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Background/Objective: Pulsars are rapidly rotating neutron stars whose radio signals are often masked by interference, so
modern surveys depend on automated classifiers to triage millions of candidate detections. This paper compares linear classifiers
against standard tabular baselines on the HTRU_2 dataset and asks whether a single-layer Perceptron or a hinge-loss linear
support vector machine is competitive with stronger baselines for pulsar candidate screening.

Methods: Seven classifiers , Perceptron, two linear SVMs (an SGD hinge-loss solver and LIBLINEAR), an RBF SVM, logistic
regression, random forest, and histogram gradient boosting , were trained on the eight statistical features in HTRU_2 using a
scikit-learn pipeline with a train-only StandardScaler and class_weight="balanced’. Robustness was assessed with stratified 5-
fold cross-validation across three to ten random seeds, and the final reportable numbers come from a single stratified 80/20 split
(random_state = 42). All experiments ran on an AMD Ryzen 7 7800X3D (8 cores, 4.5 GHz).

Results: All models score above 0.96 ROC-AUC. The class-balanced Perceptron reached 0.963 mean ROC-AUC (95% CI 0.960-
0.966), and the SGD linear SVM reached 0.974 (0.973-0.976); random forest scored highest on F1 at 0.884 (0.880-0.888), with
the Perceptron lowest at 0.669 (0.640-0.698). On a single 80/20 split the Perceptron flagged 212 false-positive non-pulsars and
missed 22 true pulsars; the LIBLINEAR SVM flagged 68 and missed 27.

Conclusions: Linear models with proper class balancing are viable baselines for this task, but tree-based ensembles give the
best operational trade-off. The choice of model should be guided by the precision-recall point required by the downstream
survey pipeline rather than headline accuracy. Keywords: pulsar detection, HTRU_2, machine learning, support vector machine,
perceptron, class imbalance, classification.
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noise>!°. Manual classification by experts cannot keep pace,
and machine learning has become the standard triage layer for
selecting which candidates a human will actually look at !'=13.
The HTRU_2 dataset introduced by Lyon and colleagues 4
distils each candidate into eight statistical features derived

Introduction

Pulsars are rapidly rotating neutron stars formed in core-
collapse supernovae. They emit beams of radio (and in some
cases X-ray and gamma-ray) radiation that sweep past the

Earth as the star rotates, producing the characteristic periodic
pulses from which they take their name 2. Their utility to
modern astrophysics is substantial: pulsars constrain the equa-
tion of state of dense nuclear matter>, serve as natural labo-
ratories for strong-field gravity*, and form the basis of pul-
sar timing arrays that have recently reported evidence for a
nanohertz gravitational-wave background>®. For these rea-
sons, large radio surveys such as the High Time Resolution
Universe (HTRU) survey continue to look for new pulsars”:8.

The discovery rate, however, is limited by the cost of in-
specting candidate detections. Modern surveys produce mil-
lions of candidates, the vast majority of which are caused
by radio frequency interference, instrumental artefacts, or
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from the integrated pulse profile and the dispersion-measure
(DM) - signal-to-noise curve, and has become a common
benchmark for studying which classifiers handle the screen-
ing task well 15-18,

This paper revisits the comparison between simple linear
classifiers and stronger tabular baselines on HTRU_2. The
original objective was a comparison between a single-layer
Perceptron and a support vector machine (SVM); in this re-
vised manuscript the comparison is extended in three ways.
First, the Perceptron and SVM are evaluated with explicit
class balancing, with features standardised inside a scikit-
learn pipeline, and with hyperparameters recorded for repro-
ducibility. Second, additional baselines (logistic regression,
random forest, and histogram gradient boosting) are included
so that the performance of the two original models can be
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judged against widely used alternatives '?°. Third, results are
reported with full classification metrics , precision, recall, F1,
and ROC-AUC , together with 95% confidence intervals ob-
tained from stratified 5-fold cross-validation across multiple
seeds. Average precision (the area under the precision-recall
curve) for each model is reported in Figure 6b.

