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Abstract

Reflectarray antenna design traditionally depends on computationally intensive full-wave
simulations and experimental measurements, which significantly increase design time and
cost. To address these limitations, we propose PhaseNet, an end-to-end deep learning
framework that leverages phase maps and radiation angles as inputs to predict reflectarray
antenna gain values. PhaseNet integrates spatial features extracted by a convolutional
neural network (CNN) backbone with an angle-embedding module, and employs a re-
gression head to enable efficient forward prediction. After training, the model achieves
near-real-time inference with a single forward pass, facilitating rapid exploration of high-
dimensional design spaces and providing immediate design feedback. In addition, we
introduce two novel evaluation metrics, Half-Power Beamwidth (HPBW) and Main-Lobe
Root Mean Square Error (RMSE), which allow for a multidimensional evaluation of predic-
tion performance across the full radiation pattern and within the critical main-lobe region.
These metrics provide refined criteria for reflectarray antenna design optimization beyond
conventional error measures. In particular, PhaseNet achieved the best performance com-
pared to existing models on these newly proposed evaluation metrics, recording up to
0.45 lower HPBW RMSE than existing methods, thereby validating both the relevance of
the metrics and the effectiveness of the model. To further enhance practicality, we present
a rapid generation of diverse bit-encoded datasets, substantially reducing the time and
cost associated with data acquisition. Overall, the proposed framework effectively reduces
prediction errors in reflectarray antenna design.

Keywords: antenna; reflectarray antenna; antenna design optimization; convolutional
neural network (CNN); deep learning; evaluation metrics; reflectarray antenna data generation

MSC: 78A50; 62M45; 82C32; 68M20; 68T05

1. Introduction
The advancement of next-generation technologies, such as 5G/6G wireless commu-

nications and space exploration systems, has exponentially increased the demand for
high-gain, high-efficiency antennas. While parabolic reflectors are too bulky and phased
arrays require complex, lossy feeding networks [1,2], the reflectarray antenna has emerged
as a compelling alternative. It merges the spatial feeding of a reflector with the planar
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architecture of a phased array, offering a low-profile, lightweight, and easily fabricated
solution ideal for modern applications like Low-Earth-Orbit Satellites. The reflectarray
thus resolves the long-standing trade-off between performance and complexity.

Despite its conceptual simplicity, practical reflectarray design is a multi-objective opti-
mization problem fraught with challenges, including achieving a full 360° phase range, over-
coming a narrow bandwidth, and accounting for mutual coupling between elements [1,3,4].
The relationship between the geometry of thousands of unit cells and the far-field radiation
pattern is highly non-linear, making an exhaustive search for an optimal solution com-
putationally infeasible [5]. This complexity creates a severe computational bottleneck, as
traditional design relies on time-consuming computational electromagnetic (CEM) solvers
like HFSS or CST [6–8]. The need for thousands of iterative simulations stifles innovation,
trapping designers in incremental improvements rather than allowing for the exploration
of novel, high-performance designs.

Artificial intelligence (AI) and machine learning (ML) offer a transformative paradigm
to overcome this bottleneck. Data-driven surrogate models, trained on high-fidelity simula-
tion data, can learn complex physics and provide near-real-time predictions, dramatically
accelerating the design process. Convolutional neural networks (CNNs) are particularly
well-suited for this task, as they can effectively learn the spatial correlations within the
2D phase map of a reflectarray that determine the radiation pattern. This approach repre-
sents a fundamental shift from “physics-based simulation” to “physics-informed inference,”
enabling not only rapid forward prediction but also opening pathways to solve the challeng-
ing inverse design problem. Although the application of ML in antenna design has been
increasing [9–13], a dedicated end-to-end framework for reflectarrays is still lacking [14,15].
In particular, existing approaches fail to efficiently capture the highly non-linear relationship
between thousands of phase cells and complex radiation patterns, resulting in significant
computational cost and long exploration time during the design process. To address these
issues, this paper proposes PhaseNet, a deep learning framework that directly predicts an-
tenna gain from 2D phase maps and radiation angles, enabling fast and efficient exploration
of high-dimensional design spaces. This paper is organized as follows. Section 2 provides
a detailed description of the proposed data-generation process, evaluation metrics, and the
PhaseNet framework. Section 3 presents the experimental results on reflectarray antenna
optimization based on the proposed model. Section 4 offers an in-depth analysis of the
experimental results, and finally, Section 5 summarizes and concludes the work. The key
contributions of this work are:

1. To address the limitations of conventional regression metrics such as MSE, RMSE, and
R2 in capturing the local characteristics of antenna radiation patterns, we introduce
two novel domain-specific evaluation measures—Half-Power Beamwidth (HPBW)
RMSE and Main-Lobe RMSE.

