Finding Time Series Anomalies Using Granular-Ball Vector Data Description
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Abstract

Modeling normal behavior in dynamic, nonlinear time series
data is challenging for effective anomaly detection. Tradi-
tional methods, such as nearest neighbor and clustering ap-
proaches, often depend on rigid assumptions, such as a pre-
defined number of reliable neighbors or clusters, which fre-
quently break down in complex temporal scenarios. To ad-
dress these limitations, we introduce the Granular-ball One-
Class Network (GBOC), a novel approach based on a data-
adaptive representation called Granular-ball Vector Data De-
scription (GVDD). GVDD partitions the latent space into
compact, high-density regions represented by granular-balls,
which are generated through a density-guided hierarchical
splitting process and refined by removing noisy structures.
Each granular-ball serves as a prototype for local normal
behavior, naturally positioning itself between individual in-
stances and clusters while preserving the local topological
structure of the sample set. During training, GBOC improves
the compactness of representations by aligning samples with
their nearest granular-ball centers. During inference, anomaly
scores are computed based on the distance to the nearest
granular-ball. By focusing on dense, high-quality regions and
significantly reducing the number of prototypes, GBOC de-
livers both robustness and efficiency in anomaly detection.
Extensive experiments validate the effectiveness and superi-
ority of the proposed method, highlighting its ability to han-
dle the challenges of time series anomaly detection.

Code — https://github.com/notshine/GBOC

1 Introduction

Complex cyber-physical systems, such as power plants, data
centers, and smart factories, rely on a multitude of sen-
sors operating concurrently to continuously generate high-
volume multivariate time series data. Timely and accurate
detection of anomalies within such data streams is criti-
cal, as it enables effective monitoring of system health, pre-
vention of potential failures, and reduction of operational
risks. Time series anomaly detection, involves identifying
deviations from expected behavior at the level of individual
time steps, with diverse real-world manifestations (Schmidl,
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Wenig, and Papenbrock 2022). Examples of such anoma-
lous events include physical attacks on industrial systems
(Mathur and Tippenhauer 2016), unpredictable robot behav-
ior (Park, Hoshi, and Kemp 2018), faulty sensors from wide-
sensor networks (Wang, Kuang, and Duan 2015; Rassam,
Maarof, and Zainal 2018), cybersecurity attacks on server
monitoring systems (Su et al. 2019; Abdulaal, Liu, and
Lancewicki 2021), and spacecraft malfunctions observed via
telemetry sensor data (Liu, Liu, and Peng 2016).

Describing normal data in time series is crucial for effec-
tive anomaly detection. Commonly used approaches, such as
nearest neighbor and clustering methods, aim to character-
ize normal patterns. Nearest neighbor approaches, like KNN
(Ramaswamy, Rastogi, and Shim 2000), detect anomalies
based on proximity. However, they struggle with the dy-
namic and complex nature of time series data. For instance,
in group anomalies, a set of abnormal points may still have
enough “neighbors” within the group, making them appear
normal. This issue arises because these methods rely on lo-
cal density or proximity, failing to capture the global or tem-
poral structure of the data.

Clustering-based methods, such as KShapeAD (Paparri-
zos and Gravano 2015, 2017; Boniol et al. 2021), group data
points into clusters representing normal behavior. These ap-
proaches generally assume that normal data forms dense,
well-defined clusters, while anomalies are located far from
clusters or in sparse, low-density regions. One-class classifi-
cation methods, such as OCSVM (Scholkopf et al. 2001) and
SVDD (Tax and Duin 2004), further simplify this concept
by modeling normal data as a single cluster, often enclosed
within a hypersphere. To enhance the flexibility of normal-
ity modeling, DeepSVDD (Ruff et al. 2018) leverages deep
learning to learn a more adaptive hypersphere, while THOC
(Shen, Li, and Kwok 2020) introduces a multiscale vector
data description through a differentiable hierarchical cluster-
ing process. Similarly, memory-based approaches, such as
MEMTO (Song et al. 2023), extend clustering by incorpo-
rating a memory module to store representative prototypes
(or centroids) of normal clusters.

