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Abstract. Open stellar clusters serve as fundamental probes for the comprehension of the stellar evolution and the Galactic structure.
Traditional structural parameter estimation methods, such as Markov Chain Monte Carlo (MCMC), are computationally intensive
and prone to local minima convergence. We propose BATEIA-1 (Balanced Astronomical Training for Estimation via Intelligent
Approach), a scalable artificial intelligence driven approach. Crucially, this approach relies on a robust sampling strategy utilizing
Gaia DR3 astrometric and photometric catalogueue to generate celestial maps. These maps feed nine Deep Neural Network (DNN)
architectures for feature extraction, subsequently processed by Multilayer Perceptron (MLP) and Support Vector Regression (SVR) to
determine analytical King profile parameters (central density, core, tidal radii and density background). This methodology circumvents
optimization pitfalls, ensuring efficient automated characterization, with model interpretability validated via Grad-CAM.

Resumo. Aglomerados estelares abertos constituem ferramentas essenciais para a compreensdo da evolugdo estelar e da estrutura
galdctica. Métodos tradicionais de estimativa estrutural, como Markov Chain Monte Carlo (MCMC), apresentam alto custo
computacional e suscetibilidade a minimos locais. Propde-se 0 BATEIA-1 (Treinamento Astronémico Balanceado para Estimagdo via
Abordagem Inteligente), uma abordagem escaldvel baseado em inteligéncia artificial. A abordagem fundamenta-se em uma estratégia
de amostragem robusta, utilizando dados astrométricos e fotométricos do catdlogo Gaia DR3 para a geracdo de mapas celestes. Tais
mapas alimentam nove arquiteturas de Redes Neurais Profundas (DNN) para extragdo de caracteristicas, processadas posteriormente
por Perceptrons Multicamadas (MLP) e Regressdo de Vetores de Suporte (SVR) para determinar os pardmetros do perfil analitico
de King (densidade central, raios de niicleo, de maré e densidade de fundo). A metodologia evita falhas de otimizacdo, garantindo

caracterizag¢@o automatizada eficiente, com interpretabilidade validada via Grad-CAM.
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1. Introduction

Open clusters (OCs) are gravitationally bound systems that serve
as tracers for the Galactic structure and stellar evolution. Their
morphology is typically parameterized by the empirical King
(1962) profile, defined by central density (0y), core radius (r.),
tidal radius (7;), and background density (o). While the evolu-
tion of these parameters reflects internal relaxation and external
tidal interactions, their determination via traditional methods in-
volves constructing Radial Density Profiles (RDP). Techniques
such as grid-based fitting, Markov Chain Monte Carlo (MCMC),
or Maximum Likelihood estimation are statistically robust but
computationally intensive and prone to local minima conver-
gence.

To address these limitations, we propose the Balanced
Astronomical Training for Estimation via Intelligent Approach
(BATEIA-1)!, a scalable approach utilizing artificial intelligence.
A critical component of this methodology is the sampling strat-
egy applied to astrometric and photometric data from the Gaia
DR3 catalogue. Rather than processing tabular data directly, the
system converts stellar distributions into pre-processed 512x 512
pixel celestial maps, stripping all annotations to retain exclu-
sively spatial information. These maps serve as input for fea-
ture extraction via pre-trained Deep Neural Networks (VGG,

' The acronym is homonymous with the Portuguese term for a gold
pan (from the Arabic batiya). Analogous to this instrument, which lever-
ages density to segregate minerals from sediments, the proposed ap-
proach extracts visual features of clusters using their physics.

ResNet, DenseNet). Subsequently, Multilayer Perceptron (MLP)
and Support Vector Regression (SVR) models map these features
to the structural parameters. This data-driven approach automates
the characterization of cluster architecture while maintaining
physical interpretability, verified by means of Gradient-weighted
Class Activation Mapping (Grad-CAM) (Selvaraju et al. 2020).

2. Sample and data

The dataset is composed of open star clusters spanning a com-
prehensive range of ages (log? ~ 6.7 —9.6), representing distinct
evolutionary phases from early star formation to long-term dy-
namical relaxation. The fundamental parameters of the analyzed
sample, categorized into young, intermediate, and old popula-
tions, are summarized in Table 1.

