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Abstract
This paper uses visualization techniques to analyze the learning process of six
machine learning classifiers for multichannel time series classification (MTSC),
including five deep learning models—1D CNN, CNN-LSTM, ResNet,
InceptionTime, and Transformer—and one non-deep learning method, ROCKET.
Sixteen datasets from the UEA multivariate time series repository were
employed to assess and compare classifier performance. To explore how data
characteristics influence accuracy, we applied channel selection, feature selection,
and similarity analysis between training and testing sets. Visualization
techniques were used to examine the temporal and structural patterns of each
dataset, offering insight into how feature relevance, channel informativeness,
and group separability affect model performance. The experimental results
show that ROCKET achieves the most consistent accuracy across datasets,
although its performance decreases with a very large number of channels.
Conversely, the Transformer model underperforms in datasets with limited
training instances per class. Overall, the findings highlight the importance of
visual exploration in understanding MTSC behavior and indicate that channel
relevance and data separability have a greater impact on classification accuracy
than feature-level patterns.
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1. Introduction
Multichannel or Multivariate Time Series Classification (MTSC) involves assigning labels to temporal sequences
in which each instance contains multiple synchronized measurements recorded over time. Each measurement
captures one aspect of a complex system, and together they provide a richer representation than univariate
time series. These measurements are called channels or dimensions. In a multichannel time series, each
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observation consists of d dimensions measured across m aligned time steps. For an instance (x, y), we denote
x = {x1, ..., xd} where xj = {x1,j, x2,j, ..., xm,j} for j = 1, ..., d. When d = 1 , the dataset corresponds to a univariate time
series. Here, y is an integer-valued variable representing the groups or classes. MTSC tasks arise in diverse
domains, including healthcare, human activity recognition, environmental monitoring, and industrial process
control, where understanding temporal dependencies across multiple sensors or modalities is essential for
accurate classification.

Recent advances in deep learning have significantly improved MTSC performance. Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNNs), and attention-based architecture such as Transformers
have shown strong potential for capturing temporal and crosschannel relationships. At the same time, non-
deep approaches such as the Random Convolutional Kernel Transform (ROCKET) have demonstrated
competitive or even superior accuracy with much lower computational cost. Despite this progress, it remains
challenging to determine which algorithm performs best under different data characteristics—such as the
number of channels, time-series length, or inter-class similarity. Moreover, visualization-based analyses of
classifier behavior remain scarce, limiting our understanding of why models succeed or fail on specific datasets.

This study addresses these gaps by integrating visualization and quantitative analysis to examine the
learning behavior of six representative classifiers: CNN-1D, LSTM, ResNet, InceptionTime, Transformer, and
ROCKET. Using sixteen datasets from the UEA multivariate time series archive, we evaluate how input structure
and data properties affect classification accuracy. In particular, we analyze the influence of channel relevance,
feature selection, and train-test similarity on model performance. Visualization techniques are employed to
explore patterns in channel-wise and feature-wise behavior, providing interpretable insights into each
classifier’s strengths and limitations. We also evaluated the stationarity of the time series in each dataset, as it
may impact classification outcomes.

Our findings reveal that ROCKET consistently achieves strong and stable performance across most datasets,
although its accuracy decreases with very high channel dimensionality. Conversely, the Transformer model
underperforms in datasets with few training instances per class. More broadly, our results suggest that channel
informativeness and group separability exert a greater impact on MTSC accuracy than feature-level variations.

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 describes the
datasets, classifiers, and research workflow. Section 4 presents and discusses the experimental results. Finally,
Section 5 concludes the paper and outlines future research directions.

2. Literature Review
Research on multichannel or Multivariate Time Series Classification (MTSC) has advanced rapidly with the
development of standardized repositories and deep learning architectures. Bagnall et al. (2017 and 2018)
introduced and later expanded the UEA MTSC archive. Their studies compared several traditional and ensemble
methods but reported aggregate rather than dataset-specific results, leaving open questions about model
behavior across varying data characteristics.

Fawaz et al. (2019) conducted a comprehensive review of deep learning models for time series classification.
They also explored visualization techniques, including Class Activation Maps (CAMs), and Multi-Dimensional
Scaling (MDS), which shows the spatial distribution of input time series among the classes. However, these
tools were primarily applied to univariate datasets, and their analyses did not address how channel relevance
or feature separability affect multichannel performance.

Subsequent works have examined alternative representations and feature-based approaches. For, instance,
Baldan and Benítez (2020) proposed a MTSC method using 41 descriptive features that capture inter-channel
relationships, evaluated on all 30 UEA datasets with classical algorithms such as Random Forest and SVM.
Pasos et al. (2021) expanded this line of research by benchmarking 16 algorithms, including deep and non-
deep methods, on 26 multivariate datasets. Their work provided valuable aggregate comparisons but did not
analyze visual or structural factors influencing classifier accuracy.

More recently, Pasos and Bagnall (2023) investigated dimension-reduction and channelselection strategies
within the HIVE-COTE v2.0 ensemble framework, while Ilbert et al. (2024) implemented data augmentation
strategies to compensate for limited training data; however, the resulting performance gains were marginal.
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Despite these efforts, few studies have systematically examined how visualization, feature relevance, and
channel informativeness jointly influence classifier performance in MTSC tasks. The present work extends
prior research by combining visualization-driven interpretation with quantitative channel and feature selection
analyses across 16 datasets from the UEA repository. In addition, this study contrasts five deep learning
models with the non-deep ROCKET algorithm, providing a clearer understanding of the relationship between
data structure and model accuracy.

