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The unparalleled availability of Satellite Image Time Series (SITS) for crop phenology classiÞcation unrav-
els agricultural parcel observation and monitoring with applications of both economic and ecological
importance. Moreover, the need for distinct classiÞcation of agricultural parcels into individual crop types
falls on state-of-the-art deep learning models for this extrinsic task. However, most existing approaches
implemented are complex and ineffective attention incorporated models, which in turn lack the resili-
ence to recognize useful bands in achieving greater accuracy. We propose a Multi-Fast Channel
Attention module for deep CNNs based on a Spatial Encoder (SE-MFCA) that requires a few parameters
while enhancing the performance-complexity trade-off dilemma. Hence, we leverage on spatial encoder
module to extract the images as disorderly sets of pixels to enhance the coarse spatial resolution features.
We empirically show that appropriate parameter sharing in the cross channel interaction can preserve
performance while signiÞcantly reducing model complexity. The proposed multi-channel attention mod-
ule can efÞciently be implemented via an encoder-decoder network to prevent the loss of detailed spatial
information. Again, we parallelly distributed the input channel into multiple heads in our network to
recover the specialized input features, which will concatenate with the residual to form a rich single fea-
ture representation. The extensive experiment has shown that our model SE-MFCA is efÞcient and effec-
tive compared with the previous state-of-the-art time series classiÞcation algorithm on a publicly
available dataset of Sentinel-2 images for agricultural parcels. Performance-wise SE-MFCA achieves the
highest overall accuracy of 94.50% and the highest mean intersection over union score of 51.92%, besides
the least trainable params of 131 K and fewer ßoating point operations of 0.16 M.
� 2022 The Author(s). Published by Elsevier B.V. on behalf of King Saud University. This is an open access

article under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ).
1. Introduction

In the recent decade, remote sensing has gotten much attention,
especially after NASAÕs Landsat satellites adopted an open data pol-
icy in 2008. With the Copernicus initiative, European Space Agency
(ESA) expanded the availability of satellite data by offering free
optical images and radar measurements of the EarthÕs surface
and chemical composition studies of the troposphere. These avail-
able data would be integrated with contemporary data analytics
technologies to encourage innovation and economic progress.
The cost of using satellite data has considerably decreased owing
to the accessibility of high-quality data and other variables, includ-
ing increased Internet speed, storage capacity, computing power,
and the creation of sophisticated open-source tools. Despite recent
signiÞcant advances in software for data pre-processing and
d Multi-
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analysis, various domains still have challenges. However, they are
also generally a tremendous amount of data, and they require a
high resource to perform analysis.

Optical sensor data is utilized in multiple applications; espe-
cially automated classiÞcation is vital in several instances, includ-
ing harvest yield estimation ( Ferencz et al. (2004) ). The European
UnionÕs collaborative research institute has urged the creation
and advancement of effective technology to lead automated
surveillance. The European Space AgencyÕs launch of the
Sentinel-2 satellite, which became generally active in mid-2017,
accelerated this push toward automation. The setting of Sentinel-
2 is particularly useful to classify crops. Its high spectral resolution
(13 bands) and 5-day revisit time make it ideal for studying agri-
cultural phenology or the cyclical evolution of plants ( Drusch
et al. (2012) ). In addition, the farmersÕ yearly manual reports sup-
ply a signiÞcant quantity of annotated data (10 million parcels are
marked sole in France each year) to train learning algorithms. For
both public and commercial businesses, such algorithms would
have a variety of uses beyond crop monitoring ( Vrieling et al.
(2018) ). For automated crop classiÞcation, practitioners mostly
depend on classical approaches like Random Forest (RF) and Sup-
port Vector Machine (SVM) that work on handwritten characteris-
tics ( Inglada et al. (2015), Zheng et al. (2015) ). However, the
growing use of deep learning approaches for learning spatial and
temporal features, such as Convolutional Neural Networks (CNN)
and Recurrent Neural Networks (RNN), has resulted in consider-
able increases in classiÞcation performance. The current state-of-
the-art for crop type categorization is hybrid neural networks that
combine convolutions and recurrent units in a single design
(Ru§wurm and Kšrner (2018b), Garnot et al. (2020) ). Remote sens-
ing gives the ßexibility to harness the temporal dimension of earth
observations. These observations are stored and are publicly avail-
able for researchers and industrial players. For example, ( Garnot
and Landrieu (2020) ) created an object-based agriculture parcel
classiÞcation dataset that is made publicly available. Satellite sen-
sors obtain information on the earthÕs surface across the electro-
magnetic spectrum, of which each wavelength of radiation best
corresponds explains a speciÞc surface feature. For instance, differ-
ent crop responses are delineated by hyperspectral remote sensing
due to the pigmentation and cropsÕ canopy cover. The moisture
content of leaves also inßuences the response curves of incident
radiation; therefore, the health of crops could be analyzed to
inform farm crop management decisions. Accurate classiÞcation
of agricultural parcels from space is pertinent to farmers and agri-
cultural experts in making agricultural decisions. Satellite images
could give a pictorial perspective of farm parcels that simpliÞes
complex farm practices to farmers, particularly smallholder farm-
ers. Simple machine learning architectures reliant on texture Þnd
it challenging to extract important spatial features of agricultural
parcels from satellite data because sensors like the Sentinel-2
satellite used for classifying agricultural parcels have a coarser spa-
tial resolution than the typical agricultural textural information.
The dynamics in agricultural parcels requires a robust model to
classify these images in an efÞcient way. Ru§wurm and Kšrner
(2019) proposed using a Transformer based on self-attention for
SITS classiÞcation in light of the advent of self-attention as a potent
alternative to RNN in natural language processing. Likewise, the
pixel-set encoders and temporal attention encoder (PSE-TAE) pre-
sented a master query forming technique to improve the Trans-
former for classifying phenological characteristics of crops Garnot
and Landrieu (2020), Garnot et al. (2020) . Their extensive experi-
ments show that the self-attention network enables the model to
concentrate on speciÞc critical features by taking into account
the temporal structure of the input data, allowing comparable
models to outperform convolution-recurrent networks in classiÞ-
cation accuracy.
2

The self-attention model has been signiÞcantly adapted by SITS
classiÞcation ( Yuan and Lin (2021) ). However, speciÞc concerns
remain unresolved, some of which are highlighted below:

� Sentinel-2 satellite sensors generally employed for crop classiÞ-
cation have a coarser spatial resolution of 10 m per pixel than
typical agricultural textural information, such as ditches or tree
rows. To extract spatial features, CNNs deeply depend on tex-
ture information ( Geirhos et al. (2019) ). Given this constraint,
we propose using a spatial encoder to interpret medium-
resolution images of agricultural parcels as unordered pixels
by exploiting the coarse spatial resolution features of the satel-
lite image time series.

� In SITS, self-attention is solely focused on the structure of the
image bands, and some bands are not efÞciently Þltered. There-
fore, how may relevant bands be adaptively picked as input via
data-driven to reduce generalization errors in the SITS classiÞ-
cation without compromising model complexity, accuracy,
and parameter count?

� In the temporal dimension of SITS, self-attention primarily uses
global information to capture dependencies, which results in
insufÞcient utilization of salient information at the local level.
Therefore, improving the representation of time series informa-
tion will be advantageous if the long and short-range sequence
structures can be captured simultaneously.

Inspired by efÞcient channel attention ( Wang et al. (2020) ), we
proposed multi-fast channel attention (MFCA) module for deep
CNNs as an alternative for lightweight temporal attention net-
works to address the above problems for SITS crop classiÞcation.
The key contributions of our study are as follows:

� We construct two-stage learnable deep learning networks using
spatial encoder and multi-fast channel attention that can deli-
cately pick the learned spatial statistical descriptors informa-
tion from distinct spectral parcel observations. Moreover, an
attention block is used to group the channel dimension to prior-
itize all bands containing similar characteristics in crop type
classiÞcation to gather essential information from the parcel
observation inside the sequence.

