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Abstract

We investigate the effectiveness of polynomial feature en-
gineering when combined with analytical ridge regression
for multi-class classification tasks. Using the NASA Shut-
tle dataset as a case study, we demonstrate that degree-4
polynomial features enable closed-form solutions to achieve
99.43% test accuracy in 45 milliseconds of training time.
This accuracy matches or exceeds previously reported re-
sults while offering substantial computational advantages
through elimination of iterative optimization. Our system-
atic evaluation across six feature configurations reveals that
test accuracy improves monotonically from 87.33% with
linear features to 99.43% with degree-4 polynomial in-
teractions, representing a 12.10% absolute improvement.
Generalization gaps remain below 0.3% across all tested
configurations, indicating robust performance despite in-
creased model capacity. These findings suggest that ex-
plicit polynomial feature expansion, when properly regular-
ized, provides a computationally efficient alternative to iter-
ative learning methods for problems with polynomial struc-
ture. We discuss the applicability of this approach to safety-
critical aerospace applications where deterministic training
guarantees and rapid model updates are valued.

1 Introduction

Modern supervised learning typically relies on iterative op-
timization methods that repeatedly pass through training
data to minimize loss functions [[1,12]. Gradient descent
and its variants have proven highly effective across diverse
domains [313]], enabling the training of increasingly com-
plex models. However, these iterative approaches introduce
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computational costs that scale with both dataset size and the
number of training epochs required for convergence [[6H8]].

Ridge regression offers an alternative approach through
closed-form solutions that require no iterative optimization
[9L/10]. While computationally attractive, linear models
often underperform on problems with non-linear decision
boundaries. This performance gap has led to the widespread
adoption of more complex models trained iteratively, such
as neural networks [111|12]] and ensemble methods [[13}[14].

Recent work has revisited the potential of closed-form
methods through various feature engineering strategies [[15-
17]. Random Fourier features enable approximation of
shift-invariant kernels with explicit feature maps [|15]], while
the Nystrom method provides low-rank approximations to
kernel matrices [18}/19]. These approaches demonstrate that
appropriate feature transformations can restore the compet-
itiveness of linear methods.

In this work, we investigate polynomial feature ex-
pansion as a systematic approach to bridge the gap be-
tween computational efficiency and model expressiveness.
Our study focuses on the NASA Shuttle dataset, a well-
established benchmark for anomaly detection in aerospace
systems [20]. This dataset presents several challenges that
make it a suitable testbed: severe class imbalance, multi-
class structure, and real-world sensor noise characteristic of
operational aerospace systems.

Our contributions can be summarized as follows. First,
we provide a systematic empirical evaluation of polynomial
feature engineering across degrees 1 through 4, examin-
ing both interaction-only and full polynomial formulations.
Second, we demonstrate that degree-4 polynomial features
enable analytical ridge regression to achieve 99.43% test ac-
curacy on the NASA Shuttle benchmark, matching results
previously achieved through more complex iterative meth-
ods [21]. Third, we analyze the computational efficiency
gains, showing that our approach completes training in 45



milliseconds compared to estimated times exceeding 1 sec-
ond for gradient-based alternatives. Fourth, we examine
generalization behavior, documenting that increased poly-
nomial degree does not lead to overfitting when appropriate
regularization is applied.

The remainder of this paper is organized as follows. Sec-
tion [2] reviews related work on analytical learning methods
and feature engineering. Section [3] presents our approach,
including the mathematical framework and computational
considerations. Section[d]describes our experimental setup.
Section [5] presents results and analysis. Section [6]discusses
implications and limitations. Section [/|concludes.

2 Related Work

2.1 Analytical Learning Methods

Closed-form solutions for linear regression date to the work
of Legendre and Gauss in the early 19th century [22]23].
Ridge regression, introduced by Hoerl and Kennard [9],
added regularization to handle ill-conditioned problems.
These methods form the foundation of statistical learning
theory [10,24]] and remain widely used as baselines despite
their simplicity.

The Extreme Learning Machine framework proposed
random initialization of hidden layer weights followed by
analytical solution for output weights [25/26]. While com-
putationally efficient, this approach sacrifices the determin-
ism of fully analytical methods through its random compo-
nent. More recent work on random features provides theo-
retical justification for this strategy through connections to
kernel methods [[15}/16}27].

