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Abstract

Computer vision and machine learning based systems are often developed to
replace humans in harsh, dangerous, or tedious situations, as well as to reduce
the required time to accomplish a task. Another goal is to increase performance
by introducing automation to tasks such as inspections in manufacturing ap-
plications, sorting timber during harvesting, surveillance, fruit grading, yield
prediction, and harvesting operations. Depending on the task, a variety of ob-
ject detection and recognition algorithms can be applied, including both con-
ventional and deep learning based approaches. Moreover, within the process of
developing image analysis algorithms, it is essential to consider environmental
challenges, e.g. illumination changes, occlusion, shadows, and divergence in
colour, shape, texture, and size of objects.

The goal of this thesis is to address these challenges to support development
of autonomous agricultural and forestry systems with enhanced performance
and reduced need for human involvement. This thesis provides algorithms
and techniques based on adaptive image segmentation for tree detection in
forest environment and also yellow pepper recognition in greenhouses. For
segmentation, seed point generation and a region growing method was used
to detect trees. An algorithm based on reinforcement learning was developed
to detect yellow peppers. RGB and depth data was integrated and used in
classifiers to detect trees, bushes, stones, and humans in forest environments.
Another part of the thesis describe deep learning based approaches to detect
stumps and classify the level of rot based on images.

Another major contribution of this thesis is a method using infrared im-
ages to detect humans in forest environments. To detect humans, one shape-
dependent and one shape-independent method were proposed.

Algorithms to recognize the intention of humans based on hand gestures
were also developed. 3D hand gestures were recognized by first detecting and
tracking hands in a sequence of depth images, and then utilizing optical flow
constraint equations.

The thesis also presents methods to answer human queries about objects
and their spatial relation in images. The solution was developed by merging a
deep learning based method for object detection and recognition with natural
language processing techniques.
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Sammanfattning

System för datorseende och maskininlärning utvecklas ofta för att ersätta män-
niskor i svåra, farliga eller tråkiga situationer, samt för att minska tidsåtgån-
gen att utföra en uppgift. Ett annat mål är att öka prestandan genom att
automatisera arbetsuppgifter såsom inspektioner i tillverkningsprocesser, sor-
tering av träd vid avverkning, övervakning, bedömning av frukt, prediktion av
skörd, och avverkning. Beroende på uppgiften kan olika objektdetekterings- och
igenkänningsalgoritmer tillämpas, både konventionella och metoder baserade
på djupinlärning. När man utvecklar algoritmer för bildanalys är det dessutom
viktigt att ta hänsyn till utmaningar i omgivningen, t.ex. förändringar i ljus-
förhållanden, delvis dolda objekt, skuggor och skillnader i färg, form, struktur
och storleken på objekten.

Målet med denna avhandling är att angripa dessa utmaningar för att stödja
utvecklingen av autonoma jordbruks- och skogsbrukssystem genom förbättrad
prestanda och minskat behov av mänsklig inblandning. Denna avhandling
beskriver algoritmer och tekniker baserade på adaptiv bildsegmentering för
träddetektering i skogsmiljö, och även detektering av paprikor i växthus. För
segmentering användes seed point generation och en metod för region growing
för att upptäcka träd. En algoritm baserad på reinforcement learning utveck-
lades för att upptäcka paprikor i bilder. RGB- och djupdata kombinerades och
användes i klassificerare för att detektera träd, buskar, stenar och människor
i skogsmiljöer. En annan del av avhandlingen beskriver metoder baserade på
djupinlärning för att upptäcka stubbar och klassificera rotningsnivån baserat
på bilddata.

Ett annat bidrag i denna avhandling är en metod som använder infraröda
bilder för att upptäcka människor i skogsmiljöer. För att detektera män-
niskor användes en formberoende och en formoberoende metod. Algoritmer
för att detektera människors avsikt baserat på handgester presenteras även.
3D-handgester detekterades genom att först detektera händer i en sekvens av
3D-bilder, och sedan applicera ekvationer för optiska flöden. Avhandlingen pre-
senterar också metoder för att besvara frågor från människor om objekt och
deras spatiella relation i bilder. Lösningen utvecklades genom att kombinera
en djupinlärningsmetod för objektdetektering och igenkänning med tekniker
för analys av naturligt språk.
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Chapter 1

Introduction

1.1 Research Motivation
Manual agricultural and forestry operations in outdoor environment is always
challenging due to environmental conditions such as extreme temperatures and
difficult working situations. Manual harvesting of crops are highly labor inten-
sive and are becoming increasingly costly at the same time as the availability
of skilled labor force is decreasing. Furthermore, working in such environments
poses a high risk to the health of the humans working there. The labor issue is
predicted to become even more critical with both cost and shortage of labour
increasing in the future [77]. Therefore, utilizing robots for automatic fruit
harvesting, farming, and forestry operations are essential as a response to this.
Autonomous systems decrease the risk of human injuries, lower the harvesting
cost by speeding up the operation, save money and energy, reduce the depen-
dency on labor, and generally increase the performance of operations. This is
beneficial for both producers and consumers and has resulted in a growing in-
terest for developing robots for harvesting fruits, vegetables, and trees over the
past three decades [10]. In the 1980s Sistler [239] and Pejsa et al. [195] discussed
the advantages of using machine vision and robotics to improve sustainability
of crop production and also indicated that citrus and apples have a high po-
tential for robotic harvesting. The first computer vision based approaches were
reported for peach and apple detection [240], shape and orientation detection
of sweet peppers [278], and computer vision based self-driving tractors [214].

1.2 Aspects of Designing Computer Vision Based
systems

The most crucial step in developing autonomous systems is perceiving the en-
vironment by using data received from different sensors such as RGB cam-
eras, 3D, lasers, and infrared sensors. Localization/detection and recogni-
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tion/classification of the target objects (e.g. fruits and trees) are also essential
for such systems, which are performed by using machine vision techniques for
analysing the data. Object detection provides a possible location of the tar-
get object and can also serve as a collision avoidance system in the navigation
process. Moreover, object classification (recognition) brings the capability for
the system of discriminating between detected objects (i.e. background vs.
foreground, fruit ripeness, or tree species). Detected objects and the class that
they belong to are further used for physical processes such as automatic grip-
ping of objects (harvesting) by a robotic end-effector. As shown in Figure 1.1,
designing a computer vision based system for object detection and recognition
include several major steps: 1) image acquisition; 2) image pre-processing; 3)
object detection/segmentation; 4) morphological operations; 5) feature extrac-
tion and 6) object recognition/classification. There are two bottlenecks for
proper analysis of visual data:

1. Environmental Conditions: Outdoor environments such as orchards,
greenhouses and forests are unstructured and dynamic. Shadows, light
intensity, occlusions, and variable shape and size of target objects are
some examples of challenges which results in degraded performance.

2. Selection of Methods: Since there are a large variety of sensors and
methods to select from for data acquisition and developing each step of
the algorithm, it is critical to select methods which work well together
and result in a system with expected performance. The selected methods
should be able to overcome environmental challenges. Moreover, selecting
proper values for parameters have an important role in developing an
autonomous system.

Despite improvements and extensive research on harvesting robots, the perfor-
mance of these robots are not yet competitive in comparison to manual har-
vesting [91] which keeps agricultural operations as a important and challenging
topic in computer vision and machine learning.

1.3 Evolution of Computer vision Based Systems
During the past decades an enormous number of algorithms have been devel-
oped for object detection and recognition in agricultural and forestry fields.
Development approaches that have been used can be divided to three periods:
using basic methods for segmentation, neural network based learning methods,
and the deep learning era.

1. Basic Methods: up to a few years ago, the majority of the meth-
ods were threshold-based segmentation or color index-based approaches.
These methods suffer from a significant problem, they cannot adopt to
changes in the environment. The initial settings in these methods could
work sufficiently for static images with high color and intensity differences
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Figure 1.1: Block diagram of the steps that are generally involved in an object
detection and recognition algorithm.

between objects in the scene, however when it is not static, for example
if illumination conditions, fruit color (ripeness), or background changes,
these methods are subject to failure.

2. Learning Based Methods: One approach to overcome problems with
the basic methods is to use learning based methods, which can adopt
to changing environmental conditions. They can be divided into un-
supervised and supervised machine learning methods. In the beginning,
unsupervised algorithms were popular, e.g. K-means clustering and fuzzy
clustering. Later, learning methods based on artificial neural networks
were applied, starting with random forest methods and later convolu-
tional neural networks (CNN).

3. Deep Learning Based Methods: Development of more advanced ma-
chine learning methods for object detection and recognition in computer
vision field resulted in generation of deep neural networks (DNNs). Deep
learning methods have recently started to be adopted to the agricultural
and forestry fields. These networks drop the need of hand-crafted fea-
ture extraction and instead automatically learn feature representations.
Algorithms based on these networks proved to have higher performance
and more capability in generalization. DNNs are generally divided into
one-stage and two-stage methods for detection and recognition.

It worth mentioning that following the evolution trend within the field, this
thesis presents methods for object detection and classification using approaches
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from all three aforementioned periods of computer vision based methods.

1.4 Research Contribution

To provide the society with the benefits of autonomous harvesting operations,
several projects have been financed by EU with focus on detection of objects in
forestry and agricultural environments in which Umeå University had partic-
ipated, such as CROPS1 and SWEEPER2. The FP7 CROPS project focused
on detection of trees, bushes, humans and rocks in forestry environments be-
sides selective harvesting of fruits in orchards and greenhouses. The H2020
project SWEEPER, aimed at developing a sweet pepper harvesting robot for
use in greenhouses. Moreover, the PRECISION3 project, financed by Research
Council of Norway, has the aim of improving resource utilization and reducing
wood decay in Norwegian forests. Umeå University also participated in this
project. During my PhD, mainly based on these three projects, I have evaluated
a variation of imaging sensors, features of target objects, and image analysis
algorithms. Using a combination of these, I developed algorithms for object
detection and recognition. The main research problem investigated is object
detection and recognition in unstructured environments, including forests and
greenhouses.

The contribution of this thesis is as follows: in Paper I, an algorithm for
detecting trees in a forest environment using colour images is presented. The
algorithm couples a novel seed point generator with a segmentation method
similar to region growing for tree detection. A novel method for adaptive image
thresholding of yellow peppers in greenhouses based on reinforcement learning
is demonstrated in Paper II. In Paper III a forestry robotic system is developed
for detecting and classifying objects as bushes, trees, stones, and humans. In
this research work, images from a depth sensor and an RGB camera were used
and a set of stochastic classifiers were applied for object recognition.

Root and butt-rot (RBR) has a substantial impact on the quality of har-
vested timbers in forestry and wood processing industry. Detecting the presence
of RBR and measuring its covering area during timber harvesting operation
would benefit the industry in many ways, such as accurate sorting of harvested
logs (affected trees cannot be used for saw timber for example) and recording
the location of affected trees for later analysis of areas with high presence of
RBR. Therefore, as presented in Paper IV, a system for automatic detection
of tree stumps and classification of RBR using both conventional and deep
learning based approaches was developed.

Paper V presents a 3D hand-gesture pose estimation, using 3D data from a
Kinect camera, for gestural interaction systems. Paper VI proposes a human
detection algorithm in forestry environments using a thermal camera. In this

1http://crops.sweeper-robot.eu/
2http://www.sweeper-robot.eu/
3https://www.researchgate.net/project/PRECISION-2
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paper two human detection methods are introduced; one shape-dependent and
one shape-independent approach. Paper VII presents an approach for gener-
ating responses to natural language based queries regarding objects and their
spatial relations in images. In this approach, natural language processing tech-
niques and image analysis algorithms are merged together. The main idea in
this work is to develop an approach for human robot interaction.

1.5 Research Methodology
When developing algorithms we employed the Constructive Research (CR)
method [50], a common research methodology in the field of computer sci-
ence. Using the CR method results in a system that resolves a domain specific
problem and also generates a theoretical contribution with academic value.
Following the steps in the CR method, first we identified the research problem,
which could be acquired from a project (See section 1.4). Then, we performed
a systematic literature review to gain an overview of the specific research prob-
lem and understand the approaches that other researchers have proposed. In
the next step, we designed and developed algorithms to detect and classify
the target object. To demonstrate the feasibility of the designed algorithm,
and also validating it, we tested the algorithm/framework with different set
of images, containing different environmental conditions such as shadows and
occlusions. Moreover, considering the important role of setting parameters for
achieving a good performance, different sets of parameter values were tested.
Furthermore, the proposed approach was evaluated by comparing it with simi-
lar approaches. However, the comparison is not always possible, due to lack of
benchmarks within the field.

1.6 Thesis Outline
This thesis focuses on three main criteria: imaging sensors, visual character-
istics of the target objects, and the image analysis algorithms, to provide an
extensive overview of available sensors and methods within the domain of au-
tonomous agricultural and forestry applications. The rest of this thesis is or-
ganized as follows. In Chapter 2 and 3, different imaging sensors and visual
cues respectively are described. Image analysis algorithms are divided into con-
ventional and deep learning based methods. Chapter 4 discusses conventional
object detection and classification approaches and Chapter 5 provides a brief
introduction of deep learning methods, detection and classification approaches,
and some applications in agricultural and forestry environments. A short sum-
mary of the contributions within the included papers are discussed in Chapter
6.
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Chapter 2

Sensor systems

In this section the focus is on data acquired by sensors/cameras. Since data
acquisition is the first step in localizing and recognizing objects in the scene,
it worth to start with analysing possible sensors and their configurations. The
variability of types and sensors configurations for the purpose of object de-
tection and recognition is large, ranging from a single monochrome camera to
combinations of hyperspectral cameras without any visual sensors.

2.1 Single Camera

Using a single camera for object detection is the simplest approach. Within ob-
ject detection and recognition applications in agricultural and forestry domain,
the sensors are typically located on the robot (machinery) platform to present a
single view of the scene [24, 181, 289]. In other systems the camera is mounted
on the robot’s arm (end-effector) [150, 217, 137, 185] which provides closer view
of the object. It also can be used for path-planning of the robot movement to-
ward the object of interest. Combining these two views in robotic systems [74,
284], would increase accuracy of the robot or its end-effector movements.

2.1.1 Black and White (B/W) Cameras

B/W cameras were used in some of the earliest researches in the 1980’s for
detecting objects such as fruits, based on its shape features [277]. D’Esnon et
al. [58] developed a self-propelled robot for fruit harvesting in the MAGALI
project, using a B/W camera. Object detection algorithms for detecting melons
based on its shape features using B/W camera were developed by Cardenas-
Weber et al. [34] and Dobrusin et al. [59] in the early 1990’s. Edan et al.
([67]) detected melons based on reflectance, shape and texture features using
B/W camera in the early 2000’s. In this work the authors concluded that
using several sensors and combination of their data could improve the object

7



detection performance. During this period other researchers used B/W camera
with color filters to detect objects of interest within the agricultural field [240,
120]. The major disadvantage of B/W cameras is lack of color data, which
is one of the most important features of fruits [89]. This limitation makes it
difficult to achieve desired performances on fruit detection using only B/W
cameras. Therefore, B/W cameras were later replaced with color cameras.

