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Abstract. The performance of machine learning models depends on both the
quality of the data and the selection of the models. This work highlights the
importance of identifying regions in the input space with similar behavior to im-
prove predictive accuracy. Clustering techniques can partition multivariate time
series (MTS) into meaningful subsets, enabling the training of specialized mod-
els. We employ k-Medoids and quadtree-based clustering, both using dynamic
time warping (DTW) as a similarity measure, and the quadtree also incorpo-
rates entropy for partitioning. Long Short-Term Memory (LSTM) networks are
trained on these clusters and compared to a global model trained on the entire
dataset. The results support the subset modeling hypothesis, showing that mod-
els trained in clusters can achieve comparable performance to a global model.
This approach offers a comparable alternative that balances prediction accu-
racy with computational and interpretable advantages.

1. Introduction
In this work, we extend a proposition from [Montero-Manso and Hyndman 2021], which
states that MTS forecasting can be approached in two ways: locally or globally. The
local approach involves modeling each MTS, without any grouping, whereas the global
approach consists of training a single model on the entire MTS dataset. We leverage the
notion of similarity in MTS data that has been addressed using various distance measures,
among which DTW, introduced by [Sakoe and Chiba 2003]. Identifying groups of similar
MTS enables the adoption of an alternative modeling strategy, such as cluster modeling,
that lies between local and global approaches. In that sense, our extension goes beyond
the original proposed framework, allowing the development of specialized models for
subsets of data that share similar characteristics.

A key consideration is whether a global model, if sufficiently simple and inter-
pretable, is adequate to capture all relevant aspects of the groups of MTS. However, if the
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model becomes excessively complex, reducing this complexity by adopting multiple spe-
cialized models may be a preferable alternative. To explore this, we hypothesized that the
subset modeling approach of [Ribeiro et al. 2023], which identifies subdomains and trains
local models, could lead to improved predictions. Our work focuses on meteorological
multivariate time series, leveraging the inherent challenges in similarity measurement.

Since similarities between MTS can be quantified, clustering algorithms can be
applied to group MTS based on their pairwise similarity. Common approaches in-
clude k-Means [MacQueen et al. 1967] and k-Medoids [Kaufman and Rousseeuw 2009],
although their reliance on geometric assumptions may introduce bias. Furthermore,
we explore a quadtree-based clustering method that uses normalized entropy, inspired
by [Angelo 2016] and further extended in [Basu and Sengupta 2015]. For the modeling
phase, LSTM networks are used due to their proven ability to capture temporal dependen-
cies in sequential data [Hochreiter 1997].

The results obtained suggest that the proposed strategy achieves error levels com-
parable to those of the local modeling approach. This finding indicates that it is not
necessary to build a model for each MTS. Instead, identifying groups of similar time se-
ries emerges as a viable alternative, allowing the development of specialized models that
generalize well within each group while significantly reducing the modeling complexity.

The remainder of this paper is structured as follows. Section 2 reviews related
works on time series clustering and subset modeling. Section3 introduces key definitions.
Section 4 details the proposed methodology, including the clustering strategies and the
modeling framework. Section 5 presents the experimental setup and the results. Finally,
Section 6 discusses the main findings and outlines future research directions.

2. Related Work

One of the works that inspired our use of similarity-based clustering for MTS is
[Singhal and Seborg 2005], in which the authors proposed a methodology that leverages
the degree of similarity as a key parameter to cluster multivariate time series.

The conceptual framework for distinguishing between local and global approaches
was established by [Montero-Manso and Hyndman 2021]. The authors cast the problem
of forecasting a set of MTS between two extremes, determined by how the set is par-
titioned. Partitioning the set into individual MTS leads to the local approach, whereas
the global approach operates on the trivial partition that maintains the set as a whole.
Furthermore, they demonstrate that the complexity of a learning algorithm can be con-
trolled by the granularity of the partitioning. This result emphasizes the inherent trade-off
in adopting more sophisticated partitioning strategies, such as data-driven partitioning,
which encompasses clustering and its fuzzy weighted alternatives.

Another work proposed a framework to reduce computational costs while main-
taining adequate model accuracy[Ribeiro et al. 2023]. The success of machine learning
(ML) systems is largely dependent on the availability, volume, quality, and efficient com-
putational resources of the data. To address these challenges, the authors suggest identi-
fying “subdomains” within the input space and training local models that produce better
predictions for samples from these specific subdomains, rather than relying on a single
global model trained on the full dataset. Their experimental evaluation, conducted on
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two real-world datasets, demonstrates that subset modeling (i) improves predictive per-
formance compared to a global model, and (ii) enables more data-efficient training.