2.1. Pre-processing

The efficacy of the BATEIA-1 approach relies on a rigorous
sampling and data preparation pipeline to generate high-fidelity
celestial maps (Figure 1). Photometric and astrometric data were
retrieved from the Gaia DR3 catalogue using ADQL queries with
a cone search radius of ~ 1° — 2° centered on the cluster coordi-
nates. To ensure photometric completeness and data quality, the
sample was restricted to magnitudes G < 19. Besides, in order
to avoid sources with problematic astrometry and/or photometry,
we also employed cuts (see Section 2 of Angelo et al. (2025))
considering the renormalized unit weight error parameter for as-
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Tasce 1. Central coordinates, distances, and ages of the analyzed
open clusters.

Cluster RA [h:m:s] DEC [°:!] Dist. [kpc] Age [log t]

Collinder277 15:04:21 -66:04:17 1.593 + 0.003 8.975 +0.175
M67 12:50:52 11:48:54 0.837 £0.001 9.227 £0.179
NGC188 11:48:42 85:14:42 1.822 £ 0.003 9.42 £0.156
NGC581 23:20:16 60:39:13 2.527+0.01 7.671 £0.192
NGC2516 23:30:07 -60:46:36 0.407 £ 0.0 8.098 + 0.269
NGC3766 06:03:22 -61:36:42  1.939 £ 0.003  7.623 £ 0.2

NGC6531 07:02:31 -22:30:00 1.202 £ 0.003 6.735 +£0.131
NGC6940 20:37:06 28:17:07 1.011 £ 0.001 8.886 + 0.178
NGC7082 10:11:22 47:06:13 1.321 £ 0.002 8.166 = 0.217
Ruprecht91 17:56:19 -57:29:41 1.031 £ 0.001 8.172 +0.222
NGC6811 06:20:27 46:22:43 1.11 £0.001  9.032 £ 0.183
Berkeley98 04:39:28 52:24:40 3.643 £ 0.029 9.086 + 0.172
Haffner13 19:13:34 -30:02:52 0.552+0.0 7.165+0.243
NGC129 07:36:27 60:12:44 1.789 + 0.003  8.021 = 0.197
NGC2266 04:49:55 26:58:35 3.354 + 0.027 8.902 +0.211
NGC2422 18:08:57 -14:30:15 0.468 + 0.0 8.036 + 0.246
NGC2425 18:34:36 -14:53:32 3.094 + 0.022 9.296 + 0.161
NGC3960 09:39:06 -55:40:40  2.208 = 0.006 8.908 + 0.166
Ruprecht171 14:00:51 -16:03:59 1.482 +0.003 9.168 = 0.167
NGC6791 02:13:12 37:46:40 4.189 +£0.019 9.58 +0.163

trometry (RUWE, Lindegren et al. (2021)) and the corrected flux
excess factor parameter for photometry (E(BP/RP), Evans et al.
(2018)).

To mitigate field star contamination, which degrades the con-
trast of the cluster features in the input images, a kinematic filter
was applied. For each cluster, a Vector-Point Diagram (VPD)
of proper motions was constructed to identify the centroid of
the member population. A box-shaped filter was subsequently
applied to retain only stars with proper motions consistent with
the cluster’s kinematic signature. The size of the proper motion
filters is at least 3 times the intrinsic dispersion of “leha and
mus inferred from member stars, as published in (Angelo et al.
2023) and (Angelo et al. 2025).

2.2. Coordinate transformation

To generate the projected density maps required for the DNNss,
the equatorial coordinates (@, d) of the proper-motion filtered
samples were transformed into a Cartesian plane (X,Y) tangent
to the cluster centre (., d.). Following the projection relations
by van de Ven et al. (2006), the coordinates are given by:

X =rpcosd - sin(a — a.), (1)
Y =rg[sind - cosd. — sind. - cosd - cos(a — ac)], 2)

where ryg = 180/x converts the result to degrees. This transfor-
mation places the cluster center at the origin (0,0) and estab-
lishes a Euclidean metric where the radial distance is defined as
r = VX2 + Y2, The resulting spatial distributions form the basis
for the pre-processed celestial maps utilized in the subsequent
feature extraction phase.

