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Abstract—Analyzing time series from remote sensing data can
aid in understanding spectral-temporal phenomena in ecosystems,
such as the seasonal variation of plant components. Lately,
deep learning has emerged as a strong method for mapping
environmental variables from this data due to its exceptional
predictive capabilities. This work studies the adaptation of the
ResNet computer vision architecture for time series analysis of
Sentinel-2 data. The resulting deep learning architecture, ResNeTS,
stacks sequential convolutions to build a deep and narrow network,
aligning with the design principles of leading convolutional
architectures in computer vision. Experiments were carried
out for predicting different plant-biodiversity indices, namely
species richness, and Shannon and Simpson indices, for temperate
grassland ecosystems. The results show that ResNeTS can achieve
moderate improvements in terms of accuracy compared to other
state-of-the-art architectures, such as InceptionTime (up to +0.021
r2), with reduced computational costs owing to its streamlined
architecture.
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ABBREVIATIONS

CNN Convolutional Neural Network
FCN Fully Convolutional Network
Grad-CAM Gradient-weighted Class Activation Mapping
GRU Gated Recurrent Unit
LAI Leaf Area Index
LSTM Long Short-Term Memory
MLP Multilayer Perceptron
MODIS Moderate Resolution Imaging Spectroradiometer
NDVI Normalized Difference Vegetation Index
r2 Coefficient of Determination
ResNet Residual Network
ResNeTS Residual Network for Time Series
RMSE Root Mean Squared Error
rRMSE Relative Root Mean Squared Error
sRMSE Systematic Root Mean Squared Error
uRMSE Unsystematic Root Mean Squared Error
RNN Recurrent Neural Network
SAR Synthetic Aperture Radar
SGD Stochastic Gradient Descent
SHAP Shapley Additive Explanations

I. INTRODUCTION

The current biodiversity crisis has tremendous impacts
on the proper functioning of ecosystems and its derived
benefits to humans [1]. For instance, biodiversity is vital for
food production as it directly influences the maintenance of
fundamental ecosystem functions, such as soil fertilization, pest
and disease regulation, erosion control, biomass production,
and pollination of crops and trees [2], [3]. In this context,
biodiversity conservation, i.e., protecting and preserving the
richness and variety of ecosystems, habitats, and species, is
of imperative importance [4], [5]. This is particularly true for
European grasslands, which are an integral part of Europe’s
agricultural landscapes [6]. They have a key role in ecosystem
health and functionality, as they act as habitats for many
plant and animal species. Human intervention, including the
transformation of natural grasslands, intensive cultivation,
pollution, and climate change, can affect the diversity and
stability of grassland ecosystems in many ways and at different
scales. In recent decades, the decline in grassland diversity
across Europe has threatened biodiversity and is a major
environmental concern [7].

To effectively address these challenges, the application
of remote sensing data from satellite images has become
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indispensable [8], [9], [10]. In particular, time series analysis
of sequences of satellite images allows for the extraction of
temporal characteristics critical for understanding ecosystem
dynamics. By capturing seasonal variations with this data,
researchers can enrich the understanding of ecosystems, helping
the development of precise solutions for environmental chal-
lenges such as land cover classification [11] and phenological
metrics extraction [12].

Building on this technological foundation, researchers have
initiated multiple efforts to monitor grassland biodiversity, using
temporal data extracted from satellite imagery at different
scales. The biodiversity mapping includes alpha diversity,
which quantifies the biodiversity within a community or
ecosystem [13], [14]; beta diversity, which measures the
diversity between two communities [15]; and gamma diversity,
a combination of the other two metrics that assesses the
biodiversity at landscape scale between different ecosystems
[16]. Another way to map biodiversity is using radiative transfer
models to map functional diversity: the different strategies for
growth, reproduction, and survival of organisms that determine
ecosystem services, resilience, and stability [17]. Much of this
research is confined to hyperspectral sensors (e.g., plane or
UAV mounted), with a much more limited spatial and temporal
coverage than multispectral sensors (e.g., Landsat, Sentinel-2).
This considerably reduces the practical applicability of these
approaches for systematic monitoring [18]. Additionally, the
problem of spatial autocorrelation in empirical models is too
often not addressed, and thus, model results cannot be trusted
outside the training area [19].

Deep learning approaches have recently shown high pre-
dictive capabilities and a unique ability to reveal higher
hierarchical patterns from spectral-temporal data like time
series [20]. The application of these powerful models can offer
substantial advantages for biodiversity monitoring using remote
sensing data, facilitating the move beyond traditional land
cover type classifications and spurious correlations between
biodiversity and spectral indices [21]. This approach also
circumvents the reliance on controversial assumptions, such as
the spectral diversity hypothesis [22]. While the applications of
deep learning methods for biodiversity monitoring are relatively
scarce, their potential for time series analysis of remote sensing
data can be appreciated in a broader context of applications:

1) Multilayer Perceptron (MLP) [23]: This architecture
marked a first milestone by outperforming traditional
machine learning approaches in analyzing time series.
Numerous studies have since explored and continued
using it for a wide range of applications. For instance,
[24] used an MLP to estimate biomass and species
richness of grasslands in three regions of Germany using
Sentinel-2 surface reflectance, achieving better estimations
than a Random Forest regressor [25]. Other interesting
applications of MLPs are described in [26] and [27].
Despite their capabilities, a notable drawback of MLPs is
their limited ability to model temporal and dimensional
patterns in multivariate time series effectively. This limi-
tation arises from their simultaneous analysis of all data
points, without considering the sequential nature of the
data. To overcome these limitations, more advanced deep

learning architectures like the Recurrent Neural Network
(RNN) [28] and the Convolutional Neural Network (CNN)
[29] were eventually introduced.

2) RNNs: These include the Long Short-Term Memory
(LSTM) [30] and Gated Recurrent Unit (GRU) [31].
They process time series data step by step, updating an
internal state that models relations with previous steps.
For instance, [32] used both a LSTM and a GRU to
generate a global Leaf Area Index (LAI) from Moderate
Resolution Imaging Spectroradiometer (MODIS) data with
better accuracy compared to an MLP approach.
More advanced applications use their bidirectional variants,
Bi-LSTM and Bi-GRU, which process time series in both
forward and backward directions to understand temporal
patterns better. For example, [33] leveraged a Bi-LSTM
architecture to detect rice crops in southern Brazil from
Sentinel-1 Synthetic Aperture Radar (SAR) time series,
[34] used another Bi-LSTM for crop classification from
Sentinel-2 data, and [35] employed a Bi-GRU architec-
ture to estimate Normalized Difference Vegetation Index
(NDVI) in two areas in France using SAR and optical data
from Sentinel-2. More innovative approaches incorporate
additional components, such as attention mechanisms [36],
into these bidirectional architectures to further enhance
their capabilities [37], [38].

3) CNNs: While initially developed for visual information
processing, they also exhibit potential for time series
analysis. Originally, CNNs slide 2D convolutional kernels
across an image, extracting dimensional and spatial pat-
terns between pixels and their neighbors to capture visual
features effectively. In the early attempts of using CNNs
for time series analysis, a common approach involved
converting the time series data into images through feature
engineering [39], [40]. This transformation aimed to map
the time series temporal and dimensional aspects onto the
image representation’s height and width, but it proved to
be suboptimal compared to RNNs [39], [41].
Eventually, CNNs started to be specifically designed
for time series analysis using 1D convolutions, thus
outperforming RNNs in numerous remote sensing stud-
ies. For instance, [42] used a 1D CNN for early crop
classification in the Zhanjiang region of China using
Sentinel-1 SAR time series, outperforming both LSTM
and GRU architectures. Another study by [43] showcased
the advantages of a 1D CNN over a LSTM for crop
classification in California, USA, using Landsat surface
reflectance.
Following the footsteps of computer vision, time series
CNNs evolved from shallow architectures with few layers
to deeper, more powerful architectures, commonly known
as residual CNNs [44]. These networks can be recognized
by the presence of skip-connections between layers, which
allow for constructing architectures with tens or hundreds
of layers while circumventing training issues such as
gradient vanishing. In particular, [45] introduced the
first residual CNN with widespread adoption in time
series analysis, including remote sensing applications.
For instance, [46] demonstrated the capabilities of this
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architecture for mapping different irrigation systems across
Catalonia, Spain, using data from multiple satellites.