2. Through the design and validation of the PhaseNet architecture, we achieved state-of-
the-art prediction accuracy, recording an HPBW RMSE up to 0.45 lower than that of
existing methods.

2. Method
2.1. Data Generation

Separate input text (.txt) files were prepared for each bit depth. From the second
line to the N-th line of each file, the element position and the phase angle (degrees) are
recorded, where the phase angles are uniformly sampled in the −180° to +180° range
and sorted in descending order from positive to negative. The number of possible angle
combinations is determined by 2bit_depth; for example, the 1-bit dataset contains two unique
combinations, and the 2-bit dataset contains four unique combinations. All combinations
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are constructed without duplication, providing a systematic and consistent dataset for
phase map generation across different bit data. The pseudocode for this process is presented
in Algorithm 1.

Algorithm 1 Random Generation of Phase-Combination Sets

Require: bit depth b, target count N, maximum attempts max_attempts
Ensure: setR of N unique signed phase combinations or FAILURE

Notation: n = 2b−1,R ← ∅, attempts = 0
while |R| < N ∧ attempts < max_attempts do

p = RandInt
(
n, [1, 180]

)
q = Neg(p)

x = sort↓
(

Concat(p, q)
)

if x /∈ R then
R ← R∪ {x}

end if
attempts← attempts + 1

end while
if |R| = N then

returnR
else

return FAILURE
end if

The following physical parameters were fixed for all experiments during data gen-
eration. A square-patch reflectarray antenna was assumed, with a cell size of 18.5 mm,
an operating frequency of 8 GHz, and a Q-factor of 3. The antenna dimensions were
set to 370 mm × 370 mm, and the feed-point coordinates were defined as (X, Y, Z) =
(−185, 0, 370) mm. Based on the phase angles (degrees) recorded in the input text files and
the specified bit depth, a 20 × 20 grid was constructed and each grid point was assigned
a discretized phase value snapped to the bit-data lookup table. The resulting phase map
is shown as an example in Figure 1, and the gain was computed by processing this phase
map together with the radiation angle information. Finally, 91 gain values were extracted
by sampling the −45◦ to +45◦ range in 1◦ increments. The outcome of the data-generation
process consists of the gain values corresponding to each phase map, along with the as-
sociated radiation angle (phi) values. Algorithm 2 was used for phase map generation,
and Algorithm 3 was used to calculate gain values from the generated phase map over the
−45◦ to +45◦ range. A dataset of 10,000 samples was assembled—2000 samples for each bit
data from 1 to 5—and used for subsequent model training and evaluation.

Figure 1. Visualization of 20 × 20 phase maps for different bit data: (a) 1-bit data, (b) 2-bit data,
(c) 3-bit data, (d) 4-bit data, and (e) 5-bit data.
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Algorithm 2 Phase Map Generation

Require: input_dir, output_dir
Ensure: phase_maps (in memory)

Check that input_dir exists; create output_dir if needed.

Initialize fixed parameters
apt_type← "Square"
cell_size← 18.5 mm
freq_ghz← 8 GHz
q← 3
L = W ← 370 mm
(x f , y f , z f )← (−185, 0, 370)mm ▷ feed coords
θ0 = ϕ0 ← 0◦

Compute derived constants
freq← freq_ghz× 109

λ← c× 1000/freq
k0 ← 2π/λ

Generate coordinate grid
xp = yp ← range

(
−L/2 + mod(L/2, cell_size), L/2, step = cell_size

)
txt_files← list_files(input_dir, ‘*.txt’)
phase_maps← [ ]
for all file ∈ txt_files do

(dim_u, phas_u)← read_txt(file)
PPhase ← PP_SQUARE(L, cell_size, k0, θ0, ϕ0)
SDelay ← SD_SQUARE(L, cell_size, k0, x f , y f , z f )