2.1.2 RGB Cameras

Color cameras with Charged Coupled Device (CCD) or Complementary Metal-
Oxide-Semiconductor (CMOS) sensors are widely used within machine vision
systems in robotics and autonomous agricultural and forestry operations [48,
151, 237] for localization, detection, and tracking objects of interest. Baeten
et al. [11] used a color camera with a CMOS sensor to localize apples in trees,
and also guiding the harvesting robot. They used the relationship between
the intrinsic parameter of the camera (the focal length), the pixel size, and
the center of the apples in images to compute the distance between the robot
(camera) and the apples. At each step, several images were taken to calculate
the remaining distance using triangulation. Kurtulmus et al. [130] developed
an algorithm based on color cameras using a statistical classifier and a neural
network to detect peaches.
Zhao et al. [6] used a CCD camera mounted on the end-effector of a harvesting
robot to localize fruit in the scene. In the developed algorithm first the centroid
of the fruit in the image was determined, then the robot arm was moved to the
corresponding center point of the image and fruit together. Then the arm was
extended until the fruit entered the gripper.
Mehta and Burks [162] used a single color camera, mounted on the robot base
to estimate the location of citrus fruits based on depth information. They used
pixel coordinates of the fruit, the fruit size, and the intrinsic parameters of the
camera to obtain the euclidean position of fruit. Then by transforming the
coordinates from camera to robot base reference frame, based on the extrinsic
parameters of the camera, they calculated the position of the fruits with respect
to the robot base. The authors of this work discussed that using estimated
depth based on a single color camera could be a better approach than using
computationally complex stereo vision or triangulation methods.//

A noticeable disadvantage of color cameras is that the acquired images are
sensitive to varying light conditions. Objects in these images could suffer from
over exposure or shadows, which directly affect the detection and classification
accuracy. Additionally, detecting objects with less color distinction to the back-
ground is challenging. For example detecting green fruits such as cucumber or
green bell peppers which have similar color as leaves and branches bring extra
difficulties in comparison with detecting red apples.

As also noticed by Mehta and Burks [162] using a single camera for control-
ling movements of the robot or actuators is not efficient since it needs continu-
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ous computation of distance and direction toward the object of interest, which
slowing down the overall speed of the robot or its manipulator.

2.2 Stereo Vision

Stereo vision consist of two or more cameras which are located within a certain
distance and are capable of providing depth information. Images captured si-
multaneously from all cameras are matched together to compute displacement
or disparity of objects in the images. Using the cameras’ relative location and
orientation to each other and their focal lengths, the image disparity is con-
verted to distances to the objects [235], thereby providing depth information.
Researchers have widely used calibrated stereo cameras in agricultural harvest-
ing robot applications to localize and identify fruits [79, 256, 126, 284]. Wang
et al. [276] used a calibrated pair of cameras and a triangulation method to
localize apples in global coordinates. The system could also identify repeated
counting of apples, caused by having multiple images. Fruits that were located
at a distance less than twice the diameter of the fruit were regarded as repeated
occurrences of the same apple within multiple images.
Plebe and Grasso [198] placed stereo cameras in two arms of an orange har-
vesting robot. They performed stereo matching of orange centres by using an
ANN to locate oranges in a 3D coordinate system. Multiple pairs of calibrated
cameras can be used to improve visibility of the object, specifically occluded
ones, and also to handle illumination variations.

Stereo vision based systems suffer from their complexity, time consuming
computations [97] and low accuracy. Furthermore, stereo matching is particu-
larly problematic in outdoor environment where objects might be relocated by
wind and also changes in illumination conditions (sunlight, shadows) can affect
the matching processes [198].

2.3 Time of Flight (TOF) 3D cameras

TOF 3D cameras operate based on the principle of Time of Flight of light,
i.e the time it takes for light to travel from the camera to the object and
back, which is used to compute the distance.They provide intensity and 3D
coordinates of objects in the scene. 3D images are widely used for reconstruct-
ing models of buildings, navigation of self driving cars, and detecting objects.
The Photonic Mixing Device (PMD) CamCube 3.01 and Microsoft Kinect2 are
examples of such cameras. Kinect is usually used as a low cost sensor for acqui-
sition of short-range 3D data with high capability of fusion with other sensors
such as RGB cameras [89].

1PMD Technologies GmbH, Siegen, Germany, https://www.pmdtec.com
2Microsoft Corporation, Redmond, WA
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TOF cameras in agricultural automation systems have been used for au-
tonomous 3D reconstruction of apple trees [123], localization of fruit in trees
[88], determination of inter-plant spacing [173] and detection of objects in
forestry environments [201]. Gongal et al. [88] used a TOF camera to de-
tect 3D coordinates of apples in trees. Coordinate information was further
used to identify the repeated apples in images acquired from two opposite sides
of the tree canopy. Authors determined that some of the system errors were
caused by error in registering 3D location data with detected apples in the color
camera images, which resulted in lower accuracy of the system.

Using 3D cameras reduce the data acquisition and processing time in com-
parison to stereo vision cameras. TOF cameras also provide higher accuracy in
3D reconstruction than stereo vision systems [18]. These characteristics make
these cameras a good option for fusion with other sensors such as color cameras.
However, TOF cameras are expensive and provide low resolutions.

2.4 Thermal Cameras

Thermal cameras capture thermal response of objects, which is beneficial in
discrimination of objects of interest and background. In thermal cameras the
emitted radiation of heat is captured within the infrared range (9-14µm) [19].
Researchers have used thermal imaging for pedestrian detection [118, 110], in
forestry for automatic detection of human in close range of harvesting machines
for safety [184], and in agricultural environment to detect fruits [26, 25, 244].
In all developed systems using thermal imaging, detection is based on the tem-
perature difference between the object of interest and the background.
As detection of green fruits is a challenging task using only color information,
researchers have used thermal cameras for detecting these types of fruits. Sta-
jnko et al. [244] used a thermal camera to detect apples in an orchard. In this
work, pixel values of thermal image was first transformed to RGB color space
and then to chromaticity coordinates. Afterwards, a global threshold based on
normalized difference index (NDI) was used to perform segmentation. Authors
discussed that the accuracy was limited by exposure to direct sunlight as well
as the fruit size and recommended adding shape features in the detection pro-
cess to improve the accuracy of the system.

Since the thermal response of objects are sensitive to the exposure to sun-
light and heat accumulation, the detection can be less accurate if the object is
shadowed or located deep in the background (tree canopy), as there would not
be a significant temperature difference between the object of interest and the
background in those sections.
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2.5 Laser Range Finder

Laser range finders work either based on the principle of Time of Flight (TOF)
of light or phase shift method and they can provide 2D or 3D information
of the scene. A laser sensor consists of two units, a source that emits pulse
laser beams and a sensor that receives the reflected beam from nearby objects.
LiDAR (Light Detection and Ranging) can achieve 2D coverage of hundreds
of meters by scanning the laser beam using a fast rotating mirror. By mov-
ing the sensor horizontally or vertically a 3D map of the environment can be
created. Researchers widely used laser sensors in robotics, agricultural, and
forestry autonomous systems to localize fruits in trees [76, 262, 273], estimate
tree diameter [218], and estimating the position of the harvester head of forest
machines [149]. Bulanon et al. [28] measured the distance to fruits in apple or-
chards using a laser sensor. For this purpose a laser sensor and a RGB camera
were mounted on a manipulator. The target fruit center, which was detected
using the color camera, was aligned in the center of the image using visual
servoing and the distance to the fruit was measured using the laser sensor.

Laser sensors achieved better location accuracy compared to other sensors
[24]. On the other hand, systems using 3D laser sensors are slow, costly and
bulky in comparison to stereo vision and TOF 3D sensors.

2.6 Spectral Cameras

The development of sensors and spectroscopy technology increased the pop-
ularity of spectral imaging as a method for detecting objects based on their
reflectance at different wavelengths. Spectral images provide both spectral and
spatial information of target objects. Spectral imaging provide advantages to
detect fruits even if they have similar color as the background [284, 27, 276,
121, 122]. Kane and Lee [122] utilized multispectral imaging by capturing im-
ages at three optical bands using near infrared (NIR) wavelengths (1064, 1150
and 1572 nm) and performed index computation3 on the images. Afterwards,
fruits were segmented using Otsu’s threshold [49] followed by morphological
processes. In this research work, the main challenges were fruit movements
between image acquisition with different filters, due to wind and changes in
lighting conditions. The problem of target movements could be solved by cap-
turing multiple waveband images at the same time.
Hyperspectral imaging provides a complete spectral signature for each pixel in
the scene, which can result in higher accuracy of object detection and classifica-
tion [180, 227, 2]. Safren et al. [227] used hyperspectral data, a combination of
visible and near infrared (NIR) wavelengths, for apple segmentation. Authors
used a multistage algorithm to analyze the data. First the dimensionality of

3Image comparison between different wavelength images are commonly referred to as
indices.
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the data was reduced using principle component analysis (PCA). Then analo-
gous objects were extracted and classified following by morphological processes,
watershed, and blob analysis.

The accuracy of hyperspectral imaging is higher than multispectral imaging
[124], as it provides more information about reflectance characteristics of the
objects. However, it suffers from long data acquisition (in the order of minutes
per image) and image processing time. Therefore, hyperspectral imaging are
usually used for offline processing and also for preprocessing of data to recognize
useful spectral channels which would provide beneficial information for real time
processing.

2.7 Fusion of Imaging Sensors

Another approach for object localization and classification is fusion of multiple
sensors, as one type could compensate the limitations of the other type. Object
localization and classification in agricultural and forestry fields using fusion of
an RGB camera and a 3D sensor (Microsoft Kinect) have been investigated with
high accuracy and minimal computation demands [201, 82, 148]. Despite the
lower resolution of the 3D camera, it provides accurate distance measurements
to the objects of interest. Therefore, integrating low resolution images and
high location accuracy from 3D images with high resolution color images can
improve resolution of 3D images and result in high accuracy object detection
and classification.

Fusion of a laser range finder and stereo camera was also studied for the
purpose of object tracking and obstacle detection with promising results [125,
13, 133]. Since 3D laser sensors are expensive, it is possible to lower the cost in
laser-stereo fusion using a grid of a small number of visible lasers [89]. The grid
of laser beams provide both various features for stereo matching and accurate
references for calibration of stereo based 3D data.

Jnaneshwar et al. [55] developed a system for automated monitoring en-
abling precision agriculture by fusing a LiDAR scanner, a thermal imaging
camera, multispectral cameras, and GPS sensors. Using these sensors they
extracted plant morphology, canopy volume, leaf area index, and fruit counts.
In this work the fusion of thermal images with color images results in detec-
tion of green oranges, which were not visible enough in color images. Authors
discussed the need of lowering the cost of the designed sensor fusion.

Sensor fusion increase the number of sensors in the system, which results
in additional system complexity and cost. Therefore in designing such systems
it is essential to investigate the variation of sensors to optimize the computa-
tion time, accuracy, and cost. Furthermore, it is necessary to identify ways to
avoid or minimize the sensors used in a robotic system. For example, instead
of mounting several sensors on an end-effector of a robotic system for accurate
localization and classification, they can be replaced with one sensor with higher
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resolution and accuracy and also improving the image processing capabilities
of the system to control a large number of robotic arms in parallel. Scarfe et al.
[229] developed an approach to provide location information of fruits to four
robotic arms using a pair of sensors capturing a wider area of canopy.

The major challenges of the sensing systems are limited robustness, high
cost, excessive complexity, insignificant computation speed, and sensitivity to
environmental conditions (See Table 2.1). Therefore, to improve accuracy of
autonomous object detection and recognition in agricultural, horticultural and
forestry fields it is essential to consider these limitations and design approaches
that minimize the effect of these complications.

Table 2.1: Summary of sensors used for autonomous object detection in agri-
cultural, forestry and horticultural environments.
Sensor Advantage Limitation

B/W camera Less sensitivity to Lack of color information
lighting conditions

Color camera Provides color, shape and Sensitivity to lighting conditions
texture features

Stereo Vision cameras Providing 3D information Time consuming computation

TOF 3D camera (Kinect) High accuracy in Low resolution, Sensitive
distance measurement to lighting conditions

Thermal camera Independent of object color Sensitive to the temperature,
low resolution

Laser camera High accuracy in Low resolution, expensive sensors
distance measurement, less sensitive to
lighting conditions

Spectral camera Providing spectral and color data High computation cost and
acquisition time
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Chapter 3

Visual Cues for Object
Detection

Visual features (cues) of objects refer to their visual characteristics which pro-
vide information for determining them from the background in images. Feature
extraction (detection) is a low-level processing step in which the input is pixel
intensities and the output is visual features. A wide variety of visual features
are studied and applied to computer vision based applications such as object
localization, object recognition, object retrieval and visual tracking. The fun-
damental goal is to extract highly stable features to guarantee robustness of
the system.
The main challenge in computer vision tasks is the gap between high-level
concepts (computer vision tasks) and image pixels. Visual cues are utilized to
bridge the gap. Since visual features directly impact the system performance, it
is crucial that extracted features being discriminant and descriptive. Selecting
a proper set of features is a challenging task due to variety of imaging condi-
tions, changes in scale, illumination conditions, viewpoints and image quality
[143].

3.1 Color Features

Color is an important feature which is widely applied in object detection sys-
tems. It has been used in computer vision based systems, for example to
distinguish fruits from background areas such as leaves, branches and stem.
Researchers segmented fruits for detection based on their distinct colours, in-
cluding citrus, oranges, red apples, tomatoes, pineapples and peaches [204, 99,
141, 181]. The accuracy of object detection in these works are limited mainly
due to variable illumination conditions. As an example, apples in a tree could
have different colours depending on its maturity level, exposure to sun light
and location (shadowed), which makes detecting them challenging.
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Color features can be extracted from different color spaces such as RGB,
HSV, HSI, etc, depending on the task and illuumination conditions of the envi-
ronment. Zhou et al. [295] used color features in both RGB and HSI spaces for
apple detection. Rather than the differences between the RGB color channels,
which was used to differentiate between red and green apples, red apples were
further segmented by applying a threshold on the saturation channel in the
HSI space.

Ostovar et al. [185] converted images from RGB color space to HSV and
extracted features from hue and saturation channels followed by an adaptive
thresholding method to segment yellow peppers in a greenhouse environment.
Hellström et al. [107], converted RGB images to HSV color space to detect
trees in a forest environment. The authors discussed that conversion to other
color spaces were also evaluated, but trees were more distinguishable in the
HSV space.

In all the proposed approaches for object detection based on color features,
described above, the accuracy of detection was affected by variation of object
color, object variety, dynamic and varying background features, similarity of
color between object and its background, variable illumination conditions, and
occlusion. Therefore, to achieve high precision in object detection it is necessary
to use other features such as shape, texture, and reflectance in addition to color
features [89].

3.2 Texture Features

Texture is a repeated visual pattern (either stochastically or regularly) which
covers regions and surfaces of objects. It goes beyond purely local features (e.g.
color and spectral reflectance) to illustrate characteristics of image patches
[174, 80]. Texture can be used as an effective feature for object detection in
unstructured and dynamic environments, when color and reflectance cues are
not discriminative and stable enough, because of the its stability under varying
illumination conditions.

Texture analysis has has been used extensively for fruit detection [37, 129,
208, 181]. In all these works they used the property of smooth surface of fruits,
such that fruits surface generate lower edge density than the background. This
make them distinguishable from the background, e.g. leaves and stems. Addi-
tionally, as the surface color does not affect the texture analysis, it can be used
to detect fruits with similar color as other parts of the plants. An example of
this is a work by Kurtulmus et al. [129] who developed a system to detect and
count green citrus using circular Gabor texture analysis, proposed by Zhang et
al. [287]. The results of texture analysis was then integrated with blob analysis
and a ’Eigenfruit’ approach used to identify fruits.

It is recognized that accuracy of texture-based segmentation in uncontrolled
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outdoor environments is mainly limited by extreme variation of lighting condi-
tions, varying object size and occlusions [289]. Overexposure and lack of light
are cases of extreme lighting conditions where the texture details of the objects
are not recognizable. In case of varying sizes and occlusions combination of
textural features with other visual cues could be a solution [208].

