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Object recognition and the subproblem of land cover classification has been a
key focus of computer vision research. An increasing number of devices have begun
supporting the capture of images with additional bands beyond the standard RGB
bands, including depth and other spectra such as near infrared. There is an oppor-
tunity to study the use of RGB images with depth and multispectral images to im-
prove the accuracy of the object recognition and land cover classification. We do this
by taking existing state-of-the-art object recognition models and modifying them to
work with RGB images with depth. For land cover classification we present a novel
model, LandNet, which allows varying the number of backbone feature extractors
and the image bands in each. We also study the impact of adding the additional
depth information, bands and the use of multiple feature extractors on the training
and inference times of the models. We find that adding depth data did not show
any benefits for object recognition but has little effect on the training and inference
times. Utilizing multispectral images allows for improvements for the accuracy of
land cover classification. Adding the additional bands in single feature extractor has
no effect on the training and inference times, however using multiple feature extrac-
tors does increase the training and inference times. The results leads us to conclude
that depth data has the potential to improve object recognition accuracy but a larger
dataset than SUN RGB-D is required to demonstrate improved performance when
using RGB and depth images. We can conclude that using multispectral images for
land cover classification has tangible benefits.
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Chapter 1

Introduction

In this chapter we introduce the problem and present some background surrounding
the problem. We also state the impact of the research. This is followed by a brief
outline of the aims and objectives of this research. We then present our research
questions, assumptions and limitations of the research and �nally, the chapter is
ended with a brief outline of the organisation of the paper.

1.1 Background

Object recognition and the subproblem of land cover classi�cation are not new prob-
lems and models aiming to tackle the problems exist as far back as 1999 [1], [2]. In
this section we present a brief summary of related work, with a more detailed review
of related provided in Chapter 2. First, we discuss some general machine learning
techniques that may be applied to object recognition and land cover classi�cation.
The �rst technique is deep learning. Deep learning techniques use many layers of
hidden nodes which allows them to learn complex functions [3]. Convolutional
Neural Networks (CNN) and Recursive Neural Networks (RecNN) are examples
of deep learning networks [3], [4]. Both methods can be used as part of a model
to perform object recognition [5]. Prior approaches to object recognition included
the use of SIFT, Histogram of Oriented Gradients (HOG), textons, shape contexts,
a dynamic link architecture, pictorial structures and spin images for point cloud
data [1], [6]–[11]. These methods have largely been superseded by CNNs as various
state-of-the-art models use CNNs [5], [12]–[14]. These state-of-the-art models in-
clude Mask Region-based CNN (Mask R-CNN) and RetinaNet for RGB images and
Convolutional-Recursive Neural Network (CNN-RecNN) and the volumetric mod-
els from Qi et al. [12] for RGB-D images and point cloud data [5], [13], [14]. Many
of the techniques applied to object recognition have also been applied to land cover
classi�cation [15]. More recently, deep CNNs have also been applied to the problem
of land cover classi�cation with multispectral images [2], [16]. We aim to produce
models that propose regions of interest in the image and perform classi�cation us-
ing RGB-D images with the belief that adding depth will improve the classi�cation
accuracy. We also aim to produce models that are able to perform land cover classi-
�cation using multispectral images. In the next section we detail the problem we are
proposing a solution for.

1.2 Problem Statement

General object recognition and land cover classi�cation are still open problems in
computer vision [5], [16]. Most approaches to object recognition and land cover
classi�cation use RGB images to attempt to build a model to solve this problem [13],
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[14]. However, robots, autonomous vehicles, computing devices and satellites are
increasingly being equipped with sensors that can measure additional data, such as
depth or additional spectra, in a scene [2], [17], [18]. Depth information has the po-
tential to enable models to be built that better solve the problem of object recognition
[5]. Typical state-of-the-art systems such as Mask R-CNN and RetinaNet are able to
process images of a whole scene which requires that they �rst detect regions where
objects may be and then classify these proposed regions as either a speci�c object
or background. Unfortunately, Mask R-CNN and RetinaNet do not use RGB-D data
[13], [14]. The CNN-RNN model proposed by Socher et al. (2012) [5] does make use
of RGB-D but it requires images that have been broken down into regions of interest
containing a single object. Modifying these systems to use RGB-D, for Mask R-CNN
and RetinaNet, or to process images that have not been broken down into regions,
for CNN-RNN, may prove to be an effective strategy to solve the problem [5], [13],
[14]. Speed of the system is another important metric as we would like the systems
to be able to perform object recognition at a rate of around 5 fps [13], [14], [19].
Multispectral images also have great potential to improve land cover classi�cation.
The models tested in Helber et al. [2] and Sumbul et al. [16] were simple models
designed to display the effectiveness of the the EuroSAT and BigEarthNet datatsets
they created respectively. There is space for further studies to be performed on the
use of multispectral images for land cover classi�cation on these two datasets [2],
[16]. Our contributions to the �eld will be discussed in the next section.

