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Abstract—Efficient time series anomaly detection (AD) is
becoming increasingly important for emerging wireless networks,
where large-scale monitoring and autonomous operation require
accurate yet computationally lightweight solutions. While ran-
dom convolutional kernel methods have shown strong perfor-
mance in time series analysis, existing AD approaches typically
rely on additional classifiers, increasing computational complex-
ity. In this work, we introduce Z-ROCKET, a semi-supervised
whole time series AD algorithm that combines the efficient ran-
dom convolutional kernel transformation of MiniRocket with an
efficient top-k z-score–based thresholding approach. Z-ROCKET
enables AD directly in the transformed feature space without
requiring additional classifiers. Extensive experiments on 93
heterogeneous UCR datasets, used in existing literature, demon-
strate that Z-ROCKET consistently outperforms fast baseline
methods, including k-nearest neighbors (KNN), Isolation Forest
(iForest), and Local Outlier Factor (LOF), achieving an AUROC
of 0.86 at a comparable computational cost. Furthermore, Z-
ROCKET approaches the performance of the random convolu-
tional kernel–based ROCKAD method (AUROC of 0.90) while
reducing training time by an average factor of 50×, confirming
the feasibility of the fast MiniRocket transformation for AD.
These results demonstrate that random convolutional kernel
feature extraction enables effective AD using simple statistical
thresholding, without complex downstream models.

Index Terms—Anomaly detection, Time series, Random con-
volutional kernels

I. INTRODUCTION

Time series Anomaly Detection (AD) is becoming increas-
ingly important in emerging wireless networks, particularly as
agentic systems are expected to take over autonomous network
orchestration. In such environments, large volumes of hetero-
geneous data are continuously generated across multiple layers
and components, requiring robust and efficient monitoring
mechanisms [1]. Detecting anomalous behavior in these data
streams is critical for reliable, secure, and sustainable network
operation.

At the same time, current communication networks face
strong competition for computational resources, alongside
increasing the concerns regarding energy efficiency and sus-
tainability [2]. This pushes the demand for lightweight AD
methods that provide sufficient accuracy while maintaining

low computational overhead. Efficient solutions are especially
valuable in resource-constrained or large-scale deployments,
where traditional, computationally expensive approaches may
not be feasible.

Beyond networking, efficient time series AD has a wide
range of additional applications. For instance, in healthcare
environments, such methods can be used to ensure the integrity
of patient data or support early disease diagnosis through
continuous monitoring of physiological signals.

In recent years, random convolutional kernel methods, par-
ticularly the ROCKET family of algorithms [3], [4], have
shown strong potential time series classification tasks. These
approaches transform input time series into highly informative
feature representations using large sets of randomly gener-
ated convolutional kernels, followed by simple downstream
classifiers. Several recent works have attempted to adapt
these feature transformations to AD, typically by combining
them with additional classifiers such as k-nearest neighbors
(KNN) [5], one-class Support Vector Machine (SVM) [6], and
iForest [7].

Following the paradigm of the original ROCKET family,
we argue that the expressive feature space generated by the
lightweight MiniRocket is sufficiently rich to enable effec-
tive AD without the need for complex downstream models.
Instead, we show that a simple thresholding mechanism in
the transformed feature space is sufficient to achieve strong
performance.

In this work, we introduce Z-ROCKET, a semi-supervised
whole time series AD algorithm. Our method leverages the fast
random convolutional kernel transformation of MiniRocket [4]
and combines it with an efficient top-k z-score computation.
Based on feature statistics derived from normal training data,
Z-ROCKET defines calibrated thresholds using percentile-
based criteria, enabling fast and accurate AD without addi-
tional classifiers. Z-ROCKET consistently outperforms fast
baselines such as KNN, iForest, and Local Outlier Factor
(LOF) at a similar computational cost, achieving an AUROC
of 0.86. At the same time, it approaches the performance of
the random convolutional kernel–based method ROCKAD [5]
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(AUROC of 0.90) while being, on average, 50× faster to train,
primarily due to the faster MiniRocket transformation.

The main contributions in this work are:
• Introduction of Z-ROCKET, a semi-supervised whole

time series AD method based on MiniRocket features
and z-score thresholds.

• We demonstrate that the feature space induced by random
convolutional kernels is sufficiently informative to enable
a z-score–based threshold in this feature space for AD,
without an additional classifier.

The remainder of this work is structured as follows: Sec-
tion II positions the proposed method within the existing
literature. Section III presents Z-ROCKET in detail. Section IV
provides an empirical evaluation and comparison with existing
methods. Section V concludes this work and provides an
outlook on future research directions.

