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Abstract
Time series segmentation (TSS) is often an unsupervised data mining task that 
partitions a given time series into homogeneous regions. Existing TSS algorithms 
either scale poorly or perform poorly on complex large-scale time series (TS) com-
monly observed in real-world applications. This paper introduces Deep Clustering 
for Time Series Segmentation (DC-TSS). DC-TSS is a domain-agnostic method 
that uses a three-phase neural-based model to segment a given time series. DC-TSS 
includes a carefully designed neural architecture and a newly designed data aug-
mentation approach to efficiently learn TS representations, utilizes a neural-based 
clustering model to refine such representations, designs a novel efficient component 
to infer segments from clustered TS representation, and provides mechanisms to 
understand/interpret the segmentation results. We test DC-TSS on 27 multivariate 
time series datasets, which are much larger and more complex than others typically 
used in TSS studies. We also test DC-TSS on a more traditional repository of 98 
simpler time series datasets. The experiments from both types of dataset provide an 
in-depth analysis of DC-TSS’s performance and limitations. We compare five varia-
tions of our method against seven strong baselines. The results show that DC-TSS 
significantly outperforms other methods and scales well to larger and more complex 
datasets and shows some limitation on shorter simple datasets. DC-TSS addresses 
a growing need for unsupervised TSS algorithms designed to segment large-scale, 
complex datasets, which are becoming more common as evolving technology al-
lows collecting and storing greater volumes of data.
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1  Introduction

This paper addresses the problem of time series segmentation (TSS). TSS may refer 
to several tasks, but in this work, it refers to partitioning a time series (TS) into 
similar data-generating regimes. This kind of segmentation is also known as “seman-
tic segmentation" (Aminikhanghahi and Cook 2017). TSS is often an initial task to 
facilitate the discovery of underlying properties of a TS, especially in the absence of 
ground truth. TSS aims to detect and return a set of changepoints (CP) within a TS, 
referred to as a segmentation. A CP indicates a change in the data-generating state of 
the system. For example, a CP in a TS of brain wave activity may indicate a change 
in a person’s emotional state. This problem is often synonymous with Change Point 
Detection (CPD)  (Truong et  al. 2020), and benchmark studies often test TSS and 
CPD algorithms together (Burg and Williams 2020). We focus on implementing and 
testing TSS in an offline setting.

It is common that transitioning short states exist between actual semantic seg-
ments. Examples of such short transition states include drinking from a water bottle, 
retying a shoelace, or taking short breaks. Such short states are considered higher 
levels of granularity closer to things like individual footsteps. We consider detecting 
short transition states like these to be outside the scope of semantic segmentation.

Many TSS/CPD algorithms exist. However, most are domain-specific and do not 
apply to different data domains. Current domain-agnostic state-of-the-art (SOTA) 
methods have not been shown to be suitable for handling complex large-scale 
TS datasets. For example, ClaSP  (Ermshaus et  al. 2023) was a recently proposed 
approach and performed well when tested on 98 different TS datasets. However, the 
TS datasets contain 40000 observations or less, and most of them have 3 or fewer 
CPs to detect. These types of datasets are a poor representation of a complex large-
scale TS. In real-life applications, multiple sensors accumulate time series data over 
days, weeks, or months. These TS datasets are typically large-scale (much longer) 
and complex. This work focuses on complex large-scale time series characterized 
by long sequences (over 100000 observations), high dimensionality (several dozen 
to more than 100 variables), and numerous change points (CPs) (over a dozen). For 
example, the datasets analyzed here range from 170250 to 4949700 observations, 
span 14 to 148 variables, and contain 13 to 29 CPs, with the exception of one dataset. 
We found that competitive methods generally perform poorly or fail to scale on such 
complex large-scale time series.

This motivates us to propose more effective and efficient methods to segment 
complex large-scale time series recorded over long periods (leading to more CPs). 
The availability of algorithms that can handle large-scale, complex datasets is impor-
tant because the collection and storage of data has become inexpensive. Hundreds of 
observations may be recorded from several sensors every second. Current TSS/CPD 
methods fail to be competitive at these larger scales or are domain-specific and can 
not be generally applied.

We introduce Deep Clustering for Time Series Segmentation (DC-TSS), a TSS 
method for segmenting complex large-scale TS datasets, building upon Xie et  al. 
(2016); the differences between our approach and theirs are discussed in Sect. 3. We 
design the components of DC-TSS to maximize effectiveness and efficiency. First, 
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it captures features at different abstraction levels (from initial mapping and refined 
clusters). The features with multiple abstraction levels can better differentiate the 
segments even though the segments are only created from the clusters. These features 
also allow our method to make no assumptions about the TS, including the number 
of CPs. Second, DC-TSS chooses less expensive operators or operators that are eas-
ily parallelized using GPU processing to improve computational efficiency. DC-TSS 
also provides a mechanism to help understand and interpret the results.

The contributions of our research are as follows:

	● Through extensive experiments, we find that many SOTA methods demonstrated 
very poor performance when tested on complex large-scale TS datasets, high-
lighting a need for TSS research on these datasets.

	● We introduce DC-TSS, a TSS method designed around complex large-scale TS 
datasets.

	● We provide in-depth experiments to test our method against its variations and 
baselines including SOTA. Our analysis also provides an intuitive visualization 
of our method’s performance and reveals interesting and interpretable underlying 
properties of the TS.

	● We make all our code and datasets available online for other researchers and easy 
replication of our experiments (Draayer et al. 2025).

2  Background and related work

In this section, we review the necessary background, notation, definitions, and related 
work for time series segmentation (TSS).

2.1  Definitions and Statements

Definition 1  A time series T = td
0, td

1, td
2, ..., td

n−1 is a sequential order of observa-
tions of length n in equally spaced time intervals. Each observation, td

i  contains d real 
values where d (d ≥ 1) is the number of variables of the time series.

Definition 2  A subsequence Tj,Ls
= td

j , td
j+1, td

j+2, ..., td
j+Ls−1 of T is a subset of 

sequential order observations from T with length Ls and j + Ls ≤ n.

Definition 3  A regime is a discrete data generating state within T that corresponds to 
a specific physical or logical process. For example, a person walking might describe 
a specific regime within a TS of a person exercising.

Definition 4  A changepoint is an observation of T that separates two regimes.

Definition 5  A segmentation of T is a division of T into m + 1 regimes 
where the regimes’ observations are described by the set of changepoints 
ti1 , ..., tim  (1 < i1 < .... < im < n − 1) found by the algorithm.
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The goal of TSS is to find a segmentation of T, where T contains one or more regimes. 
A segmentation is considered correct when the proposed segments found by the TSS 
algorithm align with the true underlying regimes of T. Alternatively, the correct solu-
tion can be seen as finding the correct set of CPs of T.

2.2  Related work

Domain-agnostic TSS research is surprisingly sparse. Most recent TSS research 
focuses on domain-specific implementations. For example, the Gaussian process 
hidden semi-Markov model (HVGH) (Nagano et al. 2019) is designed around the 
TSS of human motion datasets. They rely on trajectories in a 3D space as a feature 
to find the best segmentation. Truong et al. (2020) discuss many domain-agnostic 
methods and create a typology based on their cost function, search method, and con-
straint. They recognize three main classes of domain-specific methods: (1) Graph-
based, (2) Likelihood-based, and (3) Kernel-based. The graph-based methods infer 
a graph from the observations of the TS. The graph is split into sub-graphs based on 
a bespoke graph statistic   (Chen and Chu 2023). Likelihood-based methods detect 
changepoints by subsequencing a given TS, estimating probability distributions from 
subsequences, and calculating differences between consecutive distributions. Kernel-
based methods subsequence a given TS but use a kernel-based similarity metric to 
determine changepoints.