In [Zorrilla Coz 2021], a hybrid approach is proposed that combines per-element
and cluster-based modeling for univariate time series. By generating models only for
representative elements and using a time series classifier to generalize across the domain,
it achieves predictive accuracy comparable to conventional methods with significantly
lower computational cost. Clustering is used as a structural guide, while classification
ensures adaptability to local variations that pure clustering may miss.

The difference from these related works is the focus on multivariate time series,
rather than tabular data or univariate time series. In the following section, we define the
key concepts that support this work.

3. Background

This work focuses on analyzing a set of multivariate time series to identify regions with
similar temporal patterns. The underlying motivation is to capture these regions as coher-
ent groups that exhibit similar temporal behavior. To capture these similarities, we used
DTW as the primary similarity metric. A clear understanding of our approach requires
the introduction of several foundational concepts. The authors [Cao and Liu 2016] define
an MTS as follows:

Definition 3.1 Consider multivariate time series X where X = (xm
1 , x

m
2 , . . . , x

m
n ), i =

1, 2, . . . , n, and m ∈ N, xm
i ∈ Rm. Specifically, if m = 1, the given series is a univariate

time series, and if m > 1, it is an MTS.

The partitioning problem is addressed using two distinct methods: k-Medoids and
quadtree. The k-Medoids algorithm is used in combination with DTW as a similarity
measure, allowing effective clustering of time series by accounting for temporal distor-
tions and misalignments in the sequences.

For the quadtree clustering method, we incorporate the concept of normalized entropy
as a criterion for subdivision. This measure allows evaluating the degree of variability
or disorder in a group of MTS. The goal is to refine partitions only when the internal
heterogeneity is high, preventing unnecessary subdivisions.

Definition 3.2 The normalized entropy H is defined as

H = −
∑N

i=1 ωi log2(ωi)

log2(N)
=

SP

Smax
,

where ωi denotes the DTW distance between two multivariate time series (MTS), SP is
the Shannon entropy of the distribution, N be the set of off-diagonal upper triangular
elements of the distance matrix, and Smax = log2(N) represents the maximum possible
entropy.

In our methodology, the quadtree algorithm halts further space division when the
normalized entropy of a node falls below a predefined threshold and a minimum number
of samples is retained. This ensures the formation of meaningful and compact subdomains
with similar temporal behavior.
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4. Methodology
The methodology developed in this work extends the perspective
by [Montero-Manso and Hyndman 2021], who address forecasting problems. They
propose two main strategies: the local approach, where each MTS is modeled under the
assumption that it may originate from a distinct data-generating process; and the global
approach, which assumes a shared structure and trains a single model in all MTS. We
introduce an intermediate strategy, the cluster approach, where MTS are first grouped
using clustering techniques, and then separate models are trained for each group. This
approach seeks to balance the trade-off between model complexity and generalization
by exploiting similarities within clusters. Our methodology assumes that some MTS
are similar enough to be modeled jointly. This leads to a cluster approach modeling
strategy, where subsets of series with similar temporal behavior are identified and mod-
eled. This balances the generalization ability of global models with the specialization
of local models. By leveraging intra-cluster similarities, the approach aims to improve
forecasting accuracy and computational efficiency without the need to build a separate
model for each MTS.

4.1. Partitioning process

In the case of k-Medoids, the calculation requires a measure of similarity between pairs
of elements in the data set [Park and Jun 2009]. This similarity is quantified using DTW,
which is particularly well suited for comparing MTS data. To evaluate the quality of the
resulting clustering, the silhouette score was used. The second partitioning method used in
this work is the quadtree algorithm. Here, the standard quadtree[Finkel and Bentley 1974]
is adapted to recursively divide the input space D into four disjoint regions, producing a
hierarchical partition. Unlike a standard quadtree that relies solely on a minimum number
of elements as the stopping criterion, the proposed method also considers the normalized
entropy of pairwise similarities. Recursion stops when either condition is satisfied. The
quality of the quadtree partition is assessed on the basis of its effectiveness in reducing
entropy.

4.2. Modeling Strategies

Our modeling strategy consists of defining a fixed temporal division that will be used for
model training. Specifically, this division is the 80%/20% (training/test) of the total length
of each MTS. It is important to note that all MTSs have the same temporal length.

In this part, we consider three modeling approaches. In the local modeling strat-
egy, one model is trained for each MTS, resulting in the same number of models as there
are MTS. For the cluster modeling approach, a model is trained for each cluster, leading
to a number of models equal to the number of identified clusters. Finally, in the global
modeling approach, a single model is trained using the entire set of MTS.

