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Abstract—This work presents a full-azimuth localization
framework for ISAC based on a triangular array of bi-directional
leaky-wave antennas (LWAs) and a hybrid monopulse deep-
learning algorithm. Although multi-antenna arrays enable full
coverage, they inherently exhibit angular blind spots where
directive radiation is absent, degrading monopulse-based estima-
tion. To address this, a lightweight neural network is combined
with classical amplitude monopulse to correct systematic errors,
particularly in blind-spot regions and low-SNR conditions. Using
measured radiation data from a three-element LWA array,
three approaches are evaluated: monopulse-only, deep-learning-
only, and the proposed hybrid method. Results show that the
hybrid approach significantly reduces angular error in blind
spots while preserving the interpretability and low complexity
of monopulse estimation. This demonstrates that AI-assisted
processing enhances angular robustness in LWA-based ISAC
systems without requiring hardware modifications.

Index Terms—Leaky-wave antenna, direction finding, deep
learning, integrated sensing and communication

I. INTRODUCTION

MODERN communication systems, such as 5G NR and
future 6G, aim to provide personalized services through

accurate localization integrated into communication infrastruc-
tures [1]. This paradigm, known as integrated sensing and
communication (ISAC), combines radar and communication
functionalities to enhance network performance [2], [3]. In this
context, direction finding (DF) is a key task in sensing systems,
directly impacting localization, tracking, and beamforming [4].

Leaky-wave antennas (LWAs) are attractive due to their
passive beam-scanning capability and compactness, enabling
wide angular coverage without complex feeding networks [5],
[6]. However, single-element LWAs exhibit limited angular
responses [7]- [8], leading to reduced field-of-view (FoV) in
line-of-sight (LOS) and preventing localization in non-line-of-
sight (NLOS) regions [7]. This limitation is critical in full-
azimuth applications. To address it, several 360° DF solutions
have been proposed, using an antenna rotator [9], [10], circular
arrays [11], switched beams [12], [13], and parasitic arrays
[14]. Nevertheless, adjacent beams may not overlap at their
half-power beamwidth (HPBW), creating angular discontinu-
ities or shadow regions with low received power (Fig. 1). This
degrades the accuracy of DF algorithms such as monopulse,
MUSIC, Fingerprinting, or ESPRIT [7], [15]- [16].

Recent advances in machine learning (ML) and deep learn-
ing (DL) for ISAC [17] have shown strong performance in
inverse electromagnetic problems, including pattern synthesis,

Fig. 1: Hybrid LOS/NLOS communication and sensing sce-
nario.

Fig. 2: Manufactured 3-LWA array.

direction-of-arrival (DoA) estimation, and ambiguity mitiga-
tion [18], [19]. In parallel, NLOS mitigation has been widely
studied. Classical approaches, such as Kalman and particle
filters, exploit prediction and statistical modeling to reduce
NLOS errors [20], [21]. Hybrid strategies combining comple-
mentary observables (e.g., TDoA with DoA [22], AoD with
RTT [23], or ToA with DoA [24]) further improve robustness.
More recently, data-driven methods have demonstrated strong
capabilities for NLOS detection and compensation in multi-
path scenarios [25]– [26]. This work proposes three techniques
to enhance direction-finding accuracy in full-azimuth LWA
arrays and mitigate angular shadow regions: (i) an amplitude-
monopulse method based on six-port measurements; (ii) a
CNN that directly estimates DoA from power snapshots; and
(iii) a hybrid Monopulse-CNN approach that refines a coarse
monopulse estimate via residual learning. Regarding the CNN
architecture of the third approach, it is inspired by prior
works [27], [28], and therefore the main novelty lies in learn-
ing only the monopulse residual error, differentiating it from
purely data-driven [29] and classical monopulse methods [30].
Finally, all methods are validated using measured patterns
from a three-element LWA array, focusing on error reduction
in blind-spot regions under different SNR conditions.
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Fig. 3: Normalized full-azimuthal measured radiation patterns
of the three LWA array. Solid line: port 1 of each LWA. Dotted
line: port 2 of each LWA in the array.

Fig. 4: Computed monopulse functions.