3. Methodology

The BATEIA-1 approach infers structural parameters directly
from stellar spatial distributions, bypassing the iterative construc-
tion of the RDP’s during inference. The methodology connects
the extraction of visual features from celestial maps to the re-
gression of physical parameters defined by the King profile.
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Ficure 1. Representative pre-processed celestial maps generated
after kinematic filtering and coordinate transformation: NGC
6791 (left) and M67 (right).
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Ficure 2. M67: RDP for the topology with the lowest residuals
(left) and binning of the topology with the lowest residuals (right).

3.1. Sampling

To establish reliable reference labels for the Deep Neural
Networks (DNNs), we implemented a systematic sampling pro-
cedure based on the analysis of RDP’s. This process defines the
structural parameters (o, rc, 71, Opg) by fitting the King analyt-
ical profile to observed stellar distributions. While the method-
ology was applied to the full dataset of twenty clusters, M67 is
used herein for illustrative purposes.

3.1.1. Radial Density Profile (RDP) Construction

For each star, the radial distance r from the cluster center (0, 0)
is computed in arcminutes (Eq. 3) using the projected Cartesian
coordinates described in Section 2.2.

r= (\/(X - xcenter)2 + (Y - YCenter)z) X 60. 3)

The RDP is constructed by partitioning the spatial domain
into concentric annuli (bins) up to a maximum radius 7pax. The
stellar density within each bin is calculated as the ratio of star
counts to the ring area. To ensure the robustness of the sampling,
we generated 36 distinct topologies for each cluster, incrementally
varying the resolution from 5 to 40 radial divisions.
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Ficure 3. M67: Residuals for each topology

3.1.2. King profile fitting and topology selection

The structural parameters are derived by fitting the King empiri-
cal law (Eq. 4) to the calculated RDPs:

2

1 1
o(r) = oy -

Ve )

where 0, 7¢, 17, and 0, represent the central density, core radius,
tidal radius, and background density, respectively. To determine
the sampling topology, residuals were calculated relative to refer-
ence parameters from Angelo et al. (2025) and ?. The parameters
obtained from the configuration minimizing these residuals serve
as input for the regressors (3.3).

Since the discretization of the RDP influences the parameter
estimation, the optimal sampling topology was selected via resid-
ual minimization. For each of the 36 configurations, we computed
the residuals between the observed density and the King model.
The topology yielding the lowest residuals was adopted as the
representative configuration (Figure 3). The parameters derived
from this optimized topology serve as the ground truth targets
for training the DNNSs.

+ Opg, “4)

3.2. Data augmentation and synthetic generation

The dataset consists of 20,000 images, derived from 1,000 syn-
thetic instances generated for each of the 20 real clusters. These
instances are stratified into four equal subsets of 250 samples,
with maximum displacement ranges of 10%, 20%, 30%, and
40%, respectively.

This synthetic generation provides a controlled environment
to train the Deep Neural Networks (DNNs), bridging the gap
between limited observational data and the requirements of deep
learning.

The augmentation process applies random perturbations to
the projected Cartesian coordinates (X, Y) of the stars, stratified
into four subsets with increasing displacement magnitudes. This
strategy systematically introduces noise while preserving the un-
derlying cluster structure.

To maintain spatial coherence, a reflection boundary condi-
tion is enforced: any coordinate perturbation exceeding the maxi-
mum radius 7y is reflected back into the valid domain. Crucially,
the synthetic clusters retain the specific sampling topology (bin-
ning configuration) of their parent real cluster (Figure 4). This
ensures that the model learns to interpret physical parameter vari-
ations manifested as vertical shifts in density values, rather than
artifacts of the spatial grid.

— M67: Synthetic and
B observed RDP (Bins = 16)
E= ® Synthetic density profile clusters
O 35 ' ® Observed density profile
= ©
c ~ 3.0
= n
= & 2
o 8
o [0
S — 20
= S
Pl "7‘; 15
=
© 10 1]
° .
05 ®
o
© .'.00..—-
5y = 00
—40 20 0 20 a0 5” 0 10 20 30 40 50

Aa*cos(6) [arcmin] Radial distance (r) [arcmin]

Ficure 4. M67: Real and synthetic clusters overview (left) and
RDP comparison for real and synthetic data (right).