� A lightweight network is designed to solve the inadequate uti-
lization of local information for SITS classiÞcation. Compared
with the state-of-the-art deep neural networks (PSE-LTAE
(Garnot and Landrieu (2020) ), PSE-TAE (Garnot et al. (2020) ),
CNN-GRU (Garnot et al. (2019) ), CNN-TempCNN (Pelletier
et al. (2019) ), Transformer ( Ru§wurm and Kšrner (2019) ),
ConvLSTM (Ru§wurm and Kšrner (2018a) ), Random Forest
(Bailly et al. (2018) ), the SE-MFCA proposed by us achieved
the highest overall accuracy (OA), mean Intersection-Over-
Union (mIoU), and Floating-Point Operations (FLOPs) with the
minor trainable parameters count and less model complexity

2. Related works

Over the past decade, many researchers have proposed distinct
algorithms for crop classiÞcation. This paper categorizes parcel-
based classiÞcation algorithms into object level and pixel level.
In object-based classiÞcation techniques, the shape of the crop is
used to extract valuable spatial data for classiÞcation. Contrarily
in pixel-level strategies, initial information on the edges of the crop
is not required. This method cannot use the importance of spatial
consistency of label types within the parcelÕs extent. In this paper,
the related literature is grouped into Convolutional and Recurrent
Techniques, Strictly Convolutional Techniques, Attention-Based
Techniques, and Traditional Machine Learning.
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2.1. Strictly convolutional techniques

Deep learning algorithms have become conventional in remote
sensing algorithms. To address the temporal dimension in remote
sensing crop classiÞcation, ( Ji et al. (2018) ) proposed a 3D tech-
nique based on CNN that categorizes agriculture parcels from
remote sensing images. Deep learning algorithms automatically
discover internal feature representations with several layers from
original images instead of practical feature design. They have
proved to be particularly effective in image classiÞcation and
object detection. In addition, they presented a dynamic approach
to enhance accurate labeling up to a vital point with the most efÞ-
ciency. Three-dimensional (3D) convolutional neural networks
(CNNs) are not as extensively used as two dimensional CNN, as
the temporal measurement is generally often ignored in image
processing and machine learning. Remote sensing images com-
monly deliver operationally or temporal data, which may be used
to retrieve additional data. Murthy et al. (2003, 2014) algorithms
focused directly on joining images to denote speciÞc data. Sexton
et al. (2013) algorithms focus directly on images of the early, late,
and inactive season.

2.2. Combined convolutional and recurrent approaches

In the past few years, the advancement of deep learning in
image detection and image classiÞcation has provided a mecha-
nism for remote sensing classiÞcation. Some algorithms use a deep
learning mechanism for feature engineering or feature extraction
(Nijhawan et al. (2017, 2018) ). However, some algorithms adopt
end-to-end trainable architectures in remote sensing classiÞcation.
For instance, (Kussul et al. (2015) ) proposed a technique for crop-
based classiÞcation using Multi-Layer Perceptron (MLP). The algo-
rithm is trained on multi-temporal Landsat-8 data rather than the
standard RF of SVM. Kussul et al. (2017) proposed an unsupervised
neural network (NN) architecture to manage the dimension of spa-
tial data. The algorithm used a fully connected feedforward artiÞ-
cial neural network class known as multilayer perceptron (MLP)
and random forest. Other algorithms have used LSTM architecture
to model remote sensing data parameters ( Ru§wurm and Kšrner
(2017, 2011, 2012) ). These models obtain satisfactory results com-
pared to RF and SVM (Ndikumana et al. (2018) ). Concerning Land
Use/Land Cover (LULC) classiÞcation, (Interdonato et al. (2019) )
employs CNN/RNN to provide a more varied and comprehensive
representation across various agricultural parcels. They use a col-
lection of descriptors that their model can successfully use to dis-
tinguish between the various land cover classes. Chung et al.
(2014) performed analysis on different techniques of CNN, RNN,
and mixed neural networks to evaluate their implementation on
an extensive free public Sentinel-2 image dataset. A shared CNN
Þrst ingrains the sequence of pictures, and the consequential
embedding arrangement is provided to a Gated Recurrent Unit
(GRU). Gated Recurrent Unit (GRU) is preferred due to the number
of parameters required to obtain identical results to LSTM. .

2.3. Machine learning and attention-based

Many crop classiÞcation algorithms used handcrafted features
(Vuolo et al. (2018), Wardlow and Egbert (2008) ) before traditional
machine algorithms. In ( Wardlow and Egbert (2008) ), a multi-
temporal NDVI dataset gathered across a particular period is
obtained from the application of a decision tree and parcel map-
ping protocol. The data collected were analyzed in the state of Kan-
sas. The classiÞcation produced four main parcel-related Land Use
Land Cover maps: 1) crop/non-crop, 2) general parcel varieties (al-
falfa, summer crops, winter wheat, and fallow), 3) distinctive sum-
mer parcel classes (corn, sorghum, and soybeans), and 4) irrigated/
3

non-irrigated crops. Even though this approach is vigorous and
interpretable, these algorithms are less efÞcient than traditional
neural networks. For instance, ( Siachalou et al. (2015) ) used Hid-
den Markov Models in parcel classiÞcation, founded on the time-
series study and a series of remote sensing analyses. Bailly et al.
(2018) , used Conditional Random Fields to study the annual parcel
rotation using satellite images. The advancement of self-attention
in machine learning as an adequate replacement for the recurrent
neural network has served as the backbone for current crop classi-
Þcation algorithms. Recently, self-attention ( Vaswani et al. (2017) )
has contributed to the enormous improvement of pixel-set
(Ru§wurm and Kšrner (2019) ) and agriculture parcel classiÞcation
(Garnot et al. (2020,) ), as well as thermal position encoding
(Nyborg et al. (2022) ), and panoptic segmentation ( Garnot and
Landrieu (2021) ). Moreover, ( Garnot et al. (2020) ) as our baseline
model and ( Tang et al. (2022) ), utilized channel attention-based
models to classify phenological characteristics of crops. Though
Self-supervise Learning has no bearing on our current work, we
would like to acknowledge that, in addition to deep learning archi-
tectures, one of the most exciting developments in recent works in
remote sensing applications has been the adoption of concepts
such as self-supervised learning approaches from areas such as
Natural Language Processing, which we hope to use in future
works. SITS-Former (Satellite Image Time Series Transformer), a
pre-trained representation model for Sentinel-2 time series classi-
Þcation, was proposed by Zhang et al. (2022) . SITS-Former utilizes
a Transformer encoder as the backbone while accepting time series
of image patches as input to learn spatio-spectral-temporal fea-
tures. To effectively express visual representations of remote sens-
ing images, Li et al. (2021) presented a self-supervised multi-task
representation learning approach. They devised several pretext
tasks using a triplet Siamese network to simultaneously learn
high-level and low-level image features. Although these deep
learning networks acquired robust results, they have some draw-
backs. The major drawback with these algorithms is model com-
plexities. To address the drawback, we propose a Spatial Encoder
with Multi-Fast Channel Attention (SE-MFCA) architecture: a
hybrid deep learning model for agriculture parcel classiÞcation.

