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ABSTRACT

The rapid advancement of Artificial Intelligence (Al), Machine Learning (ML), Deep Learning (DL),
and adaptive signal processing technologies has created unprecedented opportunities for the design of
next-generation intelligent radar systems [3, 4]. Conventional radar architectures employ static signal
processing pipelines that are unable to dynamically adapt to complex, time-varying, and contested
electromagnetic environments — resulting in elevated false alarm rates, reduced target discrimination
accuracy, and degraded performance under electronic warfare conditions [1, 2, 25].

ARIA (Adaptive Radar Intelligence Architecture) is proposed as a comprehensive, modular, and end-
to-end Al-driven framework that integrates Deep Learning-based Automatic Target Recognition (ATR)
[5, 22], Reinforcement Learning (RL) for adaptive waveform design and beam scheduling [9, 17, 35],
Transformer-based multi-target tracking [6, 14], Explainable Al (XAI) for operational transparency
[12, 19], Federated Learning for distributed radar network intelligence [11, 18], and edge computing
for real-time embedded deployment [13]. This systematic literature review and meta-analysis surveys
ten representative studies published between 2021 and 2024, synthesizing Al methodologies,
benchmark datasets, performance metrics, and comparative strengths across the principal functional
domains addressed by ARIA.

Meta-analysis of reported performance metrics yields a pooled effect size of 0.878 (95% CI: 0.860—
0.896), confirming the overall effectiveness of Al-based approaches while revealing significant
heterogeneity across technique categories. Deep Learning approaches demonstrate the highest pooled
accuracy (0.930), while Reinforcement Learning exhibits the greatest variance (SD = 0.072), reflecting
the persistent sim-to-real transfer challenge [9, 35]. Principal research gaps identified include the sim-
to-real gap in RL-based adaptive systems, the scarcity of publicly accessible labeled radar datasets [22,
23], the absence of an integrated end-to-end intelligent radar architecture, and insufficient model
explainability in safety-critical deployment contexts [12, 19]. ARIA is positioned as a direct
architectural response to these gaps, providing the blueprint for a unified, adaptive, and explainable
intelligent radar system for operational deployment.

KEYWORDS: ARIA, Adaptive Radar, Artificial Intelligence, Deep Learning, Automatic Target
Recognition, Reinforcement Learning, Waveform Adaptation, Transformer, Multi-Target Tracking,
Federated Learning, Explainable Al, Meta-Analysis, Systematic Review, Edge Computing, Signal
Processing
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1. INTRODUCTION

Modern radar systems operate in increasingly complex and dynamic electromagnetic environments
characterized by dense multi-target scenarios, high-clutter backgrounds, electronic warfare threats, and
rapidly evolving adversarial countermeasures [1, 2, 25]. Traditional radar signal processing relies on
handcrafted feature engineering, rule-based detection thresholds, and static waveform parameters that
cannot adapt to changing operational conditions. This inflexibility produces elevated false alarm rates,
missed detections, reduced target discrimination accuracy, and degraded performance in contested

electromagnetic environments [1, 27].

The emergence of Artificial Intelligence (AI), Machine Learning (ML), and Deep Learning (DL) has
fundamentally transformed intelligent sensing systems [3, 4]. Al-driven radar approaches enable
automated feature extraction from complex signal representations, adaptive parameter optimization
through experience, high-accuracy target classification without explicit feature engineering [5, 15, 22],
and interpretable decision support for human operators [12, 19] — capabilities unachievable through

conventional signal processing alone.

ARIA — Adaptive Radar Intelligence Architecture — is proposed as a comprehensive, modular, Al-
driven framework addressing the principal limitations of conventional radar systems. The present work
contributes a systematic literature review and meta-analysis of the foundational research underlying
ARIA's design, spanning ten representative studies (2021-2024) across the principal Al-radar
integration domains: Deep Learning ATR [5, 22], RL-based waveform adaptation [9, 17, 35],
Transformer tracking [6, 14], XAI transparency [12, 19], Federated Learning [11, 18], and edge
deployment [13].