3. Materials and Methods

3.1. Classification Algorithms
To evaluate the performance and interpretability of representative approaches for Multichannel Time Series
Classification (MTSC), six algorithms were selected. These include five deep learning models—One dimensional
CNN, LSTM, ResNet, InceptionTime, and Transformer—and one nondeep method, ROCKET. Together they
capture the principal paradigms used in MTSC research: convolution-based, recurrent, attention-based, and
kernel-based learning. All models were implemented using publicly available code within the sktime framework
(Löning et al., 2019) and trained under comparable hyperparameter settings to ensure fairness across datasets.
HIVE-COTEv2, a heterogeneous meta-ensemble for MTSC, was excluded due to scalability issues with
highdimensional or long time series data (Pasos et al., 2021). Other ensemble approaches were omitted for
similar reasons. The following subsections provide brief overviews of each classifier.

3.1.1. The Random Convolutional Kernel Transform (ROCKET)
Introduced by Dempster et al. (2020), represents a fast, non-deep learning alternative that transforms time
series into high-dimensional feature spaces using thousands of randomly generated convolutional kernels.
For each kernel, two statistics—the maximum value and the Proportion of Positive Values (PPV)—are extracted
and used to train a linear classifier such as ridge or logistic regression. This approach achieves high accuracy
with minimal parameter tuning and scalability to large datasets. The multivariate extension randomly assigns
kernels to channels, aggregating responses across dimensions to form a fixed-length representation.

For each of the 10,000 kernels, parameters are sampled as follows: The kernel length l is selected such that,
l  {7, 9, 11}; the weight, wi, in the kernel is selected such that, wi ~ N( = 0, 2 = 1); dilation d is drawn from an
exponential distribution scaled to the input length; and padding is applied with 50% probability. When
padding is enabled, zeros are added symmetrically to both ends of the time series, ensuring that the kernel’s
center aligns with all time-step positions.

The convolution between each time-series instance and a kernel can be interpreted as a dot product,
generating a feature map from which two statistics are extracted: the maximum value and the Proportion of
Positive Values (PPV). The PPV quantifies the fraction of the series that is positively correlated with the kernel
and has been shown to enhance classification accuracy. After applying all convolutions, each series is
represented by a 20000-dimensional feature vector, which is subsequently used to train a ridge regression
classifier.

A multivariate extension of ROCKET is available in Python’s sktime library (Löning et al., 2019). In this
version, kernels are randomly assigned to channels, with weights generated per channel. Convolution operates
as a matrix dot product across channels, and the maximum and PPV values are computed jointly over all
dimensions for each kernel, producing a 20000-dimensional feature representation. Ridge regression is typically
employed due to its efficiency in tuning the regularization parameter through cross-validation. However, for
very large datasets where the number of instances greatly exceeds the number of features, logistic regression
optimized via stochastic gradient descent offers better scalability. Overall, ROCKET transforms each time
series into a high-dimensional feature space, analogous to the kernel mapping performed by Support Vector
Machines (SVMs).

3.1.2. Residual Network (ResNet)
ResNet was first introduced for time series classification by Wang et al. (2013). It consists of sequential
convolutional blocks connected through identity shortcuts that facilitate gradient flow and mitigate vanishing-
gradient issues. A global average-pooling and soft-max layer perform final classification. ResNet serves as a
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baseline for evaluating deep convolutional architectures in time series applications. In this study, we use the
same hyperparameters and optimizer settings as in Fawaz et al. (2019), with implementation provided through
the sktime interface to their original code (Löning et al., 2019).

3.1.3. InceptionTime
InceptionTime (Fawaz et al., 2020) extends the ResNet by incorporating Inception modules that apply
convolutions of multiple lengths in parallel, enabling the model to detect patterns at different temporal scales.
An ensemble of five networks with independently initialized weights enhances robustness and stability. Each
network includes two blocks, each containing three Inception modules, unlike ResNet’s three blocks of standard
convolutional layers. In similar way to ResNet, these blocks use residual connections and conclude with
global average pooling and a soft-max layer.

3.1.4. One Dimensional Convolutional Neural Network (CNN-1D)
Numerous CNN architectures—such as LeNet, AlexNet, and GoogleNet (Khan et al., 2020)—have been employed
for multivariate time series classification. In this work, we implemented a sequential 1D Convolutional Neural
Network (CNN-1D) model (Kiranyaz et al., 2021; Acuna et al., 2024), which is particularly well-suited for
analyzing sequential data such as time series and spectral data. In the CNN-1D model, each time series is
represented by the input shape parameter of the Conv1D layer, defined by the number of feature maps (filters)
and the kernel size. The number of feature maps determines how many distinct representations of the input are
learned, while the kernel size specifies the number of time steps considered when generating each feature map.

In our experiments, the number of feature maps was varied between 32 and 256, with kernel sizes of 2 or 3.
Each Conv1D layer was followed by a MaxPooling1D layer with a pool size of 3, and this block was repeated
three times. A flatten layer was then added, followed by three fully connected (dense) layers with 64 neurons
each. The output layer matched the number of dataset classes and employed the softmax activation function.
Because most datasets contained a limited number of features, we did not include a dropout layer. The
architecture of the CNN-1D model used for the SCP1 dataset is illustrated in Figure 1. The model was trained
for 300 epochs with a batch size of 256, optimizing the categorical cross-entropy loss function using the Adam
optimizer, a variant of stochastic gradient descent.

Figure 1: CNN-1D Architecture Used for the SCP1 Dataset

3.1.5. LSTM
In a Multilayer Perceptron (MLP), each neuron is fully connected to the neurons of adjacent layers, with no
intra-layer connections. In contrast, a Recurrent Neural Network (RNN) incorporates a weighted sum of
previous inputs into the hidden layer’s computation, enabling it to account for both the current input and
prior outputs (Sak et al., 2014). This recurrent feedback mechanism allows the network to capture temporal
dependencies and contextual information, making RNNs well-suited for sequential data such as time series
and spectral signals.