3.3 Geometric Features
Geometric features, e.g. shape and size, provide a set of distinguishable fea-
tures for object detection. They are less susceptible to variable illumination
conditions, which generally cause variation in appearance of objects. This
characteristic make them a good candidate for object detection in unstruc-
tured environments. Geometric features implies an exceptional spatial relation
between points, contours and surfaces of an object which specify the physical
properties of the object.
In forestry and agricultural fields, objects such as tree trunks, canopy, and
fruits can be detected by their shape properties. For example, a trunk is a
long vertical object, canopies are wider and have larger areas while fruits are
smaller, round objects with generic size constraints. Additionally, detection of
fruits which have similar color signature as the background (e.g. leaves and
branches) is easier using geometric features.
Geometric feature are popular in harvesting robots [126, 154, 208, 184, 107,
284, 201]. Ostovar et al. [184], used the ratio of width to height in infrared
images as a shape-dependent feature to detect humans in forestry. Also, Hell-
ström et al. [107], considered the predominantly vertical orientation of trees as
a feature to refine generated segments in images for tree detection.

Despite the strengths of geometric features such as persisting to extreme
variation of illumination conditions, they are extremely sensitive to occlusions,
as it would change the projection of objects shape. Also, large variability of
objects shape within a class of target object affects the accuracy of detection
using only geometric features. Therefore, in most of works where shape fea-
tures are used explicitly, only simple shape models such as spheres are employed
[126, 154, 284]. Furthermore, extracting and analysing geometric features are
computationally intensive, which may limit their application in real-time envi-
ronment.

3.4 Thermal Responses
Thermal responses (features) of objects are highly related to spectral reflectance,
based on temperature difference of objects and their surroundings within in-
frared range. They are used in agricultural and forestry environments to detect
fruits and humans [25, 81, 244, 26, 276, 184]. Since fruits and other parts of a
plant have different characteristics in absorbing and radiating heat (fruit absorb
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and radiate more heat than the rest of the plant), thermal features provides an
option for automatic object detection in harvesting machines [25, 272], specifi-
cally fruits with the same color as the plants (e.g. cucumber, green apples and
citrus) [244]. Ostovar et al. [184] used thermal features to automatically detect
the presence of humans in close range to forestry machines.

As discussed in Section 2.4, due to sensitivity of thermal features to tem-
perature differences and emissivity characteristics of the object, location of
fruits (e.g. if located in shadowed areas) might result to lowering the system
performance based on this cue [25, 244]. It was also discussed in [184], that
different clothing changes the heat radiation map of the human body, which
bring difficulty in human detection. Similar to other features, it is not possible
to overcome all challenges within the agricultural and forestry fields such as
occlusion by using only thermal features.

3.5 Spectral Reflectance
Spectral reflectance can be used as an effective discriminatory feature to de-
tect objects in the outdoor environment. They have been used widely in fruit
harvesting robots, specifically when the chromatic differences between the fruit
and the plants foliage is insignificant (e.g. green peppers, cucumbers, green
citrus). Object with similar color might not have the same spectral signature
and can have different reflectance properties in selected channels (either inside
or outside of visible light range), called metamerism [279]. This makes spec-
tral reflectance based features a good candidate for object detection. For this
purpose either the entire spectral signature [180, 227], a set of selected spectral
channels [284, 265], or specific wavebands [256] are used.

Regardless of number of channels used to capture spectral reflectance, object
detection only based on this visual cue is limited. Due to its sensitivity to
varying illumination conditions [284, 265] and also occlusions. For example, it
is possible that fruit and plants parts have the same spectral signature (e.g.
young leaves and green fruit). Therefore, it would be beneficial to fuse this cue
with other features to overcome challenges in outdoor environments.

3.6 Integration of Visual Cues
As discussed above, a single visual feature is often not capable of representing
the object of the interest in unstructured, dynamic environments (see Table 3.1
for more details). In autonomous object detection systems, efforts to detect
target objects using one visual cue usually failed due to variable illumination
conditions, occlusions, variability in shapes and size [33, 194, 89]. For example,
lighting conditions in orchard affects the color of the object and occlusion by
other parts of the plant results in changes of the geometric characteristics of
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the object in images. In such common scenarios, detection based on only one
feature would generate poor accuracy.
Since each feature illustrate different characteristic of the object, it is reasonable
to compensate the limitation of one visual cue by including other features into
the system. As a result, fusion of features might improve performance of the
object detection. This approach is generally noted in computer vision [291]
and particularly in the agricultural field [192]. It also worth mentioning that
integration of visual cues can be done either at the image level [25] or at the
algorithm level [271].
Researchers [151, 245, 193, 194, 33] commonly use integrated feature from
different groups to enhance the performance and robustness of object detection
algorithms in outdoor environment. Pordel et al. [201] combined features from
RGB and HSV color spaces with depth based features to enhance performance
of object classification in forestry environment. Hannan et al. [98] integrated
color and geometric features to detect oranges in tree images. Chromaticity
in red channel was used for segmentation and then a threshold based on the
perimeter feature was applied to detect oranges. Most of the studies concluded
that the main causes of limited accuracy of object detection in unstructured
outdoor environment are occlusions and variable lighting conditions. These
issues could partially be resolved on two levels. On the field level, agricultural
and horticultural operations such as tree training, pollination, pruning, and
thinning can potentially increase the visibility of fruits and reduce occlusion
and clustering to improve performance of object detection. On the sensor level,
it is common to address varying illumination conditions by having a controlled
lighting environment. Wang et al. [276] and Payne et al. [194] simplified the
problem by suggesting nighttime imaging under artificial lighting. However,
this approach limits the operational time of harvesting machines. Furthermore,
Arad et al. [7] suggested using a flash-no-flash method [197] to stabilize the
impact of the environmental illumination conditions in images. Utilizing these
techniques can further settle using machine vision approaches.
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Table 3.1: Summary of features used in object detection algorithms and their
limitations.

Feature Variability Limitation

Color Features from different color spaces Varying lighting conditions

Geometric Shape and size related features Occlusions,
Varying lighting conditions

Texture Spatial variation in pixel intensity (edges) Occlusions,
Varying lighting conditions

Thermal Temperature variation in pixels Sensitive to temperature,
Occlusion

Spectral Pixel intensity in different wavebands Sensitive to spectral signature,
Occlusion

Integration of Combination of features from any group Occlusion, Varying lighting
features conditions, Clustering
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Chapter 4

Conventional Object
Localization and
Classification Methods

Object localization1 is one of the fundamental and challenging areas in com-
puter vision, in which the aim is to determine the existence of a predefined
target object in the image. If the object is present, its spatial location and
extent should be determined. Object detection (localization) is the basis for
resolving high level vision tasks. Generally a greater attention is placed on
localization of structured objects (e.g. cars, bicycles, ships) and articulated
objects (e.g. cats, dogs, humans) than unstructured ones (e.g. grass, sky, sea)
[152]. The spatial location and extent of an object can be determined in dif-
ferent ways: bounding box [70, 223], pixel based segmentation mask [288], or
closed boundary [147, 224]. Representation of objects using bounding boxes are
the most common method for the evaluation of the object localization approach
[70, 224]. The location of the object in the image determines the region of in-
terest (ROI), which means segmenting the object of interest (foreground) from
the surroundings (background). Segmentation methods can be divided into
traditional approaches, which are described in this Chapter, and deep learning
based methods illustrated in Chapter 5, Section 5.2.

Object recognition2 is another essential component in computer vision task
with the goal of determining the presence of target objects from a set of given
object classes in an image or assigning object class labels to a given (detected)
object. An ideal object recognition approach should be able to distinguish dif-
ferent instances of the same object class, subject to intra-class appearance vari-
ations [152]. Intra-class variations can be divided into two categories: intrinsic
factors and imaging conditions. The former term include different instances

1We use the terminology object detection and localization interchangeably.
2We use the terminology recognition and classification interchangeably.
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of an object category, varying in visual characteristics such as shape, size, and
color. Imaging condition variations are changes in object appearances caused by
environments such as illuminations, occlusions, viewing distance, backgrounds,
and cameras. For example, apples in a tree could have different colors and
shapes depending on their location (e.g. shadowed), maturity, ripeness, and
level of occlusion. For other types of objects, such as humans, the object in-
stances could be different poses, clothing, and non grid deformations. Object
classification approaches are also divided into conventional approaches, pre-
sented in this chapter and deep learning based, described in Chapter 5, Section
5.2.

4.1 Localization Methods

Objects of interest can be located at any position with variable scales and as-
pect ratios in an image. Localizing an object of interest (object detection) can
be modelled as a segmentation of the image into foreground and background.
Foreground serves as regions of interest (ROI) which are areas that are likely to
contain the object of interest. Segmented areas are determined using bounding
boxes, pixel based masks, or boundaries and represent distinctive character-
istics, i.e. color, intensity, texture, or edges. These regions are later used to
extract features and recognizing (classifying) objects in the image. Under the
assumption that all objects of interest in the image have common visual fea-
tures making them distinguishable from the background, it is possible to design
or train an algorithm that outputs a set of proposed regions which contain ob-
jects. Different image segmentation methods have been used by researchers,
but since the method to use directly depends on the task domain, the selection
of the segmentation technique needs to be based on knowledge about the spe-
cific problem to be solved. Furthermore, as in each task objects of interest (e.g.
shape, color, size) and environmental conditions (e.g. lighting and occlusion)
are variable, a successful approach in one domain is not necessarily applica-
ble in another domain. Methods for extracting ROIs can be divided into two
categories, sliding window techniques and object proposal approaches.

4.1.1 Sliding Windows

In the era of handcrafted feature descriptors such as SIFT [156], HOG [53] and
LBP [179], the most successful object detectors (e.g. DPM [73]) used sliding
window techniques [53, 73, 101, 266, 268]. However, approaches based on
sliding windows techniques suffer from an extensive number of windows, which
increase with the number of pixels in the images. Furthermore, its demand
to search at various scales and aspect ratios additionally expands the search
space. Detection based on sliding windows generates about 104-105 windows
per image, and it increase to 106-107 by considering various scales and aspect
ratios [152]. As a result, it is computationally expensive method which makes
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it a challenging approach for real time detection and classification. In the
following some of the segmentation methods within this category are briefly
described.

Template Matching

Template Matching (pattern matching) is a technique for matching parts of the
image with a specific template pattern. These algorithms use the pixel intensity
information from the template image as the source of features for matching.
The process usually works by moving the template over the image, and in each
position it computes how well the template matches with that portion of the
image. The computation is based on measuring the similarity using approaches
such as sum of squared differences (SSD) or cross-correlation. The similarity
measure can be also based on visual cues such as edges and corners.

Template matching is useful when diversity of the objects is small, to in-
crease the chance of the matching process. Therefore, when the environment
is filled with different types of objects, which is the case in most of the forestry
and agricultural environments (fruits, leaves, stems etc.), it is less beneficial.
To overcome this problem, it is possible to apply template matching on binary
images [286] when target objects are represented with some labels such as blobs
to reduce the variability of objects for comparing with a shape like circle as a
template.

Template matching accuracy is limited due to highly varying shapes of ob-
jects in typical agro-forestry environments. In addition, illumination conditions
may change the shape of the target object (due to shadows and overexposure).
Occlusions add further complications. Furthermore, computing the similar-
ity in each step of the process is time consuming, which makes this approach
inappropriate for real-time systems. Moreover, applying any pre-processing
methods, such as to generate binary images with labels, adds to computation
time. Generally, template matching is inappropriate to combine with sliding
window techniques.

Shape Inference

Shape is a major visual cue that autonomous harvesting robots should be able
to determine. It is beneficial specifically when harvesting operation must be
selective and individuals. Shape inference (geometric matching) involve in find-
ing a shape that best matches with the geometric features from portions of the
image [80]. In these algorithms, geometric information from the template im-
age is used as the primary features for matching. These features can range
from low level features i.e. edge, line or curves, to high level feature such as
geometric shapes made by low level features. Therefore, shapes can be divided
to local and global inferences, obtained from low level and high level features.
Determining global shape inferences requires predefined shape model of the
target object, and also a fitting technique to compare the model to the image
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regions. Local shape inference uses local shape descriptors to indicate pres-
ence of a particular shape instances. Methods such as voting, deterministic or
stochastic optimisation and statistical inferences can be used to compute the
inference.

The main challenge in both cases is construction of reliable models for the
target object. In addition, global shape inference is computationally expensive
due to matching process and detecting instances of the model in the image.
Therefore, most of researchers limited the domain of its application to spher-
ical fruits and also using local shape inferences to simplify the model and its
detection in images and also lowering the computation process.

Applying local shape inferences, researches [198, 116] used edge fitting pro-
cess to detect spherical shape characteristics by estimating the center and radius
of edges in each part of the image. Spherical shape approach (global shape in-
ferences) also used to segment target objects [181] by first generating the edge
map of the image and then analysing it through a geometric template con-
sisting a circular region and an outer ring with predefined dimensions. Fruits
were located and separated from the background using the ratio between the
number of edge points included in the circular region and the outer ring.

Voting

Voting is a technique in which local visual evidence within the image votes
for all possible global interpretations that could be derived. In computer vi-
sion this method is used to detect shapes and patterns. A well-knows voting
technique is the Hough transform [113], which is designed for line detection.
A variation of this technique is the circular Hough transform (CHT), devel-
oped to detect circular patterns. Researchers have used it to detect spherical
fruits such as oranges [116], coconuts [219] and apples [271]. Since the Hough
transform and CHT are computationally expensive, researchers have proposed
several techniques to reduce the complexity. One approach is to reduce the
parameter space by setting the expected radius of fruits either globally [116] or
dynamically (for each object) [271]. Another approach is to reduce the number
of votes per image point using information of edge directions [116, 219]. Due
to the expensive computations of CHT, faster approaches have been proposed
and applied for fruit detection [150, 42].

Generally, approaches based on voting method are computationally expen-
sive, due to the need of visiting all parts of the image, and also they usually
require a pre-processing step. Furthermore, usage is limited to detection of
spherical shaped objects.

4.1.2 Object Proposals3

Object proposal (or detection proposals) based approaches are developed to
balance the strain between expensive computations and high detection accu-

3We use the terminology object proposals and detection proposals interchangeably.
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racy. This technique is based on the idea of abjectness proposed by Alexe et
al. [4], which are regions of an image that are highly probable to contain an
object. Object proposals limits the number of regions that need to be evalu-
ated by the detector, therefore they can speed up the process compared to the
sliding windows approach. An object proposal based detection method should
meet three requirements: 1) high localization accuracy such that they match
to the object bounding boxes accurately, 2) high recall rate by using a small
number of proposals, and 3) reduced computation cost to be appropriate for
real-time detection.

Object proposal methods are generally similar to the interest point detec-
tion approaches [260, 163], in which feature descriptors are computed around
interest points and then used for object detection, classification, and retrieval.
The difference is that detection proposals are based on low level visual cues to
generate candidate boxes. Two notable segmentation approaches within this
category are defined in the following.

Thresholding

Numerous studies [141, 25, 154, 181, 208, 201] approach segmentation with
thresholding methods based on low level visual cues, specifically color. Pre-
defined thresholds often fails in unstructured, dynamic outdoor environments,
mainly due to illumination changes. Therefore, many researchers have proposed
adaptive thresholding methods [269, 274, 23, 200, 98, 185], where the threshold
automatically adapts to the environmental illumination conditions. Adaptive
thresholding provides higher accuracy in object detection, however its perfor-
mance is limited due to high variability of typical unstructured agricultural
environments. This lead researchers to develop other segmentation methods
such seed point generation and region growing [126, 54], edge detection [54,
205, 289], and region merging [227].

In most of these approaches, only one visual cue was used, and other charac-
teristics of the target object such as shape information are ignored. Therefore,
when the target object is located within the cluster of objects (such as a cluster
of peppers), the segmented area is the cluster of objects rather than individual
fruits. This may not be a problem in application such as automated spraying
of weeds, but is a definite challenge in harvesting applications, when individual
fruits and their stem should be detected accurately. This problem has been
approached by several researchers, without shape information [213, 227] using
watershed method. In this method gray scale image is seen as topographi-
cal surfaces, and boundaries are considered as the curves separating basins of
flooding.