II. FULL-AZIMUTH LWA ARRAY

The proposed full-azimuth direction-finding array is based
on three identical microstrip leaky-wave antennas (MLWAs)
arranged in an equilateral triangular configuration to provide
continuous 360◦ coverage, as shown in Fig. 2. Each MLWA
corresponds to the compact bidirectionally fed design reported
in [31], operating at f0 = 2.402 GHz. The total electrical
length of a single antenna is approximately L ≈ 0.8λ0

(L = 98 mm), producing two directive beams when excited
from opposite ports at φR = ±15◦, each with a half-power
beamwidth (HPBW) of approximately 60◦.

Three identical MLWAs are positioned on a circular ground
plane forming an equilateral triangle, with their main radiation
axes oriented at

θn = θ0 + n · 120◦, n = 0, 1, 2. (1)

The array has been calibrated and measured in an anechoic
chamber using a multi-port VNA. The resulting full-azimuth
radiation patterns at f0 = 2.39 GHz are depicted in Fig. 3.
All six ports exhibit consistent performance, with S11 < −10
dB in 2.4−2.6 GHz, peak gain of 1.59−1.7 dB, radiation
efficiency of 55%−59%, and HPBW of 43°−48°. These
small variations, mainly due to fabrication tolerances affecting
antenna width (beam direction) and length (HPBW), do not
compromise the distinct angular coverage required for the
sensing application.

A. System Model

Let θ ∈ [−180◦, 180◦] denote the DoA of a single far-field
source. The measured radiation patterns of the six available
ports (three antennas, two ports each) are used to define the
array response in terms of received power. Specifically, let

g(θ) =
[
g1(θ) g2(θ) · · · g6(θ)

]T
(2)

be the vector of calibrated radiation patterns obtained from
anechoic chamber measurements, sampled over the full az-
imuth plane with 1◦ resolution.

Assuming a single source with average transmitted power
Ps, the received signal at the m-th port for the k-th snapshot
is modeled as

Pm[k] = Ps gm(θ) + wm[k], (3)

where Pm[k] denotes the measured received power and
wm[k] ∼ N (0, σ2) accounts for additive Gaussian noise.

Stacking the six ports, the observation vector is given by

p[k] = Ps g(θ) +w[k], k = 1, . . . ,K, (4)

where K = 1000 snapshots are considered in this work, as the
estimation performance stabilizes for K above 500 snapshots.

Based on the measured patterns in Fig. 3, certain angular
regions exhibit low received power across all ports. These
regions, referred to as angular shadow regions, can be formally
defined as

S = {θ | ∥g(θ)∥2 < ϵ} , (5)

where ϵ is a threshold related to the system sensitivity.

III. DIRECTION-FINDING STRATEGIES UNDER
LOS/NLOS CONDITIONS

This section describes the three direction-finding strategies
evaluated in this work to mitigate the angular degradation
caused by shadow regions in the full-azimuth LWA array.
The methods are: a classical amplitude-monopulse technique, a
purely data-driven deep learning approach, and a hybrid model
that combines physical monopulse features with learning-
based correction.

A. Monopulse-Only Direction Finding

For a signal impinging from an angle θ0, the received power
vector across the six ports is modeled, according to the system
model, as

p[k] = Ps g(θ0) +w[k], (6)

where g(θ) is the array response vector in power and w[k]
represents additive noise.

For a single MLWA, the conventional monopulse function
is:

MF(θ) =
∆(θ)

Σ(θ)
, (7)

with Σ(θ) and ∆(θ) being the sum and difference radiation
patterns (in power) of two consecutive beams, respectively.
MF(θ) is approximately linear near the perpendicular direction
between the beams that form the monopulse pattern, i.e.,

MF(θ) ≈ K · (θ − θp), (8)
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Fig. 5: Conceptual diagram of the proposed hybrid Monopulse-
CNN DoA estimation model.

where K is the monopulse slope and θp the perpendicular
angle. The computed monopulse functions from measured
radiation patterns are shown in Fig. 4. As commented, three
MFs with linear slopes are obtained for each beam pattern
combination in the LWA array. However, near the sector
boundaries where Σ(θ) decreases due to low overlap, the
linearity of MF(θ) breaks down, yielding blind-spot zones with
large angular errors [7].