II. RELATED WORK

Recent developments driven by artificial intelligence, such
as automated agent systems for network orchestration in 6G
communication networks and other applications in healthcare
foster the need for robust AD in time series in various do-
mains [8], [9]. Frequently discussed approaches include Matrix
Profile (MP) [10] and Catch22 features [11]. An extensive
overview of current methods is given in [12]. Meanwhile, time
series classification with supervised learning paradigms has
shown significant progress with the efficient feature extraction
via random convolutional kernels, namely the ROCKET family
of algorithms [3], [4], [13]. The idea of applying random
convolutional kernels to whole time series AD has already
been discussed in recent literature, for instance by Theissler,
Wengert, and Gerschner [5]. In their approach, ROCKET-
based feature extraction is followed by a Yeo-Johnson power
transformation to improve normality, notably not using the
faster MiniRocket framework, which we address in this work.
Finally, KNN is applied, either as a single detector or as
an ensemble, to derive anomaly scores based on Euclidean
distances from normal training data. In contrast, we do not
utilize any of their architecture components, but follow only
the basic idea of applying ROCKET-based feature extraction
for AD. Particularly, our proposed method omits the training
of a dedicated anomaly detector, such as KNN, completely.
The only learning step is the deterministic computation of
thresholds based on the z-scores of the feature space of a
non-anomalous distribution, allowing for one order of mag-
nitude faster training and inference. Additional applications
of convolutional kernels to AD are in conjunction with iFor-
est [7] and One-Class Support Vector Machine (SVM) [6].
Those methods, however, do not provide guidelines for whole
time series AD and present very limited use cases instead
of heterogeneous benchmarks. In addition, both rely on the
maximum as a pooling operator in the feature space of
random convolutional kernels. In contrast, we utilize only the
Proportion of Positive Values (PPV), the single feature of
MiniRocket [4].

A major advance of random convolution-based methods is
the fact that the feature space is so information-rich that simple
aggregate features (such as the maximum) in this feature space
are sufficient to outperform many state-of-the-art models in
classification problems when combined with a linear classi-
fier [14]. However, this is not used in the literature for AD
without the use of an additional learning step such as one-class
SVM. To address this gap, we restrict our anomaly decision
to a fast-computing z-score threshold. Z-scores applied to
the time series itself would only be sensitive to absolute
deviations; however, in the feature space of convolutional
kernels, such thresholds can detect the absence or introduction
of arbitrary patterns.

III. METHODS

Z-ROCKET introduces a semi-supervised whole time series
AD method that learns from normal data during training. The
method uses MiniRocket’s [4] random convolutional kernels
to extract features, then detects anomalies based on z-score
deviations in this feature space.

A. Prerequisites

Whole time series AD assigns a single anomaly score to a
time series. For consistency with [5], an existing application of
ROCKET-based features in whole time series AD, we denote
the anomaly score as α and the time series as xT .

The first part in the proposed approach is the feature
extraction via MiniRocket. The idea is to transform an input
time series with a sliding dot product with numerous random
kernels. A detailed description of the creation rules for such
kernels within the MiniRocket framework for time series
classification is given by Dempster et al. in [4]. Then a single
aggregate feature is computed across the whole time series
for each kernel: the proportion of positive values (PPV). In-
tuitively, a high PPV indicates that the corresponding random
kernel frequently exhibits a strong match with the time series.
Rocket-based approaches inherently apply z-normalization to
the raw time series. This should be distinguished from the z-
score computation used in this work, which is performed in
feature space rather than on the raw time series.

The experimental results in Section IV are limited to uni-
variate time series. However, since modern implementations
of random convolutional kernel methods such as MiniRocket
support multivariate inputs, our proposed approach is directly
applicable to multivariate time series. A comprehensive em-
pirical evaluation on multivariate data is part of future work.

B. Rationale behind the proposed approach

Random convolutional kernels have been shown to extract
rich features from time series data, achieving exceptional
accuracy in time series classification tasks [14], [15].