1.3 Signi�cance and Motivation

We produce trained models that can perform object recognition on RGB-D images.
We use state-of-the-art object recognition models as our starting point, namely Mask
R-CNN and RetinaNet [13], [14]. The addition of the depth channel provides the
models with extra information. RGB-D images can be thought of as a 2.5D image.
The depth channel provides further information about object edges, shape, size and
possibly texture, if the sensors are capable enough. A well designed and properly
trained model will be able to extract these details from the RGB-D image helping
to improve the accuracy. We measure the impact of adding depth as an additional
channel and using the depth information in a separate feature extractor on the train-
ing and inference times of the models. We test our models on the SUN RGB-D
dataset which contains images captured from four different RGB-D cameras [18].
We also construct a small labelled dataset of around �ve hundred images captured
using a ZED RGB-D camera. We also train and test our models on this dataset.
We build and train a novel land cover classi�cation model, LandNet. LandNet is
designed to work with multispectral images with single or multiple labels. Land-
Net uses up to three backbone feature extractor networks and allows for varying
which bands are used in each feature extractor which allow us to thoroughly test
combinations of bands and feature extractors and demonstrate the bene�ts of mul-
tispectral images for land cover classi�cation. We test LandNet on both EuroSAT
and BigEarthNet and demonstrated state-of-the-art performance on BigEarthNet [2],
[16]. We also test the impact of using additional bands and multiple feature extrac-
tors on the training and inference times of LandNet. The next section outlines our
research aims and objectives.
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1.4 Research Aims and Objectives

This research project aims to:

� develop a model that �rst segments images into regions of interest and then
performs object recognition incorporating depth and colour information to im-
prove the accuracy; and

� build a dataset consisting of �ve hundred RGB-D images of various objects
with labelled regions; and

� develop a model that performs land cover classi�cation on multispectral im-
ages to improve the classi�cation accuracy.

The above aims of this research project will be achieved through the following ob-
jectives (goals):

� replicate an object recognition model that uses depth information to be used
as a baseline with which to compare our models;

� build a model that performs image segmentation and then object recognition,
using depth information in both steps;

� build a model that performs land cover classi�cation using multispectral im-
ages

� compare our object recognition model for image segmentation and object recog-
nition with the baseline model on our dataset and one or two other datasets;
and

� compare our object recognition and land cover classi�cation models with the
results of other competing models from various papers.

1.5 Research Questions

Here we present our research questions that will guide us through the research pro-
cess. The questions we are aiming to answer are:

� Does adding depth as the fourth channel to existing state-of-the-art models
improve accuracy of the models?

� Does processing the depth data separately and then combining the RGB and
depth features in a softmax improve the accuracy of existing state-of-the-art
models?

� How does adding depth as a fourth channel compare to processing the RGB
and depth data separately and combining the RGB and depth features in a
softmax?

� Do these models generalize to images captured with a different camera?

� Does adding additional spectra help improve the accuracy of land cover clas-
si�cation models?

� What trade-off between speed and accuracy do we observe as a result of the
extra data (depth and additional spectra)?
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1.6 Delineations, Limitations and Assumptions

Our goal is to build working models that use RGB-D and multispectral images to
more accurately perform object recognition or land cover classi�cation. We are not
aiming to improve upon the speed of current models. Optimizing the implementa-
tion of the models for speed may be done if time permits.
Our object recognition models will also be restricted to using RGB-D data and not
point clouds. Our models will also be restricted to the task of object recognition.
They will not perform free space analysis, room layout estimation or scene catego-
rization. Our models will only be able to classify objects that belong to a class that
they were trained on. Our models make use of a softmax classi�er with a set num-
ber of classes and thus they can only classify objects into the classes they have been
trained on. We will assume that any object not in one these classes will fall either
into the background class or to what the model believes to be the closest class.
The dataset that we will create using our camera will only contain �ve hundred im-
ages which will not be enough data to train any models without some pretraining.
The dataset may contain different objects that what are present in the dataset used
for pretraining. The next section provides some de�nitions to aid in the understand-
ing of this proposal.

