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Abstract

In this research, we deal with the problem o f obstacle detection for unmanned aerial 

vehicles using monocular vision systems. First, a fast and robust technique for precise 

detection of the horizon path is proposed. The method is based on existence of unique 

light fields that occur in imagery where the horizon is visible. The horizon path can be 

extensively used for navigation purposes. Furthermore, since the horizon line divides the 

scene into two parts, namely sky and ground, this can be very helpful in speeding up the 

analysis procedures. In other words, the obstacles inside the sky and on the ground can be 

processed separately and with different parameters. This will increase the speed or 

alternatively enable a more accurate analysis given the available time frame.

In the next part, a new method for obstacle detection using optical flow is proposed. The 

method employs a highly efficient and accurate adaptive motion detection algorithm for 

determining the regions in the image which are more likely to contain obstacles. These 

regions then have optical flow performed on them. We call this method targeted optical 

flow. To compensate for leaving out sections o f  the objects, obstacle reconstmction is 

carried out using clustering. The proposed technique is significantly faster and more 

accurate than using standard optical flow alone.

Finally the two components, horizon detection and obstacle detection, are coupled to 

form a system with the potential o f rapidly processing the sky and locating obstacle with 

significant accuracy. The system is tested on numerous real video sequences. The results 

confirm the robustness of the proposed system.
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Chapter 1: Introduction

1.1. Background

The interest to use and develop Unmanned Aerial Vehicles (UAV) has grown 

significantly in recent years. However it should be mentioned that these vehicles have a 

long history in navigation and aviation systems. In fact, the employment o f pilotless 

aircrafts dates back to the First World War [1], UAVs can be categorized into two main 

groups: The first group consists of remote controlled aircrafts or the aircrafts that are 

controlled and supervised by a human pilot at a ground station [2]. Second category 

consists o f systems that fly completely independent o f human pilots, solely based on 

some pre-programmed flight plans and real-time data. Our focus in this research is on the 

second group where all flight details are planned by self-directed systems [3]. There is a 

wide range of applications for UAVs. Military and atmospheric researches are two
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different fields that employ UAVs in most of their missions. Figure 1.1 shows Carleton 

University’s UAV [4].

Figure 1.1. Carleton University unmanned aerial vehicle [4].

For all of these systems it is necessary to operate reliably and accurately. One major 

task for unmanned systems for robust operation is detecting the objects in their 

surrounding environment. This task is called Obstacle Detection. A good obstacle 

detection system would eventually take over the role of the eyes and brain o f an operator 

for controlling the vehicle. It should be able to distinguish different objects in the path o f 

moving vehicle so that the vehicle can avoid them in proper time. There has been interest 

for generating ideal obstacle detection systems in recent years [5, 6]. Figure 1.2 shows 

the vision system of a low flying unmanned aerial vehicle which is used for obstacle 

detection purpose [7].
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Figure 1.2. UAV vision system reproduced directly from [7].

Active and passive sensors are two common types o f sensors used for acquiring input 

signals in an obstacle detection system [8, 9]. Active sensors such as radars, lasers, 

acoustic-based systems, and LIDAR (light detection and ranging) make use o f the 

distance between vehicle and objects in order to distinguish and locate the objects. 

Passive sensors such as cameras, on the other hand, do not measure the distances directly, 

but rather obtain information non-intrusively. In this research passive sensors are 

employed since they are less expensive, smaller in size, weight, and power requirements, 

than active ones [8]. Utilizing passive sensors for locating the obstacles is also known as 

visual obstacle detection.
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1.2. Motivation

As mentioned earlier, UAVs have an extensive range of applications in different 

fields [10, 11]. These applications which often contain very high risk missions include: 

military [12], atmospheric [13], oceanographic, and geophysical research [3], traffic 

surveillance [14], monitoring of forests especially in fire situations [15], transportation 

[16], oil, gas, and mineral exploration [17], agricultural spraying [18], aerial 

photography, and many similar fields. UAVs are very helpful in these different roles as 

they make difficult tasks in dangerous environments possible without risking flight 

crew’s lives. They also, reduce the costs o f different missions except for the cases where 

there is damage and they need to get repaired.

Many researchers have tried to develop obstacle detection systems in order to 

improve the safety and reliability of autonomous air vehicles. It is necessary for these 

systems to have good perception and awareness of their surrounding environment. A 

good obstacle detection system must be able to detect obstacles with different shapes, 

sizes, colors, and orientations in real time. By real time we basically imply the speed of 

practical cameras (around 30 frames per second). Furthermore, a challenging issue is 

distinguishing the real obstacles from features in the ground and sky that might appear as 

obstacles to the system.

Our main goal in this research is developing an obstacle detection system using a 

single camera in order to analyze the relative motion between camera and objects. 

Different techniques have been proposed in the literature for visual obstacle detection.
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These methods can be classified into three basic groups [9]: 1) knowledge-based, 2) 

stereo-based, and 3) motion-based.

In the first group (knowledge-based) a-priori assumptions about the obstacles in the 

scene are made. This assumption can be about some features o f the objects such as 

symmetry, color, shadows, edges, texture, lightings, comers and etc. This method can be 

used in some limited cases where particular objects are being tracked while specific 

information is known about them. For example, when vehicle and pedestrian detection is 

performed, this technique can be used. In this case the detection process is limited to 

searching for specific features such as comers, vertical/horizontal edges, texture, color, 

shadow, and symmetry [19, 20]. Since in UAV tasks, the vehicle needs to fly at different 

altitudes and also move on the ground during take offs and landings, it might encounter 

different types o f obstacles with different characteristics such as trees, mountains, 

buildings, other aircrafts and etc. As a result it is, not possible to acquire a-priori 

knowledge (make pre-assumptions) about the obstacles in the path o f UAVs and 

therefore, we cannot employ knowledge based methods.

Stereo-based methods make use of information obtained through acquiring two sets 

of images of the same scene. These inputs are often refined through Inverse Perspective 

Mapping (IPM) or to obtain disparity maps prior to further analyzing the stereo 

information [21, 22]. The greatest benefit of stereo vision based systems is their ability to 

derive depth information without any pre-knowledge about the scene [23]. Consequently 

this method can create a full description o f the corresponding scene. Nevertheless, there 

are some factors which cause a number o f limitations for stereo based techniques. For 

instance, if avoiding obstacles subsequent to detecting them is needed, the obstacles must
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be noticed at a specific distance. This issue is limited by the baseline distance (the 

perpendicular distance between two cameras) in stereo systems [24]. Another limiting 

factor in stereo based methods is the different assumptions made about the environment 

in order to simplify the whole process and achieve real time performance. Assumptions 

such as planar road and constant plane can be observed in many stereo based approaches 

[25]. These assumptions cause different problems in the case of ditches and non planar 

environments like most outdoor scenes. Since our major purpose is to design a robust 

obstacle detection system for UAVs, it is not reasonable to make such assumptions. 

Therefore using stereo based methods is not our state of interest either.

In this research, motion-based techniques have been investigated for obstacle 

detection purposes. Motion-based methods employ the relative motion between the 

moving vehicle or the camera mounted on the vehicle and obstacles to generate 

displacement vectors. This is done by means of optical flow [26-28]. Optical flow 

calculations provide us with a set of two dimensional vectors. Each vector explains the 

motion of individual features in the image space. These vectors are very helpful in the 

sense that they can represent the relative motion between objects and the moving 

vehicles.

One of the greatest advantages o f using optical flow for obstacle detection is that in 

this method we can acquire the ratio of (distance to obstacles) / (speed of moving vehicle) 

very easily and this is very helpful in the task of obstacle avoidance [29]. But computing 

optical flow vectors is a very time-consuming process and usually it is not possible to 

calculate these vectors for every single pixel inside an image in real time. Here we
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propose “targeted optical flow” as a solution for reducing the processing time in our 

obstacle detection system.

Our monocular obstacle detection system is indeed a backup for a stereo vision based 

system. So in case one of the cameras breaks or stops working, this system starts 

operating. It can also be considered as a complementary component alongside the stereo 

vision system.

1.3. Problem Definition and Challenges

Unmanned aerial vehicles are guided autonomously or semi autonomously and 

without on board crew in different areas. Various applications have been mentioned in 

the literature for UAVs. In these applications the involvement o f humans is risky, 

expensive, or even impossible [30]. Since human intervention is completely eliminated in 

many applications, there are numerous parameters which need to be controlled during the 

flight o f UAVs. For instance, parameters relevant to take offs, landings, navigation, 

horizon detection, and obstacle detection is very crucial in the process o f designing and 

operating the UAVs. As a result, designing a precise and flawless navigation system is a 

primary and very important task in UAV technologies.

UAV navigation, due to its sensitive nature and high cost in case o f collision or 

failure, has been subject to extensive research [31]. Obstacle detection for UAVs is the
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first step towards robust navigation. This task, however, is extremely difficult for many 

reasons among which the following can be mentioned [9, 32]:

• the need for real-time response

• high speed of aerial vehicles

• existence of varying lighting conditions

• various existing types of terrains

The goal of this research is to design an inclusive obstacle detection system for 

UAVs which can overcome the problems mentioned above and detect the obstacles as 

accurately as possible. For this purpose, we divide this problem into two major parts:

(1) Significant differences in colors and textures in sky and ground regions: This 

issue demands a vision system to require different parameters for optimal performance in 

sky and ground regions. As a result, to simplify the problem at hand, detection o f the 

horizon line can be significantly beneficial for UAV obstacle detection and navigation 

systems [33]. In addition to navigation applications, detecting the horizon line implies 

division of the scene into sky and ground. Accordingly, the ground can be labeled as one 

single obstacle for avoidance and thus the analysis can be focused on the sky portion 

alone. Furthermore we can analyze the obstacles inside the sky and the ones on the 

ground through completely separate processes. Since the number o f obstacles in the sky 

is significantly less than the ones on the ground and the obstacles in the sky have usually 

simpler textures, this classification can be very beneficial. It will increase the speed or 

alternatively enable a more accurate analysis given the available time frame.
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(2) Existence of moving and/or stationary obstacles with different shapes, colors, 

and textures in varying locations: Subsequent to horizon detection, we perform 

obstacle detection task on the sky and ground pixels separately. A new hybrid method is 

proposed for the purpose of obstacle detection. First, backgrounds o f scenes and objects 

are segmented through an adaptive motion detection method. Optical flow is then 

computed for further analysis o f the scene in order to detect the obstacles. The operation 

is carried out on each of the color channels individually and the results are blended 

together. These steps form what we refer to as targeted optical flow. Upon computing the 

flow, AT-means clustering is used for reconstructing the general shape of the obstacles.

1.4. Contributions

This research presents the design of a system with the potential o f performing fast 

and accurate obstacle detection for unmanned aerial vehicles. Examining different video 

sequences with different frame rates, we were able to detect the obstacles with high 

accuracy. Our system is able to detect obstacles with various shapes, sizes, colors and 

orientations. It can also detect the obstacles on the ground which is o f great importance 

during the takeoff and landing o f the unmanned vehicle. The performing time is relatively 

good as well. The research is carried out in three phases:

1) Finding the exact horizon path and segmenting different scenes into two parts: 

sky and ground.
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2) Detecting the obstacles in the path o f  the moving vehicle using motion based 

techniques.

3) Combining these two methods in order to recognize all the obstacles whether 

inside the sky or on the ground as accurate as possible.

The precise path of the horizon detected in this research can be used for adjusting 

flight parameters as well as obstacle avoidance. The method is based on existence of a 

unique light field that occurs in imagery where the horizon is viewed. Our proposed 

approach employs segmentation of the scene and subsequent analysis o f the image 

segments. Through various experiments carried out on our own dataset and that of other 

previously published papers, we illustrate the significance and accuracy o f this technique 

for various types of terrains from water to ground, and even snow-covered ground. While 

in all other methods, the horizon is detected as a straight line between ground and sky, 

our method finds the exact path o f horizon field.

Unclear scenes cause another considerable problem in horizon detection task. Most 

horizon detection techniques that are based on gradient methods, fail in case o f unclear 

scenes. The horizon line is usually not clearly distinguishable when the sunshine is very 

intense or in foggy and rainy weather conditions. Since our method is not based on 

gradient properties, it performs significantly well in different weather conditions.

In phase 2, a new method for obstacle detection using optical flow is presented. The 

method employs a highly efficient and accurate adaptive motion detection algorithm for 

determining the regions in the image which are more likely to contain obstacles. These 

regions then have optical flow performed on them. We call this method targeted optical
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flow. Targeted optical flow performs significantly faster compared to regular optical 

flow. We employ two types o f optical flow to demonstrate the performance and speed 

increase of the proposed system. Finally, X-means clustering is employed for obstacle 

reconstruction. The system is designed for color videos for better performance. Several 

benchmark and recorded sequences have been used for testing the system. This method 

decreases the run-time of the system significantly in comparison with the methods 

employing optical flow alone.

In phase 3, the outcome from the horizon detection subsystem is utilized in the 

obstacle detection system to both speed up the process by either assigning the entire 

ground as an obstacle, and/or by allowing parallel processing of the ground and air 

segments.

We can summarize the major contributions o f this research as the following:

• Exploiting the discovered property o f the existence of a dominant light field 

between the sky and the ground right at the horizon path. This property is 

used for, extracting the horizon path very accurately and quickly for various 

types of terrain and scenes showing the horizon by using two different 

clustering methods: intensity based and A^-means clustering.

• Presenting a highly efficient and accurate method for detecting obstacles in 

both crowded and simple scenes. An adaptive technique was used for 

background detection and further analyzing the foreground sections o f the 

scene by means of two types o f optical flow.

11



1.5. Thesis Outline

In the course o f this text, the complete process o f construction of the system 

explained earlier will be discussed. In Chapter 2 a comprehensive review o f some key 

literature in the field of obstacle detection for unmanned systems is carried out. 

Preprocessing and noise reduction are discussed in this chapter as well.

Chapters 3 through 5 address the three main phases of this research described in 

Section 3 of Chapter 1. Chapter 3 tackles the problem of locating the exact path o f 

horizon region in different scenes. Two types of clustering for extracting the horizon path 

are studied in this chapter: intensity based clustering and AT-means clustering. Chapter 4 

deals with the problem of obstacle detection. First the hybrid motion detection algorithm 

is discussed. Then, clustering for reconstructing the obstacles is described. After all, the 

combination of these three methods (hybrid motion detection, optical flow, and 

clustering) is examined in order to pursue the ultimate goal o f obstacle detection in 

Chapter 5. Finally in Chapter 6 the concluding remarks and the potential areas and 

problems for future work are presented.
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Chapter 2: Related Work

2.1. Introduction

Many researchers have worked on horizon detection, obstacle detection and obstacle 

avoidance for UAV applications [8, 34-37]. In this chapter we briefly review some of 

these works focusing on two separate components: horizon detection and obstacle 

detection. First, horizon detection using image processing techniques is the centre o f our 

attention. While gradient based methods provide simple and fast solutions for detecting 

the horizon line, machine learning methods also provide useful solutions to the problem 

at hand. In the second part, we review obstacle detection via motion based methods using 

monocular cameras. We will finally examine other techniques such as stereo vision and 

knowledge based methods, as they provide useful insights. In this chapter o f this thesis, 

literature corresponding to horizon detection is covered in section 2.2 while the obstacle 

detection methods are covered through section 2.3.
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2.2. Horizon Detection

Horizon detection has attracted a great amount o f attention in recent years. One o f 

the first steps in achieving safe and reliable unmanned aerial systems is obtaining basic 

stability and control in the system. Several factors might cause instability and 

vulnerability in unmanned aerial systems such as low moments o f inertia and relative 

magnitude of wind [34]. Horizon detection is a potential solution to the above challenges. 

