
ABSTRACT 
GUPTA RACHANA ASHOK. An Edge-detection and HPF based Intelligent Space – A Network 

Based Integrated Navigation System. (Under the direction of Dr. Mo-Yuen Chow.) 

Intelligent space (iSpace) is a large scale mechatronics system. It is a multidisciplinary 

effort whose aim is to produce a network structure and components that are capable of integrating 

sensors, actuators, DSP, communication, and control algorithms in a manner that suits time-

sensitive applications including real-time navigation and/or obstacle avoidance. There are many 

challenges that must be overcome in order to put such a distributed, heterogeneous system together. 

The research presented here deals with one of these issues, i.e. the adverse effect of processing 

delays on the system. Here a novel structure for a delay-resistant sensory-motor module to 

navigate a differential drive unmanned ground vehicle (UGV) in a cluttered environment is 

suggested. The module consists of an early vision edge detection stage, a harmonic potential field 

(HPF) planner; a network based quadratic curve fitting controller and gain schedule middleware 

(GSM). The structure of this module and its components are described. Thorough experimental 

results along with performance assessment comparing to the previous implementation are also 

provided.  
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CHAPTER I – Introduction 
For many years now, data networking technologies have been widely applied in the control of 

industrial and military applications [1]. These applications include manufacturing plants, 

automobiles, and aircrafts. Connecting the control system components in these applications, such 

as sensors, controllers, and actuators, via a network can effectively reduce the complexity of the 

systems with nominal economical investments. Furthermore, the applications connected through a 

network can be remotely controlled from a long-distance source. A Network based Integrated 

Navigation System presented here is one subset of the whole genre of Network Based Systems. It 

has different modules combined together to guide a UGV (Unmanned Ground Vehicle) from one 

point to another in the space of interest (ℜ2), where the navigational intelligence lies on a main 

controller away from the UGV. Having a remotely controlled integrated navigation system; where 

the data processing, and controller module are at a central location (network controller) driving all 

the UGVs has many different advantages over a system with autonomous UGVs. Network 

controllers allow data to be efficiently shared. It is easy to fuse the global information to take 

intelligent decisions over a large physical space. It is easy to add more sensors and UGVs with 

very little cost and without heavy structural changes to the whole system. And most importantly, 

they connect cyber space to physical space making task execution from a distance easily accessible 

(a form of tele-presence). These systems are becoming more realizable today and have a lot of 

potential applications such as manufacturing plant monitoring, nursing homes or hospitals and tele-

robotics & tele-operation etc. Fusing the global information to make intelligent decisions or to 

perform a particular task requires integration of different modules like data acquisition, data 

processing, information extraction, and actuator control. All these different modules perform tasks 
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independently yet together making it one system. Therefore, a few of the issues faced by a network 

based navigation systems are network delay, processing delay, data sharing and data transfer. Thus 

it is evident that to improve the efficiency of a network based integrated system; we not only have 

to improve each integrated module but also focus on the efficient data interface between different 

modules. This is one of the main points of emphasis in the research presented here. 

We deal with a prototype of Intelligent Space (iSpace) as a network based integrated 

navigation system as the research platform here. iSpace in ADAC lab at North Carolina State 

University is a closed-loop system consisting of different modules like image processing, 

automation control, communication and networking for navigation of a differential drive UGV in a 

2-D space of interest (ℜ2) as shown (Figure 1). Currently, iSpace in ADAC lab is implemented 

using three basic modules: (i) A template matching-based vision system to recognize the contents 

of the environment, the UGV and their configurations [42] (ii) A planning module for computing 

the optimal, obstacle-free, reference path for the UGV using the fast marching method (gradient 

decent algorithm) [45] [44] (iii) A quadratic curve fitting path tracking module that uses the 

sequence of control commands generated by the main network controller after compensating for 

time delay in the closed-loop navigational system [37][41]. There are several challenges facing the 

reliable operation of the above system. Different delays are the main issues related to any network-

based integrated control system. In iSpace, delays such as  

1. Network (data flow) delay – Image data from camera to the controller, Command data from 

controller to robot. 

2. Processing or computational delay – Image processing using template matching, Path 

planning and path tracking are to be considered. Moreover, the complete system of iSpace is 
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restricted to a specific case of environment, where all the obstacles in the workspace need to have 

a pre-decided template on them. This restricts the workspace flexibility. Once the path is generated 

using fast marching method, the problem is converted to a path tracking problem. Therefore, the 

same path has to be tracked irrespective of how far off the UGV wanders away from that reference 

path in the due course of movement because of the network delay. This may not be always an 

intelligent decision considering path and time optimality. 

 

 
Figure 1: Structural flow diagram for iSpace 

We mainly focus on the image processing and the path planning part of the integrated 

navigation system to develop a more efficient, more generic structure for iSpace in ADAC lab. 

Instead of template matching, we use edge detection to extract the contents of the workspace. This 

helps the system to be more generic in terms of obstacle map. Edge detection is also more efficient 

in computational complexity than template matching. We also replace the Fast marching method 

by Harmonic Potential field (HPF) [3][7] to generate the guidance directions for path planning. 

The gradient directional output of HPF converts the path tracking problem into a goal seeking 
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problem; so UGV can be driven to the chosen goal from any point in the workspace, which also 

makes it compatible with the network based controller giving the effect of smaller real time 

computational delay. Although the marriage between the edge detection and HPF-based planner as 

well as the marriage between HPF based planner and the quadratic path tracking controller are the 

only modules in an interconnected structure, they simultaneously satisfy several important features 

that are central to the integration of the system. Here we emphasize on the compatibility between 

the different modules of the new system. This compatibility makes it possible for a module to 

directly accept the output from another module without any conditioning required, hence 

significantly reducing the processing delay and the chance of inter-module conflict. We believe 

that creating a homogenous structure by putting edge detection, HPF planner and quadratic curve 

fitting path tracking controller - three heterogeneous systems together for the first time to create a 

network based system is the novel contribution to the network based integrated navigation system 

area. These features and ones possessed by the other modules are discussed in later chapters 

elaborating the advantages in the quantifiable performance measure. We believe that these criteria 

are the key to building a system that will behave in the desired manner. Chapter II talks about the 

functional and algorithmic details of the system under consideration – iSpace – as a network based 

integrated navigation system, the features and functionalities of different integrated modules, 

disadvantages and restrictions of the current system, and scope of improvement. Chapter III 

explains the new structure and the component details. Chapter IV elaborates its advantages over 

the previous structure as individual modules as well as the successful integration of the complete 

system and advantages over the previous integrated system and eventually the enhancements 

accomplished as a delay tolerant structure of network based integrated navigation system. Finally, 

Chapter V presents the simulation and experimental results proving the claim. 
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CHAPTER II – Introduction to iSpace as a 
Network based Integrated Navigation system 

The network based integrated navigation system considered as a research platform – iSpace –  

[42] has the following components (as shown in Figure 1 and Figure 2):  

2. 1   Different components in iSpace  

 
UGV 

Image 
processing 

Reference path 
generation 

Path tracking 

 
Main Controller 

 

Figure 2: iSpace block diagram 

(i) An overhead network camera is used as a global sensor. The web camera collects the top-

view image of the 2-D space of interest and sends to the main controller for processing.  

