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Abstract. Multisource time series classification is a critical computa-
tional challenge spanning diverse applications, from clinical health moni-
toring and human activity recognition to Earth observation. However, ef-
fectively integrating asynchronous, heterogeneous data streams remains
architecturally complex due to varying sampling rates, source-specific
noise, and distinct spatial-temporal resolutions. This paper presents a
comprehensive comparative analysis of fusion strategies for a multisource
time series dataset of Satellite Image Time Series (SITS) representing
urban tree species. We systematically assess the capabilities of existing
models through diverse feature extraction techniques, which we adapt in
this work to handle multisource data. To do this, we employ a broad
spectrum of deep and non-deep learning methods, specifically LITE,
TempCNN, MultiRocket, K-Nearest Neighbors across different distance
metrics, Quant, and Catch22. Crucially, the classifiers coupled with these
methods are systematically selected and tailored to match the specific
nature of the intermediate representations generated by each preced-
ing extraction block. By exploring these various architectural combina-
tions and fusion concepts, this work highlights the specific contributions,
strengths, and limitations of each method.

Keywords: Time series classification - Multisource time series - Satellite
Image Time Series

1 Introduction

The classification of time series data represents a foundational challenge within
the broader landscape of machine learning, underpinning critical applications
that range from human activity recognition [16], physiological monitoring [13]
to industrial anomaly detection [22] and the analysis of environmental satellite
imagery [24,1]. The main focus of recent research in Time Series Classification
(TSC) has predominantly centered on univariate sequences or homogeneous mul-
tivariate data [2].
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Recent advances in remote sensing, however, have fundamentally shifted the
nature of available data. Earth observation systems now routinely generate mul-
tisource Satellite Image Time Series (SITS), providing asynchronous, heteroge-
neous data streams. At its core, a SITS is formed by stacking multiple satellite
images acquired over the same geographic area across different dates. When
extracted at a pixel-wise level, this data structure yields a discrete temporal tra-
jectory that tracks the physical, chemical, or structural evolution of the Earth’s
surface over time. So many satellites capture or monitor our planet, such as Sen-
tinel satellites (S1, S2) from the European Spatial Agency (ESA) or PlanetScope
(PS). While combining multiple sensors, such as high-spectral-resolution data
and high-spatial-resolution imagery, offers a richer representation of complex
phenomena like urban phenology, it introduces significant architectural chal-
lenges in time series machine learning research.

Addressing these challenges requires moving beyond traditional homogeneous
models to develop robust multisource fusion concepts. The critical question lies
in determining at which stage of the modeling process these diverse sources
should be integrated: (1) at the feature level or (2) at the decision level.

This paper presents a comprehensive comparative analysis of fusion strategies
applied to a multisource SITS dataset for classifying urban tree species [1]. We
systematically assess the capabilities of existing state-of-the-art models by adapt-
ing diverse feature extraction techniques to handle heterogeneous data streams.
By evaluating a broad spectrum of deep learning (LITE [10], TempCNN [17]) and
non-deep learning methods (MultiRocket [21], K-Nearest Neighbors, Quant [6],
and Catch22 [14]) across different fusion paradigms, this work highlights the
specific contributions, strengths, and limitations of each model. Every methods
have been developed in a way to support multiple sources. Ultimately, we aim
to provide clear guidelines on effectively coupling classifiers with intermediate
representations to maximize multisource classification performance. The code is
available here : https://github.com/MSD-IRIMAS/multisource_ts_models.

2 Related Work

The field of Time Series Classification (T'SC) has evolved significantly from
traditional distance-based algorithms to highly optimized, computationally effi-
cient machine learning models. Historically, K-Nearest Neighbors coupled with
alignment-based similarity metrics like Dynamic Time Warping (DTW) [18] and
Move-Split-Merge (MSM) [20] served as a standard by effectively handling tem-
poral shifts in sequential data. However, the computational complexity of these
methods stimulated the development of alternative concepts.

Feature-based approaches, such as Catch22 [14], demonstrated that distilling
time series into a highly optimized set of statistical characteristics could rival
more complex models on specific tasks with a fraction of the computational
overhead. Similarly, interval-based methods like Quant [6] provided minimal-
ist frameworks for rapid feature extraction using quantile representations. More
recently, convolution-based algorithms, notably the ROCKET family and its
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successor, MultiRocket [21] have established new state-of-the-art baselines by
applying massive sets of random convolutional kernels to capture diverse tempo-
ral patterns with exceptional speed and accuracy [19]. Building upon this idea,
Hydra [5] introduced a highly efficient dictionary-based approach that utilizes
competing convolutional kernels. By bridging conventional dictionary pattern
matching with the speed of ROCKET-style transformations, and frequently de-
ployed as a combined models (Hydra+MultiRocket), these models concatenate
diverse feature spaces to allow simple linear classifiers to achieve unparalleled
predictive performance on complex temporal data.