Hidden Markov Models (HMMs) have also been used for TSS. The construc-
tion of a HMM requires domain-specific knowledge. HMM architecture can be dif-
ficult to establish and is usually tailored to a specific domain or dataset. For example, 
Khalifa et al. (2021) review HMMs for event detection in biomedical signals. They 
discuss how biomedical signals usually have rhythms that can be identified and used 
to model the dynamic interactions between the HMM states.

The most recent domain-agnostic TSS research includes ClaSP  (Ermshaus et al. 
2023) and FLOSS  (Gharghabi et al. 2019). ClaSP uses a self-supervised learning 
approach to detect CPs in an iterative manner by hierarchically splitting a TS into 
two segments and training a binary classifier to classify subsequences as left or right 
of the split. Split points with an accuracy above some threshold are detected as CPs. 
However, ClaSP was mainly tested on smaller datasets with 40000 observations and 
6 or less CPs. ClaSP has also recently been shown to be competitive on more com-
plex and MTS datasets (Ermshaus et al. 2023).

FLOSS uses the matrix profile, a data structure that stores information of the near-
est neighbor of any given subsequence, to count the number of arcs that cross over an 
observation. Observations with few arc crosses are detected as CPs. Our experiments 
show that FLOSS performs poorly when there are repeating behaviors in the TS. 
ClaSP and FLOSS have been shown to outperform other recently proposed domain-
agnostic TSS methods such as Autoplait  (Matsubara et al. 2014) and Hierarchical 
Optimal Gaps (HOG) (Zhao and Itti 2016) by a significant margin over a wide range 
of TS datasets (Ermshaus et al. 2023; Gharghabi et al. 2017).

Time2State  (Wang et  al. 2023) is a recently proposed TS state discovery algo-
rithm. Although Time2State is not directly designed for TSS, we can easily infer 
changes within data-generating states from its output. The design of Time2State also 
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allows it to efficiently handle large-scale MTS datasets, which are the main focus of 
this research. Therefore, we consider Time2State to be a possible competitor.

Besides these methods, recent surveys  (Burg and Williams 2020) compared sev-
eral TSS/CPD algorithms and identified BOCPD (Adams and MacKay 2007) and 
PELT (Killick et al. 2012) as strong competing methods despite their age. BOCPD 
finds changepoints based on the probability of an observation belonging to distribu-
tions estimated from previous observations. PELT detects changepoints by minimiz-
ing the constrained sum of approximation errors.

Like our proposed method, previous works also explore autoencoders (AEs) for 
TSS purposes. De Ryck et al. (2021) proposes TIRE, an AE based TSS method to find 
features from both the time and frequency domains of TS. Lee et al. (2018) used an 
AE to automatically featurize subsequences of a TS but determined CPs based on dis-
tances between consecutive subsequences. In contrast, our method determines CPs 
through cluster analysis. The details of their architecture are unclear, and their code is 
not available, but we can still use their proposed algorithm for measuring the distance 
between embedded subsequences. Strommen et al. (2023) uses an AE and the matrix 
profile to find changepoints. We omitted their method from our study because their 
research focuses on real-time CP detection in the physiological domain, they did not 
publish their code, and many details of their AE architecture are not given.

3  DC-TSS

This section presents our Deep Clustering for Time Series Segmentation (DC-TSS) 
method. DC-TSS takes a given time series T with d variables and returns a set of 
changepoints signifying the start of new segments.

We design our method around monitoring scenarios that produce large-scale mul-
tivariate time series (MTS) with several CPs to detect between various data-gener-
ating states (e.g., a person’s exercise, a song, or a mental state). Our method focuses 
on large-scale complex MTS because these datasets are becoming more common as 
technology allows for the inexpensive collection and storage of larger volumes of 
data. Figure  1 shows a flowchart of our method for reference.

DC-TSS works in three phases. The first phase learns to map the input to a lower 
dimensional latent space with a deep autoencoder (AE). The second phase optimizes 
the initial mapping and finds clusters by calculating auxiliary and target distributions 
and minimizing their distance using a Kullback–Leibler (KL) divergence loss func-
tion. The third phase analyzes the clusters to infer the changepoints of the TS. The 
first two phases are based on the deep clustering work of Xie et al. (2016), but with 
significant differences to make the model more scalable and applicable to complex TS 

Fig. 1  Flowchart of Deep Clustering for Time Series Segmentation

 

1 3

Page 5 of 36      2 



E. Draayer et al.

data. The method presented by Xie et al. is not a TSS method. Their research focuses 
on image clustering and relies on a completely different neural network architecture, 
making their method incompatible with the specific requirements of MTS segmenta-
tion. Although their clustering technique is adopted by DC-TSS, particularly in our 
second stage, their method cannot be applied directly to our task.

We highlight the key differences between DC-TSS and the method proposed in 
Xie et al. (2016) as follows. (i) The third phase of generating change points from 
clusters is completely new and is not based on any prior research. This phase rec-
ognizes the clusters found using technique in Xie et al. (2016) as tokens and inter-
prets them in a novel way to perform TSS (Sect. 3.3). This phase includes multiple 
components and linear algorithms to derive change points. (ii) We design a differ-
ent architecture to learn the representations of MTS. While our architectural design 
may seem simple at first glance, it is non-trivial due to the wide range of alternative 
architectures available. As shown in Sect. 4.5.1, our design outperforms other DC-
TSS variants that adopt different architectures. (iii) We design a data augmentation 
strategy in the first phase to augment subsequences that correspond to sparse genera-
tion states, which helps improve the accuracy of detecting such states. (iv) We adopt 
learning-efficient design, guided by deliberate technical choices. In particular, our 
Phase 1 architecture uses 1-dimensional convolutional layers instead of the original 
2D convolutions. This not only enables effective extraction of hidden features but 
also facilitates GPU acceleration. The third phase uses linear functions. Such design 
allows for fast and efficient processing of large-scale time series datasets, making our 
approach suitable for processing long TS with many variables and change points. (v) 
We utilize the deep clusters to gain insight into and interpret the properties of each 
segment (Sect. 4.7).

3.1  First phase - mapping initialization

The goal of the first phase is to initialize a non-linear mapping of the input to a 
lower dimensional latent space fθ : X → Y  where X and Y are the input space and 
latent space respectively and fθ is the non-linear mapping function with learnable 
parameters θ. To create this initial mapping, we use a 1-dimensional convolutional 
autoencoder. Autoencoders are an effective unsupervised method for automatically 
learning features to produce well-separated representations in lower dimensional 
latent spaces   (Le 2013; Vincent et  al. 2010). Thus, autoencoders are an obvious 
choice for creating an initial non-linear mapping of our input into a lower dimen-
sional latent space. We explain the rationale of using a 1-dimensional convolutional 
encode shortly.

In order to map a given TS with d variables, we first divide the TS into smaller 
overlapping subsequences. The first phase introduces our first two hyperparameters: 
Ls and overlap, which refer to the length of the subsequences and the percentage 
they overlap, respectively. This process gives us a set of size d × Ls subsequences. 
This setting can easily accommodate the case where subsequences do not overlap 
(overlap = 0).