However, standard RNNs suffer from short-term memory limitations, making it difficult to retain
information over long sequences. Long Short-Term Memory (LSTM) networks, a specialized type of RNN,
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overcome this issue by introducing gating mechanisms that control the flow of information (Cura et al.,
2020; Xu et al., 2020). These gates enable the network to decide which information to retain, update, or forget,
allowing LSTMs to effectively model long-term dependencies and improve predictive performance across
extended sequences.

3.1.6. Transformers
Vaswani et al. (2017) introduced attention-based neural networks—known as Transformers—originally
developed for Natural Language Processing (NLP) tasks, where word sequences follow grammatical and
syntactic order. In a Transformer model, an input sequence (e.g., text in English) is mapped to an output
sequence (e.g., text in Spanish). When applied to time series analysis, where data are chronologically ordered
in time steps, the Transformer predicts future values along the temporal axis based on prior observations.
Owing to its ability to capture long-range dependencies and complex interactions, the Transformer architecture
has proven highly effective for time series modeling, often outperforming RNN and LSTM models in various
applications (Qingsong et al., 2023; Zerveas et al., 2021; Wang et al., 2022).

A defining characteristic of the Transformer is its use of attention heads, which learn dependencies between
each time step and all others within the input sequence. The model dynamically adjusts attention weights to
emphasize relevant temporal relationships while diminishing less important ones, with a score matrix
representing the strength of association among time steps.

The Transformer architecture comprises stacked Encoder and Decoder layers, each incorporating
Embedding layers for their respective inputs. The final output layer produces the model’s predictions. Within
each attention block, key components include a Self-Attention mechanism, Layer Normalization, and a Feed-
Forward network, where the input and output dimensions of each block are identical.

3.2. Datasets
This study uses 16 out of the 30 MTSC datasets from the UEA repository (Bagnall et al., 2017). Several datasets
were excluded for specific reasons. Four of them—Insect Wingbeats, Spoken Arabic Digits, Character Trajectories,
and Japanese Vowels—were omitted due to unequal time series lengths, which would require preprocessing
that could bias classifier comparisons. Another four—AtrialFibrillation, ERing, StandWalkJump, and
BasicMotions—have fewer than 50 training instances, which poses challenges for deep learning models.
However, BasicMotions was retained to assess model behavior on small datasets.

Four datasets—Libras, LSST, PendDigits, and RacketSports—contain very short time series (fewer than 50
time steps), which may limit the effectiveness of machine learning models. Of these, we included Libras and
RacketSports. In contrast, EigenWorms and MotorImagery have extremely long time series (over 2,000 time
steps), which can burden models and degrade accuracy. While binning could reduce dimensionality, we
excluded these datasets to ensure fair comparisons. The Phoneme dataset was also omitted due to its small
training set and large number of classes (39), which could hinder classifier performance.

Lastly, the Handwriting and UWaveGesture datasets were excluded due to their small training sets relative
to the size of their test sets. This imbalance, combined with low training set dimensionality, tends to result in
poor performance for deep learning models.

Table 1 provides a summary of these datasets, arranged in descending order of mean accuracy obtained in
our experiments. In the first column, among parenthesis, appears the reference for each dataset. The Train × Ch
and Train × Ch/L metrics are used as proxies for data complexity. It is evident the Face Detection (FD) is the
most complex dataset. The last column represents the baseline random accuracy in percentage. For instance,
in the AWR dataset this accuracy is 4%, since (1/25)100 = 4. For the EPI dataset the default accuracy is
26.881% since (37/138)100 = 26.81, 37 is the largest group size in the training set of the dataset.

3.3. Research Workflow
We have applied two filter methods to select relevant features in time series: the F-test and the Mutual Information
criterion. The F-test for a given feature assesses the ratio of between-group to within-group variance. Features
with higher F-test values are considered more relevant for classification. Given the high dimensionality of the
data, we compute p-values for each feature using the F-test and then transform them into scores using the
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negative logarithm. A feature is deemed relevant if its normalized score—defined as score/max/(score) is
greater than 0.5, a threshold chosen for practical effectiveness.

The second method, Mutual Information, quantifies the statistical dependence between each feature and
the class labels. Features with higher mutual information scores are more informative. These scores are also
normalized by dividing each by the maximum score, and features with a normalized value above 0.5 are
selected as relevant.

For channel selection, we use the method implemented in the sktime library, based on the approach proposed
by Dhariyal et al. (2021). This method represents each class using a prototype time series and evaluates
channels based on the distance between these class prototypes. Channels contributing to greater separation
between classes are considered more informative.

Some UEA datasets are not pre-normalized. For these, we apply z-score normalization to the training set:
Normalized Train value = [Train value – mean(Train)/std.dev(Train). The test set is normalized using the mean
and standard deviation computed from the training data.