RPhase ← RP_SQUARE(L, cell_size, PPhase, SDelay)

phas_sorted← unique_sort_ascending(phas_u)
Clamp RPhase to

[
phas_sorted[1], phas_sorted[end]

]
RPhase ← nearest_neighbor_interpolation

(
RPhase, phas_sorted

)
Append RPhase to phase_maps

end for

return phase_maps

Algorithm 3 Selective E/H-Plane Gain Data Generation

Require: input_dir, output_dir, target_pairs
Ensure: gain_pairs (in memory)

Notation:
θ = [0 : θstep : 90]◦; ϕ = [0 : 1 : 360]◦; [Θ, Φ] = meshgrid(θ, ϕ)

Check I/O: Verify input_dir exists; create output_dir if needed.
if target_pairs not provided then

target_pairs← ∞
end if

Initialize fixed parameters
cell_size← 18.5 mm; f req_ghz← 8 GHz
L = W ← 370 mm; (x f , y f , z f )← (−180, 0, 370)mm
θ0 ← 0◦; ϕ0 ← 0◦; q← 3; q f ← 3; θstep ← 1◦

Compute derived constants
f req← f req_ghz× 109; λ← c× 103/ f req; k0 ← 2π/λ
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Algorithm 3 Cont.

Collect files
f iles← sorted list of *.txt in input_dir
saved_pairs← 0; gain_pairs← [ ]
for all f ile ∈ f iles do

if saved_pairs ≥ target_pairs then
return gain_pairs

end if
Read LUT (dim, phase) from f ile.
if duplicate phase values detected then

continue ▷ skip file
end if
phas_u← unique_sort_ascending(phase)

Compute phase map
P_Phase← PP_SQUARE(L, cell_size, k0, θ0, ϕ0)
S_Delay← SD_SQUARE(L, cell_size, k0, x f , y f , z f )
R_Phase← RP_SQUARE(L, cell_size, P_Phase, S_Delay)
Clamp and snap R_Phase to nearest LUT levels.

Compute element and feed patterns
EF_Elem← cos(Θ)q; EF_Feed← cos(Θ)q f

EF ← ref_square(L, cell_size, Θ, Φ, EF_Elem, k0)
I ← I_E_square(L, cell_size, 0, x f , y f , z f , EF_Feed, k0, EF_Elem, R_Phase)

Synthesize total field Etot and normalize.
EdBi ← dir_local(θ, ϕ, Etot, Θ)
Extract E-/H-plane cuts at ϕ ∈ {0◦, 90◦} and compute max E, max H.
if max E ̸= max H then

continue ▷ skip file
end if
Append current result to gain_pairs
saved_pairs← saved_pairs + 1

end for
return gain_pairs

2.2. Metrics

Traditional regression metrics such as Mean Squared Error (MSE), Root Mean Squared
Error (RMSE), and the coefficient of determination (R2) are commonly employed in prior
studies [16,17] for performance comparison and analysis. MSE computes the average of
the squared differences between predicted and actual values, making it sensitive to large
errors and indicative of overall predictive performance. RMSE, the square root of MSE,
expresses the average error magnitude in the original units, showing how far predictions
deviate from actual values on average. R2 represents the proportion of variance in the
actual values explained by the predictions, measuring how well the model accounts for the
observed data.

However, these metrics alone may fail to capture the local shape of an reflectarray
antennas radiation pattern or the prediction performance within the main-beam or main-
lobe region. Since MSE and RMSE average errors across all samples, they treat low-gain
regions and the main lobe with equal importance. Similarly, R2, based on overall variance,
may underrepresent small but critical errors in high-importance regions.

In antenna radiation analysis, the Half-Power Beamwidth (HPBW)—defined as the
angular span from the maximum gain down to the −3 dB point—measures the main-beam
region, which directly affects communication quality and coverage. Examining up to the
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−10 dB point further includes secondary radiation regions beyond the main-beam region,
providing a more comprehensive assessment of pattern reliability in practical environments.
Focusing on the −3 dB and −10 dB intervals is crucial because the detailed shapes of the
main-beam and main-lobe often determine antenna gain performance in real applications.
Inspired by these radiation characteristics, this study introduces HPBW RMSE and Main-
Lobe RMSE to separately quantify prediction performance within the main-beam and
main-lobe regions and utilize these measures as refined optimization criteria.