Two points about scope need clarifying before the exper-
iments. The Perceptron is a single-layer linear classifier of
the family popularised by Rosenblatt?!, and the support vec-
tor machine of Cortes and Vapnik ?? is a margin-based classi-
fier rather than a neural network. The features supplied to all
models are pre-computed tabular summaries (means, standard
deviations, kurtoses, and skewnesses of the integrated profile
and DM curve), not raw radio time-series or spectrograms.
The contribution of this paper is therefore narrow: it reports
how a Perceptron and a linear SVM compare with other stan-
dard classifiers on a well-established tabular benchmark when
class imbalance and feature scaling are handled carefully. It
does not claim to advance the state of the art in pulsar physics,
nor does it claim that classification accuracy translates directly
into improvements in survey science yield, which depend on
many additional factors 2324,

Related Work

HTRU_2 has been used widely since its release. Lyon et
al.' originally introduced the dataset together with a Gaus-
sian Hellinger Very Fast Decision Tree designed for imbal-
anced streaming data, and a substantial follow-up literature
has applied convolutional neural networks !>, transformer-
based classifiers'®, multi-input convolutional networks '8,
support vector machines with multiple kernels'?, and ensem-
ble or cascade-style approaches >~ to the same eight-feature
benchmark. More recent work has moved beyond the sum-
mary features to operate directly on the diagnostic plots used
by SPINN and PICS !!12:28_ The methods compared in this pa-
per sit at the lower-complexity end of that literature; they are
not designed to surpass specialised deep classifiers but to char-
acterise how far a careful linear baseline can take a candidate-
screening pipeline.

Methods

Dataset

The HTRU_2 dataset distributed via the UCI Machine Learn-
ing Repository 4% (with a mirror on Kaggle) contains 17,898
candidate detections from the HTRU medium-latitude survey.
Each candidate is described by eight numerical features de-
rived from two summary signals: the integrated pulse profile
(IP) and the DM signal-to-noise curve. Four features describe
each signal: mean, standard deviation, excess kurtosis, and

skewness. The binary label is 1 for a confirmed pulsar and
0 otherwise. The data are class-imbalanced: 1,639 pulsars
(9.16%) and 16,259 non-pulsars (90.84%) (Figure 1).

HTRU_2 class distribution (N = 17,898)
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Fig. 1 Class distribution of the HTRU_2 dataset (N = 17,898). Pul-
sars (the positive class) account for 9.16% of all candidates.

Figure 2 shows that several features separate the two classes
well, in particular IP Std, IP Kurt, and DM Std, while others
(IP Mean, DM Mean) overlap substantially. The eight features
have markedly different numeric ranges, so feature scaling is
a necessary step for any linear or margin-based model.

Preprocessing pipeline

All preprocessing is encapsulated in a scikit-learn Pipeline so
that scaling is fitted on the training fold only and then applied
to the held-out test fold. This guards against the data leakage
that would occur if a StandardScaler were fitted on the full
dataset before splitting. No imputation was needed because
HTRU_2 contains no missing values. No SMOTE3° or other
resampling was applied; the imbalance is instead handled at
the loss level using class_weight="balanced’, which sets the
weight of class ¢ to N/ (2 - n_c), giving pulsars roughly 10x
the weight of non-pulsars.

Models

Seven classifiers are compared in this study; their hyperpa-
rameters were chosen as documented scikit-learn defaults for
reproducibility, with class balancing enabled wherever sup-
ported. All run on the standardised eight-feature input.

* Perceptron. scikit-learn Perceptron(max_iter=1000,
tol=1e-3, class_weight="balanced’, random_state=42). A
single-layer linear classifier with eight weights and a
bias, trained by the Perceptron rule on shuffled passes
through the training data. Prediction is sign(w-x + b).

e Linear SVM (SGD). scikit-learn SGDClassi-
fier(loss=‘hinge’, alpha=1e-4, max_iter=1000, tol=1e-3,
class_weight=‘balanced’, random_state=42). This is a
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Feature distributions by class (density)
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Fig. 2 Density of each feature, separated by class. Several features (IP Std, IP Kurt) separate pulsars from non-pulsars; others (IP Mean)

overlap substantially.

linear SVM trained by stochastic gradient descent on the
hinge loss, which makes ’epochs’ a meaningful unit of
training time.

e Linear SVM (LIBLINEAR). scikit-learn
LinearSVC(C=1.0, dual=False, tol=1e-3,
class_weight="‘balanced’, max_iter=5000, ran-

dom_state=42). The same linear decision rule fitted
by the LIBLINEAR coordinate-descent solver, which
solves the quadratic problem directly rather than
iteratively.

« RBF SVM. scikit-learn SVC(C=1.0, kernel=‘rbf’,
gamma="‘scale’, class_weight="balanced’, probabil-
ity=True, cache_size=500, random_state=42). A kernel
SVM using a radial basis function. gamma="scale’ is 1/
(n_features - Var(X)) ~ 0.125 after standardisation.