In order to establish separability among the time series between groups in the training set, first we computed
the averaged time series for each group, GX  where G = 1, …, N, N stands by the number of groups. Here, we
used:

,1 ,L, ,i ii G i G
G

G G

x x
X

n n
 

 
   
 

 
 ...(1)

Dataset Train Test Channels (Ch) Length Groups Train*Ch Train*Ch/L Acc. Default % 

CRI (Ko et al., 2005) 108 72 6 1197 12 648 0.54 8.33 

BM (Bagnall et al., 2018) 40 40 6 100 4 240 2.40 25.00 

EPI (Villar et al., 2016) 137 138 3 206 4 411 1.99 26.80 

NATOPS (Ghouaiel et al., 
2017) 180 180 24 51 6 4320 84.70 26.81 

AWR (Wang et al., 2013) 275 300 9 144 25 2475 17.18 4.00 

RS (Bagnall et al., 2018) 151 152 6 30 4 906 30.20 28.30 

PEMS (Cuturi, 2011) 267 173 963 144 7 257121 1786.00 17.34 

SCP1 (Birbaumer et al., 
1999) 268 293 6 896 2 1608 1.79 50.20 

LIB (Dias and Peres, 
2008) 180 180 2 45 15 360 8.00 6.70 

HB (Goldberger et al., 
2000) 204 205 61 405 2 12444 30.70 72.19 

FD (Olivetti et al., 2014) 5890 3524 144 62 2 848160 13680.00 50.00 

DDG (Xeno-canto, n.d.) 50 50 1345 270 5 67250 249.00 20.00 

SCP2 (Birbaumer et al., 
1999) 200 180 7 1152 2 1400 1.22 50.00 

FM (Blankertz et al., 2002) 316 100 28 50 2 8848 177.00 51.00 

HMD (Olivetti et al., 
2014) 160 74 10 400 4 1600 4.00 40.54 

EC (Large et al., 2018) 261 263 3 1751 4 783 0.44 25.09 

Table 1: Summary of the Datasets Considered in the Experiments
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where L is the number of timestamps of the time series and nG is the number of time series in the group G. After
that, we compute both the Euclidean distance and the Dynamic Time Warping (DTW) distance between the
averaged time series of the groups.

The DTW distance between two time series, X and Y, is defined as the minimum total cost of an optimal
warping path that aligns the sequences. This optimal path, found using dynamic programming, starts at (1,1)
and ends at (N, M) with each step D(i, j) calculated recursively using:

D(i, j) = |X(i) – Y(j)| + min{D(i – 1, j), D(i, j – 1), D(i – 1, j – 1)} ...(2)

The starting distance is taking as D(1, 1) = |X(1) – Y(1)|.

DTW is an algorithm designed to align and compare two time series. Unlike other methods that compare
points strictly by their position in the sequence, DTW emphasizes similarities in the overall shape of the data.
In this paper we have used the Python’s library dtaidistance (Meert et al., 2025) to compute the DTW distance.

Our research workflow diagram is shown in Figure 2:

Figure 2: Flow Chart of Research Process
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4. Results

4.1. Classifiers Accuracy Results
Table 2 reports the mean and standard deviation of test accuracy across ten independent runs for each dataset-
algorithm pair. ROCKET employed 20,000 random kernels. ResNet and InceptionTime were trained for 300
and 200 epochs, with batch sizes of 16 and 64, respectively. CNN-1D, LSTM, and Transformer models were
trained for 300 epochs with a batch size of 32. All experiments were conducted in Python 3.10.9 using scikit-
learn, Keras, and TensorFlow 2.0.

The highest-performing results for each dataset are highlighted in bold. In cases of statistically
indistinguishable performance, multiple algorithms are bolded. To assess statistical significance, pairwise
comparisons among classifiers were performed using the non-parametric Wilcoxon signedrank test.

Across the sixteen datasets, ROCKET achieved the highest accuracy in eleven cases, confirming its robustness
and scalability for multichannel time series. Its performance was particularly strong on medium-sized datasets
such as Cricket, Basic Motions, Epilepsy, and AWR, where clear inter-class separation and moderate channel
counts favored convolutional kernel representations. CNN-1D obtained competitive or best performance in
six datasets, indicating that shallow convolutional models can rival deeper architectures when temporal
patterns are locally structured. InceptionTime produced solid results on four datasets, benefiting from its
multi-scale convolutions but showing sensitivity to limited training data.

Conversely, Transformer and LSTM-based models tended to underperform, especially in datasets with few
instances per class (AWR, DDG) or very short sequences (LIB, RS). Their accuracy improved only in larger,
more regular datasets such as PEMS-SF and Heartbeat, where longer temporal context was beneficial. ResNet
consistently ranked among the lowest-performing architectures, likely due to overparameterization relative to
dataset size.

Overall, the Wilcoxon analysis confirmed that ROCKET outperformed the remaining algorithms at a 5%
significance level in most pairwise comparisons. Among deep learning methods, CNN-1D showed no
statistically significant difference from ROCKET on several small- and mid-scale datasets, highlighting its
efficiency and generalizability.