It is also obvious that the horizon line is very valuable for human pilots, since they can 

use it as their altitude reference point. Calculating some flight parameters such as pitch, 

roll, and yaw angles, for unmanned air vehicles is achievable thorough detecting the 

exact path of horizon as well [38]. It can also be used in other applications such as port 

security and flow management [35].

Image processing and computer vision based techniques along with machine learning 

constitute the main categories in horizon detection methods. Figure 2.1 illustrates an 

example of horizon detection by means of machine learning methods.

Figure 2.1. An example of horizon detection using machine learning methods, reproduced 
directly from [35] (permission for printing acquired).

In this section, we will study several approaches for horizon detection which have 

used the above methods.
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2.2.1. Image processing based methods

Zafarifar et al. [39] developed a method based on the combination of two detectors 

(edge and color) for detecting the horizon line in digital images. In their method, the 

transition o f color in the clear sky parts o f image was used for estimating the horizon line. 

In addition to the color based detector, Canny edge detector was applied to the digital 

images in order to find the most dominant edges in the image. The Hough Transform was 

then applied to the edge map so that important lines remained while insignificant edges 

were removed. As the last step, the two detectors (color and edge) were combined into a 

hybrid detection system so the benefits o f both detectors could be used. For instance, this 

property would be beneficial where there is no clear line/edge in the images as the 

horizon and the edge detector fails while the color detector can detect the color transitions 

near the sky. Equivalently there might be cases where there is no significant change of 

colors near the sky close to the time of sunset or sunrise. Although this method is 

appropriate for some special cases, it needs the sky to be absolutely clear and clean for a 

good performance. If the weather is foggy, rainy, and/or polluted it not possible to detect 

the horizon line accurately via this method. Besides, the horizon line between the sea and 

sky cannot be detected accurately using this method, since in this case there is no 

significant color transition around the horizon path at all.

In [34] Ettinger et al. employed a vision based algorithm for detecting the horizon in 

Micro Air Vehicles (MAVs). Their method was based on two primary assumptions: 1) 

the horizon line appears as a straight line in different scenes, and 2) the horizon line 

separates the image into two different regions with different appearances. In other words 

they tried to find a straight line inside the images which separates the image into two
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completely different sections with different appearances. The first assumption in their 

method increases the run time, since the search algorithm for the horizon path will be 

limited to a search only for straight lines. Following, for each possible straight line in the 

2D space, a search for the line which met the requirements of second assumption was 

performed. As a result, their proposed method was pursued in two phases:

1. Defining an optimization criterion for any hypothesized horizon line in order 

to match the horizon line with the second assumption mentioned above (the 

image being separated into two completely different regions with different 

appearances) as much as possible. In other words this optimization criterion 

measures the amount of agreement o f selected horizon lines with the second 

assumption.

2. Finding an efficient search algorithm through all possible horizons within the 

two dimensional space with the goal o f maximizing the above optimization 

criterion.

Color in RGB color space was chosen as the measure for evaluating appearance in 

this algorithm. The degree o f variance displayed by each hypothesized sky and ground 

pixel distributions was also selected as the optimization criterion named J, defined as:

1
|£s | +  |S5 | + (Af +  Xs2 +  2 |) 2 +  (XB +  XB + Af)2

where I s and I g are covariance matrices of the sky and ground pixel distributions 

respectively with Xsk and X f representing their correspondent eigenvalues:

16



(2.2)

(2.3)
t = i

where x f  and x f  represent all hypothesized sky and ground pixels respectively, while ns 

and ng denote the number of these pixels. jus and //gare also defined as:

In the next phase J  was maximized through an efficient search algorithm as follows: 

first the original images were down-sampled, and then the optimization criterion was 

evaluated on the down-sampled image for the two line parameters. In the next step J  

which was now a function of line parameters (bank angle and pitch percentage) was 

maximized and the optimum angle and pitch percentages were found. Finally, the 

bisection search was employed in order to fine tune the optimum horizon line parameters 

on the high resolution image. The method was tested for different video frames and 

during different time periods of the day and under different weather conditions. For most 

o f the occasions, the experimental performance was highly accurate, although in cases 

were horizon is not represented as an absolutely straight line the accuracy o f the method 

is degraded.

(2.4)

(2.5)
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In [40] Walia and Jarvis presented a new method for horizon detection in three 

different phases:

• Generating Pseudo Spectra Images (PSI) from RGB color space.

• Identifying wavelengths in the visible spectrum at which the PSI generated in the 

previous section has similar intensities for sky and cloud. Performing this task leads to 

minimization of artificial components due to clouds in the sky and helps to detect a more 

accurate horizon line.

• In the third phase, fitting ellipses is recommended as a substitute for Hough 

Transform in order to detect the horizon path when the shape of horizon is curvy and not 

absolutely straight. It is also demonstrated that using fitting ellipses instead of Hough 

Transform increases the run time of the overall system. Subsequent to applying a 

threshold to the edge map (using Sobel edge detector) of clear PSIs, fitting ellipses will 

detect the dominant enclosing curve in the image as the horizon path.

The proposed method was implemented on different scenes with different textures 

and the results were somewhat acceptable. Since the effects of artefacts were eliminated, 

horizon path was detected in complex environments as well as simpler ones. However, 

fitting ellipses may detect existing patches on the ground or in the sea (due to the waves) 

as the horizon curve by mistake.

Yuan et al. [41] proposed a vision based method for horizon detection which was 

intended to perform well in foggy aerial images. They believed that the horizon line 

could be determined precisely in the so-called “dark channel” space introduced in [42]. 

The dark channel was helpful in the sense that it could define the depth of haze naturally

18



and describe the distribution of fog in the atmosphere. Since in foggy aerial images the 

sky looks more grey than blue, using the blue channel is not appropriate for segmentation 

of sky and ground from each other. Extracting texture features for detecting horizon is 

not possible in foggy images either, as the textures are very faint in such images and 

hence there is not enough texture information available.

It was shown in this paper that the dark channel o f foggy images has higher intensity 

in areas with denser haze. As a result the intensity in foggy images will increase from 

above the horizon. This property can be used for segmenting the sky and ground from 

each other. An energy function was used as the criterion between the two distinct 

intensity distributions of sky and ground regions in the dark channel. The algorithm was 

tested on a flight video dataset and robust performance in foggy conditions was achieved. 

The proposed method is primarily a means to deal with a specific weather condition 

(foggy) and cannot be used for more general purposes.

Dusha et al. [38] proposed a horizon detection method in order to calculate the flight 

parameters for a fixed wing air craft. The main feature in their method was the parallel 

image analysis on the three color channel: Red, Green, and Blue. Applying this feature is 

important in the sense that the horizon tends to be correlated in all three channels 

equivalently. First morphological smoothing was applied on the three color channels 

because of its edge preserving properties. In the next step Sobel edge detector was 

applied on each channel separately and then the edge maps corresponding to each 

channel were combined together. Prior to the combination process, dilation was 

performed on each of three edge maps in order to increase the overlap o f the horizon 

between the three color channels. A great amount o f clutter reduction was observed in the
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result of combined edge maps compared to each edge map individually. Once the 

combination was done, multiple horizon candidates were tracked over time and the most 

likely candidate was chosen statistically as the horizon line. This horizon detection 

algorithm had a good performance over different terrains and weather conditions. 

However, images which have dominant straight edges other than the horizon line may 

prove to be problematic for this method as well.

2.2.2. Machine learning based methods

Shinzato et al. [43] investigated the horizon detection problem for autonomous 

navigation purposes in urban environments. Their proposed algorithm consisted o f four 

stages: feature generation, road identification, horizon identification, and combination. In 

the first stage each image was divided to a set o f sub-images and a number o f features 

were produced for each sub-image. Features such as averages, entropy, energy, and 

variance from different color channels (RGB, HSV, YUV and normalized RGB) and 

from each sub-image were then used for road and horizon identification goals 

respectively. The identifiers were designed for assigning the sub images into different 

classes. Each identifier was composed of several artificial neural networks (ANN) and 

each ANN used the extracted features in the first step as its inputs. The main difference 

between the two identifiers used in this method was the features and the training database 

used by the corresponding ANN. In the last stage the two identifier results were 

combined together and a “Visual Navigation Map” was produced for the task of
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autonomous vehicle control. Figure 2.2 illustrates the training database for horizon 

classification.

Figure 2.2. The original image on the left and the training database for horizon classifier on 
the right, reproduced respectively from [43] (permission for printing acquired).

Several experiments were performed using a Feist Artificial Neural Network (FANN) 

and good performance was observed in different traffic and weather conditions. 

However, the processes o f feature extraction and training are very time consuming which 

makes this algorithm inappropriate for real-time applications.

Another sky segmentation approach for obstacle detection in UAV systems was 

proposed by McGee et al. [44]. In their method, obstacles were detected by segmenting 

the scenes into two parts: sky and ground and then treating the non-sky segments as 

obstacles. The proposed method was first investigated in a hardware in the loop 

simulation and then was applied on a fixed wing unmanned aircraft. For the segmentation 

purpose, the image was first smoothed by means o f a Gaussian low pass filter in order to 

remove the effects of noise. After that, a Support Vector Machine (SVM) was employed 

for classifying each pixel of the image into sky or non-sky groups and based on their 

color in the YCrCB space. Since Support vector machines are binary classifiers and
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include several properties such as texture and color, they are a good choice for 

classification purposes. Once the classification was done, the horizon line was detected 

with a search algorithm. The algorithm was intended to find the line which best divided 

the binary sky segmented image which had been successfully classified into sky and non

sky regions. This goal was achieved by using Hough Transform following the removal of 

any small misclassified pixels in the binary image. Since several lines were detected as 

the horizon candidates via the Hough Transform, the best horizon line was selected by 

minimizing a cost function. Two sets o f video sequences were used for training and 

testing the support vector machine in the horizon detection algorithm respectively. The 

horizon was detected correctly in 90% of images via this method. Low resolution images 

in which the color o f sky and road were similar were the main sources o f error in this 

method.

Todorovic et al. [45] investigated the problem of sky/ground segmentation in images 

and videos corresponding to flight by means o f statistical appearance models. Modeling 

the sky and ground appearances is a task with its own complexities as the appearance of 

sky and ground may vary a lot, based on different lighting conditions, weather, 

landscape, video noise and etc. Hence, appropriate features must be selected for the 

modeling purpose. Including both color and texture features appeared as the best choice 

for accurate statistical appearance modeling. Additionally, considering the local and 

regional interdependencies in the selected feature set, led the authors to consider the 

Complex Wavelet Transform (CWT) for texture and hue and intensity (HSI color space) 

for color representation respectively. Next, Hidden Markov Tree (HMT) was then 

selected as the statistical model since CWT contained a tree structure inherently. Finally,
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a multi-scale Bayesian classification system was developed for the sky/ground 

segmentation. 500 sky and ground images were utilized in the training database; and after 

training, segmentation was performed successfully. For these types o f methods to work 

accurately, the sky and the ground appearance need to be significantly different from 

each other.

In [35], Fefilatyev et al. explored the horizon detection problem as finding the line 

that separates the scene into two parts: sky and non-sky parts. Using a classifier, a binary 

image was generated in which black pixels with value of 0 represented the ground class 

while white pixels with value of 1 belonged to the sky class. With the assumption o f 

horizon as a straight line, the objective o f the investigation was confined to finding the 

line between black and white areas in the binary image, which best matches, the actual 

horizon. The standard representation of line was used for describing the horizon line.

As the first step a line was manually drawn as the ground truth over the images 

which were used for the testing and training purposes. This step resulted in the ground 

truth values of the horizon line, p  and 6 which represented the distance from the origin to 

the desired line and the angle between the x-axis and the line perpendicular to the desired 

line respectively. Following, the pixels of the image were classified to sky and ground 

groups based on the below inequalities:

x  cos (6) +  y  sin(0) <  p  —* G round Pixel (2.6)

x  cos (0) +  y  s in  (9 ) > p  —* S k y  Pixel (2.7)

In the next step, a set of attributes such as smoothness, standard deviation,

uniformity, entropy, and etc were defined for each pixel in the dataset for training. Once
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the results were produced by a selected classifier such as SVM or J48 decision tree 

algorithm, the best separating line between the white and black areas in the binary image 

was found using an expectation minimization function like the one in [34]. Three 

different classifiers were used and 10 sample images were considered for the training 

task, with their result averaged together as the final result. Among the classifiers SVM 

was shown to have the most accurate performance. The obtained results were acceptable 

except for the cases were factors such as fog and sky reflection caused the classifiers 

segmenting the pictures incorrectly.

To summarize the mentioned methods for horizon detection, we can mention that 

most of the existing methods assume the horizon path as a straight line which does not 

hold true in all cases and might cause errors in the performance of the system. Moreover, 

different weather conditions can make the horizon path unclear and difficult to detect. 

Methods which are based on classifiers might not have enough generalization, as 

different horizon paths can be imagined based on the type of terrains, orientations, and 

weather conditions. As a result we are aiming to develop a method that can extract the 

exact horizon path (not only a line) in these different conditions. We also aim to make 

this method as fast and as generalized as possible.

2.3. Obstacle Detection

Most obstacle detection methods rely on two basic steps [9,46]:
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1) Hypothesis Generation (HG): The locations of possible obstacles in the image are 

hypothesized in this step.

2) Hypothesis Verification (HV): A few tests are carried out in order to verify the 

correctness of the results o f HG process.

Since an exhaustive search through the whole image in order to find the potential 

obstacles is very time-consuming, HG is first carried out in most obstacle detection 

systems. Various HG methods have been proposed in literature which can also be divided 

into three major categories [9, 46]: knowledge based, stereo based, and motion based 

methods.

Once the set o f hypothesised locations from the HG step are determined, the HV 

methods carry out different kinds of tests in order to verify the results produced in HG 

step. Predefined patterns from obstacles usually perform a correlation procedure through 

the HV step. Another approach in HV is learning the characteristics o f obstacles by 

means of a set of training images. In this section various approaches regarding obstacle 

detection for different unmanned systems and for different applications are studied.

2.3.1. Knowledge Based Methods

The first group of algorithms have been used in areas where some specific obstacle is 

needed to be detected and a-priori knowledge about the shape, size, texture, and/or color 

o f that obstacle is available [19, 20]. In these cases, the detection process would be
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limited to search for some special features such as: comers, edges, shadows, lights, 

colors, symmetries, and etc. These methods can be very useful for detecting vehicles, 

pedestrians, traffic lanes in the street, road-signs, sidewalks, sport tools, and etc. In 

general, knowledge based techniques are mostly used in traffic surveillance applications.

In this section we review some of the important literature in the field o f obstacle 

detection which employ primitive information about the obstacles. It should be noted 

here that most of the existing obstacle detection methods available in the literature were 

focused on unmanned ground vehicles such as autonomous cars. We could only find few 

obstacle detection methods developed for unmanned aerial vehicles. However, the ideas 

and methods used for ground vehicles can be suitable starting points for UAVs.