On the other hand, z-score computation on raw time series
serves as a simple baseline for AD, identifying absolute values
that deviate significantly from a non-anomalous distribution.
This simplistic baseline is agnostic to patterns and frequencies.
The goal of our proposed approach is to combine the rich
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Fig. 1: Z-ROCKET: A semi-supervised approach for whole time series anomaly detection. 1) Transform the n non-anomalous
training segments via MiniRocket. 2) Compute global statistics on those transformed series producing n feature vectors. 3) For
each kernel, compute the corresponding z-scores of an input segment based on the global intra-feature mean and standard
deviation. The latter are computed horizontally across all non-anomalous training segments of the same kernel features. Next,
compute the mean of the top k largest absolute values in z⃗. 4) Define normal thresholds based on percentiles of the mean of
the top k z-score absolute values. 5) Compare new inference samples against these z-score thresholds to detect deviations from
the normal distribution. While z-scores on raw time series are only sensitive to absolute value deviations, the application in
the convolutional kernel feature space can detect complex, arbitrary patterns or their absence.

feature representation of random convolutional kernels with
an ultra-fast z-score computation on kernel features instead of
raw time series. We assume that for each anomaly, there exists
at least one kernel whose activation is notably affected by that
specific anomaly. A reduction in kernel activation corresponds
to the absence of patterns that are normally present, while
an increase in activation reflects the introduction of new,
anomalous patterns.

By employing a sufficiently large and diverse set of ker-
nels, any anomaly will significantly alter at least one kernel
activation. Experiments in [5] and Section IV suggest that
these assumptions are easily fulfilled, and significantly fewer
kernels are required than MiniRocket’s default of 10,000 for
classification [4].

C. Architecture of Z-ROCKET

The architecture of Z-ROCKET consists of the following
steps. A schematic overview is given in Fig. 1.

1) Feature Extraction (Training): Inputs are normal time
series segments xT,n from the training set. The original time
series is transformed via MiniRocket with k random convolu-
tional kernels. Each kernel produces one feature per segment
by computing pooling operations, in MiniRocket namely the
PPV. The result is a feature matrix (nk kernels, n train seg-
ments).

2) Compute global statistics (Training): Compute mean µ
and standard deviation σ per kernel-feature. Here, the kernel
feature is the PPV from MiniRocket. This results in one mean
vector and one standard deviation vector across all training
samples. A small epsilon (1e-8) is added to sigma to avoid
division by zero.

3) (Optional) Feature selection (Training): Depending on
a desired focus on a certain anomaly type, the highest or lowest
mean values in µ⃗ can be pruned. High µ values allow detecting
the absence of normal patterns as an anomaly. Accordingly,
low µ allow detecting newly introduced patterns as anomalies.

4) Computing Anomaly Scores (Training): For each normal
training segment, compute a z-score vector as follows:

zi =
(xi − µi)

σi
(1)

where xi denotes the feature value of the current normal
segment for kernel index i. Next, we aggregate the z-scores
into a single anomaly score α: First, take the absolute value
|zi|. This treats upward and downward deviations due to
anomalies equally. Second, select the top k largest absolute
z-scores. The choice of k is arbitrary, detailed results in
Section IV show that values between 3 and 100 yield very
similar performance. Third, compute the mean of these top
k values. This mean defines the anomaly score α for one
particular non-anomalous training segment xT .

5) Setting the Threshold (Training): Determine what score
constitutes an anomaly: The threshold Tz for this anomaly
score is set, so that 99 % of normal training segments have
scores ≤ threshold. Accordingly, 1 % of normal training
segments have scores > threshold. Changing this parameter
shifts the performance between precision and recall.

IV. EXPERIMENTAL RESULTS

In this section, hyperparameter settings of the proposed
method are explored empirically. Second, the method is com-
pared with existing solutions. As a representative of existing
random convolutional kernel-based approaches, we utilize
ROCKAD by Theissler, Wengert, and Gerschner [5]. Other
approaches with random kernels such as RandomAD [16]
and Rocket-LRP [17] do not offer a framework for whole
time series AD and are therefore not included in the em-
pirical comparison. As the proposed Z-ROCKET is 50 times
faster than ROCKAD during training, suitable other ultra-fast
methods such as KNN with n neighbor = 20, LOF [18], and
iForest [19] are included. For direct performance comparison
with existing methods, the dataset creation described in [5] is
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utilized, which is briefly summarized in the following, using
the same notation:

The foundational dataset is the UCR time series classifica-
tion data set [20]. The UCR anomaly dataset is not suited for
whole time series semi-supervised mode, therefore the UCR
classification set is utilized. For AD, the class with the most
time series is defined as the normal class CN , the class with
the fewest samples is defined accordingly as anomaly class
CA. As the training is semi-supervised, the training set Xtr

consists of 80 % of the CN data. The remaining 20 % of CN

contribute to the test set Xte in conjunction with anomalies
from the least represented class in the original dataset, so that
10 % of the test set are anomalies. As some datasets have
only limited samples, and at least one anomalous sample is
required per test set, 93 UCR datasets are viable for evaluation.
According to [20], 10 resamples of this approach are used with
random initialization for all empirically evaluated methods,
including Z-ROCKET for robust results. Experimental setup:
All experiments are conducted on an AMD Ryzen 9 5900X
CPU.