In what follows, we present our proposed methodologies and
the details implementation of the algorithm in Section 3. Section 4
describe the experimental details and the dataset characteristics.
In Section 5, we present all of the experimental results and their
analysis. Finally, in Section 6, the studyÕs conclusion is presented
(see Fig. 1).
3. Methods

The proposed SE-MFCA model comprises of mainly three main
blocks: spatial encoder, multi-fast channel attention, and spatial
classiÞer. This is well represented in Fig. 2, which displays the
schematic diagram of the proposed model. The spatial encoder
block is engaged in computing the learned statistical distribution
of the agricultural parcelÕs observations. In the multi-fast channel
attention block, the multi-channel attention (MCA) module subtly
assigned the learning weight of the bands to the individual atten-
tion heads to focus on the crucial spectral information of the parcel
while ignoring irrelevant details. Finally, the spatial classiÞer com-
bines the previous blocks through a multilayer perceptron to pro-
duce the class logit for SITS classiÞcation.
3.1. Spatial encoder block

In general, this part introduces the intricacies of developing the
spatial encoder. The spatial encoderÕs purpose is to assign spatial
codes to representation instances that deÞne which clusters the



Fig. 1. Comparison of the state-of-the-art models like Transformer ( Ru§wurm and
Kšrner (2019) ), PSE-LTAE (Garnot and Landrieu (2020) ), PSE-TAE (Garnot et al.
(2020) ), CNN-GRU (Garnot et al. (2019) ), ConvLSTM (Ru§wurm and Kšrner
(2018a) ), CNN-TempCNN (Pelletier et al. (2019) ), and SE-MFCA) for Satellite Image
Time Series (SITS) classiÞcation accuracy, network parameters, and Floating-Point
Operations (FLOPs), are represented by radiuses of circles. Our model SE-MFCA
attains a higher overall accuracy with less model complexity. Note that shared/non-
shared represents parameter sharing strategy.
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instances belong to. We may intuitively represent the relative
placement of instances with varying granularity in the latent space.
Following the adoption of the preceding technique, we use the
Pixel-set Encoder proposed by Garnot et al. (2020) to effectively
calculate the distribution of the learned statistical dispersions of
the spectral distribution of the parcelÕs observations. Assume the

data X contain N labelled pixels, S � x1; x2; . . . ; xNf g 2 RT� C� H� W is
randomly sampled from N pixels within the set of X, where T rep-
resents the number of length of the time steps, C is the number of
image bands, and H and W are the spatial extent, thus the shape of
the number pixels in a parcel. The inter-bands relationship of the
image series is used to build the channel attention map. If the
number of pixels in a single image is less than X, an arbitrary rep-
etition is perform to correspond to the actual size of a given parcel.
Each pixel is randomly sampled xt

s in the SE block before employ
shared Multi-Layer Perceptrons (MLP 1) is used to improve the rela-
tions between spectral bands and facilitate generalization. SpeciÞ-
cally, the shared (MLP) consisting of a fully connected layer, batch-
norms Ioffe and Szegedy (2015) , ensued by ReLUs (Nair and Hinton
(2010) ) to generate the spatial vectors. The vectorÕs mean and stan-
dard deviation are calculated and pooled to help make the repre-
sentation approximately invariant to small input translations.
Invariance to translation suggests that if we translate the parcel
by a small amount, the values of most of the indices of the pixelÕs
pooled outputs do not change before the pre-calculated geometric
features f: (Batchsize � (Sequence length) � Number of features),
are concatenated with the result to prevent textural information
loss. Finally, the output is processed by another MLP 2 to generate
Fig. 2. The pipeline of the

4

a spatial embedding for each date. The Fig. 3 accepts disorderly sets
of pixels observations as input embeddings at time t. Formally, the
equation from the above architecture can be summarized as
follows:

Spixels ¼ Randomly S; Nð Þ; ð1Þ

e tð Þ¼ MLP1 x tð Þ
s

� �
; 8s 2 S; ð2Þ

To properly utilize the spatial information of the two critical statis-

tical dispersions, e tð Þ¼ e tð Þ
k j 1 6 k 6 c

n o
are arranged into channel

descriptors where k denotes the sequence length of the channel.
To acquire channel-wise statistics features, the 2-norm of the two
features are determined.

DeÞnition 1. The formula of the mean xð Þis deÞned as:

x ¼ l k j 1 6 k 6 c
� �

; ð3Þ

where, l k is computed by l k ¼ 1
H� W

P H
i¼1

P W
j¼1e tð Þ

k i; jð Þ. The spatial

dimension are presented by h � w of the features.
DeÞnition 2. The formula of the standard deviation rð Þis deÞned
as:

r k ¼

�����������������������������������������������������������������

1
H � W

XH

i¼1

XW

j¼1

e tð Þ
k i; jð Þ � l k

 ! 2
vu
u
t ; ð4Þ

where; e kð Þ¼ MLP2 pooling ê tð Þ; f
� �� �� �

: ð5Þ

Even though this encoder only uses a small amount of data for
every parcel, randomized sampling at each training step guaran-
tees that robust embeddings are learned and utilize all available
data.
3.2. Revisting channel attention

The channel attention mechanism has gained enormous litera-
ture when it comes to CNNs. It solely relies on scalar representa-
tion to evaluate importance across all channels. Assume the

feature of an image tensor is X 2 RC � H � W , where Cis the number
of feature channels, and H and W are the featureÕs dimensions.
Using a scalar representation to execute channel attention is the
fundamental step in conducting calculations because of its compu-
tational overheads and Global Average Pooling due to its simplicity
and efÞciency. GAPÕs simplicity makes it challenging to collect
detailed information for diverse inputs. We regard a channelÕs sca-
lar representation to be a compression challenge. A channelÕs infor-
mation, in particular, should be encoded concisely by a scalar while
keeping as much of the channelÕs representation ability as feasible.
As a result of the limiting computing cost, properly compressing a
channel with a scalar is a considerable challenge, and it is critical to
Proposed SE-MFCA.



Fig. 3. Phase 1 schematic view of the spatial encoder.

K. Sarpong, J.K. Jackson, D. Effah et al. Journal of King Saud University Ð Computer and Information Sciences xxx (xxxx) xxx
channel attention. In this manner, the attention mechanism may
be expressed as follow:

Att ¼ r F compress Xð Þð Þð Þ; ð6Þ

where Att 2 RC represents the attention vector, r is the sigmoid
activation function, F denote fully connected layer or one dimen-
sional convolution that maps the layer input over a single spatial

dimension, and compress: RC � H � W ! RC denotes the compress
method. The individual channel of input X is rescaled by the associ-
ated attention value when the attention vector across all the C

channels is obtained: eX ¼ ~x1; ~x2; � � � ; ~xc½ �: i :; :; ¼ att iX :; i :;:, where
i 2 0; 1; � � � ; C � 1f g .

In such instance eX is the attention mechanism output, att i : is
the vector i � th element of the attention, and X : i :;:, is the input
of the i � th channel. Generally, global average pooling is fre-
quently used as the de facto compression method Hu et al.
(2020,) due to its simplicity and effectiveness. Compression
approaches such as global max-pooling Woo et al. (2018) and glo-
bal standard deviation pooling Lee et al. (2019) are also available.

3.3. Multi-fast channel attention block

LayerNorm is a representation of layer normalization ( Ba et al.
(2016) ) that successfully stabilizes the hidden state dynamics in
recurrent networks while reducing training time and generaliza-
tion performance. The term Conv1d stands for 1-D convolution
(Kim (2014) ). Fig. 2 illustrates how the spatial encoder block and
the multi-channel attention (MCA) module are involved in two
combined operations. The goal of layerNorm + Conv1d + layerNorm
is to convolutionally standardize the channel layer features of the
input data and improve their variety. Moreover, MCA contains four
heads. Each head is made up of a channel attention (CA) module,
where the individual CA contains an encoder-decoder module.
Our MCA networks consider using parameters sharing in the form
of weight sharing by all neurons across the feature map. We do this
technique to reduce model training time, network parameter
count, and weight updates during backpropagation.

