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Abstract

The production of cocoa beans contributes to 7.5% of European Union (EU) driven deforesta-
tion. For this reason, the recent European Union Deforestation-free Regulation (EUDR) re-
quires producers to perform comprehensive tracking of cocoa farm extents. However, cocoa
crops present unique detection challenges due to their complex canopy structure, spectral
similarity to forest, variable farming methods, and location in frequently cloudy regions.
Previous work employs Multispectral Imagery (MSI) and/or Synthetic Aperture Radar (SAR)
for pixel-based classification of satellite images. Convolutional Neural Network (CNN)s offer
a promising approach to semantic segmentation of cocoa parcels that considers both spectral
and spatial characteristics.

This thesis aims to evaluate the impact of combining SAR and MSI data in the training of
a CNN for cocoa detection, in order to demonstrate the importance of texture, moisture
and canopy characteristics in identifying cocoa canopies. A U-NET is employed to evalu-
ate how prediction results are impacted by the stacking of MSI datasets with different SAR
polarizations, seasons and temporality. The results show that the addition of single-day
and temporal SAR to a single-day MSI image can improve the predictions, reaching an F1
score of 86.62%. This research demonstrates the influence of SAR measurement season and
polarization, and ground truth classes, on the semantic segmentation of cocoa.

Keywords: cocoa farms, SAR, MSI, CNN, U-NET, semantic segmentation
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1. Introduction

Forests play a key role in the functioning of ecosystems at local and global scales, providing
important services including habitat for over 80% of terrestrial biodiversity and the seques-
tration of around 289 Gt of carbon [2]. However, forests are also under signi�cant threat due
to human activities such as commodity extraction, urbanization, and agricultural intensi�ca-
tion, with severe and long-term impacts on ecological and human well-being including rising
temperatures, habitat destruction, climate change, pollution and soil degradation [2].

One of the major contributing factors to deforestation is agricultural production for export to
the EU [3]. In December 2022, theEU approved the EUDR, which aims to reduce the impact of
EU consumption on global deforestation by banning the import of products that are issued
from deforested areas, with a particular focus on cattle, wood, palm oil, soy, cocoa and coffee
[3]. Due to the due diligence requirements for companies that produce such commodities
and derived products [3], the enforcement of this regulation will require highly accurate and
timely tracking of farm extents using geodata and advanced geospatial analysis.

1.1. Motivation

Around 16% of the world's forests are located in Africa [4, p. 14], and this continent faces
particularly high rates of deforestation. Between 2015 and 2020, Africa had the highest rate
of deforestation globally, with a total of 4.41 million deforested hectares of land including
1.90 million hectares in Central and Western Africa [4]. The focus of this research is the
detection of cocoa crops, of which West Africa is one of the main producing regions [5] and
which are estimated to cause 7.54 % ofEU-driven deforestation [3, p. 27].

While many crops can be detected via the automated classi�cation of MSI [5], cocoa presents
unique challenges. First, West Africa has frequent cloud cover due to its Monsoon climate,
which limits the availability of cloud-free MSI datasets and the temporal resolution of those
datasets [6]. Second, agroforestry land cover, a common practice which integrates shade
trees and other crops to improve growing conditions, has a spectral signature and canopy
structure similar to nearby forest [6, p. 2], and the canopy structure of cocoa can vary widely,
as shown in Figure 1.1.

Researchers have aimed to address these challenges by using machine learning Machine
Learning (ML ) algorithms trained with SAR) and/or MSI datasets to identify cocoa crops.
While many of these implementations use pixel-based classi�cations that do not consider
spatial context, recent work has applied a CNN trained with MSI data and shows promising
results in Ghana and Cote d'Ivoire [8].
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1. Introduction

Figure 1.1.: Cocoa typologies

Source: [7, p. 5]

1.2. Objective and scope

The topic of this thesis emerged from a need identi�ed by Meridia Land B.V., a company
that works to improve data transparency and traceability in smallholder supply chains [9].
Among other datasets, Meridia makes use of cocoa prediction maps in order to evaluate
clients' compliance with the EUDR. In Ghana, ”over a quarter of agricultural conversion
stems from cocoa expansion” [10, p. 1], and cocoa prediction maps can assist in identifying
discrepancies between client farm data and the reality on the ground. However, the existing
maps from previous studies often do not align in their predictions, as shown in Figure
1.2. This discrepancy raises questions regarding various maps' reliability and the level of
con�dence with which they can be used for compliance tracking.