A. Z-ROCKET-Parameter 1: Feature Pruning

The proposed approach can be modified through optional
pruning of especially high or low kernel activations (step
3 in Section III-C). When sorting random kernels by their
activation from high to low on the normal training data in µ⃗,
the following interpretation can be distinguished: If the mean
across all training segments (which is computed in step 2 in
Section III-C), is low for a specific kernel i, that means that this
random kernel does not match the given time series well. If this
kernel feature is suddenly high during inference, this can be
interpreted as the anomalous emergence of a new pattern, that
was not prevalent in normal data. Accordingly, high kernel
activations in normal training data represent a match of the
kernel and existing patterns in the time series, therefore a re-
duction of such features during inference can be interpreted as
the absence of patterns existing in normal data. For empirical
evaluation, three cases are distinguished: Pruning the top 33 %
in the mean vector of step 2 in Section III-C), the bottom 33 %
and the full set.

The experiments on the UCR dataset in Table I show no
difference between the three options. However, this only
indicates that, with the chosen approach, the class differences
in the UCR dataset were reflected equally by the emergence of
new patterns and the disappearance of normal patterns. This
can be different in production depending on the anomaly types
that should be addressed. This is relevant when the application
scenario specifically targets the continuity of existing patterns
in normal data or the introduction of anomalous patterns.

B. Z-ROCKET-Parameter 2: Kernel number

The number of kernels nk is a hyperparameter that affects
not only performance but also computation time. Experimental
results are shown in Fig. 2. As a reference, MiniRocket’s
recommended 10,000 kernels are used. The x-axis shows the
difference in AUROC for each kernel count compared to this

0.5 0.4 0.3 0.2 0.1 0.0 0.1 0.2
AUROC difference to 10000 kernels

5
25
50

100
150
200
250
300
350
400
450
500
550
600
650
700
750
800
850
900
950

2000
5000

10000

K
er

ne
l   

nu
m

be
r

Fig. 2: AUROC for different numbers of kernels. The reference
is 10 000 kernels. Whiskers indicate the most extreme values
within 1.5×IQR (interquartile range).

reference. It can be seen that the number of kernels in the
range of 550–5000 yields very similar results, with AUROC
values between 0.85 and 0.86. Due to the faster computation
time, we recommend 550 kernels as the default.

The mean training time ranges from 45 ms (550 kernels)
to 150 ms (2000 kernels), showing roughly linear behavior,
but without statistically significant performance improvements.
550 kernels are used by default when comparing a single Z-
ROCKET with other methods. In particular, the mean per-
formance hardly improves; only the variance decreases with
more kernels. This empirically determined parameter setting is
consistent with the results in [5], which is notable since they
used ROCKET [3], while Z-ROCKET uses MiniRocket [4].

C. Z-ROCKET-Parameter 3: Number of top-k kernel activa-
tions for threshold computation

In step 4 in Section III-C, the top-k largest absolute z-scores
are aggregated into a mean as anomaly score. Results on the
93 UCR datasets are shown in Table II. It can be observed
that the results are very stable with respect to the choice
of the parameter k in the range k = 3-100+. For our code
implementation, we arbitrarily set k = 5, but note that this is
not a sensitive hyperparameter, as long as k≪ nk.

As an additional hyperparameter, the percentile used in step
5 of Section III-C determines the anomaly score threshold
separating normal and anomalous inputs. The AUROC is
invariant to the choice of this percentile threshold: changing it
only affects the trade-off between precision and recall. Since
the optimal balance depends on the specific application, this
aspect is not discussed in detail here. In our experiments, we
arbitrarily set p = 0.99.

Nineteen International Workshop on Selected Topics in Mobile and Wireless Computing - 2026

156



TABLE I: Results of empirical experiments of Z-ROCKET and existing methods on all 93 UCR datasets used in existing
literature.

Method AUROC Mean train time (s) Inference time (ms)

Z-ROCKET (nk = 550) 0.85 0.04 0.08

Z-ROCKET (nk = 2000) 0.86 0.15 0.26

ROCKAD 0.90 2.13 15.09

iForest 0.78 0.10 0.11

KNN 0.79 0.03 0.59

LOF 0.79 0.07 0.58

TABLE II: Performance of Z-ROCKET for varied top-
k absolute z-scores for anomaly score aggregation with
n kernels = 2000.