Dataset LSTM CNN-1D Transformer ResNet Inception Time Rocket

CRI 93.20±4.96 94.10±2.18 69.00±7.15 98.84±0.57 98.41±0.96 100.00±0.00

BM 97.00±1.82 100.00±0.00 82.85±6.98 97.00±6.70 55.20± 2.82 100.00±0.00

EPI 82.53±1.79 83.48±1.44 76.45±3.33 94.05±4.30 93.62±5.11 99.20±0.79

NATOPS 83.99±1.69 91.67±1.94 77.07±5.09 92.88±2.68 94.27±1.14 88.32±0.64

AWR 87.92±2.09 92.93±1.26 48.78±3.19 93.36±5.70 97.56±2.22 99.29±0.18

RS 75.80±1.98 82.00±2.89 66.00±4.26 88.68±2.0 88.28±1.35 91.17±0.59

PEMS 89.70±2.22 88.55±4.27 78.09±2.78 73.80±6.95 73.86±6.21 81.26±1.44

SCP1 77.74±1.51 85.60±2.11 75.63±2.91 73.03±6.40 76.79±8.80 84.88±1.02

LIB 74.60±6.27 79.50±2.27 54.50±3.17 81.66±10.51 87.44±0.63 90.55±0.39

HB 71.70±1.21 73.56±1.30 73.72±2.13 57.56±9.77 67.36±9.45 74.48±0.94

FD 63.62±0.79 61.14±0.46 61.38±1.14 55.26±1.14 65.92±0.94 58.67±0.55

DDG 51.80±5.62 62.00±4.42 42.60±6.80 59.80±4.46 61.20±2.35 49.40±3.27

SCP2 53.93±2.67 53.60±2.01 51.94±2.80 51.10±1.75 52.77±2.79 55.16±2.06

FM 51.79±3.18 51.80±2.09 50.40±3.02 53.60±4.14 55.20± 2.82 55.10±1.28

HMD 38.11±8.14 52.30±2.40 36.10±4.35 30.40±3.89 40.80±1.89 50.89±3.57

EC 26.92±1.90 41.50±10.36 27.97±2.35 27.63±2.18 28.09±2.79 40.83±1.88

Table 2: Accuracy of Deep Learning Classifiers Evaluated in the Testing Set
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When aggregating results across all sixteen datasets, ROCKET obtained the highest mean test accuracy
( 82%) and the lowest standard deviation ( 1.8%), indicating strong stability. CNN-1D and InceptionTime
followed with mean accuracies of approximately 77% and 74%, respectively. LSTM and Transformer models
achieved lower averages near 63%, while ResNet presented the lowest overall mean accuracy, below 60%.
Based on average ranks across datasets, ROCKET placed first, CNN-1D second, and InceptionTime third.
These results demonstrate that shallow convolutional or kernel-based methods remain competitive—even
against modern deep architectures—particularly when training data are scarce, or channel dimensionality is
high.

Collectively, these outcomes underscore that data dimensionality and sample size are dominant
determinants of classifier effectiveness. Models emphasizing convolutional feature extraction (ROCKET,
CNN-1D, InceptionTime) adapt better to medium-length, multichannel series, whereas attention- or
recurrence-based networks require substantially more training instances to achieve comparable
performance.

These findings suggest that data dimensionality and sample size critically determine classifier performance.
Models emphasizing convolutional feature extraction (ROCKET, CNN-1D, InceptionTime) adapt better to
multichannel data with moderate sequence length, whereas attentionand recurrence-based architectures require
substantially more training examples to achieve comparable accuracy. These trends motivated the subsequent
visual analyses presented in Section 4.2, aimed at understanding how channel relevance and feature separability
explain the observed performance differences.

4.2. Discussion of Individual Dataset Results
This section provides visual and quantitative analyses of feature and channel behavior across datasets. Feature
selection results are also reported for each training set: the F-test was applied to normalized datasets, whereas
the Mutual Information criterion was used for unnormalized data. Due to space constraints, some figures have
been omitted but are available for download at github.com/eacunafer.

In each dataset we have computed several measures. First, the percentage of relevant channels. Second, the
percentage of the relevant features using both the F-test and the Mutual Information criterion. Third, we
present the minimum Euclidean distance as well as the DTW distance between the averaged time series by
group. These minimum of these distances are taken to have an idea of the degree of groups separation. Finally,
we present the mean DTW distance between the groups in the training and testing sets in a pairwise way. This
last score is computed to measure the similarity between training and testing sets in each dataset. All the
results are summarized in Table 3.

4.2.1. Cricket (CRI)
In the Cricket dataset, the unnormalized time series values range from -10 to 12. As shown in Figure 3, most of
the six channels exhibit distinct group-wise mean curves with minimal overlap, indicating high discriminative
potential across classes. The sktime channel selection method corroborates this observation, identifying all six
channels as relevant (Table 3). In contrast, both feature selection techniques applied in this study—the F-test
and the Mutual Information criterion—highlight that only a small proportion of individual features contribute
significantly to classification. However, there is a good separation distance among the mean time series by
groups in the training set (see Table 3). Also, Figure 4 validates this assertion. The training and testing datasets
behave somehow similarly, as illustrated by their mean time series by group in Figure 4. Together, these
visualizations suggest that classifier performance in this dataset is influenced more by the channel relevance
than feature relevance.

4.2.2. Basic Motions (BM)
In the Basic Motions dataset, unnormalized time series values range from -30 to 35. As illustrated in Figure 5,
only the first three channels appear to be the most relevant for classification, with minimal overlap between
group-wise mean curves. This claim agrees with the result obtained by the channel selection method (see Table
3). According to the distances between the mean time series group, shown in Table 3, there is a good separation
among the groups in the training set. This assertion is also supported by Figure 6. On the other hand, the
training and testing datasets exhibit similar distributions as shown in Figure 6. These observations indicate
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Table 3: Summary of Several Measures Computed for Each Dataset

CRI 100.00 2.59 7.60 1.43 1.40 1.40 7.90

BM 50.00 9.00 9.00 1.51 0.92 0.92 0.76

EPI 33.33 0.48 7.28 1.60 1.46 1.46 3.12

NATOPS 70.83 5.88 17.64 0.37 0.36 0.36 0.37

AWR 100.00 0.69 11.81 0.66 0.52 0.52 0.57

RS 66.67 3.33 46.66 0.44 0.31 0.31 0.30

PEMS 33.02 4.86 14.58 0.05 0.05 0.05 1.45

SCP1 50.00 0.55 1.34 2.47 2.45 2.45 22.15

LIB 100.00 20.00 37.77 1.59 1.37 1.37 3.51

HB 14.75 0.49 11.85 0.37 0.37 0.37 12.92

FD 8.33 14.52 19.35 0.02 0.01 0.01 0.05

DDG 28.77 1.11 10.00 0.20 0.20 0.20 8.76

SCP2 71.40 0.17 0.00 2.19 2.18 2.18 18.14

FM 21.42 12.00 14.00 0.06 0.06 0.06 3.06

HMD 20.00 8.25 13.00 4.34 3.75 3.75 5.05

EC 100.00 2.85 21.01 3.60 3.58 3.58 21.91

Mean DTW Dist
Train_test

Min DTW
Dist_group

% of Relevant
Features Min Eucl.