4) Transformers [36]: This relatively new architecture has
impacted a wide range of disciplines due to its excel-
lent capabilities when compared to other deep learning
architectures [47]. Transformers analyze time series by
leveraging their novel self-attention mechanism, which
simultaneously weighs the importance of all time steps
while capturing complex dependencies across the entire
sequence, without the sequential processing limitations
of RNNs. Although the application of Transformers in
analyzing time series from remote sensing data is still
emerging, they have already been successfully employed
in various tasks such as image land cover classification
[48], [49].

Despite the recent attention on Transformers, CNNs have
continued to demonstrate competitive performance in various
areas, particularly in computer vision, as exemplified by
architectures like ConvNeXt [50]. Moreover, CNNs benefit
from the inherent inductive bias of convolutions, making them
less data-intensive during training compared to Transformers
[51]. This trait can be particularly helpful for remote sensing
applications, where datasets often contain limited data [52].

Among the current CNN architectures for time series
analysis, InceptionTime [53] stands out for its high accuracy
[54] and widespread use across various domains, including
remote sensing [55]. Inspired by the Inception-v4 network from
image processing [56], InceptionTime consists of modules that
perform parallel convolutions of different sizes, coupled with
residual connections, to handle time series of diverse lengths.

However, most innovations in CNN development are driven
by image processing, with other fields like time series analysis
often experiencing a delayed adoption of these new ideas. Since
the introduction of Inception-v4 in 2017, image processing
CNNs have increasingly favored deep, narrow networks based
on the Residual Network (ResNet)1 family [44]. These models
prioritize a higher number of sequential modules interconnected
with residual connections [57], [58], [50]. Developing a ResNet-
based architecture for time series analysis could accelerate
progress in the area by facilitating the integration of cutting-
edge innovations from the most advanced image processing
CNNs.

All these observations have inspired this work to develop the
Residual Network for Time Series (ResNeTS), a deep learning
architecture based on the ResNet family, now adapted for time
series analysis of remote sensing data. ResNeTS is evaluated on
its ability to predict three biodiversity indices over grasslands
with different species compositions, using Sentinel-2 time series.
In particular, ResNeTS is benchmarked against InceptionTime
and other state-of-the-art architectures for time series analysis,
including Transformers. Unlike InceptionTime’s branching
topology with parallel convolutions, ResNeTS features a
simpler architecture of sequential convolutions. This design
approach, when considering the characteristics of the time

1The term “ResNet” will be used to refer to the family of residual networks
introduced in [44], whereas “residual CNN” will be used to refer to derived
networks (i.e., CNNs that integrate skip-connections in their structure).

series to analyze, improves the accuracy of InceptionTime
while reducing computational costs. These results illustrate
the potential of continuing CNN development for precise and
efficient time series analysis in remote sensing tasks.

The rest of this manuscript is organized as follows. The study
area and the remote sensing dataset are presented in Section II.
Then, the ResNeTS architecture for time series analysis of
remote sensing data is detailed in Section III. Thereafter, the
experiments for evaluating the efficacy of ResNeTS for the
prediction of plant-biodiversity indices of interest are presented
in Section IV; an explainability analysis is conducted as well
to assess the importance of each spectral and temporal features
used. Next, the implications of the results for biodiversity
research and management, and for further time series analysis in
a broader scenario of remote sensing applications, are discussed
in Section V. Finally, the main conclusions of this work are
summarized in Section VI.

II. MATERIALS

A. Study area
The Biodiversity Exploratories encompass three distinct

regions distributed across Germany, Central Europe (Fig-
ure 1). The three regions are the UNESCO Biosphere Reserve
“Schorfheide-Chorin” (SCH), the National Park “Hainich” and
its surroundings (HAI), and the Biosphere Reserve “Schwäbis-
che Alb” (ALB). Across and within these sites, species richness
and compositions are highly variable, as they are influenced by
abiotic environmental conditions such as topographic position,
soil characteristics, and land use intensities [59], [60].

Each exploratory region comprises 50 experimental grassland
plots, representing a spectrum of management practices ranging
from intensive to extensive land use. Some plots are subjected
to varying degrees of cattle grazing, while others are mown
at specific seasonal intervals. Additionally, different levels of
fertilization are implemented. To ensure standardized quantifi-
cation of management levels, a Land Use Intensity (LUI) index
was developed [59]. This index is calculated annually based
on factors such as mowing frequency, grazing intensity, and
fertilization inputs.

Figure 2 shows examples of different degrees of species
diversity in seminatural grasslands across Germany. The
grassland plots in the Biodiversity Exploratories are usually
dominated by perennial grass species, such as meadow soft
grass (Holcus lanatus), tall oat grass (Arrhenatherum elatius),
or smooth meadow grass (Poa pratensis). Among the legume
species, white clover (Trifolium repens), red clover (Trifolium
pratense), and bird’s-foot trefoil (Lotus corniculatus) are
frequently found. As forbs, commonly occurring species are
dandelion (Taraxacum officinale), wild carrot (Daucus carota),
or plantain (Plantago lanceolata). Some of these and other
species found at the Biodiversity Exploratories are shown in
Figure 3.

Using biodiversity indices can help assess the health and
stability of grassland ecosystems as well as their provided
functions and services. This is also vital for grassland man-
agement and conservation. Among these indices, the following
are particularly relevant and will be the object of study in this
work:
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Figure 1. (a) Location of the three study sites (Sch: Schorfheire-Chorin Biosphere Reserve, Hai: Hainich National Park, Alb: Schwäbische Alb) in Germany,
Central Europe. Colours depict altitude (m.a.s.l), based on the Shuttle Radar Topography Mission digital terrain model. (b) Illustration of a monitoring plot (50
× 50 m) and the reduced sampling area (4 × 4 m) where plant species inventories were collected, based on a false color UAV image. (c) Example of two
adjacent grasslands with different land-use intensities, resulting in different compositions and diversity of plant communities.

Figure 2. Examples of different degrees of grassland biodiversity in the temperate regions of Germany. Biodiversity increases from left to right.

• Species richness: The species number per unit of area
(S).

• Shannon index:

H = −
S∑

i=1

pi · ln(pi), (1)

where H = Shannon’s diversity index, S = Total number
of species, and pi = Relative abundance of species i.

• Simpson index:

D = 1−
∑S

i=1(ni · (ni − 1))

N · (N − 1)
, (2)

where D = Simpson’s diversity index, ni = Number
of individuals of the species i, N = Total number of

individuals in the community, and S = Total number of
species.

Simpson’s index reflects both species richness (S) and
evenness (the distribution of species relative abundances within
a community). Here, 1 indicates infinite diversity (all species
are equally present), and 0 indicates no diversity (only one
species present) [61]. Shannon’s index also considers both
species richness and evenness, but is more sensitive to rare or
less abundant species [61]. It ranges between 0 (low richness
and evenness) and 5, but most values range between 1.5 and
3.5.

This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2024.3454271

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/



JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 1, NO. 1, JANUARY 2024 5

Figure 3. Examples of plant species present in the grasslands of the Biodiversity Exploratories, with three grass species shown in the top row. (a) Alopecurus
pratensis. (b) Phleum pratensis. (c) Arrhenatherum elatius. (d) Trifolium pratense (a legume species). (e) Daucus carota (a forb species). (f) Ranunculus
bulbosus (another forb species).

B. Remote sensing and species datasets
This study uses the floristic and remote sensing datasets

compiled in [24]. Plant species inventories were obtained during
the peak standing crop period (second half of May), from
2017 to 2020 (4 years), following a standardized sampling
protocol across the 150 plots [62] (total of 600 measures). Such
inventories were recorded in a permanently marked 4 × 4 meter
area within each of the plots (Figure 1b), which is considered
as representative of the 50 × 50 meter plot [60]. Vascular
plant species’ abundances were recorded annually via visual
estimations of their ground cover. From this data, diversity
indices (S, H , and D) were calculated for each plot. Plots with
trees within or near their boundaries were excluded from the
analysis, resulting in 502 valid samples. Spatial dependencies
within site and across sites for this dataset were analyzed and
proved non-significant in [24].

