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SPEKTRA: Jurnal Fisika dan th'e galaxy scale is expected to reach O~ 5 with oggoing and future
Aplikasinya wide-field galaxy surveys. Current modeling techniques largely rely
p-ISSN: 2541-3384 on conventional fitting methods, such as least squares or maximum
e-ISSN: 2541-3392 likelihood using Markov Chain Monte Carlo, which despite their

effectiveness, are computationally expensive and require manual
EY inspection. This motivates the development of faster yet accurate
parameter estimation techniques. In this work, we construct a
representative training dataset and develop an efficient Convolutional
Neural Network to estimate lens parameters: the Einstein radius, axis
ratio, and position angle. We utilize data from Public Data Release 3
of the Hyper Suprime-Cam Subaru Strategic Program, selecting lens
galaxies in the range 0.3 <z < 0.9 based on the strong-lens
probability distribution. We find that the choice of loss function and
regularization strategy is critical. To enhance model generalization,
we leverage SpatialDropout, which outperforms standard methods by
addressing the spatial correlation inherent in convolutional features.
Furthermore, prediction accuracy and convergence speed are strongly
affected by the distribution of the training data, highlighting the
importance of an appropriate loss function. Our optimized model
demonstrates robust performance, achieving a Mean Absolute Error
of 0.092 arcsec for the Einstein radius, providing a scalable
framework for automated analysis in future wide-field surveys.
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INTRODUCTION

Gravitational lensing is a phenomenon in which light is deflected by a gravitational field
caused by the mass distribution it traverses. This deflection provides a tool for probing mass
distributions, and while general lens modelling can introduce biases, strongly lensed features
such as Einstein rings are particularly valuable as they trace critical curves where the enclosed
mass can be determined in a largely model-independent manner [1]. Beyond its physical
applications, strong gravitational lensing also acts as a natural telescope, enabling magnified
observations of distant background objects. This makes lensing an essential tool in studies of
galaxy evolution and in constraining cosmological parameters.

With the advent of large-scale imaging surveys, such as the Vera C. Rubin Observatory’s
Legacy Survey of Space and Time (LSST), the number of detected strong lensing systems is
expected to grow substantially. This anticipated data volume demands automated, fast, and
accurate analysis techniques. Traditional parametric modeling approaches—such as GLEE &
GLAD—offer high-precision parameter estimates, but remain semi-automated and
computationally expensive, often requiring several days per lens system even with partial
automation [2].

In response to these limitations, various alternative approaches based on Convolutional Neural
Networks (CNNs) have been developed to accelerate and scale the estimation of lens model
parameters. The application of CNNs in this field initially focused on automated detection, as
demonstrated by Schaefer et al. [3] and Davies et al. [4]. The maturity of these detection
methods is further exemplified by recent large-scale missions such as Euclid [5], which
employs deep learning to manage massive candidate identification. Alongside these detection
efforts, another key application of CNNss is direct parameter regression. For instance, CNNs
capable of recovering parameters of the Singular Isothermal Ellipsoid (SIE) model with high
accuracy and orders-of-magnitude speed improvement were demonstrated in Hezaveh et al.
[6]. Subsequent studies introduced deeper architectures like Residual Networks (ResNets) for
improved regression [7], while a hybrid LSTM-FCNN was employed to predict time delays
in strongly lensed Type Ia supernovae (LSNe Ia) [8]. These efforts collectively highlight the
potential of CNN-based methods to serve as efficient, accurate alternatives to traditional
maximum-likelihood modeling. However, few studies have specifically optimized CNN
architectures to address the distinct noise characteristics and geometric properties of
intermediate-redshift lenses in ground-based surveys.

In this study, we present a dedicated CNN model trained on mock images simulated using
Lenstronomy [9], where lens galaxies are drawn from HSC-SSP, with redshift selection
constrained to the intermediate range (0.3 < z < 0.9), as reported in Wong et al. [10] to match
observational conditions in real lensing surveys. Redshift selection in strong lensing searches
typically focuses on intermediate-redshift lenses because this regime maximizes lensing
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efficiency and detectability. The network is trained to regress three key mass parameters:
Einstein radius, axis ratio, and position angle, following the parameter focus in Gawade et al.
[11]. Recognizing that activation functions play a crucial role by introducing the non-linearity
required to learn complex patterns [12], we diverge from the approach in Gawade et al. [11]
in our architectural choices. Specifically, we adopt the SiLU activation function instead of
PReLU, due to SiLU’s favorable gradient behavior and training stability in deeper networks.
For regularization, we employ SpatialDropout [13], which preserves spatial feature
correlations and addresses limitations of standard dropout in image data. Finally, to ensure
robust convergence, we implement the Huber loss function. As described by Gokcesu and
Gokcesu [ 14], this function combines the robustness of absolute loss with the strong convexity
of quadratic loss, maintaining smooth gradients around small errors while limiting loss growth
for large deviations.