Dist_group
Min DTW
Dist_group

% of Relevant
Channels

Dataset

F-test MI

Figure 3: Averaged Time Series by Channel across the Twelve Groups in the CRI Normalized
Training Dataset. Channels are Color-Coded as Follows: Ch1 = Black, Ch2 = Red, Ch3 = Blue, Ch4 =
Cyan, Ch5 = Magenta and Ch6 = Gray

that, in the BM dataset, classifier performance is more influenced by informative channels and strong similarity
between training and testing sets than by feature patterns.
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Figure 4: Averaged Time Series across All Groups for the CRI Dataset: Training Set (Top) and Testing
Set (Bottom)

Figure 5: Average Time Series by Group across the Six Channels in the BM Normalized Training
Dataset. Groups are Color-Coded as Follows: G1 = Black, G2 = Red, G3 = Blue and G4 = Cyan

4.2.3. Epilepsy (EPI)
Figure 7 presents the group-wise mean time series for each channel, showing that only the third channel
exhibits clear class-discriminative patterns, while the remaining channels display substantial overlap among
groups. This conclusion agrees totally with the one obtained using the channel selection criterion (see Table 3).
However, the feature selection methods do not report a high percentage of relevant features (see Table 3).
Figure 8 further illustrates the group-wise mean time series across the training and testing datasets, highlighting
consistent temporal patterns between training and testing data. A clear separation is observed among the four
mean time series curves, suggesting some features are highly informative. Together, these visualizations suggest
that classifier performance in this dataset is influenced by channel and feature relevance as well as similarity
between training and testing sets.
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Figure 6: Averaged Time Series for the BM Dataset: Training Set (Top) and Testing Set (Bottom)

Figure 7: Averaged Time Series by Channel, Segmented by Group, for the EPI Training Dataset

4.2.4. NATOPS
As shown in Figure 9, in this dataset many channels demonstrate relevance for classification, evidenced by the
limited overlap among group-wise mean time series curves. This claim agrees with the high percentage of
relevant channels for NATOPS shown in Table 3. In the same table it is shown that a reasonable percentage of
features are considered relevant. Figure 10 shows that there is a good separation between the mean time series
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Figure 8: Averaged Time Series Segmented by Group for the EPI Training Dataset (Top) and Testing
Dataset (Bottom)

Figure 9: Mean Values of the Channels, Segmented by Group (G1 = Black, G2 = Red, G3 = Blue, G4 =
Cyan, G5 = Magenta, G6 = Orange), for the NATOPS Training Dataset
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for all six groups in both the training and testing datasets. These observations indicate that, in the NATOPS
dataset, classifier performance is more influenced by informative channels than by feature patterns as well as
a good similarity between training and testing sets.

4.2.5. Articulacy Word Recognition (AWR)
As shown in Figure 11, up to five channels appear to be clearly relevant for the classification task. Despite this,
the channel selection method from sktime identifies all nine channels as relevant (see Table 3). Channel
selection results may be affected by the presence of outliers that may reduce the test’s sensitivity. In each
channel there is a substantial overlap among the group-wise mean time series curves. Also, in Table 3, we can
see a low percentage of relevant features and a modest separation between the mean time series by group in the
training set. The training and testing sets also show highly similar feature behavior. These findings suggest
that, in this dataset, classification performance depends more on channel-specific patterns than on individual
feature behavior. The Transformer’s performance is hindered by the dataset’s imbalance between the large
number of classes (25) and the small number of instances per class (11). Excluding the Transformer, this
dataset produced the highest classification accuracy overall. Notably, applying channel selection via the
sktime library did not improve Transformer results.

4.2.6. Racket Sports (RS)
In this dataset, unnormalized time series values range from -35 to 35. As shown in Figure 12, most of the six
channels appear relevant for classification. The channel selection method identifies 66.67% of channels as
important (see Table 3). Figure 13 shows a clear separation among the groupwise time series in the training
dataset. The training and testing datasets exhibit similar behavior, as illustrated in the same figure. Together,
these visualizations suggest that classifier performance in this dataset is influenced by channel and feature
relevance as well as a high similarity between training and testing sets.

Figure 10: Averaged Time Series Segmented by Group for the NATOPS Training Dataset (Top) and
Testing Dataset (Bottom)
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Figure 11: Mean Time Series Values for the 25 Groups in Each of the Nine Channels of the AWR
Training Dataset

Figure 12: Averaged Time Series Values by Group (G1 = Black, G2 = Red, G3 = Blue, G4 = Magenta)
across the Six Channels of the RS Training Dataset
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Figure 13: Averaged Time Series across All Groups for the RS Dataset: Training Set (Top) and Testing
Set (Bottom)

4.2.7. PEMS-SF
The dataset includes 963 channels, representing a high-dimensional multivariate structure. Figure 14 shows
only the first 20 channels, and we can see some degree of separation among the mean time series of the seven
groups. The channel selection method identifies only 33.02% out of 963 channels as important (see Table 3).
There is only a small separation between the mean time series by group in the training set. Also, we can notice
that there is some similarity between the training and testing distributions as reflected by the averaged time
series of the seven groups. This last fact can help the classifier performance for this dataset.