We design a data augmentation technique to increase the training set size in 
the first phase. Utilizing the data augmentation technique is particularly help-
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ful to detect sparse states. For each subsequence, we shift the subsequence by 1
4 , 

1
2 , and 3

4  of its length (Ls). We roll elements over to the beginning of the subse-
quence. For example, given a subsequence T1,200=t1, t2, · · · , t200, we create the 
subsequences T 1

1,200=t151, t152, · · · , t200, t1, t2, · · · , t150 (shifting 1
4  of the length), 

T 2
1,200=t101, t102, · · · , t200, t1, t2, · · · , t100 (shifting 1

2  of the length), and T 3
1,200

=t51, t52, · · · , t200, t1, t2, · · · , t50 (shifting 3
4  of the length) by shifting and rolling 

over the values.

Our data augmentation technique quadruples the samples our autoencoder can 
train from. This technique helps ensure that sparse segments can still be well repre-
sented in the training data. For example, we may only have 10 min of a person vac-
uum cleaning within a 10-hour recording. The data augmentation technique of rolling 
each of the original subsequences associated with vacuum cleaning helps ensure this 
relatively short but important segment is not lost among more frequent segments. 
Our data augmentation approach may seem to degrade the TS because it distorts the 
temporal ordering. However, this is not the case. More explanations about this are 
provided after introducing the architecture that learns subsequence representations.

We view each subsequence as an image and, therefore, use a convolutional neu-
ral network autoencoder (Masci et al. 2011) (CAE) to capture their hidden features. 
Since the subsequences still pertain to TS data, we only apply the kernel to the tempo-
ral axis and thus use 1-dimensional convolutions in our encoder. The encoder creates 
a bottleneck latent space to capture features of each subsequence. We use 1-dimen-
sional convolutional transpose layers to decode from the latent features. We apply 
leaky rectified linear functions (ReLU) (Xu et al. 2015) after each convolutional and 
convolutional transpose layer. This activation function is well suited for handling 
noise, a typical property of real-world TS data. The input channels of our convo-
lutional layers in the encoder and decoder are kept constant and set to the number 
of variables of the TS, d. We use an ADAM optimizer  (Kingma and Ba 2014) to 
train the AE by minimizing the least squared error: ||x − y||22 where x is the original 
subsequence and y is its reconstruction. Initial ad-hoc experimentation of the CAE 
architecture showed that keeping the number of input channels constant between 
convolutional layers and making the latent space   1% the size of the input space 
yielded the best segmentations.

Figure 2 shows a typical example of our autoencoder architecture. In this example, 
subsequences have 4 variables, each of which has a length of 160 observations. DC-
TSS uses four 1-dimensional convolutional and four transposed convolutional layers. 
Each convolutional layer has a leaky ReLU activation function after it. We set the 
number of channels to be the same as the number of variables (i.e., 4) throughout the 
architecture. DC-TSS shrinks the original input to a 1 × 4 latent space (the smallest 
possible). DC-TSS reduces the space by about a third between convolutions accord-
ing to the specified kernel size and stride length. We found best results with kernel 
lengths approximately 10% of the preceding space’s length and a stride of ≤ 3.

Using only convolutional layers in our AE architecture allows us to take full 
advantage of graphics processing unit architecture to accelerate computation, mak-
ing our method scalable to large datasets. Training time and memory usage are much 
smaller than more traditional fully connected (FC) AEs, which we test in Sect. 4.5.
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After nepochs1 number of epochs, the AE training is complete. We then discard 
the decoder, leaving only the encoder. The encoder is our initial non-linear mapping 
function fθ : X → Y  that embeds each subsequence into some latent space. Each 
embedded subsequence, yi ∈ Y , can also be seen as a set of features extracted from 
their corresponding subsequence xi ∈ X . The second phase aims to refine this latent 
space and cluster the embedded subsequences.

Using the CAE architecture, the data augmentation strategy works effectively 
because of two reasons. The first reason relates to the underlying mechanism of the 
autoencoder. Rather than modeling global sequence dynamics or transitions between 
subsequences, the autoencoder focuses on reconstructing individual subsequences, 
aiming to capture meaningful local intra-subsequence structure. For example, given a 
subsequence of length 200 (e.g., T1,200=t1, t2, · · · , t200) and the convolutional kernel 
size be 40.1 Using such kernels, the hidden units of the first hidden layer aggregate 
subsequences of the kernel size. Consider the subsequence T1,200, after a circular 
shift, we obtain a new subsequence T 1

1,200=t151, t152, · · · , t200, t1, t2, · · · , t150 (shift-
ing 1

4  of the length). The first layer aggregates length-40 subsequences in T1200 and 
T 1

1200. To simplify illustration, suppose that the convolutional kernels operate on 
non-overlapping subsequences, the kernels produce 5 hidden units in the first hid-
den layer from each input sequence since 50= 200

40 . Among the 5 hidden units derived 
from T 1

1200, only one is computed from a distorted subsequence, specifically, the 
wraparound segment t191, t192, · · · , t200, t1, t2, · · · , t30, which spans the boundary 
due to the shift. The remaining 4 hidden units learned from T 1

1200 correspond to the 
same local patterns as those in the original subsequence T1200. Thus, the majority of 
hidden units learned in the first layer still preserves the temporal order. In deeper lay-
ers, although the hidden unit derived from the corrupted subsequence may propagate 
through the network, its overall impact remains limited, as most hidden units are still 

1 This example does not use the kernel size specified in Fig. 2 to purposely create one problematic wrap-
around segment.

Fig. 2  Architecture of DC-TSS autoencoder
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learned from valid local short subsequences. The second reason is related to the prop-
erty of the data. Many time series domains exhibit cyclic or quasi-cyclic behaviors 
(such as repetitive physical motions, environmental cycles, or periodic mechanical 
patterns), where the local shape matters more than the absolute temporal phase within 
the subsequence window. In these cases, cyclic shifts preserve the essential shape and 
frequency content, which are exactly what an autoencoder is meant to capture.

3.2  Second phase: clustering

The second phase improves the initial mapping of the first phase encoder, fθ, and 
assigns clusters to the embedded subsequences. The overall intuition of phase II is 
to refine the encoder of phase I by learning from a specific subset of subsequences 
to fine-tune the encoder. These subsequences a) do not belong to a large cluster, and 
b) only belong to a single cluster with c) a high probability. Learning from these 
subsequences creates a latent space of well-separated and smaller clusters. The learn-
ing from these subsequences also improves the encoding of uncertain subsequences 
(ones with low probability and bordering between two or more clusters) by encour-
aging a latent space with small and well-separated clusters. Splitting bigger clusters 
into smaller ones is not an issue for our TSS purposes because we rely on analyzing 
several sequential cluster assignments simultaneously for CP detection. We describe 
this in detail in Sect. 3.3.

This phase continues to refine the same set of parameters, θ, from the encoder of 
the first phase but with a different objective function by following the major steps 
in Xie et al. (2016). For completeness and self-containment, we briefly explain the 
calculations below.

The Kullback–Leibler (KL) divergence loss was used (Eq.  1) as the objective 
function (Xie et al. 2016). Minimizing the Kullback–Leibler (KL) divergence loss 
function depends on minimizing the differences between two probability distribu-
tions which we define as P and Q. P and Q are the target and auxiliary distributions, 
respectively. The terms pij  and qij  are the probabilities of the i-subsequence belong-
ing to the j-th distribution of P and Q probability distributions, respectively.