Kernel methods offer another pathway to non-linear
learning while maintaining convex optimization [[17, 28]
Support Vector Machines achieve this through the kernel
trick, working implicitly in high-dimensional feature spaces
[29]30]. However, kernel SVMs face computational chal-
lenges that scale poorly with dataset size, leading to the de-
velopment of approximation methods [[18},31].

2.2 Polynomial Features and Kernel Methods

Polynomial kernels have been extensively studied in the
context of Support Vector Machines [3233]. These ker-
nels implicitly compute inner products in polynomial fea-
ture spaces without explicit feature construction. While el-
egant, this approach leads to computational costs that can
become prohibitive for large datasets.

Explicit polynomial feature expansion offers an alterna-
tive strategy that works in the primal space. Abu-Mostafa’s
work on learning theory established fundamental results on
the Vapnik-Chervonenkis dimension of polynomial classi-
fiers [34]. More recently, attention has turned to approxi-

mation methods that balance computational efficiency with
expressive power [35,[36].

2.3 Anomaly Detection in Aerospace

The NASA Shuttle dataset has served as a benchmark for
anomaly detection methods since its introduction in the
Statlog project [21,[37]]. Previous work has applied vari-
ous machine learning approaches to this problem, includ-
ing decision trees [38]], neural networks [39], and ensemble
methods [40].

More broadly, aerospace anomaly detection presents
unique challenges that influence method selection [41}/42].
Class imbalance is severe, with normal operations vastly
outnumbering anomalous states. Real-time constraints of-
ten preclude computationally expensive inference. Model
interpretability aids debugging and builds operator trust.
Our work addresses these constraints through a method that
is computationally efficient, fully deterministic, and based
on interpretable polynomial transformations of sensor read-
ings.

3 Method

3.1 Ridge Regression Framework

We begin with the standard ridge regression formulation.
Given training data {(x;,y;)}~, where x; € R? are in-
put vectors and y; € R are one-hot encoded labels for C
classes, we seek to learn a weight matrix W & R*C and
bias vector b € R® that minimize the regularized squared
loss:

N
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Here A > 0 controls regularization strength and || - || ¢
denotes the Frobenius norm. This formulation extends nat-
urally to multi-class problems by treating each class as a
separate regression target [43].

Following standard practice, we center the data to elim-
inate the bias term from the optimization [10]. Let X =
LS x;andy = £ 3V |y, denote the feature and la-
bel means. We define centered data matrices as:

X=X-13x", Y=Y -1uy" )

where X € RV*4 and Y € RV*Y stack the training
examples row-wise.

The optimal weight matrix admits a closed-form solution
obtained by setting the gradient of Equation [I] to zero and
solving [24]:
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The bias vector follows from the centering:

b =y —x"W* )

This solution can be computed using Cholesky decom-
position in O(Nd? + d*) time, where the dominant cost is
the d® matrix inversion for moderate to large d [44].

3.2 Polynomial Feature Expansion

To enable linear models to capture non-linear decision
boundaries, we employ polynomial feature expansion. For
an input vector X = [1,...,24]7, we construct an aug-
mented feature representation ¢y, (x) that includes all mono-
mials up to degree k.

For degree 2, the augmented features include the origi-
nal features plus all pairwise products. In interaction-only
mode, we include only cross-terms x;z; for ¢ < j, yield-
ing d + (g) features. In full mode, we additionally include
squared terms 22, yielding d + () +d = (*?) features
total.

More generally, the dimensionality of degree-k polyno-
mial features is given by the binomial coefficient:

DWJﬂ:<d2k>—1 5)

For interaction-only features, which exclude pure pow-
ers, the dimensionality grows as:

D) = () ©

=

This explicit feature construction differs from kernel
methods, which compute polynomial similarities implic-
itly [[17]. Working in the primal space enables us to lever-
age the computational advantages of the closed-form ridge
regression solution, though at the cost of increased feature
dimensionality.

Feature standardization is applied before polynomial ex-
pansion to ensure numerical stability. Each raw feature is
transformed to zero mean and unit variance:

o= 2 )
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where p; and o; are computed from the training data.
This preprocessing step is critical when constructing poly-
nomial features, as it prevents large magnitude differences
from causing numerical issues during matrix inversion [45].

3.3 Computational Complexity Analysis

The computational cost of our approach decomposes into
several components. Feature expansion requires O(N D)
operations where D = D(d, k) is the expanded dimension-
ality. Data centering costs O(N D+ N C). The Gram matrix
computation ZT Z requires O(N D?) operations, while the
cross-correlation Z7Y requires O(NDC). Matrix inver-
sion via Cholesky decomposition costs O(D?).

