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Abstract

This research addresses the challenge of early crop classification using satellite imagery, which
is important for agricultural monitoring and sustainable practices. In this research the iTrans-
former architecture, originally designed for time series forecasting, was adapted to a classifi-
cation model. The iTransformer architecture’s inverted embedding was leveraged to capture
complex temporal dependencies for crop growth cycles. The utilized dataset consists of Sentinel-
1 and Sentinel-2 satellite imagery of the Netherlands with 192.751 parcels and 42 crop classes
in 2023. The frequency of observation from Sentinel-2 was inconsistent due to cloud coverage.
Nevertheless, the iTransformer’s crop classification when using data from the whole year reaches
an accuracy of up to 0.96 when using a subset of five classes, and early classification results
in an accuracy of 0.89 in June and 0.94 in July. Thus, showing the potential for adapting
iTransformer to early crop classification and improving agricultural monitoring.
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Chapter 1

Introduction

Crop classi cation is important in agriculture because it aids in agricultural resource man-
agement, prediction of yields, and sustainable practices for farming [1]. Sustainable farming
practices are important for the United Nations food program and the European Union (EU)
Green Deal [2]. One of those sustainable practices is related to the Common Agricultural Pol-
icy (CAP). CAP allocates agricultural subsidies throughout the EU, and these subsidies are
approximately 50 billion euros per year of the EU's annual budget [3] Monitoring agricultural
elds to determine subsidy allocation, is a challenge for the governments. Machine learning-
based tools have been developed to automatically classify crops. The Area Monitoring System
(AMS) is one of those tools used in Europe. AMS gathers and analyses data on agricultural
activities and practices on agricultural parcels using satellites. For example, AMS can identify
crop classi cations in parcels to determine if farmers are eligible for sustainability subsidies [4].
In addition, it can be used to help identify obligatory adjustments for farmers to become eligible
for a subsidy. Currently, farmers apply each year for a subsidy by manually lling in details
about their parcels and crops. To reduce this time-consuming step, this research aims to use
early crop classi cation methods. Early crop classi cation refers to the ability to classify crops
before the harvesting season. Achieving accurate early classi cation can increase e ciency and
decision making in agricultural management and policies. This research will focus on crops and
parcels of farmers in the Netherlands in the year 2023. Where 1,804 million. ha is the area of
cultivated land of which 29,6%, thus 522 thousand ha, is used for agricultural land [5].

Crop classi cation brings a few challenges with it. There are many di erent crops, and all
crops have a di erent growth time and a di erent growth pattern. Grains grow above ground,
but asparagus grows underground. Classifying this the data for the entire year is used to
account for distinct growth cycles. Another challenge is inconsistent time series data due to
cloud coverage. As clouds cover the parcels leading to misinformation.

This research utilizes data from Sentinel-1 and Sentinel-2 satellites from the Copernicus
Programme of the EU and the European Space Agency (ESA) in the Netherlands [6]. The
satellites have periodic revisit times, 12 days and 5 days respectively. However, due to cloud
cover, some satellite imagery can not be used, resulting in inconsistent time series. In addition
to the satellite data, the soil type of the various crops is monitored. The soil characteristics,
including water retention, in uence the crop growth rate. Adding this soil data is expected to
improve crop classi cation accuracy [7].

Various models for crop classi cation are available, including recurrent neural networks
(RNN), long short term memory (LSTM), random forest, Bayesian models, and transformers
[8, 9, 10, 11]. This research is based on the iTransformer architecture, a variation of the
transformer model introduced in 2017 [12, 13]. Originally iTransformer was designed for time
series forecasting. It creates a unique inverted embedding to capture correlations between

Ihttps://agriculture.ec.europa.eu/common-agricultural-policy/cap-overview_en



time series and their multivariate features. In this research, iTransformer was adapted for crop
classi cation, using its strength in temporal dependencies and multivariate feature interactions.
Currently, in literature, the iTransformer architecture has not been used for crop classi cation
objectives or for inconsistent time series with various timestamp gaps, as is the case with
satellite imagery. Researching time series classi cation provides insights in the robustness and
adaptability of the iTransformer model.