In addition to presenting our CNN design, we also investigate the impact of activation
functions and dropout strategies on the accuracy of lens parameter estimation. Our results
demonstrate how architectural choices can influence performance and underscore the
feasibility of deploying deep learning models that bridge robust ML architectural design with
precise astrophysical analysis in upcoming surveys like LSST.

METHODS
1. Data Selection

The data used in this work are drawn from the Public Data Release 3 (PDR3) of the Hyper
Suprime-Cam Subaru Strategic Program (HSC-SSP). We selected raw galaxy images to serve
as potential lens galaxies. To ensure sufficient mass for producing strong lensing effects, we
restricted the sample to Luminous Red Galaxies (LRGs)—massive, early-type galaxies
composed primarily of old stellar populations with low star formation rates [15], making them
ideal candidates for strong lensing, which is why they are commonly selected in wide-field
surveys such as the Survey of Gravitationally-lensed Objects in HSC Imaging (SuGOHI) [16].
Based on prior works suggesting that strong lens systems are more commonly found at
intermediate redshifts [10], we applied selection criteria combining constraints from Tanaka
[17] and Jaelani et al. [16], including 0.3 < z < 0.9, stellar mass M, < 10**M,, specific star
formation rate sSSFR < 10712, and magnitude limits of g < 26.0,7 < 26.0,and i < 23.0. We
also required extendedness > 0.9 to ensure the object is resolved.

2. Simulation of Mock Lensing Systems

Based on the selected sample of massive early-type galaxies described in the previous section,
we generated a synthetic dataset of mock lensing images. This process combines analytic lens
models and simulated background sources to produce realistic gravitational lensing systems
for model training (see FIGURE 1).
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FIGURE 1. Example of mock data for a gravitational lens system. The lens galaxy comes from real HSC SSP
data, while the source and lensing effect are simulated using Lenstronomy. Used for machine learning training.

These selection criteria allowed us to construct a subset of massive, morphologically suitable
galaxies located within the redshift range where strong lensing is most probable. This subset
was then used to generate simulated lensing images and to train the CNN model.

For the lens mass model, we adopted the Singular Isothermal Ellipsoid (SIE), one of the most
commonly used analytic profiles in strong lensing studies. Compared to the Singular
Isothermal Sphere (SIS), the SIE introduces ellipticity, providing a more realistic description
of early-type galaxies. A conceptual overview is presented in Meneghetti [18], while the
analytical formalism is given by Kormann et al. [19].

Additional components such as external shear and environmental variations were incorporated
into the simulations, guided by insights from previous studies [7, 20-22]. While the lens galaxy
ellipticity was not simulated but rather measured directly from real HSC data, the source
galaxy ellipticity was explicitly generated as part of the mock image pipeline. These modeling
choices were informed by prior literature and iteratively refined to produce realistic lensing
configurations.

3. Network Architecture and Training

As previously mentioned, this study utilizes a CNN architecture. A CNN consists of
hierarchically structured layers that perform gradual pattern recognition. It operates by
leveraging convolutional layers to filter complex feature patterns within an image [23, 24].

Activation functions play a crucial role by introducing the non-linearity required for the neural
network to learn complex patterns [25]. These functions process the weighted sum of inputs
and a bias to determine whether a neuron will be activated or not [26]. Consequently, the
choice of activation function significantly influences the model's performance.
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FIGURE 2. Histogram of lens parameters: from left to right are Einstein radius (65), axis ratio (q), and position
angle (PA). The Einstein radius distribution is skewed left (toward small values), axis ratio is skewed right
(favoring rounder galaxies), and PA shows a U-shape pattern, reflecting random orientation of galaxy ellipticities.

The CNN model used in this study was specifically designed for the task of lens parameter
regression. The architecture consists of four convolutional blocks, each composed of a
convolutional layer, batch normalization, SiLU activation, and max pooling with a 3 X 3
kernel. To improve regularization, spatial dropout with a rate of 10% was applied in the third
and fourth convolutional blocks.