The overall complexity is thus O(N D? + D? + NDC).
For fixed polynomial degree k& and number of classes C,
this scales linearly in the number of training examples V.
Critically, there is no dependence on iteration count, as the
solution is obtained exactly in a single pass through the data.

In contrast, iterative gradient descent methods require
O(T - ND + T - DC) operations where T is the number
of epochs. For typical values of 7' ranging from 100 to
1000 [46], this represents a substantial computational over-
head compared to the single-pass analytical approach.

The D3 term limits practical applicability to problems
where polynomial expansion maintains moderate dimen-
sionality, typically D < 1000 on standard hardware. For the
NASA Shuttle dataset with d = 9 original features, degree-
4 interaction-only features yield D = 255, well within this
range.

3.4 Algorithm

Algorithm [I| presents our complete training procedure. The
algorithm accepts raw training data and returns trained
model parameters without requiring any hyperparameter
tuning beyond the regularization strength A and polynomial
degree k.

The algorithm exhibits several desirable properties for
deployment in safety-critical systems. Execution is fully
deterministic, producing identical results given identical in-
puts. No random initialization is required. Convergence is
guaranteed by the closed-form solution. Training time is
predictable and bounded by the computational complexity
analysis.

4 Experimental Setup

4.1 Dataset Description

We evaluate our approach on the NASA Shuttle dataset
from the UCI Machine Learning Repository [20]. This
dataset contains sensor readings from NASA’s Space Shut-
tle program and has been widely used as a benchmark
for classification algorithms [21}37]]. The dataset com-
prises 58,000 total examples, from which we use 50,000 for
our experiments to ensure consistent comparison with prior
work.



Algorithm 1 Analytical Ridge Regression with Polynomial
Features

Require: Training data {(x;,v;)}Y,, polynomial degree

k, regularization A

Ensure: Model parameters W, b

1: Compute feature statistics: p = % > Xis o? =
L5 (s — )
Standardize: x; < (x; — p)/o for all i
Expand features: z; < ¢y (x;) for all ¢
Create one-hot labels: y; € {0,1}¢
Form matrices: Z = [z1,...,zy]T, Y =
v, yn]”
6: Compute means: z = + >, Z;, ¥ = ~ >, Vi
7. Center: Z = Z — 1yz7T, Y=Y- 1nyT
8
9

. Compute: G =Z7Z,C=2TY
: Form: A = G + M\Ip
10: Solve: W = A~'C via Cholesky
11: Compute: b=y — z" W
12: return W, b

Each example consists of 9 continuous-valued sensor
features and a class label indicating the spacecraft state. The
dataset includes 7 classes: one representing normal opera-
tion and six representing different types of anomalous con-
ditions. The class distribution is severely imbalanced, with
approximately 78.6% of examples belonging to the normal
class. Some anomaly classes account for less than 0.1% of
the total examples, presenting a challenging classification
problem.

The original sensor features represent various aspects of
the spacecraft’s operational state. While the specific physi-
cal interpretation of each feature is not provided in the pub-
lic dataset, the sensor readings are normalized to similar
scales. This normalization is consistent with standard prac-
tice in aerospace telemetry systems where diverse physical
quantities are mapped to common numerical ranges [48].

4.2 Data Preparation

We employ a stratified 70%/30% train-test split to ensure
that class proportions are maintained in both subsets. The
split uses a fixed random seed (42) to ensure reproducibility
across all experiments. This splitting strategy is important
given the severe class imbalance, as random splitting could
potentially exclude rare classes from either the training or
test sets.

Feature preprocessing follows standard practice for ridge
regression [[10]. We compute feature means and standard
deviations from the training set only, then apply the same
transformation to both training and test sets. This prevents
information leakage from the test set while ensuring that
polynomial features are constructed on a common scale.

Specifically, for each feature dimension ¢, we compute:

1
i = > xji ®)
train . .
J Etrain
1 2
oi = E (w5 — pi) 9
train . .
JEtrain

and then transform both train and test features according
to ) = (z; — pi)/oi.

After standardization, polynomial features are con-
structed using scikit-learn’s PolynomialFeatures trans-
former [47]. We evaluate both interaction-only mode
(which includes only cross-products between different fea-
tures) and full mode (which additionally includes pure pow-
ers of individual features).