1.7 De�nitions

In this section we brie�y give the de�nitions of lesser known terms used in this
research.

� RGB-D: Standard three channel RGB images with the addition of a relative
depth image or channel.

1.8 Outline

The dissertation is organized as follows: the following chapter details related work
to our topic and provides the reader with some relevant background information
with the aim of familiarizing the reader with prior work on the topic. The third
chapter discusses the methodology that was used to answer our research questions
as well as the limitations of our research. In the fourth chapter we detail our results
as well as discussing and analysing them. The �nal chapter will conclude the paper
with a brief summary of the research, our results, opportunities for future work and
the contributions of our research.
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Chapter 2

Background and Related Work

In this chapter we brie�y present some background information into useful machine
learning techniques for the problem of object recognition followed by a review of
previous work on object recognition. We also discuss some prior work done on
land cover classi�cation using the EuroSAT and BigEarthNet datasets [2], [16]. The
chapter is organised as follows: in the �rst section we overview some useful ma-
chine learning techniques, speci�cally deep learning techniques, Recursive Neural
Networks (RecNN) and Convolutional Neural Networks (CNN). The following two
sections discuss previous work on object recognition. The �rst overviews image
segmentation discusses work on object recognition without any depth information,
followed by an overview of object recognition with images including depth. The
�nal section gives a brief overview of land cover classi�cation.

2.1 Useful Machine Learning Techniques

In this section we brie�y overview some machine learning techniques that are used
in other object recognition systems [5], [6], [12], [17], [19]–[21]. We consider three
machine learning techniques, the �rst is Deep Learning, the next is Recursive Neu-
ral Networks and the �nal technique is Convolutional Neural Networks. The aim of
this section is not to extensively detail the techniques but rather to give a brief ex-
planation of them. RecNNs and CNNs can be considered a form of Deep Learning
as is discussed in the next subsection [22].

2.1.1 Deep Learning

Representation learning is de�ned as "a set of methods that allows a machine to be
fed with raw data and to automatically discover the representation needed for de-
tection or classi�cation". Deep learning systems are representation learning systems
with many layers of representation. These many layers of representation are created
by composing non-linear subsystems together that in each layer take in data and
alter it into a more abstract representation that is then fed into the next layer of rep-
resentation. With enough layers, it is even possible to learn very complex functions
which aids these systems to be able to perform tasks such as classi�cation. Deep
learning has already proven itself as a powerful tool to solve many different prob-
lems in many different �elds [22]. Deep Boltzmann Machines, which are discussed
later in this chapter, are a form of deep learning that can be used to perform object
recognition [21]. RecNNs and CNNs, which are deep learning techniques, can also
be trained to perform object recognition [5], [20], [22].
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2.1.2 Recursive Neural Networks

Recursive Neural Networks are similar to Arti�cial Neural Networks but a key dif-
ference lies in the network structure. In RecNNs, the nodes are arranged in a tree
structure where each layer in the tree is the same neural network applied again. The
aim of this approach is to learn hierarchical feature representations of the input data
[5]. RecNNs have been applied to both natural language processing tasks as well
as image segmentation and object recognition tasks [4], [5]. These methods are dis-
cussed later in the chapter. Like RecNNs, Convolutional Neural Networks are also
a modi�cation of the standard Arti�cial Neural Network architecture [22].