Ulrich and Nourbakhsh [20] proposed an appearance based obstacle detection system 

for mobile robots. In their method, a single passive camera was used and the results were 

presented as a binary obstacle image in real time. Color was selected as the feature 

around which the investigations took place as it provides rich information for the system 

to perform accurately in different environments. The pixels with significant difference in 

appearance from the ground pixels were defined as potential obstacles. Since the 

appearance of the ground was learned through different observations in this method, it 

was possible to employ a deeper reference area and also store and then reuse the learned 

data for several times. Three basic assumptions were made in this algorithm: 1) the 

obstacle pixels differ in appearance from the ground pixels, 2) the ground is almost flat, 

and 3) overhanging obstacles do not exist in the scenes.
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The second and third assumptions helped the authors in measuring the distance 

between the detected obstacles and the camera. The whole approach can be summarized 

into four basic steps. First the noise o f the color input image was removed by means of a 

Gaussian filter. Second, the blurred color image with its RGB pixel values was 

transferred to the HSI (Hue, Saturation, and Intensity) color space. In the third step, a 

trapezoidal area in front of the mobile robot was considered as the reference and the pixel 

values of this reference area in the HSI color space produced two histograms for hue and 

intensity. Finally all the pixels o f the input filtered image were compared to the hue and 

intensity histograms and the classification of obstacle and ground pixels was carried out 

according to the following statement: if  the hue and intensity histogram bin values at the 

pixels hue and intensity value are below the threshold the pixels are classified as the 

obstacle pixels. The proposed system performed well in various environments including 

indoor and outdoor scenes. It also produced a high resolution binary obstacle image in 

real time. Figure 2.3 illustrates the experimental results for this appearance based method 

with monocular color vision. As shown in the Figure, the results are accurate for indoor 

and outdoor scenes (including shadows) and in all of them the obstacles are segmented 

from the ground in the binary output image. While, considering color as the only feature 

for detecting the obstacles has advantages like being computationally cheap and easy to 

learn for a classifier, there are some shortcomings as well. For example, intense 

illumination variations cause changes in the color o f a surface, or the probability of 

obstacles having similar color as the ground, both o f which result in errors in the system.
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Figure 2.3. The experimental results for the proposed system in indoor and outdoor scenes, 
reproduced directly (permission for printing acquired) [20].

Another approach using color information for obstacle detection was proposed by 

Batavia and Singh [47]. The presented method was based on a combination of two 

complimentary methods: adaptive color segmentation and stereo based color 

homography. It was basically used for large robots in constructed roughly flat 

environments where there was no significant color variation. Color was used as the 

dominant feature for classifying the image into obstacles and free space regions and 

based on their color in HSI color space via a set of training images. Training was 

performed by means of two dimensional histograms where several images with different 

lighting conditions were used. A color pixel with its representative H and S values was 

used such that, colors with high occurrence will have high values in the histogram bin 

and so the system can learn which colors constitute the traversable areas in the scene such 

as grass. Stereo based color homography facilitated the system with the ability to 

understand whether a specific image feature rises above the ground plane or not, without 

computing range information. Image warping was used in order to warp the left camera



image to the right camera and make a comparison between the actual right image and the 

warped one. If certain image features rise above the ground, then these two images will 

not be matched. When an obstacle is detected by color segmentation, the homography 

verifies whether the obstacle rises above the ground or not. In other words, the 

homography provides unsupervised training for the color segmentation system. This 

complementary property of the overall system results in robust and accurate performance 

in different conditions. Meanwhile, since homography calculation is performed under the 

assumption of having planar (flat) road, terrain information in the form o f a digital map 

will be needed for more general-shaped roads. Another disadvantage of homography- 

based techniques is that they are often confused by occlusions in scenes.

In [48] Bertozzi et al. designed a vision based obstacle detection system intended to 

detect the vehicles in the path of a moving vehicle. Their proposed method was based on 

the fact that most o f moving vehicles inside a road have rectangular shape. Therefore the 

proposed obstacle detection system was aimed to extract all rectangular shapes that could 

represent possible vehicles in the path. The method is as follows: As the first step a few 

processes such as down-sampling and averaging were performed on the input image in 

order to acquire the proper resolution and eliminate the noise respectively. The input 

image was also converted to a binary image with its edges detected. Finally four binary 

images indicating the presence o f comers were determined as the last step o f low level 

processing. In the next step, the four non-symmetric patterns were used for detecting the 

comers in the image. After that, the algorithm searched for the upper left comers. For 

each of the detected upper left comers, the matching lower left, lower right, and upper 

right comers were examined respectively. Prior to fully constructing the rectangles, it is
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possible to reject some of the detected comers based on some simple assumptions. For 

example if a rectangle is detected in the lower right part o f the image, it means that it is 

close to the camera and hence its size should be larger compared to other ones. Making 

such assumptions provides significant speed-up in the system. Finally rectangle 

validation process was performed in order to reject the constmcted rectangles with at 

least one invalid side. A side was considered valid if at least half o f its constitutive pixels 

were found in the corresponding binary image. The algorithm was tested in different 

illumination conditions including curvy and straight roads. Although lane markings 

caused false positives in some occasions, the vehicles were generally detected 

successfully.

Buluswar and Draper [49] presented a novel real-time technique for color 

recognition which was used in a number o f applications such as obstacle detection for on 

and off- road vehicles, lane and road detection in highways, and target detection for 

unmanned military systems. It was shown in their proposed method that characteristic 

distributions in RGB color space can be used for representing the shift in the apparent 

color o f objects under different outdoor conditions. Since RGB color space results in no 

distortion in the initial color information, it is suitable for the task at hand. The 

aforementioned distributions were then learned from several training samples. 

Multivariate Decision Trees (MDTs) [50] were utilized for modeling the objects in RGB 

color space and by means of a non-parametric approximation approach. Subsequently, 

classification of image pixels was carried out based on their corresponding locations in 

learned decision boundaries. Although this knowledge-based method is fast due to the 

analyzing a single image, suffers from false positives when obstacles do not match the

30



knowledge particularly under adverse weather conditions. 45 tests were carried out for 

analyzing the performance of the system where 176 bushes were detected out of 212 

identifiable bushes in the scene. Moreover there were many false positives due to the 

grassy regions in the scene.

Matthews and Harris [51] investigated the problem of vehicle detection by 

introducing a new algorithm in two stages. Fist a region of interest (ROI) for vehicle 

locations was designed by means of image processing tools and by considering different 

vehicle cues such as width, vehicle light, and vertical location. Then a recognition 

process was carried out based on the results obtained in the first stage. During the 

recognition process, Principle Component Analysis (PCA) was used as input for Multi- 

Layered Perceptron (MLP) classifier. Horizontal and vertical edges were considered as 

significant signs for regions o f interest with potential vehicles inside them. In order to 

detect the candidate positions for possible vehicles, left and right position o f vehicles 

were first localized by extracting the edge profile of the input images and then 

distinguishing the vertical edges separately. Once the local maximum peaks o f the 

vertical profile were found, localizing the left and right position of the corresponding 

vehicle became possible and the aforementioned ROI was constructed. Finally local 

features from the ROI extracted by means o f PCA were used for the ultimate 

identification of vehicle using MLP. The classifier design was significantly simplified 

due to the combination of two different recognition methods. The final hybrid algorithm 

was successfully examined on a large number o f image sequences in real-time. However, 

extracting vertical and horizontal edges cannot be used for obstacles with curvy shapes 

present in other applications.
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Another approach using image features for obstacle detection was proposed in [19] 

by Kalinke et al. In their proposed method, texture was selected for segmentation. The 

local information content of the image was extracted based on the information theory of 

entropy introduced in [52], Entropy was calculated in order to measure the amount o f 

uncertainty or disorder in different regions of an image. Regions with more uncertain 

content contain more information for further processing. The intensity distribution 

(histograms) of each image region was used for the calculation of entropy which 

determined the quantity o f structure and texture in each region.

While entropy provided useful texture information for object classification, Kalinke 

et al. also proposed another method based on co-occurrence matrices [53] which was 

more accurate, and consequently more time-consuming, due to second order statistics 

calculations. In this case a number o f geometric and intensity constraints were first 

applied and then probabilities related to co-occurrence pixel pairs under these constraints 

were calculated by means of co-occurrence matrices. Out of the 14 statistical features 

extracted by co-occurrence matrices [53], 4 parameters including energy, contrast, 

correlation, and entropy were distinguished as critical features for the object detection 

task. Finally a learning classifier based on the Hausdorff distance was applied for the 

ultimate decision of whether the detected object hypothesis is actual objects or not. While 

this approach has been demonstrated to be successful in most cases o f vehicle detection, 

specific patterns on the scene such as shadows usually deceive the vision system and 

result in some errors.

Sun et al. [46] developed a new pre-crash vehicle detection system using a low light 

camera system. A multi-scale approach was applied in the HG stage, while appearance-
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based methods performed the HV process. Multi-scale techniques increased both the 

performance time and robustness of the system. During HG process and following down- 

sampling and smoothing, vertical and horizontal edge detection was performed on input 

images. Horizontal and vertical edge profiles o f the images were computed and low-pass 

filtered in the next step. Finally local maxima and minima of the two profiles were 

detected where each triplet o f peaks (the two vertical peaks and one horizontal peak) 

defined a rectangular area that enclosed a vehicle. Six different feature extractors such as 

principle component analysis, wavelets, and Gabor filters were investigated with two 

different classifiers: Multilayer Feed Forward Neural Network and Support Vector 

Machines. Two different sets of images containing more than 2000 vehicle and non

vehicle pictures were used for the training task. The performance of different feature 

extractors with the two classifiers were analyzed and compared to each other during a 

comprehensive experiment. It was concluded that feature fusion of Haar and Gabor 

features result in the most robust detection. An error rate of 3.8%-9.1% was acquired 

using this method.

Fasola and Velosois addressed the problem of obstacle detection for a robot to detect 

its teammates and opponent robots in a RoboCup match [54], Their proposed method 

utilized both color segmented and greyscale images taken by the camera installed on the 

robot in the play field. The color segmented image was used in the HG step in order to 

find the random objects on the field so that the potential locations o f the robots were 

distinguished. Further analyzing of these locations was done (HV step) on greyscale 

images. The color segmented image was produced with the CM-vision color 

segmentation algorithm which was introduced in [55] and applied in two steps on images
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in YUV color space. Field horizon was detected in the first step while non-field, non

green present objects were detected in the second step. Field horizon was detected by 

scanning along the image columns in order to find the highest point in the image where 

the number of consecutive green pixels was above a predefined threshold. Non-green 

objects were located by scanning the images along each column and below the horizon 

line in order to find non-green pixels. Finally a classifier was used in order to determine 

whether the detected objects in the previous part are robots or not. After that, the two 

methods were combined together for generating the final results. The final method was 

applied on a set o f 327 images and an accuracy o f 97% was achieved. It was also possible 

to achieve a speed around 60 frames per second for the majority o f the images tested in 

this research. Since the non-green objects were detected in the second stage of this 

method (classifying the objects from the green field), this method cannot be used in more 

general cases were the assumption of green ground does not hold true.

To summarize the investigated methods, we can conclude that most o f these methods 

perform well when a specific obstacle needs to be detected. Most o f  the above methods 

cannot be used for detecting more generalized obstacles such as obstacles with curvy 

shapes, with significant color or texture variation with respect to the ground, and in 

intense illumination changes. Also, occlusions in the scene and non-planar roads usually 

cause problems in these types of methods. Moreover, these methods often require 

learning and are more time consuming compared to other methods. As a result we aim at 

developing a more generalized method where different obstacles with different shapes, 

colors, and sizes can be detected without knowing any a-priori information about them.
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2.3.2. Stereo Vision Based Methods

In this section we review some of the important literature in the field o f obstacle 

detection which are based on stereo vision. Stereo vision is a well-known method which 

employs three dimensional depth information o f the scene in order to perform several 

tasks such as obstacle detection [22], contour map calculations [56], virtual 

representation creation [57], pose estimation [58], biometric recognition [59], human- 

computer interaction (HCI) [60] and etc.

As we can see in [9], two main methods have used stereo vision information for 

detecting obstacles. While the first method employs disparity maps, the second one uses 

an anti perspective transformation: Inverse Perspective Mapping (IPM). Both methods 

need to calculate camera parameters before any further processing by means of camera 

calibration. The objects in both methods are seen by two or more cameras and from 

different points of view. Figure 2.4 shows the geometry o f linear cameras used in stereo 

vision [61].
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Figure 2.4. Geometry of the Linear Cameras [61].

The difference between corresponding features in two different images from one 

scene (right and left image) is called disparity. The disparity o f the corresponding 

features is also caused by the relative displacement between corresponding points in 

stereo images. Knowing the parameters of calibrated cameras and computing the 

disparities of all image points/pixels, we can form the disparity map which can further be 

converted into the 3D map of the corresponding scene. Using the disparity map, we can 

form a histogram of all the pixels within a special depth of interest according to their 

disparity interval. If an obstacle is present within our specific depth of interest, a peak 

will be observed in the corresponding histogram bin [9] .This method is both time 

consuming and complicated, since matching the corresponding features within an image
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takes too much time. Hence, many approaches are aimed at finding proper simplification 

techniques which make less complicated real time achievements possible [62-64]. Other 

problems such as low resolution regions, occlusions, and periodic features make the 

correspondence task relatively difficult [37]. However it is possible to perform this 

method well and even in real-time.

IPM represents a geometrical transformation limited by the restriction that the 

inversely mapped points must stand on the horizontal plane. Each pixel from the 2D 

perspective view of a 3D scene is projected and remapped to a new position through IPM. 

A new image on an inverse 2D planar will then be constructed. Figure 2.5 illustrates the 

geometry o f IPM. In this Figure N  is the projection center point and P  is a point in 3D 

space. If we need to find the image of point P  through perspective mapping, we have to 

intersect the straight line that goes through the 3D point and projection center point (N) 

with the image plane. IPM works as follows: in order to trace the perspective mapping 

back to the inverse 2D planar, we need to intersect the straight line that goes thorough the 

image point Pi and the projection center point N  with the horizontal plane. The point that 

results from this intersection on the horizontal plane is the outcome of applying IPM on 

the image plane P/..
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Figure 2.5. Geometry of IPM [9].

One major problem associated with stereo-based methods is sensitivity to the 

recovered camera parameters. Robust methods are therefore required to recover camera 

parameters due to different factors such as vehicle vibrations [46]. Following are some of 

the literature using stereo based approaches for obstacle detection.

Wang et al. [65] proposed a real-time obstacle detection method used in Unmanned 

Surface Vehicles (USV). Normalized cross correlation template matching method was 

used for the correspondence process between the left and right images, the bounding box 

o f obstacles in the left image was considered as the template window and its 

corresponding epipolar line in the right image was considered as the search area. The 

maximum value in the result map of template matching defined the obstacle location. The 

final system was able to perform in real-time and detect multiple obstacles in different
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distances from the USV and with different speeds of USV. However, this method is not 

applicable to all terrains including ground and sky since a-priori knowledge is used for 

detecting the obstacles on the surface of the sea.

