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Abstract—This paper introduces SEAN, a novel anomaly
detection algorithm designed for real-time applications in predic-
tive maintenance. SEAN leverages an ensemble-based approach
to deliver competitive performance while drastically reducing
computational costs. In our comprehensive evaluation across 121
datasets, SEAN consistently outperforms comparable shallow
anomaly detection algorithms. Our comparisons reveal that
SEAN operates over 20,000 times faster than a similar state-
of-the-art deep learning alternative, with negligible sacrifice in
detection accuracy. We further demonstrate SEAN’s versatility
through an ablation study, highlighting how its hyperparameters
can be tuned to balance runtime and performance effectively.
Additionally, we present a practical C++ export tool that en-
ables the deployment of SEAN on resource-constrained devices,
meeting the stringent requirements of on-device predictive main-
tenance tasks. Our findings underscore SEAN as a powerful and
efficient solution for anomaly detection in real-world engineering
applications.

Index Terms—Predictive Maintenance, Anomaly Detection,
Fault Detection, Predictive Analytics

I. INTRODUCTION

Predictive maintenance leverages machine learning to an-
ticipate equipment failures before they occur, offering a sig-
nificant advantage over traditional methods like scheduled
maintenance. By identifying potential issues early, predic-
tive maintenance minimizes costs, reduces downtime, extends
equipment lifespan, and enhances safety [56]. This approach
has become indispensable across various industries, including
manufacturing [58], aerospace [49], and energy infrastruc-
ture [27].

A key technique in predictive maintenance is anomaly
detection, as many equipment failures manifest as anoma-
lies [14]. Thus, advancements in anomaly detection algorithms
are critical to improving predictive maintenance outcomes.
However, while academic research often prioritizes the de-
velopment of highly accurate but complex neural networks
for anomaly detection [43], practical applications have differ-
ent demands. In real-world scenarios, predictive maintenance
systems require algorithms that are not only accurate but
also exceptionally fast [16], given that anomalies may only
be detectable moments before a critical failure. Additionally,
deploying algorithms that rely on large neural networks can be
prohibitively expensive and may necessitate external hardware,
thereby limiting their scalability and widespread adoption [38].

While faster, non-deep learning-based anomaly detection al-
gorithms exist, many of these methods [25], [37], [43] were
developed prior to the deep learning era and have not kept
pace with modern advancements.

To address these challenges, we propose an innovative
solution by adapting a state-of-the-art neural network-based
ensemble anomaly detection method, DEAN [7]. We demon-
strate that by substituting the neural networks with simple
linear regressions, our algorithm becomes several orders of
magnitude faster while experiencing only a minor reduction
in anomaly detection performance. We introduce this new
approach as SEAN (Shallow Ensemble ANomaly detection),
which not only outperforms comparable methods in both speed
and accuracy but also retains DEAN’s ensemble structure.
This structure allows us to utilize the explainability technique
outlined in [31] to efficiently approximate Shapley values [17],
enabling the identification of which input features contribute
most to an anomaly. This capability is crucial for further
understanding and mitigating equipment failures.

Furthermore, we explore the impact of the number of sub-
models within SEAN that directly influences both its runtime
and anomaly detection performance, offering the flexibility
to prioritize either based on specific predictive maintenance
requirements. Lastly, we present a method for converting
the learned model into optimized C++ code, enabling on-
device execution. We provide both this conversion method,
an example of SEANs interpretability and more generally a
Python implementation of SEAN at https://github.com/KDD-
OpenSource/SEAN.

II. RELATED WORK

Before presenting our method, we first discuss the relevant
literature:

Predictive Maintenance [10], [14], [55] has proven to be
a valuable strategy for minimizing operational disruptions,
reducing costs, and extending the lifespan of infrastructure
by addressing issues as they arise. Equipment failures can
often be detected through anomaly detection techniques, as
these failures typically present as anomalies [9], [15], [28].
The choice of anomaly detection algorithm varies depending
on the application, but common requirements include real-
time performance [16], scalability to large datasets [20], [42],
and interpretability to simplify maintenance processes [33],
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[50]. In this paper, we introduce a new method that excels
in accuracy, speed, scalability, and interpretability, providing
valuable insights into the causes of anomalies to aid in their
resolution.