Figure 14: Averaged Time Series of the Seven Groups (G1 = Black, G2 = Red, G3 = Magenta, G4 =
Green, G5 = Brown, G6 = Yellow, G7 = Blue) across the First 20 Channels of the PEMS Training Dataset

4.2.8. SelfRegulationSCP1 (SCP1)
The unnormalized time series values in this dataset range from -75 to 125. As shown in Figure 15, there is clear
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separation between group-wise mean time series values across most of the 6 channels throughout the time
series, except at the initial segment of the signals. Despite this, the channel selection method identifies only
three channels (50%) as relevant. Figure 16 shows a good separation in mean time series values across groups
in the training set. Once again, both feature selection methods report a very low percentage of relevant features.
These claims suggest that channel-level information may be more influential than feature-specific patterns in
driving classifier performance. Furthermore, a substantial difference exists between the training and testing
sets based on the behavior of their averaged time series by group. This indicates significant distributional
dissimilarity, which may impact model generalization.

Figure 15: Averaged Time Series by Group (G1 = Black, G2 = Red) across the Six Channels of the
SCP1 Training Dataset

Figure 16: Averaged Time Series Segmented by Group for the SCP1 Training Dataset (Top) and
Testing Dataset (Bottom)
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4.2.9. Libras (LIB)
In the Libras dataset, the data is normalized. As shown in Figure 17, both channels appear relevant to the
classification task. Figure 17 suggests that both channels are informative for classification. Despite only moderate
separation among the group-wise mean time series, a considerable number of features demonstrate
discriminative power. In the same figure, the training and testing datasets exhibit some similarity of their
averaged time series by group. These claims suggest that both channel-level information feature-specific patterns
help classifier performance. In addition to that, it is also worth noting that the time series are very short,
containing only 45 time steps. This last fact hurts the performance of Deep Learning classifiers.

4.2.10. Heartbeat (HB)
The training set is imbalanced, containing 147 instances in one class and 57 in the other, a disparity that
negatively impacts classifier performance. Figure 18 shows substantial overlap in channel-wise mean values
across the two groups, indicating that only a few channels are useful for classification. Consistently, the
channel selection method from the sktime library identifies just 14.75% of channels as relevant (see Table 3).
Figure 19 illustrates the averaged time series by group for both training and testing data. Based on that, the
feature pattern behavior between training and testing sets seems to differ considerably. Also, there is a very
small separation between the mean time series by groups in both sets. These factors may explain the moderate
accuracy achieved by the classifiers on this dataset.

Figure 17: Averaged Time Series by Channel (Ch1 = Black, Ch2 = Red) across the Fifteen Groups of the
LIB Training Dataset
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Figure 18: Averaged Time Series by Channel across Both Groups of the HB Training Dataset. Relevant
Channels are Displayed in Non-Black Colors

Figure 19: Averaged Time Series Segmented by Group for the HB Training Dataset (Top) and Testing
Dataset (Bottom)
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4.2.11. Face Detection (FD)
Figure 20 shows some overlap in the mean time series across groups for the first 20 channels, indicating
limited group separation. The channel selection method available from the sktime library identifies only 8.33%
of the 144 channels as relevant for classification (see Table 3). The testing dataset exhibits a strong resemblance
to the training dataset. Also, there is a very small separation between the mean time series by groups in the
training set as well as the testing set. This justifies the low percentage of relevant features. Together, these
findings suggest that achieving high classification accuracy on this dataset may be inherently challenging
due to the limited discriminative information available.

Figure 20: Mean Values of the First 20 Channels, Segmented by Group (G1 = Black, G2 = Blue), for the
FD Training Dataset

4.2.12. Duck Duck Geese (DDG)
This dataset is characterized by extremely high dimensionality, with 1,345 channels, and exhibits substantial
overlap in the mean time series across the five groups in most channels. According to the channel selection

Figure 21: Mean Time Series Values in the First 20 Channels, Segmented by Group (G1 = Black, G2 =
Blue, G3 = Red, G4 = Cyan, G5 = Magenta), for the Normalized DDG Training Dataset. Very High Peaks
are Observed in Groups 1 and 5
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method only 28.77% of the channels are relevant for classification. Additionally, the training set is relatively
small, containing only 50 instances, 10 of them in each of the 5 groups. Some mean time series include
pronounced spikes or outliers within specific ranges, as shown in Figure 21. There is a limited separation in
the averaged time series by groups of the training set. Also, we can see that the training and testing sets differ
notably. The small number of instances hampers the performance of the Transformer model. Attempts to
mitigate this limitation through data augmentation using autoencoders were not successful. Overall,
classification on this dataset is particularly challenging due to limited discriminative channel information,
differences in the probabilistic distribution between training and test sets, and the presence of outliers in the
training set.

4.2.13. SelfRegulationSCP2 (SCP2)
This dataset is like the SCP1 dataset but differs from it in that it contains a greater number of timestamps and
one additional channel. The data is unnormalized, with training time series values ranging from -35 to 120. As
shown in Figure 22, there is substantial overlap in the mean time series across channels for both groups, and
only three channels appear visually relevant. However, the channel selection method identifies five relevant
channels, 71.4% of the total. There is minimal separation between the averaged time series by group.
Additionally, there is a notable distributional shift between training and testing data. These factors collectively
suggest that this dataset presents a substantial classification challenge due to weak class separability, minimal
feature relevance, and a pronounced mismatch between training and testing distributions.

4.2.14. Finger Movements (FM)
The unnormalized time series values in this dataset range from -170 to 200. Figure 23 shows that most channel-
wise mean time series display significant overlap across groups. The channel selection method implemented
in the sktime library identifies only 21.42% of the 28 channels as relevant for classification (see Table 3). Also,
there is a very small separation between the mean time series by groups in the training set. Additionally, there
is a high distributional shift between training and test data. It is also worth noting that the time series are very
short, containing only 50 time steps. All of the factors mentioned above contribute to the suboptimal performance
of classifiers on this dataset.