Bertozzi and Broggi introduced the Generic Obstacle and Lane Detection (GOLD) 

system in order to increment road safety of vehicles and with the assumption of planar 

and flat roads [67]. Inverse Perspective Mapping (IPM) algorithm was applied on stereo 

images and two road patches were produced. Once the difference between two remapped 

images was calculated, the obstacles could be detected based on this assumption. 

Anything that is rising above the flat road and its corresponding difference image has 

enough large clusters o f non-zero pixels is detected as an obstacle. A planar histogram 

was also used for detecting the triangular shapes in the scene, since the localization of 

triangles was difficult due to the texture and non-homogeneous brightness o f obstacles. 

The overall system was tested on an experimental land vehicle and was proven to be 

reliable and robust in most situations where the assumption of planar road remained true.

Franke and Kutzbach [62] investigated vehicle and pedestrian detection problem, in 

particular for stop and go traffic, and developed a new stereo approach. A local feature 

extractor was employed for the correspondence process between stereo images. Each 

pixel inside the input images was mapped into one class using structure classification and 

based on its intensity difference with its 4 direct neighbours. The classifier then divided 

image pixels into three groups and only kept the group which represented the vertical and 

diagonal edges for further processing. This step reduced the computational time of entire 

system significantly. Next, during the matching analysis the corresponding pixels were 

detected by simply examining whether two pixels belong to the same class or not. A
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disparity histogram was then formed. The according peaks in the disparity histogram 

determined the potential objects in the scene. A certain peak or disparity interval can then 

be used for the extraction of its constitutive pixels. Since the analysis was carried out for 

stop and go applications, a fixed triangular ROI along with a constant threshold for peak 

detection (disparity) was used. Hence, it is not possible to make use o f this method in 

occasions where multiple obstacles exist over a wide distance range.

Nedevschi et al. [68] proposed a high accuracy obstacle detection system in which 

even far distance obstacles were detected precisely. Like most other existing techniques, 

correspondent points in the left and right images were first found out and then mapped 

into 3D construction. However, in this method only edge points in the left image were 

correlated to the points of the right image using a gradient based vertical edge detector. 

Next, area based correlation was performed based on Sum of Absolute Difference (SAD) 

function. During the classification of 3D points into object and non-object groups, points 

with certain properties such as being at the road level, high altitude from the road were 

rejected. The remaining points constitute the SOI. In the satellite view o f SOI, regions 

with low density were rejected as they mostly contained noisy points.. The final system 

was tested for different indoor and outdoor traffic scenarios and represented good 

performance with processing time of 10 frames per second. Since in this method only a 

subset of image pixels are matched, there might be lack of information for achieving a 

robust performance in more general cases (other than vehicle detection).

A graph based approach for stereo matching obstacle detection was proposed in [69] 

by Foggia et al. Their proposed method was based on representing each image of stereo 

pair as a graph and then performing the matching process between the representative
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graphs. The method then segmented the correspondent right and left images using a 

simple multi-threshold segmentation process which performed an adaptive quantization 

of the histogram in some color ranges on each image. Next, 4-connected areas o f the 

same color in each segmented image were detected by means of a connected component 

detection process. Each connected area represented a node in the final graph o f each 

image. The matching process was carried out by means of Weighted Bipartite Graph 

Matching (WBGM) [70]. Finally the disparity value for the matched nodes was 

calculated in order to form the disparity map. The connected regions in the images within 

a specific range of distance in the disparity map were selected as objects. Like most 

stereo based methods, the evaluation of this graph-based technique in the presence of 

noise, occlusions, and non-textured obstacles resulted in a few errors.

Visual obstacle detection for UAVs was investigated by Byme et al. in [37]. In their 

proposed method a combination of image compression, image segmentation, region 

tracking, and stereo based methods was applied for robust and real time obstacle 

detection in UAVs. In the first step the correspondence procedure was performed with the 

Acadia I vision processor [71] and based on 4-pyramid SAD (Sum of Absolute 

Differences) approach. The regions with poor correspondence were then removed using 

left/right consistency check and SAD threshold. Following the matching process, the 

disparity map was created. In the next step image segmentation was carried out and each 

region in the segmented image was reconstructed in the 3D space by means of 

triangulation. Finally some statistical parameters such as disparity variance were 

calculated for each region in the segmented image and regions with parameters less than 

some specific thresholds were eliminated. Obstacles were determined as the remaining
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regions which fall within a cylindrical collision volume. Four flight experiments were 

carried out with single obstacles positioned in the path of UAV. The obstacles which met 

the requirement of falling within a cylindrical volume were detected accurately via this 

method.

Most o f the presented methods in this section perform well when assumptions such 

as planar roads holds true. As a result in the case of curvy roads some errors might arise. 

Furthermore, non-textured obstacles, occlusions, and presence of noise cause problems in 

stereo methods. We intend to design a monocular vision system which can be used as a 

backup and complementary component for the stereo vision systems. In case the stereo 

system fails to perform due to one of the above reasons, our system can step in. Also, 

along with stereo systems, our system can reinforce decisions, especially when a 

particular object is detected by both a stereo system and our system.

2.3.3. Motion Based Methods

Motion based approaches make use o f the relative motion between camera and the 

obstacles in the scene for detecting the obstacles. This relative motion is typically 

computed by means of optical flow. Optical flow produces velocity vectors which 

represent the motion of different fields inside an image or in the scene. These vectors 

provide us very useful information about the possibility of existence of obstacles in the 

scene. In order to detect the obstacles, the image is first divided to smaller segments. 

Next, the optical flow vectors are calculated for each subdivided segment. The parts
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which have significant speed difference from the global speed estimation are considered 

as potential obstacles in the corresponding scene. There are various methods for 

calculating optical flow vectors. Lucas-Kanade [72] and Horn—Schunck [73] are two 

common optical flow tools which apply differential based methods. Figure 2.6 shows the 

optical flow vectors representing the relative movement between the objects in a scene 

and the camera.

Figure 2.6. Optical flow vectors for a scene where the camera has an upward trajectory.

All of the methods discussed so far (knowledge based and stereo based), employ 

spatial features in order to complete the obstacle detection task. Relative motion between 

the camera and objects is another feature that can be helpful in extracting obstacles from 

the background in various scenarios. This may be calculated using optical flow. Image 

sequences are needed for optical flow computation, instead of single images, in order to 

extract the information about the dynamic aspects of the corresponding scene as well as 

the three-dimensional structure o f the environment.
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Several methods are available for computing optical flow vectors which represent the 

velocity of different parts inside the image. These methods can be classified into two 

major groups: Region-based matching methods [74], differential-based methods [75]. In 

all of these methods the temporal displacement o f image pixels within an image sequence 

is described. In this subsection we review some of the important literature in the field o f 

obstacle detection which employ motion based methods.

Young et al. [76] proposed a new method for obstacle detection using optical flow 

without recovering range information. In their proposed method both obstacle detection 

and terrain slope calculation tasks were carried out based on the assumption of pure 

translational motion. A reference flow line was first estimated by investigating the 

observed optical flow belonging to regions on the ground and near the moving vehicle. In 

the next step the difference between this reference flow line and the flows o f the objects 

projected onto the image line was computed. Finally the computed difference in the 

second step was used to determine the types o f existing obstacles. If  the computed 

difference was positive then the correspondent point was considered as a protrusion 

relative to the reference line. In case o f negative values the point was considered as a 

depression relative to the reference line. Since only one component o f optical flow was 

needed in this algorithm, the sources of error in this method are minimized and hence, the 

method is fast, simple, and robust. Two types of experiments were carried out in order to 

evaluate the performance of the method. A bump and a pothole were detected in each 

experiment successfully. This method can be used for autonomous ground vehicle 

navigating and also for air vehicles taxiing applications.
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In another approach Enkelmann et al. [77] investigated motion based obstacle 

detection by computing optical flow vectors. Stationary and moving objects in front o f a 

moving vehicle were detected successfully using this method. Their proposed method 

was categorized into three main steps:

• First the optical flow vectors were calculated for all image pixels and by using a 

local analytical approach.

• In the second step, the expected image motion was described by model vectors. 

By expected image motion, they meant the expected shift o f a projected scene point on 

the road plane.

• Finally the difference between the calculated optical flow vectors and the model 

vectors obtained in the two previous steps was estimated for obstacle detection.

The ego-motion (speed and angular velocity) of the camera mounted on the moving 

vehicle was obtained from sensors, which described the expected motion of the camera. 

Obstacles were detected at image locations where the calculated difference between the 

sensors and the camera was significantly large. Cameras were mounted in different 

heights and on different vehicles for the experimental results. Real-time optical flow 

calculation performed well with higher altitudes o f the mounted camera. Since a sparse 

motion field was computed, detecting the complete shape o f the objects may not be fully 

accomplished.

In [78], Kruger et al. employed optical flow vectors in order to obtain motion 

information and three dimensional structures o f scenes using a special hardware. Once 

the optical flow vectors were computed by using the spatio-temporal derivatives o f the
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image pixel intensities, all similar vectors were clustered at connected image locations. 

Clustering similar vectors in specific groups decreased the computational time 

significantly even to real time requirements and it also helped the elimination o f the 

outlier vectors. Following the clustering task, the clusters which were not grouped within 

any particular cluster were eliminated and also one optical flow vector was selected as the 

representative of each cluster for the next steps. Given an optical flow vector at an image 

location, it was needed to decide whether the image at that location was the projection of 

an obstacle in the real scene or not. In this point the objects were detected in two stages: 

first moving objects were detected at those image locations where there was adequately 

low probability that the regarding optical flow was caused by the relative motion of a 

stationary point in the scene. In the second stage, the optical flow vectors which had high 

probability o f being caused by the relative motion of stationary points were processed. In 

this case the stationary points were detected as obstacles based on their height. Finally the 

moving objects were separated from the stationary environment. Different image 

sequences were recorded and tested with this algorithm. Stationary obstacles as well as 

moving objects were detected and classified in these experimental sequences. Flowever, 

like many other mere optical flow based methods challenges due to texture, small speeds 

o f obstacles, and strong illumination changes may exist in this method as well.

Demonceaux and Kachi-Akkouche [79] dealt with the problem o f obstacle detection 

using a single camera based on motion analysis. In their method the Brightness Change 

Constraint Equation [79] was solved by means of wavelet analysis. Utilizing wavelet 

analysis reduces computational time. The road velocity was then described by a quadratic 

model in order to detect the obstacles with small speed. Finally instead of finding the
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difference between the calculated velocities and expected global velocity, a fast and new 

Bayesian model (a hierarchical model) was used in order to detect the areas which have 

different motion from the road. This process made the obstacle detection task more 

robust due to the noise in the images and the errors regarding the optical flow 

estimations. It was shown in the experimental results that any obstacle on all types o f 

road and in different image conditions is detectable via this method.

Braillon et al. [80] modeled the optical flow field of the ground plane without 

explicitly calculating the optical flow vectors o f the scene at every image pixel. This 

considerably reduced the computational time due to optical flow calculations. The 

classical pinhole camera model constituted the basis o f the camera model in this method 

while, the skew factor and distortions due to the lens were neglected. A relation between 

the homogeneous coordinates o f a pixel o f the ground and its derivatives was extracted 

and the optical flow vectors for each pixel (assuming that each pixel is in the ground 

plane) were then obtained from this equation. Once the optical flow vectors were 

calculated, it was clear that if a pixel corresponds to a point on the ground, its optical 

flow vector will be the same as the ground model. Several similarity measures were 

applied in order to compare the actual displacements of image pixels with the theoretical 

one obtained from the ground model. Among these measures SAD (Sum of Absolute 

Differences) and SSD (Sum of Square Differences) yielded the best results. The overall 

algorithm was examined for different videos and objects were detected in most scenarios. 

It was shown that even with gaps in the video sequence and even with very far obstacles, 

the detection was performed well. However, in the case that the ground does not have a
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dominant motion against the surrounding environment, reliable detection of the ground 

plane is not possible using this method.

Pantilie et al. [32] addressed the problem o f obstacle detection in crowded scenes 

such as intersections, by combining dense 3D range information and dense motion 

information and by means of a depth-adaptive polar occupancy grid. The main advantage 

of the proposed approach was the possibility to detect the individual obstacle boundaries 

more accurately. Hence a clear and accurate discrimination of individual obstacles was 

obtained using this method. The coordinates o f reconstructed points in 3D structure 

which were provided by depth map were measured in the first step. Following, the 

obstacles were separated from the road in two parallel phases. For the urban 

environments elevation maps were used for this purpose, while model based probabilistic 

lane detection and tracking algorithm were employed for structured environments. In the 

second step, the ego-motion of vehicle was computed using the information provided by 

car sensors. The points, for which the 3D reconstruction in both current and previous 

frames is available, were then fed into the 3D motion calculation system. The 3D ego- 

motion compensated motion of image points was then obtained and the difference 

between predicted ego-motion and computed 3D flow provided the 3D flow field 

regarding to the moving obstacles. Finally the computed motion information and the 

polar occupancy grid were fused together by projecting motion vectors into their 

corresponding cells in the polar occupancy grid. Circular histograms were formed for 

each cell and its highest peak represented the dominant orientation o f that cell. The 

motion magnitude of each cell was also considered as the average magnitude o f vectors
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moving in the direction of dominant orientation. A labelling algorithm was used to group 

the cells motion differences as different obstacles at last.

Low and Wyeth [81] investigated an obstacle detection system that used range 

information of objects obtained by optical flow vectors. Feature based optical flow 

estimation was performed in their method since it produces a more sparse optical flow 

field with less computational time compared to differential based methods. Comers 

detected by Harris comer detector were selected as features to be tracked and matched. 

Normalised cross correlation coefficient was then employed for matching the detected 

comers. The range information provided by means of optical flow was then used to 

construct an obstacle map in the next step. The range threshold function in the obstacle 

map is a proximity scale between 0 and 1 in which 1 represents the closest obstacles. 

Finally three main problems regarding optical flow were investigated and solved in this 

research. Problems due to lens distortion and rotational disturbances which add errors to 

the calculated optical flow vectors must be eliminated for robust performance. Two sets 

of experiments were carried out where relatively good information was provided by 

optical flow vectors, although some incorrect obstacle information was produced as well.

Detection of the dominant plane using optical flow was proposed by Ohnishi and 

Imiya [82], By dominant plane they meant the plane which occupied the largest domain 

in the image. If the camera displacement is small, the relationship between the 

corresponding points lying on the dominant plane and in two successive images can be 

described by an affine transformation. The affine coefficients of dominant plane points 

can be calculated from the optical flow vectors on the dominant plane. Lucas-Kanade 

with pyramids was applied for the optical flow estimations and by random selection of
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three points. The planar flow was estimated from the affine coefficients in the next step 

and then the computed optical flow and the estimated planar flow were matched together. 

The difference between the estimated and computed optical flow fields yielded the 

dominant plane detection with the constraint o f occupying at least half o f the image 

space. The dominant plane detection can be very helpful in the task o f obstacle detection. 

In cases where background detection is difficult due to the existence of varying light and 

vibrations of camera and the background occupies the largest area o f image, this method 

can extract the background and make the further process o f obstacle detection easier.