	
Loss = KL(P ||Q) =

∑
i

∑
j

pij log pij

qij
� (1)

We define the probabilities of the auxiliary distribution, Q, based on the Student’s 
t-distribution kernel. Eq. (2) defines auxiliary distribution probability calculation, qij , 
following (Xie et al. 2016). The probability qij  requires the embedded i-th subse-
quence (yi) and the j-th distribution centroid, µj . The encoder mapping of the i-th 
subsequence into the latent space gives yi. We initialize µj  using k-means cluster-
ing (Lloyd 1982) for the first epoch. The clustering k-means method introduces the 
third hyperparameter, k, which defines the maximum number of clusters we attempt 
to fit the embedded subsequences into. We use k-means for only the first iteration. 
Afterward, we determine clusters based on the highest probability calculation of qij  
for the i-th subsequence. We then calculate the average of the clusters to determine 
µj  for all ensuing epochs. Since we rely on qij  to determine our cluster assignments, 
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the number of clusters we find may be less than k. The parameter α represents the 
statistical degrees of freedom, the maximum number of independent values. Previous 
research shows the value of this parameter to be insignificant (Van Der Maaten 2009), 
and therefore, we set α = 1 for all experiments.

	
qij = (1 + ||yi − µj ||2/α)− α+1

2

∑
j′(1 + ||yi − µj′ ||2/α)− α+1

2
, where j′ ̸= j� (2)

Eq. (3) (also used in Xie et al. 2016) defines the probability, pij , of the target distribu-
tion P. The term fj =

∑
i qij  is the frequency of the j-th auxiliary cluster. The learn-

ing process (minimizing loss of Eq. 1), targets a smaller loss. The target distribution 
emphasizes learning from subsequences with (a) a high probability (b) belonging to 
a single cluster and (c) belonging to a smaller cluster. Each quality leads to a smaller 
loss (explained below). The target distribution accomplishes this by first squaring the 
auxiliary probability term, qij . If qij  is a high probability, pij  will be as well, result-
ing in a lower loss in Eq. (1) than when qij  is a low probability. The denominator of 
Eq. (1) is the sum of the probabilities from every probability distribution except the 
j-th distribution. If the i-th subsequence has a high probability with one or fewer dis-
tributions (cluster), this will cause pij  to be bigger and thus result in a smaller loss in 
Eq. (1). Lastly, the numerator and denominator of Eq. (3) are normalized by dividing 
them by fj . This division helps to discourage large groups from forming. fj  scales 
with the j-th cluster size and will cause pij  to shrink as the j cluster grows, resulting in 
a greater loss calculation in Eq. (1). We stop training after nepochs2 epochs or until the 
assignment of clusters between consecutive epochs remains stable. We use Stochastic 
Gradient Descent (SGD) for optimization.

	
pij =

q2
ij/fj∑

j′ q2
ij′/fj′

, where j′ ̸= j� (3)

3.3  Phase 3: Cluster analysis for time series segmentation

The third phase analyzes the clustered subsequences to determine CPs in the original 
TS. The clustered subsequences’ temporal order can be considered a tokenized ver-
sion of our original TS. A naive approach might be to determine segmentation based 
on a change in cluster label over time. For example, if subsequences x0 to x50 are 
labeled “cluster 2" and x51 to x100 are labeled “cluster 5" then we might establish a 
CP between x50 and x51. However, this would only work if each regime was associ-
ated with a single cluster. Our experiments found that regimes may be associated with 
several clusters. Subsequences may also rapidly change cluster assignments but still 
form recognizable and distinct regimes.

We design a strategy to analyze the clustered subsequences. This strategy uses 
a sliding window (Truong et al. 2020) to measure the similarity between halves of 
the window. At this stage, the TS reduces into a single sequence of tokens (cluster 
labels). The sliding window measures the similarity between subsets of tokens before 

1 3

    2   Page 10 of 36



Deep clustering for large-scale interpretable time series segmentation

and after some point. We define the similarity measure as Eq. 4. Equation 4 is the 
Manhattan distance between two vectors U and V. These vectors represent the first 
and second window halves, respectively. U and V are constructed based on the fre-
quency of each cluster label within them. Each vector is of size k′, the number of 
unique cluster labels within the whole sequence. The values of ui ∈ U  and vi ∈ V  
are the frequencies of the ith cluster label within the vectors. For example, given the 
window halves ABAA and BBCC, U = [3, 1, 0] and V = [0, 2, 2], thus M(U, V ) = 6.

	
M(U, V ) =

k′∑
1

|ui − vi|� (4)

The sliding window introduces the fourth and final hyperparameter, Lw, the length of 
the sliding window. The sliding window gives us a quantitative measure of similar-
ity over time. We want to find where this measure peaks. A peak within this measure 
indicates a change in the data-generating state of the time series. Therefore, peaks 
indicate a CP in the overall TS.

To find peaks in the TS, we first normalize the similarity to be between 0 and 1, 
where greater values indicate a greater dissimilarity. We then smooth the similar-
ity over time by convolving it with a Blackman window  (Podder et al. 2014). The 
normalization prevents large peaks from dominating others. The smoothing removes 
jittering but preserves the overall trends, making peaks/CPs detection easier. Figure 3 

Fig. 3  Examples of sliding window Manhattan distances before and after smoothing and normalization
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shows an example of a sliding window Manhattan distance over a tokenized version 
of a TS before and after normalization and smoothing. Figure 3a is the sliding win-
dow distance before Blackman window smoothing and normalization. The sliding 
window Manhattan distance contains a lot of minor fluctuations (jittering), making 
a peak detection algorithm prone to error. Figure 3b shows how our normalization 
and smoothing preserve the overall peak and valley trends while removing the minor 
fluctuations. This process helps the peak detection be less prone to error. The red 
vertical lines indicate the final changepoint predictions in Fig. 3b, corresponding to 
the most prominent peaks.

We have tried several methods for analyzing the token representation of TS for 
TSS. These included using different distance metrics for the sliding window, such as 
Euclidean, different constructions of U and V, and analyzing distances of the clusters 
in the latent space. These other strategies performed worse than analyzing the fre-
quency of cluster labels with the Manhattan distance. Our analysis showed that some 
segments may have consecutive subsequences spread far apart in the latent space. 
Therefore, trying to incorporate the distance between clusters or subsequences will 
result in worse performance.

Overall, our method can quickly and accurately segment large-scale and com-
plex TS datasets. Our cluster analysis also enables us to gain further insights into 
the underlying properties of the TS and validate our segmentation. We demonstrate 
this in Sect. 4.7 with a case study. Our method requires the user to set four hyperpa-
rameters. We discuss the intuition of these hyperparameters and their sensitivity in 
Sect. 4.6.

4  Experimental evaluation

We evaluate the effectiveness and running time of our method against four other 
variations of itself and seven other baselines on four challenging TS datasets. We also 
evaluate the influence of our method’s main hyperparameters (Sect. 4.6) and present 
a case study to show how our method can reveal properties of the regimes (Sect. 4.7). 
All of our code, datasets, and documentation are publicly available (Draayer et al. 
2025).

4.1  Setup

For all experiments, we set our parameters to the following. The first phase autoen-
coder was trained until 1200 epochs (nepochs1 = 1200). The second phase cluster 
refinement was trained until 8000 epochs (nepochs2 = 8000). Leaky ReLU slope is 
0.1.