The Sentinel-2 images utilized in this study were processed
using the FORCE software [63]. Images from 2017–2020
with a cloud cover lower than 50% were downloaded, at-
mospherically and topographically corrected, and resampled to
10 m. Subsequently, a synthetic time series was generated
by creating an image every 14 days through radial basis
function interpolation implemented in the Time Series Analysis
module of the FORCE processor. Images acquired during winter
(November–March) were excluded from further analysis due
to their limited significance for vegetation studies and more

frequent cloud cover. The result is a synthetic gapless dataset of
10 bands and 16 time steps (see Figure 4) representative of the
spectral variation of the vegetation across the phenological
cycles of several years. The median pixel value for each
band was calculated for each plot and paired with each field
observation, as in [24].

The resulting dataset is composed of 502 observations of
each biodiversity metric (either species richness S, Shannon’s
diversity index H , or Simpson’s diversity index D), and their
corresponding temporal profiles (March–October with 16 time
steps) of reflectance values for 10 bands of Sentinel-2 [64]:
blue, green, red, red edge 1, red edge 2, red edge 3, near-
infrared, near-infrared b, short-wave infrared 1 and short-wave
infrared 2. The coastal blue, water vapor, and cirrus bands
were excluded.

Deep learning studies tend to train architectures with several
thousands of observations acquired from different sources
[65]. Hence, the reduced size of the dataset used in this
study may seem strange, but it has various reasons. First,
biodiversity observations for a single dataset must be manually
collected in situ, using standardized sampling protocols such
as those undertaken at the Biodiversity Exploratories, resulting
in laborious annual field campaigns [66]. This inevitably limits
the size of a single dataset. Second, it is often not feasible to
compile local biodiversity (alpha-diversity) data from different
sources for a joint analysis. For instance, species richness
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Figure 4. Species-rich (left column) and species-poor (right column) plots along with their temporal profile in the near-infrared and short-wave infrared bands
of Sentinel-2 for 2020.

is directly influenced by the sampling area: the larger the
sampling area, the higher the number of recorded species
[67]. Inventories acquired on different spatial scales are thus
difficult to compare. Unfortunately, a standardization of species
richness on sampling area is also not straightforward and
usually requires elaborate methods to estimate the shape of the
species-area relationship [67], [68], [69]. Finally, even though
the Biodiversity Exploratories started in 2008, the Sentinel-2
B was not launched until 2017, further limiting the number of
observations in the dataset.

III. RESNETS

A. ResNeTS overview

ResNeTS is a ResNet-based network for time series analysis
of Sentinel-2 data. It favors a simple design, stacking sequential
convolutions to construct a narrow network. By considering
in its design the characteristics of time series to analyze (i.e.,
length and dimensionality), ResNeTS achieves state-of-the-art
accuracy with reduced computational costs.

As any ResNet-based architecture, ResNeTS’ structure is
divided into three sections, as shown in the left side of
Figure 5: stem, residual blocks, and head. The stem prepares
the input time series for the residual blocks, which then extract
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Figure 5. Overview of ResNeTS. (a) Three sections of the ResNeTS architecture. (b) Application of a 1D convolution to analyze a time series. The convolution
uses a filter of 5 elements, producing an output series with more bands (taller) than the input.

meaningful features through the repeated use of convolutions.
Finally, the head generates the predictions using these features.

Each convolution analyzes the time series sliding its filters
step by step, aiming to extract temporal and dimensional
patterns through the simultaneous analysis of the current step
and its neighboring steps across all dimensions. This temporal
window incorporating information from all dimensions is
depicted on the right side of Figure 5.

Compared to shallow CNNs, the integration of shortcuts
in residual networks allows the construction of significantly
deeper architectures without encountering common training
issues such as gradient vanishing. Thus, by layering a high
number of convolutional layers and progressively increasing
the number of filters, ResNeTS extracts increasingly complex
patterns from the input data for enhanced prediction accuracy.

As previously discussed, InceptionTime, the most notable
CNN for time series analysis, consists of a series of blocks
that apply parallel convolutions to the data. This concept is
illustrated on the left part of Figure 6, where the four parallel
convolutions are applied and combined as input for the subse-
quent block, along with the skip connection (left convolution).
In contrast, the building blocks of ResNeTS consist of just two
sequential convolutions and the corresponding skip-connection
(left path).

Comparing both architectures, fewer and simpler blocks are
required in ResNeTS to build an architecture that achieves
an accuracy improved over InceptionTime. This results in a

considerably more lightweight topology, as depicted in the
right part of Figure 6. This is because each InceptionTime
block uses four parallel convolutional filters to adapt to short,
medium, and long time series, whereas ResNeTS’ convolutions
are tuned for the target time series.

B. Initial ResNeTS architecture

The ResNet family from computer vision [44] consists of
architectures with varying sizes, denoted by the total number of
layers: ResNet-18, 34, 50, 101, 152. Architecture selection for
a specific problem depends on both the available computational
resources and the dataset size, as larger networks can assimilate
more knowledge. Given the small size of the dataset used in
this study, particularly when compared to large-scale computer
vision datasets like ImageNet [70], the ResNet-18 architecture
with 2D convolutions replaced by 1D convolutions set the
initial baseline for ResNeTS, as it provided results comparable
in accuracy to larger variants.

After that, simplifications were introduced to further reduce
the size of the architecture without incurring any accuracy loss,
as ResNet-18 was still too large for the dataset of interest. In
particular:

• The number of repetitions per residual block was reduced
from the default of two to one.

• The number of convolutional channels was reduced to 64
in all blocks.
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Figure 6. Comparison between InceptionTime and ResNeTS architectures. (a) Depiction of the convolutional blocks of both architectures. (b) Depiction of the
depth of both architectures.

The optimal channel configuration was obtained from an
extensive grid search on the training points of the dataset.
Let Bx represent the channel count of block x. In ResNet-
18, the channel count is: B1 = 64, B2 = 128, B3 = 256,
B4 = 512. For ResNeTS, each block was allowed to go from
32 convolutional channels to its maximum (e.g., 128 for the
second block), with a step of 32, and ensuring that: B1 ≤
B2 ≤ B3 ≤ B4.

Lastly, to make the ResNeTS baseline suitable for the target
time series, most of the strides inherited from ResNet-18 for
the progressive dimensionality reduction had to be removed.
This was necessary as the series consists of only 16 time steps,
whereas ResNet was initially designed for 112 × 112 RGB
images. The four original strides in ResNet result in a total
dimensionality reduction of ×1/16, transforming the 112×112
image sample into a 7× 7 one that enters the head layers. By
retaining only one stride in ResNeTS (see Table I), the input
for the head has a final size of 8 time steps, closely mirroring
the original dimensions in ResNet.

Figure 7 shows the network topology of the resulting baseline
ResNeTS architecture, containing the four residual blocks
detailed in Table I.

C. Larger convolutional kernels

The use of 1D convolutions in CNNs for time series
instead of 2D convolutions leads to a significant reduction
in computational costs. Thus, much larger convolutional filters
than the standard 3 × 3 filters in ResNet can be used,
enabling a more comprehensive understanding of temporal
and dimensional patterns in time series while keeping the
architecture computationally feasible. In particular, all of the
convolutional layers in ResNeTS used filters of size 5, as
Table I details, with no further accuracy improvements observed
beyond this point for the dataset used in this study.

D. Architectural improvements

Three minor modifications were introduced to ResNeTS
to improve its accuracy further in predicting the biodiversity
indices of interest. The first change was an upgrade in the skip-
connections, while the other modifications were two layer-wise
modifications.

ResNeTS inherited its skip-connections from the ResNet
family. These present a design limitation that was addressed in
ResNeTS as discussed in [71]. Specifically, when traversing
feature maps of different spatial sizes (i.e., downsampling
the processed time series), the original skip-connections also
applied a stride to its 1-size convolutions intended for channel
mapping, thus disregarding part of the input feature map.
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Table I
DETAILS OF THE LAYERS IN RESNETS ARCHITECTURE. THE OUTPUT SIZE CORRESPONDS TO AN INPUT TIME SERIES WITH DIMENSIONS length × bands

= 16 × 10, MATCHING THE DATASET USED IN THIS STUDY.