To summarize, we can mention that most o f the methods above produce sparse flow 

fields. As a result the detection of complete shape of obstacles will not be possible using 

these methods alone. On the other hand, producing dense flow fields for complex scenes 

might be time consuming and difficult to analyze. In addition challenges due to texture, 

small speeds of obstacles, and strong illumination changes exist in some optical flow 

based methods. As a result we aim to develop a method based on optical flow calculation 

which is both fast and accurate and able to detect the complete shape o f obstacles. Also 

reducing the effects of illumination and the small movements of obstacles is required.
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Chapter 3: Horizon Detection

3.1. Introduction

Horizon detection is a key component in many applications including, calculation of 

flight parameters (roll, pitch, and yaw angles) as well as UAV navigation and guidance 

[35]. In this research, horizon detection has been studied in order to simplify the problem 

of obstacle detection in UAVs. In addition to navigation applications detecting the 

horizon line results in the division of the scene into sky and ground. Consequently, the 

analysis of ground and sky regions can be performed through completely different 

obstacle detection processes. This can be facilitated by labeling the ground as one single 

obstacle for avoidance and then focusing the obstacle detection analysis on the sky 

portion alone. Otherwise the analysis o f obstacles in the sky and on the ground can be 

performed separately and with different algorithms or parameters. Here, we first separate 

the sky and ground through our proposed horizon detection algorithm and then apply the
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targeted optical flow method on each part separately. This will reduce the run time o f the 

whole system or alternatively enable a more accurate analysis o f the sky given the 

available time frame.

The method for extracting the horizon path proposed in this research is based on the 

existence of a unique light field that occurs in imagery where the horizon is viewed. In 

the various data sets including different types o f terrains we have examined, all o f them 

exhibit this light field effect at the horizon. Clustering the image is proposed as the 

solution for extracting this light field. This can be carried out very quickly and accurately. 

The proposed method can detect the horizon path not as a straight line but as the exact 

boundary between the sky and the ground regions (or equivalently sky and sea regions). 

The horizon path is detected precisely via this method in different weather, light, and 

terrain (snow-covered, grass-covered, or soil-covered) conditions.

Different clustering methods can be employed in order to extract this light field. 

Among these methods, A^-means and intensity-based are examined. Experiments indicate 

that both methods detect the horizon line precisely (95% accuracy) and this shows the 

effectiveness o f the proposed technique both in terms of the approach and the tools used 

for the purpose at hand. Experiments are carried out to automate the process in terms of 

the number of clusters required for detection of the horizon path.

In this section the methodology of our horizon detection algorithm is explained. First 

the intensity and AT-means clustering methods will be described. Following the union find 

algorithm which is used for further processing will be presented. Section 3.3 presents the 

results and discussion on several issues including time requirements and speed, as well as
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selection of the optimum number o f clusters. Finally in Section 3.4 the performance o f 

the method is discussed.

3.2. Methodology

The proposed method employs light intensity gradients near the horizon line to 

detect the exact path o f where the sky region meets the ground (or water). A common 

element in many horizon scenes is a small and thin region slicing the image in two 

sections near the horizon path or region of interest (ROI).

The abovementioned region, which appears as a light field, is caused due to the 

sudden appearance (or lack of) sun light, as well as the two differently coloured regions 

(sky and ground) meeting. There, for detecting the horizon path, we exploit this property.

Figure 3.1 illustrates several instances where this region is clearly visible. In this 

Figure the original scene is shown on the left side of each group, while the zoomed-in 

image with its light field region clearer is shown on the right side. The first three images 

((a), (b), and (c)) are from [35] with permission for printing acquired. The rest o f images 

are from two datasets: Sander Geophysics Ltd (SGL) and, the dataset recorded using 

Carleton University’s Telemaster UAV. These datasets are not publicly available. The 

resolution of the images is 640x480 pixels and they are acquired with a camera with the 

frame rate of 30 frames per second (fps).
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Figure 3.1. Horizon scenes showing regions with light intensity changes at the ROI: (a), (b), 
and (c) are from [35] (permission for printing acquired), (d) through (n) are from the 

Telemaster and SGL datasets. The image on the left is the original; the image on the rights 
is the processed image from the left that exhibits the high intensity light field indicating the 

location of the horizon. It is particularly clear in (b), (g), and (j).

To detect the described regions near the exact horizon path in images, clustering is 

used. Clustering approaches were one of the first methods used for segmenting natural 

images due to their simplicity and efficiency [83]. By selecting the sufficient number o f 

clusters, the ROI can be extracted for further analysis and also obstacle detection 

purposes.

Prior to clustering, pre-processing is carried out. In order to minimize the effects o f 

noise, the greyscale image is first mildly blurred using the Gaussian filter which 

eliminates the high frequency components o f the image. The Gaussian function for two 

dimensional spaces is defined as:

1  ~ ( x 2+y2)

G(*,y)= 2 ^ 2  e  2ffZ C3 -1 )

where a  is the standard deviation of the Gaussian distribution and jc and y  are the 

horizontal and vertical coordinates respectively.

Clustering is then carried out as the next step for detection of the ROI. Two types of 

clustering were evaluated for this purpose: intensity-based and /C-means. These two



methods are selected as they are easy to implement and perform accurately and fast. 

Neither o f the two methods involve a learning process. Since many different terrains exist 

in horizon scenes, learning processes are often difficult and complex; hence, avoiding 

them would be beneficial.

3.2.1. Intensity Clustering

Clustering based on the pixel intensities has been widely explored in the past [84, 85] 

and is one of the most primitive and intuitive image processing techniques. While the 

color or intensity information in an image might seem naive, they are, in fact, extremely 

valuable and data-rich [85]. This is because pixels o f an object that appear relatively 

close in an image are very likely to appear within a specific range o f intensities. This type 

of segmentation is therefore used in many machine vision applications [85].

Intensity segmentation is usually performed by dividing the entire intensity spectrum 

into a fewer number of values through quantization. As shown in Equation 3.2, the pixels 

containing similar quantized values fall within the same cluster based on this type of 

clustering.

Ic =  f l o o r h
(255/n)J

(3.2)

In Equation 3.2, Ic is the set o f pixel intensities after clustering, f  is the set of pixel 

intensities of the original image after greyscale conversion and blurring, and n is the
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number of clusters. The horizon cluster is clearly visible and detectable via the proposed 

method by selecting the correct number of clusters. However, in many cases, n can vary 

within a reasonable range, sometimes as large as between 3 and 30. A technique is 

presented in section 3.2.3 in order to obtain the required number of clusters for each 

scene adaptively.

3.2.2. K-means Clustering

/C-means is another method for classifying a number of objects/points (n) into a 

predefined number of groups/clusters (&) [86]. It is one of the most commonly used 

techniques in clustering based segmentation applications [85]. The classification is based 

on the similarity/proximity of each object to the center point o f each group. In other 

words, the object which has the most similarity to the center point o f a group is assigned 

to that group.

Once the number of clusters is determined, the center points are selected randomly 

for each cluster in the first iteration. Next, each point is assigned to a cluster that its 

center point has the smallest distance from the corresponding point. In the next step, the 

center points are updated by calculating the average o f all current points in the 

corresponding cluster and considering the average as the new center point for that group. 

After that, and in the next iteration, all the points are divided into new clusters with the 

newly defined center points. This process is continued until a certain convergence 

criterion is met. The equations below (Equation 3.3 and Equation 3.4) show how different
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points are assigned to different groups, and how the center points o f clusters are updated 

in each iteration.

pixel at (xj')) being placed in one of the clusters. fir denotes the center point o f the 

corresponding cluster, calculated and updated by Equation 3.4. The number o f clusters is 

k  while n represents the number of points. The distance by which the similarity o f each 

point to each group is analyzed, is the Euclidean distance.

3.2.3. Post Processing

To further divide the image into distinct segments, similarly valued but non

connected clusters must be labeled as different clusters. Similarly colored objects in 

different regions of the scene as well as colors that appear alike when converted to 

greyscale can result in identically labeled yet non-connected clusters. To solve this 

problem, connectivity labeling is employed. If two parts in an image share a boundary 

with non-zero area they are considered connected. The non-connected regions o f  a 

particular cluster are detected and re-labeled with distinct labels. The process o f detecting

(3.3)

where Cr(t) represents the rth cluster at iteration t while lx y  is the sample (intensity o f

(3.4)
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and re-labeling of the clusters for acquiring a uniquely clustered output image is carried 

out using the union find algorithm [87]. The general goal o f this algorithm is to detect all 

clusters and determine union with other clusters. We utilized the method proposed in 

[88].

Overall the following steps are carried out for the process: 

i: Gaussian blurring 

Clustering 

iii: Union find algorithm 

iv: Extracting the horizon cluster

The resulting output of this process is an image with n clusters, each o f which 

contains several labeled sub-clusters. As the final step of the clustering algorithm, the 

entire set of clusters and sub-clusters are relabeled from 1 to the number of total sub

clusters available in the image.

The proposed algorithm was implemented in MATLAB on a system with 12 GB of 

RAM and a CPU with a speed of 3.40 GHz. In order to evaluate the proposed method, 

several water and sky scenes from [35] have been used along with scenes from SGL and 

Telemaster. Around 1000 frames in total were examined using this method for horizon 

detection. Figure 3.2 illustrates clustering of the images previously shown in Figure 3.1 

using both the intensity-based and X-means methods. After performing intensity based or 

AT-means clustering, the distinct clusters are randomly colored for representation. We can 

see that the horizon path has been segmented as a distinct cluster using both types of
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methods. However, the AT-means method requires many more clusters for the horizon to 

be detected precisely. For intensity based method between 5 to 12 numbers o f clusters 

were used, while for Armans method between 7 to 20 clusters were used.

(c)
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(n)

Figure 3.2. Clustering horizon scenes using intensity-based and iT-means methods: (a) 
to (c) are the outputs for Figures 3.1(a) to 3.1(c) from [35], and (d) to (n) are the outputs for 
Figures 3.1(d) to 3.1(n), from the Telemaster and SGL datasets. The images on the left have 
been clustered using the intensity-based technique while the one on the right is the output 

for the A-means technique. The images have been randomly colored for better 
representation of the distinct clusters. In all clustered images, the horizon path can be seen

as a distinct cluster.

After clustering, the horizon cluster needs to be detected. Multiple investigations 

show that the horizon clusters maintain common characteristics o f a minimal number of 

pixels among the clusters stretching through the entire image from one side to another 

(for example left to right). In other words, if  pixel (x,y) is denoted by Pxy, and the image 

has a width of w, for cluster C  to be considered as a candidate, Pl y  A Pwy £  C must hold 

true.
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Multiple clusters satisfy the criterion above. From a set of i returned clusters, the 

horizon is selected based on:

h o r izo n  =  arg min {no. o f  pixels(C i)} (3.5)
i

In addition to the first criterion, other valid orientations can be imagined for the 

horizon. This will be discussed in detail in Section 3.4.

The number of clusters is a critical parameter in the proposed method. As the 

numbers of clusters are increased, the area o f each cluster, as well as the cluster 

containing the ROI, decreases. It is therefore important to compute the optimum number 

of used clusters so that the horizon path is detected accurately and as thin as possible. 

Increasing the number o f clusters beyond a certain point, however, will have significant 

impact on the processing time which can be avoided. More importantly, over-clustering 

will result in the ROI cluster to be broken and therefore lost prior to detection. In general, 

.K-means provides similar output but requires much more time because o f its algorithm 

and also because, in most cases, it requires more clusters for the ROI to be detected. It is 

therefore logical for intensity-based technique to be adapted as the more practical 

technique.

Experiments indicate that the range for the required number o f clusters in which the 

ROI is precisely extracted can vary for a span of around 10 clusters. This is illustrated in 

Figure 3.3 where 50 images were inspected using intensity-based clustering. The valid 

cluster range within which the horizon cluster will be accurately detected is presented for 

each image in this Figure. It is found that 1/8 o f the standard deviation of the image 

intensity falls within the valid range o f clusters required for accurate extraction of the 

ROI. In other words, if the number o f clusters is set to 1/8 o f the standard deviation o f the
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image intensity, Equations 3.5 and 3.6 will extract the horizon cluster precisely. This 

property can be used for generalization and is a step towards automating the process. 

While this approximation holds true for the significant majority o f the images in our data 

set, it may not, and probably is not, universally applicable.

20

-g 10

20 50
Image

Figure 3.3. Comparison of the valid cluster range for ROI detection (using 
intensity-based clustering) and the standard deviation of pixel intensities. The blue bars 

represent the valid range of number of clusters in which the horizon cluster was extracted 
accurately. The red squares show 1/8 standard deviation of pixel intensity for each image.

3.3. Results and Discussions

Figure 3.4 illustrates the final output o f the algorithm performed on the images 

illustrated in Figure 3.1. The results clearly show that the exact ROI is extracted. 

Furthermore, the two methods are clearly very similar in terms of the final output. This is 

due to the fact that a region, mostly quite thin, is visible right above the horizon in which 

there is a sudden intensity change. The method executes robustly for different terrain
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types as can be seen in Figure 3.4. It should also be noted that this technique outperforms 

the original approach used for Figures 3.1(a) to 3.1(c) used in [35]. Furthermore, we 

applied the proposed method on several videos from the SGL and Telemaster datasets. 

Similar to the Figures shown earlier, the horizon paths were detected accurately and as 

expected.

(b)
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(1)

(n)
Figure 3.4. Horizon detection using both intensity-based (left) and /T-means (right) 

clustering: (a) to (c) are the outputs for Figures 3.1(a) to 3.1(c) from [35], and (d) to (n) are 
the outputs for Figures 3.1(d) to 3.1(n), from the Telemaster and SGL datasets.

To further analyze the performance of each method, Figure 3.5(a) and 3.5(b) 

illustrates the time requirements for each type o f clustering vs. the number o f clusters.
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While usually less than 15 clusters are required to single out the ROI, the algorithms are 

tested for up to 40 clusters. The red line represents the average time consumed for 50 

frames vs. the number of clusters. Moreover, after the first 10 clusters, an approximately 

linear relationship between the time and number o f clusters is observed for both intensity- 

based and A^-means methods. Linear approximations for each method illustrate the rate 

of speed decrease for each clustering method. This Figure shows that the slope o f K- 

means to be approximately 4 times greater than that o f intensity-based clustering (0.06 

vs. 0.015). These results are found when segmentation is carried out on 50 different 

frames. In general the average computational time for intensity-based clustering is 0.23 

seconds in MATLAB while for A!-means it is approximately 1 second.

0.8

0.7

0.6

o ' 3

0.3

0.2

0.1

40 40
Number of Clusters (Intensity-based Clustering) Number of Clusters (K -m eans Clustering)

(a) (b)
Figure 3.5. Time requirements for horizon detection vs. the number of clusters using (a) 

intensity-based and (b) AT-means clustering

3.4. Performance

The proposed method was applied on numerous images with various types o f scenes 

including cloudy (Figures 3.1(a) and 3.1(b)), sunny (Figures 3.1(c), and 3.1(i)), and



sunset (Figure 3.1(g), and 3.1(m)) sky types. The ground section was also very variable 

through the tested images. Water scenes captured with different angles (Figures 3.1(a), 

3.1(b) and 3.1(c)), soil (Figures 3.1(e), 3.1(g), and 3.1 (i)), snow and ice (Figures 3.1(j), 

and 3.1(n)), grass (Figures 3.1(h), 3.1(k), and 3.1(1)), and soil with various objects in the 

field of view (Figure 3.1(d), and 3.1(f)) have all been assessed. The system performs 

robustly in all these cases and the ROI was detected accurately as a continuous line with 

all the necessary curves, hills, and valleys.