While clustering approaches are conceptually intuitive,
they face notable limitations. Most clustering methods re-
quire the number of clusters to be predefined, which is par-
ticularly problematic when the true data structure is un-
known or involves complex, multimodal distributions. One-



Figure 1: Latent space comparison between clustering-based
modeling (left) and the proposed method preserving struc-
tural continuity (right). Clustering-based methods assume
well-defined boundaries, which are unsuitable for the con-
tinuous and boundary-free distributions typical of time se-
ries data, requiring a more adaptive descriptive approach.

class classification methods address this by representing nor-
mal behavior with a single hypersphere, but this oversimpli-
fied assumption struggles to capture the diversity and com-
plexity of multimodal patterns. Similarly, memory-based
methods depend heavily on the quality and representative-
ness of stored prototypes. When these prototypes fail to en-
compass the full variability of normal behavior, the methods
become biased and significantly less effective.

These limitations are especially pronounced in dynamic
and nonlinear time series data. As illustrated in Figure 1
(right), time series sliding windows’ representations often
exhibit structural continuity, characterized by smooth transi-
tions between patterns. In contrast, the rigid cluster assign-
ments depicted in Figure 1 (left) rely on discrete boundaries
and separability, making them ill-suited to handle the con-
tinuous and dynamic nature of such representations.

To address the challenges of modeling normal behav-
ior in complex and dynamic time series data, we propose
the Granular-ball One-Class Network (GBOC). Unlike tra-
ditional methods, which rely on rigid assumptions such as
predefined clusters or reliable neighbors, GBOC introduces
the Granular-ball Vector Data Description (GVDD), a flexi-
ble representation that adaptively partitions the latent space
into compact, high-density regions called granular-balls, il-
lustrated in Figure 1 (right). These regions are constructed
through a density-guided hierarchical splitting process and
refined by pruning noisy or diffuse areas, ensuring robust
modeling of normal behavior. During training, GBOC aligns
samples with their nearest granular-ball centers to enhance
representation compactness. At inference, anomaly scores
are efficiently computed based on the distance to the near-
est granular-ball center, leveraging the dense, high-quality
regions. By reducing the number of prototypes compared to
training samples, GBOC achieves computational efficiency
and robustness. Experiments on diverse time series bench-
marks demonstrate that GBOC outperforms traditional and
deep learning-based methods in accuracy, scalability, and ef-
ficiency, offering a practical solution for real-world anomaly
detection tasks.

Contribution. We propose the Granular-ball One-Class
Network (GBOC), a novel time series anomaly detection
method that introduces Granular-ball Vector Data Descrip-

tion (GVDD), the first extension of one-class methods by
incorporating granular-ball computing. This design enables
a time series adaptive vector data description, effectively al-
leviating the limitations of nearest-neighbor and clustering-
based approaches. Extensive experiments demonstrate the
superior performance of GBOC against strong baselines.

2 Preliminaries

Problem Formulation: A time series is a sequence of data
points recorded at successive time intervals. It can be rep-

resented as: X = [x1,Xa,... ,XT]T e RT*d where T is
the number of time steps and d is the number of channels.
A time series anomaly is a data point x; or subsequence
thztz = [Xt17~ .. ,Xt2]T (fOI' 1 < i < to < T) that devi-
ates significantly from expected patterns. Anomalies are rare
and misaligned with the statistical properties of normal data.
Time series anomaly detection aims to identify time series
anomaly points that deviate significantly from the expected
value z; predicted by a detection model M. For a predefined
threshold §; > 0, the detection criterion is: M(x;) > 0dy,
where M is trained to learn normal patterns from histori-
cal data and assigns an anomaly score to each observation.
More related works on are provided in Appendix A.
Granular-ball Computing (GBC) (Xia et al. 2019) is a
geometry-aware and flexible framework that models com-
plex data by abstracting it into adaptive local regions, termed
granular-balls. Inspired by the “global precedence” princi-
ple in cognitive science (Chen 1982), GBC enables multi-
granularity cognitive modeling (Wang 2017) through com-
pact and robust region-based representations. Initially de-
veloped for clustering, it has shown effectiveness in (Xia
et al. 2020; Cheng et al. 2023; Xia et al. 2025a). Recently,
GBC has been extended to point cloud registration (Hu et al.
2025), multiple kernel clustering (Xia et al. 2025b), open in-
tent classification (MOGB) (Li et al. 2025), and multi-view
contrastive learning (Su et al. 2025a), demonstrating its ver-
satility. Notably, while MOGB uses granular-balls as multi-
granularity decision boundaries to capture class-wise struc-
tures for open intent recognition, GBOC instead constructs
adaptive density-based granular-balls to model normal pat-
terns without explicit class labels, accommodating the con-
tinuous and boundary-free distributions typical of time se-
ries data.