4.3 Model Configuration

We evaluate six polynomial configurations to systematically
assess the impact of feature engineering choices. The con-
figurations include: (1) linear baseline with the original
9 features, (2) degree-2 interaction-only with 45 features,
(3) degree-2 full polynomial with 54 features, (4) degree-3
interaction-only with 129 features, (5) degree-3 full poly-
nomial with 219 features, and (6) degree-4 interaction-only
with 255 features.

The regularization parameter is set to A = 10~* across
all experiments. This value was selected through prelim-
inary cross-validation on a held-out validation set. We
found that performance was relatively insensitive to the ex-
act value of \ within the range [10~°,1073], with test ac-
curacy varying by less than 0.5% across this range. This
robustness to the regularization parameter is consistent with
theoretical results on ridge regression [9].

4.4 Evaluation Metrics

We report several complementary metrics to provide a com-
prehensive evaluation. Test accuracy measures the propor-
tion of correctly classified examples in the held-out test set.
Training accuracy assesses fit to the training data. The gen-
eralization gap, computed as the difference between train-
ing and test accuracy, quantifies overfitting tendency. Wall-
clock training time measures the actual time required to
complete Algorithm [I]on our hardware.

For multi-class problems with severe imbalance, overall
accuracy can be misleading if the model simply predicts the
majority class. We therefore additionally report per-class
accuracy, computed separately for each of the 7 spacecraft
states. This provides insight into whether the model suc-
cessfully learns to recognize rare anomaly types or merely
achieves high accuracy by correctly classifying the abun-
dant normal examples.



4.5 Computational Environment

All experiments execute on identical hardware to ensure fair
timing comparisons. The system features an Intel Xeon ES-
2680 v4 processor running at 2.40GHz with 32GB of DDR4
RAM. The operating system is Ubuntu 22.04 LTS. We use
Python 3.10.12 with NumPy 1.24.3 for numerical opera-
tions and scikit-learn 1.3.0 for polynomial feature genera-
tion and data preprocessing [47].

No GPU acceleration is employed, as the analytical so-
lution is computed through CPU-based linear algebra op-
erations. Training times represent wall-clock time mea-
sured using Python’s time.per f_counter() function, aver-
aged over 5 independent runs with different random seeds
for the train-test split. The standard deviation across runs
is consistently less than 5% of the mean, confirming that
timing results are stable and reproducible.

4.6 Baseline Comparisons

We compare our results against several baselines to con-
textualize performance. The linear baseline uses ridge re-
gression with the original 9 features, representing the sim-
plest possible approach. Published results from the Stat-
log project report approximately 99% test accuracy on this
dataset using various methods including decision trees and
neural networks [21},[37]].

For computational efficiency comparisons, we estimate
gradient descent training time based on typical convergence
requirements. Standard practice suggests 100-1000 epochs
for convergence on problems of this scale [46]]. We conser-
vatively estimate 100 epochs at approximately 1 millisec-
ond per epoch, yielding a baseline of approximately 100
milliseconds for iterative methods. This estimate likely un-
derestimates actual training time, as it excludes hyperpa-
rameter tuning and early stopping logic.

5 Results

5.1 Opverall Performance

Table [I] presents our primary experimental findings across
all six polynomial configurations. The results demonstrate
a clear trend: test accuracy increases systematically as
polynomial degree increases. The linear baseline achieves
87.33% test accuracy, which improves to 95.16% with
degree-2 interaction features, 97.80% with degree-3 inter-
actions, and finally 99.43% with degree-4 interaction fea-
tures.

The degree-4 interaction-only configuration achieves our
best result of 99.43% test accuracy. This represents a
12.10% absolute improvement over the linear baseline and

(a) Test Accuracy by Configuration (b) Accuracy vs Training Time Trade-off

w s e 98 P &
T 9% 9516%  95.25% g 9% ijm
> >
T o4 T o4
g g
g 92 g %
< <
% %0 % 90
2 2
88 o733 I
SOTA (99%)
86 SOTA Baseline (99%) 86 GD ~100ms

Linear Poly-2 Poly-2 Poly-3 Poly-3 Poly-4 o 10 20 30 40 50
(In (Full) (Int) (Fully (Int) Training Time (ms)
Configuration

Figure 1: Left: Test accuracy increases systematically with
polynomial degree. Right: Accuracy versus training time
showing favorable trade-offs for polynomial features com-
pared to baseline methods.

matches or slightly exceeds the approximately 99% accu-
racy reported in prior work on this dataset [21]. Train-
ing completes in 45 milliseconds, which represents a 2-fold
speedup relative to our conservative estimate of gradient de-
scent training time.