(ii) Network controller with graphical user interface (GUI) (Figure 3), which can be on any 

remote computing interface in the world having the access to internet. The main network 

controller is connected to the global sensor – network camera and the actuator – the UGV – 

in the space of interest through a wireless channel. All the functional modules and 

intelligence is thus located on the main controller to process the top view image of the 2-D 
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space from the network camera and take the decision to be conveyed to the UGV in the 

space in the form of a mobility command. (Figure 2). All the algorithms on the main 

controller are explained in detail further in Chapter II. 

         

Figure 3: The graphical user interface on the internet 

 

(iii) A differential drive UGV is the actuator / navigator in iSpace.  
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not have any local sensors on board. It only receives commands from the main controller 

with the velocity ν and the turn-rate ω to initiate the movement to reach the destination 

point specified by the user through the GUI.  The UGV has a small program module 

implementing the Eq(1) to calculate left ωl, and right wheel ωr speed from ν and ω and 

drive the motors using the pulse width modulation. Thus, the feedback to the main 

controller is the global information only from the network camera. 

Let us see the different delay components at different stages of the system that this structure 

has to deal with. Their definitions and significance for a network based integrated navigation 

system is explained as follows. 

(i) Network delay component ( k
NetworkDelayτ ) 

a. Sensor to controller delay ( k
scτ ) - The time between the main controller requests the camera 

for the image (Image acquisition delay ( )) and it is captured and saved on the 

memory of the controller. Therefore we can say

k
imageacqτ

2
k

k k

RTTimageacqsc ττ τ
⎛ ⎞

= + ⎜⎜
⎝ ⎠

⎟⎟ , where k
RTTτ is the 

round trip network time. 

b. Controller to actuator delay ( k
caτ ) – This is the time for the reference command takes to 

reach from the main controller to the UGV 2
k

k

RTTca ττ =  

(ii) Processing or computational delay component ( ) k
ComputationalDelayτ

a. Non-real time Computational delay ( ) – It consists of the initial image processing time, 

path generation and the system processing time.  

k
NRcτ

k k k k
imeprocess pathgen sysprocessNRcτ τ τ τ= + +
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b. Real time Computational delay ( k
Rcτ ) – This is the time for the main controller to execute 

the control algorithm. i.e. the consecutive iterations of image processing and path tracking 

algorithm. So if the loop runs for n times before the UGV reaches the destination. 

( )_ _
k k k k

imeprocess r pathtrack sysprocess rRc nτ τ τ τ= ⋅ + +
 

k
NetworkDelayτ is more random in nature than the computational time delay . 

Therefore there are other stochastic and predictive methods used to deal with

k
ComputationalDelayτ

k
NetworkDelayτ . But we 

can reduce by adopting faster and computationally more efficient algorithms on 

the main controller. We clearly observe that reducing the real-time computational time

k
ComputationalDelayτ

k
Rcτ by 

factor of k will reduce the total time to reach the destination by the factor of (n.k).  

Let us also have insight in the functional features provided by algorithms implemented 

previously in iSpace to study the restrictions and disadvantages to be taken care of to develop more 

generic, efficient and delay tolerant network navigation system. 

2. 2   Template matching for content recognition 

Template matching is used to extract the information from the network camera image to know 

the location of the obstacles, location and orientation of the UGV in the workspace. Let h(fA
(i,j),fB) 

be a function that computes the measure indicating the matching level between the template image 

f

B

BB and the sub-image,  fA
(i,j); where fB and fB A

(i,j)  are the transformed black and white images as 

shown in Figure 4

( )
2

( , ) ( , )( , ) 1i j i j
A B A B

j i

h f f f f
⎛ ⎞
⎜= − −⎜⎜
⎝ ⎠

∑ ∑ ⎟
⎟⎟

            (2) 
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Figure 4: iSpace workspace image and templates for Template matching 

                                                

Front 

Back 

d 

r

 fB  
B C

 

Orientation of 
UGV 

Figure 5: Finding the orientation of the UGV.  

 
The obstacles in iSpace are recognized by the template of solid circles (image B in Figure 5) 

and the two concentric circles are used as template for the front of the UGV. However the single 

template image (fB) is used to recognize different circles with different matching scores. (Figure 4 

and Figure 5). We can apply Eq(2) to find out the maximum matching location irrespective of the 

orientation of the UGV and the obstacles in the top-view space-image. The matching scores will be 

in descending order as shown in Figure 4 – Highest for UGV front, medium for obstacles and 

UGV back and low for any other shape existing in the workspace. Circular templates are used 

because of the circles are invariant to rotations. The orientation of the UGV thus can be calculated 
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once the coordinates of front and back of the UGV are obtained from template matching using 

Eq(3). Where θ is the orientation angle of UGV, (xf, yf) and (xb, yb) are the co-ordinates of UGV 

front and back respectively. 

1tan b f

b f

y y
x x

θ − ⎛ ⎞−
⎜= ⎜ −⎝

⎟⎟
⎠

            (3) 

The camera is kept at a known constant height h over the workspace; therefore it captures the 

constant and predetermined area (xa x ya) of the workspace in an image of known resolution of (m 

x n). The size of the template on the top of the UGV and the obstacles are also kept constant 

allowing to use a template image with a fixed resolution (mtemp x ntemp). The template image fB is 

(20x20) size. i.e. no zoom factor is considered. Thus the main controller does not have any 

information about the size of the obstacle. Therefore, it draws a circular safety margin of radius 

r

B

safe around the obstacle. Area under the safety margin is considered the part of the obstacle by the 

path planning module. Details about the template matching algorithm implemented in iSpace can 

be gathered from . [42]

2. 3   Limitations of Template matching approach for Network based 
Navigation System 

The obstacles recognized by the template matching have to be a part of a priori set of obstacles 

with predefined size, shape and with predefined templates on them. Thus, the controller has no 

way to extract the information about the actual size and shape of the obstacles or boundary of the 

obstacles. The only information the controller has is their location (co-ordinates) in the workspace.  

However, to successfully avoid an obstacle keeping the path optimality, the network controller 

should have the knowledge about the actual boundaries or the radius of all the obstacles in the 

space. Assumption that the obstacle size does not exceed the considered safety margin of rsafe 
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might prove conservative for small obstacles loosing the efficiency on the optimal path generation 

and at the same time might prove insufficient for large obstacles increasing the probability of 

hitting an obstacle as evident from Figure 6. All these make the system restricted to operate in only 

a few environmental patterns.  