The specifications of the computer used in our experiments is the following: CPU: 
AMD EPYC 7282 2.8G, Memory: 16GB DDR4 RAM, OS: Red Hat Enterprise 
Linux release 8 (RHEL 8). GPU: Nvidia Tesla A100.
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4.2  Datasets

We select TS datasets that reflect real-world prolonged multi-sensor monitoring 
situations capturing several segments that may repeat, resulting in complex large-
scale MTS. We select 27 MTS datasets spanning three domains: human movement 
(PAPAP2(1-9), WESAD(1-15)), Sports, brain wave activity (EEG), and music 
(Music). Twenty-five are real and two are semi-real.

Besides these complex and large-scale MTS datasets, we also test DC-TSS on 
a repository of 98 univariate TS datasets. This repository was proposed by Schäfer 
et al. (2021) and its subsets have been used in many other TSS studies (Gharghabi 
et al. 2017; Burg and Williams 2020).

Each dataset’s information is detailed below. We then describe how the ground 
truth change points are obtained. 

1.	 PAMAP2   (Reiss and Stricker 2012) contains real physiological and motion 
MTS datasets for 9 subjects. All the subjects’ data are used in the experiments 
and referred to as PAMAP2(1), · · · , PAMAP2(9). PAMAP2(1-8) are typical 
large-scale complex TS with 252833 to 447000 observations, and 18 to 27 CPs. 
PAMAP2(9) is an exception with only 8477 observations and 2 CPs. PAMAP2(1-
9) all have 40 variables. PAMAP2(1-9) correspond to subjects 1-9 in the original 
repository. The data is sampled at 100 Hertz (Hz).

2.	 WESAD (Schmidt et al. 2018) is another real physiological and motion reposi-
tory with 15 MTS datasets. All the subjects’ data are used in the experiments and 
referred to as WESAD(1), · · · , WESAD(15). Each of the MTS datasets contains 
14 variables, 3656100 to 4949700 observations, and 14 to 16 CPs. The data is 
sampled at 700Hz. WESAD(1-15) correspond to subjects 2, 3, 4, 5, 6, 7, 8, 9, 10, 
11, 13, 14, 15, 16, and 17 in the original repository. The original repository omits 
data for subjects 1 and 12.

3.	 Daily and Sports Activity (Sports)  (Altun et al. 2010) is a semi-real MTS data-
set with 45 variables, 170,250 observations, and 29 regime changes. Sports is 
constructed from smaller labeled MTS segments from 17 different activities 
recorded at 25Hz by various motion capture sensors on a person.

4.	 EEG (Schalk et al. 2004) is a real MTS dataset with 64 variables, 259,520 obser-
vations, and 13 regime changes. The dataset contains brain wave recordings of a 
person performing motor/imagery tasks sampled at 160Hz.

5.	 Music  (Defferrard et al. 2016) is a semi-real MTS dataset with 148 variables, 
309,972 observations, and 29 regime changes. The Music dataset is constructed 
from 30 different songs from various genres and artists and is the power spectral 
representation of audio recordings sampled at 44,100Hz.

6.	 The Schäfer repository (Schäfer et al. 2021) is a collection of 98 univariate TS 
datasets from various domains. These TS datasets are much shorter than Sports, 
PAMAP2, EEG, Music with fewer CPs to detect.Transition periods. Semantic 
segmentation focuses on segmenting at low levels of granularity or on the overall 
data-generative states (Gharghabi et al. 2017). For example, a person walking, 
a song, or a patient in septic shock are all examples of semantic segments. In 
semantic segmentation, it is understood that certain short actions or events, like 
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a person stumbling or taking a sip of water, do not signify the transitions from 
one data-generating state to another. There is also an understanding that many of 
the transitions between segments are not instantaneous. Datasets like PAMAP2, 
EEG, and WESAD likely contain non-instantaneous transitions between seman-
tic segments, as the physiological data were recorded at a high frequency.

Ground truth. For PAMAP2(1-9)  (Reiss and Stricker 2012), EEG  (Schalk et  al. 
2004), and WESAD(1-15)  (Schmidt et  al. 2018), the ground truth (i.e., CPs for 
semantic segmentations) of these datasets were provided by the dataset creators, it 
remains unclear how transition periods were handled - specifically, whether they were 
assigned to the preceding segment, the subsequent one, or treated as distinct inter-
vals. For the Sports and Music datasets, we establish the ground truth by marking the 
observations where one regime is concatenated to another as CPs which represent the 
boundary between two different data-generative states. This follows the same gold 
standard convention established for PAMAP2, EEG, and WESAD.

Our proposed method solely identifies CPs. Once CPs are identified, our method 
does not examine whether a segment is super short and is transition period. Instead, 
the identified CPs are directly compared with the annotated ground truth to compute 
evaluation metrics. The way a transition-period segment (in human perception) is 
identified depends on which points are identified as CPs by the method. Our approach 
does not include any post-processing to adjust or handle very short segments. This 
strategy of evaluating the quality of CPs (i.e., segments) has been utilized by all the 
previous work.

4.3  Competing methods

We compare our method with seven baseline methods.

	● ClaSP  (Schäfer et  al. 2021) is a recent state-of-the-art method that has been 
shown to outperform many others. We select ClaSP as a main competitor due to 
its high performance in other recent studies (Harańczyk 2023) for domain agnos-
tic semantic segmentation for univariate TS. Harańczyk (Harańczyk 2023) has 
recently created a version of ClaSP that can directly process MTS datasets. Given 
its strong performance but lack of available source code, we have implemented 
a very similar version of CLaSP-based method for segmenting MTS, following 
their methodology. We name our implementation as CLaSP-MTS-ED, whose 
design details are explained below. Compared with (Harańczyk 2023), CLaSP-
MTS-ED also aggregates the CPs found across each variable in the MTS. How-
ever,  (Harańczyk 2023) prunes CPs that fall too closely to an already detected 
CP. Our version combines them and uses their average to determine the final CP 
location.

	● FLOSS (Gharghabi et al. 2019) is another relatively recent and well-performing 
semantic segmentation method for univariate TS. We select FLOSS as another 
possible main competitor due to this fact and its widespread use. We develop a 
variant of FLOSS for MTS segmentation, called FLOSS-MTS, and provide a 
detailed description below.
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	● Time2State (Wang et al. 2023) is a recently proposed data-generating state recog-
nition algorithm for MTS. Although it is not directly designed for semantic seg-
mentation, we can still derive segmentations from its output. We select Time2S-
tate because of its MTS design and its potential for accurate TSS.

	● TIRE (De Ryck et al. 2021) is a segmentation method that uses an autoencoder 
model for the time-domain and frequency-domain to derive time-invariant fea-
tures. We select TIRE because it relies on an autoencoder like our method, mak-
ing it an interesting comparison to our method.

	● PELT (Killick et al. 2012) is an older segmentation method designed around MTS 
data with several CPs. We recognize PELT as a potential competitor due to its 
ability to handle TS data with many variables and its ability to perform a com-
plete search over the solution space.

	● Bayesian Online Changepoint Detection (BOCPD) (Adams and MacKay 2007) 
is an older method segmentation method for univariate TS. However, we select it 
because recent benchmark studies (Burg and Williams 2020) still show it is com-
petitive and is widely used. We also implement a version of BOCPD to segment 
MTS, referred to as BOCPD-MTS, following the details described below.