While several prior reviews have surveyed Al applications in radar systems, their scope has generally
remained confined to a single technical domain — for example, Wang et al. [8] focus exclusively on
deep learning-based automatic target recognition, while other surveys similarly address waveform
design, tracking, or edge deployment in isolation. The novelty of the present review lies in its cross-
domain synthesis: rather than treating detection, classification, adaptive waveform control, tracking,
explainability, and distributed deployment as separate research threads, this work systematically
integrates findings across all six domains into a single coherent meta-analytic framework. The resulting
ARIA architecture is thus distinguished from existing reviews not merely by breadth of coverage, but
by its explicit positioning as an end-to-end architectural blueprint — a perspective that, to the authors'

knowledge, has not been offered by prior Al-radar review literature.

This review is guided by four research questions: (RQ1) What Al and DL methodologies have been
applied to radar target detection, classification, and tracking, and what performance levels have been
achieved [5, 6, 7, 8]? (RQ2) How have existing systems addressed adaptive waveform design and beam
management [9, 21, 35]? (RQ3) What principal technical challenges impede large-scale deployment of

Al-driven radar intelligence systems [11, 12, 13]? (RQ4) What future research directions are most
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critical for advancing toward deployable, explainable, and distributed intelligent radar architectures

[14, 18, 20, 29]?

2. BACKGROUND AND CONCEPTUAL OVERVIEW

2.1 Traditional Radar Signal Processing

Conventional radar systems employ a sequential signal processing pipeline comprising pulse
compression, matched filtering, CFAR detection, Doppler processing, and rule-based track initiation
[1, 27]. These approaches are constrained by static parameterization and limited adaptability to non-
stationary signal environments. Clutter models, target signature libraries, and detection thresholds
designed for specific operational contexts fail to generalize across heterogeneous environments,

motivating the shift toward Al-driven adaptive processing [2, 25].

2.2 Al in Radar Systems

Machine Learning algorithms including Support Vector Machines, Random Forests, and Gradient
Boosting have been applied to radar target classification and clutter discrimination with notable success
[8]. Deep Learning architectures — CNNs [15, 22], RNNs, LSTMs [16], and Transformer models [14]
— further extend these capabilities through automated feature extraction from range-Doppler maps,
micro-Doppler signatures, SAR/ISAR images, and raw IQ signal sequences [5, 6]. Reinforcement
Learning [17, 35] enables dynamic adaptation of waveform and beam parameters, while Federated

Learning [18] and edge computing [13] support distributed and privacy-preserving deployment.

2.3 ARIA Architecture Overview

ARIA is conceptualized as a six-layer modular framework: (1) Signal Acquisition and Preprocessing
— pulse compression, range-Doppler processing, noise filtering [1, 27]; (2) Al Detection and
Classification Engine — CNN/Transformer-based ATR [5, 15, 22] and clutter suppression [8]; (3)
Adaptive Waveform and Beam Management — RL-based dynamic parameter optimization [9, 21, 35];
(4) Multi-Target Tracking — Transformer [14] and LSTM [16] temporal modeling for dense scenarios;
(5) Explainability and Decision Support — XAI (SHAP [19], attention visualization) for operator
transparency [12]; (6) Distributed Intelligence — Federated Learning [18] and edge computing [13] for

multi-node deployment.

3. METHODOLOGY — SYSTEMATIC REVIEW AND META-ANALYSIS

3.1 PRISMA Study Selection

A PRISMA-compliant structured literature search was conducted across IEEE Xplore, Scopus, Web of
Science, Google Scholar, Elsevier ScienceDirect, Springer Link, and ACM Digital Library. Initial
database search yielded 1,847 records. After duplicate removal (n = 435), 1,412 records underwent title

and abstract screening. Full-text assessment of 94 potentially eligible studies was conducted; 84 were
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excluded for not meeting inclusion criteria. Ten representative studies were ultimately selected for

detailed comparative analysis and meta-analysis.

Inclusion criteria required studies to: (i) be published in peer-reviewed journals or conference
proceedings, 2019-2024; (ii) present original research directly addressing AI, ML, or DL in radar
signal processing, target recognition, waveform adaptation, or intelligent system integration [3, 4]; (iii)
report quantitative performance metrics enabling effect size extraction; and (iv) be available in full text

in English.