3.3. Dense Neural Network (DNN)

The BATEIA-1 approach relies on deep feature representations
derived from artificial photographs depicting the spatial distribu-
tion of stars. Feature extraction is performed by three pre-trained
DNN families—VGG Simonyan & Zisserman (2014), DenseNet
Huang et al. (2017), and ResNet He et al. (2016)—initialized on
the ImageNet-1K dataset. To standardize the output for regres-
sion, Global Average Pooling (GAP) is applied to the final con-
volutional layers, generating fixed-length feature vectors ranging
from 512 to 2208 dimensions.

The feature vectors serve as input for a MLP (?) and a SVR
(Drucker et al. 1997), implemented in PyTorch (Paszke et al.
2019) and Scikit-learn (Pedregosa etal. 2011), respectively.
Both models utilize the AdamW algorithm (Loshchilov & Hutter
2019), with hyperparameters tuned via Optuna (Akiba et al.
2019). The evaluation employs a global shuflling strategy, par-
titioning the dataset into 70% for training and validation and
30% for testing, independent of cluster origin, to estimate the
structural parameters (0o, 7¢, I, Obg)

4. Results

The effectiveness of the suggested sampling and data augmenta-
tion techniques in encoding astrophysical information into deep
representations is confirmed by the BATEIA-1 approach’s perfor-
mance evaluation. This section assesses the BATEIA-1 approach,
specifically validating the efficacy of the proposed sampling strat-
egy in encoding physical properties into visual features. The eval-
uation combines quantitative metrics with Explainable AI (XAI)
to confirm that the data treatment pipeline—encompassing coor-
dinate projection, RDP-based topology selection, and synthetic
augmentation—preserved the morphological fidelity required for
accurate inference. Experiments were conducted on an NVIDIA
RTX A4000 workstation.

4.1. Physical validation and interpretability

Explainable Artificial Intelligence (X AI) methods were first used
to confirm the sampling procedure dependability. We verified that
the pre-processed celestial maps provide enough morphological
signal for physical characterisation by applying Score-CAM and
Ablation-CAM to the feature extraction layers. The produced
heatmaps (Figure 5) show that the DNNs concentrate on phys-
ically significant structures: the field periphery and transition
zones determine the background density (o,) and tidal radii
(7;), while the core regions are given priority for estimating cen-
tral density (07).
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Ficure 5. Activation heatmaps for different architectures: Haffner
13 using VGG family (left), Berkeley 98 using ResNet family
(center) and NGC 2266 using DenseNet family (right).

TasLe 2. Comparison of central density (op) values
[stars/arcmin?] for a representative subset.

Cluster oy [slars/arcminz]

Angelo et al. (2025) Hunt et al. (2024) BATEIA-1
Collinder277 2.07 £0.30 1.72 2.12+0.31
M67 4.15+0.40 1.65 4.11+0.39
Berkeley98 8.68 £ 1.50 8.34 8.95 £ 1.55
Haffner13 0.36 = 0.05 0.22 0.32 +£0.05
NGC129 4.52+0.50 3.94 4.57 +0.51

This visual congruence implies that the coordinate transfor-
mation and kinematic filtering steps (Section 2.2) successfully
isolated the cluster morphology from noise, enabling the extrac-
tors to distinguish between member stars and field contamination
without reliance on spurious artifacts.

4.2. Benchmark setting

The quantitative assessment, conducted under the benchmark set-
ting via global data shuffling, validates the synthetic generation
strategy. The observed low residual errors across the dynamic
range confirm the consistency of ground truth labels derived
from optimized King fit topologies. While performance was ver-
ified for the complete dataset of twenty clusters, the following
tables present a representative subset of five morphologically
distinct objects. These cases reflect the accuracy observed for
the entire sample, demonstrating the model’s capacity to recover
parameters spanning multiple orders of magnitude.