2.1.3 Convolutional Neural Networks

The aim around developing CNNs was to be able to effectively process data in the
form of multiple arrays such as signals, images and videos. There are four key ideas
utilised in CNNs that allow them to be so effective at these tasks, they are: local con-
nections, shared weights, pooling and the utilisation of a multiple layers [22].
CNNs are typically structured in stages with the initial stages consisting of convo-
lutional layers and pooling layers [22]. In the convolutional layer, the input is con-
volved with a �lter [5]. Since a �lter is just a set of weights, the process of convolving
the input with a �lter can be thought as sharing the same weights across different
patches in the input. This has the effect of making the architecture invariant to the
location of features in the input. This is useful in images as a feature could appear
in different parts of the image. A bank of �lters is convolved with the input in each
convolutional layer, which makes it possible to look for many different features in
the input. The output from the convolutions is then passed through a non-linear
activation function such as the sigmoid function or the recti�ed linear unit (ReLU)
before being passed on to the next layer [22].
Pooling takes the output from a convolution layer and combines neighbouring out-
puts, such as in a rectangular window, using a summary statistic [3]. Different sum-
mary statistics may be used. Socheret al. (2012) [5] makes use of average pooling
where the average value in the window is used, but one can also use max pooling
which uses the maximum value in the window. Other pooling techniques include
using the L2 norm of the region or a weighted average. Pooling over spatial regions,
such as windows in the output, has the effect of making the representation approxi-
mately invariant to small translations. Pooling may also be done over different con-
volutions which has the effect of making the network learn which transformations
of the input to be invariant to [3].
After having used a number of convolution and pooling stages, the �nal stage usu-
ally consists of a fully connected network that forms a classi�er that forms the �nal
output of the CNN [22]. The classi�er layer need not consist of a fully connected
network, other architectures are possible [3]. CNNs, RecNNs and other deep learn-
ing techniques often form the basis of object recognition systems but other methods
may be used as well, which is shown in the following two sections where we discuss
some prior approaches to object recognition [5], [7], [20], [21].

2.2 Object Recognition with RGB Images

In this section we discuss prior work on object recognition with RGB images. In
the �rst subsection we brie�y consider classical object recognition models. In the



Chapter 2. Background and Related Work 7

following subsection we look at some state-of-the-art methods that primarily use
some from of CNNs.

2.2.1 Classical Object Recognition Models

Various approaches to the problem of object recognition are considered in classical
models. Some of the approaches taken include using shape contexts, using pictorial
structures, using a dynamic link architecture to perform invariant object recognition,
using textons and local scale invariant features [1], [8]–[11]. An interesting point to
note about SIFT and HOG based models is that they bear strong resemblance to
the early stages of the object recognition process in primates. Models using local
scale invariant features, usually SIFT features, or a Histogram of Oriented Gradi-
ents (HOG) have proven popular until recently where CNN based approaches have
proven more effective and have superseded SIFT and HOG based models[1], [6].
The next section discusses some of the state-of-the-art techniques which make use of
CNNs.

2.2.2 State-of-the-art Object Recognition Models

This subsection is broken into two parts, the �rst discusses the Regions with CNN
features (R-CNN) model and several improvements to it, followed by a brief overview
of the RetinaNet model [6], [13].

R-CNN

The R-CNN model performs object recognition in three stages. First, category inde-
pendent region proposals are extracted from the input image [6]. The method used
to do so is the selective search method, but other methods can be used [6], [23]. This
generates approximately 2000 region proposals [6]. The proposed regions are then
warped to a �xed size of 227 by 227 as the CNN layer requires images of this �xed
size. The CNN is used to extract a 4096-dimensional feature vector from each image
[6]. The CNN is a Caffe implementation that consists of �ve convolutional layers
and two fully connected layers [6], [24]. The feature vector extracted by the CNN is
then fed into a SVM, which performs the �nal classi�cation. There is an optimized
SVM for each image class [6]. Although, R-CNN produces good results, it has a long
runtime, a problem which is solved by Fast R-CNN [6], [25].
Fast R-CNN builds upon R-CNN with the primary aim of reducing the time and
space complexity of R-CNN. This improvement is achieved by reducing the multi-
stage training process to a single stage that jointly learns to classify the objects and
improve their spatial locations. Fast R-CNN also boasts better classi�cation perfor-
mance than R-CNN. Fast R-CNN replaces the SVM with a softmax classi�er that
outputs the probability of each region belonging to each class. Fast R-CNN also out-
puts bounding-box regression offsets for each of the object classes. The classi�cation
and bounding-box regression are jointly trained using a multi-task loss function.
SVD may also be used to further reduce detection time with a small (around 0.3%)
loss in mean average precision (mAP) [25]. Faster R-CNN aims to improve R-CNN
even further [19].
With Fast R-CNN, the computational bottleneck shifts from the network to the re-
gion proposals. To alleviate this bottleneck, Region Proposal Networks (RPN) are
used instead of the selection search method to produce region proposals. A RPN
is designed to take in an image of any size as input and output a set of rectangular
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region proposals. This process is modelled by a fully connected CNN which allows
for sharing of convolutional layers between the RPN and the Fast R-CNN. The shar-
ing of the convolutional layers allows the region proposal step to be nearly cost free,
greatly enhancing the speed of the model. The RPN also produces better region pro-
posals which improves the accuracy of Faster R-CNN [19]. Faster R-CNN achieved
an AP score of 36.2 with a ResNet-101 Feature Pyramid Network (FPN) backbone.
Mask R-CNN takes the accuracy of Faster R-CNN ever further [14].
Mask R-CNN leaves the RPN stage of the model unchanged but in the second stage
Mask R-CNN outputs a binary mask for each proposal in parallel with the class and
box offsets [14]. The addition of the binary mask output improves the accuracy of
the model, allowing it to outperform baseline variants of other state-of-the-art mod-
els but the additional computation required by adding in the binary mask output
does slightly reduce the speed of the system. Mask R-CNN was able to achieve a
bounding box AP score of 39.8 when using a ResNeXt-101 FPN backbone [14], [26].
R-CNN is an example of a two-stage model where �rst region proposals are ex-
tracted from each image and then the classi�cation is performed on each proposed
region. It is also possible to have one-stage models where detectors are applied over
dense sampling of possible object locations, one such model is RetinaNet [13].