Figure 1.2.: Comparison of cocoa prediction rasters from three different methodologies.

Sources: [5] [11] [8]
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1.3. Research questions

Meridia is interested in generating a better understanding of the origin of and differences
between existing cocoa maps. It is also in the interest of organizations implicated in the
cocoa industry to work towards more accurate detection of cocoa farm extents for the im-
plementation of the EUDR. The objective of this thesis is to build on existing deep learning
approaches for cocoa detection by using SAR data in the training of a CNN in order to better
understand the impact of inputs on the results of automated cocoa detection. Given the
complexity of detecting cocoa crops and the time-sensitive need for reliable maps for the en-
forcement of the EUDR, this thesis aims to generate insight into the relevance of open-source
satellite datasets in order to inform the future development of cocoa detection models in
academia and industry.

1.3. Research questions

The research conducted in this MSc thesis builds upon existing work on cocoa detection via
ML , with a focus on advancing Deep Learning ( DL) approaches. The overarching research
question is as follows:
To what extent can a CNN trained with multispectral and SAR datasets enable the auto-
mated detection of cocoa crops in Ghana?

The sub-questions guiding this research include:

1. How does the combination of MSI and SAR data affect the results of cocoa parcel seg-
mentation trained with data from a single day?

2. How does the combination of MSI and SAR data affect the results of cocoa parcel seg-
mentation trained with temporal datasets?

3. Why does the use of different polarizations (i.e. Vertical-Vertical ( VV) or Vertical-Horizontal
(VH )) affect the in�uence of SAR datasets on the cocoa segmentation results?

4. What is the impact of SAR and MSI training data on the detection of intercrop cocoa?

1.4. Thesis outline

The thesis is composed of eight chapters. In Chapter 2, the theoretical foundations for the
research are explained including key concepts related to ML , semantic segmentation,MSI and
SAR data. Chapter 3 outlines existing research and �ndings related to ML for cocoa detection.
Chapter 4 provides geographical and practical context for the research and hypotheses based
on the known study area characteristics. The methodology, including data preparation and
experimental set-up, is described in Chapter 5. The implementation tools and procedures
are explained in chapter 6 and the experiment results are shown and described in chapter
7. Finally, a discussion of the results, future work and conclusions can be found in Chapter
8.
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2. Theoretical foundations

2.1. Deep Learning

ML is a �eld of research that involves training computers to complete speci�c tasks au-
tonomously and improve performance through learning and responding to patterns in large
datasets [12]. These patterns are learned via networks that enable the computer to make
predictions, measure their accuracy and improve its performance iteratively [12]. In many
ML applications, humans play an important role in selecting and experimenting with fea-
tures of the dataset that they expect to be relevant to the learning process. DL is a subset of
ML that involves a more complex network with a greater number of hidden layers within the
network [12]. Most importantly, humans do not play a direct role in selecting and testing
features of the dataset, and instead rely on architecture and hyperparameter modi�cations
in order to improve training results. In the �eld of computer vision, DL has been enabling
unprecedented accuracy in computers' ability to derive information from images [13].

Figure 2.1.: Neural network

Source: [14]

2.1.1. Neural Networks

The foundation of DL is the Arti�cial Neural Network ( ANN ), which has been modelled
after the human brain. Just as a brain contains neurons that receive information and output
signals with varying degrees of in�uence which inform a person's understanding or action,
the ANN contains nodes which receive data, activate, and send the signal on to the next layer
of nodes [14]. The complex combination of signals between nodes and layers leads to the
performance of a task. For the purpose of machine vision, an ANN takes an image as input,
with its pixels fully connected to a series of hidden layers. All neurons in the input layer
are connected to all layers in the next layer, and so on. As shown in Figure 2.2, each neuron
applies an activation function to the input x and outputs a value y that is carried forward
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2. Theoretical foundations

to the next layer. The �nal layer contains neurons indicating the probability of an image
belonging to each possible class.