Clustering

Clustering is an unsupervised learning approach that has been used in ma-
chine vision algorithms for autonomous harvesting robots to segment an image
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into object and background. It is beneficial when fusion of several visual cues
are employed. Despite development of advanced clustering methods, the clas-
sical K-means algorithm applied on various color spaces is the most popular
approach for fruit detection [271, 24, 139]. Selecting a measure of distance
between data points in feature space is a major aspect of clustering. While
Euclidean distance is sensitive to scaling of variables, and cannot handle corre-
lation of variables, Mahalanobis distance shows better performance, and have,
for example, been used in harvesting robots [290]. Since the Mahalanobis dis-
tance takes into account the covariance among variables to calculate distance,
the problems of scale and correlation are resolved.

Similar to the thresholding approach, clustering is also sensitive to lighting
conditions. Furthermore, one has to deal with data points that do not cluster,
or get assigned to incorrect clusters. Moreover, since shape characteristics of
objects are not considered, clustering based approaches often have poor accu-
racy in outdoor environments, unless combined with other methods in which
shape is considered.

Segmented regions could further processed to generate more accurate object
proposals using the following approaches.

1. Segmentation Grouping Methods. Attempts to generate multiple
segments with high probability of containing an object. The simplest
approach in this method is to directly use image segmentation algorithms
such as thresholding. To increase number of candidate regions, it is also
possible to either perform multiple low level segmentation [36, 261] or
start with an over segmentation and then randomly merging them [160].
The merging decision is mostly based on cues of segmented areas such
as superpixel shape, object visual cues, and boundary estimation [8, 60].
Grouping methods are categorized into three types based on how they
generate object detection proposals [108]: grouping superpixels, using
multiple graph cut with diverse seeds, or based on edge contours.
Methods in this category include approaches such as selective search [264,
261], constrained parametric min-cuts (CPMC) [35, 36], and multiscale
combinatorial grouping (MCG) [9]. The output of these methods is a
segmentation mask of the objects.

2. Window Scoring Methods. A substitute method for generating object
proposals is to score each candidate region based on the probability of
containing an object. The window scoring approach include methods
based on objectness [4, 3], edgeboxes [297], binarized normed gradients
(BING) [41], and also methods proposed by Rahtu et al. [207] and Feng
et al. [75]. In comparison to grouping methods, window scoring usually
return bounding boxes and they are also faster. On the other hand, object
proposals generated by these methods have a lower localization accuracy
[108]. The accuracy can further be improved by refining the location of
detection proposals.
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3. Neural Network Based Methods. In this method, a neural network
is used to score object proposals, which are produced by a segmentation
algorithm, for determining existence of an object (or a portion of it).
The trained network is basically used to regress the number of proposals
in the image. Neural networks in this approach are designed based on
multi layered models, segmentation as the first layer and then a segment
classifier as the next layer. Most of the work based on this approach [4,
93, 264, 35, 68] first trained a classifier to distinguish candidate boxes
containing instances of an object. The classifier is then used to score
bounding boxes in the test images. Visual cues from candidate boxes are
used to train the classifier. Instances of the object are localized using local
maxima of the score. A distinguished method that fits in this category is
the multibox approach [253, 69] which is further improved by using deep
neural networks.

Within the object proposal approaches based on low level visual cues (color,
edge, texture and gradients), Selective Search [264, 261], MCG [9] and Edge-
Boxes [297] are methods which received the most attention within the field.
Object proposals based detection results in avoiding applying sliding window
search on the image. It benefits the detection by reducing the search area and
consecutively decreasing the computation time.

4.2 Reducing Localization Error
To improve the efficiency of the segmentation process, such that the accurately
cover the surface of the target object, further developments are required. These
processes are described in followings.

4.2.1 Segmentation Modification
After segmentation, the detected regions typically need further refinement to
make sure that they cover the target object completely. A common approach is
to apply morphological operations such as dilation, erosion, closing and opening
to the detected regions. In this process, assumed geometric characteristics of
the target object are taken into account to achieve higher accuracy. Also,
methods such as region growing based on visual cues of the object (such as
color) could be beneficial. Moreover, merging of segmented regions based on
similarity of features (analogous to grouping method in the object proposal
approach, see Section 1) can improve the accuracy.

4.2.2 Segmentation Refinement
As the number of segmented regions could be very large, and not all segments
contain the target object, it is beneficial to reduce the number of segments
for further processes. Discarding segments is mostly performed based on some
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predefined measurements based on visual cues of the target object. For example
Hellström et al. [107] developed a quality assessment function based on vertical
properties of trees to refine segmented areas with the aim of improving tree
detection performance. We can interpret this process as a variant of the window
scoring method (see Section 2).

4.3 Segmentation Evaluation

Evaluating accuracy of segmentation is typically done by comparing the pre-
dicted (detected) regions with manually labeled areas (ground-truth) in the
images. Generally the output of the segmentation process is an irregular shape
that covers the target object surface. However, it is common practise to define
a minimal rectangular bounding box that covers the detected shape.

There are several methods to evaluate segmentation accuracy, either pixel-
wise, based on the segmented mask, or using bounding boxes. For comparison,
both methods should use ground-truth of its own kind. The most common
approach to evaluate accuracy of detected areas is the Intersection Over Union
(IoU) method, as shown in Equation 4.1.

IoU =
Area of Overlap
Area of Union

(4.1)

The numerator is the area of overlap between the predicted region and the
ground-truth. The denominator is the area encompassed by both the predicted
region and the ground-truth. The IoU score is between 0 to 1, where 1 means
complete match between the segmented region and the ground-truth. IoU score
computation is often combined with a threshold value, such that regions with
an IoU greater than the threshold are considered as containing target objects.

Based on IoU and the performance index in [71], Ostovar et al. proposed
an evaluation method for segmentation quality (sq) based on segmentation-
overlap and segmentation-efficiency measures [185, 186] as shown in Figure 4.1
such that sq =

O
L +O

S

2 .

Figure 4.1: Segmentation quality using Segmentation-overlap and
segmentation-efficiency. Figure from [186].
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4.3.1 Bounding Box Refinement
The aim of the object detection as part of a detection and classification algo-
rithm is to accurately localize objects by maximizing the IOU or some other
metric. Since a bounding box (in the following also denoted BB) is a coarse
estimate of the location of a target objects, a number of improvements are
possible. It is crucial to refine the BBs, discard BBs which represent the same
object, and also take into account the fact that background pixels are included
in BBs. Methods to resolve these issues are discussed in the followings.

1. Bounding Box Regression This is an important technique with the
aim of refining the location of a BB based on an initial proposal region.
An efficient method is to consider the target object’s characteristics, such
that if the BB contains object features. Then further processes based on
these features can be selected and performed. In the history of computer
vision, the usage of BB regression can be divided into three periods. In
early stages of detection, VJ and HOG detectors did not use BB regres-
sion, instead they directly utilized the sliding window as the result of
the detection process. To attain accurate location of objects, researchers
generated feature pyramids and then densely slide the detector on each
location.

BB box regression was first used by Felzenszwalb et al. [72] when devel-
oping a deformable part-based model (DPM) for detection. The method,
uses "root" filter score to generate the one final detection window. The
root filter location, based on Dalal and Triggs model [53], defines detec-
tion windows by capturing coarse resolution edges of objects. Later, more
advanced methods were introduced to predict bounding boxes based on
the complete configuration of objects and formulated the the process as
a linear least-square regression problem.

After introduction of convolutional neural networks (CNN), the third
generation of BB regression were developed, as described in Chapter 5,
Section 5.4.

2. Non-Maximum Suppression (NMS) Duplicate detection, i.e. mul-
tiple overlapping BBs containing the same object instance, is a common
problem. As neighbouring windows usually have the same detection score,
NMS methods, as a post-processing step, is used to eliminate the dupli-
cation and obtain the final BB. NMS methods are divided into three
categories, greedy selection, BB aggregation and learning to NMS.

• Greedy selection is the simplest method with the idea that from a
set of overlapped BBs, the one with maximum detection score (could
be based on some predefined measurements based on visual cues) is
selected, and the neighbouring boxes are eliminated according to a
predefined overlap threshold. This process is applied iteratively to
the BBs in a greedy manner.
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• Bonding box aggregation is based on the idea of combining sev-
eral overlapped BBs to generate a final BB. The advantage of this
method is that it considers object relationships and also their spatial
layout. The Viola Jones detector [268] and Overfeat [233] use this
approach.

• The main idea of learning NMS is to use NMS as a filter to re-score
all generated BBs, and to train the NMS as a network in an end-
to-end fashion. Learning NMS have shown improvements in object
detection accuracy over traditional NMS methods, when objects are
occluded or located densely.

3. Hard Negative Mining (HNM) Training an object detector or a clas-
sifier is often an imbalanced learning problem. For successful training,
both positive (foreground) and negative (background) examples are es-
sential. However, sliding window methods often generate a very large
number of background windows. Using all BBs that contain background
as negative examples for training will disturb the learning process. The
HNM method is developed to deal with this problem. Bootstrap and
HNM in deep learning are two main categories of developed HNM meth-
ods. In bootstrap, training starts with a small number of background
samples and new samples of miss-classified background are then added.
It was initially introduced to reduce the extreme number of background
samples in [268, 191], and was later used as a training technique in DPM
and HOG detectors to solve imbalance of data. HNM in deep learning
based detectors is discussed in Chapter 5, Section 5.4.

4.4 Recognition Methods

In an autonomous object detection system, after localizing objects of interest,
the system should be able to resolve two sub-tasks. 1) Determine if a segmented
ROI contains the object of interest or part of the background, 2) Determine
the type of the object. Determining if an extracted ROIs contains a fruit
or background, and recognizing the type of fruit (orange, apple, peach) are
examples of these two sub-tasks, respectively.

A recognition task consist of two steps, feature extraction and classification.
These steps are described in the followings.

4.4.1 Feature Extraction

Extracting features from regions of interest and training classifiers is a general
approach for object recognition in computer vision. Selecting a proper set of
features is essential for high accuracy classification.

In early stages of object recognition, researchers used template matching
techniques and simple part-based models [78]. In these methods the focus was
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on recognizing objects with rigid spatial layout. Later on, more attention was
put into object recognition using geometric representation of objects [170, 199].
Later the focus moved to utilizing statistical classifiers such as neural networks
[222], Support Vector Machines (SVM) [187] and Adaboost [280] based on
object features [171, 230] instead of geometry and prior models.

The general direction of developing object features moved from global to
local representation in which features are invariant to changes in translation,
rotation, and scale. Local invariant features started from Scale Invariant Fea-
ture Transform (SIFT) [156], HOG [53] and Local Binary Pattern (LBP) [179].
These local features are then usually combined using simple concatenation or
feature pooling encoders such as Bag of Visual Words [51], BoW models [135]
and fisher vector [196].

The common approach in the agricultural and forestry domains is extracting
features (see Chapter 3), that describe characteristics of objects, from regions
of interest, and then feed them to a set of classifiers for the recognition task.
Expertise in the field, and prior knowledge about the target object, is essential.
For example an apple can be recognized using its red color feature, but since
illumination conditions are dynamic in outdoor environments, it is not possible
to rely only on the color feature. On the other hand, smoothness of its surface
(geometric feature) can be seen as a distinguishing feature of apples, while it
may happen that fresh leaves also show the same properties. Moreover, changes
in illumination conditions may result in representing other parts of the tree with
the same smoothness, usually due to overexposure of the area.

Since a single feature cannot appropriately represent the target objects, fea-
tures are usually aggregated to increase recognition performance. Pordel et al.
[201] extracted 12 color based features including mean and variance of RGB and
HSV values of the object in addition to six depth based features for recognizing
human, tree, bush and stone. Ostovar et al. extracted two types of features
from ROIs geometric based features and pure pixel values from infrared images
to detect human in forestry environments [184]. In another project, the author
used a grouping approach for feature extraction by utilizing BoF, based on
SURF features, to classify rot on stumps of trees [186]. In all these researches,
recognizing the best set of features for recognizing objects of interest were the
most complicated and critical part of the project. It is complicated as features
should be able to characterise objects in a way to maximize its persistence to
environmental conditions such as lighting and occlusion. Moreover, they should
be discriminative enough to represent objects within the same category with
different sizes, shapes and colors. Therefore, extracting informative features
needs expertise and additional considerations.

It also worth to note that increasing number of features and their diversity
make the model more complex and affect recognition performance, thus it is
beneficial to carefully design the feature extraction processes and in case of
combining features performing dimensionality reduction. A machine learning
model with a large number of features is highly dependent on the data it is
trained on. The may result in an overfitted model with poor performance on
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real (test) data. Dimensionality reduction can be made in two ways, feature
selection (keeping the most relevant features from the original set of features)
and dimensionality reduction (finding a smaller set of new features, each being
combination of the original features, containing the same information as the
original set). Principle component analysis (PCA) and related methods [119],
independent component analysis (ICA) [111] and linear discriminant analysis
(LDA) [21] are some common approaches for dimensionality reduction.

In the next step, a set of extracted features are fed into classifiers for the
recognition task.

4.4.2 Object Classification

In machine learning, classification is the task of, given a set of features of
an object, decide which object category it belongs to. Object classification
methods can be divided to two groups: unsupervised and supervised. These two
groups and some of their underlying methods within agricultural and forestry
machine vision tasks are described in the following.

Unsupervised Classification

Unsupervised learning is the training of the system using data which is nei-
ther classified nor labeled. Here the task of the system is to group unsorted
data according to similarities, patterns and differences without any prior train-
ing. One of the widely used unsupervised classification method for developing
autonomous systems in agricultural environments is k-means clustering [234].
Also other unsupervised classifiers such as fuzzy clustering and Gaussian mix-
ture models are used. These methods and their applications are briefly defined
in the following.

1. K-means Clustering with the K-means algorithm divides input data
points into a number of clusters. It aims at minimizing the distance
between each point and its associated cluster center. It iteratively moves
objects between clusters until the sum of distances is minimized. Most
developed algorithms for fruit detection employes the K-means clustering
algorithm [271, 29, 24].

Wachs et al. [271] used thermal and color images to detect green apples.
Bulanon et al. [29] used K-means algorithm to detect red apples in chro-
macity ’rgb’ color space, which was achieved by transforming the RGB
color space.

2. Fuzzy Clustering or soft clustering assigns each point in the dataset
the probability of belonging to each cluster, while in the k-means algo-
rithm each point just belongs to one cluster. The fuzzy approach is used
when data points in some respect may belong to several clusters. The
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distance function in fuzzy clustering is the measure of having the proba-
bility relative to the inverse of distance [84]. Instead of fixed assignments
of data points to clusters they are assigned to a cluster that has maximum
posterior probability. Fuzzy clustering is commonly used in agricultural
environment for different tasks such as soil management based on soil
or vegetation characteristics [259, 270], crop segmentation [95, 221] and
crop disease detection [159, 167].

Guijarro et al. [95] classified crops from the soil and sky as background,
using a threshold over different color indices. The fuzzy clustering was
used to cluster textures within the same class to differentiate background
from crops pixels. Tellaeche et al. [258] and Majumdar et al. [159]
developed a classification system using fuzzy clustering to detect weed in
barely fields, and to detect four different disease of wheat plants based
on their leaves, respectively.

3. Gaussian Mixture Models (GMMs) GMMs are similar to fuzzy clus-
tering, suitable for cases where the data points overlap between different
classes. GMMs can be used specifically when the prior information about
data distribution is known and also classes are normally distributed.