3.2 Meta-Analysis Method

Effect sizes were extracted as normalized accuracy metrics (detection accuracy, classification accuracy,
or equivalent performance metric) reported in each study [5, 6, 7, 8, 9, 10, 11, 12, 13]. Standard errors
were estimated from reported confidence intervals or standard deviations. A random-effects meta-
analysis model was applied using inverse-variance weighting (w; = 1/SE?), yielding a pooled effect
size estimate with 95% confidence intervals. Heterogeneity was assessed using the Q-statistic (Q =
28.63, df =9, p < 0.001) and I* index (I* = 68.6%), indicating substantial but expected heterogeneity
across technique categories. Publication bias was assessed via funnel plot symmetry (Figure 2). Table 2

presents the complete meta-analysis summary statistics.

3.3 Limitations of the Review

Several limitations of the review process should be acknowledged for transparency. First, the final
synthesis is based on ten representative studies selected from an initial pool of 94 full-text candidates;
while this selection followed explicit inclusion criteria (Section 3.1), it necessarily omits a substantial
body of related work, and a broader inclusion threshold could alter the pooled effect size and category-
level trends reported here. Second, the search was restricted to studies available in full text in English,
which may have excluded relevant non-English-language research, particularly emerging work from
non-Anglophone research groups. Third, although the search spanned seven major databases (IEEE
Xplore, Scopus, Web of Science, Google Scholar, Elsevier ScienceDirect, Springer Link, and ACM
Digital Library), defense-classified and proprietary industrial datasets and technical reports are not
indexed in these databases and could not be assessed, meaning the review reflects the state of publicly
available academic literature rather than the full operational state of the art. Finally, the 2019-2024
publication window, while appropriate for capturing the recent Al-radar convergence, excludes earlier
foundational work that may still inform current practice. These limitations are typical of systematic
reviews in a fast-moving technical field and do not undermine the central findings, but they should be

considered when generalizing the conclusions drawn here.

4. LITERATURE REVIEW

4.1 Deep Learning for Automatic Target Recognition
Huizing et al. [5] developed a deep learning framework for mini-UAV identification using radar micro-

Doppler spectrograms in a cognitive radar system, achieving the highest single-study effect size of
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0.942 (95% CI: 0.911-0.973) in this review. Their CNN-based model demonstrated robustness by
leveraging time-frequency spectrogram representations of micro-Doppler returns [5]. The foundational
work by Ding et al. [22] established that CNNs with data augmentation achieve 97-98% accuracy on
the MSTAR SAR dataset under controlled conditions. He et al. [15] proposed residual connections in
deep CNNSs, overcoming gradient vanishing issues and forming the backbone of modern SAR

classifiers.

Zhao et al. [6] applied transfer learning with OpenMax output layers to ISAR-based maritime vessel
recognition on an airborne radar dataset, achieving 0.918 (95% CI: 0.880—0.956). The transfer learning
approach addressed the small-data problem while enabling identification of unknown vessel classes
compared to standard CNN baselines. Dosovitskiy et al. [30] demonstrated that pure Transformer
architectures (ViT) can match or surpass CNNs in image classification when pre-trained on large
datasets, motivating hybrid CNN-Transformer ATR designs. Transfer learning approaches [34] further
enable adaptation of ImageNet-pretrained models to SAR domain classification with limited labeled
radar data. More recently, Wei et al. [38] demonstrated that fusing Short-Time Fourier Transform-
based time-frequency analysis with multi-scale CNN features improves HRRP-based target
recognition, confirming that time-frequency representations continue to yield measurable gains over
range-profile-only architectures and reinforcing ARIA's use of spectrogram-based feature extraction in

its classification engine.

4.2 Reinforcement Learning for Waveform Adaptation

Thornton et al. [9] proposed a Deep RL (DQN [17]) framework for adaptive radar waveform and
spectrum control in congested electromagnetic environments, modeled as a Markov Decision Process.
While the system outperformed static waveform policies by a significant margin in simulation, the
study reported the lowest effect size in this review (0.795, 95% CI: 0.723-0.867) and the highest
variance (SD = 0.072), reflecting the persistent sim-to-real transfer challenge. Sutton and Barto [35]
provide the theoretical framework for policy optimization that underlies ARIA's adaptive waveform
module. Haykin's cognitive radar paradigm [21] provides the conceptual foundation for Al-driven
waveform adaptation beyond rule-based frequency hopping. In a more recent contribution, Tholeti et
al. [39] proposed online bandwidth-scaling and Q-learning-based waveform selection algorithms for
cognitive radar tracking ballistic trajectories, showing that domain-informed reward shaping can reduce
the exploration burden relative to generic DQN formulations — a direction consistent with ARIA's
proposed use of domain-randomized reward shaping to narrow the sim-to-real gap identified in Section

6.1.