* Logistic Regression. scikit-learn LogisticRegres-
sion(C=1.0, max_iter=1000, class-weight="balanced’,
random_state=42). A regularised linear log-odds model
included as a probabilistic linear baseline.

e Random Forest. scikit-learn RandomForestClas-
sifier(n_estimators=300, class_weight="‘balanced’,
n_jobs=-1, random_state=42).

* Gradient Boosting. scikit-learn  HistGradient-
BoostingClassifier(max__iter=200, max_depth=3,
learning_rate=0.1, class_weight="‘balanced’, ran-
dom _state=42).

Evaluation protocol

Two evaluation regimes are used. For robust estimates of cen-
tral tendency, each model is evaluated with stratified 5-fold
cross-validation; for the four light-weight models (Perceptron,
SGD linear SVM, LIBLINEAR linear SVM, logistic regres-
sion) 10 random seeds are run (50 folds in total per model),
and for the heavier RBF SVM, random forest, and histogram
gradient boosting baselines 2-3 seeds are run (10-15 folds per
model). Confidence intervals are computed as the normal-
approximation 95% interval on the mean (mean & 1.96 - ¢
/ /n). For reportable per-class counts and confusion matri-
ces, a single stratified 80/20 split with random_state = 42 is
used (train: 14,318 candidates with 1,311 pulsars; test: 3,580
candidates with 328 pulsars).

Hardware and software

All experiments were run on an AMD Ryzen 7 7800x3D 8-
Core Processor (8 cores, base 4.5 GHz, no GPU used). Soft-
ware versions were Python 3.10.12, scikit-learn 1.7.2, NumPy
2.2.6, and pandas 2.3.3; all classifiers, preprocessing, and met-
rics use the scikit-learn library31. All code, random seeds, and
the scripts that produced every table and figure in this paper
are deterministic and can be re-run end-to-end.
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Perceptron (scikit-learn) used in this study
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Fig. 3 Implementation-specific architecture of the two focus models.
Top: scikit-learn Perceptron with eight weighted inputs, a bias term,
and a sign activation. Bottom: linear SVM with hinge loss trained
by SGD; the decision rule is the same sign(w-x + b), but training
minimises the regularised hinge objective rather than the Perceptron
rule.

Results

Table 1 summarises cross-validated metrics for all seven clas-
sifiers, and Figure 4 visualises the same numbers with 95%
confidence intervals. The most important observation is
that headline accuracy is not the right summary statistic on
HTRU_2: a model that simply predicts ‘non-pulsar’ for ev-
ery candidate scores roughly 0.908 accuracy, which is in the
range of the Perceptron (0.906) and very close to the SGD lin-
ear SVM (0.965). Precision, recall, F1, and ROC-AUC give a
more informative picture.

Confusion matrices and per-class errors

On the single stratified 80/20 split (random_state = 42), the
Perceptron correctly flags 306 of 328 pulsars (recall 0.933) but
at the cost of 212 false positives, giving precision 0.591 and
F10.723. The LIBLINEAR linear SVM keeps recall almost as
high (301 of 328, recall 0.918) while reducing false positives
to 68, giving precision 0.816 and F1 0.864. The RBF SVM is
close to the LIBLINEAR linear SVM, and the random forest
leans the other way (precision 0.919, recall 0.860). These per-

Table 1. Cross-validated metrics (mean + 95% CI half-width). Light
models: 10 seeds x 5 folds; heavy models: 2-3 seeds x 5 folds. Ac-
curacy is not shown because it is dominated by the 91% non-pulsar
majority; all models exceed 0.97 accuracy in this regime (see text).

Model Prec Rec F1 ROC-AU
C

Perceptron .551+.038 | .908+.007 | .669+.029 | .963+.003
Lin. SVM 765+.017 | .906+.005 | .827+.010 | .974+.001
(SGD)
Lin. SVM (LL) | .809+.004 | .904+.004 | .854+.003 | .976=.001
RBF SVM .828+.004 | .911+.003 | .868+.003 | .973+.001
Logistic Reg. .784+.004 | .908+.004 | .841+.003 | .977+.001
Random .935+.006 | .839+.005 | .884+.004 | .972+.002
Forest
Grad. Boosting | .766+.007 | .914+.004 | .833£.005 | .979+.002
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Fig. 4 Cross-validated metrics across models. Error bars are 95%
confidence intervals over folds and seeds. The Perceptron has the
widest precision interval because per-epoch SGD updates are sensi-
tive to the order in which examples arrive (see also Figure 7).

class counts make the trade-offs concrete: for every additional
10 non-pulsars that the linear SVM correctly rejects compared
with the Perceptron, it misses approximately one extra real
pulsar.