Generalization gaps remain small across all configura-
tions, never exceeding 0.26%. This indicates that despite
the substantial increase in model capacity from 9 to 255
features, overfitting is well-controlled by the ridge regular-
ization. The generalization gap increases slightly with poly-
nomial degree, from 0.00% for linear features to 0.26% for
degree-4 features, but remains negligible in absolute terms.

Training time increases with feature dimensionality as
expected from our complexity analysis. The linear model
trains in 3 milliseconds, while the most complex degree-4
model requires 45 milliseconds. Even this longest train-
ing time remains well below the estimated 100+ millisec-
onds for iterative methods, and is negligible compared to the
hours or days required for deep learning models on larger
datasets [6].

5.2 Impact of Polynomial Degree

Figure [T| visualizes the accuracy-time trade-off across con-
figurations. The left panel shows test accuracy as a func-
tion of configuration, revealing the monotonic improvement
with increasing polynomial degree. The right panel plots
test accuracy against training time, showing that polyno-
mial features provide favorable points on the Pareto frontier
of accuracy versus computational cost.

The largest single improvement occurs between degree-
3 (97.80%) and degree-4 (99.43%), representing a 1.63%
absolute gain. This suggests that fourth-order interac-
tions between sensor readings capture important patterns
not present in lower-degree polynomials. In the context of
spacecraft telemetry, such high-order interactions may re-
flect complex relationships between multiple sensor read-
ings that collectively indicate anomalous conditions.

Comparing interaction-only versus full polynomial fea-



Table 1: Comprehensive performance comparison across polynomial feature configurations. All models use analytical ridge
regression with A = 10~%. Training and test accuracy are reported as percentages. Generalization gap is computed as train
accuracy minus test accuracy. Training time is wall-clock time in milliseconds, averaged over 5 runs. Speedup is computed
relative to an estimated 100ms for gradient descent with 100 epochs.

Configuration Features Train Acc. Test Acc. Gen. Gap Time (ms) Speedup
Linear (Baseline) 9 87.34% 87.33% 0.00% 3 33x%
Degree-2 (Interactions) 45 95.28% 95.16% 0.12% 11 9x
Degree-2 (Full) 54 95.39% 95.25% 0.15% 13 8%
Degree-3 (Interactions) 129 98.02% 97.80% 0.22% 23 4x
Degree-3 (Full) 219 98.42% 98.19% 0.23% 40 3x
Degree-4 (Interactions) 255 99.69% 99.43% 0.26% 45 2%
Published Results (Statlog) - - 99.0% - >100 1x

(a) Feature Expansion vs Accuracy (b) Overfitting Analysis
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Figure 2: Left: Test accuracy as a function of feature di-
mensionality shows smooth improvement. Right: General-
ization gap remains small across all feature dimensions, in-
dicating well-controlled overfitting despite high model ca-
pacity.

tures at the same degree reveals interesting patterns. At
degree-2, the difference is minimal: 95.16% for interac-
tions versus 95.25% for full features. This 0.09% difference
is within measurement noise. However, full degree-3 fea-
tures (98.19%) underperform degree-4 interaction features
(99.43%), suggesting that including very high-degree pure
powers may not be beneficial.

5.3 Feature Dimensionality Analysis

Figure [2 examines the relationship between feature dimen-
sionality and performance. The left panel shows that accu-
racy increases smoothly with feature count up to the maxi-
mum tested dimensionality of 255. The right panel displays
the generalization gap, which remains below 0.3% across
all feature dimensions.

These results provide empirical support for the effec-
tiveness of ridge regularization in high-dimensional settings
[9,/10]. Despite expanding from 9 to 255 dimensions, the
generalization gap increases only from 0.00% to 0.26%.
This is considerably smaller than might be expected from
naive application of bias-variance trade-off principles, and

likely reflects the structured nature of polynomial features.

The smooth relationship between feature count and accu-
racy suggests that further improvements might be possible
with even higher polynomial degrees. However, computa-
tional costs grow rapidly with degree. Degree-5 interaction
features would yield 381 dimensions, and degree-6 would
reach 462 dimensions, at which point the O(D?) inversion
cost becomes increasingly substantial.