Formally, a dataset {x;};_; is represented by a set of
granular-balls GB = {G B, }].,, whose definition is given
in Definition 1.

Definition 1 (Granular-ball (GB)) A granular-ball GB is
a region in R? characterized by its center ¢ € R? and radius
r € R>q, derived from a finite set of points {Pi}ﬁfl C R4
contained within it. The center c is defined as the mean of
all points in GB: ¢ = \Gilm ZE?‘ x; and the radius r is
defined as the maximum Euclidean distance from any point
X; € GB to the center c:

- —cl. 1
r= max [jx; —cf (1

Based on the definition of a granular-ball, the construc-
tion of GBC follows a two-stage procedure. In the first
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Figure 2: Illustration of the proposed Granular-ball One-Class Network (GBOC).

stage, the dataset {x;}}; is coarsely partitioned using K-
Means into approximately /7 clusters, each forming an ini-
tial granular-ball. In the second stage, each granular-ball is
recursively evaluated and refined into two child balls accord-
ing to a density criterion: the granular-ball distribution mea-
sure (DM) (Xie et al. 2023), defined in Definition 2.

Definition 2 (Granular-ball Distribution Measure)

Given a granular-ball G B with center ¢ and radius r, the
DM is defined by computing the ratio of the number |G B)|
of data points and the sum radius s in GB, as follows:

DM(GB) = IGLBW’ ©)

where s = 3 ||x — cl||. A smaller DM value indicates
better ball quality.

The granular-ball generation procedure is detailed in Al-
gorithm 1, provided in Appendix A.2. As observed, any
granular-ball GB containing at least s,,;, points is parti-
tioned into two sub-balls by applying the 2-Means clustering
algorithm to the points within G B. Here, sy, represents the
minimum support requirement for a granular-ball to qualify
for splitting, and it is empirically set to sp,i, = 8.

Definition 3 (Refinement Criterion) A granular-ball GB
is eligible for splitting if the weighted value of the deci-
sion metric (denoted as DM ) after the split is strictly less
than that of the original ball, i.e., DM, < DM(GB),
and both resulting sub-balls satisfy the minimum support re-
quirement.

The weighted decision metric after splitting is calculated as:
1) (2)

DM, = |GBW] |GB#)]|
[ GB]

DM (GBW) + DM (GB®),

3)
where GB() and GB®) are the two sub-balls obtained by
applying 2-Means clustering to the data points within G B.
This recursive refinement process continues until no fur-
ther quality-improving splits are possible (Xie et al. 2024a).
Upon termination, a set of granular-balls {GB; };”:1 is pro-
duced to cover the dataset.

3 Methodology

In this section, we formally elaborate on the granular-ball
one-class network (GBOC) for time series anomaly detec-
tion. As shown in Figure 2, GBOC operates in four steps: (i)
encoding time series into a latent space, (ii) grouping nor-
mal patterns into high-density granular-balls, (iii) refining
these patterns with pruning and alignment, and (iv) detecting
anomalies by measuring the distance to the closest granular-
ball center. Next, we will explain each part step by step.

3.1 Time Series Encoding

As a common practice, the input time series X is first seg-
mented into overlapping windows {w1,ws, ..., wn, } us-
ing a sliding window mechanism, where each window has
length w. Each window w; € R**¢ is encoded into a d'-
dimensional latent representation

z; = fo(wi), “4)
producing the latent feature set Z = {z1,2s,...,2zn, } for
the granular-ball computing module. In this work, a three-
layer Long Short-Term Memory (LSTM) network is used as



the encoder. The final hidden states across layers are con-
catenated to form z;, enabling multilevel temporal depen-
dency modeling. The encoder is modular and can be re-
placed with other models, such as Transformers (Vaswani
et al. 2017), for different time series characteristics.