 

Sufficient for the smaller one proves to be 
insufficient for bigger obstacle. 

 

Required for the bigger one proves to be 
inefficient for smaller obstacles. 

Insufficient 
safety margin 

Probable hit to 
the bigger 
obstacle 

Conservative 
safety margin 

Extra-cautious 
path loosing 
on optimality 
of path 
generation 

Required for 
bigger one 

rsafe 

Figure 6: Explaining the restrictive assumptions by template matching about the size 
of the obstacles. 

(Yellow circle around the obstacles represent the safety margin and green line from 
the robot to the red dot is the path drawn avoiding the obstacles considering the safety 

margin.) 

2. 4   Path planning using fast marching method 

The input to the path generation modules is the position and orientation of the UGV (xu, yu, θu) 

and obstacles’ positions from the result of the template matching module, UGV’s destination (xd, 

yd) from the GUI set by the user. The output of this module is an optimal path composed with a 
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series of points from the initial UGV position to the destination without colliding with the 

obstacles. A Dijkstra-like method named the fast marching method was applied to solve the 

optimal path generation problem.  The fast marching algorithm is explained in brief below in 

Figure 7. To find a path from A to B, let a front expand from A in all directions (a growing circle 

around A in this scenario, Figure 7). Once the front touches B, we can find the shortest path by 

starting at B and proceeding backwards along the path that is always perpendicular to the 

expanding front as shown in Figure 7. 

 

Figure 7: Path planning in iSpace 

 

A 

B

Obstacle
UGV 

20pixel 

320pixel 

240pixel 

Platform Area

 

   

1. With Obstacles 2. Expand front around A 3. Trace back to find path 

Figure 8: Sequence of path generation with fast marching method 
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Alive 

Trial 

Close

Destination 

Far 

Obstacles
Far 

Figure 9: Path planning using fast marching method avoiding the obstacles. 

Extended detail can be found in Sethian [44][45]. 

2. 5   Path tracking controller 

Once the optimal path is generated, the mobile robot is commanded to follow this path to the 

destination. This is accomplished by approaching a sequence of reference points generated on the 

desired path following a quadratic curve, as shown in Figure 8. This reference point is set at a 

distance (d0) ahead from the UGV current position and closer to the destination along the path. 

Appropriate speed (v, in cm/s) and turn rate (ω, in rad/s) of the mobile robot is determined once the 

coefficients of this quadric curve is calculated based on the error vector (ex, ey, eθ) as described in 

[37] [40]. We will again come back to this quadratic curve fitting path tracking algorithm in 

Chapter III.  

 

Figure 10: Path tracking control using quadratic curve 
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2. 6   Limitations of path planning method in the network based navigation 
system 

Thus the navigation problem is looked upon as a path tracking problem and therefore the 

reference path generation is mandatory.  The path tracking controller is always trying to keep the 

UGV on the reference path by calculating the reference points along the path irrespective of the 

UGV’s current position and distance from the reference path. If we observe, we find that the only 

input path tracking controller requires is the current co-ordinates of the UGV (xc, yc,θc) and the 

reference point co-ordinates (xref, yref). In each control loop iteration, the path tracking controller 

has to look up the complete reference path [(x1, y1), (x2, y2), (x3, y3),…, (xn, yn)] to determine the 

closest point and calculate the reference point depending upon the curvature of the path. Instead of 

generating the reference path, if we are successful in calculating the reference co-ordinates for 

each point in the workspace with the same or less amount of calculation than the fast marching 

method, it will also automatically cut down on the real time calculation time for searching of the 

reference point in the control loop.  

Another point of consideration is, this being a network based system, the UGV might wander 

off from the path in due course of movement due to network delay. In such case, it might prove 

optimal and efficient for the UGV to go the next reference position which might not lie on the 

previously calculated reference path. This is explained from the Figure 9. This creates a 

requirement for each point in space to have an optimal reference point toward the destination 

which will have inbuilt knowledge of the obstacle boundary presence instead of a reference path.  
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Reference 
path 

(xref, yref) 

Probable hit to the obstacle 

Obstacle 

(xc, yc) 

Figure 11: Figure explaining the disadvantage of going for a fixed reference path 

2. 7   GSM for Network delay compensation 

For the network delay compensation, iSpace uses the Gain Scheduler middleware technique 

introduced by Chow and Tipsuwan [41]. GSM methodology uses middleware to modify the output 

of an existing controller based on a gain scheduling algorithm with respect to the current network 

traffic conditions. The overall GSM operations for networked control and tele-operation can be 

summarized as follows [39][40][41]. 

1. The feedback preprocessor waits for the feedback data from the remote system. Once the 

feedback data arrives, the preprocessor processes it using the current values of network 

variables and passes the preprocessed data to the controller. 

2. The controller computes the control signals and sends them to the gain scheduler. 

3. The gain scheduler modifies the controller output based on the current values of network 

variables and sends the updated control signals to the remote system. 

Thus, GSM takes care of network delay compensation satisfactorily. 

Thus we can say that the delay tolerance, efficiency, accuracy, generality and optimality of 

iSpace depend upon the following factors. (i) The image processing algorithm should be fast, 

efficient and generic enough with different category of obstacle maps for the navigation system. 

15 



 

The output of this module should also be compatible enough with the path planning algorithm for 

efficient computing time. (ii) The path planning algorithm will decide the optimality and length of 

the path generated and thus probability to hit an obstacle. (iii) The time required to track that path 

will also be a function of length of the path generated and the efficiency of the path tracking 

algorithm. After discussing the scope of the improvement in the current iSpace, we replace the 

template matching and the fast marching path planning algorithm with edge detection and 

harmonic potential path planner respectively. The details of this new structure with individual 

modules as the part of an efficient integrated navigation systems against the previous systems are 

explained below in Chapter III and Chapter IV.  
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CHAPTER III – New Structure of iSpace 
After discussing the current setup of iSpace as a network based integrated navigation system, 

and the scope of improvement, this chapter explains the new structure and the component details 

for iSpace.  We use edge detection instead of template matching and harmonic potential field 

functions for path planning replacing the fast marching method. 

3. 1   Edge detection to extract the contents of the iSpace environment 

Edge detection is a classic early vision tool to extract discontinuities from the image as features.  

Thus all the discontinuities which are more or less obstacle boundaries will be represented by 

binary edges in the edge detected image of the UGV workspace [30][29]. We call the edge 

detected image of the workspace as an “Edge map”. Before explaining the mathematical and 

functional properties of the edge detection, Figure 8 explains the effect of taking the first and 

second derivative of a 1-D function. We can observe that the magnitude of the first derivative 

(magnitude of the gradient) can be used for detecting the presence of the edge in an image and the 

sign of the second derivative can be used to determine whether an edge pixel lies on the dark or 

light side of the edge, in brief it can be used to find out the direction of the gradient. Thus zero 

crossing provides the powerful approach for locating edges in the image. [47][29]
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Therefore, the edge detector we use has two branches. One branch processes the workspace 

image I with a circularly symmetric approximated Laplacian of 2-D Gaussian (LoG) operator to 

find out the second derivative of the image which will be used to find out the zero crossings in the 

image as the potential edges.  