The research questions of this research are:

A

Can the iTransformer application be extended from time series forecasting to crop classi-
cation?

" To which extent do varying intervals impact the iTransformer model?

By advancing early crop classi cation methods this research aims to create a methodology
with which administrative administrative practices and the e ciency of subsidy allocations for
sustainable agricultural practices can be improved.

Figure 1.1: February Figure 1.2: June

Figure 1.3: October Figure 1.4: Cloud Coverage

Figure 1.5: Farmland in the province of Friesland over the year



Chapter 2

Theoretical Background

2.1 Related work

Crop classi cation using satellite imagery has been an active research area in recent years,
with various deep learning approaches being explored to improve accuracy and enable early
classi cation. [10, 14, 15, 8, 9, 16]. Zhou et al. conducted a comparative study of 1-DCNN,
LSTM, RNN, and random forest architectures using Sentinel-1 data achieving an accuracy of
95-96% for ve crop classes in China [17]. Ruywurm et al. used a Sequential Recurrent Encoder
with raw Sentinel-2 data reaching an accuracy of 90% across 17 classes in Germany [16]. While
these studies focused on whole year classi cation, recent research in early classi cation has
also been explored. One study introduced an innovative earliness reward loss function that
balances early classi cation with accuracy [9]. It utilizes an LSTM architecture for nine classes,
achieving an accuracy of 80% in June. Despite this progress, satellite-based crop classi cation is
unreliable due to cloud coverage, which results in inconsistent time series data. Addressing this
issue, Metzger et al. researched the use of Neural Ordinary Di erential Equations (NODE) for
crop classi cation under varying cloud cover conditions which demonstrates a novel approach
to handling irregularly sampled data in satellite imagery [18]. NODE shows promising results
in improving classi cation accuracy despite inconsistent gaps in the time series data. Satellite
imagery is not the only source for crop classi cation with a vision transformer architecture being
utilized for classifying Unmanned Aerial Vehicles (UAV) images [19]. These various approaches
highlight the current necessity to enhance crop classi cation techniques, addressing challenges
such as temporal inconsistencies and early crop classi cation.

2.2 Crops

Crops have growth variations, exhibiting dynamic changes throughout their growth cycles,
with each crop displaying unique phenological characteristics [20]. For instance, winter wheat
typically grows from January to July and is harvested in July-August. In contrast, Maize grows
from April to September, with harvest occurring in October [20]. The growth trajectory of crops
is not only in uenced by their biological characteristics but is also in uenced by environmental
and arti cial factors. Weather conditions have a crucial role in crop growth, with temperature,
precipitation, and sunlight [21]. The type and composition of soil also impact crop growth,
with di erent soil types varying in their capacity to retain moisture after precipitation. Some
soils have good water retention while others allow for rapid drainage [22, 23]. Furthermore, the
management of farmers introduces additional variability. These practices include their decision
on planting dates, irrigation schedules, fertilization, and pest management strategies [24, 25].
This results in crops with the same type displaying di erences in their growth patterns through



the growing season. This presents challenges for crop monitoring and classi cations with the
help of arti cial intelligence to account for these dynamic patterns.

2.3 Sentinel-1 and 2

2.3.1 Sentinel-1

Sentinel-1 is a key component of the European Copernicus program [26]. It provides continuous
C-band Synthetic Aperture Radar (SAR) observations of Earth in a 12-day repeat cycle with
175 orbits per cycle. Sentinel-1 is made up of a constellation of two satellites, Sentinel-1A and
Sentinel-1B, with a 180 orbital phasing di erence. Each satellite will y in a near-polar, sun-
synchronized (dawn-dusk) orbit at a height of 693 km [26]. Together they have a 6-day repeat
orbit cycle. Currently, there is only one satellite available, Sentinel-1A, due to an electrical
failure, which results in a revisit time of 12 days. SAR data is a form of side-looking radar
that emits microwave signals and measures the backscattered energy from the Earth's surface.
The microwave signal operates at a frequency of 5.405 GHz, which corresponds to a wavelength
of about 5.55cm. The advantage of using microwave signals is their capability to penetrate
clouds and handle a lack of illumination', which results in consistent imaging regardless of any
weather conditions. Leveraging the microwave signals is the interferometric wide (IW) swath
mode to achieve area coverage. In a single pass, IW covers a 250 km swath with a resolution at
5 x 20 meters, capturing the data in dual polarization. Polarization refers to the orientation of
the electromagnetic wave's electrical eld of the transmitted signal and how the re ected signal