Component Layer Output size Filter size Stride Normalization Activation

Stem 1D Conv 16 × 96 1 1 Batch Norm ReLU

Residual Block

1D Conv 16 × 64 5 1 Batch Norm ReLU
1D Conv 16 × 64 5 1 Batch Norm –

1D Skip Conv 16 × 64 1 1 Batch Norm –
Addition 16 × 64 – – – ReLU

Residual Block

1D Conv 16 × 64 5 1 Batch Norm ReLU
1D Conv 16 × 64 5 1 Batch Norm –

1D Skip Conv 16 × 64 1 1 Batch Norm –
Addition 16 × 64 – – – ReLU

Residual Block

1D Conv 8 × 64 5 2 Batch Norm ReLU
1D Conv 8 × 64 5 1 Batch Norm –

1D Skip Average Pool 8 × 64 2 2 – –
1D Skip Conv 8 × 64 1 1 Batch Norm –
Addition 8 × 64 – – – ReLU

Residual Block

1D Conv 8 × 64 5 1 Batch Norm ReLU
1D Conv 8 × 64 5 1 Batch Norm –

1D Skip Conv 8 × 64 1 1 Batch Norm –
Addition 8 × 64 – – – ReLU

Head
1D Average Pool 1 × 64 8 8 – –
Flatten 64 – – – –
Fully Connected 1 – – – Softmax

This approach is shown on the left side of Figure 8. By
incorporating an extra average pooling layer within these
connections when needed, as depicted on the right side of
Figure 8, all feature points are utilized during downsampling.
This enables the subsequent convolutional layer to concentrate
solely on mapping the channel count to produce the skip-
connection. Note how the final ResNeTS architecture, depicted
in Figure 7, included this pooling operation in the third block,
which performed the spatial downsampling from 16 time steps
to 8.

Second, since not all residual blocks in ResNeTS have a
stride for dimensionality reduction, the position of the only
stride was shifted among the different blocks to determine its
optimal setting. In particular, the best accuracies were obtained
using the stride in the third residual block, as specified in
Table I.

Lastly, increasing the original channel count of the stem
from 64 to 96 led to enhanced accuracies, with no significant
improvements beyond this size, nor using less than 64 channels.

E. Modern training procedure

An effective training procedure is as necessary as a robust
architecture for achieving optimal performance. As highlighted
in [50], significant advancements have been made in training
methodologies for state-of-the-art neural architectures since the
introduction of the ResNet family in 2016. Therefore, updating
the ResNeTS training procedure to extract its full potential was
crucial. Table II compares the original training procedure from
ResNet against the improved procedure used for ResNeTS,
which is detailed below.

The maximum number of training epochs was increased
to 1500 to match InceptionTime, and an additional 10% of
linear warm-up epochs were introduced at the beginning.
Checkpointing was used to retain the optimal architecture
upon training completion, with validation error measured every
10 epochs to guide the process. To preserve computational
resources, early stopping was also triggered if no improvements
in validation error were observed for a period exceeding 10%
of the maximum epochs.

Inspired by the training recipe presented in [50], the
Stochastic Gradient Descent (SGD) optimizer was replaced
with AdamW [72], and the plateau-based learning rate scheduler
was substituted with a cosine learning rate scheduler [73].
To optimize the training procedure of ResNeTS for the
target dataset, a comprehensive hyperparameter optimization
of AdamW via grid search was conducted. This resulted in
a systematic exploration of all combinations of adjustable
hyperparameters across extensive ranges2 to ensure a thorough
examination of the optimization space:

• learning rate = {0.0001, 0.0005, 0.001, 0.005, 0.01, 0.05,
0.1}.

• β1/β2 = {0.5, 0.6, 0.7, 0.8, 0.9, 0.99, 0.999}.
• ϵ/weight decay = {1 × 10−8, 1 × 10−7, 1 × 10−6, 1 ×
10−5, 1× 10−4, 1× 10−3, 1× 10−2, 1× 10−1}.

Each combination of hyperparameters was evaluated through
ten training runs of the model using a fixed set of seeds to
control for randomness. This enabled the identification of the
configuration that produced the best average prediction metrics

2Note that the values for β1, β2, ϵ, and weight decay were configured
independently of each other.
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Figure 7. Diagram of the ResNeTS architecture. A different color is assigned
to each residual block.

across all trials, resulting in the values learning rate = 0.001,
β1 = 0.9, β2 = 0.999, ϵ = 1×10−6, weight decay = 1×10−3.

Table II
COMPARISON BETWEEN THE ORIGINAL TRAINING PROCEDURE (INHERITED

FROM RESNET) AND THE IMPROVED ONE IN RESNETS.

Training configuration Original Improved

Checkpointing Yes Yes
Early stopping No Yes
Learning rate scheduler Reduce on plateau Cosine
Max. training epochs 120 1500
Optimizer SGD AdamW
Warm-up epochs None 150
Warm-up schedule None Linear

F. Ensemble of individual models

Finally, both InceptionTime and ResNeTS were run in this
study as single architectures and as ensembles of 5 identical
architectures, InceptionTime-5 and ResNeTS-5 respectively, for
a comprehensive comparison. For ensembles, each individual
architecture was initialized with different random values. Once
the ensemble was trained, its prediction consisted of the mean
of the individual outputs, effectively reducing the variability
in the quality of predictions caused by the stochastic nature of
network training.

IV. EXPERIMENTS

A. Experimental setup

1) Competing deep learning architectures: The capabilities
of ResNeTS were compared to already established network
architectures for time series analysis of remote sensing data.
The first model is the MLP presented in [24] for studying the
dataset used in this work. Next, the Bi-LSTM described in [34]
was included to represent the capabilities of advanced RNNs.
Then, the Fully Convolutional Network (FCN) described in
[45] was selected to represent the early shallow CNNs used
for time series analysis. The residual CNN from [45] was also
included to provide a baseline of the first residual networks
used for this field. Naturally, InceptionTime [53] was included
to represent the state-of-the-art in residual CNNs for time series
analysis. With the recent growing interest in Transformers, the
architecture from [34] was included as well in the experiments.
Lastly, the Rocket model [74] was employed to demonstrate
the capabilities of non-deep learning models, given its high
accuracy in extensive comparisons such as [54].

The MLP, Bi-LSTM, and Transformer architectures were
implemented as described in the corresponding literature, since
they were specifically designed for Sentinel-2 time series.
Similarly, the FCN and residual CNN were used without
modification due to their demonstrated adaptability across
time series of various characteristics. For Rocket, although
the initial implementation adhered to the default parameters for
its reported adaptability, a suboptimal performance prompted
an increase in the kernel count to 15000, based on its authors’
advice that a higher kernel count can improve accuracy.
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Finally, adjustments were made to InceptionTime to adapt
its configuration to datasets with small time series, following
the guidelines of its authors [53]:

• Bottleneck size: The original reduction factor of ×0.25 was
kept to maintain the channel count throughout the network,
thereby reducing the number of adjustable parameters
and substantially improving runtime performance without
affecting accuracy.

• Depth: The number of Inception modules was also kept at
the default of 6, as InceptionTime authors did not observe
accuracy gains when increasing the depth for short time
series.

• Filter length: Filter sizes of {2, 4, 8} were used, following
the authors’ recommendation for short time series.

• Number of filters: Contrary to InceptionTime authors’
architectural study, an increase in the filter count to
64 in all modules resulted in precision gains in these
experiments, with no further improvements beyond this
point.

• Training procedure: To ensure a fair and direct comparison
between the design principles of each architecture, the
modern training procedure of ResNeTS was adopted, as it
incorporates more recent techniques than InceptionTime’s
original configuration. A comprehensive hyperparameter
optimization for AdamW was also performed on the train-
ing points, testing the same ranges of values as those used
for ResNeTS, resulting in selecting learning rate = 0.001,
β1 = 0.9, β2 = 0.999, ϵ = 1 × 10−2, weight decay =
1× 10−3.

All architectures were given a maximum of 1500 training
epochs, a threshold set by InceptionTime, which had the highest
epoch count among the models. In any case, checkpointing
and early stopping were enabled, thereby preventing issues
like overfitting to ensure optimal results for all architectures.
This is particularly necessary when running numerous training
epochs on smaller architectures. Within each epoch, batches
of 32 elements were supplied. While the original learning
rates of most architectures were proportionally adjusted to this
batch size, InceptionTime and ResNeTS had their optimizers

specifically fine-tuned for these experiments, as previously
described.

2) Experimental procedure: Each model tested, including
ResNeTS, was trained on the dataset described in Section II,
with a single variable (Shannon, Simpson, or species richness)
targeted for prediction at each instance. In particular, each
combination of architecture and target variable underwent a
group k-fold validation.