This motivates the application of deep learning estimators
to reconstruct accurate θ0 values across the entire azimuth
range without adding extra hardware complexity to the antenna
design.

B. Deep-Learning-Only Direction Finding

To overcome the limitations of classical amplitude-
monopulse estimation in blind-spot regions, a purely data-
driven direction-finding approach is investigated. The DoA
estimation problem is formulated as a nonlinear regression
task, where a lightweight convolutional neural network (CNN)
directly maps the measured electromagnetic responses of the
LWA array to the corresponding azimuth angle.

Let x ∈ RM×K denote the input data matrix. The input ten-
sor is constructed by stacking the normalized power samples
of all channels. The CNN implements a parametric nonlinear
mapping

ŷ = fθ(x), (9)

where fϕ(·) denotes the CNN with trainable parameters ϕ.
The network consists of a single one-dimensional convolu-
tional layer operating along the snapshot dimension, followed
by a rectified linear unit (ReLU) activation and a global
average pooling stage. The convolution operation is given by

h = σ(W ∗ x+ b) , (10)

where W denotes the convolution kernels, b the bias vector,
and σ(·) the ReLU activation function.

Instead of directly regressing the azimuth angle, the network
output is a two-dimensional vector

ŷ = [ŷ1, ŷ2] =

[
sin(θ̂0)

cos(θ̂0)

]
, (11)

which ensures angular continuity and avoids discontinuities at
±180◦. The final DoA estimate is recovered as

θ̂0 = arg(ŷ2 + j ŷ1) , (12)

Fig. 6: Absolute angular error of the proposed algorithms over
the full azimuth range.

The CNN is trained in a supervised manner by minimizing
the mean squared error between the predicted and ground-truth
sine–cosine representations:

L(ϕ) = 1

N

N∑
i=1

∥ŷi − yi∥22 , (13)

where N denotes the total number of training samples, and
yi = [sin(θ0,i), cos(θ0,i)]

⊤.
C. Hybrid Monopulse–CNN Direction Finding

Here, we propose a hybrid approach (depicted in Fig. 5)
combining the robustness and physical interpretability of clas-
sical monopulse processing (left branch) with the represen-
tational power of CNNs (right branch). Instead of directly
learning the azimuth angle, the CNN is trained to predict the
residual error of the monopulse estimator.

Regarding the training procedure, the CNN architecture
consists of a single one-dimensional convolutional layer with
K = 8 filters and a temporal kernel size of L = 15, followed
by ReLU activation and global average pooling, culminating
in a scalar output that directly estimates the residual angular
correction ∆θCNN. Training is performed using full-batch
gradient descent with a learning rate of 1 × 10−4 over 20
epochs. The hybrid direction-finding algorithm operates as
shown in Algorithm 1.

IV. PERFORMANCE EVALUATION

The performance of the proposed direction-finding algo-
rithms is evaluated over the full azimuth range from −180◦ to
180◦. For each azimuth angle, k = 1000 simulated snapshots
are generated with a constant SNR of 20 dB (resulting in a
total of 361,000 samples), allowing a statistically meaningful
assessment of the estimation error. For the CNN-only and
hybrid models, the dataset was split into 80% for training, 10%
for validation, and 10% for testing. Additionally, independent
noise realizations are used for each snapshot during both
training and evaluation.

In terms of the training platform, all models were im-
plemented in MATLAB R2023b and trained on a standard
workstation equipped with an Intel Core i7-12700K CPU @
3.60 GHz, 32 GB of RAM. Training loss curves demonstrate
convergence within 50 epochs for the CNN-only model and
below 20 epochs for the hybrid algorithm.

The absolute error for each algorithm across the full 360°
field of view (FoV) is illustrated in Fig. 6, while the overall
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Algorithm 1 Hybrid Monopulse–CNN DoA Estimation

1) Acquire the received power snapshots from the full-
azimuth LWA array p[k].