GMMs applications in agricultural field includes yield estimation [57],
vegetation segmentation and mapping [12, 56] and fruits and crop classi-
fication [56, 254, 16]. Tabb et al. [254] developed an autonomous harvest-
ing system for apple detection from video in which used Global Mixture
of Gaussians to model the background. De Rainville et al. [56] performed
gaussian mixture clustering to classify weed and crop using their leaves
features. Bauer et al. [16] classified two types of disease on leaves of
sugar beet from multispectral stereo images using an automatic detec-
tion methods developed based on GMMs.

Supervised Classification

Supervised classification is a learning process that maps labeled input data into
classes, with the goal of using the learned model to predict classes of new data
(test data). Several approaches of supervised classification have been used to
develop computer vision based autonomous system in forestry and agricultural
environment. In the following, the most common methods are briefly described.

1. Bayesian Classifier is a probabilistic classifier based on Bayes’ theorem.
It makes decision based on prior knowledge and probability distribution
with the assumption of conditional independence among predictor fea-
tures such that the presence of a specific feature in a class is not related
to any other feature. Bayesian classifier works by maximizing the poste-
rior probability depending on the priori probability [64].

Kurtulmus et al. [130] extracted color and textural features from hue and
saturation channels, from HSV color space, and Gabor texture and used
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them to train a Bayesian classifier to detect immature peaches. Bandi
et al [14] used textural features which were extracted from HSI color
co-occurance matrices (CCMs) with Naive Bayesian classifier to detect
diseases on citrus leaves. Stegmayer et al. [247] fused color, shape and
texture features to train a Bayesian classifier to automatically classify
infected citrus fruits. Mursalin and Mesbah-Ul-Awal [172] used nine shape
features with Bayesian classifier to classify four types of weeds. Caglayan
et al. [31] developed a method based on Bayesian classifier using fusion of
shape and color features from leaf images for automatic plant recognition.

The main drawback of Bayesian classifier is that in the process it can-
not learn the relation between predictor features due to its conditional
independence assumption. As a result, adding more features might not
increase the classification performance but decreasing the accuracy be-
cause of their correlation [216].

2. K-Nearest Neighbour (KNN) is widely used for classification and
regression tasks. KNN is instance based and does not learn a model
during a training process. Instead it classifies unknown feature vectors
to the class of its K nearest neighbour in training data [234].

KNN has been used by many researchers to classify fruits [151, 231, 130].
Linker et al. [151] developed a methods based on KNN to classify apples
using color and textural features from ROIs. Seng et al. [231] used
three types of features including color-based, shape-based and size-based
features, and KNN to classify apples, bananas, lemons and strawberries.
Ahmad et al. [1] used Haar wavelet transform to extract features with a
KNN classifier to classify weed. Li et al. [142] extracted three features
based on the R and B channels of the RGB color space and Hue values
with a KNN classifier to classify blueberry fruit into different growth
stages.

One major drawback with the KNN algorithm is the time consuming pro-
cess of computing the distance to other observations. Another drawback
is that classification accuracy typically decreases with increased dimen-
sionality of the data [236].

3. Artificial Neural Networks (ANN) learn from the environment by
an iterative training process, and improves its performance after each
iteration. It consist of multiple layers of neurons in input, hidden and
output layers. Neurons in layers are connected where each connection
has an associated weight. Number of layers varies from task to task, the
more complex a task, the more layers of neurons (as hidden layers) are
used.

ANN based classifiers received enormous attention in agricultural fields
for developing computer vision based systems such as fruit detection [198,
271, 213, 20], crop recognition [190] and disease detection [168, 169].
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Plebe and Grasso [198] used color features and a neural network to iden-
tify oranges for a robotic harvester. Wachs et al. [271] developed a system
by fusing three ANN classifiers trained with back propagation to detect
apples. Each ANN was trained and tested for the color spaces L*a*a,
HSV and RGB. Regunathan and Lee [213] used a multi-layer ANN with
back propagation to detect citrus based on hue, luminance and saturation
values in HLS color space. Hue and saturation values of each pixel were
used to classify the pixel in the fruit. These pixels were then segmented
and morphological processes and watershed transformation were applied
to these segments. Bhatt et al. [20], developed a system based on ANN
to classify apples based on physical characteristic of apples such as color,
size and also their external defects.

Although ANNs has demonstrated high performance for classification
tasks, there are several consideration to design a successful network. Is-
sues such as network size, learning rate, number of training cycles and
thresholds for acceptable errors can affect the design and performance of
the network. Therefore, it is essential to consider criteria such as deter-
mining input and output variables, selecting proper number of training
sets, initializing network weights, choosing training parameters such as
learning rate and also selecting the training stop criteria, in the designing
process of an ANN network.

4. Support Vector Machine (SVM) is a binary classifier used for lin-
ear and non-linear regression and pattern classification. It is generally
used to classify data into two disassociated classes. For linear classifi-
cation, SVM separates two classes by maximizing the margin between
them using a linear hyper plane. For non-linear separable classification,
the feature vector is transformed into a higher-dimensional space that
is linearly separable [30], and the hyperplane that separates data with
maximum margin is then computed.

The SVM classifier has successfully been applied in different areas of
forestry and agricultural machine vision systems such as fruit detection
[115, 275, 204, 232], tree detection and rot classification [201, 186], veg-
etation classification [44] and plant disease detection [46, 182]. Qiang et
al. [204] developed a system for automatic detection of citrus fruit using
multi-class SVM classifier. In this work Radial basis function (RBF) was
used to classify citrus from background (leaves and branches) using fea-
tures extracted from RGB color space. Wang et al. [275] and Ji et al.
[115] used SVM classifier to identify apples. For classification three dif-
ferent SVM kernels functions including Poly, RBF and Sigmoid was used
based on color, shape and merging of color and shape features. Sengupta
and Lee [232] used CHT approach to localize spherical objects as ROIs,
then extracted local texture and Tamura features [255] to identify green
citrus in images.
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SVM algorithms are not appropriate for large datasets as it needs long
training time. It is sensitive to high noise levels in data i.e. when target
classes overlap. Moreover, it is difficult to understand the structure of
the final model [267]. Additionally, it is not easy to fine-tune the hyper
parameters (C and γ) of SVM.

5. Fusion of classifiers as it is usually difficult to predict which classifier
will perform best for a given classification task, a common approach is
to utilize several classifiers for the same task [128, 225]. It provides vari-
ous benefits, the researcher can determine which one fits the best to the
problem and focus on that specific one to improve performance by chang-
ing its hyper-parameters. Moreover, it gives the possibility of combining
predictions by several classifiers to further improve performance.

Fusion of classifiers has been broadly used by researchers within the filed
of agricultural and forest domain [258, 257, 220, 176, 184, 201]. Pordel
et al. [201] fused results from five classifiers to make the final decision
as the class of detected objects in forest environments. Ostovar et al.
[184] improved classification performance of a human detection system in
forest environments by fusing outcomes of three classifiers.

There are generally two methods to aggregate predictions of classifiers
[296], 1) Hard voting, the class which gets the most votes is selected
(majority-vote) 2) Soft voting, if classifiers can provide a probability value
of an object belonging to a class, then soft voting predict the class with
the highest class probability, averaged over all the individual classifiers. In
both methods, classifiers can either contribute all equally in the ensemble
prediction, or the contribution of each classifier to prediction is weighted
proportionally based on its performance.

Other Classification Methods

In addition to previously introduced supervised and unsupervised classifica-
tion algorithms, there are other classifiers in agricultural and forestry machine
vision systems that can be regarded as both supervised and unsupervised. It in-
cludes approaches based on Hidden Markov Model (HMM) and Reinforcement
Learning (RL). HMM is an extension of Markov models, with added hidden
conditions and observable observations [22]. Leite et al. [140] developed a sys-
tem based on HMM to classify different agricultural crops using features from
satellite spectral images.

RL focuses on interaction between the agent and the environment to learn
the best action [248]. It can be used in autonomous agricultural and forestry
machines to teach them to improve their movements or selection according
to their relation based on the changes of the surrounding environment. The
RL have been used to develop path planning, navigation and object detection
approaches for autonomous systems within the filed [17, 117, 185]. Ostovar et
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al. used reinforcement learning to detect yellow peppers for a harvesting robot
in greenhouse environment [185].

4.5 Classification Evaluation
Developing a classifier consist of two steps, training and testing. Therefore it
is needed to split the dataset into two sets, one for each step. The hold-out
method is the simplest approach, in which the original dataset is partitioned
into two sets, randomly selecting instances as training and test sets. In this
method typically 2/3 of the dataset is selected as the training set and the rest
as the test set. The classifier is trained using the training set and then evalu-
ated on the test set. In this method, the classifier is trained and tested using
only a portion of all data, which means that samples are presented in either
the training or test data. it might result to bias in the classification process.
Therefore, it would be beneficial to use repeated holdout method which gives
more reliable estimation of the classifier by repeating the process with different
subsamples. But since different test sets may overlap or some data points may
never appear in the training sets, thus this approach is also not optimum. Using
these approaches classifier might suffer from either underfitting or overfitting.

A common approach to overcome these problems is using K -fold cross-
validation. It splits the data into K -folds, then trains the data on K -1 folds
and tests on the remaining fold. This process repeated for all combinations and
averages the result. The advantage with this method is that all data points are
used in training and test sets which means that each is used once in the test
test. K value is usually set to 5 or 10 as they result in an acceptable balance
between computational complexity and validation accuracy.

The performance of the classifier is usually evaluated by computing the
number of true positive (TP), true negative (TN), false positive (FP) and false
negative (FN). These four numbers constitute a confusion matrix. Using the
confusion matrix, classification performance can be presented by: Accuracy:
overall effectiveness of a classifier, Precision: proportion of correctly positive
identification, Recall: effectiveness of a classifier to identify positive labels,
Fscore: measure of test accuracy (considering both precision and recall) and
Receiver Operating Characteristics (ROC curve): the trade-off between the
true positive and false positive rates.
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Chapter 5

Deep Learning Based Object
Localization and
Classification Methods

With the limited performance of methods based on multistage hand tuned
pipelines of hand engineered features and discriminative classifiers, deep learn-
ing methods based on convolutional neural networks (CNNs) emerged as an
influential techniques for learning feature representations automatically from
data. These methods are able to learn robust and high level feature representa-
tion of data which make them a powerful approach to perform complex tasks in
broad range of problems such as object detection, object recognition, natural
language processing, speech recognition and genomics.

The very first usage of CNNs for object detection and recognition can be
traced back to the 1990s [263, 222], within limited domains such as face detec-
tion. The rebirth of CNNs happened when the successful application of deeper
CNNs (DCNNs) in object classification [127] was transferred to object detection
resulted to development of Region-based CNN (RCNN) by Girshick et al. [87].
Since then, object detection methods evolved remarkably with unprecedented
speed.

5.1 A Brief Introduction to Deep Learning

Deep learning revolutionized machine learning in a wide variety of applications,
from image classification to natural language understanding. Convolutional
Neural Networks (CNNs) are the most representative model of deep learning
and has a hierarchical structure with a number of layers that learn represen-
tation of features (data) with several levels of abstraction [136]. CNNs usually
consist of three main operations, convolution, nonlinearity and pooling, which
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creates layers in the network. In the convolution, nonlinear and pooling layers,
features are convolved with a 2D convolutional kernel (or filter or weights), a
nonlinear function (typically a rectified linear unit - ReLU) is applied to the
features, and feature maps are either downsampled or upsampled. CNNs hav-
ing a large number of these layers create a deep network which is referred to
as DCNNs. Most layers of a CNN include feature maps, in which each pixel is
considered as a neuron. In each convolutional layer, each neuron is connected
to feature maps of the previous layer using 2D filters or set of weights. Early
layers of a CNN consist of convolutional, ReLU and pooling layer, the later
layers are mostly fully connected layers. Input image is repeatedly convolded
in layers of a CNN and with each layer the receptive field increases. Earlyer
layers of a CNN are responsible for extracting low level features (e.g. color,
edge) and later layers extract more complex features (e.g. shape) [285, 183].

DCNNs provide several advantages including: 1) learning features auto-
matically and directly from input data with minimum domain knowledge, 2)
ability to learn very complex functions and 3) learning representation of data
within several levels of abstraction using hierarchical structure. It means that
for the detection and classification tasks, it is not anymore needed to search
for the best set of features which perfectly characterizes the objects of interest
considering different environmental conditions and possible object variants.

The success of DCNNs mainly depends on the existence of large training
sets. Availability of large scale labeled datasets such as PASCAL VOC [70],
ImageNet [223], and MS COCO [147] play a key role in this success. Using
these datasets, researchers could aim for more complex tasks with large inter-
class similarity and intra-class variations [70, 223]. Moreover, access high-
performance hardware such as GPUs has provided the required computational
power for handling huge networks.

5.2 Localization and Classification Methods

There has been a clear change in object feature representations, localization
and classification, from handcrafted features [268, 101, 53] to learned DCNN
based features [87, 52, 215]. Approaches proposed since deep learning entered
the field can be grouped into two categories:

• Two-stage detection frameworks, which form a coarse-to-fine process by
including a preprocessing step for generating object proposals.

• One-stage detection frameworks, approaches that are completed in one
step which do not separate the process of region proposal detection.

5.2.1 Two-Stage Frameworks

In these frameworks (region-based), category independent regions (ROIs), based
on objectness measure (see Chapter 4, Section 2), are first generated from an
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image. Then CNN [127] based features are extracted from these regions, and
as last step extracted features are fed into classifiers to determine the category
label of the ROIs. Methods such as RCNN [87], OverFeat [233], DetectorNet
[249] and MultiBox [233] were developed almost simultaneously,and use CNN
architectures for object detection. In the followings some of methods within
this category are briefly described.

1. RCNN [87]: Inspired by high performance image classification results
achieved by CNNs and also success of the selective search as a region
proposal method [261], Girshick et al. proposed RCNN. It starts with
extracting region proposals (ROIs) using selective search. ROIs with
IOU ≥ 0.5 overlap with a ground truth are set as positive examples and
the rest as negative ones. Then ROIs are rescaled to a fixed size and fed
for fine-tuning into a CNN model, AlexNet [127], which is pre-trained on
a large dataset (ImageNet). Features extracted from the CNN model are
used to train a set of linear SVM classifiers to predict the existence of an
object within each ROI, and also to recognize the category of the object.
RCNN also uses a BB regression, learned for each class of object using
CNN features.
Despite high performance in object detection, RCNNs suffer from some
constraints. Training is accomplished in multiple stages, and since each
stage must be trained separately, it is slow and hard to optimize. Training
SVM and BB regressors are computationally expensive and time consum-
ing because CNN features have to be extracted from a large number of
object proposals. All these issues lead to a slow detection speed.
These constraints motivated proposing of other detection frameworks
such as SPPNet, Fast RCNN, Faster RCNN and Mask RCNN to overcome
these problems.

2. SPPNet [106]: In the testing process of RCNN, extraction of CNN fea-
tures from a large number of region proposals in each image was the main
bottle neck. To resolve this problem, He et al. [106] proposed spatial pyra-
mid pooling (SPP) [135] in the CNN architecture. They added the SPP
layer on top of the fully connected (FC) layer to enable a CNN to generate
fixed length representation of features. It discarded the need of rescaling
region proposals. RCNN with SPPNet needs to run the convolution layer
only once over the entire image to generate fixed length representation
of region proposals with different sizes, and avoid repeatedly computing
the convolutional features. SPPNet speed up RCNN significantly without
sacrificing detection accuracy.
Although SPPNet has accelerated detection speed, training is still multi-
stage, which result in a slow training process. Moreover, SPPNet does
not fine-tune convolutional layers before the SPP layer. This limits its
accuracy when deeper networks are used. Later Fast RCNN [85] was
proposed to overcome these problems.
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3. Fast RCNN: Were proposed by Girshick et al. [85] to address some
limitations of RCNN and SPPNet. It improves their detection accuracy
and speed. In Fast RCNN, the detector training is end-to-end and enables
the model to train simultaneously the softmax classifier and class specific
bounding box regressor under the same network configurations. Fast
RCNN adds a region of interest (ROI) pooling layer between the last
convolutional layer and the first fully connected layer, it provides the FC
layers a fixed length feature vector for each region proposal. FC layers
are divided into two output layers, a multiclass classifier (softmax) which
computes the probabilities of object categories and class specific bounding
box regressor to refine proposals. Fast RCNN improves the speed in
both the training and testing processes. Furthermore, it provides higher
detection accuracy, uses a single training process and is able to fine-tune
all network layers.