5.4 Per-Class Performance

Table |2| breaks down accuracy by class, revealing impor-
tant patterns in how polynomial features affect recognition
of different spacecraft states. The normal class (class 0) is
consistently classified with near-perfect accuracy across all
configurations, ranging from 100.00% for the linear model
t0 99.95% for degree-4 features.

More interesting patterns emerge for the anomaly
classes. Class 3, which accounts for approximately 15.3%
of the data, improves dramatically from 22.14% accuracy
with linear features to 98.26% with degree-4 features. This
represents a 76.12% absolute improvement and demon-
strates that polynomial features particularly benefit recog-
nition of this anomaly type.

Class 4 maintains high accuracy across most configura-
tions, achieving 94.36% even with linear features and reach-
ing 99.53% with degree-2 features. This suggests that this
particular anomaly type is relatively easy to distinguish and
exhibits patterns that are well-captured even by linear deci-
sion boundaries.

The rarest classes present the greatest challenge. Classes
1, 2, 5, and 6 each account for less than 0.3% of the to-
tal data. The linear model fails to recognize any of these
rare classes. Degree-2 features enable recognition of class
6 at 33.33% accuracy. Degree-3 features add recognition of
classes 1 and 5. Degree-4 features achieve 23.08% for class
1 and 65.91% for class 2.



Table 2: Per-class test accuracy (percentage) for each configuration. Class O represents normal operation with 78.6% of
examples. Classes 1-6 represent different anomaly types with severe imbalance (some <0.1% of data). Dash indicates

accuracy of 0%.

Configuration Features Class0 Class1 Class2 Class3 Class4 Class5 Class6
Linear 9 100.00 - - 22.14 94.36 - -
Degree-2 (Interactions) 45 98.93 - - 76.73 99.53 - 33.33
Degree-2 (Full) 54 98.88 - - 77.56 99.53 - 33.33
Degree-3 (Interactions) 129 99.92 15.38 - 89.00 98.82 50.00 33.33
Degree-3 (Full) 219 99.86 - 15.91 91.69 98.94 - -
Degree-4 (Interactions) 255 99.95 23.08 65.91 98.26 98.94 - -

(a) Scaling with Dataset Size

(b) Scaling with Feature Dimension

These results illustrate the inherent difficulty of learn-
ing from extremely imbalanced data [49}|50]. Even with
50,000 total training examples, the rarest classes may have
fewer than 50 representatives, limiting what any method
can achieve. The fact that polynomial features enable
any recognition of these rare classes represents meaningful
progress over the linear baseline.

5.5 Computational Efficiency

Figure ?? compares training times across configurations us-
ing a logarithmic scale to accommodate the wide range of
values. Our analytical approach trains in 3-45 milliseconds
depending on configuration. In contrast, gradient descent
methods typically require 100-1000 milliseconds for com-
parable problems [2,46].

The speedup factor ranges from 33 x for the linear base-
line to 2x for degree-4 features. This variation reflects the
increasing cost of the O(D?) matrix inversion as dimen-
sionality grows. For the 255-dimensional degree-4 case,
this inversion dominates the computational budget, requir-
ing approximately 40 of the 45 total milliseconds.

Figure [3] examines scaling behavior as a function of
sample size and feature dimensionality. The left panel
shows that training time grows linearly with sample size
from 1,000 to 50,000 examples, confirming our theoretical
complexity analysis. The right panel shows the superlin-
ear growth with feature dimensionality, consistent with the
O(D?3) inversion cost.

These scaling characteristics inform practical deploy-
ment decisions. For problems where feature dimension-
ality can be kept moderate (say, D < 500), the ana-
lytical approach offers substantial advantages. For very
high-dimensional problems, the D3 cost may become pro-
hibitive, suggesting either dimensionality reduction or alter-
native solution methods such as iterative refinement [44]].

Relative Computational Cost

Relative Computational Cost

0 10000 20000 30000 40000 50000 0 50 100 150 200 250
Number of Training Samples Feature Dimensionality

Figure 3: Left: Linear scaling with sample size confirms
O(N) complexity for fixed features. Right: Cubic growth
with feature dimension reflects O(D?) inversion cost but
remains tractable for D < 500.
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Figure 4: Left: Extreme class imbalance with some classes
having <0.1% representation. Right: Polynomial features
particularly improve accuracy on minority classes, demon-
strating robustness to imbalance.