This k-fold process comprised five folds, each using 80%
of the samples for training and 20% for testing. Additionally,
20% of the training samples were set aside in a validation set
to guide periodic actions such as checkpointing, early stopping,
or learning rate scheduling. Thus, the sample distribution for
training, validation, and testing sets stood at 64%, 16%, and
20%, respectively. All samples were normalized so the train
set followed a zero mean and a standard deviation of one.

Grouping, applied during all stages of sample division,
guaranteed that observations from the same plot made in
consecutive years were consistently placed in the same set
of training, validation, or testing. This approach effectively
mitigated temporal dependencies, in pursuit of a robust analysis.
Spatial autocorrelation between observations, within and across
sites, was already discarded in [24]. Species compositions and
numbers strongly depend on management intensity [59], which
ultimately depends on the decision of each land owner rather
than on location.

For each individual fold, accuracy metrics were computed
alongside architecture training time. Upon completing the k-
fold process, the mean and standard deviation of these metrics
were reported. Given the inherently stochastic nature of training
neural architectures, the k-fold process was repeated ten times
for each combination of architecture and target variable, thus
recording the averaged mean and standard deviation of the
metrics. To ensure a fair comparison, the same ten seeds were
used in all k-folds processes, guaranteeing an identical sample
distribution across architectures.

In particular, the predictive capability of each architecture
was determined using the following measures: the Coefficient of
Determination (r2), the Root Mean Squared Error (RMSE), and
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the Relative Root Mean Squared Error (rRMSE), all calculated
against the mean values of the testing set. Additionally, the
model-driven Systematic Root Mean Squared Error (sRMSE)
and the data-driven Unsystematic Root Mean Squared Error
(uRMSE) of the RMSE were computed to understand better
the nature of the observed errors in predictions [75].

Furthermore, an explainability analysis was conducted to
assess the importance of different spectral bands and time steps
for the biodiversity predictions. This analysis was run on the
predictions of ResNeTS-5, as it resulted in the most accurate
architecture in this study.

The importance of spectral bands was evaluated using
Shapley Additive Explanations (SHAP) values, derived from
the DeepLift algorithm [76]. For time steps, Gradient-weighted
Class Activation Mapping (Grad-CAM) attributions [77] were
derived from the last convolutional block before the average
pooling, and scaled from 8 to 16 steps. This block was selected
following Grad-CAM’s preference of complex and abstracted
features of the input data. Grad-CAM was used for the time
steps due to the significant role it places on the order of
predictors, a critical factor for temporal analysis but less
significant for the bands. By combining two explainability
methods, the analysis aimed to leverage their strengths while
also mitigating their individual limitations, thereby providing
a more robust explanation of model predictions.

Specifically, during each step of the k-fold process of
ResNeTS-5 for species richness, predictions for test data were
compared to the corresponding in situ values to extract the
explainability measures. For spectral bands, SHAP values were
averaged over the temporal dimension; similarly, Grad-CAM
attributions were averaged over the spectral dimension for time
steps. These results were then averaged across the five folds of
the k-fold process, and subsequently across all ten repetitions
of the k-fold process, ensuring the robustness and reliability
of the findings.

Additionally, to explore the internal mechanisms that allow
ResNeTS to capture key features in the time series data, the
activations of the first convolutional block were examined
across all species richness experiments. To this end, within
each step of the k-fold repetitions, activation maps were
extracted from each convolutional filter by averaging the
outputs of the convolutional block over test data. These maps
highlighted which temporal features were deemed most relevant
in each learned convolution across different ResNeTS trainings,
providing insights that were validated against the Grad-CAM
attributions.

Regarding the activation visualization, it is straightforward to
do so in the first convolutional block due to its small receptive
field, which allows for a more precise correlation between the
activation maps and the actual time steps in the input series.
In contrast, deeper convolutional blocks entangle the impact
of individual time steps due to the progressive increase of
the receptive field from successive convolutions and pooling
operations. Grad-CAM internally traces gradients in the last
convolutional block back to their origin, taking care of this
issue.

3) Execution environment: All of the experiments were
conducted on a computer equipped with an Intel Core i7-

11700K CPU, 128 GB of RAM, and an NVIDIA RTX 3080
Ti GPU with 12 GB of VRAM. The system ran Ubuntu 20.04,
and the source code was developed on Python 3.8.0 using
PyTorch 1.13.0 [78] for neural architectures, and sktime 0.15.1
[79] for Rocket. Captum 0.6.0 provided the utilities for the
explainability analysis. CUDA 11.8.0 and cuDNN 8.7.0.80 [80]
were leveraged to speed up execution by using single precision
arithmetic. The tool GuildAI was also used for automating and
tracking all experiments.

B. Results
1) Comparison of all architectures: Table III presents the

accuracy comparison of ResNeTS and all the other architectures
using r2, rRMSE, sRMSE, and uRMSE metrics for predicting
the Shannon and Simpson indices, and species richness.
Moreover, visualizations of species richness, Shannon, and
Simpson predictions vs. in situ values are shown in the scatter
plots of Figures 9 and 10 along with the distribution of their
values.

MLP significantly underperforms all other architectures due
to its inability to capture temporal and dimensional patterns
between data points in time series. Note how the RNN, CNNs,
and the Transformer can model these temporal and dimensional
properties, thereby achieving consistently higher r2 coefficients
and lower rRMSE values than the MLP, as Table III shows.

Even though the Bi-LSTM demonstrates an ability to
understand temporal patterns, it still falls short of the MLP for
the Simpson index. Moreover, when compared to the CNNs, the
Bi-LSTM underperforms all architectures in every experiment.
As the lower accuracy is present even when compared to the
shallow FCN, the results suggest the improved capabilities of
1D convolutions to extract more meaningful features from the
time series data used.

On the one hand, the Transformer architecture improves
the accuracy of the Bi-LSTM for both Shannon and Simpson
indices and achieves similar accuracy in predicting species
richness. However, CNNs still surpass the Transformer in
accuracy, indicating that convolutions are also better suited
than self-attention mechanisms for analyzing the data in this
study.

Focusing on the results of the CNNs, it can be seen that
the progressive prediction improvements by descending on the
table result from a reduction in uRMSE, while sRMSE remains
at a closer level to the MLP. The range of uncertainty of the
predictions across all values is also significantly lower with
the CNNs with respect to the MLP, as Figure 9 clearly shows.

Among the CNNs, the shallow FCN produces the least
accurate predictions. As expected, the increased number of
convolutional layers in the residual CNNs are more effective
in extracting valuable information from the time series, thus
leading to better predictions.

A comparison between all residual CNNs reveals ResNeTS’s
top-accuracy, improving the results of both the residual CNN
and InceptionTime. In particular, ResNeTS’s r2 consistently
achieves moderate improvements over InceptionTime’s r2 for
all target variables, reaching up to +0.021 r2.

When constructing ensembles comprising five copies of both
ResNeTS and InceptionTime, an enhancement in the overall
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Figure 9. Scatter plots comparing the species richness predictions of the tested architectures vs. the in situ values. The predictions of each architecture
are accumulated across all its experiments. (a) MLP. (b) Bi-LSTM. (c) Transformer. (d) FCN. (e) Residual CNN. (f) InceptionTime-5. (g) ResNeTS. (h)
ResNeTS-5. (i) Rocket.

This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2024.3454271

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/



JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 1, NO. 1, JANUARY 2024 14

Table III
RECORDED ACCURACIES FOR ALL THE PREDICTED VARIABLES USING ALL THE TESTED ARCHITECTURES. INCEPTIONTIME-5 AND RESNETS-5 ARE THE

ENSEMBLES OF FIVE INDIVIDUAL ARCHITECTURES. HIGHER r2 AND LOWER RMSE INDICATE BETTER PERFORMANCES. THE BEST VALUES OF EACH
COMBINATION OF VARIABLE AND METRIC ARE IN BOLD.