Anomaly detection [48] involves identifying unusual or
unexpected events, with applications ranging from fault de-
tection [18], [40], [45] to network security [29], [41], [52]
and scientific research [1], [12], [39]. These tasks can be ap-
proached in supervised, semi-supervised [47], [53], or entirely
unsupervised manners [30], depending on the availability of
labeled anomaly data. In our work, we focus on the unsuper-
vised scenario, which is particularly relevant in engineering
applications where not all possible faults are known in ad-
vance. Numerous algorithms have been proposed for unsuper-
vised anomaly detection [46], with relatively few performance
differences observed among them [23]. This allows us to
prioritize secondary objectives beyond detection accuracy. One
such objective, often overlooked [43], is the speed of the
anomaly detection algorithm—a crucial factor in engineering
contexts where real-time decision-making is essential for cost
efficiency and safety. In this paper, we propose an algorithm
that significantly outpaces existing methods while maintaining
competitive performance.

Extremely-fast Anomaly Detection methods are typically
simple, often relying on deviations from basic statistical mea-
sures like the mean to indicate anomalies. While such ap-
proaches are quick, they fall short in performance compared to
modern methods that detect deviations from complex normal
data. For tasks where safety is critical, more sophisticated yet
still fast algorithms are necessary. Shallow methods, such as
the Isolation Forest [37], which uses simple random decision
trees to isolate anomalies, or CBLOF [25], which clusters
normal data and measures deviations from cluster centers, are
examples of effective shallow approaches. Due to the linear
time complexity of the Isolation Forest, it scales well to larger
data. CBLOF is relatively efficient, but not as fast. Because
of the ease of implementation, speed, and quality, both are
exceptional benchmark methods for ultra-fast AD. However,
partially due to limited recent research interest in shallow
anomaly detection, these methods are often outperformed by
more advanced deep learning techniques. In this paper, we
introduce a new shallow method inspired by a recent deep
learning approach, which not only surpasses other shallow
methods but is also even faster compared to them.

DEAN [7] is a recent anomaly detection algorithm that
extracts patterns from normal data and contrasts them against
potentially contaminated data. DEAN achieves high perfor-
mance by combining information from multiple patterns into
an ensemble [11], [32], and it is designed to be both highly
effective and easily modifiable. The algorithm uses neural
networks to encode the pattern extraction task into a loss
function. In our work, we leverage DEAN’s modularity to
replace the neural networks with much faster linear models,
resulting in a similarly effective but significantly faster algo-
rithm. Additionally, by building on DEAN, we inherit several
of its enhancements, notably the interpretability afforded by

polynomial-time Shapley values [31], which is crucial for
identifying the root causes of faults in maintenance tasks.

III. METHODOLOGY

In this section, we first introduce DEAN and then explain
the methodology behind our proposed algorithm, SEAN.

A. DEAN

DEAN (Deep Ensemble ANomaly detection) is a recently
proposed anomaly detection algorithm [7]. It functions as
an ensemble method that combines several simple anomaly
detection models. Each of these models is a neural network
trained using the loss function defined in Equation 1.

L =
∑

x∈Xnormal

(fi(x)− 1)2 (1)

The loss is non-trivial because functions fi do not include
bias terms (intercepts), i.e., they cannot learn constants. Con-
sequently, the approach learns approximately constant combi-
nation of input features, thereby capturing patterns within the
normal samples.

By training multiple functions fi, DEAN extracts various
patterns, resulting in a clearer specification of normal behavior.
Anomalies are then identified based on an anomaly score,
as shown in Equation 2, where the hyperparameter power
determines how multiple small deviations are aggregated. The
continuous nature of the anomaly score allows for flexible
thresholding, facilitating the optimization of false negative and
false positive rates depending on the application:

score(x) =
∑
i

|fi(x)− 1|power (2)

The values score(x)1/power are the vector norms of the
discrepancies of the fi(x) values from 1. For example,
power = 2 yields the euclidian norm, while power → ∞
results in the maximum norm, i.e., the score is the maximum
of all |fi(x) − 1|. We remove this power, since monotonous
transformations do not alter the anomaly ranking.