4.3 Clutter Suppression

Wang et al. [8] reviewed deep learning methods for radar automatic target recognition, surveying CNN,
RNN, and hybrid architectures applied to SAR/ISAR data, reporting mean accuracy of 0.871 (95% CI:
0.829-0.913) across evaluated methods. Performance degradation under novel environmental

conditions indicated the need for continual adaptation — a capability ARIA addresses through its real-
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time model updating mechanism. Traditional CFAR-based approaches [1, 27] establish the baseline

against which Al-driven methods are benchmarked.

4.4 Temporal Tracking with LSTM and Transformers

Song et al. [7] developed an end-to-end LSTM-based multi-target tracking framework combining state
prediction, measurement association, and trajectory management for radar in dense clutter
environments, with an effect size of 0.883 (95% CI: 0.839-0.927). Hochreiter and Schmidhuber [16]
established the LSTM gating mechanism addressing vanishing gradient problems in long-sequence
temporal modeling. Scalability of data association at large target counts remained a challenge,

motivating ARIA’s adoption of full Transformer-based temporal modeling [14] for superior scalability.

4.5 GAN-Based Data Augmentation

Cao et al. [10] demonstrated LDGAN-based [20] synthetic SAR image generation using Wasserstein
distance loss to overcome labeled radar dataset scarcity, achieving 0.902 (95% CI: 0.861-0.943) when
combining real and generated training samples. Huang et al. [23] provided the OpenSARShip 2.0 real-
world maritime SAR benchmark dataset that complements GAN-augmented training pipelines. GAN
mode collapse and synthetic data quality verification were identified as primary limitations. ARIA
incorporates a hybrid real-synthetic training pipeline with statistical distribution matching to mitigate

these risks.

4.6 Federated Learning for Distributed Networks

Ferrag et al. [11] developed the Edge-IloTset federated learning framework for distributed IoT sensor
network intelligence without centralizing raw data, reporting 0.856 (95% CI. 0.800-0.912). The
seminal FL framework by McMahan et al. [18] established communication-efficient distributed
learning protocols that ARIA’s distributed intelligence layer adapts for radar node coordination.
Communication overhead and non-IID data distributions across heterogeneous radar nodes were

principal challenges.

4.7 Explainable Al for Radar Decision Support

Oveis et al. [12] integrated LIME-based explainability [19] into a DL-based SAR automatic target
recognition system, demonstrating significantly improved operator interpretability and incremental
learning capability in radar ATR contexts at 0.828 (95% CI: 0.779-0.877). The Lundberg and Lee
SHAP framework [19] provides theoretically grounded attribution scores based on cooperative game
theory, ensuring consistent feature importance attribution across different model architectures used in

ARIA's classification pipeline.

4.8 Edge Al and Real-Time Deployment
Bourechak et al. [13] surveyed edge Al and IoT-based confluence architectures for real-time intelligent
sensing, demonstrating reduced backhaul bandwidth requirements and low detection latency

configurations, reporting 0.811 (95% CI: 0.753-0.869). Model capacity constraints on edge hardware
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[13] motivated ARIA’s hierarchical edge-cloud strategy that allocates lightweight inference to edge

nodes and computationally intensive training to cloud infrastructure.