Target variable Architecture r2 rRMSE sRMSE uRMSE

Shannon index

MLP 0.159 ± 0.042 0.234 ± 0.014 0.320 ± 0.038 0.377 ± 0.037
Bi-LSTM 0.169 ± 0.050 0.225 ± 0.015 0.334 ± 0.057 0.335 ± 0.049
Transformer 0.173 ± 0.063 0.215 ± 0.017 0.358 ± 0.050 0.263 ± 0.069
FCN 0.218 ± 0.061 0.212 ± 0.013 0.316 ± 0.033 0.318 ± 0.028
Residual CNN 0.252 ± 0.053 0.200 ± 0.013 0.318 ± 0.033 0.278 ± 0.025
InceptionTime 0.282 ± 0.060 0.194 ± 0.013 0.321 ± 0.030 0.257 ± 0.024
InceptionTime-5 0.300 ± 0.066 0.191 ± 0.011 0.323 ± 0.028 0.241 ± 0.023
ResNeTS 0.283 ± 0.054 0.193 ± 0.013 0.320 ± 0.037 0.253 ± 0.019
ResNeTS-5 0.308 ± 0.054 0.188 ± 0.012 0.321 ± 0.035 0.235 ± 0.017
Rocket 0.232 ± 0.086 0.201 ± 0.010 0.337 ± 0.027 0.261 ± 0.026

Simpson index

MLP 0.094 ± 0.043 0.134 ± 0.013 0.086 ± 0.013 0.067 ± 0.007
Bi-LSTM 0.088 ± 0.041 0.143 ± 0.013 0.085 ± 0.017 0.077 ± 0.012
Transformer 0.108 ± 0.051 0.129 ± 0.017 0.094 ± 0.015 0.043 ± 0.013
FCN 0.111 ± 0.053 0.133 ± 0.013 0.084 ± 0.012 0.068 ± 0.006
Residual CNN 0.129 ± 0.062 0.128 ± 0.013 0.084 ± 0.012 0.061 ± 0.007
InceptionTime 0.121 ± 0.066 0.130 ± 0.013 0.085 ± 0.012 0.062 ± 0.007
InceptionTime-5 0.146 ± 0.066 0.126 ± 0.013 0.084 ± 0.011 0.057 ± 0.006
ResNeTS 0.141 ± 0.058 0.125 ± 0.014 0.086 ± 0.012 0.054 ± 0.004
ResNeTS-5 0.166 ± 0.059 0.121 ± 0.013 0.085 ± 0.012 0.049 ± 0.004
Rocket 0.133 ± 0.065 0.126 ± 0.010 0.084 ± 0.010 0.057 ± 0.004

Species richness

MLP 0.414 ± 0.052 0.284 ± 0.024 4.469 ± 1.247 7.418 ± 0.614
Bi-LSTM 0.512 ± 0.045 0.246 ± 0.025 4.903 ± 1.065 5.694 ± 0.545
Transformer 0.499 ± 0.069 0.250 ± 0.025 5.504 ± 1.058 5.249 ± 0.563
FCN 0.539 ± 0.065 0.244 ± 0.027 4.408 ± 1.103 6.028 ± 0.558
Residual CNN 0.568 ± 0.044 0.233 ± 0.021 4.201 ± 1.034 5.753 ± 0.486
InceptionTime 0.575 ± 0.044 0.230 ± 0.020 4.585 ± 0.920 5.352 ± 0.505
InceptionTime-5 0.609 ± 0.035 0.222 ± 0.019 4.657 ± 0.758 4.956 ± 0.394
ResNeTS 0.596 ± 0.039 0.223 ± 0.018 4.318 ± 0.790 5.304 ± 0.481
ResNeTS-5 0.628 ± 0.036 0.214 ± 0.015 4.283 ± 0.790 4.968 ± 0.447
Rocket 0.312 ± 0.047 0.289 ± 0.031 6.671 ± 1.017 5.861 ± 0.361
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Figure 10. Scatter plots comparing the Shannon and Simpson indices predictions of ResNeTS-5 vs. the in situ values. The predictions of each variable are
accumulated across all its experiments. The orange dashed box in the Simpson scatter plot marks a region with Simpson values above 0.5, where most of the
recorded in situ values are found, and where an adequate relationship between the predicted and the actual values can be derived. (a) Shannon index. (b)
Simpson index. (c) Simpson index (zoomed-in).
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predictive performance is observed in both cases. Nonetheless,
the ResNeTS ensemble continues to demonstrate competitive
results compared to the InceptionTime ensemble, providing
more accurate predictions for all variables.

Lastly, the Rocket regressor achieves accuracies that are
lower than all the residual CNNs, and even worse than the
MLP for species richness. These results contrast with studies
such as [54], where Rocket can sometimes outperform advanced
networks like InceptionTime. A closer look at the scatterplot
in Figure 9i reveals how Rocket’s predictions form a relatively
wide-spread cloud of points, unlike the residual CNNs.

Up to this point, ResNeTS demonstrates a slight lead over
InceptionTime in terms of accuracy. The computational perfor-
mance of both architectures can become another deciding factor
to further differentiate them. Table IV presents the average
training time and throughput recorded for these architectures,
including ensembles, aggregated across all experiments.

Table IV
COMPUTATIONAL COST OF TRAINING THE RESIDUAL CNNS. HIGHER

SPEEDUPS ARE BETTER.

Metric Architecture Mean value Speedup

Throughput (epochs/s)

InceptionTime 9.18 ×1.35ResNeTS 12.39

InceptionTime-5 2.66 ×1.61ResNeTS-5 4.29

Train time (s)

InceptionTime 58.58 ×1.54ResNeTS 37.94

InceptionTime-5 178.51 ×1.69ResNeTS-5 105.78

As indicated by the throughput, the lightweight architecture
of ResNeTS achieves significantly better computational effi-
ciency compared to InceptionTime. In particular, the individual
ResNeTS can process 35% more samples than the individual
InceptionTime within the same time frame, and the ResNeTS-
5 ensemble further increases this speedup to ×1.61 over the
InceptionTime-5 ensemble. A faster throughput contributes to
both faster training and classification of new samples after
training the architecture.

Interestingly, the training speedup of ResNeTS further
increases to a maximum of ×1.69. This implies that, in addition
to the faster throughput, ResNeTS architectures converge in
earlier epochs while training, thus triggering the early stopping
sooner.

As shown, the experiments conducted demonstrate that
ResNeTS provides state-of-the-art accuracies for a residual
CNN in time series analysis of remote sensing data, while being
significantly faster than InceptionTime in both the training and
classification stages, owing to its simpler architecture.

2) Architectural analysis of ResNeTS: Table V displays the
results of an ablation study conducted to provide empirical
support for the design process outlined in Section III for
developing ResNeTS. Specifically, starting from the final
architecture, various modifications are applied to evaluate their
impact on prediction quality. The training hyperparameters,
such as learning rate, are optimized with each modification for
a fair comparison. For brevity, the results are only reported

for species richness predictions, although similar trends were
observed for Shannon and Simpson indices.

Table V
RECORDED ACCURACIES FOR THE SPECIES RICHNESS VARIABLE WHEN

APPLYING DIFFERENT MODIFICATIONS TO RESNETS. HIGHER r2 VALUES
ARE BETTER, WHILE LOWER RRMSE VALUES ARE BETTER. THE BEST

VALUE OF EACH METRIC IS IN BOLD.

Target Modification r2 rRMSE

– Final configuration 0.596 ± 0.039 0.223 ± 0.018

Block Channels

2nd best: 64-64-128-256 0.591 ± 0.046 0.225 ± 0.016
3rd best: 64-128-192-192 0.590 ± 0.040 0.225 ± 0.018
4th best: 64-64-128-128 0.590 ± 0.044 0.226 ± 0.019
5th best: 64-64-256-256 0.589 ± 0.042 0.226 ± 0.019

Block Repetitions Two repetitions 0.568 ± 0.049 0.230 ± 0.018

Kernel Size

3 0.564 ± 0.040 0.232 ± 0.016
7 0.591 ± 0.046 0.224 ± 0.015
9 0.570 ± 0.048 0.230 ± 0.017
11 0.575 ± 0.053 0.227 ± 0.016
13 0.565 ± 0.059 0.230 ± 0.014
15 0.583 ± 0.045 0.225 ± 0.016

Shortcut Pooling Not included 0.582 ± 0.040 0.227 ± 0.015

Stem Channels

32 0.584 ± 0.042 0.226 ± 0.016
64 0.585 ± 0.046 0.226 ± 0.016
128 0.591 ± 0.038 0.224 ± 0.018
160 0.592 ± 0.034 0.223 ± 0.014

Stride Position

Block 1 0.593 ± 0.041 0.225 ± 0.017
Block 2 0.586 ± 0.043 0.226 ± 0.015
Block 4 0.577 ± 0.040 0.228 ± 0.015
No stride 0.582 ± 0.047 0.228 ± 0.017

Training Procedure Original 0.536 ± 0.056 0.240 ± 0.022

The architectural analysis demonstrates that, regardless of the
modification made, the performance of ResNeTS consistently
declines. It’s noteworthy that while some modifications lead
to slight decreases in accuracy, such as the removal of pooling
from the shortcuts, others result in substantial downgrades,
such as retaining the original training procedure.