Top k aggregated z-scores AUROC

1 0.838
2 0.848
3 0.854
4 0.857
5 0.859
10 0.860
50 0.857

100 0.852
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Fig. 3: AUROC over mean training time on all 93 AD compar-
ison datasets from UCR. Our proposed approach, Z-ROCKET,
reaches performance moderately lower than ROCKAD while
being 50 times faster in terms of mean training time.
Lightweight baseline methods such as KNN, LOF, and iForest
are consistently outperformed by Z-ROCKET.

D. Comparison to other methods

This section presents the empirical experimental results of
Z-ROCKET in direct comparison with the only other whole
time series convolutional kernel-based method ROCKAD as
well as fast baseline methods. A comparison to more com-
putationally expensive methods, such as LSTMs or tsfresh-
based feature extraction methods are given in [5]. The results

of 10 resamples on all 93 valid UCR datasets (as described in
Section III) are given in Table I.

Overall, the proposed Z-ROCKET method offers a com-
pelling trade-off between predictive performance and com-
putational efficiency. While ROCKAD achieves the highest
mean AUROC of 0.90, this gain comes at a substantial
computational cost due to the combined use of PPV [3],
maximum-based features, and an additional KNN stage, re-
sulting in runtimes that exceed fast baselines by an order
of magnitude. In contrast, Z-ROCKET is approximately 14×
faster with n kernels = 2000, and up to 50× faster in training
for a more efficient configuration with n kernels = 550, while
incurring only a modest AUROC reduction of 0.05. The
speedup compared to ROCKAD is primarily due to the faster
MiniRocket, which omits the maximum pooling feature of the
slower ROCKET. An important finding of this work is that this
omission does not prevent competitive whole time series AD.
In active deployment (inference time), Z-ROCKET is twice as
fast as KNN and LOF, slightly faster than iForest and 189x
faster than ROCKAD.

This trade-off of AUROC and training time is further visu-
alized in Fig. 3. It can be seen that Z-ROCKET (ours) forms
a cluster that combines the low training time of lightweight
methods with the high AUROC performance of ROCKAD.
Within Z-ROCKET, it is possible to adjust performance and
computation time as needed by varying the number of kernels.

These results indicate that Z-ROCKET achieves competitive
training and inference efficiency while maintaining superior
detection performance compared to similarly efficient base-
lines. This balance highlights the practical value of the z-score-
based approach as a scalable and effective contribution to AD.

E. Limitations of this work

The experiments in this work are limited to univariate
data, however the framework is inherently compatible with
multivariate inputs, enabling future work in this direction.
Other autoencoder-based models are not compared in this work
as baselines, as this is already done in [5]. Further, a sensitivity
analysis of the percentile threshold, introduced in Section III
is omitted, as the requirements for precision and recall are
use-case dependent. This work uses a threshold of 0.99.

Nineteen International Workshop on Selected Topics in Mobile and Wireless Computing - 2026

157



F. Adaptability of the method against evolving attacks

The random convolutional kernels that are used for training,
can be initialized based on a random seed according to [3],
[4]. This allows fast retraining and redeployment. If certain
anomalies are suspected to fool the existing set of kernels,
they can be recreated on demand or as a routine measure in
deployment. This changes the exact patterns that the system is
sensitive to, however as long as a sufficiently large and diverse
set of kernels is used, the system can detect any type of zero-
day anomaly that induces a change in any kernel activation.

V. CONCLUSION AND OUTLOOK

In this work, we presented Z-ROCKET, a lightweight semi-
supervised AD algorithm for whole-time-series. By leverag-
ing the fast random convolutional kernel transformation of
MiniRocket alongside a top-k z-score thresholding scheme,
Z-ROCKET eliminates the need for complex downstream clas-
sifiers. Our empirical evaluation across 93 heterogeneous UCR
benchmark datasets demonstrates that Z-ROCKET delivers
strong AD performance, achieving an AUROC of 0.86 and
consistently outperforming fast baselines like KNN, iForest,
and LOF at a similar computational cost. Moreover, it closely
approaches the performance of state-of-the-art methods such
as ROCKAD, while offering an average 50× speedup in
training time. This speedup is mainly attributed to the faster
MiniRocket transform; the main contributions of this work are
the demonstration that MiniRocket provides sufficient features
for kernel-based whole time series AD despite omitting the
maximum feature used by ROCKET. Furthermore, we show
that z-score thresholds in that feature space can achieve
competitive AD performance without a complex downstream
classifier. Future work will focus on detailed ablation studies
to systematically explore which pooling operators yield the
best AD performance when paired with the proposed z-score
thresholding approach.
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