The number of filters increases across the blocks as follows: 32, 32, 64, and 128. After the
convolutional layers, a global average pooling layer is used in place of flattening to reduce
overfitting and preserve spatial information. This is followed by two fully connected layers
with 128 and 64 neurons, respectively, and a final dense output layer with 3 neurons
corresponding to the predicted parameters: Einstein radius (6f), axis ratio (q), and position
angle (PA). The distribution of the main parameters of the mock lens systems are shown in
FIGURE 2. The input to the model consists of mock lensing images with a size of 101 X 101
pixels and three channels (gri-bands). The total dataset includes 22000 images, comprising
both original and augmented data. Data augmentation was performed through rotations of 30°,
45°, and 90°.

For training, we used the Adam optimizer with an initial learning rate of 1 X 1073, The data
set is split into fixed 70% for training, 20% for validation, and 10% for testing. The Huber loss
function was selected due to its robustness against outliers and stability across skewed data
distributions. We employed early stopping to prevent overfitting and implemented a learning
rate scheduler that reduces the learning rate when the validation loss plateaus.

RESULTS AND DISCUSSIONS
1. Model Configuration and Learning Analysis

Initial experiments adopted the PReLU activation function following Gawade et al. [8].
However, the training showed signs of overfitting despite the use of standard dropout layers.
To address this, we tested the SiLU and GELU activation functions, which resulted in a more
stable training process and significantly reduced overfitting. This suggests that PReLU's
learnable parameter may lead to overly flexible activations, causing the network to fit noise in
the training data. The comparison results for PReLU, SiLU, and GELU are shown in TABLE
1.
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TABLE 1. Summarizes the preliminary comparison of three activation functions evaluated in our model.
Although GeLU showed competitive results, SILU was ultimately chosen due to its balance between performance
and computational efficiency.

Actnva?mn Strengths Weaknesses
Function
PReLU Fast convergence during training Tends to overfit significantly
SiLU Stable, good validation performance  Slightly worse than GeLU in some cases
GELU Similar performance to SiLU More computationally expensive

We also compared standard dropout with spatial dropout for regularization in convolutional
layers. Spatial dropout, which randomly drops entire feature maps, was found to be more
effective in reducing overfitting. In particular, applying spatial dropout with a 10% rate only
in the deeper convolutional layers (with filter sizes = 64) produced better validation scores
than standard dropout at 20%. Applying dropout in early layers caused a noticeable drop in
performance, likely due to the loss of low-level color and shape features critical for lensing
structures. The comparison results are shown in TABLE 2.

Several variations of the model structure were evaluated. Adding additional convolutional
blocks before or after the core architecture (with filters such as 8 or 256) did not improve
performance and in some cases led to overfitting. The optimal architecture remained with four
convolutional blocks and filter sizes of 32,32, 64, and 128. We also experimented with varying
kernel sizes, including a progressive 11-7-5-3 configuration. However, this offered no
improvement over using uniform 3 X 3 kernels. The consistent 3 X 3 kernel with He normal
initialization yielded the highest R? values during validation. Reducing the input size from
120 x 120 pixels to 101 X 101 improved training stability slightly, likely because it helped
the network focus on the central features of the lensing image. Furthermore, we compared
using 5-channel input (grizy) versus 3-channel input (gr7). Interestingly, the 3-channel input
outperformed the 5-channel one, suggesting that the additional bands introduced noise or
redundant information that hindered model generalization.

TABLE 2. Comparison of the effects of Dropout and SpatialDropout with different dropout rates on CNN
performance for gravitational lens parameter prediction. SpatialDropout with a 20% rate applies the strongest
regularization but limits loss reduction and suppresses R? improvement. In contrast, 10% SpatialDropout and
20% Dropout yield more balanced results, with 10% SpatialDropout offering slightly better generalization when
the right epoch is selected.

Dropout Type Rate (%) Effect on Overfitting Notes on R?

Reduces overfitting, R? remains stable, easy to select

Dropout 20 fairly effective best epoch
5 . .
SpatialDropout 20 Strong regularization R* growth is supp ress ed, requires
careful tuning
SpatialDropout 10 Mild overfitting still R? can be high if best epoch is
P p occurs chosen properly

(D SPEKTRA| 210



SPEKTRA: Jurnal Fisika dan Aplikasinya sue 3, December 2025

Distribution of 6¢ Distribution of g Distribution of PA
1600 [ train [ train
3 val 1000 3 val

1200 [ test 750 [ test
€ IS
2 800 3
8 8 500

400 250

0 0 0
0.8 1.2 16 20 24 0.30 045 0.60 0.75 -80 -—-40 0 40 80

O q PA

FIGURE 3. Figures from left to right are show the distributions of key lensing parameters—Einstein radius (),
axis ratio (q), and position angle (PA)—for the training, validation, and test sets. Both 8 and q exhibit skewed
distributions: 8 is left-skewed (toward lower values), while q is right-skewed (toward higher values).
Meanwhile, PA shows a U-shaped distribution. This skewness motivated the use of the Huber loss function
instead of MSE, due to its robustness against outliers and long-tailed regression targets.