To enhance model diversity, DEAN employs feature bag-
ging [34], which increases variance among the models by
limiting each to a random subset of the available features.

DEAN’s ensemble structure is designed for usability and
modifiability. For instance, the algorithm can explain which
features contribute most to the anomaly score. As shown
in [31], this is achieved by calculating the importance of each
feature locally at x:

importance(x, feature) =
∑

i;feature∈fi

|fi(x)− 1|power

where in an abuse of notation feature ∈ fi indicates
that feature is in-bag. This expression is a linear function
of the (bagged) Shapley value, a common interpretability
method [17] and a crucial aspect for maintenance tasks [49].



B. SEAN

The primary distinction between DEAN and our proposed
algorithm, SEAN (Shallow Ensemble ANomaly detection),
lies in the replacement of neural networks with linear regres-
sion models. In SEAN, each function fi is a linear regression
where the target value (dependent variable, label) is constantly
equal to 1. We observe that the loss function in Equation 1
is equivalent to separately fitting mean squared error linear
regressions. Let Xnormal,i denote the feature vectors used for
the training of the ith function. The parameters αi (=coeffi-
cients) that minimize the SEAN loss function

min
αi

∑
x∈Xnormal,i

(αT
i x− 1)2 (3)

are found by standard techniques for least squares regres-
sion. For relatively few features the textbook solution to this
optimization problem requires only matrix inversion instead
of neural network training:

αi = (XT
normal,i ·Xnormal,i)

−1 ·XT
normal,i · 1, (4)

where 1 denotes a vector of ones. Equation 4 is numerically
unstable, so singular value decomposition (SVD) is often
preferred.

We added a model indice i to the training data, as when
the features Xnormal,i would be identical for all i, the pro-
cess would be deterministic. So instead, we apply feature
bagging [34], similar to DEAN, to ensure diversity among
the αi values. Additionally, we incorporate subsampling [57],
training each model on a random subset of samples, further
increasing variance by training each submodel on its own
slightly different dataset. Both feature bagging and subsam-
pling not only enhance model diversity but also reduce compu-
tation time. Feature bagging decreases the number of features
used in Equation 4, while subsampling reduces the number of
samples. Given the complexity of O(samples ·features2) in
Equation 4, these techniques significantly lower computational
costs. Additionally, by limiting both the number of training
samples used and the number of features, the runtime of SEAN
scales well to large datasets.

To further improve performance with only a few submodels,
we introduce a variation of feature bagging where instead of
selecting a random subset of bag features for a submodel, we
multiply the training data matrix (size samples× features)
by a matrix F (size features× bag), where each element of
F is randomly drawn from a normal distribution with mean
zero and variance one, as shown in Equation 5. For this, we are
inspired by reservoir computing [54], where a similar approach
is used to allow simple models to learn more complicated
functions. Because we have seen that variations in the average
value of F can affect the model, especially for low features,
we normalize F , by subtracting the mean of each row from F
and thus setting the mean to be exactly 0 for each generated
feature.

Xtrain → Xtrain · F (5)

We will explore the impact of different choices for F , not
necessarily with such standard normal entries, in our ablation
studies in Section IV-B.

Like DEAN, SEAN identifies anomalies using an anomaly
score, as defined in Equation 2. To further enhance speed, we
replace the summation with a maximum operator:

score(x) = max
i

|αi · x− 1| (6)

C. Hyperparameters

In the following sections, we evaluate SEAN using a specific
set of hyperparameters, which represent a balanced trade-off
between performance and runtime. Additional hyperparame-
ters are discussed in Section IV-B.

First, similar to DEAN [7], each feature is normalized
so that max(Xfeature

normal ) = 1 and min(Xfeature
normal ) = 0. The

SEAN ensemble consists of 50 submodels, each trained on
1000 randomly drawn samples and using bag = 10% of the
available features. If the number of features is too high or
too low, we clip bag to ensure it remains within the range
2 ≤ bag ≤ 100. Similarly when fewer than 1000 normal
samples are available, we use all available samples.