RetinaNet

One-stage object detectors have traditionally trailed the performance of two-stage
detectors such as R-CNN. In Tsung et al. (2017) [13] they identify the large imbalance
between the background and foreground classes as the primary cause. To rectify
this imbalance, they propose a new Focal Loss function which effectively deals with
the class imbalance by signi�cantly reducing the contribution of easy examples to
the loss function during training. The Focal Loss function is used in RetinaNet.
RetinaNet uses a simple architecture consisting of FPN backbone that is built on top
of a ResNet architecture [13], [27]. The resulting convolutional features are then fed
into two subnets, one for classifying each box, and another for regressing from the
estimated boxes to the ground truth boxes [13]. Using this simple structure and the
new Focal Loss function, RetinaNet achieved a bounding box AP score of 40.8 with
a ResNeXt-101 FPN backbone and is able to outperform the state-of-the-art object
detectors including Mask R-CNN in the COCO benchmark [13], [28]. RetinaNet also
runs noticeably faster than two-stage models [13]. All the systems discussed thus
far make use of RGB images but RGB-D images or point clouds can also be used [5],
[17]. The next section discusses models that make use of 3D data such as RGB-D
images and point clouds.

2.3 Object Recognition using 3D Images

In this section we give an overview of various systems that make use of depth for
object recognition. The �rst subsection considers models that use surface matching
[7]. The next section discusses volumetric approaches and the �nal subsection de-
tails the Convolutional Recursive Neural Network model (CNN-RecNN) [5], [12],
[17].

2.3.1 Surface Matching

Surface matching is a technique where an observed 3D object surface is matched to
a known object surface stored in a computer's memory. Shape representations are
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used to ef�ciently compare surfaces. In Johnson et al. [7] they use spin images as
a data level descriptor to represent and compare surfaces. To further improve the
speed of the system, principal component analysis is used as a compression tech-
nique to reduce the dimensionality of the spin images. To perform object recogni-
tion, �rst multiple spin images of the scene are created around different points. Then
each scene spin image is correlated against each model spin image, with best match
indicating both the best matching model and point. In contrast to the models dis-
cussed next, the method presented in Johnsonet al. [7] does not make use of CNNs
[5], [12], [17].

2.3.2 Volumetric Models

Volumetric convolutions are spatially 3D convolutions. An example of a model that
makes use of volumetric CNNs is VoxNet. VoxNet operates on point cloud data
which is used to create an occupancy grid, a voxel representation of the scene. The
occupancy grid allows them to estimate free, occupied and unknown space. The
occupancy grid is used as input to a 3D CNN which performs the classi�cation [17].
Although VoxNet boasts impressive accuracy, Qi et al. [12] notes that volumetric
models trail behind multi-view CNNs [17].
In Qi et al. [12] they propose three improvements to volumetric models. They pro-
pose two different network architectures as the �rst improvement. The �rst network
aims to reduce over�tting by introducing subtasks where the network is tasked with
predicting classes from partial volumes. The second network is crafted to mimic
multi-view CNNs using an anisotropic kernel to reduce 3D shapes into 2D. The next
improvement involves augmenting the data by changing the elevation and azimuth
rotations. This helps as the two networks' structures are sensitive to rotations of the
scene. The �nal improvement is multi-orientation pooling which again helps as the
networks are sensitive to changes in the orientation of the scene. These improve-
ments allowed the models presented in Qi et al. to produce more accurate results
than VoxNet [17]. Unlike VoxNet and the models in Qi et al. [12], the CNN-RecNN
model does not use 3D CNNs [5], [12].