Overall, this study demonstrates the effectiveness of the pro-
cedure outlined in Section III in successfully accommodating
ResNet from image analysis to time series analysis, yielding
ResNeTS, a highly competitive architecture for the dataset of
interest in this study.

3) Importance of bands and time steps: Figures 11 to 13
summarize the results of an explainability analysis conducted
on ResNeTS-5 to determine the importance of bands and time
steps in predicting species richness. The focus on this variable
offers a more robust understanding of predictor importance,
given the higher accuracies of all architectures compared to
Shannon and Simpson indices.

In particular, Figure 11 presents the SHAP values assigned
to each band, while Figure 12 reflects the importance of each
time step as approximated by Grad-CAM. The predictions
of ResNeTS draw significantly from all features, although
the architecture appears to leverage some more than others.
Notably, the bands red edge 2, near-infrared, near-infrared
b, and short-wave infrared 2 were found to be of greatest
importance. Moreover, observations from the start and the
end of the growing season (April and October, respectively)
proved to be highly relevant. The consistency observed in the
importance across all data points underscores the reliability of
the results.
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Figure 11. Importance of each band in ResNeTS-5 predictions for species
richness, given by SHAP values. The importance is measured and averaged
across all experiments. Higher values are better.
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Figure 12. Importance of each time step in ResNeTS-5 predictions for species
richness, given by Grad-CAM. The importance is measured and averaged
across all experiments. Higher values are better.

Although not displayed here due to space limitations, the
activation maps visualized across different ResNeTS trainings
on species richness align with the insights of the Grad-CAM
analysis. Generally speaking, the maps show that the learned
convolutional filters fall into three distinct yet non-exclusive
categories: those emphasizing the beginning of the series, those
focusing on the end, and those highlighting the middle portions,
with the latter being significantly less common. Representative
examples of different types of activation maps are displayed
in Figure 13.

V. DISCUSSION

A. The motivation for ResNeTS

Although there is a wide array of literature predicting
biodiversity with remote sensing data and machine learning,

recent researchers have raised awareness of their limitations
due to spatial autocorrelation [19], poor domain adaptation
[81], or low performance of metrics based on the spectral
diversity hypothesis [22]. An approach to partially overcome
these problems is to use radiative transfer models to predict
the functional diversity rather than taxonomic diversity [17].
However, functional and species diversity do not always go
hand in hand. Grassland communities with a high number
of species may have a low functional diversity due to high
functional redundancy. Thus, species richness and distribution
measures such as the ones presented in this paper represent a
valuable set of information for management and conservation
measures.

Only a few studies make simultaneous use of the temporal
and spectral dimensions to quantify taxonomic diversity; e.g.,
[82], [24], [14]. Other studies use only a few points in time
or aggregate the temporal dimension with statistical metrics
[83], [84], or aggregate the range of predicted values into a
few classes [85], losing important information. Recent works
still report high prediction accuracies using traditional machine
learning methods without discarding spatial autocorrelation
[86], which renders the use of remote sensing data potentially
unnecessary [19]. [87] also pointed out the challenges encoun-
tered when modeling phenological patterns due to species
diversity and image availability. Despite the success of deep
learning in the field of image processing, these architectures
are rarely used with full spectral-temporal data for the task
of biodiversity prediction. Some architectures have shown
good results when specifically fine-tuned to specific uses, such
as MLPs in [24]. Although MLPs may be sufficient when
predicting relatively simple biophysical variables such as above-
ground biomass or LAI, more complex architectures are needed
to interpret high dimensional data.

As discussed in Section I, remote sensing researchers
working on tasks beyond biodiversity prediction, such as
land cover classification, have already adopted advanced deep
learning architectures to extend the capabilities of time series
analysis [33], [34], [39], [40]. Inspired by these advancements,
this work develops a powerful residual CNN to significantly
improve biodiversity monitoring beyond the common MLP-
based approaches.

Among the current CNNs for time series analysis, Incep-
tionTime [53] is known for its robust performance [54]. It
consists of modules that apply parallel convolutions to extract
relevant features from time series data, drawing inspiration from
the Inception-v4 [56] network introduced in 2017. However,
most improvements in CNN development are driven by image
processing, and its most advanced CNNs currently favor
sequential designs over parallel ones [57], [58], [50], drawing
inspiration from the success of the ResNet family [44]. This
trend suggests that an effective ResNet-based CNN for time
series analysis can open an interesting opportunity to advance
the field by facilitating the incorporation of cutting-edge
techniques from the most advanced image processing CNNs.

This observation led to the development of ResNeTS, a
residual CNN resulting from adapting the ResNet architecture
for time series analysis. Unlike InceptionTime, which relies
on parallel convolutions with filters of varying sizes to

This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2024.3454271

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/



JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 1, NO. 1, JANUARY 2024 17

M
ar

. 3
0

Ap
r. 

13
Ap

r. 
27

M
ay

 11
M

ay
 2

5
Ju

n.
 6

Ju
n.

 2
2

Ju
l. 

6
Ju

l. 
20

Au
g.

 3
Au

g.
 17

Au
g.

 3
1

Se
p.

 14
Se

p.
 2

8
O

ct
. 1

2
O

ct
. 2

6

Time step

0.40

0.42

0.44

0.46

0.48

0.50

0.52
Av

er
ag

e 
ac

tiv
at

io
n

(a)

M
ar

. 3
0

Ap
r. 

13
Ap

r. 
27

M
ay

 11
M

ay
 2

5
Ju

n.
 6

Ju
n.

 2
2

Ju
l. 

6
Ju

l. 
20

Au
g.

 3
Au

g.
 17

Au
g.

 3
1

Se
p.

 14
Se

p.
 2

8
O

ct
. 1

2
O

ct
. 2

6

Time step

0.35

0.40

0.45

0.50

0.55

Av
er

ag
e 

ac
tiv

at
io

n

(b)

M
ar

. 3
0

Ap
r. 

13
Ap

r. 
27

M
ay

 11
M

ay
 2

5
Ju

n.
 6

Ju
n.

 2
2

Ju
l. 

6
Ju

l. 
20

Au
g.

 3
Au

g.
 17

Au
g.

 3
1

Se
p.

 14
Se

p.
 2

8
O

ct
. 1

2
O

ct
. 2

6

Time step

0.375

0.400

0.425

0.450

0.475

0.500

0.525

Av
er

ag
e 

ac
tiv

at
io

n

(c)

Figure 13. Examples of different types of activation maps extracted from the first convolutional block of ResNeTS in predicting species richness. (a) Map of a
convolutional filter emphasizing the beginning of the series. (b) Map of a convolutional filter focusing on the end of the series. (c) Map of a convolutional filter
highlighting the middle portions and the end of the series.

accommodate different time series lengths, ResNeTS embraces
a simpler design, consisting of sequential convolutions better
suited for the characteristics of the time series studied (i.e.,
length and dimensionality). Consequently, ResNeTS marks a
significant step towards aligning the design principles of CNNs
across both time series and image processing.

B. Experimental results

Empirical results demonstrate how ResNeTS allows the
analysis of Sentinel-2 time series with improved accuracy over
InceptionTime. Specifically, Shannon, Simpson, and species
richness biodiversity indices are predicted, reaching gains of
up to +0.02 r2. Furthermore, ResNeTS accomplishes this with
fewer convolutional blocks than InceptionTime, as reflected in
Figure 6b. This reduction in blocks, coupled with their light
design (see Figure 6a), enable ResNeTS to achieve speedups of
up to ×1.69 in terms of execution time. This impressive speed
enhancement is especially beneficial for large-scale monitoring,
real-time applications, and addressing more complex time series
data efficiently.