is received. The polarizations this research uses are vertical transmit, vertical receive (VV),
and vertical transmit, horizontal receive (VH). These cross-polarized VH and VV backscatter
coe cients have a strong ability in monitoring vegetation, and VV-coherence can help detect
changes in the crop state [27]. ESA is planning on launching Sentinel-1C and Sentinel-1D to
reduce the revisit time, with Sentinel-1C launching in the 4th quarter of 2024 [28].

2.3.2 Sentinel-2

Sentinel-2 is a high-resolution multispectral imaging (MSI) mission, which consists of two satel-
lites, Sentinel-2A, and Sentinel-2B, launched in 2015 and 2017 respectively [29]. Like Sentinel-1
the two satellites are polar orbiting satellites with a revisit time of 5 days or less. The Sentinel-

2 mission is mainly dedicated to monitoring agriculture, forests, land-use change, land-cover
change, mapping biophysical variables such as the chlorophyll content in leaves, leaf water con-
tent, leaf area index as well as risk and disaster mapping [30]. The MSI measures the re ected
radiance of 13 spectral bands, from Visible and Near Infrared (VNIR) to Short Wave infra-red
(SWIR). This rich spectral information, in combination with the frequent revisit time, makes
Sentinel-2 data valuable for agricultural monitoring and crop classi cation tasks.

The multispectral data from Sentinel-2 o ers great use cases for crop studies [27]. The
B8 band in particular is useful for assessing the health of the vegetation and chlorophyll con-
tent while the near-infrared and shortwave infrared provide insight into the water content and
biomass. Combining di erent spectral bands adds extra vegetation indices to help analyze
various crop aspects.

2.3.3 Sentinel-2 Used Spectral Bands

Normalized di erence vegetation index (NDVI) This index leverages the contrast between red
and near-infrared re ectance to assess the vegetation greenness in the observed area. Values

Ihttps://sentiwiki.copernicus.eu/web/sentiwiki



Table 2.1: Sentinel-2 bands

Band Resolution Central Wavelength Description

Bl 60 m 443 nm Ultra Blue (Coastal and Aerosol)
B2 10 m 490 nm Blue

B3 10 m 560 nm Green

B4 10 m 665 nm Red

B5 20 m 705 nm Visible and Near Infrared (VNIR)
B6 20m 740 nm Visible and Near Infrared (VNIR)
B7 20 m 783 nm Visible and Near Infrared (VNIR)
B8 10 m 842 nm Visible and Near Infrared (VNIR)
B8a 20 m 865 nm Visible and Near Infrared (VNIR)
B9 60 m 940 nm Short Wave Infrared (SWIR)
B10 60 m 1375 nm Short Wave Infrared (SWIR)
B1l1 20m 1610 nm Short Wave Infrared (SWIR)
B12 20m 2190 nm Short Wave Infrared (SWIR)

range from -1 to 1 where values below O correspond to water, values slightly above 0 indicate
bare soil, and 1 means denser and healthier vegetation. The formula for it is (BO8 - B04)/ (B0O8
+ B04)

Soil adjusted vegetation index (SAVI)Building upon NDVI, SAVI adjusts for background
soil in uencing the spectral re ectance. Soil a ects the moisture/color/saturation of the red
edge vegetation measurements. To correct this, a variable 'L’ is added. The value can be be-
tween 0 and 1. For this research calculation, the value is 0.5, which is the value for intermediate
vegetation densities [31]. The formula for it is (BO8 - BO4) / (B08 + B04 + L).