2 2

22

1 ( )( , , ) e x p  22
2 22 ( , ) 2 2

x yG x y

G GG x y
x y

σ σπ σ
⎛ ⎞− += ⎜ ⎟
⎝ ⎠

∂ ∂
∇ = +

∂ ∂

 

Profile of a horizontal 
line (For e.g. Cross 
section of an image)

First derivative gives 
high magnitude at the 
edges. Threshoding will 
leave out the edges. 

Second derivative gives 
the directional gradient 
of the edges and their 
potential locations 

Figure 12 : Explaining the significance of the first and second 
derivative (This is for a 1-D cross section of an image) 

(4) 

 

Maxima at r2 = 3σ2 i.e. 
r = ±√3 for σ = 1 

 

Zero crossing at ±σ = 
±1 

Figure 14: versus r with σ = 1 ),(2 rG σ∇Figure 13: 3-D plot of at σ = 1 ),,(2 yxG σ∇
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Let r2 = x2 + y2 Thus Laplacian of G(σ, r) with respect to r is given in Eq(5).  

( ) ( ) 2exp
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2
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22
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⎜
⎝
⎛ −=∇               (5) 

The Figure 12 shows the cross-section of the circularly symmetric function representing 

 as expressed in Eq(5). From Eq(5), we have,  = 0 at r

),,(2 yxG σ∇

),(2 rG σ∇ ),(2 rG σ∇
2 = σ2. We also observe 

that from Figure 12 that the zero crossing is at r = ±σ 

 i.e.      2 2x y 2σ+ =                            (6) 

Eq(6) is the equation of the circle in the plane z = 0 (radius σ  and center at (0, 0)) passing through 

all the zero-crossing point. To form the approximate 7 x 7 kernel representing the circularly 

symmetric LoG, we sample  at (x, y) = (-3, -3) to (3, 3). To find out the value of r at which 

the LoG attains its maxima, we equate the third derivative ∇

),(2 rG σ∇

3G(σ ,r) to zero  . 
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Thus, maxima is attained at r2 = 3σ2 (Figure 12). Therefore, to have maxima at r = 2 i.e. second 

neighboring pixel from the center pixel, r = 2 ∴σ = ±2/√3. We sample the circularly symmetric 

LoG and get the following discrete approximation as 7 x 7 kernel.  

LoG =  

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

0.0012    0.0053    0.0116    0.0146    0.0116    0.0053    0.0012
0.0053    0.0178    0.0240    0.0200    0.0240    0.0178    0.0053

0.0116    0.0240    0.0211-   0.0769-   0.0211-   0.0240    0.0116
0.0146    0.0200    0.0769-   0.1790-   0.0769-   0.0200    0.0146
0.0116    0.0240    0.0211-   0.0769-   0.0211-   0.0240    0.0116

0.0053    0.0178    0.0240    0.0200    0.0240    0.0178    0.0053
0.0012    0.0053    0.0116    0.0146    0.0116    0.0053    0.0012
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However, we know that elements of the kernel should sum up to zero because they are the 

discrete representation of Laplacian of Gaussian Eq(5) whose average value is zero. (Proof below - 

Integration from – ∞ to +∞  is zero).  
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And if the sum of elements is not zero, after convolving the kernel with the image (I), the 

brightness factor will not be maintained, it will however be shifted with a factor of the sum of the 

elements. This is more important for iterative algorithms and can be ok for convolving once as we 

do in case of this edge detection. But for a good practice, we adjust the elements by subtracting the 

sum from each element such that their sum is zero.  

LoG =  

0.0363    0.1181    0.2438    0.3032    0.2438    0.1181    0.0363
0.1181    0.3687    0.4927    0.4117    0.4927    0.3687    0.1181
0.2438    0.4927   -0.4107   -1.5261   -0.4107    0.4927    0.2438
0.3032    0.4117   -1.5261   -3.5688   -1.5261    0.4117    0.3032
0.2438    0.4927   -0.4107   -1.5261   -0.4107    0.4927    0.2438
0.1181    0.3687    0.4927    0.4117    0.4927    0.3687    0.1181
0.0363    0.1181    0.2438    0.3032    0.2438    0.1181    0.0363

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎣ ⎦

LoGI I LoG= ⊗  

The zero crossing contours from this operator are taken as the candidate edges. Such a map is 

extremely noisy and practically useless as shown in Figure 13 unless the contours corresponding to 

the physical underlying edges are somehow filtered out. [29]
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Figure 15: workspace image I and its zero crossing contour for  2I G⊗ ∇

The filtering adopted here is based on the strength of the edge, i.e. its contrast. Therefore, the 

second branch for the edge detection block is an approximated first derivative gradient operator of 

2-D Gaussian function with x-direction and y-direction mean (μx and μy) as zero (Eq 4). It is used 

to produce an estimate of the contrasts.  The 2-D Gaussian function is shown in (4) where σ is the 

standard deviation deciding the spread of the bell curve shown in Figure 14. 

.       
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(7) 

(8) 

 

Figure 16: 2-D Gaussian curve ),,( yxG σ  
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Figure 17: Complete edge detector block diagram 

Applying the first derivative Gaussian to the image is equivalent to first blurring the image 

with a kernel bigger in the middle and then differentiating to get the gradient as shown in 

Eq(9)[28]. If the contrast of an edge is above a certain threshold, the edge is accepted as authentic; 

otherwise it is rejected as noise. This is introducing low-pass filtering which should to some extent 

suppress the effect of wideband noise from the edge map removing the false edges. 

( ) Gd I G I
x x
∂ ∂

= ⊗ = ⊗
∂ ∂  

⎟
⎠
⎞

⎜
⎝
⎛ +−−

=∂∂ 2

22

4 2
)(exp

2
/),,( σπσ

σ yxxxyxG    2
)(exp

2
/),,( 2

22

4 ⎟
⎠
⎞

⎜
⎝
⎛ +−−

=∂∂ σπσ
σ yxyyyxG  

       

(9) 

(10) 

  
Figure 19: Graph representing yyxG ∂∂ /),,(σ  Figure 18: Graph representing xyxG ∂∂ /),,(σ  

Note: The two images above are mirror images of each other therefore 7x7 matrix approximating both will 

be transpose of each other. 
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I(x, y) is the original grey-scale image from the network camera. The first derivative with 

respect to x, IGx(x, y) and with respect to y, IGy(x, y) of I(x, y) is thus obtained by using Eq(11) and 

Eq (12). 