The overall better performance of ResNeTS over Inception-
Time and the other architectures can be better understood
by looking at the uRMSE. The sRMSE represents the error
that can be attributed to the architecture’s bias, and ResNeTS
showed only a moderate improvement (Table III). On the other
hand, the uRMSE represents the random error component, and
its magnitude and variability across folds are consistently much
lower in ResNeTS, compared to the other architectures. This
indicates that ResNeTS is better at dealing with outliers and
might perform consistently under scenarios with a slightly
different data distribution. This is important for remote sensing
studies, where unmasked haze or clouds can introduce some
noise in the interpolated signal. Under circumstances with
extremely bad quality pixels, the architecture returns unfeasible
high species numbers that, in any case, are easy to detect and
exclude during map production; i.e., above 150 species per 16
m2, when the maximum number recorded at the Biodiversity
Exploratories is 61 (see Figure 14). Note that the Sentinel-2
time series used for calibrating the architecture was screened

Figure 14. Predictions over a poorly FORCE [63] interpolated time series
outside the Biodiversity Exploratories due to cloud contamination. In these
areas, the architecture returns values above 150 species per 16 m2, which is
not plausible, as the maximum species richness value registered is 61 per 16
m2.

for poor-quality pixels in the Biodiversity Exploratory plots,
and these extreme sources of noise do not affect the training.

It is also worth noting that, in recent years, the Transformer
architecture has gained significant attention across various areas
due to its competitive performance against other deep learning
architectures, including CNNs. The Transformer evaluated in
this study was also developed for handling Sentinel-2 time
series [34]. Surprisingly, even basic CNN architectures in the
experimental trials outperformed the Transformer. One potential
explanation, as discussed in [51], could be the small size of the
dataset used, limited by challenges such as the labor-intensive
nature of in-site sample collection, and the incompatibility
of aggregating data from different sources (see Section II).
Other authors have already observed that Transformers are
data-intensive architectures, possibly struggling in low-data
regimes [88].
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Figure 15. Visual differences in species richness and Shannon index predictions between ResNeTS and InceptionTime across various grassland patches.

When compared to results from previous works, ResNeTS
improved the predictions of species richness from the MLP in
[24] (r2 = 0.42 vs r2 = 0.63), and improved the predictions
of the Shannon index to acceptable levels compared to those
achieved with MLPs in [14] (r2 = 0.23 vs. r2 = 0.31). The
improvement in the coefficient of determination of Simpson
index predictions by ResNeTS with respect to the MLP was
marginal (r2 = 0.16 vs r2 = 0.17). However, these errors are
concentrated at low values, which correspond to plots not
dominated by any particular species. This poor performance at
predicting low Simpson values is probably due to the scarcity
of training points for values below 0.5, as shown in Figure 10.
At mid and high Simpson values (few or no dominant species)
the predictions are comparable to those of other similar research
[82].

C. Model interpretability

Regarding the feature importance of the Sentinel-2 bands,
the results in this study are in agreement with [24]. This is,

the red edge 2, near-infrared, near-infrared b and short-wave
infrared 2 have the highest prediction importance for the model
(Figure 11). These bands are highly sensitive to vegetation, as
they can penetrate plant structures and reflect key attributes
such as water and chlorophyll content. Since different plant
species present distinct signatures for these characteristics, the
bands enable a more accurate prediction of plant biodiversity.

Concerning the feature importance across the phenological
cycle, ResNeTS assigns high importance values to the start and
end of the growing season (April and October respectively), and
lower importance towards the summer (Figure 12). This is also
to some extent in agreement with [24], where May is featured
as very important, rather than April. This consistency across
models suggests that the relative importance of each predictor
is not model-dependent, and strengthens the interpretability
of the model and its results. The flowering season starts in
April/May, as well as the first mowing of the most intensive
grasslands (and thus species-poor plots). During October, the
browning season starts, and only the extensive grasslands
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(species rich) have green and senescent vegetation, whereas
more intensive grasslands have either fully vegetated grass or
have been recently mown (Figure 4).

It is worth noting that averaging the explainability measures
over temporal and spectral dimensions poses a potential
limitation of the analysis conducted. This approach, while
facilitating the interpretation of the results, might mask finer
dynamics, such as certain bands exhibiting more influence
during particular time intervals; these subtleties are not captured
in the aggregated values shown in Figure 11. Additionally, the
analysis was run solely on species richness, motivated by the
high accuracy of all models compared to the Shannon and
Simpson indexes. Should future models achieve comparable
accuracy levels across these metrics, expanding the explain-
ability analysis could help determine whether the predictors
identified as most important for species richness hold the same
influence for the other biodiversity metrics.

D. Applications
Land use intensity is one of the main drivers of species

richness and composition, but its effects are in some cases
non-linear: while some meadows under a low land-use intensity
exhibit a low species richness, some pastures under intermediate
land-use intensity are home to a high number of species [3],
[66]. Spatially explicit biodiversity data can contribute to a
better understanding of the effects of land use on biodiversity
and its relationship with ecosystem functions and services.
Such data can be used to estimate other ecosystem services
such as carbon storage [89] and pollination abundance [90].
Biodiversity predictions can also serve as valuable input in other
models such as structure equation models, mathematic models
such as Marxsan [91], or additional deep learning models [92],
that attempt to disentangle the complex interactions between
biodiversity, climatic and anthropogenic factors, and orient the
development of conservation plans and policies.

Assessing more than one biodiversity metric across a land-
scape can provide a comprehensive view of biodiversity status.
Figure 15 illustrates the differences in predictions between
ResNeTS and InceptionTime for the Shannon and species
richness variables across various grassland patches. ResNeTS
predicts a broader range of values compared to InceptionTime,
as expected by its higher accuracies. Interestingly, although
species richness and the Shannon diversity index often correlate,
the figure also demonstrates that this is not always the case,
as they represent two independent components of taxonomic
diversity [67].

The proposed ResNeTS offers a flexible architecture that
can be applied to study not only plant biodiversity, but also
any variable that can be inferred from the phenological profile
of vegetation, such as crop yield prediction [37], phenometrics
[12], or land use intensity [93], among many others. ResNeTS
can be applied directly to other remote sensing time series
without modifications, while also allowing for adjustments to
achieve the most optimal performance for specific scenarios.
For instance, the updated training procedure and the inclusion
of pooling layers in the shortcuts are likely to provide benefits
in all contexts. In contrast, in cases involving longer or higher-
dimensional time series, modifications such as larger kernels,

increased convolution channels, or changes to the stride policy
might be advantageous. For instance, a denser time series might
be necessary to completely model the phenological profiles of
other vegetation species. Naturally, ResNeTS can be tailored
for classification tasks in addition to regression, by simply
adapting the output layer to fit the problem at hand.

It is also worth noting how ResNeTS demonstrated its ability
to effectively work with a small-sized dataset, presenting only
a few hundred data points. Naturally, as with any machine
learning model, it is still necessary to screen all data to
minimize extremely bad quality inputs, such as pixels heavily
obstructed by clouds (see Figure 14). For larger datasets, it
could still be worthwhile to explore larger architectures, such as
increasing the number of repetitions per block, the number of
convolutional channels, or even experimenting with the larger
ResNet variants than ResNet-18, which served as baseline for
ResNeTS.

VI. CONCLUSIONS

This work introduced ResNeTS, a residual CNN designed for
the analysis of Sentinel-2 data, and demonstrated its capabilities
to enhance the prediction of biodiversity metrics, specifically
species richness and Shannon and Simpson indices, with
regards to other state-of-the-art architectures.

In particular, ResNeTS successfully accommodates to time
series analysis the well-known ResNet computer vision ar-
chitecture, and incorporates enhancements such as extended
convolutional kernels for improved temporal pattern recognition,
state-of-the-art training methodologies, and model ensembling
to reduce the variability in predictions. These innovations allow
ResNeTS to maximize the use of the spectral and temporal
resolution of the time series, outperforming leading networks
like InceptionTime and Transformers, in both terms of accuracy
and execution time.

The advancements presented by ResNeTS extend beyond
technical achievements, into biodiversity research and man-
agement. By accurately predicting biodiversity metrics across
extensive regions, ResNeTS facilitates the creation of combined
maps that reflect plant species richness and evenness across
agricultural landscapes, and at resolutions compatible with
management practices. Furthermore, integrating these predic-
tions with climate and land-use data can help disentangle the
effects of climatic and human-induced factors on biodiversity
patterns, offering invaluable insights for conservation strategies
and ecological studies. Finally, ResNeTS’ flexibility also makes
it a compelling architecture to explore in applications beyond
biodiversity monitoring, such as crop yield prediction, or
invasive species detection.
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