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Abstract— This paper evaluates a signal-processing and
supervised-learning pipeline for classifying SDSS DR17 spectra
into stars, galaxies, and quasars. Flux and inverse-variance vectors
are standardized, separately compressed by PCA, and used by
12 classifiers. Small MLP and Hist. GBDT tied for the highest
F+I accuracy (93.9%), while Small MLP achieved the highest
macro-F1 (92.1%) and LightGBM the highest balanced accuracy
(91.9%). Ten repeated stratified train/validation splits with a fixed
test set showed low variability among the leading models, while
LightGBM benefited most clearly from inverse-variance features.

Keywords— Astronomical spectra, signal classification, machine
learning, principal component analysis

I. Introduction

Large-scale astronomical surveys have transformed observa-
tional astrophysics into a data-intensive field, producing massive
collections of spectra from different types of astronomical
objects. In particular, the Sloan Digital Sky Survey (SDSS) has
provided a large public database of spectroscopic observations,
enabling the development of automatic methods for object iden-
tification and physical analysis [1], [2]. Since each spectrum can
be interpreted as a one-dimensional sampled signal containing
continuum information, absorption features, emission lines,
noise, and instrumental effects, spectral classification can be
cast as a signal classification and pattern recognition problem.

The automatic classification of astronomical spectra into
stars, galaxies, and quasars is an important step in large survey
pipelines [3]. Stars are mostly characterized by stellar continua
and absorption-line patterns, galaxies often exhibit composite
stellar populations, and quasars are typically associated with
broad emission lines and non-stellar continua [4], [5]. In
this context, machine learning methods provide a practical
framework for learning nonlinear decision boundaries from
high-dimensional spectral data. Recent end-to-end CNNs have
also achieved strong performance on SDSS DR17 spectra [6];
here, we focus instead on compact PCA representations and
the added value of inverse-variance information.

In this work, we investigate supervised learning methods for
classifying SDSS spectra into three classes: STAR, GALAXY,
and QSO (quasi-stellar object). The evaluated pipeline uses
both spectral flux and inverse-variance information, allowing
the classifiers to exploit the measured signal together with a
wavelength-dependent reliability profile. The spectra are resam-
pled onto a common logarithmic wavelength grid, standardized,
compressed using principal component analysis (PCA) [7], and
then used as input to a set of classification models ranging
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from linear methods, such as logistic regression and linear
support vector machines (SVMs) [8], [9], to ensemble-based
gradient boosting approaches [10], [11]. The main contribution
is a controlled comparison of flux-only and flux-plus-inverse-
variance representations across 12 classifiers, complemented
by repeated-split stability and class-wise error analysis.

II. Dataset
The dataset used in this work was built from spectroscopic

data in the SDSS Data Release 17 (SDSS DR17) catalog
[12]. The corresponding FITS files [13] were retrieved for
the selected objects. We retained only spectra from obser-
vations with acceptable quality (PLATEQUALITY = good
or marginal), with no SDSS redshift/classification warning
flags (ZWARNING = 0), and corresponding to the primary
spectroscopic observation of each object (SPECPRIMARY =
1). For each spectrum, we extracted the measured flux, the
logarithmic wavelength grid, the inverse variance provided by
the SDSS pipeline, and the class label.

After data selection, the final dataset contained 32 259 spectra
and is publicly available on Hugging Face1. The dataset was
divided into training, validation, and test subsets using a
stratified random split with proportions of 70%, 15%, and
15%, respectively. This resulted in 22 581 spectra for training,
4 839 for validation, and 4 839 for testing.

The training set was imbalanced, with GALAXY spectra
forming the majority class. It contained 14 243 GALAXY
spectra, 4 276 STAR spectra, and 4 062 QSO spectra. Therefore,
class weights inversely proportional to class frequencies were
computed from the training set and used whenever supported by
the classification model. This also motivated the use of balanced
accuracy and macro-F1, in addition to overall accuracy, for
performance evaluation.

III. Data Preprocessing
The raw SDSS DR17 spectra were preprocessed to obtain a

common-grid representation suitable for supervised classifica-
tion. We first determined the intersection of the log-wavelength
ranges covered by the selected spectra, where log λ = log10(λ)
and λ is measured in angstroms. A fixed grid with 4 000
uniformly spaced points was then defined over this interval.
The resulting grid spans approximately from log λ = 3.70 to
log λ = 3.80, corresponding to about 5 000–6 300 Å.