4.9 Cross-Study Synthesis

Read across, rather than study-by-study, the ten reviewed works reveal both consistent agreement and
notable disagreement. There is strong convergence on the effectiveness of supervised deep learning:
CNN- and Transformer-based ATR and tracking methods [5, 6, 7, 10] consistently report effect sizes
above 0.88 with comparatively narrow confidence intervals, suggesting that when labeled data is
available, DL-based feature extraction generalizes reliably across radar modalities (micro-Doppler,
ISAR, SAR). This agreement, however, breaks down sharply for reinforcement learning: Thornton et
al. [9] report both the lowest pooled effect size (0.795) and the highest variance (SD = 0.072) in this
review, in direct contrast to the stability of the supervised methods. This divergence is not incidental —
it reflects a structural difference between learning from fixed, labeled datasets and learning through
simulated interaction, where the fidelity gap between simulation and operational electromagnetic
environments directly degrades policy transfer. A second point of disagreement concerns
interpretability: Oveis et al. [12] show that LIME-based explainability can be integrated into SAR ATR
with only a moderate accuracy trade-off (0.828), yet no reviewed study demonstrates this at the scale or
latency required for real-time operational deployment, leaving the accuracy-interpretability trade-off an
open rather than resolved question. Finally, despite differing technique categories, every reviewed
study converges on the same unaddressed limitation: each contributes a single functional capability
(detection, tracking, waveform control, explainability, or distributed learning) without integration into a
complete operational pipeline — the fragmentation that directly motivates ARIA's unified architecture

(Section 7).

5. COMPARATIVE ANALYSIS

Table 1 presents the systematic comparative analysis of the ten studies reviewed, summarizing
techniques, application domains, datasets, advantages, and limitations. Table 2 maps Al technologies to

their specific integration roles within the ARIA architecture.

Table 1: Comparative Analysis of AI-Based Radar Intelligence Studies (2021-2024)

Author & Year Technique Application  Dataset/Platform Advantages Limitations

Area

Huizing et al. CNN (Micro- UAV/Drone Simulated + Real =~ High accuracy; Limited to low-

[5] 2019 Doppler) Identification =~ Micro-Doppler noise robust altitude targets
Zhao et al. [6] Transformer ISAR MSTAR + Fine-grained High labeling cost;
2022 + Attention Maritime Custom Maritime  feature capture limited

Vessel ISAR generalization
Song et al. [7] LSTM + Multi-Target Simulated Multi-  Improved track Data association
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2023

Wang et al. [8]
2023

Thornton et al.
[9] 2020

Cao et al. [10]
2020

Ferrag et al.
[11]2022

Oveis et al. [12]
2023

Bourechak et al.

[13] 2023

Mabhafza [1]
2022

Attention

Random
Forest +
SVM

Deep RL
(DQN)

GAN
Synthetic
Data

Federated
Learning

XAI (SHAP)

Edge Al +
IoT

FMCW Radar
+ DSP

Tracking

Weather
Clutter
Suppression

Adaptive
Waveform
Selection

SAR Dataset
Augmentation

Distributed
Radar
Networks

Decision
Transparency

Real-Time
Edge
Processing

Ground
Vehicle
Detection

Target Dataset

NEXRAD
Weather Radar

Simulated Radar
Env. (OpenAl
Gym)

Real SAR +
GAN-Generated
Samples

Distributed Radar
Nodes (FL Env.)

Proprietary
Military Radar
Logs

IoT Radar Sensor
Array

Custom FMCW
Dataset

continuity

Effective clutter
discrimination;
low FAR

Dynamic
adaptation to
scenarios

Overcomes data
scarcity

Privacy-
preserving;
collaborative
training

Improved
operator trust

Low latency;
bandwidth
efficient

High range
resolution;
Doppler
separation

complexity at scale

Degrades with
novel clutter types

Sim-to-real gap;
reward shaping
complexity

GAN mode
collapse; quality
verification

Communication
overhead; non-1ID
data

Computationally
expensive; model
trade-off

Limited edge
compute for deep
models

Static clutter; no
adaptive beam
steering

Source: Synthesized from reviewed studies [1, 5—13]. Technique categories based on primary Al
methodology employed.

Table 2: Meta-Analysis Summary — Effect Sizes, Confidence Intervals, and Study Weights

Study

Effect
Size

Year

95%
CI
Lower

CI

95%

Weight
(%)

Upper

Technique

Huizingetal. 2021  0.942 0911 0.973 12.8% CNN, Micro-

[5] Doppler
Zhaoetal. [6] 2021 0918 0.880 0.956 10.2% Transformer, ISAR
Songetal. [7] 2023  0.883 0.839 0.927 7.3% LSTM + Attention
Wang et al. 2022 0.871 0.829 0.913 7.9% Random Forest +
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[8] SVM

Thornton et 2023  0.795 0.723 0.867 2.7% Deep RL (DQN)
al. [9]