2) Compute the monopulse values associated with the re-
ceived instant power from each beam pair and a certain
angle θ0:

MVi,j =
Pi − Pj

Pi + Pj
(14)

where (i, j) are the indices of a given monopulse pair.
3) Generate the angular pseudospectrum for each monopulse

function:

APSn(θ) = −10 log10

(
1

|MFn(θ)−MVn|

)
(15)

where the index n = 1, . . . , N enumerates the N
monopulse combinations.

4) Fuse all pseudospectra into a global angular response:

APSMP(θ) = F {APS1(θ), . . . ,APSN (θ)} (16)

5) Estimate the preliminary DoA from the maximum of the
fused pseudospectrum:

θ̂MP = argmax
θ

{APSMP(θ)} (17)

6) Construct the feature vector using monopulse values and
RSS measurements:

x =
[
MV1, . . . ,MVN , P1, . . . , PM , θ̂MP

]⊤
(18)

7) Feed the feature vector into the trained CNN:

∆θCNN = fθ(x) (19)

8) Compute the final DoA estimate:

θ̂ = θ̂MP +∆θCNN (20)

Fig. 7: Cumulative Distribution Function (CDF) of the pro-
posed algorithms.

RMSE (deg) MAE (deg)

SNR 10 20 40 10 20 40

Monopulse-only 88.6 36.4 12.8 60 8.1 1.1

CNN-only 38.7 33.9 5 9.6 8.5 1.3

Hybrid Monopulse-CNN 4.7 3.9 2.7 3.2 2.8 0.9

TABLE I: DoA Estimation Error for the proposed algorithms.
root mean square error (RMSE) and mean absolute error
(MAE) values are summarized in Table I.

From Fig. 6, the monopulse-only algorithm exhibits large
angular errors in shadow regions where the received power is

below sensitivity, while performing accurately in LOS regions.
This behavior is reflected by the red dots in Fig. 6. The CNN-
only model (green dots in Fig. 6) estimates the location across
all azimuth angles, capturing nonlinear distortions and com-
pensating for blind-spot zones. Nevertheless, Table I reports
RMSE/MAE for SNR = 10, 20, 40 dB, where the hybrid
method consistently outperforms the others, especially at low
SNR. At SNR = 20 dB, separate LOS/blind-spot analysis
shows that the hybrid approach maintains high accuracy in
both regions (RMSE 4.4° and 3.9°, respectively), whereas
monopulse-only degrades severely in blind spots (RMSE
55.2°). However, CNN-only does not fully exploit the phys-
ical structure of the problem. The hybrid monopulse–CNN
algorithm (blue dots in Fig. 6) combines the interpretability
and coarse accuracy of the monopulse estimator with CNN-
based residual correction, removing shadow-region failures
and reducing error across the entire FoV.

Fig. 7 shows the cumulative distribution function (CDF) of
the absolute angular error for the three algorithms over the full
360◦ FoV. The amplitude-monopulse method exhibits a slow-
rising CDF with a heavy tail, indicating a high probability
of large errors, mainly due to shadow regions where the
monopulse ratio becomes unreliable. The CNN-only approach
improves the distribution, reducing outliers and producing a
steeper CDF, although its performance is limited by a resid-
ual error floor, yielding accuracy comparable to monopulse
(Table I). In contrast, the proposed Monopulse-CNN method
achieves a significantly steeper CDF, concentrating most prob-
ability at low errors. This confirms its ability to mitigate blind-
spot failures and enhance accuracy across the entire FoV.
D. Operating Efficiency Comparison

We extended our performance evaluation to include a com-
parison of the three methods in terms of operation efficiencies.
We find that the Monopulse-only method is the fastest (0.027
ms per angle) and has the fewest operations (∼ 3.6 × 102

FLOPs per angle) due to its simple arithmetic operations. The
CNN-only method is the slowest (0.371 ms per angle, ∼14×
slower than baseline) and most computationally intensive
(∼ 1.3 × 105 FLOPs per angle), due to convolutions over
the input tensor. The Hybrid Monopulse-CNN method offers
a trade-off: inference time of 0.268 ms per angle (∼1.4× faster
than CNN-only) and ∼ 1.5× 103 FLOPs per angle, which is
about 87× fewer than CNN-only. The relative cost (FLOPs
ratio to Monopulse-only) is ∼360× for CNN-only and ∼4×
for the Hybrid method