In the domain of remote sensing and Earth observation, deep learning has
fundamentally transformed pixel-wise classification tasks. Unlike standard uni-
variate TSC, Satellite Image Time Series (SITS) data inherently embeds com-
plex, long-term environmental and phenological dependencies. Specialized archi-
tectures like TempCNN [17] were explicitly designed to capture these seasonal
dynamics in high-dimensional SITS through deep, stacked 1D convolutions.

The proliferation of diverse Earth observation sensors, such as the high-
spectral-resolution Sentinel-2 and the high-spatial-resolution PlanetScope, has
shifted research focus toward multisource data integration [24,1]. Handling asyn-
chronous, heterogeneous data streams introduces significant architectural chal-
lenges, primarily regarding the optimal stage for source fusion.

Literature broadly categorizes these approaches into two classes: early (feature-
level) and late (decision-level) fusion[7]. Feature-level fusion seeks to build a
joint representation by concatenating intermediate embeddings before classifica-
tion, theoretically allowing a model to learn cross-source synergies early in the
pipeline. Conversely, decision-level fusion isolates the feature extraction process,
aggregating the independent probabilistic outputs of source-specific classifiers at
the very end, it can also be represented by a majority vote. While early fusion
models have shown success in homogeneous multivariate settings, asynchronous
multisource datasets often introduce source-specific noise and varying activation
scales that can destabilize early joint representations. Systematic comparative
studies evaluating these fusions across both deep and non-deep state-of-the-art
TSC models remain scarce, highlighting the architectural gap this work addresses
in the context of urban forestry mapping.

3 Dataset

This study utilizes an open-source benchmark dataset specifically designed for
the SITS classification of urban tree species [1]. The dataset in Fig. 1 provides
temporally aligned, preprocessed surface reflectance values for the city of Stras-
bourg, France, structured into a ready-to-use format with train, test and valida-
tion splits.

The dataset contains 45 084 public trees, each tree is represented by two
multivarite time series source, where each source is originated from a different
satellite: PlanetScope (PS) and Sentinel-2 (S2). The ground truth labels and
geolocations are derived from a municipal database, restricted to the 20 most
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Fig. 1. Urban Tree Species Time-Series Classification Dataset: Histograms of tree-
species class frequencies and timestamp distributions across the dataset.

frequently occurring species. The dataset includes two different sources, both of
which are optical sources:

1. Sentinel-2 (S2): This source provides rich spectral information, capturing 10
distinct spectral bands at a spatial resolution of 10 to 20 meters. The S2
source incorporates 22 timestamps.

2. PlanetScope (PS): This source delivers higher spatial and temporal granu-
larity, providing 4 spectral bands at a 3.125-meter spatial resolution. The
PS source incorporates 45 timestamps.

For both sources, there is a cloud cover restriction: timestamps were kept
only if there is less than 10% clouds over the tile.

4 Adapting Existing TSC Models for Multisource Data

The primary objective of this study is to evaluate existing deep learning and
non-deep learning models from the literature on the multisource SITS urban
tree species classification dataset. In order to gain a deeper understanding of
this issue, we systematically evaluate both deep and non-deep learning methods
using various strategies. In this section, we detail several models based on distinct
approaches to multivariate time series classification.

4.1 Multi-Deep

Multi-Deep classifiers encompasses our deep learning-based strategies for mul-
tisource time series classification. We investigate two distinct methods in this
section: an approach based on intermediate feature-level fusion(FL), and an ap-
proach relying on a late probabilities aggregation: the Decision Level method(DL).
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Fig. 2. Multi-LITE Feature Level strategy taking as input two different sources, the
S2 source and the PS source.

Multi-Deep Feature Level In this strategy (Figure 2), a dedicated LITE [11]
or LITEMV [10] (depending on whether the source is univariate or multivariate)
block is applied independently to each source. This decoupled extraction strat-
egy allows the model to learn source-specific temporal patterns without early
cross-source interference. The resulting embeddings extracted from each block
are then concatenated and a batch normalization is applied. Applying a batch
normalization immediately after concatenation standardizes the joint represen-
tation, preventing any single source with larger activations from dominating the
subsequent learning phase. Furthermore, it stabilizes the internal covariate shift
caused by the decoupled branches converging at different rates. This feature-
level fusion generates a comprehensive joint representation that captures the
complementary information across all sources, which is subsequently fed into a
fully-connected classifier layer classifier explicitly tailored to map these combined
embeddings to the final classes.