2.2.1. Half-Power Beamwidth RMSE

Half-Power Beamwidth RMSE (HPBW RMSE) is a metric designed to quantify the
precision of prediction models within the main-beam region of an reflectarray antenna.
First, for each radiation pattern sample, the angular range from the maximum gain down
to the −3 dB point is identified, and the errors ei = Gi − Ĝi between the actual gain values
{Gi} and the predicted values {Ĝi} within this range are computed. These errors are then
squared, summed, averaged over the number of samples N, and the square root of this
average is taken to calculate

HPBW RMSE =

√√√√ 1
N

N

∑
i=1

(Gi − Ĝi)2.

By focusing exclusively on the localized and high-importance main-beam region
rather than the entire pattern, this metric enables more accurate evaluation of prediction
performance in the critical radiation zone that directly impacts communication quality. It
also provides a consistent basis for comparing main-beam prediction errors across different
designs, clearly highlighting performance differences during optimization, and, when
used in conjunction with Main-Lobe RMSE, serves as a multifaceted evaluation criterion
encompassing both main-beam and main-lobe variations.

2.2.2. Main-Lobe RMSE

Main-Lobe RMSE is similar to HPBW RMSE but extends the measurement range from
the maximum gain down to −10 dB, encompassing not only the primary radiating region
within the main lobe but also the secondary radiating region at the lobe’s periphery. For
each radiation pattern sample, the angular range from the maximum gain to −10 dB is
identified, and the errors ei = Gi − Ĝi between all actual gain values {Gi} and predicted
values {Ĝi} within this range are computed. These errors are then squared, summed,
averaged over the number of samples N, and the square root of this average is taken
to calculate

Main Lobe RMSE =

√√√√ 1
N

N

∑
i=1

(Gi − Ĝi)2.

By covering both the core of the main lobe and its surrounding radiation shape, this
metric evaluates pattern reliability in practical environments. Extending the range to
−10 dB allows for the validation of model performance in real-world conditions, includ-
ing receiver sensitivity and secondary radiation regions. Additionally, by providing a
consistent measure of prediction error across various designs and frequency conditions,
Main-Lobe RMSE enables a clearer assessment of model generalization performance and
practical applicability.
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2.3. Model Architecture

PhaseNet consists of two independent modules that process the phase map and the
phi angle, respectively. An overview of this dual-module design is shown in Figure 2, and
it enables the optimized handling of inputs with different characteristics. In addition, a
block diagram representation of PhaseNet is provided in Figure 3.

Figure 2. Overview of our PhaseNet framework. A three-block CNN backbone with GAP extracts
features from the 20 × 20 phase map, while a Linear → LeakyReLU → Dropout embedding encodes
the scalar phi angle. The resulting 128- and 16-dimensional vectors are concatenated and passed
through a lightweight regressor head to predict reflectarray antenna gain in a single forward pass.

Figure 3. Block diagram of PhaseNet.

2.3.1. Phase Map CNN Backbone

The CNN backbone module for phase map processing comprises three Phase Blocks
followed by Global Average Pooling (GAP). Each Phase Block consists of Conv2d, Batch-
Norm2d, LeakyReLU activation, and MaxPool2d. Given a 20 × 20 phase map P ∈ R20×20,
the backbone produces a feature tensor
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F = PhaseBackbone(P),

which is then compressed into a 128-dimensional vector by

fphase = GAP(F) ∈ R128.

The key advantage of the CNN-based approach is its ability to preserve the spatial
structure of the phase map while hierarchically extracting local patterns and global features.
In particular, the translation invariance of convolution operations allows for the robust
learning of spatial correlations and patterns within the phase map, and the multi-layer
architecture captures features from low-level local details to high-level complex patterns.

2.3.2. Phi-Embedding Module

The phi-embedding module transforms the scalar phi value into a 16-dimensional
vector via a sequence of a Linear layer, LeakyReLU activation, and Dropout:

eϕ = Dropout(LeakyReLU(Wϕ ϕ + bϕ)) ∈ R16.