Although, compared to RCNN and SPPNet, Fast RCNN provides higher
detection speed and accuracy, it is still dependent on the selective search
for region proposal generation, which limits its detection speed. There-
fore, the possible next level of progress was to generate region proposals
using a CNN model, which resulted in development of Faster RCNN [215].

4. Faster RCNN: as it was shown in some research works such as [293,
292, 47], it is possible to localize objects in convolutional layers of CNNs,
while fully connected layers have less ability for this purpose. Therefore,
a CNN can take the place of selective search for generation of region
proposals. Faster RCNN proposed region proposal network (RPN) for
generating region proposals which is accomplished using features from
the last convolutional layer. RPN firstly initializes k reference boxes
(anchors) with different sizes and aspect ratios from each location in the
convolutional feature map. Then reference boxes are mapped to a lower
dimensional vector and simultaneously fed into two fully connected layers,
an object category classifier and a bounding box regressor. Therefore,
RPN can be considered as a fully convolutional network (FCN) [155].
Faster RCNN utilizes the same network as Fast RCNN, but replaced
selective search with RPN which is applied to the last convolutional layer
to generate region proposals faster and more accurately.

From RCNN to Faster RCNN all individual blocks, proposal detection,
feature extraction, bounding box regression and category classification
are integrated into a unified process, making learning an end-to-end ap-
proach.

Although Faster RCNN speed up the region proposal detection, resulting
in near realtime detection, it is still computationally expensive.

5. Mask RCNN: was proposed by He et al. [105] to achieve pixel-wise ob-
ject segmentation by extending Faster RCNN. Mask RCNN uses the same
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two stage architecture in Faster RCNN, with the same first stage, utiliz-
ing RPN for generation of region proposals, however the second stage is
divided into two branches. One stage predicts object category and BB
regression (similar to the final stage of Faster RCNN), and one stage out-
puts a binary mask for each ROI. These two parts are run in parallel. The
second branch consists of a CNN feature map and a fully convolutional
network (FCN). Furthermore, since ROI pooling layer causes misalign-
ment, a ROI alignment layer was added to maintain the spatial location
of pixels. Mask RCNN is simple to train, adding a small overhead to
the Faster RCN. With the backbone network of ResNeXt101-FPN [281]
it achieved highest accuracy in COCO object instance segmentation and
BB object detection. However, its speed is limited to 5 FPS [105], which
indicates the need of further improvements.

It worth mentioning that other methods also have been developed based on two-
stage frameworks to further improve the accuracy of detection and also speed
up the detection process. Chained Cascade Network [188], is an end-to-end
learning approach consisting of more than two cascade classifiers, and DCNNs
for object detection. This method is further extended in Cascade RCNN [32],
and applied for simultaneously detecting objects and instance segmentation. It
won the detection challenge of COCO in 2018. Furthermore, the Light Head
RCNN [145] method was developed to accelerate the detection speed of RFCN
[52] method by reducing the ROI computation.

5.2.2 One-Stage Frameworks
The region based strategies, based on region proposal detection, are computa-
tionally expensive. Therefore, instead of proposing approaches for optimizing
an individual components of two-stage frameworks, researchers developed one-
stage (unified) strategies.

In one-stage framework architectures, prediction of class category and re-
gression of bounding boxes are directly applied to the full image, with a single
feedforward CNN. These frameworks does not include region proposal gen-
eration or post classification sections. Since the whole process uses a single
network, it can be optimized end-to-end based on detection performance.

1. DetectorNet: proposed by Szegedy et al. [249], was one of the first
approaches to use a CNN for object detection. It formulated the detection
as a regression problem to BB masks of objects. DetectorNet uses Alexnet
[127] as the backbone network, however the softmax classifier layer was
replaced with a regression layer. To increase robustness of object mask
localization, five networks are used, one to predict the object box mask,
and four to predict four halves of the box, bottom, top, left and right
halves. It specifically helps to separate objects which are located close to
each other. These predicted masks are then converted to a bounding box
using a grouping process.
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The designed network need to be trained per object type and mask type.
Also it does not scale to multiple classes. Since DetectorNet needs to
take many crops of the image as input and run multiple networks for
each, thus it a slow network.

2. OverFeat: proposed by Sermanet et al. [233], integrated object localiza-
tion and classification using one CNN. It performs object classification at
different locations of the image, using a sliding window fashion method on
multiscales of the input image to generate object candidates. OverFeat
uses a CNN such as AlexNet [127], which takes input images with fixed
size, and models the network into a fully convolutional network by using
fully connected layers as convolutions with kernels of size 1-by-1, to en-
able the model to take inputs of any size. Using multiscales, it improves
performance by passing six enlarged scales of the input image trough the
network. A classifier outputs a grid of predictions, including the class
and confidence value, for each multiscale input.

Once the object is identified, a localization regressor is applied to predict
the location of the bounding box. The regressor and the classifier use the
same convolutional layers (feature extractor). However, fully connected
(FC) layers need to be trained to predict object bounding boxes at each
spatial location and scale. The regressor is class specific.

In OverFeat predicted bounding boxes are combined using a greedy merg-
ing strategy, in which individual BBs with sufficient overlap from local-
ization and also confidence value of being the same object, coming from
classifier, are merged.

Since computation of convolution between overlapped regions are shared,
which means that features are not needed to be computed repeatedly for
those areas in the network, OverFeat has a speed advantage but it is not
as accurate as the RCNN [87] method. OverFeat is similar to methods
which were proposed afterwards, such as YOLO [212] and SSD [153], but
different in training the classifier and the regressor, which in OverFeat is
done in a sequential manner.

3. YOLO (You Only Look Once): was the first real one-stage detec-
tor, proposed by Redmon et al [212]. It cast the object detection task
as a regression problem from image pixels to bounding boxes and class
probabilities. As indicated by its name, YOLO drops the region pro-
posal generation and verification steps, and directly predicts detection
using features from an entire image based on a small set of candidate
regions. YOLO divides an image into S x S grid, each predicting class
probabilities, bounding box locations and a confidence score (objectness
score), simultaneously. Dividing the image, it generates only 98 regions
per image, which is far fewer than about 2000 regions generated using se-
lective search method. Since YOLO uses the entire image for prediction,
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it encodes contextual information about object classes, which results in
reducing the prediction of false positives from the background.

YOLO is fast by discarding the region proposal generation step, running
at 45 FPS, Fast YOLO can run at 155 FPS [212]. In spite of its speed,
YOLO suffers from decrements in localization accuracy in comparison
to two-stage framework methods such as Fast RCNN. The reason is the
coarse division of the image, which results in less accurate locations, scales
and aspect ratios of bounding boxes. Additionally, it may lead to failure
in detecting small objects as each grid cell is only considered to contain
one object type.

Redmone and Farhadi [210] later proposed YOLO V2, as an improved
version of YOLO. In YOLO V2 the GoogleNet [250] in YOLO is re-
placed with a simpler network called DarkNet19, a batch normalization
[104] method is added and also a better anchor box generation approach,
which generates boxes with various sizes and aspect ratios, is used. Red-
mone and Farhadi [210] also introduced YOLO9000, which uses a joint
optimization method to train on ImageNet and COCO datasets, detect-
ing over 9000 object classes in real time. The next version of YOLO,
YOLO V3 [211] was also proposed by Redmond and Farhadi, in which
they improved the performance by using logistic regression to predict ob-
jectness score of each bounding box and a also replacing the DarkNet19
with a new network as a hybrid approach between the DarkNet19 and
some perception from residual networks.

4. SSD (Single Shot Detector): proposed by Liu et al [153] to pre-
serve real time detection without sacrificing detection accuracy, faster
than YOLO [212] and accuracy comparable with two-stage framework
methods such as Faster RCNN [215]. The main contribution of SSD is
combining RPN idea from Faster RCNN, YOLO and multisclae convo-
lutional features [100] to introduce multi reference and multi resolution
detection techniques. Similar to YOLO, SSD generates a fixed number of
BBs and scores for each, followed by a NMS to refine BBs and generate
the final detection. The early layers of CNN network in SSD is based
on VGG [238], followed by several convolutional layers with decreasing
sizes towards the end of the network. SSD separates predictions by as-
pect ratio, making prediction of different scales from multiple convolution
feature maps with different scales at the top layers of the network.

SSD achieved high detection accuracy in real time, outperforming Faster
RCNN in accuracy and YOLO in detection speed.

5. CornerNet: which is detecting objects as paired keypoints was proposed
by Law et al. [134] by questioning the need of anchor boxes in one-stage
framework methods, to detect objects. The authors discussed that to
detect objects using anchor boxes, the system needs to generate a large
number of anchors to ensure that at least one will sufficiently overlap with
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the ground truth. This results in a significant imbalance between positive
and negative examples, and slows down the training process. Addition-
ally, using anchor boxes introduces extra hyper parameters including sizes
and aspect ratios to the system. Therefore, CornerNet does not use an-
chor boxes for object detection, instead formulats object detection based
on detecting and grouping keypoints. In this method top left and right
bottom corners are detected and paired to form object bounding boxes.
The idea of using keypoints for object detection was borrowed from the
work on Associative Embedding for multiperson pose estimation [177].
The backbone network in CornerNet consists of two stacked Hourglass
networks [178], followed by two corner pooling steps, one for top left cor-
ner and one for bottom right corner, with the purpose of improving corner
localization.

CornerNet improved object detection performance, outperformed all pre-
vious unified framework based approaches and achieved competitive ac-
curacy compared to the two-stage detectors on COCO dataset. However,
the detection speed is limited to 4 FPS, which is slower than SSD and
YOLO. Also, CornerNet may generate false BBs since it is difficult to
determine which pairs of corners should be grouped into the same object.

Duan et al. [63] proposed CenterNet to further improve CornerNet, using
triplets of key points, with an extra keypoint at the centre of a proposal,
to detect objects. CenterNet improved the detection accuracy, but with
slower speed than CornerNet.

5.3 Backbone Networks
One of the crucial steps in any detector is extracting features which can best
describe an object of interest. Before the deep learning era, a great effort was
devoted to extracting features manually, either based on visual cues of objects
(see Chapter 3) or using local descriptors such as SIFT and HOG. Moreover,
since an object could not be described using only one feature, approaches to
group and abstract features such as Bag of Words [241] and Fisher Vector [196]
were utilized. These feature representation algorithms demand high domain
expertise and also careful engineering.

As opposed to traditional approaches for feature representation, deep CNNs
are able to learn effective features from raw images [136]. It reduces the need
of domain expertise and complex design of procedures. Therefore, in deep
learning methods, the focus has been moved to design of networks with better
architecture, and also to the training process, to achieve better feature repre-
sentations.

In all detection methods presented in Section 5.2, the CNN architecture
used to develop the network plays a critical role.The CNN architecture acts
as the backbones of the detection network. Thus, a considerable amount of
research in improving detection accuracy was dedicated to developing better
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and deeper CNN networks. Therefore, in the followings we review some of
the popular CNN architecture which are used in object detection tasks. The
general trend in developing CNN architectures is to focus on greater depth.
AlexNet [127] was the first CNN model developed, with eight layer deep and
using 5x5 and 7x7 convolution filters. It started the deep learning revolution in
the field. Then VGGNet [238] proposed by Oxford’s Visual Geometry Group,
increased the model depth to 16-19 layers and used smaller convolution filters
(3x3), and in its time it achieved the highest performance on the ImageNet
dataset. The next generation of CNN architectures was proposed by Google
Inc. as GoogLeNet [250], and its following family known as Inception [250,
114, 251]. GoogLeNet increases both the width and depth (22 layers) of the
network. The Inception family increased the number of layers up to 47 in In-
ception V3 [252], and also introduced the factorizing convolution and batch
normalization in CNNs.
In the Deep Residual Networks (ResNet) [103], the number of layers increased
up to 152, aiming at making the training process easier by reformulating its
layers as learning residual functions. It shows the effectiveness of skip connec-
tions to learn extensive deep network. Network training was further accelerated
in InceptionResNet [251] on the basis that shortcut connections (ResNet) can
increase the training speed. It combines the Inception networks with short cut
connections, inspired by ResNet. Extending the ResNet, DenseNet was pro-
posed by Huang et al. [109]. DenseNet built from densely connected blocks,
which connect each layer to every other layer in a feedforward fashion, such
that each layer get supervision from other layers, using shorter connections.
The next development of CNNs architectures was proposed by Hu et al. [103],
developing Squeeze and Excitation (SE) blocks. Stacking a collection of these
blocks a SE network (SENet) is constructed. Since structure of SE blocks are
simple and computationally lightweight, components of any CNN architecture
can be replaced by these blocks to enhance performance with minimal addi-
tional computational cost. The main contribution of SENet was in integration
of global information in learning importance of features. The development of
CNN architectures continues, with recently proposed methods such as Hour-
glass [178], Xception [43], DetNet [144] and GLoRe [39].
A considerable issue in developing a CNN architecture is the number of parame-
ters, which directly affect training speed. While some earlier networks with few
number of layers such as AlexNet, ZFNet [285], OverFeat [233], and VGGNet
have huge number of parameters, most of these parameters come from the FC
layers. Therefore, in newer proposed networks like ResNet and DenseNet, the
FC layers are dropped, resulting in much fewer parameters.

Training a CNN needs a large scaled labeled dataset, with intraclass variety
of all objects. It was shown [189] that using a pretrained deep model, trained
on a large scale dataset with object level annotations, improves detection accu-
racy. The pretrained network is typically fine-tuned to fit the detection target
objects, and increase detection performance. Since in the pretrained network
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weights are optimized for the dataset which it was trained on, a fine-tuning
step is required to update the network weights for the target task. Fine-tuning
basically fills in the gap between the source and target datasets. Researchers
also performed object detection and classification tasks on pretrained networks
without fin-tuning them [61, 86], which showed that depending on the selected
layer to extract features, detection accuracy differs. It is generally accepted
that features from earlier layers are better in object localization while later
ones work better for classification.

Despite the great success of DCNNs, still challenges remained to be ad-
dressed. Deep learning based methods required huge amounts of labeled data
for training, extreme computational resources and expertise to select suitable
hyper parameter, learning parameters and the network architectures. More-
over, it is usually difficult to fully understand and interpret trained networks,
also DCNNs suffer from lack of robustness to degradation [152]. All these issues
limit the use of deep neural network in real world application.

5.4 Bounding box refinement

In this section, bounding box regression and Hard Negative Mining (HNM) for
bounding box refinement in deep learning based methods are briefly discussed.

1. Bounding Box Regression: before development of the Faster RCNN,
bounding box regression was an individual post processing step in de-
tection algorithms (see Section 4.3.1). After introduction of the Faster
RCNN method, BB regression integrated with the detector, and also
trained in an end-to-end fashion. To predict BBs more robustly, deep
learning based BB regression often uses two main regression loss func-
tions, either the smooth-L1 which is used in Faster RCNN [215], or the
root-square, used in YOLO [212]. These two functions are less sensitive
to outliers than the least square error which was used in DPM [73], which
makes them a good candidate for BB regression. Furthermore, as another
solution for BB regression, some researchers normalized the coordinates
of bounding boxes to achieve more robust results [85, 153, 146].