	● Window-L2 is a fast, simple, and straightforward sliding window-based segmen-
tation algorithm. We select this method to serve as a bottom-line comparison. 
We follow the same implementation as  (Truong et al. 2020).Design of CLaSP-
MTS-ED, BOCPD-MTS, and FLOSS-MTS. The original design of the meth-
ods ClaSP, FLOSS, and BOCPD cannot directly process MTS datasets; they can 
only process univariate. In order to evaluate them on MTS datasets, we run an 
instance of each method on each variable of the MTS. We then combine and 
post-process the resulting segmentations across all variables to yield a final seg-
mentation. We call the set of CPs across all variables G′ = {G1, G2, . . . , Gd} 
where d is the number of variables and each Gi ∈ G′ is the set of CPs on the 
i-th variable. We combine each array and take the average of CPs near each 
other. For example, if G1 = [25, 68] and G2 = [25, 66, 120], their combination 
yields [25, 25, 66, 68, 120] and the averaging of the CPs near each other yields 
G′ = [25, 67, 120]. We consider CPs to be near each other if their difference is 
less than the margin of error, E, for that dataset. The intuition of our approach is 
that a CP detected in any of the variables indicates a change in the whole system. 
This approach of adapting univariate TSS methods for MTS closely follows other 
implementations (Harańczyk 2023).

We also compare our method with several variations of DC-TSS itself.

	● DC-TSS (FC). This variation of DC-TSS uses a fully connected AE instead of a 
CNN-based AE in Phase 1.

	● AE-TSS (CNN). This variation removes the clustering analysis phase of DC-TSS 
and changes Phase 3 of segmentation to measure distances between embedded 
neighboring subsequences instead of using cluster analysis. A high distance be-
tween neighboring subsequences in the embedded space suggests a segmentation 
in the TS. In Phase 1, the AE uses a 1D-CNN. This variation is similar to previous 
work of (Lee et al. 2018).
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	● AE-TSS (FC). This variation is similar to AE-TSS (CNN) except that it uses a 
fully connected AE.

	● DC-TSS Ablation. We provide an ablation test that removes the clustering refine-
ment stage of our method and directly clusters on the embedded space using hier-
archical, agglomerative clustering (Murtagh and Legendre 2014). We test alterna-
tive clustering algorithms such as k-means (Lloyd 1982), spectral clustering (Ng 
et al. 2001), and DBSCAN (Schubert et al. 2017) but these algorithms tend to 
yield slightly worse performance.

Table  1 shows the hyperparameter settings selected for each baseline. For DC-
TSS we perform a grid search. The range and steps of the DC-TSS grid search 
are shown in Sect.  4.6 and Fig. 5. We follow the guidelines for setting hyperpa-
rameters outlined in their respective papers for each competitive method. We then 
adjust the hyperparameters of these competitive methods until we observe major 
decreases in accuracy. We use the same hyperparameter settings listed under DC-
TSS for its variations, where applicable. The latest implementation of ClaSP is 
parameter-free  (Ermshaus et  al. 2023). We use its built-in capabilities to set this 
hyperparameter automatically. We use the same hyperparameter grid search for 
PAMAP2(2-9) as we have done for PAMAP2(1) in Sect. 4.6. For WESAD(1-15) our 
grid search tests Ls = [600, 900, 1200, 1500, 1900], Overlap = [10, 20, 30, 40, 50], 
k=10, 40, 70, 100, 130, 160, and Lw = [90, 120, 150, 180, 210]

4.4  Evaluation metrics

We use covering (Everingham et al. 2010) and F1-score (Rijsbergen 1979) to evalu-
ate method performance. These metrics encapsulate two prevailing views of TSS 
as either a clustering or classification problem. We also report running time, which 
includes the training time of the deep learner where applicable. Covering is a cluster-
ing metric that measures performance by calculating similarity between regimes of 
the TSS algorithm and ground truth. Eq. (5) defines covering where S and S′ are the 
sets of regimes of the ground truth and method respectively. ||T|| is the length of the 
TS.

	
C(S, S′) = 1

||T ||
∑
s∈S

||s|| ∗ max
s′∈S′

||s ∩ s′||
||s ∪ s′|| � (5)

When treating time series segmentation as a classification problem, each observation 
is classified as either a changepoint or not. In this scenario, the F1-score can be used 
to evaluate method performance. Eq. (6) defines the F1-score.

TP, FP, FN, and FP are true positive, false positive, false negative, and false posi-
tive respectively. A true positive, TP, is determined based on a margin of error, E. If 
the difference between the ground truth and changepoint is within E then it is labeled 
as a true positive unless a nearer changepoint is present. We set E = 200, 3000, 
4200, 2400, and 21000 for Sports, PAMAP2(1-9), EEG, Music, and WESAD(1-15) 
respectively.
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F1 = 2PR

P + R
� (6)

where

	
P = TP

TP + FP
, R = TP

TP + FN

4.5  Segmentation evaluation

Tables 2, 3, and 4 show covering, F1-score, and running time of our method, the 
variations of our method, and the baselines across each dataset respectively. Table 5 
shows the number of CPs detected by each method and provides further insight into 
its performance. Bold values highlight the best scores or closest to ground truth 
depending on the context of the table. We average the F1-score and covering across 
five runs for DC-TSS and its versions. Averages are not used for the other baseline 
methods because they are deterministic. We report the running times for BOCPD-
MTS, ClaSP-MTS-ED, and FLOSS-MTS under ideal circumstances. Since we run 
an independent instance of the method on each feature, we can easily parallelize this 
computation. Therefore the time to compute a solution for the entire MTS should be 
the time it takes to compute a solution for a single variable of the MTS. In reality, 
some datasets can have hundreds of variables, each requiring large allocations for 
memory or GPUs, making the task of running all instances in parallel unrealistic even 
with supercomputing resources. Despite this, we decide to report the running time, 
assuming perfect parallelization is achievable.

Overall, our method (DC-TSS) achieves the best covering and F1-score for the 
majority of the datasets, including near perfect F1-scores for Sports and Music. PELT 
also achieves high accuracy in many datasets, but overall poorer performance, espe-
cially in terms of running time. DC-TSS’s running times also show its architecture 
allows it to scale well to large-scale datasets. We first compare DC-TSS’s perfor-
mance to its other variations in Sect. 4.5.1 and then compare to the other baselines 
in Sect. 4.5.3.

4.5.1  Comparison with different variations of DC-TSS

The fully connected (FC) versions of DC-TSS all perform worse than their CNN 
counterparts, especially for the EEG dataset. The result suggests that our 1-dimen-
sional CNN architecture can learn important discriminative features and the complex 
relationships between the variables otherwise missed by the FC versions. Besides 
the better performance, the CNN versions scale much better, resulting in much lower 
running times for all datasets except Sports, where the FC version has a slight advan-
tage. The difference in running time is most dramatic for our largest dataset, Music, 
which has a difference of over 250 minutes.

AE-TSS (FC) and AE-TSS (CNN) are the versions that replace our phase 3 cluster 
analysis of the subsequences with a distance metric proposed by Lee et al. (2018) 
that aims to determine CPs based on sudden increases in the distances of neighbor-
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Deep clustering for large-scale interpretable time series segmentation
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Deep clustering for large-scale interpretable time series segmentation
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ing subsequences in the latent space. Both methods perform much worse on all the 
datasets compared to DC-TSS. The result suggests that our cluster analysis approach 
is better suited for semantic segmentation than previously proposed distance analysis 
measures. Table 5 shows the AE-TSS variations tend to over detect on each of the 
datasets compared to the DC-TSS variations.