The grid was restricted to the wavelength interval shared
by all spectra to avoid extrapolation. Using the union of
the observed ranges would require padding or extrapolating

1https://huggingface.co/datasets/BrunoBarreto/sdss_
dr17_spectra_for_classification
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Fig. 1
Flux projection onto PC1 and PC2, explaining 21.9% and 7.7% of the

variance.

many STAR and GALAXY spectra, potentially introducing
nonphysical features.

To reduce the effect of absolute flux scaling, each spectrum
was standardized independently. Given a flux vector xi ∈ Rp,
where p = 4000, the standardized spectrum x̃i is defined by

x̄i =
1

p

p∑
j=1

xij , si =

√√√√1

p

p∑
j=1

(xij − x̄i)2,

x̃ij =
xij − x̄i

si
.

(1)

The same per-spectrum standardization was applied to the
inverse-variance vectors before dimensionality reduction. For
the flux vectors, this standardization makes the model focus on
relative spectral shape and line patterns rather than on absolute
flux scale. For the inverse-variance vectors, the standardized
representation is interpreted as a relative wavelength-dependent
reliability profile within each spectrum.

PCA was applied separately to the standardized flux and
inverse-variance matrices. In both cases, the PCA transfor-
mation was fitted only on the training data and then applied
to the validation and test sets, avoiding information leakage.
The resulting flux and inverse-variance components were
concatenated only after projection, preserving modality-specific
bases while giving both modalities the same number of
coefficients.

Figure 1 shows the projection of the standardized flux spectra
onto the first two principal components, which explain 21.9%
and 7.7% of the variance, respectively. The projection shows
substantial class overlap in the first two components, motivating
the use of a higher-dimensional PCA representation followed
by nonlinear classifiers.

IV. Classification Models

For each spectrum, let c(flux)i , c
(ivar)
i ∈ Rd denote the PCA

representations. They are concatenated as

zi =
[
c
(flux)
i , c

(ivar)
i

]
∈ R2d. (2)

We used d = 24, beyond which validation performance showed
no substantial improvement. The retained components explain

55.39% and 85.53% of the variance in the flux and inverse-
variance representations, respectively; thus, F and F+I used 24
and 48 features.

The benchmark covered complementary classifier families.
Logistic regression and linear SVM [8], [9] served as linear
baselines, testing whether the compressed representations could
be separated by simple decision boundaries. Gaussian NB,
LDA, QDA, and k-NN [14] provided probabilistic, covariance-
based, and local-neighborhood alternatives. Random forest [15],
Extra Trees [16], gradient boosting [10], XGBoost [17], and
LightGBM [11] were included to capture nonlinear interactions
among the PCA coefficients.

The Small MLP [18] used two hidden layers with 64 and
32 units, ReLU activations, and early stopping, providing a
compact nonlinear neural baseline rather than a large end-to-
end spectral model. All classifiers used the same partitions and
the same F or F+I representations. Class weights were applied
when supported, and hyperparameters were selected through
small model-specific grid searches maximizing validation
macro-F1 (e.g., for LightGBM, nestimators ∈ {120, 180}
and num_leaves ∈ {16, 32}, resulting in four candidate
configurations). We report accuracy, balanced accuracy, macro-
F1, and weighted F1 using scikit-learn [19].

V. Experimental Results

Table I summarizes the test-set performance. The table
compares classifiers trained using both flux and inverse-
variance information (F+I) against models trained only with flux
features (F). The highest F+I point estimates were distributed
among the leading models: Small MLP and Hist. GBDT
tied in accuracy (0.939), Small MLP achieved the highest
macro-F1 and weighted-F1 scores (0.921 and 0.939), and
LightGBM achieved the highest balanced accuracy (0.919).
These point estimates are close among the leading models, and
the repeated-split results indicate that their ranking may vary
across development partitions.

TABLE I
Test performance with d = 24 components per modality. F+I uses flux

and inverse variance; F uses flux only.