Compared to many other time series classification models, such as Incep-
tionTime [12] or ResNet [23], LITE offers the advantage of being significantly
faster while achieving comparable or even superior performance. This efficiency
is primarily due to its parameter-efficient design, making it highly suitable for
feature-level multi-source frameworks where computational cost scales with the
number of inputs.

Similarly, we adapt this strategy by substituting the LITE modules with Tem-
pCNN modules [17]. While LITE has been made and excels for high-frequency
kinematic or physiological sensors, TempCNN was specifically designed to handle
the distinct characteristics of Satellite Image Time Series (SITS). This alterna-
tive is motivated by TempCNN'’s capacity to extract long-term temporal depen-
dencies, such as seasonal and phenological variations, using its deep architecture
of stacked 1D convolutions.

Multi-Deep Decision Level In this strategy, an end-to-end LITE or LITEMV
convolution-based deep classifier pipeline is deployed independently for each
source. However, instead of applying the argmax function directly to the out-
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Fig. 3. Multi-LITE Decision Level strategy.

put of each individual model, the probability distributions from all sources are
aggregated through an average, upon which the final argmax is computed to
determine the predicted class.

The primary advantage of this decision level strategy is its robustness to
source-specific noise. By not applying a feature fusion, instead aggregating the
probabilities at the decision stage, each network is exclusively optimized for its
respective source, preventing noisy or dominant sources from skewing the feature
representations early in the learning process. Finally, to ensure a comprehensive
comparative analysis, Multi-Deep Decision Level is similarly adapted by substi-
tuting LITE modules with TempCNN ones.

4.2 Multi K-Nearest Neighbors

K-Nearest Neighbors (KNN) classification is the most common baseline for time
series classification. KNN on time series data utilizes specific similarity measures
defined in the literature for sequential data. We use both Dynamic Time Warp-
ing (DTW) [18] and Move-Split-Merge (MSM) [20] similarity measures for the
multisource KNN classifier.

On one hand, DTW measures the similarity between two time series by first
re-aligning both series on the temporal axis before applying a euclidean distance.
On the other hand, MSM measures the similarity between two time series by
using a set of operations to transform one series into another. Each operation
has an associated cost, these operations are: move, split and merge. According
to many comprehensive evaluation ([9] and [8]), the most effective metric for
clustering is the MSM metric.

The Multi K-Nearest Neighbors model (Figure 4) contains one KNN classifier
for each source of data. Each KNN classifier is setup to return the three neighbors
(from the training set) of an unseen time series samples (K = 3). The prediction
is therefore the three class labels of those neighbors. The model then process to
a majority vote for class prediction. We choose K = 3 in order to avoid as much
as possible the eventuality of a draw between multiple classes.
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4.3 Multi MultiRocket

MultiRocket [21] is a state-of-the-art machine learning convolution-based algo-
rithm, it has been designed specifically for time series classification. Building
on its predecessors, ROCKET [3| and MiniRocket [4], it works by transforming
time series data using a large set of random convolutional kernels to extract
relevant features. Moreover, MultiRocket is a light and fast approach, making it
really relevant to achieve multisource time series classification. We propose two
different ways of using the MultiRocket transformation.

Multi MultiRocket Feature Level This strategy (Figure 5) utilizes one Mul-
tiRocket transformation block for each source, all transformed features are con-
catenated into one vector. Due to the massive number of features with completely
different numerical scales, we use a Standard Scaler to clean up the scale followed
by a Ridge classifier. Indeed, the Ridge classifier works by penalizing large model
weights. If the features are not scaled, the model is forced to assign huge weights
to small-scale features simply to make them useful, which the Ridge penalty will
unfairly suppress.

Multi MultiRocket Decision Level This strategy (Figure 6) uses in a similar
way one MultiRocket transformation block for each source. However, differently
from Multi MultiRocket Feature Level, each transformation block is followed in-
dependently by a standard scalar and a Logistic Regression model. This classifier
does not handle huge amount of data as good as the Ridge Classifier. In this
case, the number of features is smaller than in the "Multi MultiRocket Feature
Level" strategy. Moreover, the Logistic Regressor predicts probabilities, allowing
the ensemble of all pre-trained Logistic Regression models.
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4.4 MultiQuant

Quant [6] is a minimalist and efficient classifier which rapidly extracts quan-
tile features from fixed intervals within a sequence of data, allowing standard
"off-the-shelf" classifiers to achieve state-of-the-art accuracy with exceptionally
low computational overhead. Quant is particularly fast, making it suitable for
multisource TSC tasks.