Mapping the one-dimensional directional information into a higher-dimensional fea-
ture space enhances representational power when combined with the phase map, while
Dropout regularization prevents the embedding from over-relying on specific patterns.

The independent design of the two modules allows for the optimized processing of
phase map spatial information and phi directional information, and enables individual
analysis and optimization of each component’s contribution.

2.3.3. Feature Fusion and Regression

The 128-dimensional phase feature fphase and the 16-dimensional phi embedding eϕ

are concatenated to form a 144-dimensional combined feature vector

z = [ fphase; eϕ] ∈ R144,

which is passed through the regressor head to predict the final gain ĝ. The regressor head
consists of two fully connected blocks and additional layers, defined by

h1 = Dropout(LeakyReLU(W1z + b1)),

h2 = Dropout(LeakyReLU(W2h1 + b2)),

h3 = LeakyReLU(W3h2 + b3),

ĝ = W4h3 + b4.

Through this process, PhaseNet processes the input phase map and phi via optimized
pathways and achieves near real-time reflectarray antenna gain prediction with a single
forward pass.

3. Experimental Results
3.1. Implementation Details

All code was implemented using the PyTorch 2.9.0 framework, and experiments were
conducted on an NVIDIA A6000 GPU. Mean squared error (MSE) was used as the loss
function, and the AdamW optimizer was configured with a weight decay of 1 × 10−4.
Training ran for 15,000 epochs with an initial learning rate of 1 × 10−3. A ReduceLROn-
Plateau scheduler was employed to halve the learning rate whenever validation loss failed
to improve. During training, the model with the lowest validation HPBW RMSE was saved
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as the best model. Finally, both proposed RMSE metrics (HPBW RMSE and Main-Lobe
RMSE) were computed on the test set for comprehensive performance evaluation.

3.2. Comparison with Other Deep Learning Models

To comprehensively evaluate the performance of the proposed PhaseNet, we se-
lected a diverse set of representative deep learning models specialized for different data
types and structures as baselines. TabNet [18] is a leading model for tabular data; Image
CNN-LSTM [19] represents a hybrid approach combining spatial and sequential feature
extraction; and Ski-Le-BNN [20] is a recent CNN-based model from the reflectarray antenna
modeling field. This comparison aims to demonstrate the superior structural efficiency and
prediction performance of PhaseNet.

Using the phase maps, phi angles, and gain data generated in this work, we compared
the performance of existing deep learning models against our proposed PhaseNet. At
this stage, both the existing deep learning models and PhaseNet were trained under the
same conditions using the dataset proposed in this study, with the proposed RMSE metrics
(HPBW RMSE and Main-Lobe RMSE) applied to all models, and the results are summarized
in Table 1.

Table 1. Performance comparison of different modeling methods for reflectarray antennas. The best
performance for each Data(bit) is marked in bold.

Model (Year) Data (bit) HPBW RMSE Main-Lobe RMSE

TabNet (2021)

1

0.34 0.40
Image CNN-LSTM (2024) 0.3 0.36
Ski-Le-BNN (2025) 0.28 0.29
PhaseNet (Proposed) 0.17 0.21

TabNet (2021)

2

0.41 0.42
Image CNN-LSTM (2024) 0.47 0.51
Ski-Le-BNN (2025) 0.12 0.14
PhaseNet (Proposed) 0.09 0.09

TabNet (2021)

3

0.52 0.53
Image CNN-LSTM (2024) 0.19 0.26
Ski-Le-BNN (2025) 0.10 0.12
PhaseNet (Proposed) 0.07 0.08

TabNet (2021)

4

0.24 0.25
Image CNN-LSTM (2024) 0.05 0.08
Ski-Le-BNN (2025) 0.25 0.24
PhaseNet (Proposed) 0.04 0.06

TabNet (2021)

5

0.12 0.13
Image CNN-LSTM (2024) 0.02 0.04
Ski-Le-BNN (2025) 0.12 0.12
PhaseNet (Proposed) 0.02 0.04

The proposed PhaseNet consistently achieved the best performance across all bit datas.
In particular, it recorded the lowest errors in both HPBW RMSE and Main-Lobe RMSE,
which evaluate the antenna’s critical radiation regions.