For central density (0y), predictions ranged accurately from
sparse systems like Haffner 13 (~ 0.32 stars/arcmin?) to denser
cores like Berkeley 98 (~ 8.95 stars/arcmin?), as shown in Table
2. This indicates that the chosen spatial resolution of the input
maps (512 x 512) preserves sufficient granularity to resolve den-
sity peaks without saturation. The scatter plot presented in Figure
6 illustrates the high correlation between predicted and reference
values for the first synthetic subset (Group 1), a performance
pattern that is consistently observed across all generated groups.
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TasLe 3. Comparison of core radius (r.) values [arcmin] for a
representative subset.

Cluster r¢ [arcmin]

Angelo et al. (2025) Hunt et al. (2024) BATEIA-1
Collinder277 4.8+0.8 5.7 4.74+0.79
M67 7.3+0.94 10.85 7.14+0.91
Berkeley98 1.8+0.4 1.29 1.84 +£0.41
Haffnerl3 17.7 +2.58 22.03 17.94 +2.62
NGC129 6.1+1.5 4.96 6.37 £ 1.57

TasLE 4. Comparison of tidal radius (r;) values [arcmin] for a
representative subset.

Cluster r¢ [arcmin]

Angelo et al. (2025) Hunt et al. (2024) BATEIA-1
Collinder277 25.8+7.78 19.64 25.68 +7.73
M67 45.5+11.75 35.76 44.78 + 11.55
Berkeley98 23.1+£9.2 26.97 19.08 +7.6
Haffner13 85.6 £23.73 71.01 84.3 £23.35
NGC129 21.6 £2.69 30.89 20.57 +2.57

TasLe 5. Summary of the best-performing architectures for the
Benchmark strategy.

Par 1 Best combination Avg. Error (%)
oo DENSENETI121 + BMMLP 1.6520
re RESNETI152 + BMSVR 1.3766
re VGG19 + BMSVR 5.0710
Tpg VGG19 + BMSVR 0.2726

Similarly, the inference of core (r.) and tidal radii (r,) val-
idated the data augmentation method, specifically the reflection
boundary condition, which prevented edge artifacts in the syn-
thetic samples. The model correctly differentiated between com-
pact objects like Berkeley 98 (r, ~ 19.08 arcmin) and extensive
systems like Haffner 13 (r; = 84.3 arcmin). As evidenced by the
representative plots in Figure 6, the BATEIA-1 predictions align
closely with the literature estimates, confirming that the structural
dimensions are correctly inferred regardless of the displacement
levels applied during sampling.

Regarding the background density (o), the results confirm
that the kinematic filtering applied during sampling (based on
proper motion VPDs) effectively enhanced the cluster-to-field
contrast. The model accurately quantified sparse backgrounds
(e.g., Haffner 13) and denser fields. Figure 6 displays the re-
gression results for Group 1, which are indicative of the overall
system performance, demonstrating close agreement with litera-
ture values in all analyzed scenarios.

Table 5 summarizes the optimal architectures, revealing that
feature extraction performance is closely tied to spatial sampling
properties: ResNetl152 excels at high-frequency central details,
while VGG19 is more robust for low-density peripheral gradients.

5. Final remarks

The BATEIA-1 approach presents a methodology for determin-
ing the structural parameters of open clusters by integrating the
analytical King profile with deep learning techniques. The gener-
ation of synthetic variations based on optimized RDP topologies
allowed the networks to encode physical morphological features
rather than specific image artifacts. This result indicates that the
sampling protocol bridged the domain gap between synthetic
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Ficure 6. Correlations between predicted and reference values
for the Group 1 synthetic subset across all structural parameters:
oy (top left), r. (top right), r, (bottom left), and o, (bottom
right).

representations and observational data from the Gaia DR3 cata-
logue.

Methodologically, the application of Global Average Pooling
(GAP) standardized feature vectors across distinct architectures
(VGG, ResNet, DenseNet). Explainable Al (XAI) analysis indi-
cated that these architectures activate on distinct spatial frequen-
cies: ResNet focuses on core regions, associated with oy and 7,
while DenseNet utilizes a broader receptive field to identify tidal
boundaries (r;) and background levels (o).

Regarding computational efficiency, the training phase con-
centrates the processing load, with the SVR requiring approxi-
mately 85% more time than the MLP. However, the pre-trained
library allows for millisecond-latency inference, compatible with
the processing requirements of large-scale surveys.
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