After revisiting channel attention, we Þrst explore the existing
channel attention mechanism problem from a theoretical stand-
point. We next elaborate on the proposed methodÕs network archi-
tecture based on the theoretical analysis. The input to our network
constitutes the output from the spatial encoder network Garnot
et al. (2020) , which is the batch of RGB pixel set format from the
Sentinel-2 multi-spectral image sequence in top-of-canopy reßec-
5

tance. Our approach aims to predict agricultural parcel classiÞca-
tion for each of these pixel sets. Throughout this section, we
utilize the length of the time series K as a generic input time series

consisting of E-dimensional feature vector e ¼ e 1ð Þ; � � � ; e Kð Þ
� �

RE� K.
This paper proposed MFCA (Multi-Fast Channel Attention), block
2 of the network, and the SE (Spatial Encoder), block 1, to combine
to classify agriculture parcels accurately.
3.3.1. Encoder-decoder module
The encoder element in Fig. 5 is designed to extract high-level

semantic properties of parcels within spatial dimensions from crop
images. In the style of ( Garnot et al. (2020) ), we proposed to split
the E channels which is the MCA input elements C into H groups
of size Cin ¼ C=H, where H is the number of heads. Then, for the
h-th group of the k-th element of the input sequence, we indicate
by ek

h, which is the input channel group. The hidden layer of the
encoder module is then used as a reduction block to reduce the
input space to a smaller space by a reduction factor rð Þ. The latent
representation projected the reduced input dimensional space
back to the original dimension as the input tensor deÞned by an
r. Moreover, the number of heads is encoded as a local attention
sequence to focus on the most informative input data channel.
The channel then operates parallel to its associated channel group
with its sequence length, reducing computing costs and limiting
the impact of intra-class channel variability. The headsÕ local nat-
ure allows them to specialize alongside their channel group, pre-
venting them from duplicating activities among heads. Firstly, a
convolutional layer employing group normalization (GN) ( Wu
and He (2018) ) rather than global average pooling (GAP) as used
in SENet (Hu et al. (2020) ) to minimize channel dimension
throughout the network, with GN additionally offering to adjust
for noise or confuse statistics in different batch sizes. The attention
representations would be obtained following the sequence by
applying a relu activation function to the successive feature chan-
nels. To circumvent the detailed information from sub-optimal, we
decode the encoder to recover the input features resolution and
spatial dimensions through convolutional transpose or interpola-
tion, followed by group norm and sigmoid activation layer. Accom-
plishing end-to-end training also ensures that the output images
have the similar spatial dimension as the input image. Since the
encoder part subtly reduces the spatial features, it is logically accu-
rate to use an identity shortcut to fuse with the decoder output in
recovering object detail better by matching the dimensions. How-
ever, the basic encoder-decoder architecture frequently loses local
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information because the deepest feature is immediately fused
without further operation. As a result, pixels within large-scale
agriculture parcels are misclassiÞed in determining the classiÞca-
tion of medium-resolution satellite images. Due to that, a network
must be designed to take advantage of the encoder-decoder archi-
tectureÕs reliability while circumventing the loss of local features.
Finally, we concatenated all the MCA heads into a vector of size E
of shape N � C� L, where N represents the batch size, C the input
channel or band, and L the sequence length, and performed an
element-wise summation with the residual to attain the desired
head size. Moreover, the desired heads size output is batch normal-
ized and computes the mean value of each row of the input
sequence length in the given dimension (dim = 2) to omit it. The
basic notion is that instead of focusing on the sequence length,
the model just concentrates on the input channels where the most
essential information is located. We use a multi-layer perceptron
MLP3 to analyze the generated tensor to get the required output
MFCA, as indicated in Eq. 12. The schematic view of the Fig. 4
can be summarized by the following equations, for all
k ¼ 1; � � � ; K½ �and h ¼ 1; � � � ; H½ �.

DeÞnition 3. The formula for the encoder and decoder is denoted

by E hð Þ
k �ð Þand D hð Þ

k �ð Þrespectfully deÞned as:

qh ¼ E hð Þ
k ek

h

� �
; ð7Þ

where ek
h 2 RT � C=H represents the input channel groups for the h-th

heads group of the k-th element in the generic input sequence and

qh 2 RT � C=Hð Þ=r denotes the hidden neurons of the encoder module,
respectfully.

ek
w ¼ D hð Þ

k qhð Þ ð8Þ

êk
h ¼ ek

w : ek
h

� �
ð9Þ

v̂k
h ¼ concat êk

h

� � K

k¼1
þ Relu ek

� �	 

ð10Þ
Fig. 4. Schematic view of our Mult
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ok ¼ batchnorm mean v̂k
h

� � K

k¼1

	 

ð11Þ
ô ¼ MLP3 o1; o2; � � � ; oH½ �ð Þ ð12Þ
3.4. ClassiÞer

Our classiÞer architecture shown in Fig. 6 skillfully combines
the spatial encoder module and multi-fast channel attention in
the sections mentioned above to embed the entire image time ser-
ies through parallelization by a shared MLP. MCA processes the
embedding output sequence, as shown in Fig. 4. Finally, the MLP 4

in the decoder section computes the resulting inter-cross channel
embedding to generate distinct crop class logits.
3.5. Merits of the proposed network

Parallelism. RNNs effectively predict future time steps by
encoding the data in a sequence ( Lipton (2015) ). However, RNNsÕ
sequential properties in processing elements successively impede
parallelization and lead to more extended training periods,
whereas convolution and attention Vaswani et al. (2017) are fully
parallelizable and, therefore, faster. As postulated in the SE-MFCA
model, the training and evaluation may be distributed parallelly
across several processors to complete gradient updates, and then
these locally calculated updates could be aggregated in a long
sequence rather than sequentially as in RNNs.

Attention. The different bands are believed to contribute
equally to classiÞcation in generic attention model, although this
is not the case in our experience. Some bands often contain unnec-
essary noise, which makes the feature information irrelevant. In
view of this, a multi-fast channel attention module has been added
to SE to focus on critical bands to improve classiÞcation accuracy.

Hybrid ConÞguration. The SE-MFCA is a hybrid conÞguration
that integrates a spatial encoder with multi-fast channel attention.
According to ( Garnot et al. (2020) ), the hybrid model consistently
i Channel Attention (MCA).



Fig. 5. One convolution is included in the (a) encoding and (b) decoding blocks. The Þrst convolution uses a kernel with parameters k = 5 and s = 1 to reduce the num ber of
feature maps which is down-sampling while keeping their size constant; the main difference between (a) and (b) is the type of the second convolution la yer, which uses
ConvTranspose for up-sampling. It should be noted that no pooling is employed to retain location information at transition blocks. The colored featu re maps used in this
Þgure are distinct from the feature maps of the same color used in other Þgures.

Fig. 6. Structure of the spatio classiÞer architecture.
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gains the most remarkable performance and interpretability in
Sentinel-2 images for crop classiÞcation tasks.

4. Experiment

In this section, we experiment to validate and analyze the
robustness of SE-MFCA. First, we introduce the dataset. Second,
we present the detailed conÞguration of our model chosen for
the numerical experiments. Finally, to address the challenge of
dataset class proportions that are signiÞcantly imbalanced, the
quantitative evaluation metrics used are overall accuracy (OA),
mean per-class Intersect over Union (mIoU), mean recall, mean
precision, mean F1_score (mF1), confusion matrix, and Floating
Point Operations (FLOPs).
7

4.1. Dataset

To evaluate the performance of our model, we considered pub-
licly Sentinel-2 satellite images, as well as the land cover reference,
as listed in Table 2. This dataset happens to be the Þrst open-access
dataset on the Sentinel-2 tile grid (T31TFM) for crop classiÞcation
(Garnot et al. (2020) ), which is located in the southern part of
France, as shown in Fig. 7. The above area of interest (AOI) covers

12,100 km 2 and spans 24 dates (T) between January and October
2017. The individual image acquired contains ten bands (C) of
top-of canopy reßectance (B2, B3, B4, B5, B6, B7, B8a, B8, B11,
B12), leaving out coastal aerosol (B1), water vapor(B9), and cirrus
band (B10). To constantly maintain spatial resolution across the
bands, as mentioned earlier, all 20 m-resolution bands are



Fig. 7. Location on Sentinel-2 image dataset for SITS classiÞcation.
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resampled to 10 m. To successfully linearly interpolate cloudy pix-
els values, Orfeo Toolbox Christophe et al. (2008) is used to process
the pixels from the Þrst previous and next available pixel. The vari-
ation of crop types and the unbalanced class labels make the data-
8

set quite challenging. Meanwhile, out of 44 class labels (crop
types), we only considered the subset of classes with more than
100 samples representing 20 classes for our model evaluation,
which comprises 191,412 unique agriculture parcels. Each parcel
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has a matching geo-referenced polygon and class label based on
the French Land IdentiÞcation System, which is used to build SITS.
The parcels are formatted as a pixel-set, with a parcel tensor size of
T � C � N for each pixel. The arbitrary variable N denotes the total
number of pixels that could be customized. While preprocessing
the dataset, we saved the calculated geometric feature f to preserve
the parcelsÕ from loss of spatial structure.
4.2. Implementation details