3.2 Granular-ball Vector Data Description

After obtaining initial representations, granular-ball com-
puting is introduced to adaptively model the distribution of
latent time series data by constructing granular-ball vector
descriptions based on local data density and homogeneity,
enabling flexible and effective normality modeling for one-
class anomaly detection.

The granular-ball construction in GBOC follows the stan-
dard process described in Section 2 but operates in the latent
representation space, which is optimized during training.
Unlike traditional granular-balls in the original data space
(Xia et al. 2019; Xie et al. 2024a,b), traditional granular-
balls are not directly suitable for normality modeling due
to the following reasons: (i) They are not integrated into
the representation learning process, limiting their ability to
effectively guide feature learning. (ii) Some granular-balls
may be of low quality or confidence, and their inclusion
could degrade the overall model performance.

To address these issues, we introduce two key components
in our granular-ball representation optimization stage: (i) a
pruning mechanism to remove low-quality granular-balls,
and (ii) a joint learning strategy to align latent representa-
tions with high-quality granular-ball centers while maintain-
ing temporal fidelity.

3.3 Granular-ball Representation Optimization

Elimination of Low-quality Granular-balls. To improve
the compactness and reliability of the granular-ball repre-
sentation, we propose a post-hoc pruning strategy that elim-
inates low-quality granular-balls characterized by abnor-
mally large radii. Such granular-balls often correspond to
overly coarse or poorly localized regions in the latent space,
failing to capture fine-grained structural details and poten-
tially introducing noise into the representation learning pro-
cess.

The pruning process is governed by a dynamic threshold
derived from the global distribution of granular-ball radii:

Tt = i - max {median(r), mean(r)}, 5)

where r = {r; }‘jc:”f‘ represents the set of radii for all
granular-balls. ;1 = 2 empirically. Any granular-ball G B;
with radius r; > 7y is deemed diffuse and subsequently
removed. This radius-based pruning strategy effectively dis-
cards noisy or low-confidence regions while retaining struc-
turally meaningful and compact granular-balls. These pre-
served granular-balls more accurately reflect the true distri-
bution of normal data within the latent space.

Nearest Granular-ball Center-Based Optimization. To
ensure that learned representations are both semantically
compact and temporally informative, we propose a joint op-
timization framework that combines a loss for preserving the

consistency of granular-ball vector data descriptions with a
loss for time series reconstruction.

The granular-ball loss functions as a geometric alignment
mechanism, enforcing compact semantic clustering in the
latent space by pulling each feature vector toward its cor-
responding granular-ball centroid. This aggregation mech-
anism enhances the discriminability of the latent space by
clustering samples from the normal mode together, forming
a compact feature space representation:

1 N
Lop = NZHZi—Cs(i)H;’ (6)
=1

where s(2) denotes the index of the granular-ball assigned to
the 4-th sample, and c,(;) is the corresponding center.

To complement this alignment objective and preserve
temporal fidelity, we incorporate a reconstruction loss that
ensures the encoder-decoder pipeline retains essential infor-
mation from the input. This constraint prevents the model
from collapsing representations into overly compressed
spaces that lack discriminative features:

N
1
Lree = 3 D IIxi = go(za) @
=1

where g4 denotes a light-weight MLP parameterized by ¢.
Finally, the overall training objective is defined as:

£:>\'Erec+(17)‘)'£gb’ (8)

where ) is a trade-off coefficient (commonly set to 0.5) that
balances the reconstruction fidelity and the strength of the
structural alignment.

3.4 Anomaly Inference

During inference, each test instance w is encoded into a rep-
resentation z = fy(w). The degree of deviation from the
normal region is quantified by computing the Euclidean dis-
tance between z and the nearest granular-ball center:

Score(z) = min |z —cl|y, 9)

where C denotes the set of retained granular-ball centers.
A higher anomaly score indicates a greater deviation from
the known normal patterns. Samples with scores exceeding
a predefined threshold are classified as anomalies. To deter-
mine anomaly labels in an unsupervised manner, we adopt
a statistical thresholding strategy. Specifically, we apply the
empirical 3o rule (Montgomery 2020), whereby a test sam-
ple is flagged as anomalous if its score exceeds three stan-
dard deviations above the mean anomaly score observed on
the evaluation set. This simple yet effective strategy provides
a principle-based decision boundaries without relying on
labeled anomalies (Hundman et al. 2018; Blazquez-Garcia
et al. 2021).