Normalized di erence turbidity index (NDTI) : This index calculates the turbidity or, optical
clarity, of water, which indirectly indicates the moisture contents in the soil. A high NDTI
means a high clarity of water. The formula is (B04 - B03)/(B04+B03)

Atmospherically resistant vegetation index (ARVI) This index is built upon NDVI, but it
is applicable for regions with high atmospheric aerosol content. It includes the blue band and
a variable 'y' as a quotient derived from the components of atmospheric re ectance in the blue
and red channels. The value 'y’ ranges from O to 1, with 1 being no atmospheric disturbance.
The formula is (B8A - y(2 * B04 - B02)) / (B8A + y(2 * BO4 - B02))

Normalized di erence infrared index (NDII): This index is a re ectance measurement that
Is sensitive to changes in the water content of plant canopies. The index values are between -1
and 1 where 1 is a high water content. The formula is (BO8 - B11) / (BO8 + B11)

Normalized di erence index 7 (NDI7). This is similar to NDII, however, it uses a di erent
wavelength, and this wavelength is particularly e ective in estimating crop residue cover. The
formula is (BO8 - B12) / (B0O8 + B12).

Each of these indices has unique spectral characteristics to provide di erent information
on crop health and associated environmental conditions. By combining these indices a better
understanding of crop dynamics can be made, which in turn helps provide a more accurate
classi cation [27].

2.4 Cloud mask

The Sentinel-2 bands are sensitive to clouds, as clouds re ect sunlight, which can interfere with
the satellite's ability to accurately capture data [29, 32]. This re ection, especially in the visible
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Figure 2.1: NDVI Figure 2.2: SAVI Figure 2.3: NDTI

Figure 2.4: ARVI Figure 2.5: NDII Figure 2.6: NDI7

Figure 2.7: Di erent multispectral indices of the same elds as Figure 1.5 in June

and the infrared spectrum, can cause disturbances [33]. A cloud mask is therefore necessary
to Iter out the data which contain clouds. The cloud mask algorithm is called Sen2Cor.

It implements a multi-tiered spectral analysis of the input data. The algorithm rst applies

a series of thresholds on the re ectance values of Sentinel-2's spectral bands listed in Table
2.1. Additionally, two extra indices, NDVI and the Normalized Di erence Snow Index (NDSI),

are used for scene classi cation [34]. Each threshold test generates con dence levels which are
combined to generate a probabilistic cloud and snow mask. This resulting mask then undergoes
further thresholding to create di erent cloud probability layers (low, medium, high). Sen2Cor
also includes a detection for cirrus clouds, which are thin, wispy clouds. The algorithm utilizes
band 2 and band 10 to distinguish high-altitude ice clouds for cirrus threshold classi cation
[35]. The algorithm also detects cloud shadows. These masks help with atmospheric corrections,
ensuring more reliable data processing.

2.5 Multilayer Perceptron

A multilayer perceptron (MLP) is a type of neural network characterized by its feed-forward
architecture. In deep learning architectures, it is a fundamental building block. It consists of
at least three layers of nodes. An input layer, one or more hidden layers, and an output layer.
Each neuron, except the neurons from the input layer, computes a weighted sum of its inputs
and applies a non-activation function. Activation functions determine whether certain neurons
should be activated based on their input. MLPs learn through backpropagation, adjusting the
weights between the neurons to minimize the di erence between predicted outputs and the
actual outputs.

2.6 Transformers

Transformers, rstintroduced by Vaswani et al [13], were developed to improve on the limitation

of recurrent and convolutional neural networks in handling long-term dependencies. They have
since had tremendous success in Natural Language Processing (NLP) and computer vision. The
model consists of an encoder-decoder structure, each module having a stack of identical layers.
The encoder contains multi-head self attention and a fully connected feed-forward network with
residual connections followed by layer normalization. The decoder is identical to the encoder
except for an added attention layer that attends to the encoder’s input.
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Figure 2.8: Basic MLP architecture

For sequential data like in NLP, embedding layers are used to encode the meaning of in-
put sequences. As transformers process the inputs in parallel, positional information is lost.
Therefore, a positional encoding layer is added with a sinusoidal function to indicate which
embedding corresponds to which position.