Each connection between neurons (as seen in Figure 2.1) represents a weight, which indicates
the in�uence of one node's activation on the next node. For example, nodes connected to
pixels in a speci�c region of the image may have more in�uence on the next set of neurons
than other regions due the magnitude of their weights. The network is initialized with
random weights, and is trained by inputting data and its corresponding class label [15]. The
network aims to optimize the weights and activations across all layers in order to have its
prediction come as close as possible to the true labelled class. By detecting patterns in a
large number of images and generating a series of weights and activations for the neurons
in the hidden layers, the network can then take a new input image, detect the patterns in its
pixels, and output a probability of it belonging to each of the potential classes [15].

Figure 2.2.: Biological neuron and its mathematical model

Source: [14]

2.2. Convolutional Neural Networks

The challenge with a fully connected ANN is that the number of parameters that need to be
computed grows quickly when inputting image datasets, especially when using input im-
ages that have multiple bands (e.g. R,G,B, other satellite bands). To avoid the high compu-
tation cost, a more appropriate model for image processing is the CNN [16]. A CNN enables
the detection of patterns by connecting nodes in one layer with a subset of the nodes in the
previous layer, as shown in Figure 2.7. An additional bene�t of CNN s is that the 2D kernels
representing the weights maintain the spatial relationships between pixels.
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2.2. Convolutional Neural Networks

Figure 2.3.: CNN basic architecture

Source: [16]

2.2.1. Convolution layers

A CNN uses a number of �lters (matrices containing weights) which represent the rela-
tionship between an input and subsequent layers [17]. A convolutional layer involves the
application of �lters to the input image, each �lter leading to an activation map for the im-
age. The activation maps are stacked to form a multi-channel output as shown in Figure
2.4. The output image may change in size depending on the dimensions, padding and stride
of the �lters. A padded �lter enables convolutions to maintain the same input image size,
whereas unpadded �lters will progressively make the image smaller as convolutions are
applied. As the convolutional layers are applied, the features and patterns detected become
increasingly abstract. This allows the network to learn both high-level and low-level patterns
which inform the classi�cation of an image [17].

Figure 2.4.: Convolution Layer

Source: [18]
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Activation function

In order to detect characteristics in an input dataset, an ANN applies activation functions
which activate nodes that meet certain criteria, and de-activate those that do not. This
enables the network to focus on the nodes that are deemed ”useful” for the task at hand
and these nodes are used for further learning in deeper layers of the network. In a CNN , the
activation function is generally applied after a convolution layer: activating certain pixels
means that those parts of the image will in�uence the next convolution layer and this helps
to reduce the computation cost by discarding the values of irrelevant pixels. There are several
possible activation functions for use in CNN s; one of the most common is the Recti�ed Linear
Unit ( ReLU) for its computational ef�ciency and fast convergence [19]. When ReLU is applied,
pixels with negative values are assigned a value of zero [20], and the next convolutions focus
on the pixels with positive values.

Figure 2.5.: Graph of ReLU function

Source:[16]

2.2.2. Pooling layers

Following convolution layers, pooling layers reduce the dimension of the input image while
keeping the important features resulting from the previous activation. Max pooling layers
are used to downsample the image and increase computation ef�ciency due to dimension
reduction [16]. The size and stride of the pooling �lters in�uences the size of the output. For
example, with a 2x2 max pooling �lter, each downsampling step would involve reducing the
spatial dimension of the image by a factor of 2.

2.2.3. Training and predictions

The process of training a CNN involves initializing its weights, providing an input image for
it to classify (forward pass), comparing the prediction to the ground truth, and updating
the weights of the model through backpropagation [21]. This process is repeated for all
images in the input training dataset for a designated number of repetitions called ”epochs.”
The predictions at the output of a CNN are numerical values that quantify the probability
of belonging to the various classes in the classi�cation. In order to normalize these values
between 0-1 and classify the output, another activation function is applied to the output. In
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2.3. Semantic Segmentation

Figure 2.6.: Pooling layer example

Source: [18]

the case of multi-class classi�cations, one commonly used function is Softmax, which takes
the prediction values and forces them into a vector of values between zero and one, which
add up to one [22].

f j (z) = �
ezj

å k ezk
(2.1)

where z is the input vector containing k real numbers.