Ranking quality (ROC and PR)

ROC and precision-recall curves (Figure 6) summarise classi-
fier behaviour across all decision thresholds. All linear mod-
els achieve ROC-AUC above 0.96; the differences between
models at this level of performance are within the 95% confi-
dence intervals reported in Table 1 and are not significant. The
precision-recall curves are more discriminating because of the
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Fig. 5 Confusion matrices on the 80/20 held-out test set (n = 3,580,
of which 328 are pulsars). Reading order: actual class on the y-axis,
predicted class on the x-axis.

class imbalance, and again show that the linear models and the
tree-based ensembles are largely tied (AP =~ 0.92-0.93). The
RBF SVM’s lower AP (0.847) on this split reflects its cali-
brated probabilities being less sharply separated at low-recall,
high-precision thresholds rather than a failure to rank candi-
dates correctly (its ROC-AUC remains 0.966).
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Fig. 6a. ROC curves on the 80/20 test set. All models ex-

ceed 0.96 AUC; the curves are visually indistinguishable above FPR
~ 0.05.

Per-epoch behaviour for online models

Figure 7 shows accuracy and F1 on the held-out test set after
each epoch of online training for the Perceptron and the SGD-
based linear SVM. Both models reach test scores within a few
percent of their stable level by the third or fourth epoch. Un-
like the unweighted run in the original manuscript, the class-

-
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Fig. 6b. Precision-Recall curves on the same test set. The
RBF SVM'’s low-recall regime is noisier because the model assigns
many candidates near-identical decision values.

balanced setting introduces visible per-epoch oscillation be-
cause each minority example contributes a much larger up-
date; F1 swings between 0.4 and 0.88 across consecutive
epochs even at the same fixed random_state. I interpret this
oscillation as evidence that fixed-iteration online training is
not a sound model-selection protocol on HTRU_2: the cross-
validated numbers in Table 1 are a more reliable summary
of the underlying capability of each model than any single
epoch’s test score.

Threshold sensitivity

All confusion-matrix numbers above use the default decision
threshold (0 for raw decision scores, 0.5 for calibrated prob-
abilities). Figure 8 shows how precision, recall, and F1 trade
off as that threshold is moved. For the linear SVM and random
forest, F1 is nearly flat over a wide range of thresholds; for the
Perceptron, the default threshold is below the F1-maximising
threshold, so a survey pipeline that wanted higher precision
could obtain it without retraining by raising the cut-off. The
0.5 cut-off is convenient but not optimal here; cost-curve anal-
yses 32 make the operating-point trade-off explicit.

Misclassification analysis

On the held-out test set the Perceptron and RBF SVM disagree
on 197 candidates. Inspecting these examples shows the ex-
pected pattern: most disagreements occur when the integrated
profile is broad (high IP Std) but the DM curve is weak (low
DM Std and DM Kurt). The Perceptron prefers to flag these
as pulsars because of how aggressively the class-balanced loss
penalises missed positives; the RBF SVM is willing to call
them negatives because its kernel can carve out non-linear
pockets of the feature space. For the 328 true pulsars in the
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Fig. 7. Test accuracy (top) and F1 on the pulsar class (bottom) after
each epoch of online training. Per-epoch oscillation is a property of
class-balanced SGD on this dataset rather than instability of either
model.
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Fig. 8. Precision, recall, and F1 as a function of decision
threshold for four representative models. The dashed line marks the
default cut-off (0 for decision scores, 0.5 for probabilities).

test set, the LIBLINEAR linear SVM misses 27 and the ran-
dom forest misses 46 (Table 2). Most pulsars that all models
agree on missing have an IP Skew close to zero and a low
DM Kaurt, which is consistent with broad, dim pulsars near the
candidate-selection threshold.

Table 2. Per-class outcomes on the 80/20 held-out test set (n = 3,580;
328 pulsars). FN are missed pulsars; FP are wrongly flagged non-
pulsars.

Model TP FN FP TN
Perceptron 306 22 212 3,040
Lin. SVM 302 26 117 3,135
(SGD)

Lin. SVM 301 27 68 3,184
(LL)

RBF SVM 300 28 73 3,179
Logistic Reg. 302 26 83 3,169
Random 282 46 25 3,227
Forest

Grad. 298 30 101 3,151
Boosting

Training cost

Figure 9 shows fit time for each model on the 80/20 training
split. The Perceptron, SGD linear SVM, LIBLINEAR linear
SVM, logistic regression, and histogram gradient boosting all
fit in well under a second on the reference machine. The ran-
dom forest takes about 4 seconds (parallelised across 8 cores)
and the LIBSVM RBF kernel SVM takes about 7 seconds be-
cause its complexity scales as O(n?) in the number of training
samples?233. At survey scale (n in the millions) the LIBSVM
kernel SVM would become the binding constraint, while the
linear models would remain trivially trainable.