We implemented our proposed deep learning architecture in
PyTorch with CUDA 10.0 and CuDNN 7.6 on a single GPU (GEFORCE
GTX 3060) with a 12-core AMD Ryzen 9 5900X processor for data
loading from an M.2 SSD hard drive. We explicitly presented the
actual parameter conÞguration of our network in Table 1, where
the trainable parameters are approximated to be 131 k. We adopt
the Adam optimizer ( Kingma and Ba (2015) ) with its Cosine
Annealing WarmRestarts learning rate scheduler, which increases

linearly from 0.000 to 1 � 10� 3
	 


gradient step then decay expo-

nentially with b ¼ 0:9; 0:999ð Þ. The parcel batch size of 64 and focal
loss (Lin et al. (2020) ) (c = 1) are employed. In a 5-fold cross-
validation approach, the model is trained, validated, and tested in
a split 3:1:1 ratio. For convergenceÕs sake, we sufÞciently trained
the model for 100 epochs before validating each step to pick the
best epoch and assess it on the test set. A test set is used to assess
the quality of the model parameters after the validation set has Þl-
tered the best model parameters obtained during training. We
added Gaussian noise, the standard deviation of 0.01, to the input
feature x tð Þbefore clipping 0.05 to all the pixel values. Finally, the
parcel images as time series are normalized channel-by-channel
and date-by-date.
4.2.1. Imbalanced categories and loss function
Satellite image time series (SITS) datasets that are publicly

accessible have severely unbalanced classiÞcation; hence, with
four classes covering 90% of the samples. This class imbalance
motivated us to train our model using focal loss ( Lin et al.
(2017) ), an objective function for optimizing the proposed model.
Table 1
Overall architecture of SE-MFCA. SE is the Spatial Encoder; MFCA is the Multi-Fast
Channel Attention; ek

h is the spatial output feature, dmodel; N; L; nhead represents the
dimension of the model, batch size, sequence length, and number of channel heads
respectively. In Multi-branch blocks, MLP the MultiLayer Perceptron.

Modules Hyperparameter Number of Parameters

SE 19936
S 64

MLP1 10? 32? 64
MLP2 132? 128
MCFA 100256

dmodel; N; L; nhead 256, 64, 24, 4

ek
h

64 � 256 � 24

Head1 64 � 64 � 24
Head2 64 � 64 � 24
Head3 64 � 64 � 24
Head4 64 � 64 � 24

Concat Headð Þ 64 � 256 � 24

ek
h 	 Concat Headð Þ 64 � 256 � 24

Mean dim ¼ 2ð Þ 64 � 256
MLP3 256? 128

Decoder 11188
MLP4 (128? 64? 32? 20)

Linear1 128 � 64
Linear2 64 � 32
Linear3 32 � 20
Total 131380
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The focal loss can alleviate the impact of class imbalance in classi-
Þcation. The focal loss is expressed by

FL plð Þ ¼
XM

m� 1

XL

l� 1

pm
l 1 � p̂m

l

� � c
log p̂m

l

� �
ð13Þ

where y and p̂ represents the true label and the predicted label
respectively, the sample in batch is denoted by M; L is the total
number classes, and c ¼ 1 is the focusing parameter. In particular,
backpropagation and adaptive moment estimation are used to
update the modelÕs weight parameters.

4.3. Evaluation metrics

In this work, we adopt Overall accuracy(OA), the mean
Intersection-over-Union (mIoU), and Confusion Matrix (CM) as
the three classiÞcation metrics to assess the effectiveness of
PSE + MCFA. We apply a parameter sharing strategy to share
weights by all neurons in a particular feature map during the
model training. Therefore, it helps to reduce the number of param-
eters involved in the whole framework, making the model less
complex. We evaluate the actual model complexity using Floating
Points Operations (FLOPs) in this study. OAmacro : Overall accuracy is
a standard metric for evaluating classiÞcation problems. We calcu-
late the modelÕs overall accuracy on the test set. The OA is the aver-
age ratio of the modelÕs accurate prediction to the total number of
predictions on all test sets. The accuracy of binary classiÞcation
may also be measured in terms of positives and negatives, as
shown below ( Pedregosa et al. (2011)):

OAmacro ¼

Xk

i¼1

TPi þ TNi
TPi þ FNi þ FPi þ TNi

Total number of classes
ð14Þ

mIoU : Mean Intersection Over Union is a term used to describe the
ratio of intersection of ground truth and predicted classiÞcation
area output over their union. If we are calculating for numerous
classes, the IOU of each class is computed, and their mean is deter-
mined ( Pedregosa et al. (2011)).

IOU ¼
TP

TPþ FPþ FN
ð15Þ

Recall macro : Recall is the arithmetic aveage per-class agreement of
the true class labels with those of the classiÞer ( Pedregosa et al.
(2011) ).

Recallm ¼

Xk

i¼1

TPi
TPi þ FNi

Total number of classes
ð16Þ

Precision macro : Is the arithmetic average per-class agreement of the
true class labels with those of the classiÞer ( Pedregosa et al. (2011)).

Precisionm ¼

Xk

i¼1

TPi
TPi þ FPi

Total number of classes
ð17Þ

F1 Scoremacro : Calculates the arithmetic harmonic mean of the
macro-averages of the precision and recall ( Pedregosa et al. (2011)).

F1 Scorem ¼
2 � Precisionmacro � Recallmacro

Recallmacro þ Precisionmacro
ð18Þ

CM: A confusion matrix (CM) is a way of summarizing classiÞcation
algorithm performance. Calculating the confusion matrix for a data-
set with more than two classes can help us better understand the
modelÕs performance and the sorts of errors it produces. FLOPs:
The term ÓFloating Point OperationsÓ refers to ßoating-point oper-
ands, which mean the amount of calculation, indicating the compu-



Table 2
Class name and number of parcels in the dataset. Note ARA:Auvergne-Rhone-Alpes, BFC:Bourgogne-Franche-Comte.
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tation complexity level. FLOPs are used in the paper to assess the
complexity of algorithms. These parameters composed of the above
metrics, except for FLOPs, are true positive (TP), false positive (FP),
true negative (TN), and false negative (FN). TP refers to circum-
stances in which the model correctly predicts the outcome during
the prediction stage. TN refers to cases where the model accurately
predicts a negative crop class, much like the TP. As a result, the crop
is ideally placed to the other type rather than the one in question.
When the model makes an incorrect prediction yet identiÞes it as
belonging to the correct crop family, this is a Type 1 Error (FP). In
the case of Type 2 Error (FN), the reverse. As a result, incorrectly
predicted crop variance is classiÞed in the incorrect class.
c-
5. Results and analysis

Table 5 shows the results of our experiments using a 5-fold
cross-validation approach. In terms of overall accuracy (OA),
inter-class mean intersection over union (mIoU), the number of
parameters and ßoating points operations (MFLOPs) counts, our
proposed SE-MFCA algorithm exhibited a competitive performance
against the state-of-the-art models by 94.50%, 51.92%, 131 k, and
0.16 scores respectively, in evaluation metrics. Our model achieves
the least FLOPs count, which serves as a metric to measure the sim-
plicity and efÞciency of the algorithm/model, taking into account
the modelÕs run time and throughput in practice. Moreover, in
the parameter counts, it is worth noting that our model is more
straightforward and less complex.