4.2.15. Hand Movement Direction (HMD)
The unnormalized time series values in this dataset range from -750 to 1000. As shown in Figure 24, there is
considerable overlap among several channel-wise mean curves across groups, suggesting that most of the
channels may carry limited discriminative information for classification. The channel selection method applied

Figure 22: Averaged Time Series by Channel across Groups for the SCP2 Training Dataset
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Figure 23: Mean Values by Channel, Segmented by Group (G1 = Black, G2 = Red), for the FM Training
Dataset

Figure 24: Mean Values by Channel, Segmented by Group (G1 = Black, G2 = Red, G3 = Blue, G4 =
Olive), for the HMD Training Dataset
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in this study identifies only 20% of channels as relevant (see Table 3). In Figure 25, we can see distinguish
clearly the mean time series corresponding to the four groups in the training dataset. Also, a different mean
time series group behavior between the training and testing sets can be observed. These factors along with a
limited feature relevance (see Table 3) contribute to reduced classifier performance on this dataset.

4.2.16. Ethanol Concentration (EC)
This dataset is unnormalized, with time series values ranging from 0 to 25,000. It has a very number of
timestamps. As shown in Figure 26, the group-wise mean time series are distinguishable across all three
channels—particularly in the middle portion of the signal—suggesting that all channels contribute meaningfully
to classification. This observation aligns with the channel selection results from the sktime method, which

Figure 25: Mean Time Series Segmented by Group for the HMD Training Dataset (Top) and Testing
Dataset (Bottom)

Figure 26: Mean Values by Group (G1 = Black, G2 = Red, G3 = Blue, G4 = Magenta) across the Three
Channels of the Ethanol Concentration Training Dataset
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also identifies all three channels as relevant. In Figure 27, we can notice a fair separation between the mean
time series by groups. Also, we can see that the distributional similarity between the training and testing
datasets is relatively low. This suggest that the different behavior of the training and testing sets make
classification a difficult task.

Figure 27: Mean Time Series across Groups for the EC Training Dataset (Top) and EC Testing Dataset
(Bottom)

The visual analyses presented above reveal that classifier performance in multichannel time series
classification is largely governed by the structural properties of the data rather than by architectural complexity
alone. Datasets exhibiting clear class separability, a high proportion of informative channels, and strong
alignment between training and testing distributions consistently yielded higher accuracies across models.
Conversely, datasets with substantial inter-set divergence or a surplus of weakly relevant channels produced
unstable or degraded results, regardless of the algorithm employed. These findings establish a direct link
between the visual metrics and quantitative outcomes discussed in Section 4.1 and provide the empirical basis
for the conclusions outlined in the following section.

5. Conclusion
In this study, visualization techniques were employed to identify datasets that pose particular challenges for
classification and to examine whether classifier performance is more strongly influenced by channel-level
behavior or feature-level patterns. Overall, satisfactory performance was achieved primarily in the first six
datasets listed in Tables 1-3. The results indicate that the proportion of selected channels exerts a greater
influence on classification accuracy than the proportion of selected feature patterns. An exception appears in
the EC dataset, where high dissimilarity between the training and testing sets degraded classifier performance.
Across all classifiers, accuracy declined in datasets with a small number of instances per class, whereas
greater separability among group-wise mean time series—whether at the channel or feature level—was
associated with improved performance, as evidenced by the comparison between the SCP1 and SCP2 datasets,
both from the same domain.

Additional observations reinforce these findings. Classifier performance diminished in cases of substantial
distributional differences between the training and testing data, such as in the FM and HMD datasets. The



Edgar Acuña and Roxana Aparicio / Int.Artif.Intell.&Mach.Learn. 6(1) (2026) 55-81 Page 79 of 81

Transformer model was particularly affected by datasets with few instances per class (e.g., AWR and DDG),
while deep learning classifiers underperformed on datasets containing very short time series, such as RS and
LIB.

There was substantial agreement between the visualization and the channel selection method in establishing
the percentage of relevant features. Lack of concordance was observed only in the CRI, AWR, PEMS, SCP1, and
SCP2 datasets.

Our accuracy results align closely with those reported in the literature, particularly by Pasos (2021). However,
we obtained superior results on three datasets: HMD, Heartbeat, and SCP2. Among the algorithms evaluated,
ROCKET demonstrated the highest overall performance, followed by CNN-1D, whereas Transformer and
ResNet models showed lower effectiveness. ROCKET’s performance declined in datasets with a large number
of channels, such as PEMS, FD, and DGG.

Some limitations in the use of visualization arise when dealing with a large number of channels, groups, or
timestamps. Therefore, it is advisable to apply dimensionality reduction techniques before visualization. We
also recommend performing channel selection prior to feature selection. Computation time increased
significantly with longer time series and higher dimensionality, particularly in the DDG, FD, and PEMS
datasets. For the Transformer model, computation time also scaled with the number of instances.

Taken together, these findings highlight the importance of considering both data characteristics and
methodological choices in multivariate time series classification. Variations in stationarity, class distribution,
and dimensionality were shown to strongly influence classifier performance, underscoring the need for careful
dataset analysis prior to model selection. While ROCKET and CNN-based approaches demonstrated robust
performance across many conditions, no single algorithm consistently outperformed others in all scenarios.
Future research should explore integrated approaches that combine visualization, channel selection, and
feature selection, as well as the development of more adaptive models capable of handling high-dimensional
and heterogeneous time series data.
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