IV. EXPERIMENTS

In this section, we comprehensively evaluate and benchmark
SEAN, adhering to the methodology of a recent anomaly
detection benchmark study, ADBench [23]. We conduct com-
parisons across the 121 datasets recommended by ADBench,
including 57 uncorrelated datasets. Additionally, we compare
SEAN against various shallow anomaly detection algorithms
benchmarked in ADBench, such as distance-based algorithms
(e.g., KNN [13] and LOF [6]), density-based algorithms (e.g.,
COPOD [35], HBOS [21], and ECOD [36]), and other ap-
proaches like OCSVM [3], LODA [44], PCA [8], IForest [37],
and CBLOF [25]). Given the similarities in methodology, we
also compare SEAN with DEAN [7].

In contrast to ADBench, we assume a scenario where a
set of uncontaminated samples is available (One-class set-
ting [30]), a common situation in predictive maintenance tasks
where normal operation data is abundant. This assumption
enhances the performance of anomaly detection models sig-
nificantly [46]. For performance evaluation, we use the AUC-
ROC metric [5], [24], which is the most widely adopted metric
in anomaly detection research. Although other metrics like
AUC-PR [4] or F1-Score [22] werde studied, results were
vastly consistent with AUC-ROC, and we omit them here for
brevity.

Moreover, we measure the runtime of each algorithm,
restricting evaluations to CPU cores to avoid unfair advan-
tages from GPU-supported implementations. Each evaluation
is repeated 10 times, and the results are averaged to ensure
robustness.

A. Performance Comparison

We begin by analyzing the runtime-performance trade-off
for each algorithm, as illustrated in Figure 1. SEAN demon-
strates slightly lower performance compared to DEAN but op-



erates over 20, 000 times faster, making it the fastest among all
algorithms studied. SEAN outperforms all shallow algorithms,
except for distance-based methods. However, distance-based
algorithms are known to suffer from the curse of dimension-
ality [2], limiting their applicability to high-dimensional real-
world data, despite their success in low-dimensional bench-
mark datasets. Additionally, these algorithms typically require
calculating the distance between each test and each training
sample, and thus, their runtime does not scale well to large
datasets.
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Fig. 1. Runtime (x-axis, logarithmic) and anomaly detection performance (y-
axis, in AUC-ROC) averaged across all datasets. An optimal algorithm would
be positioned in the top right corner. The blue area indicates the trade-off
between speed and performance, suggesting a limit to how fast an algorithm
can be while maintaining high performance.

Further performance analysis is provided in the critical
difference plot in Figure 2. The plot reveals no significant
performance differences between SEAN and other effective
competitors, such as DEAN, CBLOF, IForest, and PCA,
highlighting that anomaly detection performance alone may
not be the most decisive factor in algorithm selection.
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Fig. 2. Critical difference plot comparing the anomaly detection performance
of the algorithms in Figure 1. A lower average rank is preferred. A Friedman
test [19] is employed to determine significant differences in AUC-ROC per-
formance, with a Wilcoxon test [51] connecting algorithms with no significant
differences. Significance is determined using p-values below p ≤ 5%, after
Bonferroni-Holm correction [26].

We also compare the average runtime required for training
and inference by each algorithm, as shown in Figure 3.
SEAN emerges as the most efficient, with the ability to

train nearly 10 models per second on an average dataset.
Its inference cost is similarly low, confirming SEAN as
the overall fastest algorithm. Notably, even when excluding
deep learning algorithms and the relatively slow OCSVM,
the runtime differences between algorithms span multiple
orders of magnitude, emphasizing the critical importance of
an appropriate algorithm choice for real-time applications like
predictive maintenance.
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Fig. 3. Comparison of the runtime of algorithms in Figure 1. Training time
and inference time are separated, with their relative magnitudes shown in the
background.

B. Ablation Study

We investigate the impact of different hyperparameter
choices on SEAN’s performance, as depicted in Figure 4.
The study reveals that hyperparameters allow for a trade-
off between runtime and performance. The most influential
hyperparameter is the number of submodels in the ensemble.
Increasing the number of submodels by a factor of five
approximately multiplies the runtime by five but also reduces
the performance gap with DEAN to only about 0.6%, while
still maintaining a significant runtime advantage.
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Fig. 4. Runtime and anomaly detection performance for various hyperparam-
eter combinations. Higher values generally increase runtime. Feature bagging
is evaluated with 20% and 5% of features (compared to 10% for the baseline
case). Models are trained with 100, 300, 3000, and 10000 samples each
(compared to 1000), and SEAN ensembles are formed with 10, 25, 100, and
250 submodels (compared to 50).