Considering our confusion matrix from Figs. 10 and 11, we can
observe that classes with the dominant number of parcels/samples,
such as meadow, summer cereal, winter cereal, winter rapeseed,
soy, sunßower, and grapevine, achieve an overall accuracy of
95.69%, 97.70% 96.33%, 98.65%, 94.12%, 95.79%, and 96.46% respe
tively. In contrast, the outcomes of all other agricultural parcel
classes are satisfactory, except for cereal, orchard, and woodland,
which have the highest misclassiÞcation scores of 58.80%,
62.34%, and 77.23%, respectively. After thoroughly inspecting the
results, we discovered confusion between the winter cereal and
10
cereal classes and the meadow and non-agriculture classes. These
classesÕ phenological similarity makes it challenging to distinguish
between them, which leads to this misclassiÞcation. The capacity
of SE-MFCA to untangle and describe each classÕs temporal behav-
ior quickly contributes to classifying such classes. Table 5 summa-
rizes the modelsÕ accuracy and macro scores in terms of Precision,
Recall, and F1 scores.

5.1. Computational complexity

Table 5, column 4, indicates the total number of network
parameters in all deep learning models. Due to the variation in
the number of parcels in the sentinel-2 dataset, it is required to
normalize the channel layer of the input while keeping the modelÕs
general structure the same to improve the diversity of the features.
As a result, the overall number of model parameters for various
models varies. ConvLSTM, CNN-TempCNN, PSE-TAE, and Trans-
former have more parameters than other models. In contrast, the
proposed SE-MFCA with shared parameters is similar to previous
lightweight models while retaining superior classiÞcation accu-
racy. Currently, what has to be done for SE-MFCA with non-
shared parameters is to minimize the number of parameters even
further.

5.2. Model stability

Deep learning modelsÕ performance will be hampered by under-
Þtting or overÞtting. We assessed model trainingÕs loss, training
accuracy, validation accuracy, and mIoU across 100 epochs. As seen
in Fig. 8, the SE-MFCA outperforms the Pixel-set Encoder-based
Temporal Attention, the Lightweight-based Temporal Attention
Encoder, and the convolutional and recurrent-based CNN-GRU in
terms of convergence speed and Þtting ability. Furthermore, we
ran statistics on the OA and mIoU of all models during the Þvefold
cross-validation procedure to test the stability of different models
(see Fig. 9). The statistical indicators include the Þrst and third
quartiles, median, upper and lower whiskers, and inter-quartile



Fig. 8. Training loss, training accuracy, validation accuracy, and mIoU of model training on (a) SE-MFCA, (b) PSE-LTAE, (c) PSE-TAE, and (d) CNN-GRU within 1 00 epochs.

Fig. 9. Statistics on Overall Accuracy(a) and mean Intersection over Union(b) of different models in the Þvefold cross-validation process.
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range. Random forest classiÞcation performance on the dataset is
subpar according to all metrics. It is also crucial to remember that
the range between the lower and higher whiskers for all modelsÕ
mIoU is close to their respective lower and upper quartiles. Com-
paratively, the results, including SE-MFCA, indicate a stable perfor-
mance. However, in our model, the consistency in their statistical
indicator on OA and mIoU is particularly more signiÞcant than in
previous models. The proposed SE-MFCA, which has perfect accu-
racy and minimal ßuctuations, emphasizes stability.
5.3. Ablation studies

Firstly, we independently evaluate our model efÞciently using
various activations functions such as RectiÞed Linear Unit (ReLU),
Exponential Linear Unit (ELU), Scaled Exponential Linear Unit
11
(SELU), Gaussian Error Linear Unit (GELU), and Leaky RectiÞed Lin-
ear Unit (LeakyReLU). We Þnally verify the various conÞgurations
to evaluate the contribution of each component in our model.
5.3.1. Importance of each activation functions to the proposed model
SELU has the properties of self-inducing normalization for

strong regularization. ReLU, GELU, and ELU do not suffer from
the problem of vanishing and exploiting gradients similar to Lea-
kyReLU. The ELU activation function varies from the rest in terms
of extra positive alpha constant, which is indeed the leak. Mathe-
matically, the mean of the ELU activation function shift towards
zero when the values are negative. The bias shift causes the train-
ing model to converge quicker than the ReLU variants, but learning
is slower. From Table 3, although ReLU achieves the best overall
accuracy for both shared/non-shared parameter strategies than



Fig. 10. Confusion matrix reports obtain on Sentinel-2 agricultural parcel dataset.
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all the competing activation functions, it is inconsistent with
attaining the top scores across the remaining metrics. The inconsis-
tencies prevailed due to the high loss of value in training the agri-
cultural parcels.

Moreover, the ReLU can result in dying neurons when the gra-
dient is zero; therefore, the associated nodes no longer impact
the network to improve learning. ELU can explode the activation
output between the range of zero to inÞnity. Hence, it is more com-
putationally expensive than ReLU, even though it gives the highest
precision score across the two strategies. SELU and GELU exhibit an
encouraging performance across the evaluation metrics; mean-
while, it is relatively new in the practice of the deep learning
domain. The RELU activation is used in our proposed model
because it offers improved gradient propagation, is scale-
invariant, decreases time complexity, and provides sparse activa-
tion in the model, which reduces over-Þtting and noise. ReLUÕs
nonlinear nature allows the network model to learn complicated
patterns.
12
5.3.2. Different hyperparameter conÞgurations and model component
assessment

Table 4 display the effectiveness of SE-MFCA framework with var-
ied hyperparameter conÞg urations: Number of heads H and reduc-
tion factor r as displayed in the Þrst two rows.We decided to
evaluate the impact of each component in our model by with/with-
out the MFCA block to assess its inßuence on this study, as seen in
the last row. Our model with 4 heads retains a consistent perfor-
mance for all the metrics except Pre cision, trailed by the best score
difference of (-0.87) points. This performance suggests that attention
heads can cater for the plant typesÕ learned feature representations.
The number of heads appears to have just a little impact on perfor-
mance. We can hypothesize though that more number of heads H
improves performance, a large reduction factor r worsens it. We
observe that the best-paired conÞguration (4 heads and r = 4)
achieves OA (94.53%), mIoU (51.97%), Precision (69.78), Recall
(59.45%), and F1 score (63.11) demonstrating superiority among all
the conÞgurations for agricultural parcel classiÞcation.



Fig. 11. Pretty confusion matrix showing the classiÞcation and miss-classiÞcation details on individual class-label in terms of percentages. The sum_col b ox denotes the total
number of samples, classiÞcation score, and miss-classiÞcation score. The sum_lin box also represents the total number of samples as a percentage an d overall model
accuracy.

Table 3
Ablation study on the effectiveness of different activation functions of SE-MFCA algorithm.

Activation Function OA(%) mF1_Score(%) mRecall(%) mPrecision(%) mIoU %ð Þ

With Shared Parameter
ReLU 94.50 62.40 58.67 67.23 51.92
ELU 94.23 61.87 58.14 69.13 51.20
SELU 93.90 60.12 56.81 66.73 50.94
GELU 94.49 61.09 57.77 67.01 51.10
LeakyReLU 94.42 62.42 58.06 68.98 51.79

Without Shared Parameter
ReLU 94.59 62.70 59.23 65.74 52.19
ELU 94.37 61.94 58.99 68.90 51.49
SELU 94.50 61.62 58.71 67.91 51.38
GELU 94.36 62.01 58.79 67.92 51.55
LeakyReLU 94.47 62.39 59.31 66.80 51.89

Note: In bold values represents the best performance.
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Table 4
Ablation study of our design conÞguration choices of SE-MFCA architecture with different hyperparameters: Number of heads H and reduction factor ( r) of the inter-fold standard
deviation of the OA, mIoU, mPrecision, mRecall, mF1_Score. Additionally, w/o stands for without, and all experiments under this section were conducted with 20 classes and with
no parameter sharing strategy.