The core innovation of Transformers is the self-attention mechanism which allows the model
to dynamically focus on relevant parts of the input sequence. The attention mechanism as
originally formulated is:

Attention (Q;K;V) = softmax(%Kd—_T)V (2.1)
k
softmax : (X;) = Iﬂ (2.2)

[=p exp
Where Q is a matrix with a set of query vectors, K is a matrix of key vectors, and V is a matrix

of value vectors. Q represents the current token which tries to understand its context, with K
and V representing the context Q is trying to attend to. In self-attention these three all take

the identical input sequence as input. First, a matrix multiplication of Q and K is applied,

this step results in attention scores which are then scaled by the square root of the dimension
of K. These scores are passed through a softmax function to obtain attention weights. Finally,
the attention weights are multiplied by V. This process allows each element to attend to all
other elements in the sequence, capturing complex long distance dependencies. Transformers
typically use multi-head attention. Multi-head attention extends the basic attention by applying
multiple self attention modules in parallel with di erent learned projections. The output of
these multi-heads is then concatenated followed by a linear transformation. This enables the
model to capture various aspects of the input simultaneously, making the model well-suited for
long distance connections between sequential inputs. The iTransformer has several advantages
that make it suitable for crop classi cation and early classi cation tasks. Its ability to capture
complex temporal dependencies between features due to the inverted embedding approach
allows for new insights and exibility in handling multivariate time series making iTransformer

a promising architecture [12]. The following section details how the iTransformer architecture
has been adapted to the crop classi cation problem.



Figure 2.9: Original Transformer architecture with the left block being the encoder and the
right block the decoder



Chapter 3
Method

3.1 Dataset

The dataset that was used for this research was provided by NEO b.v. The dataset contains
public satellite imagery data from the Copernicus program from 2023, Sentinel-1 and Sentinel-2,
from the Netherlands. For both satellites, the data is downloaded from the Copernicus Access
Hub. The dataset is preprocessed in a few steps from the original raw satellite images. In the
framework, Cirrus detection is implemented to account for the re ection of clouds and snow
[29]. The total dataset size for 2023 is 192.751 parcels with 42 classes. Each parcel contains a
single time series from 2023. The classes in this dataset are imbalanced with maize more than
doubling the second most common class, grains. The top ve most common crops are maize
with 70.072 data points, grain with 28.279, potato with 22.708, beets with 16.535, and sub
grains with 9.125. Labels are provided by the Basisregistratie Gewasparcelen (BRP).

First, a cloudmask lter is used over the Sentinel-2 data to take into account cloud coverage.
This is needed because infrared bands re ect on clouds, which results in incorrect values.
Secondly, per parcel, the average pixel value is measured on said parcel and this results in each
Sentinel-2 band having one value per parcel. This reduces the accuracy on a pixel-level basis
but makes the model computationally more e cient. Thus, instead of processing images and
pixels, it processes at values. Daily linear interpolation is used to Il in the missing data
points and get data for the entire year. When a time series does not have data due to clouds
for example at the start and end of the year, these data points are zero padded.

The features used are VV-coherence, VH-backscatter, and VV backscatter from Sentinel-
1. Combination bands, NDVI, SAVI, NDTI, ARVI, NDII and NDI7 from Sentinel-2 and in
addition the type of soil for each parcel have been added. Combining Sentinel-1 and Sentinel-2
data improves classi cation [27]. The soil data were provided by NEO b.v. There are ten types
of soil in the dataset namely,

"~ Afgesloten zeearmenClosed sea arms
Duinen: Dunes

Getijdengebied Tidal areas
Heuvelland Hills

Hogere ZandgrondenHigh sand areas

A

LaagveengebiedPeatland area

Ihttps://iwww.pdok.nl/introductie/-/article/basisregistratie-gewaspercelen-brp-
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Figure 3.1: Number of observations per date from Sentinel-2 data

" Noordzee Northsea

" Rivierengebied River area

" Zeekleigebied Marine clay area
" Niet indeelbaar. No category

This results in 20 features in total.