Discussions. Related clustering-based methods rely on
rigid boundaries, predefined cluster structures, or simplistic
single-hypersphere assumptions, making them less effective
for dynamic, continuous, or multimodal time series. Even
multiscale approaches like THOC (Shen, Li, and Kwok



| SMD Facility | YAHOO Synthetic | UCR Medical | IOPS WebService | WSD WebService

Models | VP VR AF | VP VR AF | VP VR AF | VP VR AF | VP VR AF
PCA 0.482 0.821 0.666 | 0.024 0.370 NaN | 0.724 0.998 0.996 | 0.202 0.660 0.291 | 0.109 0.878 0.222
KNN 0.023 0.837 NaN | 0281 0948 NaN |0.856 1.000 0994 | 0.222 0957 0.531 | 0.011 0.035 NaN
IForest | 0.407 0.804 0.650 | 0.027 0.832 0.263 | 0.025 0.876 NaN | 0.335 0917 0.478 | 0.024 0.614 0.173
MP 0.024 0.845 0214|0347 0955 NaN | 0.830 0.999 0.996 | 0.245 0.961 0479 | 0.012 0.045 NaN
KShapeAD | 0.019 0.799 NaN | 0.048 0.383 NaN | 0.998 1.000 0.995 | 0.121 0.816 0.298 | 0.010 0.006 NaN
GBMOD | 0510 0.845 0.931 | 0.221 0.625 0.586 | 0.810 0.921 0.921 | 0.221 0.625 0.583 | 0.301 0.801 0.782
GBDO | 0.598 0.878 0.941 | 0.285 0.701 0.608 | 0.882 0.955 0.930 | 0.265 0.656 0.592 | 0.355 0.833 0.798
CNN 0.755 0.979 0.999 | 0.044 0.898 0.626 | 0.299 0.949 0.772 | 0.344 0.949 0.669 | 0.609 0.921 0.981
LSTMAD | 0.782 0.991 0.999 | 0.087 0.959 0.413 | 0.151 0.981 0.691 | 0.386 0.983 0.916 | 0.249 0.817 0.834
TranAD | 0364 0.896 0.661 | 0.091 0.967 0.415|0.015 0.788 0.590 | 0.307 0.958 0.745 | 0.122 0.721 0.711
USAD 0.369 0.821 0.669 | 0.123 0.928 0.157 | 0.020 0.854 0.634 | 0.314 0.949 0.663 | 0.093 0.807 0.497
TimesNet | 0.680 0.961 0.997 | 0.577 0.980 0.881 | 0.023 0.875 0.653 | 0.184 0.906 0.811 | 0.354 0.983 0.805
DeepSVDD | 0.812 0.998 0.866 | 0.967 0.896 0.071 | 0.996 1.000 0.934 | 0.236 0.895 0.322 | 0.404 0.982 0.698
AT 0.017 0.494 0401 | 0.098 0.864 0.651 | 0.135 0.755 0.655 | 0.124 0.891 0.685 | 0.354 0.393 0.511
THOC 0272 0.891 0.663 | 0.048 0.698 0.275 | 0.513 0.979 0.836 | 0.407 0.906 0.331 | 0.025 0.555 0.092
MEMTO | 0314 0962 0.663 | 0.074 0.868 0.393 | 0.630 0.878 0.453 | 0.180 0.912 0.743 | 0.021 0.501 NaN
GBOC | 0.831 0.999 0.999 | 0.991 1.000 0.950 | 0.996 0.999 0.996 | 0.604 0.992 0.948 | 0.963 0.998 0.995

Table 1: Results on (univariate) time series anomaly detection datasets (VP: VUS-PR, VR: VUS-ROC, AF: Affiliation-F1).

2020), which employ hierarchical clustering for temporal
features, are limited by fixed structures, reducing adaptabil-
ity to density and temporal variations.