Model Acc. Bal. Acc. Macro-F1 W-F1
F+I F F+I F F+I F F+I F

LightGBM 0.934 0.921 0.919 0.913 0.916 0.902 0.935 0.922
Hist. GBDT 0.939 0.933 0.905 0.898 0.919 0.912 0.938 0.932
XGBoost 0.931 0.927 0.889 0.885 0.907 0.905 0.929 0.926
Small MLP 0.939 0.935 0.914 0.904 0.921 0.916 0.939 0.934
Random Forest 0.916 0.915 0.861 0.856 0.891 0.888 0.914 0.912
QDA 0.902 0.883 0.849 0.833 0.871 0.850 0.900 0.880
Logistic Reg. 0.839 0.815 0.828 0.803 0.801 0.776 0.847 0.828
Linear SVM 0.860 0.843 0.816 0.792 0.810 0.787 0.863 0.847
Extra Trees 0.926 0.924 0.881 0.878 0.902 0.899 0.925 0.922
LDA 0.851 0.832 0.775 0.739 0.792 0.760 0.850 0.830
Gaussian NB 0.837 0.865 0.766 0.802 0.789 0.822 0.833 0.862
k-NN 0.852 0.868 0.750 0.770 0.794 0.814 0.841 0.858

The four strongest classifiers were also assessed over ten
repeated stratified train/validation splits while keeping the
original test set fixed. At each repetition, train/validation data
were stratified and reshuffled, PCA was refitted, and models
were retrained with fixed hyperparameters. Table II shows low
variability: Hist. GBDT led mean accuracy, macro-F1, and
weighted F1, while LightGBM led balanced accuracy. The
standard deviations remained between 0.003 and 0.007 across
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Fig. 2
Row-normalized Small MLP confusion matrix with F+I features.

the reported metrics, showing that the leading methods were
not strongly dependent on a single development split. At the
same time, changes in ranking caution against treating the
fixed-test ordering as definitive.

TABLE II
Stability over ten repeated stratified train/validation splits with a

fixed test set and F+I features (mean ± standard deviation).

Model Acc. Bal. Acc. Macro-F1 W-F1
LightGBM 0.936 ± 0.003 0.917 ± 0.005 0.917 ± 0.004 0.936 ± 0.003
Hist. GBDT 0.939 ± 0.004 0.904 ± 0.007 0.920 ± 0.006 0.938 ± 0.004
XGBoost 0.932 ± 0.005 0.892 ± 0.007 0.910 ± 0.006 0.931 ± 0.005
Small MLP 0.935 ± 0.004 0.905 ± 0.006 0.914 ± 0.005 0.934 ± 0.004

PCA compression preserved strong discrimination, but the
value of inverse variance was model dependent. For LightGBM,
adding inverse-variance features increased test accuracy from
0.921 to 0.934 and macro-F1 from 0.902 to 0.916. This was the
clearest F+I improvement among the leading models. Differ-
ences between the strongest F+I classifiers were comparatively
small, so the results do not indicate a definitive overall winner.

The same benefit did not hold for every classifier. Gaussian
NB and k-NN performed better with flux alone, while the F+I
improvement of Random Forest was small. The representation
should therefore be evaluated jointly with the classifier:
additional reliability coefficients are useful only when the model
can exploit them without being adversely affected by the larger
feature space.

Figure 2 shows the Small MLP confusion matrix. GALAXY
and STAR recalls were 97.1% and 92.5%, while QSO recall
was 84.5%. The main error was QSO classified as GALAXY
(118 of 871, or 13.5%); class-wise F1 scores were 0.960, 0.865,
and 0.939 for GALAXY, QSO, and STAR.

A limitation of the current representation is its restriction to
the observed-frame wavelength interval shared by all selected
spectra. This avoids extrapolation, but discards class-specific
coverage and potentially informative features outside 5,000–
6,300 Å. The larger QSO error rate motivates future evaluation
of broader grids with explicit coverage masks or missing-data
treatment, as well as validation on spectra from other surveys.

VI. Conclusion
This work evaluated PCA-compressed flux and inverse-

variance features for classifying SDSS DR17 spectra into

STAR, GALAXY, and QSO. The Small MLP tied with Hist.
GBDT for the highest F+I accuracy and achieved the highest
macro-F1, whereas LightGBM led balanced accuracy. Repeated
splits indicated stable performance among the leading models,
and LightGBM showed the clearest test-set improvement from
the addition of inverse-variance features. QSO remained the
most difficult class, mainly through confusion with galaxies.
This behavior may partly reflect the restricted observed-frame
interval: depending on redshift, discriminative QSO emission
features may fall outside the common grid, potentially reducing
class separability.

The results show that a compact 48-feature F+I representation
can support strong nonlinear classification performance without
operating directly on all 8,000 wavelength-grid values. Inverse-
variance information can therefore provide a complementary
reliability signal, although its effect depends on how the
classifier combines it with flux information. Future work should
evaluate coverage-aware representations over wider wavelength
ranges and test transfer to spectra from other surveys.
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