In order to assign a speci�c class prediction based on these probabilities, an Argmax oper-
ation is typically applied which identi�es the class with the highest probability and assigns
the prediction to that class label.

Loss functions

Once a prediction has been made, a loss function is used to compare the network prediction
to the ground truth in a quantitative way and guide the learning process. The loss function
evaluates the correlation between the model results and the ground truth, and the goal is
to minimize the loss value in order to have the predictions be as close to reality as possible
[22]. Furthermore, loss functions can be designed or adapted to penalize or encourage
certain characteristics of interest. In the case of multi-class classi�cation, categorical cross-
entropy loss is a common loss function that focuses on improving the model's predictions
by optimizing per-pixel accuracy [23] as cited in [24].

2.3. Semantic Segmentation

In many cases, it is equally as important to identify the location of a feature in an image,
not only its class [25]. This technique is called segmentation: it involves pixel-wise classi�-
cation and simultaneous detection of object instances. Garcia-Garcia et al. (2017) provide an
overview of existing datasets and methods which apply DL for semantic segmentation [13].
Most state-of-the-art semantic segmentation is based on the Fully Convolutional Network,
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an architecture developed by Long et al. (2014) which replaces fully connected layers with
convolutional layers [26] and outputs ”spatial maps” indicating per-pixel class labels [13,
p. 9]. CNN s designed with segmentation in mind involve upsampling the spatial maps back
to ”dense per-pixel labeled outputs” [13, p. 9]. This upsampling can take the form of a kind
of ”reverse max pooling” or ”deconvolution �lters.”

Figure 2.7.: Convolutional Neural Network

Source: [14]

2.3.1. U-NET architecture

One popular CNN used for image segmentation is the U-NET, which is named based on the
shape of its architecture as seen in Figure 2.8 [25]. The U-NET is an effective network well
suited to land classi�cation, and has been shown to yield improved results compared to the
popular rf! (rf! ) algorithm [27]. Due to its symmetrical shape and use of skip-connections to
maintain spatial detail after each convolution, the U-NET outputs segmentation maps at the
same resolution as its input images. In a comparison of oil palm segmentation performance,
the U-NET was shown to lead to accuracy values over 10% greater than that of AlexNet [27].
Furthermore, the U-NET is a popular architecture due to its ability to reach a high accuracy
with a relatively small number of training images [25].

The U-NET takes raw image data as its input, which it carries through two main com-
ponents: the encoder (“contracting path”) and the decoder (“expansive path”) [25]. The
encoder is responsible for detecting the high and low level patterns in the image as de-
scribed for the regular CNN above, therefore progressively convolving the image to a higher
abstraction. Each encoder block is made up of two convolutional + ReLU activation layers fol-
lowed by a max pooling layer to downsample the image and increase computation ef�ciency
[25]. Prior to max pooling, the convolution output is set aside and saved for future use as it
contains important contextual information that will be used in the decoding process. Each
downsampling step involves reducing the spatial dimension of the image by a factor of 2,
and a doubling of the feature channels [25].

The �nal level of the encoder (the bottleneck) includes only two convolution and activation
layers and no max pooling. The decoder takes as input the output of the bottleneck and
gradually up-convolves the image while bringing back the spatial context that had been
saved in each level of the encoder. Each expansive step upsamples the image via a 2x2
convolution and halves the feature channels, concatenates the feature map to the results
of the corresponding encoder level, then performs two convolutions [25]. The addition
of spatial context allows for the features in the image to be detected and grouped into
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segments of a class. The �nal level of the decoder applies 1x1 convolutions for each class
being detected, therefore producing a segmentation map for each class.

Figure 2.8.: U-NET architecture

Source: [25, p. 235]

2.3.2. Training labels

In order to train a network to predict classes, the training dataset must be accompanied with
ground truth labels. The choices and method of preparing ground truth labels have a crucial
part to play in the machine learning process. These labels are created to accompany imagery
and inform the model of the location of various classes in order for the network to learn the
patterns that are most likely to determine the location of a parcel.