The dataset was split into training, validation, and test sets in a ratio of 70:20:10. The
dataset crop labels are provided by farmers, which makes the labels prone to human error.
The dataset is also inconsistent due to the cloud coverage, with some dates having more than
700.000 observations and some dates having less than 8000 observations.

3.1.1 iTransformer

The original iTransformer proposed by Liu Yong [12] for multivariate time series forecasting
tasks uses the encoder only architecture from the basic transformer. This includes the embed-
ding layer, projection, and transformer blocks.

3.1.2 Base iTransformer multivariate forecasting

time series forecasting.

iTransformer changes the basic architecture by inverting the embedding layer, unlike traditional-
based time series forecasting which treats multiple variables at a single time point as a token.
ITransformer embeds the whole time series of each variable as a single token, which results in
the model being able to capture the intrinsic properties of each of the variable's time series
more e ectively.

h? = EmbeddingX ..,) (3.1)
H'"! = TrmBlock(H");1=0;:::;L 1 (3.2)
¥ .. = Projection(h\) (3.3)

Here, H = fhy; i hyg 2 RV where N is the embedded tokens of dimension D and the
superscript denotes the index layer. Both the embedding and projection are implemented by a

11



Figure 3.2: iTransformer architecture. Courtesy [12]

multi-layer perceptron (MLP). The resulting embedded variate tokens interact through the self-
attention mechanism. Which is then independently processed by a shared feed forward network
within each transformer block. Moreover, with this approach, the sequential order of the data
is implicitly stored in the neurons of the feed-forward network. The added bene t is that there

iIs no need for the position embedding from the vanilla transformer [12]. The iTransformer
consists of L blocks with each containing layer normalization, a feed-forward network, and a
self attention module.

Layer normalization was originally proposed to enhance the convergence and training stabil-
ity of deep learning networks [36]. Where in normal Transformers, layer normalization normal-
izes the multivariate representation at each timestamp. Instead, iTransformer applies layer nor-
malization the the series representation of each variable. This method has been demonstrated
to be e ective in addressing non-stationary issues in time series analysis. By normalizing each
time series to a Gaussian distribution, discrepancies arising from inconsistent measurements
can be mitigated in di erent variables [37] [38]. Originally in Transformers normalization was
applied across di erent time steps, resulting in over-smoothing of the time series. iTransformer
preserves the temporal dynamics situated with each variable.

h, ~ Mean (h,) =

PW(hn) 1;:::;N (3.4)

LayerNorm(H) =

3.1.3 Classi cation iTransformer

The main architecture of iTransformer stays unchanged since the strength of the iTransformer
architecture is the learned representations of features with time series. The projection layer
returns to the number of features present in the dataset. From these features a linear layer going
from the number of features to the number of classes with a softmax activation function is used
to obtain the probabilities of each class. The loss is changed from MSE to cross-entropy loss
with label smoothing and class weights. Cross-entropy is de ned by the Pytorch loss function
of cross-entropy which equals.

x
6y)=  welogp-SXPXe)__yo (3.5)
c=1 i=1 ex[xxl)
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Where x is the input logits from the model andy® is the smoothed target distribution. For

the correct class, this equald and for other classes, it is=C 1 where = 0:1is

the smoothing parameter. w. is the weight for classc and C is the number of classes. This
research uses label smoothing because the ground truth was given by local farmers, which
causes some discrepancies to arise. Class weights are introduced to handle the imbalanced
class dataset. These weights give more importance to classes that occur less in the dataset.
This implementation of cross-entropy loss allows the model to be more robust due to label
smoothing, to handle unbalanced classi cation better, and to improve probability estimates.
The optimizer is the Adam optimizer.