5. Experiments and Results
The data set used was obtained from [Instituto Nacional de Meteorologia 2024], which
provides organized yearly meteorological data from various automatic weather stations
(296). For this work, we used data from 2017 and 2018. The variables analyzed include
pressure (P, in hPa), temperature (T, in C), relative humidity (H, in %), wind speed (W,
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in m/s), and precipitation (Prec, in mm). Although latitude and longitude were also
recorded as part of the MTS, they are not used in the k-Medoids analysis and serve only
to construct the quadtree grid. The model aims to predict the accumulated precipitation
for the next day based on data from the previous seven days.

The Figure 1 shows the clusters obtained, three clusters by k-Medoids, and twelve
for quadtree. The k-Medoids method was executed varying k = 3, . . . , 10, and we select
k = 3 because it generates a better silhouette score, in addition the execution time takes
approximately 354.019 seconds. In contrast, the quadtree method with the experimental
hyper-parameters H = 0.5 and min points = 60, completed the clustering process in
140.543 seconds. This shows that the quadtree approach is significantly more efficient in
terms of computational time.

(a) Clustering by k-Medoids (b) Clustering by quadtree

Figure 1. Comparison of the obtained clusters using precipitation.

To properly interpret the following Table 1, it is necessary to define the key terms used.
The Global Error refers to the error incurred by the global model when evaluated in
the test data, measured by the Root Mean Squared Error (RMSE), which in this case is
11.093 (no clustering). The Global Region Error denotes the error produced by the
global model when evaluated on the test data corresponding to the cluster region. The
Cluster Error represents the error incurred by the cluster-specific model when evaluated
on its respective test data. Finally, the Local Error refers to the error produced by the
local model when tested on its own data test.

Method Cluster ID Global Region Error Cluster Error Local Error

k-medoids
0 13.230 13.708 12.022
1 10.437 10.275 10.170
2 10.822 10.236 8.835

quadtree

0 13.104 12.209 11.778
2 15.587 12.150 13.533
8 14.391 12.311 11.283
11 10.417 9.342 9.503
16 12.275 11.089 10.953
17 6.500 5.567 5.136
18 12.862 9.603 9.008
19 8.263 5.597 4.898
44 12.738 11.792 11.011
45 11.924 11.045 11.387
46 11.858 11.025 11.334
47 13.658 12.587 12.916

Table 1. Comparison of RMSE errors for the global model and local models
trained on clusters defined by k-medoids and quadtree. The Local Error
corresponds to the average prediction error within each cluster.
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Table 2 presents the average relative reductions in execution time required to train
each model, taking the global model as the baseline. The k-Medoids-based approach
achieved a time reduction of approximately 48.99%, while the quadtree method produced
a more substantial reduction of approximately 85. 24%. Finally, training the models
for each MTS resulted in the greatest efficiency gain, with an approximate reduction of
99.04% compared to the global model. These results suggest that, under a parallelized
execution framework, such reductions would directly translate into equivalent gains in
computational efficiency, as the localized models could be trained simultaneously.

Time Step Global Model (s) k-Medoids (s) quadtree (s) Local (s)
1 Day 762.46 389.06 112.51 7.34

Table 2. Execution time for fitting the models

6. Conclusions and Future Works
The results show that the error achieved by the cluster approach is comparable to that
of the local strategy. This indicates that it is not necessary to train a separate model for
each MTS. Instead, grouping time series based on similar temporal behavior yields com-
petitive results. Specifically, in our case study that involved automatic weather stations
in Brazil, the findings suggest that it is unnecessary to build a model for each station.
The grouping of stations according to their temporal patterns offers an effective alterna-
tive, achieving similar predictive performance while significantly reducing the number of
required models.

Latitude and longitude were excluded from the cluster analysis using k-Medoids,
as their proximity could unduly influence cluster formation. The primary objective in
this case was to capture temporal patterns rather than spatial relationships. In contrast,
quadtree experiments required the use of latitude and longitude to define the spatial grid
in which clusters are identified. In this context, geographic coordinates are not analyzed
as time-dependent variables but serve as a necessary spatial reference for implementing
the quadtree algorithm.

These findings reinforce the notion that leveraging spatial or temporal similar-
ity through appropriate clustering, especially when guided by spatial structures such as
quadtrees, can lead to more specialized models that better capture local dynamics. Our
work provides evidence that structured clustering not only improves prediction accuracy
but also offers a more efficient and interpretable modeling strategy.

Future research should evaluate alternative criteria for quadtree subdivision to im-
prove clustering quality and explore adaptive strategies. Furthermore, systematic hyper-
parameter optimization could improve the model performance between clusters. Finally,
optimizing the quadtree algorithm for scalability is essential to handle larger datasets ef-
ficiently.
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