In contrast, the proposed GBOC dynamically forms
granular-ball structures that adaptively capture both local
density and global continuity without requiring predefined
parameters or rigid boundaries. This ensures robust and ef-
fective anomaly detection in complex and noisy real-world
time series distributions.

4 Experiment

In this section, we analyze the experimental results of the
proposed method on seven widely used time series anomaly
detection datasets and compare it with several state-of-the-
art methods to demonstrate its effectiveness.

4.1 Experimental Settings

Datasets. We include both univariate and multivariate
time series anomaly detection benchmark datasets. These
datasets span a broad range of real-world domains, includ-
ing industrial systems (SMD (Su et al. 2019)), web services
(IOPS (Liu and Paparrizos 2024), WSD (Zhang et al. 2022)),
healthcare (UCR (Wu and Keogh 2021), LTDB (Goldberger
et al. 2000), SVDB (Greenwald, Patil, and Mark 1990)), en-
vironmental sensing (SMAP (Hundman et al. 2018), MSL
(Hundman et al. 2018)), and synthetic monitoring (YAHOO
(Laptev, Amizadeh, and Billawala 2015)). This diversity en-
sures that our evaluation captures both point and range-
based anomalies, as well as varied temporal dynamics (e.g.,
high nonlinearity with noise, complex temporal variations,
and distribution shifts) and different data characteristics. For
all datasets, we follow the official train/tune/test splits pro-
vided by (Liu and Paparrizos 2024) to ensure fairness. See
Appendix C.1 for more detailed descriptions of the datasets.

Compared Methods. We compare our method with 16
baselines, which are divided into two main groups: non-
deep learning methods and deep learning methods. (i) The
former baselines include PCA (Aggarwal 2017), KNN (Ra-
maswamy, Rastogi, and Shim 2000), IForest (Liu, Ting, and
Zhou 2008), MatrixProfile (Yeh et al. 2016), KShapeAD
(Paparrizos and Gravano 2017), GBMOD (Cheng et al.
2025) and GBDO (Su et al. 2025b). (ii) The latter includes
CNN (Munir et al. 2018), LSTMAD (Malhotra et al. 2015),
TranAD (Tuli, Casale, and Jennings 2022), USAD (Audibert
et al. 2020), TimesNet (Wu et al. 2023) and AnomalyTrans-
former (A.T.) (Xu et al. 2022). Moreover, we also include
three competitive models such as DeepSVDD (Ruff et al.
2018), THOC (Shen, Li, and Kwok 2020), and MEMTO
(Song et al. 2023). See Appendix C.2 for more detailed de-
scriptions of the baselines.

Implementation Details. Following the protocols in (Liu
and Paparrizos 2024), random seed is set for 2024, we tune
the window size and the number of LSTM encoder layers
for the proposed GBOC model based on validation perfor-
mance. The window size is selected from 2, 5, 10, 50 based
on the temporal resolution and dataset length, while the
number of LSTM layers are set between 1 and 3, depending
on input complexity. The hidden layer dimension is fixed at
32, and the loss weight A is set to 0.5 by default. These set-
tings remain consistent across datasets unless stated other-
wise. All models are trained using the Adam optimizer with
a learning rate of 10~% and a batch size of 32. The hyper-
parameters of the baselines are shown in Appendix C.3. All
experiments were conducted on a workstation equipped with
an NVIDIA RTX 4090 GPU and 128 GB of RAM, using
Python 3.10 and PyTorch 1.13.

Evaluation Metrics. We evaluate anomaly detection
models using three metrics: VUS-PR (Paparrizos et al.
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Figure 3: (a) shows high VUS but low Affiliation-F1 due to
misaligned anomaly scores. (b) shows high VUS but NaN
F1 as no predicted scores overlap with anomalies.

2022), VUS-ROC (Paparrizos et al. 2022), and Affiliation-
F1 (Huet, Navarro, and Rossi 2022), reflecting ranking qual-
ity, temporal robustness, and range-based alignment. VUS-
PR, based on the precision-recall manifold, is more suitable
for rare-event scenarios than AUC-PR (Davis and Goadrich
2006). VUS-ROC introduces a tolerance window A to ac-
count for detection delays, treating nearby predictions as
correct. Affiliation-F1 evaluates the alignment between pre-
dicted anomalies and ground truth intervals using a Gaus-
sian distance kernel. However, some baselines achieve high
VUS-PR or VUS-ROC scores but yield NaN in Affiliation-
F1 when predictions fail to overlap with ground truth, as
shown in Figure 3, we also provide a detailed analysis in
Appendix F.1. Thus, these metrics complement each other
to provide full insight into model performance.