Train time per model (single 80/20 split, AMD Ryzen 7 7800X3D)
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Fig. 9. Train time per model on the 80/20 training split (14,318
samples), measured on an AMD Ryzen 7 7800X3D, single training
run. The y-axis is logarithmic.

Discussion

The most important lesson from these experiments is that ‘ac-
curacy’ alone is misleading on HTRU_2. The Perceptron run
originally reported in this paper used no class balancing and
no explicit feature scaling, which gave it a headline accuracy
of 0.977. When the same Perceptron is forced to weight the
positive class proportionally (so that missing real pulsars hurts
the loss as much as flagging false candidates), its single-split
accuracy drops to 0.935 but its recall rises to 0.93 and its F1
to 0.72. That trade is the correct one for a candidate-screening
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application: a real pulsar that is screened out by a triage layer
will never be looked at again, while a false positive only costs
one human glance.

The cross-validated metrics in Table 1 sit in the broad range
reported by prior HTRU_2 work. Lyon et al. ' introduced the
dataset together with a Gaussian Hellinger Very Fast Deci-
sion Tree, reaching accuracies near 0.98 on the same eight-
feature split; convolutional neural networks !, transformer-
based classifiers !¢, kernel SVMs!7, and ensemble or cascade
approaches 2527 have all been applied to the same bench-
mark, with reported accuracies in the 0.97-0.98 range. The
class-balanced linear baselines reported here fall in the same
accuracy range; the random forest and gradient boosting base-
lines I run reach F1 ~ 0.88 and ROC-AUC ~ 0.97-0.98 on
the cross-validated splits. I do not claim to improve on the
published state of the art reported by image-based or deep-
network methods '-'228 which use richer inputs than the eight
summary features used here.

The practical implication for a downstream survey pipeline
is that the choice between these models should be made on the
precision-recall point required, not on which model has the
highest test accuracy. If the cost of a missed pulsar is domi-
nant (as in a small-area deep survey looking for rare objects),
a class-balanced linear classifier with a low decision thresh-
old maximises recall at the cost of more candidates for human
review. If telescope time for confirmation is the binding con-
straint, a random forest or kernel SVM with the default thresh-
old delivers higher precision at the cost of missing some gen-
uine pulsars. Figure 8 makes this trade-off explicit and allows
a survey operator to pick a working point.

Limitations

This study has several limitations. (i) The HTRU_2 dataset
is clean and well-curated compared with raw survey data;
real pipelines deal with signal corruption, missing-channel
artefacts, and labelling noise that this benchmark does not
capture!?. (i) Only the eight pre-computed statistical fea-
tures from the integrated profile and DM curve are used; ap-
proaches that operate on the underlying diagnostic plots or
time-frequency representations'"1228 have the potential for
higher recall on hard candidates but were out of scope here.
(ii1) Hyperparameters were fixed at documented scikit-learn
defaults rather than tuned; mild improvements would likely
be obtainable by tuning C, gamma, or the number of trees>*.
(iv) The cross-validation reported here uses 5 folds and 2-
10 seeds; although the resulting 95% confidence intervals are
tight, any individual absolute number should be read with that
uncertainty in mind. (v) The experiments use a single decision
threshold per model; in practice, the threshold should be tuned
on the validation fold under the survey’s operating-point re-
quirements3>3>, (vi) No deep neural network or per-instance

kernel comparison is included; doing so would help position
the work against the most recent state of the art.

Conclusion

This paper revisits the comparison between a Perceptron and
a support vector machine on the HTRU_2 pulsar candidate
dataset, with class balancing, feature scaling, multiple seeds
and folds, and additional tree-based and linear baselines. With
class balancing the linear models achieve ROC-AUC above
0.96 and recall above 0.90, while a random forest gives the
best precision-recall balance (F1 ~ 0.88). The 0.4% accu-
racy difference originally reported between the Perceptron and
SVM is consistent with the single-split noise I observe across
seeds and is not a robust property of the models. The prac-
tical recommendation is to choose a classifier based on the
precision-recall operating point that the downstream survey
requires, rather than on headline accuracy, and to treat the de-
cision threshold as a tunable parameter rather than a fixed 0.5.
The most important limitation of this work is that it uses only
the eight pre-computed statistical features from HTRU_2 and
is therefore a candidate-screening study rather than a pulsar-
detection pipeline.
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