MultiQuant Feature Level This strategy, similarly to the strategy "Multi
MultiRocket Feature Level", utilizes a Quant transformation for each source
and concatenates the output features. These features are then fed to train an
Extra Trees Classifier as in the original proposition of the model.

MultiQuant Decision Level This strategy, similarly to the strategy "Multi
MultiRocket Decision Level", utilizes a Quant transformation for each source
for which each is fed independently to train an Extra Trees Classifier. In this
case, we keep the originally used classifier in the Quant article, since it provides
class probabilities and solves the task in the best way possible, as shown in the
original paper. These pre-trained classifiers are then aggregated together through
an average over all probabilities.

4.5 MultiCatch22

Catch22 [14] is a time series classification approach based on the extraction of
a highly optimized set of exactly 22 features from the data. These 22 features
were systematically distilled from a massive pool of over 7 000 features, from a
specific library, by selecting those that offer the best balance of high classifica-
tion accuracy, low mathematical redundancy, and fast computation times. By
transforming raw, high-dimensional time series data into these 22 specific char-
acteristics, which capture properties like data distribution, temporal entropy,
and linear correlations. It allows traditional machine learning models (like Ran-
dom Forests or SVMs) to efficiently classify complex time series data without
the computational overhead of deep learning.

MultiCatch22 Feature Level This strategy is based on the same underlying
principle as the two previously presented "Feature Level" methods. Specifically,
a catch22 transformation is applied, the extracted features from each source
are concatenated, and classification is subsequently performed using a Random
Forest classifier.

MultiCatch22 Decision Level This strategy is similarly based on the two pre-
viously presented "Decision Level" methods. Each source undergoes a catch22
transformation, after which a Random Forest classifier is applied to their respec-
tive features independently. Finally, the selection of the maximum is done over
the aggregated probabilities to yield the final prediction.
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5 Experimental Results

5.1 Implementation details

All experiments utilized min-max normalization across the entire dataset per
channel per source. To prevent data leakage, minimums and maximums values
were calculated only from the training split. For deep learning methods, we
employed a validation split, selecting the best-performing model based on vali-
dation loss. For all non-deep learning methods, the validation split was concate-
nated with the training split. All proposed methods were executed on a system
equipped with an Intel Core 19-14900K CPU and 128GB of RAM. Deep learning
models were trained utilizing an NVIDIA GeForce RTX 4090 GPU with 24GB
of VRAM. For the implementation of the code we used the aeon library [15].
The code will be available upon acceptance.

5.2 Comparing Strategies

The most prominent finding across nearly all evaluated methodologies(Table 1 is
the consistent superiority of decision-level fusion over feature-level fusion. With
the deep learning architectures, the "Decision Level"(DL) methods, where mod-
els learn source-specific representations and aggregate probabilities at the end.
It systematically outperforms their "Feature Level" (FL) counterparts. Similarly,
in the non-deep learning models, the DL strategies consistently yield higher ac-
curacy than the FL strategies (e.g., MultiMultiRocket DL at 66.37% compared
to FL at 64.25%). This suggests that forcing a joint representation early in
the learning process may introduce conflicting signals and source-specific noise,
particularly given the distinct spatial and spectral resolutions of Sentinel-2 and
PlanetScope data. Allowing models to specialize per source before making a
combined decision proves to be a more robust approach.

The highest overall accuracies are achieved by deep learning models, specifi-
cally MultiLITETime DL (69.78%) and MultiTempCNNTime DL (69.24%). The
addition of temporal features provides a significant performance boost over the
base LITE and TempCNN architectures, highlighting the critical importance of
phenological timing in tree species classification. Furthermore, evaluating the in-
dividual sources reveals that PlanetScope(PS) consistently outperforms Sentinel-
2(S2) when processed in isolation. However, combining both sources(PS & S2)
yields a higher accuracy than either source alone.

While deep learning achieves the highest peak accuracy, the MultiMulti-
Rocket DL strategy demonstrates highly competitive performance. Achieving
an accuracy of 66.37% and tying for the highest F1-Score (0.66) and Recall
(0.66), MultiRocket proves that extracting massive amounts of random convolu-
tional features independently per source, followed by simple logistic regression, is
a strong baseline. Given MultiRocket’s typically lower computational overhead
compared to deep neural networks, this highlights a valuable trade-off between
performance and efficiency. However, MultiRocket needs a huge amount of RAM
to compute.
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Table 1. Overall Performance Comparison of the Proposed Multisource Time Series

Classification Methods

Classification Method Accuracy(%) Precision Recall F1-Score
Deep Learning Ensemble