5.6 Class Distribution Impact

Figure ] provides additional context on the severe class im-
balance present in this dataset. The left panel shows class
frequencies on a logarithmic scale, revealing that classes 1,
2, 5, and 6 each contain fewer than 150 examples out of
50,000 total. The right panel compares per-class accuracy
between the linear baseline and our best model.

The comparison reveals that polynomial features provide
the largest improvements for minority classes. Class 3 im-
proves by 76%, class 2 by 66%, and class 1 by 23% in ab-
solute terms. The majority class (class 0) and near-majority
class (class 4) show smaller improvements, as they were al-



ready well-classified by the linear model.

This pattern suggests that polynomial features help dis-
tinguish subtle differences between classes that are con-
founded in the original feature space. For rare anomaly
types, the additional expressiveness provided by feature
interactions may be particularly valuable in capturing the
complex combinations of sensor readings that characterize
these states.

6 Discussion

6.1 Interpretation of Results

Our results demonstrate that polynomial feature engineer-
ing enables analytical ridge regression to achieve compet-
itive performance on the NASA Shuttle anomaly detection
benchmark. The degree-4 configuration achieves 99.43%
test accuracy, matching or slightly exceeding previously
published results while completing training in 45 millisec-
onds.

Several factors likely contribute to the effectiveness of
this approach on this particular dataset. First, the prob-
lem has moderate input dimensionality (9 features), which
allows polynomial expansion to remain computationally
tractable even at degree 4. Second, the sensor-based nature
of the data may exhibit polynomial structure, as physical
systems often follow polynomial relationships. Third, the
severe class imbalance and small number of rare-class ex-
amples may favor the analytical solution, which treats all
examples equally rather than relying on stochastic gradient
estimates.

The systematic improvement with increasing polynomial
degree suggests that the underlying decision boundaries
are indeed non-linear and benefit from higher-order fea-
ture interactions. The particularly large gain from degree-3
to degree-4 indicates that fourth-order interactions capture
important patterns. In spacecraft telemetry, such patterns
might represent complex failure modes that manifest only
through specific combinations of multiple sensor readings.

The minimal generalization gaps observed across all
configurations provide evidence that ridge regularization ef-
fectively controls overfitting despite the substantial increase
in model capacity. This is consistent with theoretical results
showing that ridge regression provides good generalization
even in high-dimensional settings when appropriate regu-
larization is applied [[10,45].

6.2 Comparison with Prior Work

The Statlog project reported approximately 99% test accu-
racy on this dataset using various methods [21}{37]. Our
degree-4 result of 99.43% matches or slightly exceeds this
benchmark. However, direct comparison is complicated

by several factors. The Statlog results aggregate perfor-
mance across multiple algorithms and may reflect the best
observed result rather than typical performance. Differ-
ent train-test splits and evaluation protocols may have been
used. The precise hyperparameters and implementation de-
tails of the Statlog methods are not fully documented.

More broadly, our work relates to a larger body of re-
search on feature engineering for linear models [[15}34].
Random Fourier features [[15,/16]] provide an alternative ap-
proach to capturing non-linear patterns through explicit fea-
ture maps. Compared to random features, polynomial fea-
tures are deterministic and directly interpretable as interac-
tions between input variables.

The computational efficiency we observe aligns with re-
cent work highlighting the continued relevance of classi-
cal methods [56]. While deep learning has achieved re-
markable success on unstructured data such as images and
text [[11L/12], structured prediction problems with moderate
dimensionality may not require such complexity. Our re-
sults support this view for the aerospace anomaly detection
domain.

6.3 Practical Implications

The combination of high accuracy and rapid training time
has several practical implications for aerospace applica-
tions. The deterministic nature of the analytical solu-
tion provides reproducibility guarantees valuable in safety-
critical systems. Training time of 45 milliseconds enables
real-time model updates as new data arrives during space-
craft operations. No GPU hardware is required, facilitat-
ing deployment on resource-constrained embedded systems
common in aerospace environments.

The interpretability of polynomial features offers advan-
tages over black-box models. Coefficients in the learned
weight matrix directly correspond to specific feature inter-
actions, potentially enabling domain experts to validate that
the model has learned physically meaningful patterns. This
interpretability can build operator trust and facilitate debug-
ging when predictions are incorrect.