2.3.3 Convolutional Recursive Neural Network

The CNN-RecNN model uses a combination of a CNN and a recursive neural net-
work to solve the problem of object recognition. The model makes use of separate
networks for the RGB images and the depth images [5]. The �lters for the CNN
layer are also learned separately using the K-means method described in Socheret
al. (2011) [4]. The �lters are used in a single CNN layer that takes the full image
as input. The resulting output for each �lter from the CNN layer is average pooled
before being used as input to a number of random �xed-tree RecNNs. The aim of us-
ing the RecNNs is to learn hierarchical feature representations of the input. Instead
of training a RecNN, they found that using a number of random RecNNs produced
good quality feature vectors. The purpose of the networks is to extract features from
the images. The features from the RGB and depth images are combined into a sin-
gle feature vector which is used as input into a softmax classi�er that then outputs
the inferred class of the object in the image. It is important to note that the model
does not use an image of a complex scene as input, but rather just an image of an
individual object [5]. The dataset the CNN-RecNN model was trained on does not
contain a background class [29]. It may be possible to use various techniques, such
as selection search or RPNs, to �rst generate region proposals for the CNN-RecNN
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model [19], [23]. The next section gives a short overview of land cover classi�cation
techniques presented with the EuroSAT and BigEarthNet datasets. While models
for land cover classi�cation share some similarities with models for object detection,
such as the use of CNNs and other deep learning techniques, there are also many
differences since they usually do not attempt to �nd regions belonging to each class
within a single image but instead only label the image with one or more classes [2],
[16].

2.4 Land Cover Classi�cation

In this section we will �rst provide a brief overview of land cover classi�cation. Then
we will discuss the approaches taken by Helber et al. [2] and Sumbul et al. [16] to
solve the land classi�cation problem on the EuroSAT and BigEarthNet datasets.

2.4.1 Land Cover Classi�cation

Many land cover classi�cation datasets consist of either aerial or satellite RGB im-
ages with a single label or multiple labels for each image [2], [16]. Much of the com-
puter vision, machine learning, feature extraction and classi�cation techniques that
exist can be applied to single or multi-label image datasets. Many of these methods
have been applied to land cover classi�cation and studied extensively [2], [15], [30].
Some common approaches include using deep belief networks, CNNs, and stacked
denoising autoencoders [30]. Castellucio et al. [15] performed an extensive evalu-
ation of various machine learning techniques; including the use of scale-invariant
feature transform (SIFT), CNNs, and spatial pyramids; for land cover classi�cation.
As we used EuroSAT and BigEarthNet for our tests, we present the methods em-
ployed to these datasets in greater detail in the next two subsections [2], [16].

2.4.2 EuroSAT

In presenting their dataset, EuroSAT, Helber et al. [2] demonstrated a few different
machine learning methods that could be used on EuroSAT for the purpose of land
cover classi�cation. These methods included a Bag of Visual Words (BoVW) with a
Support Vector Machine, a shallow CNN, a pretrained GoogLeNet and a pretrained
ResNet-50 [2], [27], [31]. Helberet al. [2] used various combinations of the thirteen
different bands of the Sentinel-2 mission in their experiments. They achieved good
results on the EuroSAT dataset, with their best classi�er achieving 98% accuracy. The
best performing classi�er was the ResNet-50 model, using only RGB images without
the rest of the bands. This result is surprising as one would expect that adding extra
information, in this case in the form of the additional bands, would lead to a higher
accuracy. Helber et al. [2] theorizes that they saw the highest accuracy from using
the RGB bands as the ResNet was pretrained on ImageNet, which is an RGB dataset,
even when they used other band combinations [2]. This result differs from what
Sumbul et al. [16] were able to achieve BigEarthNet which we will discuss in the
next subsection.