2. Hard Negative Mining: in early times of developing deep learning
based detectors, the bootstrap approach (see Section 4.3.1) for HNM was
discarded, mainly due to increased computing power. Detection methods
such as Faster RCNN and YOLO replaced bootstrapping with balancing
the weights between the positive and negative windows. However, later
it was shown that weight balancing does not resolve the problem [146].
Therefore, the bootstrap method was reintroduced into DCNN based
detectors. As an example, the SSD method uses only the gradients of a
small part of the negative samples, which have the highest loss value, to
be back-propagated for training. As an alternate approach, researchers
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reshaped the standard cross entropy loss functions in a fashion to put
more focus on difficult and misclassified examples [294, 146].

5.5 Evaluation Methods

Performance of detection algorithms can be based on the detection speed
(Frames Per Second (FPS)), precision and recall. Output of a detector is
defined by three measures, bounding box location, predicted category and con-
fidence that BB include a category of an object class. A detected region is
considered TP if the overlap ratio (IOU) is greater than a predefined threshold
and the predicted category of the object matches the ground truth label. Oth-
erwise, it is a FP. Moreover, the confidence level is compared with a threshold
to determine correctness of the predicted class label from the detected object.
Based on TP and FP, precision and recall are computed as a function of the
confidence threshold. By varying the confidence threshold, different pairs of
precision and recall can be obtained, and therefore precision can be computed
as a function of recall. From this Average Precision(AP) is derived. AP is
the most common metric for performance evaluation of the detector and is
computed separately for each class category. To compare performance over all
object categories, the mean AP (mAP), average over all object categories, is
used as the final measure of performance. It worth mentioning that in MS
COCO dataset, more attention is given to BB localization, therefore instead
of using a fixed IOU threshold, MS COCO AP is averaged over multiple IOU
thresholds.

5.6 Deep Learning in Agricultural and Forestry
Fields

DCNNs have been successfully applied to many machine learning based appli-
cations, including computer vision in agriculture (agrovision) and forestry. In
the following, utilization of DCNNs in these fields is reviewed.

DCNNs are able to solve more complex problems by utilizing more complex
models, which results in higher accuracy and lower regression errors. The
hierarchical structure and large learning capacity of DCNNs result in high
detection and classification performance, as well as flexibility and adaptability
to a wide variety of challenges.

The convolution layers are different levels of feature representations, start-
ing with lower level features (edge, color) from earlier layers, to high level
features (more discriminative) in deeper layers. The convolutional layers act
as automatic feature extractors, with dimensionality reduced by the pooling
layers. The fully connected layers, which are usually located near the output of
the network, act as classifiers that use higher level features (learned during the
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training process) to classify objects into predefined classes or make numerical
predictions.

Conventionally, researchers used hand engineered features to represent vi-
sual characteristics of the target fruit/tree, using them for localization and
feeding them to a machine learning algorithm for classification. In this ap-
proach, extracting features was a time consuming and complex task which
highly affected system performance. Moreover, selecting an effective set of fea-
ture required expertise and knowledge within the field. Additionally, manually
crafted machine vision algorithm were not able to adaptively fit with environ-
mental variations. In comparison, deep learning based methods provide deeper
neural networks, a hierarchical feature representation using various convolu-
tions, and most importantly drop the need of hand engineered feature extrac-
tion. This means larger learning capability, and results in higher detection and
classification accuracy.

The reminder of this section is divided into sub-sections on agricultural and
forestry areas where DCNNs are applied, CNN architectures researchers used,
pre-processing approaches, different datasets, and methods for increasing the
number of images in datasets.

1. Areas of Use: most applications of deep learning based algorithms can
be categorized to plant or crop recognition, plant disease detection, iden-
tification of weeds, land cover classification, fruit counting [206] and clas-
sification and tree species detection. A large fraction of all research deal
with object classification and identification, including obstacle detection
[246].

2. DCNNs Architectures: researchers have utilized different structures
of DCNNs to develop a network which are fit to the task. Generally it can
be divided into approaches which use popular CNN architectures (such as
AlexNet, VGGNet and ResNet), CNN models which were developed by
the researchers, adopting first-order Differential Recurrent Neural Net-
works models (DRNN), and also using Long Short-Term Memory models
(LSTM) [83]. In some of the works, the CNN model was combined with
a classifier. In such approaches, CNNs are used to extract features using
convolution layers and FC layers are replaced with classifiers like SVM
[62, 186], logistic regression [40], large margin classifiers (LCM) [282] and
linear regression [38]. Ostovar et al. [186], extracted features from a
VGG-19 CNN and fed them to a classifier for detecting severity of rot in
tree stumps [186].
Furthermore, since it is difficult and time consuming to train a network
from scratch with small datasets, some researchers, specifically those who
used popular CNNs, took advantage of transfer learning (fine-tuning).
In this approach, a pretrained CNN, which is already trained on large
datasets such as ImageNet, COCO, is retrained to further leveraging the
already existing knowledge to increase the learning efficiency. This ap-
proach was used in [15, 243, 45, 226, 246, 62, 157, 166, 186] for the
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GoogLeNet, AlexNet, DenseNet and the VGG-16 architectures.

In the proposed methods for classification in the agricultural area, de-
veloped approaches could classified variable number of target objects,
ranging from two [164, 157, 62] up to 1000 classes [62], which developed
for plant identification including herb, tree and fern species. For exam-
ple, Rebetes et al. [209], Lee et al. [138] and Xinshao and cheng [282]
developed methods to recognize 44 plant species, classify weeds found
in agricultural fields into 91 classes and identify 22 different crops, re-
spectively. As a common procedure, the output of these CNNs were
probability values, estimating the probability of the object belonging to
a predefined class. The class with highest value was then selected as the
predicted class. In some work, for counting fruits [206, 38] and localizing
fruits in the scene [15, 226], the output are scalar values and multiple
bounding boxes, respectively.

3. Data Pre-processing: similar to traditional approaches of detection
and classification, also in deep learning based methods several pre-process-
ing steps are utilized before feeding the image into the DCNNs with the
aim of increasing detection accuracy. The most common procedure is im-
age resizing, to adapt the image into the CNNs network requirement. Im-
age segmentation is another practice, with the prupose of facilitating the
learning process using ROIs [202, 226, 186, 94]or to increase the dataset
size [283, 112]. Image segmentation could also make the annotation pro-
cess easier [15]. In addition, foreground extraction [138] and background
removal [164] are popular approaches. Conversion to other color spaces
(HSV and grayscale) [5, 138] were also used as a pre-processing step.
Also, generating bounding boxes [164, 38] and feeding them to a CNN
architecture showed to be a useful approach to facilitate weed detection
and fruit counting. Furthermore, some researchers used extracted fea-
tures form images as input to the CNNs models,such as histogram [209],
visual cues like shape [96], wavelet transformation [132], and Gray Level
Co-occurrence Matrix (GLCM) features [228].

4. Datasets: The data used for training CNN models can be of three kinds:
real images, which are collected by the researchers based on task needs
[243, 15, 186], synthetically produced images [66, 206], or images from
publicly available datasets such as LifeCLEF1, MalayKew2, Flavia3 and
Crop/Weed Field Image Dataset4 [102].

In general, more complicated tasks require larger datasets, for example
object classification tasks involving a large number of classes [166], or

1https://www.imageclef.org/2014/lifeclef/plant
2http://web.fsktm.um.edu.my/∼ cschan/downloads_MKLeaf_dataset.html
3http://flavia.sourceforge.net/
4https://github.com/cwfid/dataset
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with small variations between classes [175].

Since collecting a large number of images from environments such as or-
chards and forests is a difficult task and requires lots of considerations
such as illumination conditions, occlusion, and distance to the object,
some researchers employ augmentation techniques [127]. It helps to artifi-
cially enlarge the number of training images, improve the learning process
and performance, and also enhance generalization ability of the network
by providing varied data for training process. An augmentation process
is particularly important when only small datasets for training is avail-
able [243, 175, 38], or when researchers train the network using synthetic
images and test them on real data [206]. In these situations, augmen-
tation provide networks with better generalization capabilities and also
better adaptation to the real world difficulties. Data augmentation in-
clude approaches such as transformation, rotation, cropping, mirroring,
translation, transposing, scaling, varying HSV channels and also adding
shadows to images. One advantage with augmentation is that there is no
need for extra manual labeling of newly generated images.

With the development of generative adversarial networks (GAN) [90], an-
other method for image generation was introduced. In GANs two deep
convolutional neural networks are trained simultaneously and adversar-
ially: a generative model and a discriminative model. The aim of the
generative model is to capture the feature distribution of a dataset by
learning to generate images. The discriminative model evaluates gener-
ated images to determine how well they are similar to the dataset. Since
both models are implemented as CNNs, the error can be back propa-
gated to minimize the loss of both models simultaneously. The result
after training is a generative model that can generate new images with
high similarity to the learned dataset. Hence, GANs provide the same
benefits as using augmentation techniques.

Some researchers compared DCNN based networks with other techniques,
mostly conventional approaches for detection and classification, which were
implemented only for comparison purposes within the same task. In most
cases, CNN based methods outperform the other approaches. In [203, 92, 186]
CNN achieved higher accuracy than a SVM classifier, work in [138] demon-
strated that a CNN improved classification performance compared to ANN,
and also a Random Forest (RF) classifier [161, 165]. Moreover, CNN showed
higher performances than unsupervised feature learning [158], shape and color
features [243, 65] and multilayer perceptrons [242, 131] based methods. Fur-
ther comparisons with texture based regression models [38], Gaussian Mixture
Models [228] and Naive Bayes classifiers [283] also proved superiority of CNNs.
Furthermore, it is shown and supported by other work such as [175] that auto-
matic feature extraction, using output of different convolutional layers, is more
effective than both manually crafted features and also features extracted by
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conventional methods such as SIFT, GLCM, texture, shape and color based
algorithms, histogram and area based techniques (ABT).

To provide a better analysis of applications of deep learning in the agricul-
tural and forestry fields, it is valuable to indicate advantages and disadvantages
of utilizing DCNNs within the field.

5.6.1 Advantages of DCNNs within the Agricultural and
Forestry Fields

Rather than improving the performance in classification or prediction tasks,
reducing the effort for extracting features is demonstrated in many research
works. Manually engineered feature extraction is a time consuming method
that requires considerable effort, but is done automatically in DCNNs. It is
worth mentioning that finding a reliable set of features or an appropriate feature
extractor requires expertise, and also is a complex task.

Furthermore, DCNNs based approaches have proved to generalize well. For
instance in [206] and [38], a developed system learned explicitly to count fruit,
while also showing robustness to occlusion, illumination and scale variations.
The same model could be used to identify several circular fruits such as citrus,
peaches, and mangoes. Amara et al. [5] developed a DCNN based method to
classify banana leaves. Their model was robust to environmental and imaging
conditions such as varying illuminations, resolution, size and orientation, in
addition to having the ability to handle complex backgrounds.

Despite the longer training time for DCNNs compared to conventional meth-
ods, it is much faster in detection and classification tasks, especially when one-
stage framework approaches are utilized. It provides real time systems which
is an essential need in agrovision and forestry. For example, the developed
approach for detecting obstacles [45] based on a CNN architecture, took much
longer time to train compared to SVM and KNN methods, but was extremely
faster to use.

Additionally, deep learning based models are able to develop simulated
datasets for training, which can be utilized for testing on real world images.
This is a way to overcome the lack of training images, and the difficulties in
collecting images in outdoor environments with different considerations such
as varying illumination and different levels of occlusion.

5.6.2 Limitations and Disadvantages of DCNNs

A critical drawback of DCNN methods which limits their usage is the need of
extremely large datasets for training. These problem can be serious, especialy
when the researchers aim to develop the CNN model from scratch. Although
simulation methods such as augmentation and GANs are available, depending
on the complexity of the task (number of classes and expected performance),
at least several hundred real images are required.
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Problems with both collected and generated datasets are low variation
among classes, existence of noise such as low resolution images, inaccurate
imaging devices and occlusion. For example in [166, 226] authors determined
and discussed that existence of more diverse training sets could increase clas-
sification performance.

Data annotation as a labour expensive task is a considerable problem,
specifically within deep learning based method, with the need of large datasets.
Depending on the complexity of the task, considerable time is needed for ex-
perts to accurately annotate the input images. This problem was experienced
by Ostovar et al. [186], for detection of rot areas in tree stumps. For an-
notation, experts had to be hired or volunteered for the task. Additionally,
annotators are always subject to errors and inaccuracies during the labeling
process especially when it is a complex task.

DCNN based models can learn problems and even generalize them to some
extent, but similar to conventional approaches, they cannot generalize the
learned model beyond the dataset which was used for training them. How-
ever, in real outdoor environment, due to their dynamic and unstructured
characteristics, unpredicted conditions such as different levels of occlusions,
illuminations, variations in sizes and colors is a possible scenario. This prob-
lems was determined and discussed in some research works within agricultural
field [206, 166, 138, 226, 45, 96].

Furthermore, within agriculture and forestry, there are not many publicly
available datasets for researchers. This problem has existed from the early
times of computer vision in these fields. The lack of available datasets brings
negative effects to the field, such that it is not possible to create a benchmark to
compare performance of developed systems for a specific category of problems.
Additionally, researchers are required to spend considerable time on collecting
images.
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Chapter 6

Summary of Contributions
and Thesis Conclusion

This chapter contains a summary of the contributed papers and also a brief
conclusion of the thesis.

6.1 Summary of Contributions

6.1.1 Paper I: Detection of Trees Based on Quality Guided
Image Segmentation

In this paper, a part of CROPS project, the aim is identifying trees in forestry
environments using color images. The results may be used in autonomous
forest machines for tree detection for harvesting operations, and also to prevent
collisions by autonomous timber carriers in the forest.

We integrated a novel method for seed point generation with a segmenta-
tion method similar to region growing. Experiments showed that conversion
to HSV results in highest performance compared to alternative colour-spaces.
For seed point generation considering the vertical orientation of trees, the hue
matrix is vertically compressed. This speeds up the process by decreasing the
dimensionality of the analyzed matrix, and also improve the seed point gener-
ation. The outliers in the compressed hue matrix represent seed points. Each
seed point in the image is then used to segment the entire image based on its
neighbouring pixels. In order to increase the detection rate, a series of morpho-
logical operations are applied to the generated segments. The morphological
operations are designed considering the vertical nature of trees. After applying
a quality function to all segments, segments that cover the same seed point are
compared and the one with highest quality value is assigned to it. It results
in selecting the optimal segmentation for each seed point. The set of selected
segments indicates trees in the images.
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The method is evaluated using images from forest environments in northern
Sweden. The proposed method successfully detected 171 of the 197 trees, giving
the recall and precision rate of 86.8% and 81.4%.

I was contributing in formulation of the algorithm, and also to its imple-
mentation. I also performed the data analysis and system evaluation, and
contributed in writing the draft and revising the manuscript.

6.1.2 Paper II: Adaptive Image Thresholding of Yellow
Peppers for a Harvesting Robot

Due to varying illumination conditions causing overexposure and shadows and
also unstructured environment of greenhouses, fixed thresholds do not work
well for object detection. Therefore in this work, as part of the SWEEPER
project, we proposed a novel method for adaptive image-dependent threshold-
ing of yellow peppers based on reinforcement learning (RL).