We also assess different feature bagging techniques in Ta-
ble I. Our method of multiplying by a random Gaussian matrix
with guaranteed zero mean (”baseline”) consistently yields the



best performance. If we remove our normalization, guaran-
teeing that the mean of each matrix row is zero (”baseline
no normalization”), the performance is slightly lower but still
higher than that of every other bagging method. The ”mixture”
method no longer draws samples from a normal distribution
for the values in the matrix F but draws either a 0 or a 1 from
a binomial distribution (p = 0.5) for them. It achieves slightly
lower performance but offers a marginally faster runtime. The
”classical” feature bagging approach [34], where each sample
is randomly assigned a set of features, underperforms. We
believe this to be because of the limited number of fitted
submodels, which increases the probability of features being
entirely omitted by the ensemble. Alternatively, we suggest the
”reverse classical” method, which guarantees that each input
sample is assigned and added to exactly one output sample
for each submodel. This improves the performance compared
to usual feature bagging, but does so at the cost of higher
runtime and also without surpassing the baseline approach.

TABLE I
COMPARISON OF DIFFERENT FEATURE BAGGING METHODS.

Algorithm Performance (AUC) Time (s)
baseline 76.46%± 0.08% 0.1510± 0.0032
baseline no normalization 75.47%± 0.08% 0.1437± 0.0026
mixture 74.42%± 0.05% 0.1172± 0.0014
classical 72.40%± 0.14% 0.1319± 0.0031
reverse classical 74.16%± 0.05% 0.2522± 0.0092

C. C++ Export

Many predictive maintenance tasks are executed on-
device [38], necessitating not only fast models but also
minimal memory usage. These environments often cannot
support high-level languages like Python. To address this, we
developed a C++ conversion tool that transforms a trained
SEAN model into a compact C++ implementation for on-
device anomaly detection. We tested this tool on the largest
dataset in ADBench, the Census dataset, which contains 37136
test samples with 500 features each. The resulting executable,
including all weights, is less than 100 KB in size and requires
under 4 MB of RAM.

V. CONCLUSION

This paper presents SEAN as a highly efficient and effective
anomaly detection algorithm tailored to the demanding needs
of predictive maintenance in real-world engineering settings.
Through extensive benchmarking against 121 datasets, SEAN
has demonstrated superior speed, outperforming both shal-
low and deep learning-based algorithms, particularly in high-
dimensional contexts. Our results confirm that SEAN achieves
a remarkable balance between performance and computational
efficiency, making it ideally suited for time-critical applica-
tions. The ablation study further underscores the flexibility of
SEAN, showing how its performance and efficiency can be
fine-tuned through hyperparameter adjustments. Finally, the
ability to export SEAN models to C++ for on-device execution

ensures that it meets the stringent requirements of memory
and processing constraints typical of industrial environments.
SEAN stands out as a robust, scalable, and practical solution
for anomaly detection, with significant implications for ad-
vancing predictive maintenance technologies.

While SEAN has shown strong performance, several av-
enues for further research are apparent. First, studying the
feature bagging process further has shown potential to improve
detection accuracy even further.

Expanding SEAN’s capabilities to handle streaming data
is another promising direction, allowing for more effective
real-time anomaly detection in continuously changing envi-
ronments by also considering previous time steps. But this
also implies further challenges in how to intelligently choose
features to balance higher resource consumption and perfor-
mance, as well as how to handle effects like feature drift.

Finally, optimizing the C++ export tool for deployment on
low-resource devices remains an important goal. Enhancing
this tool could involve leveraging more efficient libraries or
hardware-specific optimizations to better support industrial
applications.
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[6] Markus Breunig, Peer Kröger, Raymond Ng, and Joerg Sander. Lof:
Identifying density-based local outliers. volume 29, 06 2000.
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