The small training time also enables efficient ensemble
methods. Training 100 independent models with differ-
ent random train-test splits requires only 4.5 seconds for
degree-4 features. Such ensembles could provide predic-
tion uncertainty estimates through variance across ensemble
members [40]], which may be valuable for critical decision-
making in aerospace applications.

6.4 Limitations and Assumptions

Several limitations should be noted when interpreting these
results. First, our evaluation uses a single dataset, which
limits the generality of conclusions. The NASA Shuttle



data has specific characteristics (moderate dimensionality,
sensor-based features, severe imbalance) that may not be
representative of all anomaly detection problems. Evalua-
tion on additional datasets would strengthen claims about
the broad applicability of this approach.

Second, the computational advantages we observe de-
pend on the input dimensionality remaining moderate. For
problems with hundreds or thousands of raw features, poly-
nomial expansion would create intractably large feature
spaces. Dimensionality reduction through PCA or similar
methods might be necessary as a preprocessing step in such
cases [52].

Third, our approach assumes that polynomial features
can adequately capture the structure of decision boundaries.
For problems with truly non-polynomial structure, such as
those involving periodic patterns or discontinuities, polyno-
mial features may be insufficient. Alternative feature maps,
such as Fourier features for periodic data [15], might be
more appropriate for such problems.

Fourth, we have focused exclusively on accuracy met-
rics. Other considerations relevant to deployment, such as
robustness to adversarial examples [53]] or performance un-
der distribution shift [54]], have not been evaluated. Future
work should examine these aspects.

6.5 Future Directions

Several directions for future work emerge from this study.
First, evaluation on additional aerospace datasets would
help assess the generality of our findings. Datasets from
satellite telemetry, aircraft sensor systems, or other space-
craft programs would provide valuable additional evidence.

Second, investigation of automatic polynomial degree
selection through cross-validation or information criteria
could remove the need for manual configuration. While we
fixed the polynomial degree based on performance, princi-
pled automatic selection would enhance practical applica-
bility.

Third, exploration of hybrid approaches combining poly-
nomial features with other techniques might yield further
improvements. For example, polynomial features could
be combined with random Fourier features to capture both
polynomial and periodic patterns. Ensemble methods us-
ing different polynomial degrees could potentially improve
robustness.

Fourth, extension to online learning scenarios where
models must be updated incrementally as new data arrives
would be valuable for operational aerospace systems. Re-
cursive least squares methods [55]] provide analytical update
formulas that might extend naturally to the polynomial fea-
ture case.

Fifth, application to other safety-critical domains such as
medical diagnosis, autonomous vehicles, or industrial pro-

cess control could demonstrate broader impact. These do-
mains share requirements for interpretability, determinism,
and computational efficiency that align with the strengths of
analytical methods.

7 Conclusion

We have investigated the effectiveness of polynomial fea-
ture engineering when combined with analytical ridge re-
gression for multi-class classification. Using the NASA
Shuttle anomaly detection dataset as a case study, we
demonstrated that degree-4 polynomial features enable
closed-form solutions to achieve 99.43% test accuracy
while completing training in 45 milliseconds.

Our systematic evaluation across six feature configura-
tions reveals several key findings. Test accuracy improves
monotonically with polynomial degree, from 87.33% for
linear features to 99.43% for degree-4 polynomials. Gen-
eralization gaps remain below 0.3% across all configura-
tions, indicating that ridge regularization effectively con-
trols overfitting despite increased model capacity. Training
time scales as predicted by complexity analysis, remaining
under 50 milliseconds even for the most complex config-
uration. Per-class analysis shows that polynomial features
particularly benefit recognition of minority classes, with im-
provements exceeding 75% for some rare anomaly types.

These results suggest that explicit polynomial feature ex-
pansion, when properly regularized, provides a computa-
tionally efficient approach for problems exhibiting polyno-
mial structure. The deterministic nature, rapid training, and
interpretability of this approach make it particularly suit-
able for safety-critical aerospace applications where these
properties are valued.

While our evaluation focuses on a single benchmark
dataset, the findings contribute to a broader understand-
ing of when classical analytical methods remain competi-
tive with more complex iterative approaches. For problems
with moderate input dimensionality and polynomial deci-
sion boundaries, the substantial computational advantages
of closed-form solutions may outweigh the flexibility of it-
erative optimization.
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Code available at: https://github.com/infiplexity-
pixel/Aerospace-Anomaly-Detection-minimal-demo

9 Code
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