ConÞguration OA (%) mIoU (%) mPrecision (%) mRecall (%) mF1_Score(%)

SE + MFCA 94.59 ±0.1 52.19 ±0.2 70.77 59.15 62.76
H = 2 94.44 ± 0.1 51.41 ± 0.2 69.56 58.42 61.96
Best H = 4 94.50 ± 0.4 51.92 ± 0.1 69.23 58.67 62.40
H = 8 94.47 ± 0.2 50.89 ± 0.3 68.36 57.28 61.04
H = 16 94.50 ± 0.2 50.45 ± 1.0 70.10 56.71 60.25
Best H, r = 2 94.50 ± 0.4 51.92 ± 0.1 69.23 58.67 62.40
Best H, r = 4 94.53 ± 0.3 51.97 ± 0.2 69.78 59.45 64.33
Best H, r = 8 94.11 ± 0.2 50.92 ± 0.1 66.68 57.55 63.11
w/o MFCA 93.43 ± 0.6 50.11 ± 0.4 65.90 55.61 60.27
No geometric features 94.16 ± 0.2 51.84 ± 0.1 68.95 57.98 62.14
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Again, to assess the impact of our different model choices, we
separately execute the with/without SE block to examine the
impact on the entire model framework. As seen in Table 4, it is evi-
dent that integrating Spatial Encoder (SE) with Multi-Fast Channel
Attention (MFCA) validates the tendency to achieve a remarkable
performance across all the metrics. This achievement indicates that
the channel attention module is not only beneÞcial to only focus-
ing on the channel feature map but also helpful in distinguishing
phenological events of different crop types.

Finally, the performance of our proposed model without geo-
metric features f is shown in Table 4. The 0.35-point drop in mIoU
results demonstrates that geometric information is vital in classify-
ing the agricultural parcel. Our proposed approach outperforms the
lightweight pixel-set encoder-based model (PSE-LTAE) without
these features.
5.4. Comparison with state-of-the-art models

We compare our proposed SE-MFCA (shared) algorithm with
state-of-the-art models including PSE-LTAE ( Garnot and Landrieu
(2020) ), PSE-TAE (Garnot et al. (2020) ), CNN-GRU (Garnot et al.
(2019) ), CNN-TempCNN (Pelletier et al. (2019) ), Transformer
(Ru§wurm and Kšrner (2019) ), ConvLSTM (Ru§wurm and Kšrner
(2018a) ), and Random Forest (Bailly et al. (2018) ).

PSE-LTAE: The lightweight temporal self-attention (LTAE)
Garnot and Landrieu (2020) is speciÞcally designed to replace the
temporal attention encoder (TAE) for agriculture crops classiÞca-
tion. This approach is based on the pixel set encoder (PSE) and tem-
poral attention encoder (LTAE) to circumvent redundant parameter
usage and improve computational memory efÞciency. The module
efÞciently specialises in individual attention heads alongside its
group channel to eliminate repetitive operations between heads.
While their model is relatively lightweight, extracting spatial
descriptors from raw pixels using neural networks necessitates
unacceptable extensive GPU memory usage, notwithstanding the
promising results. It adopts the overall accuracy (OA), mean inter-
section over union (mIoU), and ßoating points operations
(MFLOPs) as the metrics. As shown in Table 5, note that PSE-
LTAE is selected because it uses the same dataset and PSE-TAE
backbone as our algorithm, which is logically permissible for the
study to compare the performance of their model. Our SE-MFCA
outperforms the model as mentioned earlier by a signiÞcant mar-
gin and has a highly competitive performance (94.50 % OA, 51.92%
mIoU, and 0.16 MFLOPs) compared to the best prior algorithm PSE-
TAE (94.2% OA, 50.9%, and 1.7 MFLOPs). The model achieves signif-
icant performance owing to its position agnostic nature, which
means the inability of the positional encoding to generally share
the calendar timing to other locations due to temporal shift to phe-
nological events causes the model to generalize poorly.
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PSE-TAE:Pixel set encoder (PSE) and Temporal attention enco-
der (TAE) by (Garnot et al. (2020) ). The PSE approach encodes
unordered sets of pixels in an image independently to enhance
the coarse resolution into output embeddings. TAE module process
the resulting sequence of embedding as input to extract the spa-
tialÐtemporal. Finally, an MLP decoder is used to extract class
scores for crop classiÞcation from the input embedding. However,
this model is restricted to transformer architecture. Therefore,
emphasis placed on band information is overlooked as too much
information is placed on temporal features. Methods are ranked
by the OA, mIoU, and number of parameters. The evaluation met-
rics outcomes compared to the state-of-art algorithm are shown in
Table 5. Our model achieves the top-rank points difference in OA
0.3%, mIoU 0.22%, and the number of parameters by � 33 K. Com-
paratively, PSE-TAE outperforms the other two algorithms CNN-
GRU/CNN-TempCNN by 0.8% /1.3% OA score, respectively. The
aforementioned model did not perform well due to the inability
of the positional encoder to maintain the temporal shift caused
by variation in crop seasons.

CNN-GRU: Gated Recurrent Units (GRUs) and Convolutional
Neural Networks (CNNs) as a hybrid model proposed by ( Garnot
et al. (2019) ) utilized the allotted parameter to model the temporal
dimension of the crop classiÞcation. Similar to our study, instead of
SE for extracting spatial embeddings, CNNs were utilized, and
GRUs instead of multi-fast channel attention for extracting
sequence embeddings from the resulting spatial embeddings. Fol-
lowing the chronology order of the crop types classiÞcation task,
the last hidden layer of the GRU is used as input to MLP. Convolu-
tional characteristics are not entirely crucial for the situation,
which explains the performance disparity. CNNÕs are ideal for
extracting shape and texture data, and parcel shapes appear unre-
lated to crop type. Furthermore, Sentinel-2 image resolution may
not allow for the acquisition of detailed texture information. This
acquisition could also explain why the attention model outper-
forms CNN-RNN because it does not rely more on convolutions.

CNN-TempCNN: Temporal Convolutional Neural Networks by
(Pelletier et al. (2019) ) proposed using one-dimensional (temporal)
CNNs to address sequential pattern characteristics in SITS informa-
tion. While their method sought to unravel the per-pixel classiÞca-
tion task on temporal dimension, one of the current hurdles in
their exploitation is leveraging the complementarity among tem-
poral dynamics over spatial patterns that characterize such data.
Table 5 shows that temporal convolutions of TempCNN failed to
achieve competitive performance (93.3% OA, 47.5%, mIoU, and
156 K parameter count) among the compared models while being
faster to train. They do, however, suffer from the limitations of
focusing solely on temporal features and not considering spatial
or spectral-domain features in monitoring the vegetation dynam-
ics of the data.



Table 5
Comparison of different models metrics on SITS in terms of inter-fold standard deviation of the overall accuracy (OA), mean Intersection Over Union ( mIoU), network parameters
(#Params), mF1_Score and Floating Points 0perations FLOPs.

Model OA (%) mIoU (%) #Params FLPOs

20 Classes
PSE-LTAE (Garnot and Landrieu (2020) ) 94.3 ± 0.2 51.7 ± 0.2 143 K 0.18 M
PSE-TAE (Garnot et al. (2020) ) 94.2 ± 0.1 50.9 ± 0.8 164 K 1.7 M
CNN + GRU (Garnot et al. (2019) ) 93.8 ± 0.3 48.1 ± 0.6 144 K 3.6 M
CNN-TempCNN (Pelletier et al. (2019) ) 93.3 ± 0.2 47.5 ± 1.0 156 K 0.81 M
Transformer ( Ru§wurm and Kšrner (2019) ) 92.2 ± 0.3 42.8 ± 1.1 178 K 0.16 M
DuPLO (Interdonato et al. (2019) ) 92.9 ± 0.2 50.2 ± 0.3 8749 K 2.9 G
ConvLSTM (Ru§wurm and Kšrner (2018a) ) 92.5 ± 0.5 42.1 ± 1.2 178 K -
Random Forest (Bailly et al. (2018) ) 91.6 ± 1.7 32.5 ± 1.4 - -
SE-MFCA (shared)(Ours) 94.50 ± 0.3 51.92 ± 0.2 131 K 0.16 M
SE-MFCA (non-shared)(Ours) 94.59 ±0.1 52.19 ±0.2 193 K 0.19 M
Model OA (%) mIoU (%) #Params mF1_Score(%)