2.4.3 BigEarthNet

Sumbul et al. [16] compared the performance of two models on their BigEarthNet
multi-label dataset, one of which they tried training on just the RGB bands as well
as all the bands. The two models they tested were a shallow CNN and a pretrained
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Inception-v2 network. The Inception-v2 network they used was pretrained on Im-
ageNet and they only performed �ne tuning on the BigEarthNet dataset, using just
the RGB bands. With this, they were able to achieve a precision value of 48.23% and
a recall value of 56.79%. They improved upon these results with a shallow CNN con-
sisting of three convolutional layers, a fully connected (FC) layer and a classi�cation
layer. They did not use pretrained weights for this network, rather the weights were
randomly initialised and full training was performed on the BigEarthNet dataset.
Tests were performed on both the RGB bands and all the bands for this network.
With just RGB bands, they saw a precision value of 65.06% and a recall value of
75.57%. Using all bands resulted in a precision value of 69.93% and a recall value of
77.10% [16]. This improvement is in contrast to what Helber et al. [2] saw and does
show that the additional information from the extra bands can help to improve the
results of models with only small modi�cations. The following section concludes
this chapter.

2.5 Conclusion

In this chapter we have presented various building blocks, speci�cally deep learn-
ing, CNNs and recursive neural networks, that can be used to solve the problem
of object recognition. We outlined some classical models for object recognition fol-
lowed by a discussion of the current state-of-the-art systems for object recognition on
RGB images. Next, we looked at some models that make use of depth data for object
recognition. Finally, we concluded the chapter by looking at land cover classi�cation
on EuroSAT and BigEarthNet [2], [16]. The next chapter details the techniques and
models we will use to solve this problem based on what we have gleaned from the
literature.
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Chapter 3

Research Methodology

3.1 Introduction

In this chapter we detail the methodology that we used to answer the research ques-
tions posed in the �rst chapter. We also outline the datasets that we used to train
and test the various models that we built and we detail our RGB-D dataset that we
constructed. The chapter is organised as follows; �rst we describe Wits RGB-D. Next
we detail the methodolgy for our object recognition experiments and following this
we present the methodology used for out land cover classi�cation models. After that
we provide implementation details and discuss the metrics and analysis performed.
Finally, we discuss limitations of our research before concluding the chapter.

3.2 Wits RGB-D

Wits RGB-D is an annotated RGB-D image dataset that we built using images cap-
tured by a Zed Stereo Camera. We used the Zed Stereo Camera to take videos at
a resolution of 1920 � 1080 and then later scrubbed through the recorded videos,
selected good and varied frames and saved the left RGB image and the depth im-
age of the same frame. For the depth image we used the ultra quality setting with
the con�dence set to 97% in the Zed toolkit with �lling enabled and a maximum
depth range of 2 meters. We did not process the depth images any further. Figure
3.1 shows the left RGB image and the corresponding depth image. It is easy to see
that even with �ll enabled, not all the missing values are able to be �lled in in the
depth image. We have noticed that the camera struggles to determine the depth for
parts of the scene that are dark or very bright. This is something that the models will
need to be able to overcome. Both the RGB and depth images have a resolution of
1920� 1080 pixels. Unfortunately some of the images do appear a bit blurry likely
due to either the motion of the camera or delays in the focus. An example is shown
in Figure 3.2. We decided to leave these few blurry images in the dataset as some
blurriness is something that often occurs in images in reality. Some of the images
are slight translations or rotations but generally these contain either another object
or part of one or removes part of an object. An example of this is shown in Figure
3.3a and 3.3b. Although these images look very similar, there are some differences.
In Picture 1 there is a mug that is mostly visible, but in Picture 2 this mug is almost
cut out completely. Another difference between these is around the top right of the
images, where in Picture 1, there are more boxes that do not appear in Picture 2.
Other objects in the image are also seen from a slightly different angle.
Wits RGB-D contains 500 annotated images most of which were taken around The

University of the Witwatersrand (Wits). Wits RGB-D contains images mostly of com-
puter labs and open plan of�ces, but it also includes images of shared rest areas and
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TABLE 3.1: Table showing the number of objects belonging to each
class in Wits RGB-D.

Class Class Name Number of Objects

1 Monitor 1413
2 Chair 846
3 Keyboard 580
4 Mouse 488
5 Cellphone 236
6 Table 24
7 Sofa 187
8 Whiteboard 92
9 Fridge 17
10 Microwave 20
11 Mug 113
12 Box 428
13 Bottle 101
14 Travel mug 4
15 Rubbish bin 9
16 Coffee machine 19
17 Wallet 56
18 Bag 116
19 Desktop PC 157
20 Laptop 244
21 Blackboard duster 6
22 Headphones 8
23 Lamp 76
24 Speaker 145
25 Router 114



Chapter 3. Research Methodology 14

FIGURE 3.1: The left RGB image and the depth image as displayed in
the Zed Depth Viewer.
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