V. CONCLUSION

Three approaches for DoA estimation with a full-azimuth
LWA array have been analyzed. While monopulse performance
follows the antenna physics but degrades in shadow regions,
and the CNN reduces errors without exploiting physical
models, the hybrid approach combines both by refining the
monopulse estimate through residual learning. This yields sig-
nificant improvements in RMSE and MAE, demonstrating that
physics-informed deep learning enables accurate and robust
DoA estimation suitable for real-time applications. As future
work, we plan to investigate cross-antenna beam combinations
to address blind-spot regions.
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Tornero, and A. Skarmeta-Gómez, “Ambiguity resolution of two confor-
mal leaky-wave antennas via deep learning,” in Proc. Int. Conf. Indoor
Positioning Indoor Navig. (IPIN), Tampere, Finland, 2025, pp. 1–7.

[20] B. Wang, B. Song, T. Wang, Z. Deng, and M. Fu, “A BDS/5G combined
positioning method based on adaptive optimal selection-robust hybrid
adaptive kalman filter algorithm,” IEEE Internet Things J., vol. 11,
no. 12, pp. 22 376–22 384, Jun. 2024.

[21] N. Xia and M. A. Weitnauer, “TDOA-based mobile localization using
particle filter with multiple motion and channel models,” IEEE Access,
vol. 7, pp. 21 057–21 066, 2019.

[22] S. K. Das and R. Mudi, “Kalman filter based NLOS identification and
mitigation for M2M communications over cellular networks,” in Proc.
IEEE Veh. Technol. Conf. (VTC-Spring), Helsinki, Finland, 2021.

[23] Q. Bader, S. Saleh, M. Elhabiby, and A. Noureldin, “NLoS detection for
enhanced 5g mmwave-based positioning for vehicular IoT applications,”
in Proc. IEEE Global Commun. Conf. (GLOBECOM), Rio de Janeiro,
Brazil, 2022, pp. 5643–5648.

[24] A. Gaber and A. Omar, “Utilization of multiple-antenna multicarrier
systems and NLOS mitigation for accurate wireless indoor positioning,”
IEEE Trans. Wireless Commun., vol. 15, no. 10, pp. 6570–6584, Oct.
2016.

[25] A. Saeidanezhad, W. Ahmad, M. A. Imran, and O. R. Popoola, “Enhanc-
ing indoor localization accuracy in dense IoT-integrated 5gnr networks:
Introducing SGNC for sensor-guided NLoS correction localization,”
IEEE J. Indoor Seamless Positioning Navig., vol. 2, pp. 333–342, 2024.

[26] Y. Ma, L. Zhou, K. Liu, and J. Wang, “Iterative phase reconstruction
and weighted localization algorithm for indoor RFID-based localization
in NLOS environment,” IEEE Sensors J., vol. 14, no. 2, pp. 597–611,
Feb. 2014.

[27] Q. Tian, R. Cai, Y. Luo, and G. Qiu, “Doa estimation: Lstm and cnn
learning algorithms,” Circuits, Systems, and Signal Processing, vol. 44,
no. 1, pp. 652–669, 2025.

[28] S. Ge, K. Li, and S. N. B. M. Rum, “Deep learning approach in doa
estimation: A systematic literature review,” Mobile Information Systems,
vol. 2021, no. 1, p. 6392875, 2021.

[29] A. Bohlender, A. Spriet, W. Tirry, and N. Madhu, “Exploiting temporal
context in cnn based multisource doa estimation,” IEEE/ACM Transac-
tions on Audio, Speech, and Language Processing, vol. 29, pp. 1594–
1608, 2021.
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leaky wave antennas for rssi-based direction finding in wireless local
area networks,” IEEE Transactions on Antennas and Propagation,
vol. 71, no. 11, pp. 8602–8615, 2023.

[31] A. Gil-Martı́nez, M. Poveda-Garcı́a, D. Cañete-Rebenaque, A. Algaba-
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