15 Classes
ADSN (Zhang et al. (2022) ) 94.56 66.17 321 K 76.01
PSE-TAE (Garnot et al. (2020) ) 94.39 66.44 312 K 62.75
Transformer ( Ru§wurm and Kšrner (2019) ) 92.80 60.91 249 K 59.57
CNN-TempCNN (Pelletier et al. (2019) ) 93.61 61.25 442 K 61.97
DuPLO (Interdonato et al. (2019) ) 93.01 61.36 8734 K 71.95
Random Forest (Bailly et al. (2018) ) 89.44 45.74 - 61.96
SE-MFCA 95.65 66.99 152 K 76.94

Note: Õshared/non-sharedÕ represents parameter sharing strategy.
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Transformer: The transformer network proposed by ( Ru§wurm
and Kšrner (2019) ) used an encoder architecture to accomplish
object-based classiÞcation instead of employing spatial encoding
to generate the learned spatial statistical descriptors among spec-
tral parcel observations. Moreover, satellite time series data exist
in a continuous space of spectral reßectance values; therefore, it
discarded the step of word embedding by adding a positional
encoding to the time series since self-attention fail to use the
sequential correlation of time series. Following the logic, the time
series is translated to a higher dimensional representation in layer
topology before global max pooling to reduce the Þnal layer into a
single embedding. The transformer model was able to realize the
lean pre-calculated parcel means by increasingly separating the
representations of the classes. Table 5 shows that compared with
our model, transformer exhibits a more competitive 0.16 FLOPs
score in terms of training speed than the other state-of the-arts
models at the expense of an unsatisfactory 42.8% mIoU score and
178 K parameter count.

ConvLSTM: Convolutional Long Short Term Memory, according
to ( Ru§wurm and Kšrner (2018a) ), focuses on combining the spa-
tial and temporal embedding input that is susceptible to noise-
induced by cloud coverage affecting multi-temporal time-series
imagery. In contrast to our study, we adopted parcels rather than
pixels to fulÞll the studyÕs goal. The evaluation metric of
ConvLSTM, as shown in Table 5, has a slight competitive perfor-
mance difference of +0.3% points compared with the transformer
model. However, our model bridges this performance gap and pro-
vides better classiÞcation performance, making it a standard algo-
rithm for parcel classiÞcation.

Random Forest: We employed a Random Forest ClassiÞer of
100 trees with a temporal concatenation scheme. A conditional
random Þeld was used to combine the inter-annual crops with
the satellite images. The classiÞer encompasses the parcel-wise
standard deviation and the mean of each spectral band as proposed
by (Bailly et al. (2018) ). Despite its poor precision (91.6% OA and
32.5% mIoU) in Table 5, the random forest method is inherently
fast to train but takes a long time to provide predictions once
trained. Because averaging is a crucial feature of random forest
models, the algorithm cannot predict any value beyond the exist-
ing data, so the under-performance metrics appeared as the num-
ber of trees rose.
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ADSN: Table 5, row 5 illustrates the metrics of different tech-
niques using 15 classes. Most deep learning models produce better
outcomes than random forests. This outcome suggests that deep
learning can acquire hierarchical and discriminative high-level fea-
tures helpful for SITS classiÞcation. The under-learning of discrim-
inative features likely causes transformer and CNN-TempCNN
accuracy issues. Compared to other baselines, the proposed SE-
MFCA achieves competitive classiÞcation accuracy by 95.65%
against ADSN 94.56%. Furthermore, the proposed networks outper-
form existing deep learning networks in mIoU by around 6.08%
points and in mF1_score by about 14.19% points. Regarding met-
rics, ADSN metrics outperforms other baseline models except for
parameter counts. This high parameter count means the model
training speed is slow and time-consuming. The results of our pro-
posed model show that it is a good candidate classiÞer in practice.
In particular, transformer and CNN-TempCNN have signiÞcantly
poor mIoU and mF1_scores because of the modelÕs incapacity to
distinguish between the phenological characteristics of the parcel
when dealing with imbalanced categories from datasets. The pro-
posed modelÕs robustness and generalizability should be noted.

DuPLO: DuPLO proposed by (Interdonato et al. (2019) ) lever-
ages complementary representation of the SITS data to provide a
set of descriptors that effectively distinguish between the various
land cover classes. A CNN and an RNN branch are used as the
two-branch architecture to analyze the same information stream
and, as a result of the structural variations between them, provide
a more varied and comprehensive representation of the input.
While their method is applied to a different dataset with different
timestamps and thus is incomparable, we re-implement the same
pipeline by training two independent auxiliaries classiÞers to pro-
duce feature vectors. We concatenate these feature vectors into a
single 2048 descriptors used to feed the Þnal classiÞer that pro-
duces the land cover decision on our dataset as the closest transla-
tion of their ideas. As shown in Table 5, we noted that using the
DuPLO approach provided the average performances regarding
their metrics for both 20 and 15 classes. The results obtained in
the case of these classes for DuPLO were the OA (92.9%, 93.01%),
mIoU (50.2%, 61.36%), and parameter count (8749 K, 8734 K)
against the proposed model OA (94.50%, 95.65%), mIoU (51.92%,
66.99%), and parameter count (131 K , 152 K ). These unsatisfactory
performance from DuPLO conÞrms that our proposed network is



Fig. 12. Partially enlarged classiÞcation maps of Sentinel-2 image dataset with proposed network and state-of-art models.
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more robust because it can disentangle and characterize the tem-
poral behavior of the parcel, efÞciently supports the classiÞcation
of such agriculture parcel. It is worth noting that DuPLO outper-
formed some of the competing state-of-the-art methods across
all metrics except FLOPs with an extra computations of (0.18M v.
s 2.9G) 2.72G. Notwithstanding, integrating recurrent and convolu-
tional neural networks would result in a more diversiÞed and full
representation of the information but with huge computation
budgets.
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5.4.1. Quantitative evaluation
To compare the classiÞcation outcomes of various approaches

more easily, as seen in Fig. 12Õs maps. We slightly extended the
classiÞcation mapping in the above Þgure to improve the visibility
of the classiÞcation results. The classiÞcation results obtained by
SE-MFCA from the crop classiÞcation task in Table 5, row 5, are
more coherent with the reference map, and the salt and pepper
impact is weak. The maximum OA gap of the best baseline model
against the worse is 5.12%, while the maximum gap against the
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proposed network is 1.09%. This result shows that the visual dis-
tinction between the classiÞcation maps of various models on 15
classes is obvious. Overall, the SE-MFCA offers a strong option for
large-scale applications because of its high accuracy mapping
and intuitive visual sense of classiÞcation.

6. Conclusion

This paper proposed Spatial Encoder with Multi-Fast Channel
Attention for deep CNNs to solve object-based classiÞcation from
satellite time series with high model complexity. To end this, we
utilized a spatial encoder module to extract the images as disor-
derly sets of pixels to utilized a classical coarse spatial resolution
agricultural parcel datasets. To avoid spatial information loss and
enhance the input feature, multi-channel attention based on
encoder-decoder is employed to capture detailed valuable bandin-
formation inside the sequence. The attention block operates paral-
lelly to enhance the crucial features in the channel dimension to
prioritize all bands containing similarly distinguished features in
the crop type classiÞcation. The proposed SE-MFCA can unearth
more profound crop characteristics which is useful in distinguish-
ing phenological events of different crop types. Evaluated on a
publicly-available dataset of Sentinel-2 agricultural parcels, our
model achieved the highest accuracy with fewer trainable param-
eters and ßoating points operations in classiÞcation than all state-
of-the-art methods. Finally, our study has proved that parameter
sharing makes model trains faster.

In the future, we intend to explore Self-supervised Learning
techniques known to be pre-trained on large amount of data and
Þne-tuned on down stream remote sensing task which minimizes
the need for higher computational resource while improving the
model performance. We also hope to include visualization tech-
niques to aid in understanding and interpreting the spatial pat-
terns in the high-resolution multi-spectral data.
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