For the 1-bit dataset, PhaseNet improved HPBW RMSE by 0.17 compared to TabNet,
0.13 compared to Image CNN-LSTM, and 0.11 compared to Ski-Le-BNN. In the 2-bit
dataset, PhaseNet demonstrated especially pronounced gains, outperforming TabNet by
0.32 and Image CNN-LSTM by 0.38, with a 0.03 advantage over Ski-Le-BNN. Performance
superiority persisted for the 3-bit and 4-bit datasets, and for the 5-bit dataset, PhaseNet
achieved remarkable improvements of 0.1 over TabNet and Ski-Le-BNN. These results
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suggest that PhaseNet’s ability to learn spatial patterns becomes increasingly effective as
bit data increases.

In addition, the model complexity of TabNet, Image CNN-LSTM, Ski-Le-BNN, and
PhaseNet was compared in terms of the number of parameters and FLOPs. TabNet had
approximately 2.31 million parameters and 126.65 million FLOPs, making it the heavi-
est structure with the highest computational cost. Image CNN-LSTM contained about
1.06 million parameters and 4.97 million FLOPs, exhibiting a relatively lightweight configu-
ration. Ski-Le-BNN recorded around 0.35 million parameters and 0.59M FLOPs, achieving
the lowest computational cost among the four models. In contrast, the proposed PhaseNet
had 177 K parameters and 2.34 M FLOPs, showing the smallest number of parameters
while recording the second-lowest FLOPs. This indicates that PhaseNet can effectively
learn complex spatial correlations by performing more computations in the CNN-based
phase map processing, even with a small number of parameters, as summarized in Table 2

Table 2. Model complexity comparison in terms of parameters and FLOPs.

Model (Year) Params FLOPs

TabNet (2021) 2.31 M 126.65 M
Image CNN-LSTM (2024) 1.07 M 4.97 M
Ski-Le-BNN (2025) 349.9 K 0.59 M
PatchNet (Proposed) 177.3 K 2.34 M

3.3. Ablation Study

To quantitatively analyze the crucial role of each component in PhaseNet for re-
flectarray antenna gain prediction, we conducted three systematic ablation studies:
(1) analysis of the impact of converting phase maps to 1D vectorized inputs on performance;
(2) verification of the effects of removing the phi-embedding module; and (3) evaluation of
each block’s contribution by progressively removing PhaseBlock structures from the CNN
backbone. The comprehensive results of these ablation studies are presented in Table 3.

To evaluate the impact of preserving the 2D spatial layout of the phase map, we
compared the standard 2D input against a 1D vectorized input. For 1-bit data, the 1D
input increased HPBW RMSE from 0.17 to 2.10 (∆ = 1.93) and Main-Lobe RMSE from
0.21 to 2.67 (∆ = 2.46). Both HPBW RMSE and Main Lobe RMSE consistently increased
from 2-bit to 5-bit, confirming performance degradation of 1D vectorized input compared
to 2D input. In 5-bit setting, HPBW RMSE degraded by up to 1.08 and Main-Lobe RMSE by
up to 1.05, underscoring the importance of preserving the phase map’s 2D spatial structure.
These results support that the 2D layout is indispensable for learning spatial patterns in the
phase map.

Removing the phi input led to a substantial degradation across all bit-data settings.
For 1-bit data, HPBW RMSE from 0.17 to 2.35 (∆ = 2.18), and Main-Lobe RMSE from 0.21 to
2.89 (∆ = 2.68). Similarly, for 2–5-bit settings, the maximum observed difference in HPBW
RMSE was 2.18 (5-bit setting), and the smallest observed difference in HPBW RMSE was
1.66 (2-bit setting). In every metric and for every bit data, the full model with the phi
embedding significantly outperformed the variant without it, demonstrating that explicit
encoding of phi angle information is critical for accurate prediction in the antenna’s key
radiation regions.