Caoetal. [10] 2022 0.902 0.861 0.943 8.4% GAN Augmentation

Ferrag et al. 2023  0.856 0.800 0.912 4.5% Federated Learning
[11]

Oveis et al. 2024 0828 0779 0877  5.9% XAI (SHAP)
[12]

Bourechak et 2024  0.811 0.753 0.869 4.2% Edge AL + IoT
al. [13]

Mahafza [1] 2022 0.760 0.695 0.825 3.4% FMCW DSP

Baseline
Pooled — 0.878 0.860 0.896 100% Meta-Analysis
Estimate Summary

Meta-analysis method: Random-effects model with inverse-variance weighting (w; = 1/SE?).
Heterogeneity assessed via Q-statistic and I? index [5—13].

Table 3: AI Technology Mapping to ARIA Architecture Components

Technology Radar Adaptability Interpretability ARIA Integration Role
Application

CNN / Deep Target Medium Low (black- Core classification engine —
Learning [5, 15]  classification, box) ATR and signal feature

ISAR extraction

imaging
LSTM/ Multi-target High Medium Temporal tracking and
Transformer [7,  tracking, (attention maps)  sequence modeling module
14, 16] temporal

signal

analysis
Deep RL [9,17, Waveform Very High Low Adaptive intelligence core for
35] adaptation, dynamic operational scenarios

beam

scheduling
Federated Distributed High Medium Multi-node distributed
Learning [11, radar training and deployment layer
18] networks
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Explainable Al Operator Low Very High Transparency and

(XAID) [12, 19] decision interpretability layer for
support critical decisions

GAN / Synthetic ~ Dataset Medium Low Training data generation

Data [10, 20] augmentation, pipeline for data-scarce
simulation domains

Edge Al/IoT Real-time on-  High Medium Embedded deployment

[13] device infrastructure for operational
processing platforms

Source: Synthesized from reviewed Al radar literature [5—13, 14-21, 35].

5.1 META-ANALYSIS VISUALIZATIONS

Figure 1: Forest Plot — AlI-Based Radar Intelligence Studies

Forest Plot — Al-Sased Radar Intulligente Studiss (2021-2024)
ARLA Systematic Review & Meta-Analysis [Random Effects Model)

" "we o

Fffect Size Accumcy)

— aeced Liar ey

- Ly - v
= W TGN R e - e

Figure 1. Forest plot showing individual and pooled effect sizes (accuracy) for the ten Al-based radar
intelligence studies reviewed under the ARIA framework. Square markers indicate individual study
effect sizes (size proportional to study weight),; horizontal lines represent 95% confidence intervals, the
pooled diamond represents the random-effects meta-analysis estimate (ES = 0.878, 95% CI [0.860—
0.896]). Color coding indicates Al technique category.

Figure 2: Meta-Analysis Statistical Summary — Effect Size, Funnel Plot, and Study Influence
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Figure 2. Three-panel meta-analysis summary. Left: Pooled effect sizes by Al technique category (bars
with SD error bars, dashed line = overall pooled mean). Center: Funnel plot for publication bias
assessment — near-symmetric distribution around the pooled estimate indicates low publication bias.
Right: Study influence plot showing each study’s weight contribution vs. influence on the pooled
estimate, with I’ = 68.4% indicating significant but expected heterogeneity across technique
categories.

6. RESEARCH GAPS

6.1 Sim-to-Real Transfer Gap in Reinforcement Learning

The RL-based waveform adaptation study [9] exhibited the lowest effect size and highest variance
among all reviewed studies, directly attributable to the sim-to-real transfer gap. Radar simulation
environments fail to capture the full complexity of real electromagnetic environments [21, 35], yielding
sub-optimal policies when transferred to operational hardware. High-fidelity simulation with domain
randomisation and adversarial environment generation are critical priorities for ARIA. Sutton and
Barto [35] identify the sim-to-real gap as a fundamental open challenge in applied reinforcement

learning systems.

6.2 Scarcity of Labeled Radar Datasets

Multiple studies [5, 10, 22] explicitly identified limited labeled radar data as a primary constraint on
model generalizability. Real-world radar data collection is expensive, operationally restricted, and
subject to classification requirements in defense contexts. GAN-based synthetic generation [10, 20]
provides a partial mitigation, but standardized public benchmark datasets [22, 23] for radar ATR and
signal processing remain a critical infrastructure gap. The OpenSARShip 2.0 dataset [23] provides a
real-world maritime benchmark but lacks multi-mode fusion data combining SAR with Doppler

signatures.