Based on the orientation of the UAV, the viewed horizon may have different 

orientations as well. Accordingly, the corresponding horizon cluster might not be 

stretched from the far left of the image to the far right, and hence, the property mentioned 

above will not hold true. In this case the algorithm for extracting the horizon cluster will 

consider a search area based on the previous found horizon clusters in the previous 

frames. Since there will not be a lot o f variation in the location o f the horizon cluster in 

consecutive frames, we can expect to find the horizon in each frame approximately near 

the location of the previously detected horizon. Consequently the property o f being 

extended from the far left side of the image to the far right side can be replaced by 

another property such as being extended from the bottom o f the image to the far right or 

etc. All possible orientations of horizon path based on the UAV orientations are shown in 

Figure 3.6.
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(a) (b) (c) (d)

(h)(g)(f)(e)

Figure 3.6. General situations for horizon paths, the proposed method 
performs robustly in all of these situations.

In different scenes we investigated, all these orientations were observed and our 

proposed algorithm was able to detect the exact horizon path in all o f these different 

situations. The situation shown in Figure 3.6(a) which is the general diagram for Figures 

3.1(a) to 3.1(j) and 3.1(1) has been tested with the ROI successfully detected. A situation 

such as Figure 3.6(b) or its mirrored image can simply be detected by rotating or flipping 

the scene accordingly. An example for this orientation with its horizon path accurately 

detected is shown in Figure 3.7(a). The ROI in Figure 3.6(c) which resembles cases such 

as Figure 3.7(b) has been detected successfully as well. Cases such as Figure 3.6(d) can 

again be dealt with through rotating or flipping o f the image. Figure 3.7(b) illustrates a 

scene with an orientation like Figure 3.6(d). The algorithm has detected the horizon path 

successfully in this case as well.

Situations such as Figure 3.6(e) which are similar to Figure 3.7(c) can also be 

successfully processed as illustrated below. The ROI in scenes such as Figure 3.6(f) can
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be detected through required rotations and flipping to achieve the previous situation. An 

example for Figure 3.6(f) is shown in Figure 3.7(d), with its ROI detected successfully. 

Finally general situation shown through Figures 3.6(g) and 3.6(h) are special cases o f 

Figure 3.6(a) to (f) which have already been discussed and shown to pose no difficulty 

for the proposed system.

It should be mentioned that in cases where another cluster with similar properties to 

the horizon cluster (for example: a river extended from one side o f the scene to the other 

side) exists in the scene, the proposed algorithm might mistakenly detect that cluster as 

the horizon. However, with defining a search window around the previously detected 

horizon path, we can reduce the errors o f the system caused by this issue. In the cases that 

the system does not detect any cluster as the horizon (or the horizon does not exist in the 

scene), the whole scene will be considered as the sky for further analysis by the obstacle 

detection system.

(b)
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(d)
Figure 3.7. More Images and their horizon detected with different orientations using 

intensity-based clustering (scenes from SGL and Telemaster datasets).
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Chapter 4: Obstacle Detection

4.1. Introduction

Obstacle detection, in general, is the process o f distinguishing and locating objects in 

the path of a moving vehicle. As the applications of automated and unmanned systems 

have grown in recent years, the need for precise and robust guidance and navigation 

systems including obstacle detection systems has increased as well. There are different 

applications for obstacle detection systems such as those in [7, 32], automated cars 

(driving assistant systems) [89, 90], unmanned aerial vehicles (UAV) [31, 91], automated 

industrial systems [92], and visually impaired aid systems [93] to name a few.

There are various factors in need of consideration when performing obstacle 

detection using optical (passive) sensors:

• unclear, inconsistent, and complex backgrounds, where it is difficult to

clearly distinguish the obstacles from background [32]

77



• imperfect input images due to low quality cameras and high frequency 

vibrations of the camera mounted on the moving vehicle [26]

• the necessity yet difficulty o f real time processing [32]

• presence of obstacles in varying shapes, colors, and sizes [9]

Due to the complexities and constraints caused by the above issues, different 

strategies need to be carried out based on the application. In this research, a new method 

for obstacle detection using optical flow is presented. Backgrounds of scenes and objects 

are first segmented through an adaptive motion detection method. Optical flow is then 

computed for further analysis o f the scene in order to detect the obstacles. The operation 

is carried out on each of the color channels individually and the results are blended 

together. These steps form what we refer to as targeted optical flow. Two optical flow 

methods, Lucas-Kanade and Hom-Schunck form the basis for comparison. These two 

types of optical flow are selected due to their popularity and simplicity to implement. In 

addition, Hom-Schunck method is more suited for constant flow vectors. Since we expect 

obstacles to move smoothly between the consecutive frames in most sequences, this 

method can be beneficial for our purpose. Upon computing the flow, AT-means clustering 

is used for reconstmcting the general shape of the obstacles. The entire system is tested 

on scenes from a number of benchmark sequences along with newly recorded videos. The 

speed increase of the system is analyzed in detail.

The targeted optical flow system is designed for color images/videos for better 

performance. Experimental results using color sequences are presented in this chapter as 

well. However, since the results o f horizon detection algorithm (sky and ground parts) are
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presented in greyscale, targeted optical flow is also performed on greyscale images in our 

final hybrid method which will be discussed in chapter 5.

In this chapter the methodology of the overall system for obstacle detection is 

described. First optical flow calculation will be presented, then the hybrid motion 

detection algorithm will be presented as well as AT-means clustering used for obstacle 

reconstruction. Finally in section 4.3 the experimental results will be illustrated.

4.2. Methodology

Pre-processing is an essential step in most systems where the data is processed to 

remove the effects o f noise. In this research, the frame rate of the input sequences need 

adjustment based on two factors: 1) the run-time constraints of the system, 2) the amount 

of variation between consecutive frames. After adjusting the frame rate, the frames are 

smoothed using a 5 x 5 spatial Gaussian mask (a = 1.5), to remove high frequency noise 

introduced by camera vibrations and enhancing the signal to noise ratio of the system. 

The size of the filter mask can slightly vary; but heavy blurring should be avoided as it 

will cause loss of information in the scene. The proposed algorithm is presented in Figure 

4.1.
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Hybrid Motion Detection

Post-processing

Pre-processing

Figure 4.1. Diagram of the proposed algorithm

4.2.1. Optical Flow

Optical Flow computes information about the relative motion between a camera and 

objects. There are several methods for estimating optical flow. These methods can be 

classified into two main groups [74]:

• Region-based matching methods

• Differential or gradient-based methods

Region-based matching methods model the 2D velocity of image points with the 

shift d  = {dx, dy )  which best matches the displacements between different image
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regions at different times. A similarity measure over the shift such as normalized cross 

correlation has to be maximized in order to find the best match. Another solution is 

minimizing a distance measure such as sum of squared differences (SSD). Some specific 

features of images can also be used through the matching process instead o f window 

regions. In this case first the characteristic points/features must be extracted and then the 

correspondence problem between them must be solved which is a very time consuming 

process. Consequently a sparse motion field will then be produced corresponding to the 

pixels of interest (characteristic points) via this method.

Differential-based techniques employ pixel intensity variations over the image 

frames in order to obtain the motion field. A dense motion field will be produced via 

these methods without the need for feature extraction and feature matching procedures. 

Both spatial and temporal gradients are considered in differential-based methods. These 

methods perform better when dealing with textured backgrounds. Since we are dealing 

with different types of backgrounds in this research, differential-based techniques can 

better estimate the motion field o f the images we mostly use. Moreover, and as 

mentioned earlier, we apply hybrid motion detection in order to reduce the number of 

pixels for which the optical flow vectors are estimated. This procedure takes significantly 

less time in comparison with the correspondence problem found in region matching based 

methods. Differential-based techniques calculate the velocity of each pixel in an image 

frame based on the brightness conservation equation as follows:

I(x , y, t ) =  l ( x  +  dx, y  +  dy, t  + d t ) (4.1)
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Once Equation 4.1 is differentiated and expanded with a Taylor series up to the first 

order, the optical flow constraint equation will be obtained as follows:

Ixu  +  IyV +  /( =  0 (4-2)

In Equation 4.1 I(x,y,t) represents image intensity value at location (x,y) at time t. In 

Equation 4.2, Ix, Iy, and /, illustrate partial derivatives o f the image intensity with respect 

to x, y, and t. u and v are horizontal and vertical velocities (flow vectors) of pixel (x,y) at 

time t respectively.

Since the optical constraint equation is under-determined, extra constraints are 

needed in order to fully achieve optical flow vectors. Different methods impose different 

constraints for this purpose. Among these methods Lucas-Kanade [72] and Hom- 

Schunck [73] which are more common and feasible [74] will be examined in this 

research.

4.2.1.1. Lucas-Kanade optical flow

In this method the optical constraint equation is solved by means o f least square 

criterion and with the assumption o f having constant flow in a local neighbourhood 

around the pixel for which the optical flow vectors are calculated [74]. As a result the 

optical flow calculation is carried out for all pixels within a window centered at pixel p  

(the pixel under consideration). Equation 4.2 can be re-written for all the pixels inside the 

window as follows:

82



+  l y { q x ) v  =  —/ t (c?x) 

ix(q 2 ) ^  +  / y ( q 2>  =  -h(q 2)
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(4 .3 )

In Equation 4.3, qj, q2 ,... and q„ are all the pixels inside the window, and lx (q d ,  

ly(jqi), ar>d /t (q;) are partial derivatives o f image intensity at pixel q, with respect to 

position x, y  and time t respectively. Equation 4.3 can then be written in the matrix form 

as Av = b, where A, v and b are as follows:

I x M  /y fa l) ' r - / t ( < h ) i
A = J y O f c ) II

ELB11

Jx(.qn) ly^Sln)- -/*(<?»).

(4.4).

Using least squares principle, equation A v  =  b can be solved as follows:

v  =  {ATA')~1ATb (4.5)

Finally the velocity matrix (horizontal and vertical velocities) will be obtained as 

follows:

n=\.v\
i i

-1
-^ \(< ? i) f t (< 7 i)

i

*- t
]> /y (< h )2

i
- ^ y i q d h i q d

i J

(4.6)

In general, Lucas-Kanade is a local optimization problem which performs better 

when the displacements o f objects between two consecutive frames is relatively small. It 

is also usually needed to use Gaussian filtering prior to apply Lucas-Kanade in order to 

remove temporal aliasing and quantization effects in the input images [74].
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4.2.1.2. Hom-Schunck optical flow

In this technique it is assumed that the objects are moving smoothly between 

consecutive frames within an image sequence. In other words a smooth flow over the 

whole images with minimum distortion is considered (using global smoothness 

constraints). The flow in this method is then computed based on an iterative process and 

is implicitly defined by minimizing an energy function defined over the image. The 

energy function defined is as follows where X is the smoothness factor:

An initial guess on the amount o f horizontal and vertical velocities (u , a nd  v ) is first 

made and then they are calculated based on the following equations:

where /? is calculated based on the equation below:

In Equation 4.8, n is the iteration number, and u t and v t are the average velocities of 

pixels located in the neighbourhood of pixel i for which the optical flow vectors are 

calculated. In this method the occlusions which sometimes occur in the image frames are 

not investigated. These occlusions which are usually caused by the movement o f objects 

in the scene or the movement o f the camera will be considered by the hybrid motion 

detection algorithm prior to applying optical flow calculations used in this research.

I I  [(lxu  + ly v  +  7t) + A 2 ( | | v J |  + | | v j ) d x d y ] (4.7)

(4.8)
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4.2.2. Hybrid Motion Detection

Computing optical flow vectors for all of the pixels in an image within a sequence is 

very time consuming. We were able to overcome this problem by computing the flow 

vectors for pixels that are strong candidates for motion as opposed to all pixels in the 

image. This is done using a precise and adaptive motion analysis technique. The method 

is a hybrid technique which maintains the benefits of both temporal differentiation and 

background subtraction. In this method, the intensity o f a pixel in the image at location 

(x,y) at time t = n is subtracted from the corresponding pixel of the images at times t = n 

-  1 and t = n -  2. If both results surpass an adaptive threshold named Tn, that particular 

pixel is considered as a moving one; otherwise it is labeled as stationary. This procedure 

is presented by Equation 4.10 and Equation 4.11.

In this technique, which was employed by Collins et al. [94], the background Bn and 

threshold Tn are updated in each stage based on the Equation 4.12 and Equation 4.13 

where S  is the set o f stationary pixels, D  is the set o f moving pixels, and a  is a time 

constant related to the speed of moving vehicle.

Un0c,y) -  y ) | >  Tn ( x , y ) (4.10)

UnO,y) “  ln- 2 ( x ,y ) | >  Tn ( x ,y ) (4.11)

n+ 1

a  Bn (x, y ) +  (1 -  a ) /n (x, y), {x, y) € S
(4.12)(x ,y ) e D

a Tn (x ,y )  +  (1 -  a ) (5 x  |In ( x , y )  -  Bn { x ,y )|), (x. e S
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While the presented method maintains the benefits of temporal and background 

differentiation, it does not show any o f their major setbacks such as high sensitivity to 

motion and existences of residues and ghosts in the resulting output. In temporal 

differentiation, two problems are seen: moving objects appear twice and every slightest 

movement is considered motion. In background differentiation, the problem is that a 

ghost and some residues of some of the moving objects remain in the background. When 

applying the hybrid-adaptive method, setbacks of neither background nor temporal 

differentiation are present; therefore robust selection of moving pixels is accomplished.

Once the background pixels are segmented out, Lucas-Kanade or Hom-Schunck 

flow vectors are computed for the set D of object pixels (pixels selected as strong 

candidates for moving). This, as illustrated in section 4.3, reduces the run-time 

significantly. We also compare the results obtained from these two optical flow methods 

based on run time and performance. In order to increase the precision o f the algorithm, all 

the steps of the presented method are applied on the three R, G, and B color channels 

independently. The optical flow vectors o f the three channels are analyzed separately and 

blended based on Equation 4.14. The results of the system described above are then used 

to detect and reconstruct the obstacles in the scene.

Applying the proposed algorithm on the three color channel is performed on a 

number o f benchmark and recorded sequences and the results are presented at the end of

(4.14)

this chapter. Yet, the final results of this research in which the horizon detection and
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obstacle detection algorithms are fused together are applied on the images in greyscale 

due to the horizon detection algorithm requirements.

4.2.3. Obstacle Reconstruction

The resulting optical flow vectors from the previous step are employed to determine 

whether objects lay in the path o f the moving camera or not. It is obvious that different 

parts of different objects maintain varying intensity profiles depending on the texture, 

perspective, and lighting conditions o f the scene. Therefore it is quite natural for some 

sections of the object to be falsely labeled as parts of the background while, in fact, they 

are parts of obstacles. This issue is further intensified when targeted optical flow is 

employed and as a result, some useful vectors have not been included. Furthermore, some 

flow vectors from center regions of obstacles are left out due to applying motion 

detection prior to optical flow computation. In order to compensate for these issues, we 

have employed A^-means clustering to reconstruct the obstacles once a portion of them 

have been detected as obstacle by the system in previous section.