( , , )( , ) ( , )Gx
G x yI x y I x y

x
σ∂

= ⊗
∂                   (11) 

          
( , , )( , ) ( , )Gy

G x yI x y I x y
y

σ∂
= ⊗

∂               (12) 

To form the 7x7 approximated kernels representing xyxG ∂∂ /),,(σ  and yyxG ∂∂ /),,(σ , let us 

sample the 2-D curves shown in (Figure 16 and Figure 17) at x = -3, -2, -1, 0, 1, 2, 3 and y = -3, -2, 

-1, 0, 1, 2, 3 forming a sampling distance Δs = 1 as shown in Table 1. Here sampling values of x 

and y represent the position of the pixel relative to the center pixel with x = 0 and y = 0 at which 

the kernel is applied to find the gradient at that point. 

Table 1:  Sampling ticks with Δs = 1 to form 7x7 approximated kernel for xyxG ∂∂ /),,(σ  and 
yyxG ∂∂ /),,(σ at σ = 1 

(-3, -3) (-2, -3) (-1, -3) (0, -3) (1, -3) (2, -3) (3, -3) 

(-3, -2) (-2, -2) (-1, -2) (0, -2) (1, -2) (2, -2) (3, -2) 

(-3, -1) (-2, -1) (-1, -1) (0, -1) (1, -1) (2, -1) (3, -1) 

(-3, 0) (-2, 0) (-1, 0) (0, 0) (1, 0) (2, 0) (3, 0) 

… … … … … … … 

… … … … … … … 

… … … … … … (3, 3) 

 
 

As mentioned before σ will decide the spread of the bell curve over the 7x7 = 49 pixels. Let us 

look at the cross-section of the xyxG ∂∂ /),,(σ  at a plane y = 0 in Figure 18. This represents the 
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forth row of the kernel. The immediate neighbors of the center pixel (0, 0) in the x-direction i.e. at 

(-1, 0) and (1, 0), should have the maximum weight in the kernel considering the intuitive 

assumption that immediate neighboring pixels have more contribution in deciding the edge 

presence at any pixel and therefore sampled value of xyxG ∂∂ /),,(σ  should be maximum at x = 1 

and -1. We find out the value of σ where the value of first derivative xyxG ∂∂ /),,(σ attains its 

maximum at (-1, 0) and (1, 0) by equating the second derivative  to zero. 22 /)0,1,( xG ∂∂ σ
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Therefore we have the maxima of the absolute value of the first gradient of the Gaussian in the x-

direction at σ = 1, as confirmed by the Figure 18

  
Figure 20: Cross-section of the xyxG ∂∂ /),,(σ at a 

plane y = 0 with σ = 1 
Figure 21: A 20x scaled 7 point approximation of 

xxG ∂∂ /)0,,1(  
 

The 7 x 7 kernel Gx approximating the first derivative of 2-D Gaussian with respect to x at σ  = 1 is 

as follows. 
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Gx =  

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

0.0012-   0.0096-   0.0214-   0         0.0214    0.0096    0.0012
0.0144-   0.1166-   0.2613-   0         0.2613    0.1166    0.0144
0.0643-   0.5226-   1.1710-   0         1.1710    0.5226    0.0643
0.1061-   0.8616-   1.9306-   0         1.9306    0.8616    0.1061
0.0643-   0.5226-   1.1710-   0         1.1710    0.5226    0.0643
0.0144-   0.1166-   0.2613-   0         0.2613    0.1166    0.0144
0.0012-   0.0096-   0.0214-   0         0.0214    0.0096    0.0012

Similarly, the gradient in y-direction Gy approximating yyxG ∂∂ /),,1( can be directly written as 

transpose of the Gx

Gy =  

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

0.0012-   0.0144-   0.0643-   0.1061-   0.0643-   0.0144-   0.0012-
0.0096-   0.1166-   0.5226-   0.8616-   0.5226-   0.1166-   0.0096-

0.0214-   0.2613-   1.1710-   1.9306-   1.1710-   0.2613-   0.0214-
0            0            0              0              0            0              0     

0.0214    0.2613     1.1710      1.9306      1.1710      0.2613      0.0214
0.0096    0.1166     0.5226     0.8616      0.5226      0.1166      0.0096
0.0012    0.0144     0.0643     0.1061      0.0643      0.0144      0.0012

 
Figure 22: xyxG ∂∂ /),,1(  

 
Figure 23: A 20x scaled 49(7x7) point 
approximation of xyxG ∂∂ /),,1(  

3. 2   Results of edge detection 

Figure 22 shows a few sample images from the actual iSpace setup in ADAC lab with different 

environment such as textured background in Example 5 and Example 6, cluttered with many 

obstacles in Example 2 and Example 6 and their corresponding Edge maps. The edge maps can be 

mathematically described as by Eq(13) – 
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E(xi, yj) = 1 if  (xi, yj) ∈ ΩB  B

             = 0 if (xi, yj) ∉ ΩB             for all (i, j)                

Where E(x, y) is the image representing the edge map and ΩB is the set of edge points  

including the boundary points for all obstacles in workspace. 

           
 
 

      
 
 

Figure 24: Top view images I(x, y) with their corresponding edge maps E(x, y). 

 

Approximation of the 2-D waveforms to form kernel is learnt from Snyder, Qi [28]

3. 3   2-D HPF planner for path planning  

The Harmonic function on a domain Ω ⊂ ℜ2 is a function which satisfies the following 

Laplace equation – Eq(14).  

(13) 

(14) 

Example 1 Example 2 Example 3 

Example 4 Example 5 Example 6 

02

2

2

2
2 =+=

yx
h

δ
φδ

δ
φδφ   

The use of potential field in motion planning was introduced by Khatib [2]. The obstacles were 

represented by the repelling force and the point of destination was represented by the attractive 

force. Unfortunately, the setting Khatib suggested suffered from a deadlock problem known as the 

local minima problem. Laplace as a harmonic function was proposed by Connolly et al. [3][5] to 

generate navigation path in robot workspace avoiding the spurious local minima. The absence of 
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local minima may be intuitively demonstrated by considering the two-dimensional version of 

Laplace’s Equation. Consider the two curves which are the x and y cross-sections of φ  at some 

point p0. If the second derivatives of φ  are individually not zero at p0, then two curves in question 

must have second derivatives of opposite sign forφ  to satisfy Eq(14) . Assuming that φ ∈C2, this 

implies that one curve must be concave upward and the other must be concave downward. Thus 

we have that either φ  is planar at p0, or that there is a direction outward from p0 in which φ  

decreases, and another in which φ  increases. Therefore, in any open region where Laplace’s 

equation holds, local extrema of φ  cannot exist. More formally, if a function φ  satisfies Laplace’s 

equation on some region Ω ⊂ ℜn, then any critical points of the function in the interior of that 

region must be saddle points, since local extrema of the function are not possible there. If the 

effector reaches a saddle point, and it is not near the goal, then there must be a way out. This exit 

from this critical point may be found by performing a search in the neighborhood of the critical 

point. In this context the path from the source to the destination consists of these saddle points.  