4.2 Main Results

Univariate Detection. As shown in Table 1, GBOC con-
sistently achieves strong performance on univariate time se-
ries anomaly detection tasks, securing the highest overall av-
erage score. It excels particularly on datasets such as SMD,
YAHOO, IOPS, and WSD, while maintaining competitive
accuracy across other benchmarks. These results highlight
GBOC:’s ability to handle diverse univariate anomaly detec-
tion challenges effectively.

Multivariate Detection. In Table 2 of Section 4.1 of the
extended version, the proposed GBOC demonstrates ex-
ceptional performance in multivariate anomaly detection,
outperforming several state-of-the-art baselines, including
TimesNet, A.T., DeepSVDD, THOC, and MEMTO. Its ro-
bust results across various datasets reinforce its versatility
and effectiveness in identifying anomalies in complex mul-
tivariate settings.

4.3 Robust Detection under Drift and Noise

This section examines four scenarios with different temporal
dynamics: Type I (Clean, no drift or noise), Type II (Drift-
only), Type III (Noise-only), and Type IV (Drift and noise).
Table 2 summarizes the results:

Type I (Clean): Nearly all models perform well, with
GBOC and KShapeAD achieving near-perfect accuracy, re-
flecting their ability to handle well-structured data.

Methods | I I I v

PCA 0955 0.005 0331 0.083
KNN 0991 0.586 0.591 0.442
IForest 0217 0.029 0.082  0.065
MP 0.995 0.594 0.640 0.450
KShapeAD | 1.000 0.982 0.802 0.624

CNN 0.502 0.013 0.230 0.069
LSTMAD 0.503 0.005 0.280 0.143
TranAD 0.455 0.005 0.101 0.173
USAD 0.824 0.004 0.061 0.103
TimesNet 0.747 0.819 0.037 0.042
A.T. 0.479 0.011 0.532 0474
DeepSVDD | 0.824 0.153 0.833 0.893
THOC 0.569 0.006 0.088 0.075
MEMTO 0.782 0.028 0.121 0.031

GBOC | 1.000 0977 0.952 0.921

Table 2: VUS-PR results on four real-world anomaly types
datasets from MSL (I), SMAP (II), and YAHOO (111, IV).

Type II (Drift-only): Models that rely on stationary as-
sumptions, such as PCA, LSTM, and CNN, suffer significant
performance declines due to their inability to adapt to distri-
butional shifts. In contrast, GBOC and KShapeAD demon-
strate strong adaptability, maintaining high performance de-
spite the drift.

Type III (Noise-only): GBOC emerges as the most ro-
bust, leveraging its granular-ball-based modeling to isolate
dense, high-quality regions and minimize false positives.
This gives GBOC a significant edge over others. KShapeAD
shows reasonable robustness but still experiences a marked
performance drop due to its sensitivity to noise.

Type IV (Drift and noise): This is the most challenging
scenario, where all models face severe degradation. How-
ever, GBOC remains the top performer, showcasing its ex-
ceptional ability to generalize under compounded corrup-
tion. DeepSVDD demonstrates commendable resilience, but
most other baselines, including traditional clustering and
KNN methods, struggle heavily.

Overall, GBOC demonstrates consistent top performance
across scenarios, particularly in noisy or nonstationary en-
vironments, where traditional methods like KShapeAD de-
grade significantly.

4.4 Ablation Studies

In this section, we perform ablation studies to analyze: (i)
the impact of granular-ball data description and (ii) the roles
of losses Ly and Ly, in Equation (8). More ablation study
results are provided in Appendix E.2.