MultiLITETime FL 65.24 0.64 0.60 0.61
MultiTempCNNTime FL 67.88 0.66 0.64 0.65
MultiLITETime DL 69.78 0.68 0.65 0.66
MultiTempCNNTime DL 69.24 0.68 0.64 0.66
Deep Learning

MultiLITE FL 58.80 £1.37 0.59 +£0.01 0.53 £0.01 0.54 £0.01
MultiTempCNN FL 66.05 £+ 0.00 0.64 + 0.00 0.62 £ 0.00 0.62 £ 0.00
MultiLITE DL(PS&S2) 60.43 +£1.17 0.59 +0.01 0.56 £+ 0.01 0.56 £0.01
MultiTempCNN DL(PS&S2) 60.67 +0.37 0.60 & 0.01 0.55 4 0.01 0.56 £ 0.00
Distance-Based

MultiDTW-NN 63.57 0.65 0.64 0.64
MultiMSM-NN 64.63 0.65 0.65 0.65
Convolution-Based

MultiMultiRocket FL 64.25 0.64 0.64 0.64
MultiMultiRocket DL 66.37 0.66 0.66 0.66
Interval-Based

MultiQuant FL 60.37 0.63 0.60 0.59
MultiQuant DL 61.78 0.64 0.62 0.61
Feature-Based

MultiCatch22 FL 57.77 0.60 0.58 0.56
MultiCatch22 DL 59.58 0.62 0.60 0.58

Note: Bold values indicate the best performance (including ties), and underlined values
indicate the second-best performance (including ties).
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The distance-based baselines, particularly MultiMSM-NN (64.63%), perform
surprisingly well, rivaling several deep learning approaches, it has better results
than a single MultiTempCNN or MultiLITE. This indicates that alignment-
based similarity metrics remain highly relevant for temporal shifts in environ-
mental data. Conversely, the feature-based (MultiCatch22) and interval-based
(MultiQuant) methods yield the lowest overall performance. This suggests that
the highly specific, handcrafted features or simple quantile representations ex-
tracted by these methods may not capture the complex, long-term seasonal de-
pendencies required to differentiate urban tree species as effectively as learned
convolutional filters.

Table 2. Results of single source models

Classification Method Accuracy(%) Precision Recall F1-Score
Deep Learning

MultiTempCNN DL(PS) 57.88+£0.69 0.57+0.01 0.53£0.01 0.54+0.01
MultiTempCNN DL(S2) 48.144+1.08 0.49£0.01 0.434+0.02 0.43+0.02
MultiLITE DL(PS) 56.60£1.61 0.56+£0.01 0.52£0.02 0.53 £0.02
MultiLITE DL(S2) 48.73+1.75 0.49+£0.02 0.44+0.02 0.44 £0.02
Deep Learning Ensemble

MultiTempCNNTime DL(PS) 66.75 0.65 0.63 0.64
MultiTempCNNTime DL(S2) 58.85 0.58 0.53 0.54
MultiLITETime DL(PS) 66.75 0.65 0.63 0.64
MultiLITETime DL(S2) 59.30 0.58 0.54 0.55

We also evaluated every sources individually (Table 2). The data clearly
quantifies the performance gap between the two sources, with PlanetScope-only
models maintaining accuracy levels between 56% and 58%, whereas Sentinel-
2 models struggle to surpass the 48% mark. This disparity suggests that the
higher spatial resolution of PlanetScope is more critical for accurately capturing
the structural nuances of urban tree species than the broader spectral richness
offered by Sentinel-2. In this context, the superior spatial resolution of Plan-
etScope appears to outweigh the benefits of the broader spectral range pro-
vided by Sentinel-2. Despite PlanetScope’s relative dominance as a standalone
source, the substantial drop in Fl-scores and accuracy compared to the multi-
source models confirms that the complementary features of Sentinel-2 remain
indispensable for reaching optimal classification performance. We hypothesize
that the rich spectro-temporal diversity provided by Sentinel-2 captures critical
phenological signatures over time, effectively compensating for its lower spa-
tial resolution. Consequently, the fusion models achieve superior performance by
successfully combining the high spatial precision of PlanetScope with the deep
spectro-temporal dynamics of Sentinel-2.
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6 Conclusion

In this work, we addressed the multisource SITS urban tree species classification
problem. We systematically evaluate state of the art methods improved with
our multisource strategies. Our experimental results revealed that deep learning
models and non-deep learning models with "Decision Level" strategy are the best
performing methods for the utilized dataset. In future work, we will evaluate
the proposed adapted models and strategies on other multisource time series
classification datasets of other applications.
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