Here, we use HPF in Dirichlet’s settings. With these settings, obstacles are raised to a constant 

high potential and while goal regions are kept at low potential as explained in Eq(15). The 

resulting potential is then constrained by ∇2φ = 0. With this manner the gradient of φ is aligned 

with the surface normal of the obstacles and thus driving the UGV away from obstacles.  

2

T T

                ( , ) 0     , Ω
subject to 
                ( , ) 1       , Γ
and           ( , ) 0      ( , ) ( , )

∇ ≡ ∈

= ∈
= =

x y x y

x y x y
x y x y x

φ

φ
φ

(15) 
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where is the Laplace operator, Ω is the workspace of the UGV (Ω ⊂ ℜ2∇ 2), Γ is the boundary 

of the obstacles, and T T( , )x y is the target point. The obstacle free path to the target is generated by 

traversing the negative gradient of ( )φ  i.e. ( )φ−∇ . 

Numerical solutions for the Laplace’s equation are readily obtained from the Finite Difference 

Method. Let φ (x, y) be a function which satisfies Laplace equation and let u(xi, yi) represents 

discrete regular sampling of the φ  on a grid. A central difference formula for the second 

derivatives of φ  can be derived using Taylor’s series. Higher order terms are neglected. [3]
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The fourth order terms can be neglected being very small. h and k are the step size in x and y 

direction respectively. Assuming h = k = 1, we can write 

2
1 1 1 1( , ) ( , ) ( , ) ( , ) ( , ) 4 ( , )i j i j i j i j i j i jh x y u x y u x y u x y u x y u x yφ + − + −= + + + −  

For φ (x, y) to satisfy the Laplace equation 2 ( , ) 0i jh x yφ = , we  

1 1 1 1( , ) ( , ) ( , ) ( ,
( , )

4
i j i j i j i j

i j
u x y u x y u x y u x y

u x y + − + −+ + +
=

)
 (16) 

Thus with Laplace equation, this method simply consists of repeatedly replacing each grid points 

with the average of its neighbors using successive relaxation. Terminate when the array u contains 

a sampling φ of where every non-boundary condition node has a neighbor with a smaller value 

representing a negative gradient except the destination point. 
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3. 4   HPF and Edge detection Merged together 

The close relation between Edge detection and HPF is what makes this path planning algorithm 

so interestingly efficient and flexible. As with Edge detection the obstacle boundaries are already 

raised to a high potential (binary edges, φ = 1) and all the other points in the workspace which are 

not on the obstacle contour are at the low equal potential conditions (UGV movement area φ = 0), 

as we look at the Eq(13) and Eq(15). ΩB nothing but boundaries of the obstacle, Γ, raised to a high 

potential. Thus it provides the exact raw data required for HPF in Dirichlet’s setting to create the 

gradient direction matrix. It was also proven that the potential function in any connected 

component without goals will converge to a constant potential in that UGV configuration space [3]. 

All the connected components in the edge map represent the obstacle boundary, so with this 

principle, the obstacles in the workspace will be represented by a high potential repelling the UGV 

away from it., The destination point is then represented by the lowest potential (φ = -1). The 

normalized gradient at each point will then represent the directional guidance at each point in the 

workspace matrix avoiding the obstacles represented by the edge map towards the destination 

point. Vx and Vy are the 2-D arrays of negative directional gradient of the workspace in x and y 

direction respectively. 
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Where 
2

),1(),1( yxyx
x

−−+
=∂

∂ φφφ and 
2

)1,()1,( −−+
=∂

∂ yxyx
y

φφφ  

Thus HPF planner will be used as directional guidance for the UGV. However, the velocity 

magnitude will be decided by the control algorithm explained further [7]
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Figure 23 shows the result of the HPF planner after applying them on the edge map. Here the 

edge maps are created synthetically to test the algorithm. However, the Figure 24 shows the HPF 

results with actual iSpace workspace image edge maps. The arrows represent the gradient direction 

at each point in the planner. We observe that the HPF plan of the workspace is the function of 

obstacle boundaries and the destination point. Thus HPF converts the edge map into a “Region to 

Point Guidance Function”. 

      

  

Figure 25: HPF results with synthetic edge maps 
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Goal point chosen, 
shown as the small red 

dot 

 

Goal point chosen, 
shown as the small 

red dot 

 

 

Figure 26: Figures showing the result of HPF planner – Region to Point guidance function. 

3. 5   HPF, a region to point guidance function, combined with the network 
based controller 

The important feature of HPF planner to convert the edge map into a region to point guidance 

function makes it easily compatible with the quadratic curve fitting UGV movement controller 

reaching to the goal more efficiently. The basic principle of this control algorithm as explained in 

[29] by Yoshizawa et al. is that a reference point is moved along a desired path so that the length 

between the reference point and the UGV is kept in some distance. Control (velocity) commands 

are generated for the UGV to reach that reference position from the current position. (Figure 8, 

Chapter II)  This controller method is used so far if the path to be tracked is already known. But 
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the gradient array of HPF has features which enable to use this method more efficiently without 

advanced knowledge of the path being tracked. Once the complete 2-D gradient matrix is 

calculated, all the directional information required for the UGV to reach the goal from any point in 

the workspace is available in the HPF planner as shown in Figure 24. In other words, every point 

in the region will have a guidance vector associated with it directing it towards next reference 

position leading towards the goal. This can be treated as the same reference position required by 

the quadratic curve controller as explained. Thus, the important Region to point guidance property 

of HPF makes it a more efficient path planner to be combined with quadratic controller without the 

reference path generation. As shown in Figure 24, the image to the right is the HPF gradient of the 

left image with destination as shown. All the points in the workspace steer the UGV to the goal 

showing that the gradient directions are the function of the goal point, not the source point. So thus 

the problem is converted to a “goal seeking” problem from a “path tracking” problem. And the 

“path generation” module is replaced by “HPF planner” module. We need to compute the gradient 

array (V). The reference position ( , )R Rx y  for each current position ( , )x y  is calculated from the 

gradient array of the HPF (∇φ). Vx and Vy are the 2-D arrays of x- and y-components of ∇φ 

respectively as described in Eq(17). Then each reference position = ( ,0 0( , )R x y )R Rx y  is calculated 

as shown in Eq(18). 
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 (18) 

We can choose the reference position at a look-ahead distance (d0) from the current position. 

Let the discrete look-ahead distance be represented by Lδ . If 2Lδ = , then for the current 

position ( )0 0,x y , 2 20 0( , ) ( , )R x y x y= , as explained in Figure 25. Thus for ( 1L )δ > , Eq(18) is 

calculated in a loop of δL iterations to get a reference point at a  instance δL. 
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Figure 27: HPF gradient image enlarged explaining the concept of discrete look-ahead distance. 