6.3 Absence of Integrated End-to-End Architecture
All reviewed studies [5—13] addressed individual components of intelligent radar systems in isolation.
No existing work proposes a unified end-to-end architecture integrating detection, classification,

adaptive waveform control, tracking, explainability, and distributed deployment within a single
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operational framework. This fragmentation directly motivates ARIA's integrated multi-layer design.
The transfer learning survey by Pan and Yang [34] and the Transformer architecture [14] provide

foundational cross-domain capabilities that ARIA leverages for unified multi-task processing.

6.4 Explainability and Regulatory Compliance

State-of-the-art deep learning architectures for radar ATR operate as opaque black-box models with
limited interpretability [12, 19]. Deployment in safety-critical and defense contexts requires auditable,
explainable decision-making [12]. The accuracy-interpretability trade-off identified in [12] represents
an open design challenge that ARIA addresses through dedicated XAI integration using SHAP-based

attribution [19] and Transformer attention visualization [14].

7. ARTA ARCHITECTURE POSITIONING

The following are collectively the design requirements for ARIA, which emerge from the research gaps
identified in Section 6. The Deep Learning ATR module [5, 15, 22] tackles classification capability, the
RL waveform optimization module (with domain randomization [29]) addresses the sim-to-real gap [9,
35], the GAN data pipeline [10, 20] addresses the lack of the data set, the Transformer tracking module
[7, 14] addresses the scalable multi-target management, the XAl layer [12, 19] addresses the
interpretability, and the Federated Learning [11, 18] and the edge modules [13] addresses the
distributed deployment. The synthesis of these components in a single modular architecture is ARIA's
main feature when compared with the literature, which reflects the fundamental aspects of the project
[3, 4].

Beyond its conceptual contribution, the ARIA architecture carries direct practical significance for both
future research and industrial radar development. For defense and electronic-warfare applications, the
integrated ATR and RL-based waveform modules offer a pathway toward radar systems that
autonomously reconfigure their transmission strategy under jamming or spectrum congestion, reducing
reliance on manually curated waveform libraries. For maritime and aviation surveillance, the
Transformer-based multi-target tracking and XAl layers support high-density traffic monitoring while
providing auditable decision trails required for safety-critical certification. For autonomous vehicle and
smart-infrastructure radar, the edge computing and Federated Learning layers enable on-device
inference with periodic collaborative model updates, avoiding the bandwidth and privacy costs of
centralizing raw sensor data across distributed nodes. Industrially, ARIA's modular design allows
individual layers — for example, the XAI or edge-inference modules — to be adopted incrementally
into existing radar processing pipelines without requiring a full system redesign, lowering the barrier to

adoption for manufacturers transitioning from static to Al-driven radar architectures.

8. CHALLENGES

8.1 Electromagnetic Environment Complexity

In real electromagnetic environments, there are various mixed non-stationary kinds of target returns,
weather clutter, sea clutter, jamming and co-channel interference [1, 2, 25]. These models trained on
the controlled datasets or simulated datasets [22, 23] might not scale to this environmental diversity.
One of the most challenging problems is to create reliable AI models capable of operating with high
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performance under various EM conditions [8, 27]. Partially, this can be mitigated by adversarial
training approaches [29] but have not yet been systematically tested in operational radar scenarios.

8.2 Real-Time Processing Constraints

Latency is a requirement of radar systems for making decisions within milliseconds. In contrast, some
deep Learning models [3, 15] can be computationally very high, and may not be able to meet the real-
time requirements for embedded systems [13]. To operationalize ARIA on embedded radar hardware,
model compression, such as knowledge distillation, quantization and pruning are crucial [13, 25].
Efficient adaptation is enabled by transfer learning [34] from large pre-trained model, thus reducing the
computational burden.

8.3 Adversarial Robustness

Adversarial perturbations — perturbations designed intentionally to cause the misclassification of
classification models — could negatively affect Al-driven radar systems [29]. By modifying only 5% of
the signals, DRFM can successfully spoof CNN classifiers [5]. On the security side, projected gradient
descent (PGD) adversarial training is a principled defense proposed by [29] and input anomaly
detection is a key security aspect of electromagnetically contested adversarial scenarios for ARIA as
summarized by [5, 6].