We further evaluated the role of each Phase Block by conducting experiments using
only Phase Blocks 1 and 2 (removing Phase Block 3) and using only Phase Block 1 (removing
Phase Blocks 2 and 3). Both experiments led to severe performance drops relative to the
full model. For 1-bit data, when using only Phase Blocks 1, HPBW RMSE increased from
0.17 to 2.08 (∆ = 1.91) and Main-Lobe RMSE increased from 0.21 to 2.49 (∆ = 2.28).
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Similar performance degradation occurred when using only Phase Block 1 and 2: HPBW
RMSE increased from 0.17 to 2.24 (∆ = 2.07) and Main-Lobe RMSE increased from 0.21 to
2.70 (∆ = 2.49). The same trend held for 2-bit through to 5-bit data. In 4-bit data, using only
Phase Block 1 further destabilized predictions with HPBW RMSE increasing from 0.04 to
1.94 (∆ = 1.90), and using only Phase Blocks 1 and 2 raised HPBW RMSE from 0.04 to
1.42 (∆ = 1.38). These findings confirm that a multi-layer convolutional block structure is
essential for effectively learning both local and global patterns in the phase map.

Table 3. Ablation study of PhaseNet across different configurations. ‘O’ indicates that Phi Embedding
was used, and ‘X’ indicates it was not. The best performance for each Data(bit) is marked in bold.

Data (bit) Phi Embedding Phase Map Shape Phase Block Use HPBW RMSE Main-Lobe RMSE

1

O 1D 1, 2, 3 2.10 2.67
X 2D 1, 2, 3 2.35 2.89
O 2D 1 2.08 2.49
O 2D 1, 2 2.24 2.70
O 2D 1, 2, 3 0.17 0.21

2

O 1D 1, 2, 3 1.60 1.62
X 2D 1, 2, 3 1.75 1.80
O 2D 1 1.39 1.37
O 2D 1, 2 1.62 1.69
O 2D 1, 2, 3 0.09 0.09

3

O 1D 1, 2, 3 1.40 1.40
X 2D 1, 2, 3 1.90 1.83
O 2D 1 1.25 1.20
O 2D 1, 2 1.46 1.48
O 2D 1, 2, 3 0.07 0.08

4

O 1D 1, 2, 3 1.02 1.02
X 2D 1, 2, 3 1.84 1.74
O 2D 1 1.94 1.87
O 2D 1, 2 1.42 1.41
O 2D 1, 2, 3 0.04 0.06

5

O 1D 1, 2, 3 1.08 1.05
X 2D 1, 2, 3 2.20 2.10
O 2D 1 2.01 1.95
O 2D 1, 2 1.54 1.50
O 2D 1, 2, 3 0.02 0.04

We compared the data-generation time of algorithm-based methods with the pre-
diction time of the proposed PhaseNet. The results, as summarized in Table 4, clearly
show that PhaseNet enables the identification of optimal gain values much faster than
conventional data-generation approaches.

Table 4. Comparison of data-generation time across different methods.

Method Time

Algorithm-based Data Generation 5 min 23 s
PhaseNet Prediction (Proposed) 4.91 s

4. Discussion
Figures 4 and 5 provide detailed visual comparisons of prediction performance be-

tween PhaseNet and competing deep learning models on 1-bit and 2-bit data, respectively.
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Through qualitative analysis, several important insights into the models’ prediction capa-
bilities can be derived.

The prediction curve analysis confirms that PhaseNet achieves superior pattern fidelity
compared to baseline models. In Figure 4, TabNet, Image CNN-LSTM, and Ski-Le-BNN
show significant deviations from actual gain values, while PhaseNet’s predictions demon-
strate high agreement with actual gain values across all angular positions. In Figure 5, the
differences between other deep learning models’ predicted gain values and actual gain
values become even more pronounced. In particular, substantial discrepancies are observed
in the side-lobe regions excluding the main-lobe area.

The proposed PhaseNet in this study successfully captures both the main-lobe charac-
teristics and complex side-lobe structures that are essential for accurate reflectarray antenna
performance prediction. These results demonstrate that PhaseNet’s phi-embedding module
and 2D spatial-processing approach are highly effective for antenna gain value prediction.

When the phi-embedding module was removed, all bit data exhibited an average
increase of 2.00 in HPBW RMSE and over 2.07 in Main-Lobe RMSE. This finding underscores
that the phi-embedding module is essential not only for encoding directional information
of the radiation pattern but also for accurately capturing global pattern transitions through
its interaction with the phase map. Without phi input, the model cannot learn pattern
variations that are indistinguishable from the phase map alone, leading to large predictive
errors across different angular regions. These results strongly suggest that phi information
plays a decisive supporting role in predicting the main-lobe center angle and side-lobe
distribution, and must be incorporated in antenna gain prediction models.