The accuracy of the path traced will be sensitive to the look-ahead distance (d0) selected as the 

quadratic curve controller will d0 curve fitting (y = Ax2) between the current 0 0( , )x y and the 

reference point ( , )R Rx y .  The magnitude of the speed v and the turn-rate ω is proportional to the 

distance d0 between 0 0( , )x y and ( , )R Rx y . Small Lδ  will keep the UGV trajectory close by the desired 

path. However the time to complete the path will increase because of the small v and  ω (as shown 

in Figure 27). If Lδ  is large, (e.g. Lδ = 6) then d0 will be large. The quadratic curve controller will 

approximate the path between 0 0( , )x y and 6 6( , )x y , which may not match the exact path generated by 

the HPF planner going through{ }1 1 6 60 0( , ), ( , ), ..., ( , )x y x y x y . Thus, distance error from the ideal path 

will increase increasing the probability of hitting nearby obstacles in case of large network delays 

as shown in the third image in Figure 26.  

    
δL = 1, Network delay = 0.1mS 

T = 27 seconds  
δL = 8, Network delay = 0.1mS 

T = 16 seconds
δL = 8, Network delay = 0.6mS 

Figure 28: iSpace workspace images showing the effect of different values of look-ahead distance chosen 
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Figure 29: Distance error increases and total time to reach the goal decreases with increase in δL. 

As described in [37] and [41], the quadratic path tracking controller fits the curve y = An x2 

once the current position (xc, yc, θc) and the reference position (xref, yref) are known. We know that 

the distance d0 at which the reference point is to be located from the current position is calculated 

by the quadratic path tracking controller at each control loop, depending upon the curvature of the 

path (An) at that current position by Eq(19a) [37]. Thus the discrete Lδ  should be proportional to 

d0. Thus we calculate Lδ using Eq(19b). And then v and ω are calculated using Eq(19c). To choose 

the reference point to start with, we take Lδ as its minimum value i.e. Lδ = 1. Thus (ex, ey, eθ) the 

error vector is calculated for (xc, yc, θc) and (xref, yref) . 

max
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( )                      2
1 | |n x n nK sign e v K An K

An
α ω= =

+
(19c)= ⋅ ⋅  

GD is a constant representing the actual physical distance in meters corresponding to i.e the 

workspace distance between the two pixels of the workspace image (I) distance representing the 

grid size at which the gradient value is calculated. Therefore δL is the discretized look-ahead 
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distance. GD is calculated as Eq(20) with workspace image resolution (m x n) and the area covered 

by the network camera i.e. workspace size (xa x ya). For iSpace, image resolution is 320 x 240 and 

workspace size is (4m x 3m) ∴ GD = 0.0125 m  

0.0125a a
D

x yG m
m n

= = =  

Thus at a high curvature point, d0 will be small, giving rise to a small δL (look-ahead distance). 

The UGV will run slowly being more cautious on the turn. On the other hand if the path is a 

straight line (low curvature point), then the reference point will be chosen at comparatively a larger 

distance from current position making the UGV move faster. Thus dynamically choosing the look-

ahead distance will incorporate optimality between the path tracking accuracy and the time 

required to reach the goal. Thus the HPF planner successfully provides the features required by the 

quadratic curve fitting controller to calculate the v and ω for differential drive UGV. 

(20) 

 

Network delay = 0.3 s 
T = 24.3 s
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CHAPTER IV – Comparison of the new 
modules with the previous modules 

 
In this chapter, we formally compare not only each previous module with the new module but 

also emphasize on the performance improvement in iSpace as a whole network based integrated 

navigation system because of the compatibility achieved between the modules by introducing edge 

detection and HPF planner. 

4. 1   Comparison of edge detection with template matching for iSpace 

(1) Restrictions on the contents of the environment – As we mentioned earlier, that template 

matching imposes the restrictions on the contents in the iSpace environment to be a part of a 

priori set with specified templates. Requirement of templates on obstacles is not a reasonable 

idea. This restriction is removed with implementation of edge detection. With edge detection, 

any real world obstacle can be expected to be detected without template. Figure 22 shows that 

edge detection works for many different varieties of obstacles and environment cases in iSpace 

and this is definitely a quality addition towards improving the generality of iSpace. 

(2) Definite knowledge of obstacles boundaries – Comparing to template matching where the 

main controller only knows the location of the center of the template on the obstacle without 

having any quantitative and definite knowledge about the size and shape of the obstacle, edge 

detection marks the boundaries distinctively. Thus the path planning algorithm has better 

knowledge about the contents of 2-D space of interest for optimal path planning. Both the 

points are evident from Figure 28. 
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Figure 30: Template matching and Edge detection outputs for the same workspace image 

 
(3) Computational complexity – Let us consider both the template matching and the edge 

detection algorithms to learn the improvement in the computational efficiency with edge 

detection. Here, we consider the major parts of the calculations involved in both the algorithms. 

Table 2: Calculations for Template matching computations  

Template matching 

Steps Number of Computations 

Thresholding the grey scale image I(x, y) to get 

black and white image. 

(m x n) comparisons 

m = 320 and n = 240 

76800 

Matching operations  as per 

( )
2

( , ) ( , )( , ) 1i j i j
A B A B

j i

h f f f f
⎛
⎜= − −⎜ ⎟⎜ ⎟
⎝

∑ ∑
⎞
⎟

⎠

 for the 

image I(m x n) with the template image fB 

(mtemp x ntemp) 

 

((m- mtemp) x (n- ntemp)) x (mtemp x ntemp) 

m = 320, n = 240, mtemp = 20 and ntemp = 20 

26400000 

Thresholding the scores above a specified value (m x n) comparisons 
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(Tthreshold) which is the signature value for the 

template presence.  

if ( , )( ,i j )A Bh f f > Tthreshold then template present at 

(i, j) else template absent. 

m = 320 and n = 240 

76800 

Filter out the other matching scores which are 

above the Tthreshold but lie on the immediate 

neighborhood of the center position of the 

template. 

This depends upon the number of score 

matching say Nn and number of obstacles are 

No then  

number of operations are < Nn x No  

Sorting the thresholded values to distinguish 

between the front and back of the UGV from 

the obstacles. 

This depends upon the number of score 

matching i.e. number of obstacles present – 

assume ksort

Approximated total (CTemplateMatching) (26553600 + ksort) 

 

Table 3: Calculations for Edge detection computations 

Edge detection 

Steps Number of Computations 

(320 240) (7 7)I Gx× ⊗ ×  (m-7 x n-7) x (7 x 7) = 3573521 

(320 240) (7 7)I Gy× ⊗ ×  (m-7 x n-7) x (7 x 7) = 3573521 

Let M = 2 2( ) ( )I Gx I Gy⊗ + ⊗  

I(x, y) = 0  if M(x, y) <= C 

          = 1 if M(x, y) > C, for all the pixels in I(x, y)  

(m x n) + (m x n) =  

153600 

(320 240) (7 7)I LoG× ⊗ ×  (m-7 x n-7) x (7 x 7) = 3573521 
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Zero crossings detection at each point and 

comparison with first derivative. 