3.2 Hyperparameters
The iTransformer model was con gured with the following parameters.

Table 3.1: Hyperparameters for the iTransformer model

Hyperparameter Value Description

Learning rate 0.00001 Initial learning rate

Batch size 32 Number of samples in a training loop
Epochs 25 Number of passes through the dataset
Patience 4 Number of epochs with no improvement before stopping
Layer size 2048 Dimensionality of the neural network
Attention heads 4 Number of multi-head attention modules
Encoder layers 4 Number of encoder layers

Dropout rate 0.1 Probability of dropping out a neuron during training
Optimizer Adam Optimization algorithm used for updating the weights
Starting month March First month of data used

13



Chapter 4

Experiments

4.1 Metrics

To measure model performance on the multi label classi cation task this research used a few
commonly used metrics: overall accuracy, recall, precision, and the F1-score. Accuracy tells us
the overall correctness of the model across all classes. It calculates the ratio of correctly pre-
dicted against the total number of instances. Precision calculates the relevance of the retrieved
results. It shows when predicting the target class how often these predictions are correct.
Recall, also known as sensitivity, calculates the relevant instances retrieved against the total
number of relevant instances in the dataset. It shows out of all the positives how many are
correctly classi ed. The F1 score is the harmonic mean between precision and recall. This score
is useful when there is an imbalance in the classes like the NEO dataset that is used in this
research. Accuracy over time is also calculated. Here for each timestep in the dataset accuracy
is calculated and those values stored, with the expectation that over time the accuracy will
improve The formulas are given by: [4.1, 4.2, 4.3, 4.4. Where TP is True Positives, TN is True
Negatives, FP is False Positives and FN is False Negatives.

TP+ TN
ACCUracy = ——— e (4.1)
. TP
P recision = 5T EP (4.2)
TP
F, = 2 Precision Recall (4.4)

P recision + Recall

4.2 Whole year classi cation

Using satellite data has the disadvantage that the time series are based on the visiting rate of
the satellites. This results in inconsistent time series, meaning the experiments in this research
are based on this inconsistent time interval. Two main experiments were performed: One for
time intervals from 5-12 days with the whole year as input data, so the data are from January

till December and the other for early crop classi cation. The intervals were chosen based on
the Sentinel satellite's revisit time, with Sentinel-2 having a revisit time of 5 and Sentinel-1
having a revisit time of 12 days. Five classes were chosen as a baseline: grains, onion, chicory,
peony, and turnips. The choice of classes was based on their di erent growth cycles, growth
characteristics, and the number of data points. A 5-day interval has the best scores over all

14



Figure 4.1: Classi cation of crops, using the entire year (March-December) as training data

metrics with a steady decline the longer the interval is. The rst two months, January and
February are skipped when loading the data because in these months no crops are planted in
the Netherlands. An experiment was performed to test this, with parameters from a 5-day
interval. This resulted in an accuracy of 0.13, precision of 0.54, recall of 0.78, and F1 score of
0.48.

4.3 Early classi cation

As can be seen in gure 4.1 the 5-day interval demonstrated the highest accuracy among the
tested intervals. Therefore, the parameters used for this interval are used for early classi cation.
Each month individual models were trained, where the training data was capped at the end
of each respective month. For instance, the training data for July contains satellite data from
March through the end of June.

Training multiple models has the advantage of learning seasonal variations with the addition
of one month for every model. It also supports consistency in the training data because the
model inputs have identical sequence lengths without too much zero padding.

4.4 Number of classes

This research uses ve classes as a proof of concept. However, the full dataset contains 42 classes
in total. When training the model on 42 classes, the overall performance metrics signi cantly
decline. Training on, again, the parameters from the best whole year classi cation, the scores
result in the following accuracy: 0.32, Precision: 0.46, Recall: 0.53, and F1: 0.44. In Figure
4.4 paksoi is not represented in the True labels because of a small number of samples. Which
resulted in no entries ofpaksoiin the test set. Moreover, there is one class with a lot of false
predictions, which is alsgoaksoi This shows that the model has trouble recognizing crops with
almost no entries in the dataset, due to class imbalance.
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Figure 4.2: Early classi cation

Figure 4.3: Accuracy of 5 used classes and overall accuracy
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