Granular-ball Data Description. Two GBOC variants
were tested: (1) w/o granular-ball computing: Replaces
granular-ball construction with K-Means. (2) w/o granular-
ball pruning: Retains all granular-balls without pruning. As
shown in Table 3, removing pruning degrades the perfor-
mance by retaining noisy regions. Using K-Means results in
greater drops due to its fixed clusters, making it less adapt-
able to varying data densities. In contrast, GBOC dynami-



GBC Pruning ‘ SMD IOPS UCR YAHOO WSD

X X 0.755 0.554 0921 0.823 00911
v X 0.781 0.566 0972 0.795  0.885
v v 0.831 0.604 0.996 0.991 0.963

Table 3: Effects of w/o granular-ball computing and w/o
pruning regarding VUS-PR.

Lre Lg | SMD 1I0PS UCR YAHOO WSD

v x | 0.780 0.545 0.955 0.869 0.936
X v | 0715 0.506 0.939 0.701 0.945
v v 10831 0.604 0.996 0.991 0.963

Table 4: Effects of L. and L, regarding VUS-PR .
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Figure 4: Sensitivity analysis of GBOC on VUS-PR to the
number of LSTM encoder layers, input window size and loss
weight X\ across multiple datasets.

cally adjusts to local densities, enabling superior generaliza-
tion to complex and irregular data distributions.

Effects of L. and Lg,. We evaluated: (1) Reconstruction
loss L,..: Preserves input structure in latent representations.
(2) Granular-ball optimization loss Lg;: Aligns embeddings
with granular-ball centers. As shown in Table 4, remov-
ing Lg, leads to a drop in VUS-PR values due to disorga-
nized embeddings and reduced discriminative ability, while
excluding L. compromises semantic coherence. These ef-
fects are particularly evident on the noisy YAHOO dataset,
underscoring the importance of both losses.

4.5 Hyperparameter Sensitivity Analysis

In this section, sensitivity analysis regarding VUS-PR on
three hyperparameters are performed. They are (i) number
of LSTM encoder layers, (ii) size of sliding window and (iii)
loss weight A in Equation 8. More results are provided in
Appendix E.3.

As shown in Figure 4 (left), the number of layers is a rela-
tively insensitive hyperparameter. In most cases, a two-layer
LSTM network achieves satisfactory performance.

In Figure 4 (middle), the window size demonstrates vary-
ing sensitivity across different datasets. For example, a small
window size performs better on YAHOO dataset, while a
window size of 50 yields better results for UCR dataset.

By varying A from O to 1 in Figure 4 (right), we observe
that selecting an appropriate value for A achieves better re-
sults compared to A = 0 or A = 1, demonstrating the effec-
tiveness of this trade-off parameter.
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Figure 5: Visualization of anomaly scores on YAHOO (left)
and WSD (right). Ground-truth anomalies are shaded in red.
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4.6 Visualization Analysis

To assess GBOC’s robustness and interpretability, we visu-
alize its anomaly scores on YAHOO and WSD, and compare
them with three baselines: KNN, KShapeAD, and MEMTO.
As shown in Figure 5, GBOC produces smooth, well-
localized scores that align closely with the ground truth. In
contrast, KShapeAD and KNN often yield fluctuating scores
in normal regions with noise or periodic variations, causing
false positives. MEMTO, while more stable, tends to blur
anomaly boundaries and mislabel extended normal regions.
GBOC suppresses spurious spikes caused by noise, thanks
to its compact, high-density granular-ball memory, which
filters noise at the representation level. These results con-
firm GBOC’s quantitative advantages and highlight its inter-
pretability and consistency across diverse scenarios. See Ap-
pendix F.3 for more visualization results of anomaly scores.

5 Conclusion

In this work, we proposed GBOC, a novel one-class net-
work for time series anomaly detection based on adap-
tive granular-ball vector data description (GVDD). By or-
ganizing latent representations into compact, high-density
granular-balls, GBOC captures local structure effectively
and provides a flexible, interpretable one-class data de-
scription. Additionally, we introduced a granular-ball repre-
sentation optimization mechanism. Experiments on diverse
benchmarks show that GBOC achieves competitive or su-
perior performance, particularly excelling under noisy and
nonstationary conditions. Ablation studies validated the con-
tributions of its components, while case studies highlight
its adaptability across anomaly scenarios. In conclusion,
GBOC achieves strong detection performance with flexible
distribution description, offering a promising direction for
unsupervised time series analysis.
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