004 0.0000 0.0001

MTD 7.6% 0.9978 0.9980 0.0760 0.0087 0.0156
α-AMF 0% 0.0000 0.0000 0.0000 0.0000 0.0000

MFF-Net 87% 0.9941 0.9941 0.8700 0.0328 0.0633
U-Net 68.7% 0.9984 0.9985 0.6870 0.0954 0.1675

Real-CNN-CV-RaT 74.2% 0.9982 0.9983 0.7420 0.0913 0.1626

The Receiver Operating Characteristic (ROC) curves are plotted in Figure 9 for signal–
clutter ratios (SCR) of 4 dB, 6 dB, 8 dB, and 10 dB. The results demonstrate that in all cases,
our proposed RaTDet achieves the best detection performance, which is consistent with the
observations from the test scenario discussed earlier.
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Figure 9. ROC curves under with (a) SCR = 4 dB; (b) SCR = 6 dB; (c) SCR = 8 dB; (d) SCR = 10 dB.

To further evaluate the performance of the detectors, we plot the Pd-SCR curves for
false alarm rates of Pfa = 2 × 10−3 and Pfa = 2 × 10−4 in Figure 10. It is shown that RaTDet
maintains robust detection performance across different SCR values in both cases.
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Figure 10. Pd-SCR curves under with (a) Pfa = 2 × 10−3; (b) Pfa = 2 × 10−4.

The experimental results have conclusively validated the efficacy of the proposed RaT-
Det framework. The suboptimal performance of CNN-Real-RaT underscores the imperative
for maintaining pure complex-valued topological configurations in radar signal process-
ing architectures. Notably, the marked advancements in the probability of detection (Pd)
metrics achieved by CNN-CV-RaT and CNN-CV-RaT-X relative to conventional CA-CFAR
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implementations demonstrate their enhanced detection capabilities in intricate maritime
environments. Furthermore, the state-of-the-art performance exhibited by CNN-CV-RaT-X
substantiates the theoretical premise that the integration of Doppler-domain data augmen-
tation techniques has demonstrably improved detection performance characteristics. This
empirical evidence confirms the synergistic benefits derived from combining learnable
feature representations with domain-specific signal processing priors in electromagnetic
sensing systems.

6. Conclusions
The Radar Transformer for Detection (RaTDet) proposed in this work takes complex-

valued pulse group data as input, offering two principal advantages: It fully preserves
and processes the original information contained in radar I/Q data, while transforming
the conventional fixed signal processing chain into a learnable, automated feature mining
procedure within the neural network. By capturing implicit relationships among different
range cells to localize targets, the model effectively integrates the powerful representational
capacity of deep learning with the inherent inductive biases of radar signal processing and
detection, while maintaining strong compatibility with traditional workflows.

The pulse group-based processing structure further ensures that the algorithm can
be readily applied across diverse radar systems. This network also holds potential as a
pre-training architecture for electromagnetic domain-specific large models. Future work
will explore self-supervised pre-training strategies using more extensive and varied radar
datasets to develop a large-scale radar electromagnetic model capable of understanding
raw I/Q signals and adapting to multiple downstream tasks such as detection, recognition,
and classification. Additionally, lightweight optimization of the model will constitute a key
direction for subsequent research.
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