Class imbalance

In the case of classi�cation in which classes are not represented equally in the dataset,
there is a risk that the minority class cannot be generalized by the model, leading to poor
classi�cation results and an overprediction of the majority class. There are several ways
to address this imbalance, including undersampling the majority class, oversampling the
minority class via data augmentation or modifying the loss function used by the network
[28].
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Label uncertainty

Another common challenge in creating ground truth datasets is uncertainty. In classi�cation
problems, the ground truth is the optimal class allocation which the network is aiming for
through the training process, and which serves to train and evaluate the model via the
computation of error matrices [29, p. 51]. However, if the reference data cannot be fully
relied upon, this risks negatively in�uencing the effectiveness of the model.

In some cases, there is uncertainty within the labels as a result of errors in ground truth
data collection, or as a result of the raster representation of objects, which generally has a
lower level of certainty in edge pixels compared to core pixels of an object. In these cases,
adding an uncertainty weight to the loss function (computed per class and/or based on pixel
location) can help reduce the in�uence of the more uncertain pixels [28].

In other cases, the uncertainty occurs outside the labelled areas, as partially labelled data can
lead to sparse ground truth labels which miss labels for certain classes [30]. This heterogene-
ity can occur due to incomplete datasets that do not contain labels for all objects in an image:
for example, a dataset of cocoa polygons may not contain ground truth for all cocoa farms
in a region, therefore they remain unlabelled in the ground truth dataset. Another scenario
would be the combination of multiple specialized datasets (e.g. one dataset of labelled forest
areas and a separate dataset of labelled cocoa areas) for a multi-class segmentation problem.
The cocoa parcels would be missing from the forest dataset, and vice-versa.

One way to address this challenge is to exclude uncertain regions from the training, and
assign them to an ”unknown” or ”void” class. While this limits the amount of training data
available, it avoids the use of training data that may confuse the model [30].

2.4. Remotely sensed data

CNN s are trained with images, which can be regular RGB photographs, or remotely-sensed
images with additional characteristics beyond the visible light spectrum. The following
section describes the characteristics of two types of remotely sensed satellite data that are
used in this thesis:MSI and SAR data.

2.4.1. Multispectral Imagery

MSI imagery is obtained via passive remote sensing from the energy that is re�ected from
the Earth's surface due to the properties of surface objects [31]. The bands of interest are
typically detected in the visible, Near- and Shortwave-infrared regions of the electromagnetic
spectrum[32]. Different objects re�ect the sun's energy in different ways, which makes it
possible to differentiate between them; for instance, the chlorophyll in vegetation causes it
to re�ect visible light in the green part of the spectrum which leads vegetation to appear
green. This phenomenon also occurs in non-visible parts of the spectrum: healthy plants
will re�ect more Near Infrared ( NIR) radiation than their unhealthy counterparts. Combined,
these surface characteristics give land cover types unique ”spectral signatures” which refers
to amount of radiation they re�ect in different parts of the electromagnetic spectrum (see
Figure 2.9) [32]. Different vegetation types will often have different spectral signatures,
enabling, for instance, the identi�cation of different crops. This becomes more challenging
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when nearby land covers have similar signatures, as is the case with cocoa and surrounding
jungle [32].

Considering that MSI relies on re�ectance from the Earth's surface, re�ected radiation must
be able to be detected by the sensor. However, in the case of cloud or other atmospheric
characteristics, the radiation may be intercepted and may therefore reduce the amount of
data that is available from the land surface [33]. Some pre-processing steps can reduce the
impact of clouds, such as interpolation to �ll data gaps, but this is overall a very challenging
aspect of MSI. To address this effect, it is common to rely on temporal data that will increase
the probability of collecting data on a cloud-free day.

Figure 2.9.: Spectral signatures from a cocoa-producing region in Brazil

Source: [32]

2.4.2. Synthetic Aperture Radar

SAR is an active remote sensing technology that involves sending microwave pulses from
the satellite to the surface of the Earth, and receiving back a signal (backscatter) with a
certain phase and amplitude. The phase provides information on the distance of the surface
objects from the sensor (i.e. height), whereas, as seen in Figure 2.11, the amplitude indicates
the intensity of the signal that is returned, varying based on geometry, surface roughness
and water content [34]. Considering that it captures data related to surface texture, geometry
and moisture, SAR can provide additional information that may further differentiate between
vegetation types when optical spectral signatures are not suf�cient. Furthermore, it can offer
a more consistent source of data that is not affected by atmospheric changes [35] as cited in
[33].