The number of clusters in the scene is selected based on the complexity o f the 

environment. For more complex environments where many objects and textured items are 

present, more clusters will be assigned. Finally, any cluster containing an average flow 

vector magnitude per pixel above a threshold (t) is labeled as a detected obstacle.
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4.3. Experimental Results and Discussion

The proposed algorithm was developed and implemented in MATLAB and on a 

system with 12.0 GB of RAM and a CPU with a speed o f 3.40 GHz. Several moving 

camera sequences were used for testing the proposed system. A number o f sequences 

were recorded using a moving vehicle. This moving vehicle was constructed by attaching 

a single lens webcam to a wheeled cart. The webcam had a frame grab rate o f 20 per 

second and spatial resolution of 240 x 320 pixels. Several objects were placed in the path 

of the cart as obstacles. Both textured and smooth objects with different colors and sizes 

were placed in the path of the cart for testing the performance of the algorithm. 

Furthermore, benchmark test sequences o f crowded and dynamic scenes, Bahnhof and 

Jelmoli [95], were used to test the performance. These two sequences are publicly 

available online. The sequences have a spatial resolution of 640*480 pixels and temporal 

resolution of 30 fps. 1000 frames are available in Bahnhof and 936 frames are available 

in Jelmoli.

Figure 4.2 illustrates snapshots of the original test sequences along with the outputs 

from the hybrid motion detection technique in three color channels. The colored pixels 

represent foreground sections of the scene which may contain potential obstacles. 

Furthermore, it is illustrated that while the different channels show similarities, they are 

different in some sections.
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(C)
Figure 4.2. Snapshots from original test sequences, (a) Bahnhof, (b) Jelmoli, and (c) 

Hallway. The hybrid motion detection method, in the three color channels Red, Green and 
Blue, used for targeted optical flow are also presented.

Figure 4.3 presents the original optical flow vectors computed using Hom-Schunck 

technique without applying hybrid motion detection algorithm. Moreover, the Figure 

illustrates targeted optical flow (applying Hom-Schunck optical flow on the outputs o f 

hybrid motion detection algorithm). It is evident that while the scenes are less populated 

with flow vectors, the critical moving pixels are detected using targeted optical flow. 

Moreover, the size of the flow vectors indicates the amount o f motion for each pixel.
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(C)
Figure 4.3. Standard optical flow and targeted optical flow using Horn-Schunck on (a) 

Bahnhof, (b) Jelmoli, and (c) Hallway data sets. The first column (left) represents standard 
Horn-Schunck and second column (right) shows targeted Horn-Schunck.

Figure 4.4 illustrates the similar results for Lucas-Kanade optical flow vectors. Again 

the results of standard optical flow vectors are shown on left and the results o f applying 

both hybrid motion detection and Lucas-Kanade optical flow (targeted optical flow) are 

shown on the right. Comparing the results, Hom-Schunck seems to be faster than Lucas- 

Kanade. The details of time consumption for each method are presented in Table 4.1.



Also Hom-Schunck deals better with large motions which are difficult to compute using 

Lucas-Kanade method.

\:n

(b)

(c)
Figure 4.4. Standard optical flow and targeted optical flow using Lucas-Kanade on (a) 

Bahnhof, (b) Jelmoli, and (c) Hallway data sets. The first column (left) represents standard 
Lucas-Kanade and second column (right) shows targeted Lucas-Kanade.

Finally, K-means is utilized and the objects are detected. The detected objects in 

Figures 4.5 and 4.6 are illustrated in red. This obstacle detection output, especially if  

combined and interpreted with some type o f depth information, can be extremely 

accurate and informative. In Figure 4.5 the results of obstacle detection using standard
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Hom-Schunck optical flow and targeted Hom-Schunck optical flow are presented. 

Comparing the results with targeted optical flow, it is evident that while the main 

obstacles are detected in both, more background pixels are falsely labeled as obstacles in 

standard optical flow. These areas are highlighted with a circle around them. The same 

results using Lucas-Kanade optical flow method are also illustrated in Figure 4.6.

(c)
Figure 4.5. Final obstacle detection output using standard Horn-Schunck and targeted 

Horn-Schunck on (a) Bahnhof, (b) Jelmoli, and (c) Hallway data sets. The first column (left) 
represents obstacle detection output using standard Horn-Schunck -optical flow and second 

column (right) shows obstacle detection output using targeted -optical flow (using both 
hybrid motion detection algorithm and Horn-Schunck optical flow).
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(C)
Figure 4.6. Final obstacle detection output using standard Lucas-Kanade and targeted 

Lucas-Kanade on (a) Bahnhof, (b) Jelmoli, and (c) Hallway data sets. The first column (left) 
represents obstacle detection output using standard Lucas-Kanade optical flow and second 
column (right) shows obstacle detection output using targeted Lucas-Kanade optical flow 

(using both hybrid motion detection algorithm and Lucas-Kanade optical flow).

Making use of targeted optical flow significantly increases the speed of the system 

compared to standard optical flow. The runtime is decreased to approximately 1 second 

per frame. Table 4.1 illustrates the time requirements and speed increase of the system. 

The average times over 100 frames are presented in this table. This increase measured on
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the 4 different sequences varies between 79.3% to 87.5% which is significant when used 

for real time vehicles and robots. Moreover, employing targeted optical flow instead of 

standard optical flow benefits the system by excluding background pixels from objects 

being labeled as obstacles and thus making the system more robust.

Table 4.1. Time requirements and speed increase using standard and targeted optical flow.

Bahnhof Jelmoli Hallway 1 Hallway 2

standard Hom-Schunck 5.01 sec 4.51 sec 4.23 sec 4.57 sec

targeted Hom-Schunck 0.94 sec 0.93 sec 0.54 sec 0.60 sec

standard Lucas-Kanade 6.04 sec 5.86 sec 4.86 sec 5.01sec

targeted Lucas-Kanade 1.06 sec 1.08 sec 0.60 sec 0.63 sec

speed increase for Hom-Schunck 81.1% 79.3% 87.2% 86.7%

speed increase for Lucas-Kanade 82.3% 81.5% 87.5% 87.3%

For further testing and analysis, 11 different obstacles were placed in the path o f the 

cart. We moved the cart through the path 5 times and tested the performance. The 

optimum values for parameters used in the system are: a  (hybrid motion detection) = 0.9 

to 0.95, number of clusters = 15 to 25, and initial T„ = 10.

When evaluating the performance, the ground truth is assigned based on our own 

assessment of the scene and the obstacles. The real obstacles are the objects placed in the 

path of the cart and associated with true positives (tp). False positives (fp) are segments of 

the scene that are falsely selected as obstacles. These false obstacles are usually the result 

o f light variations and color changes in the walls. False negatives (f„) are the real
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obstacles that the system fails to detect. Accordingly, precision and recall (sensitivity) are 

computed based on the equations below:

t p
P recis ion  =  — — r  (4.15)

b + f p

Recall =   r  (4.16)
t p + f n

Table 4.2 presents the results where the sensitivity o f 92.72% is achieved when 

detecting the obstacles and only an average of 2.8 false objects have been detected. The 

precison and recall (sensitivity) metrics are also presented in this table.

Table 4.2. Performance of the system

Trial Obstacles Detected 
(true positives)

Incorrect obstacles 
(false positives)

Precision Recall

1 10 2 83.33% 90.90%
2 9 3 75.00% 81.81%
3 11 2 84.61% 100.00%
4 11 3 78.57% 100.00%
5 10 4 71.42% 90.90%

Mean 10.2 2.80 78.58% 92.72%
STD 0.74 0.84 4.96% 6.80%

The false negatives produced using this method are basically caused by the obstacles 

which are further away from the camera. These obstacles usually do not have enough 

flow vectors or are not detected as motion using hybrid motion detection. Obstacles with 

colors similar to the background are also usually not detected by the hybrid motion 

detection algorithm and result in increased f„. False positives are usually caused by lights
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and shadows in the scene, although applying hybrid motion detection prior to optical flow 

calculations reduces these effects significantly.

4.4. Conclusion

In this chapter a highly efficient and accurate method for detecting obstacles in both 

crowded and simple scenes was presented. The system was based on acquiring single 

camera color images and with no depth information present. An adaptive technique for 

background detection was initially employed and the foreground sections o f the scene 

were further analyzed using two types o f optical flow, Hom-Shcunck and Lucas-Kanade. 

These steps were carried out on each color channel and the outcomes were blended 

together.

Two benchmark sequences, Bahnhof and Jelmoli were used for testing the system. 

Moreover, several sequences were obtained from a hallway with obstacles placed in the 

path o f the moving cart mounted with a camera. The results show very accurate and 

robust extraction of obstacles while a speed increase o f above 80% is accomplished over 

using standard optical flow methods alone. The results indicate that targeted optical flow 

excludes background outliers thus making it more suitable for obstacle detection.
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Chapter 5: Coupled System

5.1. Introduction

During the last two chapters of this research, horizon detection using clustering and 

obstacle detection using targeted optical flow were described and performed successfully. 

Several images with different types o f terrains and textures were examined using these 

two methods. In this chapter the combination of these two methods is investigated for the 

obstacle detection task in UAVs. This procedure is carried out by utilizing the outcome of 

the horizon detection subsystem in the obstacle detection system to both speed up the 

process by either assigning the entire ground as an obstacle, or by allowing parallel 

processing of the ground and sky segments with different parameters.

A significant contribution of this approach is that the system parameters can 

maintain different values in each section of the scene. Since the ground and sky often 

have very different textures, different parameters are needed in order to extract the 

existing obstacles in these two parts. Subsequently, global parameter values will most
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likely cause problems in one of the sky or ground areas. False positives will mostly arise 

in the sky areas if the parameters suitable for ground are used in the sky obstacle 

detection task, while a lot of false negatives may be observed in the opposite case. As a 

result applying horizon detection prior to obstacle detection will increase accuracy and 

robustness of the system if parallel processing o f the ground and sky parts is carried out. 

Adaptive selection of parameters will be also possible and handled more easily in this 

case.

In the case where the whole ground is assumed as an obstacle and all further 

processing is performed on the sky segment, advantages such as significantly reducing 

the run time of the overall system and simplifying the adaptation processes o f different 

subsections of the system is achieved. Since the sky usually has a more simple texture, 

applying the hybrid motion detection method only on sky parts is significantly more 

efficient. Therefore, assigning fixed values to different parameters involved in hybrid 

motion detection algorithm such as initial background (initial B„), initial threshold (initial 

T„), and a  (constant related to the speed of moving vehicle) is completely possible for 

different sky images.

Subsequent to applying the hybrid motion detection algorithm on the sky, a few 

pixels will be selected as the motion candidates for further processing since there are 

usually fewer obstacles in the sky segment of different scenes. During our investigation 

of videos and images taken by UAVs, it was observed that the number of obstacles above 

the horizon line is limited. Hence, optical flow estimations will be confined to only those 

few pixels detected as candidates for motion in the previous section.

99



Finally the sky can be robustly segmented during the obstacle reconstruction part by 

selecting a small number of clusters for clustering the scene. In most o f our experiments, 

two clusters were enough for best segmenting the sky into obstacle and non-obstacle 

parts. Under varying lighting conditions this number would increase to 4 or 5 clusters at 

most. However this is a lot smaller than the cluster numbers needed for segmenting other 

crowded scenes such as Bahnhof, and Jelmoli datasets investigated in the previous 

chapter.

In this thesis, the part of the image below the horizon line which is detected via the 

horizon detection algorithm will be considered as the ground and labelled as an obstacle. 

Therefore the hybrid motion detection algorithm, optical flow estimations and obstacle 

reconstruction calculations will be only applied on the sky sections.

In this chapter the methodology of the overall system for obstacle detection for 

unmanned aerial vehicles is described through section 5.2. A comprehensive 

investigation on the effect of different parameters on the performance of the system will 

be carried out in section 5.3. Finally through section 5.4 experimental results and analysis 

of the overall system will be presented.

5.2. Methodology

In this section the methodology of the proposed coupled system is described. The 

parameter tuning for the most robust and accurate performance of the system will also be 

discussed. The overall diagram of the proposed algorithm is illustrated in Figure 5.1.
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Figure 5.1. Diagram representing the performance of the whole system

A video sequence of at least three frames is needed for each stage o f processing due 

to the hybrid motion detection algorithm requirements. The frame rate o f the input 

sequences need adjustment based on two factors: 1) the run-time constraints o f the 

system, 2) the amount o f variations between consecutive frames. After adjusting the 

frame rate, the grabbed frames are converted to greyscale for horizon detection. 

Smoothing the images is then performed using a 5 x 5 spatial Gaussian mask (a = 1.5).

In the next step, the image under consideration at current frame (n) will be utilized as 

the input image to the horizon detection algorithm and the horizon cluster corresponding

101



to this frame will be extracted. Figure 5.2 illustrates three consecutive frames from our 

own dataset used as inputs. The UAV is moving forward and there is a red balloon in the 

sky which should be avoided by the UAV. While frames 1 and 2 are needed for hybrid 

motion detection and optical flow estimations, the third frame is the frame under 

consideration for which obstacle detection will be carried out. Figure 5.3 also represents 

the horizon detection result applied on Figure 5.2(c).

(a) (b) (c)

Figure 5.2. Original image sequence used for obstacle detection (a) first frame, (b) second 
frame, and (c) third frame (frame under consideration).

Figure 5.3. Horizon detection output for Figure 5.2(c).
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Next the horizon path will be used to define the whole ground as an obstacle and 

then perform the obstacle detection algorithm on the sky pixels solely. Since the sky parts 

of the three consecutive frames do not have the same size, the size o f the two first frames 

will be harmonized with the third frame (frame under consideration). Since there are a 

few obstacles in the sky and non-obstacle parts of the sky have usually constant and 

uniform texture, the background extraction is simple and accurate. All the ground pixels 

are labeled as stationery pixels in the output o f the hybrid motion detection algorithm. 

Figures 5.4(a) and 5.4(b) illustrate the output of hybrid motion detection algorithm 

applied on all of the image pixels and only sky pixels (subsequent to horizon detection) 

respectively.

(a) (b)

Figure 5.4. Hybrid motion detection algorithm output applied on (a) all pixel images, and 
(b) output of horizon detection algorithm (sky pixels only) using Figure 5.2(c) and its two 

previous frames showed in Figures 5.2(a) and 5.2(b) after adjusting their sky size
respectively.

Next, the output of hybrid motion detection algorithm for sky pixels is fed into the 

optical flow estimators and optical flow vectors are calculated. By applying an 

appropriate threshold, obstacles can then be detected via the background and motion 

information accurately. Figure 5.5 shows the optical flow vectors corresponding to 

foreground parts (motion candidates) o f the sky pixels.
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Figure 5.5. Optical flow vectors (Horn-Schunck) of Figure 5.2(c) estimated for the sky pixels 
which were selected as motion candidate via hybrid motion detection algorithm.