First, RGB images are converted to HSV color-space, and then a set of
features based on Hue and Saturation values are extracted. These features are
used to define states. The agent then performs an action based on exploration-
exploitation strategy for the state. Each action is a vector with four parameters:
{Hmin, Hmax, Smin, Smax} for image thresholding. Each parameter can get a
value between 0 to 1 with 0.05 steps. In the next step, the image is segmented
using the defined action, and the system computes the reward value. The re-
ward value is the similarity between the segmented image, achieved by applying
the action, and the labelled image. To compute the similarity, we introduced
two measures, segmentation-overlap and segmentation-efficiency based on the
ratio between the number of pixels in the overlap region, segmented region and
the labelled region. This process continues until the agent meets the conver-
gence threshold. It worth mentioning that in this work, the transition function
is defined to be non-deterministic, returning a new representation of the image,
a segmented image, instead of returning a new state.

We compared results from three exploration-exploitation strategies with
a benchmark. Exploration-exploitation strategies included decaying epsilon-
greedy, epsilon greedy with values 0.2, 0.5 and 0.7, and also a novel strategy
denoted Q-value difference measurement, which switches between exploration
and exploitation strategies adaptively. The benchmark is an exhaustive search
on all actions to determine the best threshold for each image. Results showed
that decaying epsilon greedy strategy achieved highest performance, 91.5% of
the benchmark with 73% fewer iterations.

I was the main author of the paper. I proposed the framework to use
Reinforcement Learning for adaptive thresholding, developed the algorithm and
implemented it. I conducted the data analysis and system evaluation. I also
prepared the draft and participated in reviewing and editing the manuscript.
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6.1.3 Paper III: Integrating Kinect Depth Data with a
Stochastic Object Classification Framework for For-
estry Robots

As part of the CROPS project, in this work we developed techniques to detect
trees, bushes, stones and humans in images from forestry environments. The
solutions may be used for autonomous harvesters to detect surrounding objects
and based on their categories performs the best action. For this purpose we
integrated an RGB camera and a depth sensor with the hypothesis that adding
extra data (depth) would increase classification performance.

The major contribution of this research is analysing the effect of adding
depth data to RGB data for object detection and classification. Depth data is
used for two purposes, labelling of the RGB images (extracting foregrounds)
and classification. We extracted 12 color-based features from RGB images, and
six depth-based features from depth images. These features were then fed into
five classifiers, once using only RGB features and once using RGB and depth
features. The classifiers were K-Nearest Neighbour (KNN), Decision Tree (DT),
Support Vector Machine (SVM), Naïve Bayes (NB) and Linear Discriminant
Analysis (LDA). All classifiers outputs were then combined using the Weighted
Majority Vote (WMV) method.

By using only RGB based features, the system achieved 93.04% performanc.
By integrating depth based features, performance was increased to 96.20%
which proves the hypothesis that adding depth data increases the classification
performance.

I evaluated available 3D sensors to be used in the project and I also collected
all the data. I contributed to algorithm development and programming. System
evaluation was mainly done by me, and I also participated in drafting the
manuscript, reviewing and editing it.

6.1.4 Paper IV: Detection and classification of Root and
Butt-Rot (RBR) in Stumps of Norway Spruce Us-
ing RGB Images and Machine Learning

Rot significantly affect quality of timber, and consequently reduce economic
outcome of harvesting operation. It is therefor essential to detect rot while
harvesting, to increase the accuracy of timber sorting and also to determine
which trees are affected, to be able to perform further treatments to prevent
spread of rot to other areas in the forest. As part of the PRECISION project,
we developed a system to automatically detect stumps and classify them based
on the presence or absence of rot. Additionally, stumps were classified into
three classes of infestation, rot = 0%, 0% < rot < 50% and rot ≥ 50%.

In this work to detect stumps we used a deep learning based method, Faster
R-CNN. To classify rot in detected stumps, we proposed three methods using
both conventional machine learning algorithms and deep learning approaches.
In the first method, based on conventional learning approach, we used Bag
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of Features (BoF) method to extract features and then fed them to a SVM
classifier. In the other classifier we merged conventional machine learning and
deep learning approaches, extracted features from FC-7 layer of VGG-19 net-
work and fed them to a SVM classifier. In the pure deep learning classifier, we
fine-tuned a VGG-19 network for the classification of rot. Moreover, to com-
pute the segmentation quality, determining how well detected stumps matches
with the manually labelled stumps, we used measures from the previous work,
segmentation-overlap and segmentation-efficiency.

The results showed that tree stumps were detected with 95% precision and
80% recall rate. Using fine-tuned VGG-19, it achieved the highest classification
performance. Stumps with and without RBR were correctly classified with
accuracy of 83.5% and 77.5%. Also, classifying rot into three classes, stumps
with rot = 0%, 0% < rot < 50% and rot ≥ 50% were classified with 79.4%,
72.4% and 74.1% accuracy, respectively.

I was the main author of the paper and participated in formulation of
the problem. I developed algorithms, implemented them, and evaluated the
system. Moreover, I lead a team of students for data collection and manual
image labelling of the dataset. I drafted the manuscript and contributed in the
reviewing and editing process.

6.1.5 Paper V: A Direct Method for 3D Hand Pose Re-
covery

Using 3D hand gesturs for human-computer/robot interaction is a common
practice. Variability of hand gestures and flexibility of hand movements could
results to developing robust gesture recognition systems in real-time. In this
work, we address natural and immersive hand gesture interaction by combin-
ing two tasks, gesture recognition and gesture pose estimation using 3D data
acquired by Kinect for 3D object manipulation. We introduced a method to
reduce the complexity of hand pose recovery from 27 DOF to only 6 DOF
global hand motion.

The system input is a sequence of depth images. In the first step, we reduce
noise and smooth the images, then apply a head detection method followed by
a segmentation approach to localize and track hands in the sequence. Then, we
estimate hand poses using the new optical flow constraint equation. In the final
stage, we utilized extracted hand pose parameters for 3D object manipulation.
To localize hands, first we extracted human body as foreground and detect
the head as the topmost body part, then based on its depth value we predict
hand depth value, expecting to be located within a particular distance from the
head. Afterwards, the hand center point is extracted and a region of interest
(ROI) defined enclosing it. Using this approach, we just need to process ROI
to segment the hand in sequence of next frames. When hands are localized and
tracked in image sequences, we compute gesture pose parameters using optical
flow techniques.

Since for the system evaluation we needed ground truth data, which was
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not available, we used Active Motion Capture system by mounting a camera on
the user’s hand to measure three rotational parameters in each frame. In this
system, SIFT features are extracted from the environment and tracked in the
next frames. Therefore, we are able to find point correspondences between two
frames and consecutively compute the relative motion parameters by analyzing
point correspondences. Additionally, we used displacement of hand center point
to compute translation motion parameters. These six parameters provide the
ground truth data for the evaluation.

Two determine the system accuracy, two criterias, Absolute Rotation Error
(ARE) and Absolute Displacement Error (ADE) are measured using actual and
estimated values. The best performance achieved where mean ARE is 6.7◦ and
mean ADE is 10.5 mm.

The problem formulation was jointly done by all authors. I designed and
implemented the algorithm and performed data analysis. For the system eval-
uation I created a mockup to test the system in initial steps. I also participated
in writing the draft and revising the manuscript.

6.1.6 Paper VI: Human Detection Based on Infrared Im-
ages in Forestry Environments

Since safety of humans is the main consideration for both manned and au-
tonomous harvesters, in this work we used a thermal camera to detect the
presence of humans in close range of the forestry machines to prevent any harm
to humans. Detecting humans in forestry environment using RGB cameras is
challenging due to the lighting conditions and occlusion from trees and bushes,
therefore, we utilized the thermal camera. Two approaches were proposed and
compared: shape-dependent and shape-independent.

To detect humans, we first extracted regions of interest (ROIs) by thresh-
olding thermal images based on pixel intensity. Then based on the approach,
features from ROIs were extracted and fed into either a heuristically designed
decision rule or three classifiers, SVM, KNN and NB, to determine presence
of a human in the ROIs. In the shape-dependent approach, extracted features
were based on human characteristics such as shape, height, length and location
of the head as the hottest spot in the body. Extracted features in the shape-
independent approach included statistical characteristics of thermal images. To
evaluate the overlap between extracted ROIs and manually labeled ones, we
used two concepts, denoted side-accuracy and side-efficiency. They quantify
how much of the manually labelled ROI is covered by the extracted ROI, and
how much of the extracted ROI is covered by the labelled ROI. Definition of
true positive, false positive and false negative for accuracy evaluation of the
system was set based on the overlap threshold values and the class prediction.

The shape-dependent achieved 79% precision and 38% recall, while the
shape-independent appraoch reached 80% precision and 43% recall.

I was the main author of this paper. I proposed the framework, developed
the algorithms and implemented them. All data collection, analysis, curation
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and evaluation was done by me. I also wrote the draft manuscript and con-
tributed in reviewing and editing processes.

6.1.7 Paper VII: Natural Language Guided Object Re-
trieval in Images

In this work, we proposed a method for generating responses to natural lan-
guage queries regarding objects and their spatial relations in images. We
merged a computer vision based method for object detection and classifica-
tion, YOLO, and natural language processing approaches for analysing input
queries. The system response includes identification of objects in images based
on the query, and also generation of an appropriate text that answers the query.

The proposed system contains three parts for processing the input image
and the text query: image analysis, spatial relation analysis and text query
analysis. In the image analysis part, utilizing YOLO, objects are detected and
classified, output bounding boxes along with object labels. Bounding boxes
and their categories are fed into spatial relation analysis part, to predict spa-
tial relations between bounding boxes and objects. It consist of three classifiers,
a Multi-Layer Perceptron (MLP), a KNN and a SVM. Output of these classi-
fiers are integrated using a Weighted Average Probability network (WAP) and
generate spatial relation words such as “right”, “top”, “front”, for each pair of
bounding boxes. The text query analysis part is responsible for analysing the
input query, extracting tuples, describing objects and their spatial relations.
Output of these three parts are used for natural language grounding, which
map the tuples from the input text query to the bounding boxes, object cat-
egories, and spatial relations. To achieve the most probable grounding, we
combine probabilistic measures of object classes and spatial relations with a
measure of word semantic similarity between extracted tuples from the text
query, object classes and their spatial relation. The designed algorithm can
respond to three type of text questions: attention queries, e.g. “find the person
to the right of the monitor”, relation queries, e.g. “where is the person?” and
classification queries, e.g. “what is to the right of the monitor?”.

To evaluate system performance, we measure how well the generated an-
swers match human assessment. For this purpose, 30 test users were involved.
The users were asked to compose three questions, based on three type of queries
the system can answer, for each input image and evaluate the generated an-
swers. Results demonstrated that the system correctly answered 81.9% of all
questions.

I was the main author of the paper. I contributed to the formulation of the
problem statement, and to development of algorithms, in particular the parts
on object detection and deep learning. I also contributed to the parts on query
analysis based on NLP and the natural language grounding. I implemented all
parts, performed data analysis and evaluated the system. Moreover, I drafted
the manuscript and contributed in reviewing and editing processes.
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6.2 Thesis Conclusion

This thesis contributes to analysis of three main criterion in developing au-
tonomous systems in agricultural and forestry environments including imag-
ing sensors, visual cues of target objects and the image analysis algorithms.
These algorithms are divided into object detection (localization) and recogni-
tion (classification) methods and following the evolution of the computer vision
and machine learning approaches, both conventional and deep learning based
methods are described.

Object detection in uncontrolled outdoor environment is a complex task,
suffers mainly from unstructured environments, illumination changes, occlu-
sions, shadows and various size, shape and colour of target objects, which
results to degraded performance. Furthermore, hand-engineered feature ex-
traction and dealing with setting a large number of parameters in image anal-
ysis algorithms required expertise, which are considered as a common source
of reduction in accuracy of autonomous systems in this field. Utilizing deep
learning based methods improve the performance, by dropping the need of hand
crafted feature extraction and reducing the number of parameters. However,
these approaches require a large number of annotated images for training, are
usually slow in the training process, and are also computationally expensive.

There are some other limitations in this field, including: 1) lack of datasets
for objects like fruits and trees, which results in researchers not being able to
compare their results with others using a benchmark, 2) data collection is a
time consuming process in which many considerations should take into account,
such as acquiring images with different illumination conditions and levels of oc-
clusions to simulate real working environments, 3) Image annotation, which is
needed for the training process, is a tedious process, and in some cases it needs
expertise to achieve accurate data annotations. Moreover, annotated data usu-
ally contains errors which have to be taken into account when developing an
autonomous system.

Therefore, despite extensive research works in automation of agricultural
and forestry operations, the performance of these systems are still not sufficient,
and developed systems are not completely ready for the market. In terms of
Technology Readiness Levels (TRL), currently many agricultural and forestry
robotics systems are available as prototypes, positioned between level 8, system
development, and level 9, proving the system in operational environments.
Regarding the CROPS project, it reached level 6 which is demonstrating the
system in relevant environments. The SWEEPER project, with the aim of
developing a sweet pepper harvesting robot, achieved one part of level 9 by
testing the robot in real greenhouse environment during summer 2018. The
PRECISION project is still in its initial steps, on the intersection between
level 3, experimental proof of concept, and level 4, technology validation in
lab.

In this thesis, describing each of three criterion, imaging sensors, visual cues
and image analysis algorithms, we also discussed their limitations and possibil-
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ity of overcoming any of aforementioned challenges. The thesis contributions
also include scientific publications. In Papers I, VI (both based on the CROPS
project) and III, the focus is on detecting and recognizing objects in forestry
environments. In Paper I we developed a tree detection approach, as an initial
step in developing an autonomous harvester. Since safety for humans is one
of the most important considerations when developing autonomous forest ma-
chines, we address this issue by developing a human detection algorithm based
on infrared images in Paper VI. Using such a system, an autonomous machine
would either stop the cutting process or alert the machine operator to prevent
any harm, if a human is detected close to the vehicle.

Autonomous vechicles should be able to detect and classify also other types
of surrounding objects. Trees should be identified such that a harvester can get
closer to be able to harvest. If a stone is detected in front of an autonomous
machine, it sometimes should be considered as an obstacle and the vehicle
should re-plan the path to avoid it. We address detection and classification
of trees, bushes, humans and stones in forestry environment using both RGB
images and depth data in Paper III.

Pre-selected thresholds for segmentation of images is problematic in un-
structured environments such in greenhouses due to the similarity between
foreground and background features. Therefore in Paper II (as part of the
SWEEPER project) we address this problem by proposing a novel method for
adaptive image thresholding based on reinforcement learning (RL) to local-
ize sweet peppers in greenhouse environments. As part of the PRECISION
project, in Paper IV, we developed an autonomous system using RGB images
to detect tree stumps and classify them based on presence or absence of rot
using Faster-RCNN for detection and three methods for classification based on
both conventional and deep learning algorithms. This system, as part of the
whole project, aims at increased performance when sorting timbers at cutting
time.

Merging works in Papers I, III, IV and VI, we could have an autonomous
forest vehicle, able to detect trees, determine obstacles in the way to the tree
for harvesting, identifying stumps and classify the harvested trees based on the
presence of rot. Additionally, it could be equipped with a safety module to
detect the presence of humans in close range, and accordingly either change
the direction of motion, stop the cutting process, or stop the entire vehicle.

In Papers V and VII, more attention have been put to developing systems to
provide interaction with robots. In Paper V, we designed a system to estimate
3D hand gestures using depth data acquired from Kinect camera to enable
users to interact with an augmented environment. Moreover, as an emerging
methodology, in Paper VII, we have merged computer vision techniques for ob-
ject detection with natural language processing (NLP) methods for analysing
user queries, to develop a system to accurately answer queries regarding objects
and their spatial relation in images. Further development of the work in Paper
V, it is possible to use it as a training system for operators of forestry harvest-
ing systems, to develop semi-autonomous harvesters, controlling the harvester
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crane towards the tree and also the gripping process, using hand gestures. It
brings some additional benefits such that the operators can control harvesting
machineries from any location, so they do not have to be in forest with difficult
environmental conditions such as extensive temperatures.
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