Unlike MSI which is captured directly below the satellite, SAR is captured at an angle as
the satellite's sensor sends pulses to one side as it orbits the Earth. The most widely used
acquisition mode for Sentinel 1 is the Interferometric Wide ( IW) mode, which collects data
in 250 km swaths at 5 m by 20 m resolution [36], see Figure 2.10. This characteristic ofSAR
means that the direction of orbit should be considered when comparing SAR datasets [37].
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Figure 2.10.: S1 acquisition modes

Source: [36]

Backscatter

Backscatter refers to the amount of energy that is returned to the sensor following the initial
pulse and after having interacted with the Earth's surface [34]. There are four main types of
mechanisms that affect the intensity of the backscatter:

1. Surface roughness: as the pulse arrives at the surface of the Earth, it interacts with the
texture of the ground. A smoother surface will contribute to more specular re�ection,
re�ecting the energy away from the sensor. A rougher surface will cause the pulse
to be re�ected in different directions, and a portion of the initial pulse energy will be
re�ected back toward the sensor (see Figure 2.11) [34].

2. Volume scattering: the pulse encountering a vegetated surface will bounce off the
objects that it encounters before a portion of the initial energy is returned to the sensor.
A less dense vegetation area will cause less volume scattering, meaning that the overall
intensity of the backscatter will be higher. A more dense vegetated area, such as a
forest, will lead to signi�cant volume scattering with the pulse bouncing off many
different branches and leaves before re�ecting back to the sensor. This will lead to a
lower intensity backscatter [34].

3. Double bounce: when objects on the surface have a structure that is perpendicular to
the ground, such as buildings or tree trunks, pulses moving towards such objects and
landing on the ground at at certain angles may re�ect in a specular way, then bounce
on the perpendicular object before returning to the sensor. This double-bounce effect
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leads to a very high backscatter value as little energy is lost before the pulse is re�ected
to the sensor [34].

4. Moisture: combined with the characteristics above, the level of moisture in surface
materials affects the backscatter intensity due to the dielectic constants of surface ma-
terials. The dielectic constant expresses the ability of a material to store electrical
energy. Water has a dielectic constant of around 80, which is much higher than that of
a dry soil (around 4) and therefore materials containing water will absorb more energy
from the pulse, leading to a weaker backscatter [38].

Furthermore, the size of the wavelength determines the types of surface features that will
affect the backscatter: microwaves will penetrate objects smaller than their wavelength, and
re�ect off objects of a similar size [39].

Figure 2.11.: SAR types of scattering

Source: [34]

Polarization

The polarization of a radar pulse refers to the direction in which the wave oscillates in
relation to the surface it is imaging (horizontal or vertical) [34]. As shown in Figure ??,
microwave pulses can be sent with Horizontal or Vertical polarization, and the polariza-
tion of the pulse that is transmitted and that which is measured upon return can be the
same (co-polarization, such as vertically transmitted and vertical received [ VV ]) or opposite
(cross-polarization, such as vertical transmitted and horizontally received [ VH ]) [34]. The
polarization will have an in�uence on the types of surface characteristics that are detected
by the sensor based on how the pulse interacts with the surface. For instance, VV will have
the strongest backscatter when interacting with a rough and dry soil surface, HH will have
the highest double-bounce backscatter intensity, and cross-polarized (VH or HV) will have
the greatest intensity as a result of volume scattering [34].
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3. Related work

This section highlights related academic work that employs SAR and/or MSI data and ML to
detect cocoa crops and other vegetation types.

3.1. Pixel-based cocoa detection

The majority of existing cocoa detection studies focus on pixel-based classi�cation by im-
plementing ML algorithms and different combinations of datasets. Some researchers have
considered only MSI (such as Landsat or Sentinel 2 (S2) data), and applied classi�cation al-
gorithms including Maximum Likelihood Algorithm (Overall Accuracy ( OA) = 82.6 %) [40],
Random Forest (OA = 89.8 %) [10] and XGBoost, a type of boosted Random Forest (OA =
95.17 %) [32].