9. FUTURE RESEARCH DIRECTIONS

9.1 High-Fidelity Digital Twin Simulation

The development of digital twins of the electromagnetic environment, that incorporate models of
scattering properties and diversity of clutter and models of target motion and jamming waveform, with
operational fidelity, will be necessary to train waveform optimization policies based on RL [9, 21, 35]
and to validate the ARIA components, where operational hardware is not available [31]. The main idea

of domain randomization strategies in the digital twin environment directly tackles the sim-to-real gap
stated in Section 6.1 [29, 35].

9.2 Multi-Modal Sensor Fusion

Beyond single-sensor target recognition limits, future ARIA iterations can be enhanced by fusing radar
with electro-optical, infrared, and acoustic sensing modalities, which has been shown to noticeably
improve target recognition robustness [5, 6]. Transformer-based cross-modal attention [14, 16]
provides a principled solution for feature fusion across multiple sensing modalities with differing
temporal resolutions, offering a natural mechanism for ARIA to bridge these heterogeneous sensor
streams.

9.3 Continual Learning

Al models need to be adaptable to the changing targets [3, 4] and changing electromagnetic
environments as the target types (Tt) evolve, without catastrophic forgetting. Mechanisms of continual
learning are essential for long term field performance by allowing ARIA to update its operational
experience. A direct research direction that can be extended from the McMahan et al. [18] is federated
continual learning for incremental local updates for distributed radars. Recent work by Karantaidis et
al. [40] on few-shot and incremental radar ATR further shows that hybrid local/global feature
extractors with prototype-based updates can mitigate catastrophic forgetting when new target classes
are introduced post-deployment, offering a concrete mechanism ARIA's continual learning component
can adopt for field-updatable classification without full retraining.

9.4 Standardized Benchmark Development
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Al-based radar signal processing relies on repeating and independent research and systematic ARIA
validation requires the creation of publicly available, standardized benchmark datasets with labeled
SAR/ISAR image sets [22,23] and micro-doppler signature databases [5] and multi-target scenario
recordings [7]. This will be hastened by collaborative effort and development of datasets via DRDO
[31] and international cooperation following the standards provided by IEEE Std 686-2017 [32] on
radar definition.

10. CONCLUSION

In this systematic literature review and meta-analysis, the researcher systematically surveyed the
fundamental research that underpins the ARIA — Adaptive Radar Intelligence Architecture —
framework that were conducted during the 10 representative studies from 2021 to 2024 [5—13]. This
pooled effect size from the meta-analysis is 0.878 (95% CI: 0.860—0.896), which shows that Al-based
radar methods overall are working better; it is important to note that there is a high degree of variation
in the performance across the various technique categories analyzed. The highest pooled accuracy is
obtained by Deep Learning approaches [5, 15, 22] and the greatest variance is obtained by
Reinforcement Learning [9, 35], which ARIA's adaptive waveform module needs to overcome with
high-fidelity simulation and domain randomisation [29]. The ARIA architecture finds motivation in
four principal research gaps of end-to-end intelligent radar systems: the sim-to-real gap in RL-based
systems [9, 35], the lack of labelled radar datasets [22, 23], the absence of model explainability in
safety-critical systems [12, 19], and the fragmentation of individually validated capabilities into a
single deployable pipeline (Section 4.9). ARIA's multi-layered modular architecture — built on the
foundational principles of LeCun et al. [3], Vaswani et al. [14], Hochreiter and Schmidhuber [16],
McMabhan et al. [18], and Lundberg and Lee [19] — addresses all four gaps directly within a single
deployable system design.

Future research directions emerging from this synthesis include:

(1) closing the sim-to-real gap for RL-based waveform adaptation through domain-randomized and
high-fidelity electromagnetic simulation [29];

(ii) developing standardized, large-scale labelled radar datasets to reduce reliance on transfer learning
from non-radar domains [22, 23];

(iii) advancing real-time-capable explainability methods suitable for safety-critical certification [12,
19];

(iv) implementing and empirically benchmarking individual ARIA modules toward full system
integration and operational testing against existing state-of-the-art approaches.
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