4.5.2  Ablation study

We have conducted an ablation study that omits the second phase refinement. Our 
ablation study focuses only on the second phase due to the complications surrounding 
omitting the first or third phases. The third phase yields our final segmentation result. 
We cannot omit the third phase and still achieve a segmentation result. We can only 
test alternatives to the third phase analysis, which we do in the form of AE-TSS, a 
variation of our method (Sect. 4.3). We cannot omit the first phase because the second 
phase of DC-TSS requires an initial mapping from the input space into some sort of 
feature space. We can propose an alternative method to our autoencoder to establish 
this initial mapping, but this would be another variation of our method and not an 
ablation study. Devising an alternative method for the initial method is not trivial.

The ablation version performs worse for all 27 datasets. We see major differ-
ences in performance in several datasets such as EEG, PAMAP2(1), PAMAP2(8), 
WESAD(1) and WESAD(5), where Tables 2 and 3 show they differ by up to 7%. The 
ablation version has better running times than DC-TSS, but the differences are insig-
nificant. Our ablation study shows how important the second phase cluster refine-
ment is for finding well-separated clusters we can analyze for semantic segmentation 
purposes.

4.5.3  Comparison with baselines

All baseline methods except PELT display very poor performance. We attribute the 
poor performance of FLOSS-MTS and ClaSP-MTS-ED to the complexity of the data-
sets. When ClaSP was proposed, its largest dataset was univariate with 40000 obser-
vations and one CP. The newer version of ClaSP proposed by Harańczyk (2023) was 
tested on a repository of MTS datasets that have at most 12 variables and a median 
length of 5000 observations (Ermshaus et al. 2023). In comparison, our smallest data-
set has 45 variables with 170250 observations and 29 CPs. FLOSS uses a subset of 
ClaSP’s dataset repository in its evaluation. Although FLOSS has been applied to 
larger datasets, these tests are for demonstrating scalability. Table 5 shows the num-
ber of CPs detected by ClaSP-MTS-ED and FLOSS-MTS is close to the ground truth 
for most datasets with the exception that ClaSP-MTS-ED tendeds to under detect 
CPs for the WESAD(1-15) datasets. This result indicates that the changes they detect 
do not correspond to the ground truth established according to semantic segmenta-
tion notation. Time2State has some success but tends to under-detect CPs along with 
TIRE with the exception of the WESAD(1-15) datasets where it greatly over-detects. 
BOCPD-MTS and Window-L2 often over-detect, according to Table 5.

We took great care to adjust all the hyperparameters associated with these meth-
ods as explained at the end of Sect. 4.3, but were unable to improve their accuracy. 
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For example, the latest implementation of ClaSP is parameter-free (Ermshaus et al. 
2023). However, we still took the time to adjust the window length associated with 
the method to try and achieve better results. However, we ultimately used its built-in 
capabilities to set this hyperparameter automatically.

In our study, PELT achieves high performance in 9 and 11 datasets (Tables 2 and 
3 respectively), but performs poorer than our method on the other datasets. PELT’s 
running times are much longer compared to our method. The running time may be 
alleviated by adjusting a “jump” parameter that restricts PELT to only evaluate a 
subset of the observations but at risk of worse performance. PELT also does not pro-
vide any metric or visualization to help evaluate the integrity of the results, making 
it difficult to use in an unsupervised setting. As discussed in Sect. 4.7, our method 
provides visual aids to help interpret results. Our supporting repository contains code 
to replicate all baseline experiments (Draayer et al. 2025).

4.5.4  Testing on simpler univariate time series

We study the compatibility of DC-TSS on smaller univariate TS datasets like those 
used to study the performance of ClaSP and FLOSS. We test on the same repository 
of the 98 univariate TS datasets proposed by Schäfer et al. (2021). The longest TS in 
this repository is 40000 observations, but 96 of the TS datasets have 20000 observa-
tions or less. The number of CPs to detect ranges from 1 to 6.

Figure  4 shows the covering score boxplots for ClaSP, FLOSS, and DC-TSS. 
These boxplots reveal the distribution of the covering score results across the 98 TS 
datasets. We see that DC-TSS performs worse overall than ClaSP and FLOSS. DC-
TSS has a median covering score of 0.63, while ClaSP and FLOSS have median cov-
ering scores of 0.76 and 0.96, respectively. Interestingly, two datasets where DC-TSS 
performs well include the longer TS datasets (TiltABP and TiltECG) with lengths of 
40000 observations. DC-TSS achieves covering scores of 0.998 and 0.942, respec-

Fig. 4  Boxplots showing covering score distributions when using ClaSP, FLOSS, and DC-TSS to seg-
ment Univariate TS
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tively. In comparison, ClaSP achieves covering scores of 0.209 and 0.615, while 
FLOSS achieves covering scores of 0.995 and 0.981 for the same datasets.

Overall, this experiment reveals DC-TSS has limitations on processing simpler/
shorter TS. We attribute this to the shorter TS datasets not providing enough samples 
for DC-TSS to learn from. This is evidenced by DC-TSS still performing well on the 
two much longer TS datasets with 40000 observations.

4.6  Hyperparameter sensitivity and selection

We test the sensitivity of each hyperparameter and discuss the intuitiveness of their 
settings for our method, DC-TSS. Figure 5 shows a graph for each hyperparameter 
across each dataset. Each row of the figure corresponds to a specific hyperparameter 
and each column corresponds to a dataset. The four hyperparameters include subse-
quence length Ls (introduced in Sect. 3.1), overlap (introduced in Sect. 3.1), number 
of clusters k (introduced in Sect.  3.2), and the window length Lw (introduced in 
Sect. 3.3). We ran each hyperparameter experiment five times and averaged results.

4.6.1  Subsequence length

The first row of Fig. 5 shows the performance of DC-TSS as subsequence length (Ls) 
is changed. We centered Ls at the frequency at which the TS was recorded (1 s worth 

Fig. 5  Hyperparameter experiments across all four datasets. Each row represents the tuning of a differ-
ent hyperparameter. Each column represents a different dataset
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of observations). Our reasoning for this choice of length is to have subsequences 
represent the primitives that compose an overall segment. Examples of primitives 
include individual footsteps or the playing of a note, which would span about 1 s. DC-
TSS’s third phase can then analyze sets of primitives (cluster assignments) before and 
after a certain point in time to detect the changes between segments. The result is a 
span of 1

4 × to 4× the original frequency. Our results show a peak in performance at 
the original recording frequency with poorer performance at the lowest and highest 
settings. This experiment indicates that the Ls hyperparameter, should be set close to 
the frequency at which the TS is recorded.

4.6.2  Overlap

The second row of Fig. 5 shows performance of DC-TSS across five settings of over-
lap (from 10% to 50%). Some datasets like Sports and EEG perform better with low 
overlap while PAMAP2(1) and Music perform better with high overlap. Based on our 
analysis we conclude this hyperparameter strongly influences the level of granular-
ity of the segmentation. Setting a high overlap discourages clusters from breaking 
up during phase two refinement, therefore creating lower granularity clusters. For 
example, segmenting Music with a low overlap setting results in clusters correspond-
ing to instruments or vocals rather than songs. However, either segmentation may 
be valid depending on the needs of the user. PAMAP2(1) seems to have poorer per-
formance for a different reason. Notably, PAMAP2(1) contains very short regimes. 
Therefore, setting a low overlap reduces the number of subsequences associated with 
short regimes, making them more likely to be lost during phase two refinement. In 
conclusion the overlap should be kept low unless a TS is known to have short regimes 
or there is need for segmentation at a higher granularity.