Some researchers have focused on classi�cation methods that are based onSAR data only.
SAR-based classi�cation has been implemented using Supervised Maximum-likelihood Clas-
si�er ( OA = 89 %) [33], Random Forest combined with Grey-Level Co-occurence Matrix
(GLCM ) (OA = 88.1 %) [39], and Multi-Layer Perceptron Neural Networks Regression (Root
Mean Squared Error (RMSE) = 7.18 %) [1].

Figure 3.1.: Classi�er using SAR and MSI datasets

Source: [5]

17



3. Related work

Two recent articles perform classi�cation on a combination of SAR and MSI data. In a 2021
study to measure the encroachment of cocoa farms on protected forest reserves, Abu et al.
created composite images of each Sentinel 1 (S1) (SAR) and S2 (MSI) datasets, and performed
textural ( GLCM ) and spectral (Normalized Difference Vegetation Index ( NDVI ), Tasseled Cap
index) analyses before applying a multi-feature Random Forest classi�er [5], see Figure 3.1.
The producer's accuracy and user's accuracy were respectively evaluated at 82.9% and 62.2%
[5].

In a 2022 paper, Tamga et al. explore the spatial distribution of classi�cation errors with
a focus on cocoa mapping in Ghana and Côte d'Ivoire [41]. The authors use S1 datasets
acquired with IW swath mode and with VV and VH polarisations as well as red, green, blue,
near-infrared and red-edge bands from S2multispectral data to perform textural ( GLCM ) and
spectral analyses before applying a multi-feature Random Forest classi�er [41]. The main
differences between the two studies is that Tamga et al. applied seven different vegetation
indices for spectral analysis and they calculated Shannon entropy per pixel to remove pixels
with a high probability of error [41]. The higher producer's accuracy (88%) and user's
accuracy (91%) compared to the work by Abu et al. is attributed to the fact that this study
area is considerably smaller and focused only on a cocoa producing region [41].

Figure 3.2.: Pixel-based cocoa detection

Source: [41, p. 9]

As can be seen in Figure 3.2, the results of pixel-based classi�cations can lead to a ”salt and
pepper” effect, even when smoothing �lters are applied [41]. In both articles, the authors
conclude that the classi�cation output could be improved with the use of deep learning,
with one paper speci�cally suggesting the use of ”semantic image segmentation” [5].
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3.2. Object-based cocoa detection

A landscape is composed of class patches, not only pixels [6] which can vary greatly in
appearance [42] as cited in [6, p. 3]. Therefore, when classifying land cover, it is important
to consider not only the spectral characteristics of pixels, but spatial pattern characteristics
within the landscape. This approach can be implemented via algorithms that �rst detect
image objects and then classify them [6].

One early example of such an approach combines optical and dual-polarimetric radar satel-
lite data to map rice and cocoa parcels in Indonesia [43]. The authors detect image objects
from a panchromatic dataset, then use a time series of co- and cross-polarized SAR datasets
at a resolution of 15 meters and MSI datasets at a resolution of 30 meters for classi�cation
of each object [43]. This study makes use of an object-based nearest neighbour classi�er
and applies it to different combinations of datasets, and the highest OA (89%) is obtained by
using MSI andcross-polarized SAR data [43].

Another more recent example of object-based classi�cation is a study from 2020 which aims
to detect and differentiate between open forest and agroforestry cocoa [6]. The authors
�rst detect image objects from combined SAR and MSI datasets using the Multiresolution
Segmentation algorithm, and then apply Random Forest classi�cation to three experimental
datasets:MSI only ( OA = 79.02%),MSI and SAR (OA = 80.49%), and �nally MSI, SAR and image
objects (OA = 89.76) [6].

As shown in Figure 3.3, not only is the accuracy of the object-based classi�cation higher,
but the visual output is also a more realistic representation of the spatial characteristics of
cocoa parcels on the ground. One challenge of object detection is the importance of selecting
an object scale that is relevant to the dataset; furthermore, incorrectly de�ned image objects
will cause the mis-classi�cation of all pixels in that object [6, p. 11].
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