Initial training trials used Mean Squared Error (MSE) loss with weighting schemes for
different parameters. However, these approaches did not improve performance. We then
analyzed the distribution of the target variables, which showed significant skewness: the 85
was left-skewed, the g was right-skewed, and the PA had a U-shaped distribution (see
FIGURE 3). The CNN is trained on a CPU i5 1335U up to 4.6 Ghz. On average, network
training requires less than three hours for a training data set like the one we used.

To address the influence of outliers and imbalanced distributions, we switched to the Huber
loss function with a tuned § = 0.1. This improved convergence and reduced the influence of
extreme values. Additionally, we adjusted the lens mass profiles in the simulation to shift the
Einstein radius distribution toward more balanced values, which helped improve R? scores
further.

2. Prediction Results and Performance Evaluation

The final model demonstrates competitive performance across all three lensing parameters on
the test set. For the 8, the model achieves a Mean Absolute Error (MAE) of 0.092, MSE of
0.017, and R? of 0.811. The g follows closely with MAE of 0.045, MSE of 0.004, and
R? of 0.786. The highest R? is observed in the PA with 0.869, although its MAE of 4.991°
and MSE of 373.039° due to angular discontinuity. These scores suggest that the network
successfully captures the underlying relationships in the lensing images.

Scatter plots comparing predicted and true values in FIGURE 4 reveal strong agreement for
O and g, with points tightly clustered along the diagonal. In contrast, predictions for PA show
more variance, particularly near +90°. This behavior is likely caused by the periodic nature
of angular parameters, which leads to discontinuities around the wrapping boundaries. While
the model learns the overall trend well, small errors near £90° boundaries can result in large
absolute differences. This phenomenon is also reported in Gawade et al. [8], who observed
similar performance drops for PA due to angular ambiguity and modeling assumptions. In
general, the position angle (PA) represents an orientation parameter. In gravitational lensing,
different combinations of lens ellipticity, external shear, and source position can produce
nearly indistinguishable lensed images. Rotations of the lens mass distribution can often be
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compensated by corresponding changes in the shear or source morphology, resulting in
degenerate solutions. Consequently, the mapping from lensed images to PA is inherently non-
unique, making it challenging for machine-learning models to learn a stable and reliable
relationship.

It is worth noting that the dataset used in this study was constructed to represent an idealized
and relatively simple lensing configuration, yet still captures key astrophysical features. A
follow-up study is currently underway using more complex and realistic mock configurations,
where results will also be compared to manual modeling outcomes.
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FIGURE 4. Comparison between predicted and true values for the three lensing parameters: Einstein radius (),
axis ratio (q), and position angle (PA). The red dashed line denotes the ideal prediction.

CONCLUSION

In this study, we developed and evaluated a custom CNN to estimate strong gravitational
lensing parameters—namely the Einstein radius, axis ratio, and position angle—directly from
image data. Despite employing relatively simple lens models and assumptions for the lens
galaxy, the network achieved high predictive accuracy for 8z and q, demonstrating strong
generalization performance on mock lensing images. Position angle predictions were less
precise, likely due to intrinsic angular degeneracies near +90°, a well-known challenge in lens
modeling. Among the tested configurations, SiLU activation was more effective than PReLU
in mitigating overfitting, and spatial dropout provided stronger regularization than standard
dropout, particularly in deeper convolutional layers. Interestingly, using only three input
channels (gri) outperformed the full five-band input (grizy), highlighting the importance of
input dimensionality and filter selection. The Huber loss function proved more robust than
MSE, particularly under skewed parameter distributions and outliers.

These results demonstrate the potential of CNNs as a reliable tool for automated gravitational
lens modeling, especially when the network architecture, regularization strategy, and data
representation are carefully optimized As a next step, the model will be applied to real lens
candidates to assess its performance beyond simulations. In the long term, this modeling
pipeline may be adapted for use in large-scale survei (e.g. LSST, DESI, etc.) systems to assist
in the rapid analysis of gravitational lensing data.
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