A-means clustering is finally performed and the clusters in which the average of 

optical flow vectors is greater than a threshold are labelled as the final obstacles. Figure 

5.6 shows figure 5.2(c) with its sky segmented using AT-means. The number o f clusters is 

set to two with the red balloon in the sky located in one cluster and almost all other sky 

pixels located in another cluster. It should be noted that clustering has not been 

performed on ground section. The final result o f obstacle detection algorithm performed 

on the sky segment is illustrated in Figure 5.7(a) where the balloon in the sky is labeled 

as an obstacle and colored in red. Figure 5.7(b) shows the result in which ground has also 

been labeled as an obstacle in red color. This is the final output o f our proposed obstacle 

detection system. As it is shown the balloon is detected successfully at a relatively good 

distance which allows the UAV to avoid it in the proper time.



Figure 5.6. Sky clustering for Figure 5.2(c).

(a) (b)

Figure 5.7. (a) Obstacle detection method applied on the sky segment of Figure 5.2(c), and 
(b) obstacles in the sky detected with the whole ground labeled as an obstacle.

5.3. System Parameters

Several parameters are involved through the design of the proposed obstacle 

detection system. In this research, a great amount o f adaptation was performed by 

limiting the number of pixels under consideration via the horizon detection and hybrid 

motion detection algorithms. For instance, parameters such as number o f clusters used in
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the final A^-means algorithm are usually set to a small number such as two or three where 

both the processing time and accuracy of the method illustrate good performance. 

However, investigating the effect o f assigning different values to different parameters on 

the performance of the whole system is valuable and informative. In this section, 10 

different sequences each containing 50 frames have been used in order to study the 

performance of the proposed system using different parameter values. Different kinds o f 

obstacles with different shapes, sizes and colors were present in the sequences, while the 

ground and sky had also different properties such as light conditions and texture. The 

accuracy and sensitivity of the system are calculated using precision and recall graphs, 

which will be presented in section 5.4.

5.3.1. Alpha in hybrid motion detection algorithm

In this section, we investigate the parameters that affect the whole targeted optical 

flow process, a  plays a determining role in detecting the motion candidates through the 

hybrid motion detection sub-system as described in Equations 4.9 and 4.10. Generally 

since it plays the role o f a blending coefficient, 0 < a  <  1. When a  -> 1, the speed in 

which the background, B, and threshold, T, are updated increases and the new 

information replaces the old observations faster. Subsequently, if a  -» 0, B  and T  will be 

more invariant. As a result, for smaller values o f a,  there are more motion candidates and 

as a  increases, the number of selected pixels will decrease. This is illustrated in Figure 

5.8(a) and 5.8(b) where the average and standard deviations for number o f motion
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candidate pixels detected vs. different a  values in the total scene and sky are shown. 

These Figures were derived from the 10 sequences described earlier. Generally, the 

number of detected motion pixels decreases as a  increases. Also, the standard deviations 

seem to slightly decrease. Each frame has a spatial resolution of 480x640 (307200 

pixels). Using hybrid motion detection algorithm decreases this amount to (for example 

for a = 0.5) an average o f about 80000 pixels which mean a decrease o f 74%. In the next 

step only sky pixels need to be processed which leads to another 93.75% decrease in the 

number of motion candidate pixels which must have optical flow calculation performed 

on them. These fractions are good determinants of the time improvement achieved using 

horizon detection and the hybrid motion detection algorithms.
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Figure 5.8. (a) The average and standard deviation of motion candidates generated for the 
whole scene vs. a via hybrid motion detection algorithm using 10 different sequences each 

containing 50 frames, (b) The average and standard deviation of motion candidates 
generated for the sky part vs. a via hybrid motion detection and horizon detection 

algorithms using the same sequences.

Figure 5.9 illustrates the time requirements o f  the system vs. different values o f a. In 

this Figure the average and standard deviations for the processing time consumed for
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extracting the motion candidates of the whole scenes o f the above 10 sequences for 

different values of a is illustrated. As illustrated, by increasing alpha, the average time 

consumption decreases due to the decrease in the number o f motion candidate pixels.

0.11

0.10

tr  0.09

t= 0.08

0.07

0.06,
0.2 0.4 0.8

a

Figure 5.9. The average and standard deviation of processing time vs. a calculated for 10 
video sequences each containing 50 frames.

We conclude that increasing a  leads to the reduction of both processing time and the 

number o f pixels detected as motion candidates. In some cases decreasing the motion 

candidate pixels results in removing crucial pixels such as those belonging to the 

obstacles. Hence, it is safe to choose the value of a  in the mid-range where both 

processing time and accuracy are traded off. In this research 0.5 was selected as the 

reasonable value and all the results shown in section 5.4 are obtained with this value.

5.3.2. Iterations in Horn-Schunck optical flow

The iteration number (n) in Hom-Schunck optical flow calculation is an important 

parameter which can be tuned for achieving better performance in the sense of both
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processing time and accuracy. As the number o f iterations increases, a more accurate and 

comprehensive flow vector calculation will be performed and as a result a more dense 

and accurate flow field will be generated. However, increasing the iteration number will 

significantly increase the processing time consumed for generating optical flow vectors. 

As a result it is very important to select an optimum value for this parameter so that the 

vital vectors (such as the ones related to the motion of obstacles) are generated in an 

appropriate amount of time.

Figure 5.10 illustrates the average and standard deviation o f processing time vs. 

iteration numbers. Again, the same 10 video sequences were used for this investigation. 

The optical flow calculation was performed on the results o f the hybrid motion detection 

algorithm and on the whole image (sky + ground) where increasing the number o f 

iterations increased the run-time. A linear relationship between iterations and time was 

observed. In this research, the iteration parameter is set to 40 where both good 

performance time and accuracy is achieved.
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Figure 5.10. The average and standard deviation of the processing time vs. number of 
iterations using Horn-Schunck optical flow.
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5.3.3. Smoothness in Horn-Schunck optical flow

Another parameter involved in Hom-Schunck optical flow calculation is the 

smoothness factor, X. As X increases a smoother flow field will be generated. Here we 

investigate the effect of smoothness factor on performance of optical flow. Again two 

parameters, norm of optical flow vectors and processing time, are considered in order to 

observe this effect. Figure 5.11 shows the run time vs. smoothness factor. In this case 

time does not have a linear relationship vs. smoothness. Again, we need to select 

smoothness factor value for which the important vectors are obtained in a relatively good 

amount of time. In most o f our experiments, we set the smoothness factor to 25.
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Figure 5.11. The average and standard deviation of the processing time vs. smoothness
factor using Horn-Schunck optical flow.

5.3.4. Optical flow window size in Lucas-Kanade optical flow

Increasing window size in the Lucas-Kanade optical flow technique is equivalent to 

considering more pixels in each step and hence, generating a more dense flow filed at the
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cost o f more time. This is illustrated in Figure 5.12 where the variations o f time has been 

investigated vs. the optical flow window size. A window size of 15 was used in most o f 

our experiments.
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Figure 5.12. The average and standard deviation of the processing time vs. smoothness
factor using Lucas-Kanade optical flow.

5.4. Experimental Results

The overall algorithm was examined on different video sequences containing 

different types of obstacles in the sky. Some videos were taken while the UAV was 

moving in the sky, others were taken during the taxiing while the UAV was moving on 

the ground but still obstacles in the sky were visible and detectable. In whole around 

1000 frames with obstacles in the sky were examined and good accuracy was achieved. 

In this section the experimental results are shown and accuracy of the system is evaluated 

by means of precision and recall.
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CD (g)

Figure 5.13. (a) Three input images, (b) Horizon detection output for the third image, (c) 
Hybrid motion detection output applied on all pixels of the third image, (d) Hybrid motion 

detection output applied only on the sky pixels, (e) optical flow vectors obtained by applying 
Horn-Schunck optical flow on image 5.13 (d), (f) JT-means clustering applied on the sky 

pixels, (g) Final obstacle detection algorithm output.
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(b) (c)

(d) (e)

(0 (g)

Figure 5.14. (a) Three input images, (b) Horizon detection output for the third image, (c) 
Hybrid motion detection output applied on all pixels of the third image, (d) Hybrid motion 

detection output applied only on the sky pixels, (e) optical flow vectors obtained by applying 
Horn-Schunck optical flow on image 5.13 (d), (f) IT-means clustering applied on the sky 

pixels, (g) Final obstacle detection algorithm output.
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Figure 5.15. (a) Three input images, (b) Horizon detection output for the third image, (c) 
Hybrid motion detection output applied on all pixels of the third image, (d) Hybrid motion 

detection output applied only on the sky pixels, (e) optical flow vectors obtained by applying 
Horn-Schunck optical flow on image 5.13 (d), (f) IT-means clustering applied on the sky 

pixels, (g) Final obstacle detection algorithm output.
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Figure 5.16. (a) Three input images, (b) Horizon detection output for the third image, (c) 
Hybrid motion detection output applied on all pixels of the third image, (d) Hybrid motion 

detection output applied only on the sky pixels, (e) optical flow vectors obtained by applying 
Horn-Schunck optical flow on image 5.13 (d), (f) A-means clustering applied on the sky 

pixels, (g) Final obstacle detection algorithm output.
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Figure 5.17. (a) Three input images, (b) Horizon detection output for the third image, (c) 
Hybrid motion detection output applied on all pixels of the third image, (d) Hybrid motion 

detection output applied only on the sky pixels, (e) optical flow vectors obtained by applying 
Horn-Schunck optical flow on image 5.13 (d), (f) /f-means clustering applied on the sky 

pixels, (g) Final obstacle detection algorithm output.

116



(*) (g)

Figure 5.18. (a) Three input images, (b) Horizon detection output for the third image, (c) 
Hybrid motion detection output applied on all pixels of the third image, (d) Hybrid motion 

detection output applied only on the sky pixels, (e) optical flow vectors obtained by applying 
Horn-Schunck optical flow on image 5.13 (d), (f) IT-means clustering applied on the sky 

pixels, (g) Final obstacle detection algorithm output.
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(f) (g)

Figure 5.19. (a) Three input images, (b) Horizon detection output for the third image, (c) 
Hybrid motion detection output applied on all pixels of the third image, (d) Hybrid motion 

detection output applied only on the sky pixels, (e) optical flow vectors obtained by applying 
Horn-Schunck optical flow on image 5.13 (d), (f) 2f-means clustering applied on the sky 

pixels, (g) Final obstacle detection algorithm output.
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The performance of the overall system is evaluated using precision and recall metrics 

which are calculated based on Equations 4.15 and 4.16. Recall, or sensitivity, determines 

how good a system is at detecting positives (in our case detecting obstacles). Precision 

determines how many of the positive objects detected by the system are correct (in our 

case detecting the real obstacles). 10 sequences each containing 50 frames are used for 

this purpose. Similar to Chapter 4, the ground truth was assigned based on our own 

assessment of the scene and obstacles. For each sequence the number o f true positives, 

false positives, and false negatives are computed. Different obstacles such as trees, birds, 

balloons, and buildings present in the sky were associated with true positives. False 

positives are segments of the scene that are falsely selected as obstacles which are usually 

the result of light variations in the sky as well as some clouds. False negatives are the real 

obstacles such as balloons or buildings that the system fails to detect.

In Figure 5.20 precision and recall parameters are presented for the 10 video 

sequences used in this research.
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Figure 5.20. Precision and recall (sensitivity) of the proposed system calculated for 10
sequences each containing 50 frames.
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Overall, having both high recall (average 87.5% with standard deviation 5.6%) and 

precision (average of 91.8% with standard deviation 2.5%) indicates the robust 

performance of the proposed system. While most obstacles were detected, very few false 

positives were identified. Most false negatives in the system which make the recall value 

to be low are caused by the obstacles which are located far from the camera. In other 

words, if  we do not consider those obstacles (since they will be detected as the camera 

gets closer to them) we achieve larger recall values.
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Chapter 6: Conclusion and Future 

Work

6.1. Summary

In this research, the problem of obstacle detection for unmanned aerial vehicles 

(UAVs) was investigated using monocular cameras. In order to simplify the problem at 

hand, a novel horizon detection algorithm was first proposed. Detecting the horizon line 

and then dividing the whole scene into sky and ground regions resulted in a more 

accurate, simple, and efficient performance. Once the horizon path was detected, the 

whole ground part was considered as an obstacle and the obstacle detection algorithm 

was only applied on the sky segment.

A novel method for horizon detection was proposed that exploits the discovered 

property of the existence of a dominant light field between the sky and the ground right at

121



the horizon path. This dominant light field can be found using clustering as the main tool. 

Both intensity-based and .K-means clustering techniques were employed for this purpose. 

By selecting the number of clusters within a particular range, the horizon path was 

extracted very accurately. The proposed technique performed robustly for various types 

of terrain and scenes containing the horizon. It was shown that the intensity-based 

method was significantly faster than the £-ineans method and should be easily 

implementable in real time. Around 1000 frames with different terrains and lighting 

conditions were investigated in order to evaluate the performance of the algorithm above. 

The horizon path had different orientations in these frames. An accuracy of 

approximately 95% was achieved.

In the second part o f this work, a highly efficient and accurate method for detecting 

obstacles in both crowded and simple scenes was presented. The system was based on 

acquiring single camera color images and with no depth information present. An adaptive 

technique for background detection was initially employed and the foreground sections of 

the scene were further analyzed using two types o f optical flow: Hom-Shcunck and 

Lucas-Kanade. In addition to greyscale images, these steps can also be carried out on 

each color channel. In the latter case, the outcomes need to be blended together to acquire 

a global flow field.

Two benchmark sequences, Bahnhof and Jelmoli were used for testing the system 

above. Moreover, several sequences were obtained from a hallway with obstacles placed 

in the path of the moving cart mounted with a monocular camera. The results show very 

accurate and robust extraction of obstacles while a speed increase o f above 80% is 

accomplished over using standard optical flow methods alone. The results indicate that
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targeted optical flow excludes background outliers thus making it more suitable for 

obstacle detection.

Finally the results o f horizon detection and obstacle detection algorithms were 

coupled together and a unified obstacle detection system for UAV applications was 

developed. In this coupled system, the three inner algorithms used in targeted optical 

flow (hybrid motion detection, optical flow, and obstacle reconstruction) were only 

applied on the sky sections of the input images. The ground was labeled as an obstacle in 

these experiments. Over 500 frames were investigated in order to evaluate the 

performance of the full system including horizon and obstacle detection resulting in an 

average precision of 91.8%.

6.2. Publications

This research resulted into two publications [96, 97]:

1. N. Sepehri Boroujeni, S. A. Etemad, and A. Whitehead, “Horizon Detection using 

Segmentation for UAV Applications,” Proceedings of the 9th Conference on 

Computer and Robot Vision (CRV’12), pp. 346-352, Toronto, Canada, 2012.

2. N. Sepehri Boroujeni, S. A. Etemad, and A. Whitehead, “Fast Obstacle Detection 

using Targeted Optical Flow,” Proceedings o f the 19th International Conference 

on Image Processing (ICIP’ 12), pp. 65-68, Orlando, USA, 2012.
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6.3. Future Work

For future work, for the horizon detection sub-system the proposed method can be 

applied on more video sequences and implemented using a lower level language in real 

time. Moreover, more investigations can be carried out on determining the ideal number 

o f required clusters based on the input to further automate and formulate the process.

In the obstacle detection sub-system, the performance of the targeted optical flow 

applied to other fields can be examined. Furthermore, automating the parameter selection 

for the hybrid motion detection technique as well as optical flow can be studied.

Finally, we suggest employing the proposed systems for stereo vision. Combining 

the left-right outcomes and incorporating depth information can be quite challenging and 

informative.
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