4.6.3  k clusters

The third row of Fig. 5 shows the effect of k over six settings (10 to 160 clusters 
incremented by 30). We see the worst performance when k is low and slightly poor 
performance when k is high. These results show our method is less sensitive to higher 
values of k than to lower values. This may be because our method tries to fit the input 
into k clusters, but is allowed to find fewer. Therefore, it is better to overestimate than 
underestimate the hyperparameter k.

4.6.4  Window length

The final row of Fig. 5 shows the sensitivity of the phase 3 sliding window length, 
Lw. We tested a broad range of Lw centered around the highest accuracy according 
to Table 2. We conclude that the user should visually inspect the phase 3 sliding win-
dow distance (Sects. 3.3) to guide setting this hyperparameter. Overall, Lw affects the 
smoothness of the phase 3 distance. A large Lw analyzes too many subsequences and 
causes a lack of prominent peaks in the sliding window distance resulting in missed 
CP detections. A small Lw is sensitive to small changes due to events like a person 
stumbling over themselves while walking. This results in a noisy sliding window 
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distance; a larger Lw should be used. However, the setting of Lw is robust according 
to Fig. 5. We expect this result because comparing 15 s of walking to 15 s of running 
in the respective first and second window halves is very similar to comparing 30 s of 
walking to 30 s of running, thus yielding a similar distance. The statement holds true 
if both window halves were of walking.

4.7  Further insights for interpretability

Our method can provide further insight into other underlying properties of a given 
TS and its regimes by analyzing the clusters and cluster assignments over time. We 
demonstrate this with one of our more challenging real TS datasets, PAMAP2(1). 
PAMAP2(1) is a multi-sensor continuous recording of a person performing a vari-
ety of chores and activities and contains ambiguous segments of transitioning. 
PAMAP2(1) also contains missing values and different modalities that require pre-
processing, which may affect segmentation results.

To visualize the latent space of our deep neural network, we use t-SNE (Maaten 
and Hinton 2008) to project the embedded subsequences into two variables. We also 
test other methods, such as UMAP  (McInnes et  al. 2018), but found they did not 
represent the local structures of the clusters very well. Figure 6 shows the t-SNE pro-
jection of PAMAP2(1). We can infer properties and relationships between different 
segments. For example, activities like sitting or standing fall into only 2-3 clusters, 
while running falls into 5 or more, indicating its complexity. We also see activities 
like cycling and walking form circular clusters, revealing their cyclical nature. t-SNE 
does not sufficiently represent global structures such as cluster distances. Instead, 
we opt to do this analysis in the original feature space. The distance between clus-
ters allows us to infer how closely clusters are related. For example, the ironing 

Fig. 6  t-SNE plot of embedded PAMAP2(1) subsequences after training of DC-TSS
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clusters are closer in distance and, therefore, more similar to standing than to activi-
ties like running. Overall, the t-SNE projection of the embedded subsequences helps 
reveal many data characteristics that may be useful for other TS analytical tasks. For 
example, knowing that some activities have strong cyclical behavior may help motif 
discovery.

We can gain further insight by examining the clustered subsequences over time 
and the result of the sliding window. Figure 7 displays two plots. The top half shows 
the Manhattan distance of the sliding window algorithm on the clustered subse-
quences. We normalize distances between 0 and 1. The bottom half shows an event 
plot where each black bar is a subsequence, and the y-axis shows its cluster label. The 
cluster labels of the y-axis are nominal. The background colors indicate the ground 
truth of the dataset, and the vertical red dotted lines represent our method’s segmen-
tation and align with the peaks of the top plot. The sliding window (top) plot can 
help us determine the strength of some changepoint predictions over others based 
on the prominence of the peaks. A peak is determined to be prominent if the vertical 
distance between the peak and its lowest contour line is bigger than 0.07. The lowest 
contour line is determined by the lowest point between a peak and its neighboring 
peaks. For example, the two peaks around timestamps 750 in Fig. 7 have a very small 
valley between them. A horizontal line tangent to the lowest point in that valley is the 
lowest contour line for both peaks. The vertical distance between the peaks and that 
line is less than 0.07 and, therefore, both peaks are not prominent enough to be CPs. 
Additionally, short peaks with a distance smaller than 0.5 on the y-axis are excluded 
to avoid detecting events such as temporary shifts in a standing position as a transi-
tion into a new regime. Lastly, peaks must be separated by half the size of the window 
length (Lw). This prevented peaks around timestamps 1600, 2050, and 2700 from 
being detected as CPs.

The peaks also help us validate our results without ground truth, where the lack of 
prominent peaks suggests that our method does not work well. The periods of con-

Fig. 7  The top half displays the sliding window result of the clustered subsequences. The bottom half 
displays an event plot of the clustered subsequence assignments over time. Each black line represents 
a subsequence, and its position on the y-axis indicates the cluster assignment. The background color 
shows the ground truth of the dataset and the red vertical dotted lines show where our method predicts 
a changepoint
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stant high distance seen in regimes like the second transition (between standing and 
ironing) suggest a chaotic period in the TS with lots of unique movement from the 
person. The bottom event plot helps us see the relationship between segments based 
on their cluster assignments.

For example, walking and Nordic walking share many cluster labels, suggesting 
these segments are almost identical. Periods of transition also share some cluster 
labels with walking, which makes sense since the person would need to walk to 
different locations around the house between activities. We may also see if some 
activities are subsumed by others, meaning they share most of their cluster labels but 
one falls into more clusters than the other. Metrics like the Jaccard Index can easily 
quantify the similarities between segments. The insights DC-TSS provides are help-
ful for other TS analytical tasks, such as pattern recognition, and are typically not 
found in other TSS algorithms.

4.8  Data augmentation analysis

To evaluate the effectiveness of our data augmentation strategy, we test DC-TSS both 
with and without data augmentation on the 98 univariate TS dataset. We select this 
dataset because it contains many short regimes, which are more likely to be under-
represented during training and thus stand to benefit most from our augmentation 
technique. Figure 8 presents boxplots of the covering scores under both conditions. 
The results clearly show that DC-TSS achieves significantly higher covering scores 
when data augmentation is applied, indicating improved detection of short and sparse 
regimes.

Fig. 8  Boxplots showing DC-TSS coverings scores with and without data augmentation
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5  Conclusions

This work introduces DC-TSS, a time series segmentation method for complex large-
scale TS datasets. DC-TSS features an efficient architecture for learning MTS rep-
resentations, a novel component for identifying change points from tokenized time 
series segments, a data augmentation strategy to address underrepresented states, and 
the use of computationally efficient operators to improve runtime performance. Our 
method also provides valuable insights into the underlying properties of the TS.

We test five variations of our method against seven competitive baselines. We test 
DC-TSS on 27 MTS datasets that are much more complex and larger than other data-
sets used in current TSS research. In addition to these MTS datasets, we test DC-TSS 
on a more traditional set of 98 simpler univariate TS datasets. Our results show that 
DC-TSS outperforms the current state-of-the-art methods by a wide margin on the 
larger and more complex datasets, while the simpler datasets reveal its limitations. 
Our results indicate a need for more research on TSS for complex and large-scale 
datasets and highlights the differences between these datasets and the more widely 
used simpler datasets from other TSS research.
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