Next, we assessed the impact of losing spatial structure by converting the 2D phase
map input into a 1D vector, and found that both HPBW RMSE and Main-Lobe RMSE
increased across all bit data (1–5 bit), which indicates that losing the 2D spatial structure
prevents the model from effectively learning both local and global patterns in key radia-
tion regions, and the larger performance degradation observed in low-bit data suggests
that even relatively simple phase distributions benefit critically from the spatial context
provided by a 2D layout. Unlike 1D input, with 2D input, the CNN can build hierarchical
feature representations through localized filtering and pooling, substantially enhancing rep-
resentation capacity and generalization, and these findings strongly support that preserving
the 2D layout of phase maps is indispensable when designing such models.

Finally, we evaluated the effect of removing Phase Blocks from the CNN backbone.
Removing Phase Blocks 2 and 3 (leaving only Block 1) resulted in an increase of 1.73
in HPBW RMSE and 1.78 in Main-Lobe RMSE, on average across all bit data. Similarly,
removing Phase Block 3 (leaving Blocks 1 and 2) led to increases of over 1.66 in HPBW
RMSE and 1.76 in Main-Lobe RMSE on average. These results demonstrate that eliminating
successive convolutional layers drastically impairs both low-level local feature extraction
and high-level global pattern learning. Each block contributes by forming appropriate
receptive fields that capture spatial patterns at multiple scales, playing a critical role in
gain prediction performance. The consistent ablation outcomes across all bit settings
confirm that PhaseNet’s modular architecture and multi-layer convolutional design act
complementarily and are essential for learning complex patterns. This in-data analysis
can serve as a practical guideline for prioritizing key components in future lightweight or
variant model development.

The proposed PhaseNet adopts a proven CNN-based architecture to achieve efficient
feature extraction. However, we acknowledge that more recent architectures could po-
tentially offer higher performance. Specifically, Graph Neural Networks (GNNs) could
explicitly model the mutual coupling effects between the discrete elements of the reflec-
tarray, while Vision Transformers (ViTs) could capture long-range dependencies across
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the entire phase map. Future work should include a comparative analysis against these
advanced models to benchmark PhaseNet’s performance in a broader context.

Figure 4. Comparison of predicted vs. true gain values for different models on 1-bit data: (a) TabNet;
(b) Image CNN-LSTM; (c) Ski-Le-BNNl; (d) PhaseNet. The blue solid line represents the true gain
values, and the red dashed line represents the predicted gain values.

Figure 5. Comparison of predicted vs. true gain values for different models on 2-bit data: (a) TabNet;
(b) Image CNN-LSTM; (c) Ski-Le-BNN; (d) PhaseNet. The blue solid line represents the true gain
values, and the red dashed line represents the predicted gain values.
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While conventional research methodologies required complex equations and design
processes utilizing phase for each antenna type, our model offers the advantage of enabling
efficient design without the need for complex numerical analysis-based computational
processes. The PhaseNet model proposed in this study is an approach inspired by reflec-
tarrays and possesses extensibility that can be applied to all array antenna types utilizing
phase information. Specifically, direct application to phased arrays and transmit arrays is
expected to be feasible, which will be validated in future research.

5. Conclusions
In this study, we propose PhaseNet, an end-to-end model that leverages phase maps

and radiation angles as inputs. PhaseNet integrates features extracted by a CNN backbone
and a radiation angle-embedding module through concatenation, followed by a regression
head to predict reflectarray antenna gain values.

Furthermore, we introduce two novel evaluation metrics—Half-Power Beamwidth
(HPBW) RMSE and Main-Lobe RMSE—which have not been addressed in prior work.
These metrics enable a multidimensional assessment of prediction performance across the
entire radiation pattern and within the critical main-lobe region, offering refined criteria
for antenna design optimization. Additionally, we present a MATLAB 24.2-based method
for the rapid generation of diverse bit datasets, significantly reducing the time and cost
associated with data acquisition.

In future work, we plan to validate and further analyze the generalization perfor-
mance of PhaseNet across a variety of antenna geometries and frequency bands, as well as
investigate its applicability in practical design scenarios.
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