(m x n) = 76800 

Approximated total (CEdgeDetection) 10950963 

 

Thus comparing the two numbers CEdgeDetection and CTemplateMatching. The factor k by which Edge 

detection is faster in computation than the template matching is  

2 6 5 5 3 6 0 0  +  2 .4 2
1 0 9 5 0 9 6 3

T e m p la te M a tc h in g s o r t
E d g e D e te c t io n

C kk
C

= = ≈  (21) 

This computationally efficient feature of edge detection makes it more suitable for network based 

controls. In the new settings, we are still using template matching to recognize the robot but not the 

templates. To decrease the real-time image processing only a small window around the UGV’s old 

position is scanned to search for the current position instead of scanning the whole image. In future, 

the template matching can be completely removed and edge detection can also be used to find the 

position of the robot and in that case the real and non-real time processing time will be improved 

by a factor of k as mentioned in Eq(21). 

4. 2   Comparison of fast marching path planner with HPF path planner 

(1) Change of the problem definition – As explained earlier, fast marching method is used to 

calculate the reference path from source to destination point. Thus it is the function of source 

point, destination point and the obstacle map. In fast marching method the output is a reference 

path avoiding all the obstacles. And the whole path tracking algorithm tries to keep the UGV 

on the reference path. Thus once the UGV is not on the path there is no guarantee that the 

quadratic curve fitted between the UGV (off the path) and the reference position (on the path) 

considers the obstacle avoidance. With HPF planner, the workspace surface image is converted 
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into a region to point guidance function – function of destination point and the (obstacle map) 

edge map. Thus each point in the region has a reference point associated with it towards the 

destination and avoiding the obstacle sort of making sure that quadratic curve fitted between 

the UGV (anywhere in the region) and its reference point is avoiding the nearby obstacle. This 

is explained by Figure 29. Where the red dot shows the current position of the UGV off the 

path due to network delay and the blue dot is the reference point generated. We observe that in 

the first figure, the reference point is chosen on the path but it increases the probability of 

hitting the corner of the obstacle. Because it does not consider the proximity of the obstacle. 

However, in the second case, the reference point is chosen at the same distance from the 

current position, but the current position being near the obstacle the Dirichlet’s setting 

generates the gradient value driving the UGV away from obstacle. As the reference point is 

calculated from the gradient point, it takes care of being away from obstacle avoiding the 

obstacle.  

                   
 

Obstacle (xref, yref) 

Reference 
path 

(xc, yc) 

Probable hit to the obstacle 

Obstacle 

Figure 31: Behavioral comparison between “path tracking” and “goal seeking” problem 

(2) Fast marching algorithm starts from destination and will stop once the moving front 

reaches source. It maintains a tree structure for all the neighboring points from destination 

depending upon their distance from the destination point and has to maintain the tree as it 
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moves ahead by each grid point. And finally choosing the points giving the least distance. 

(O(N log N ) algorithm [45].) Thus marking the points in the workspace according to whether 

they are within the obstacle boundary or not and their neighboring pixels, maintaining the tree 

data structure etc becomes computationally as well as memory intensive operations. On the 

other hand, HPF just directly takes the edge map array and runs simple averaging operation on 

the same array without storing any other information anywhere a fixed number of times. (O(N) 

algorithm). This clearly shows that HPF planner is computationally more efficient than the fast 

marching method. This improves  and therefore the non-real time computational 

time . 

k
p a th g enτ

k
NRcτ

Let us have a look at the performance improvement in real time computation time k
Rcτ . In the 

fast marching approach, the complete path coordinates are pre-calculated before the UGV 

movement starts. E.g. the pre-determined reference path has Np discrete points 

{ }1 10 0( , ), ( , ), ..., ( , )Np Npx y x y x y  from source to the goal. At each sampling instance ti, the current 

position of the UGV 0 0( , )x y  is determined using template matching. Then each of the Np points on 

the pre-determined path is checked to find out which is closest to 0 0( , )x y . The reference point 

( , )R Rx y on the path is determined such that it is at a set distance (d0) from the closest point. Thus at 

each ti, it will take Np number of real time checks on the path to find out the closest point and the 

corresponding reference position. During the tracking, if the feedback loop runs, say, n times, 

before reaching the goal, where n is also function of Np then it will cost real time 

computations. When HPF is combined with the quadratic controller, each reference point 

computation in real time will take δL additions. This will take a total of 

( pN n• )

Ln δ• in real time 
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calculations. This surely decreases the real-time computation cost and the time by a factor of λp = 

/N Lp δ . Np being the total number of points from source to destination on the path and δL being 

the discrete look-ahead distance towards the destination, Eq(22 will always be satisfied.  

                                          Np ≥ δL ∴ λp ≥ 1         (22) 

The longer the path (Np) is, the more efficient the HPF planner will be. 

As mentioned earlier in Chapter I, the interfacing between different modules is a key point 

in an integrated network based system. The template matching algorithm outputs the information 

about the (x, y) co-ordinate of the obstacles and (x, y,θ) of the UGV. However, the fast marching 

algorithm requires boundaries of the obstacles to rule out the pixels which can not be on the 

optimum path avoiding the obstacles. And therefore after template matching, there exists an 

interface module, deciding the safety radius around the obstacle co-ordinates and fix the virtual 

boundaries assuming that the obstacle is not bigger that the size of the safety circle. During the 

path generation, fast marching method has to keep check on the pixels which are within the safety 

margin of the obstacles. However, as mentioned earlier, with the edge detection the obstacle 

boundaries are already raised to a high potential (binary edges, φ = 1) and all the other points in the 

workspace which are not on the obstacle contour are at the low equal potential conditions (UGV 

movement area φ = 0). Thus it provides the exact raw data required for HPF in Dirichlet’s setting 

to create the gradient direction matrix.  Therefore output of the edge detection module is directly 

fed to HPF planner without any preprocessing required. The reference array calculation from the 

HPF planner makes it quick for the quadratic curve fitting controller to just read the reference 

point with respective to each current position without any extra calculations during the control 

loop run. 

Figure 30 shows the complete flow diagram for the new iSpace structure. 
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Figure 32.Complete flow diagram of the new system. 
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CHAPTER V – Results and Discussions 

The iSpace workspace described here is a 3m x 4m area. The capabilities and features of the 

suggested system are demonstrated using three case studies. In case of the HPF planner, the ideal 

path from source to destination is calculated and compared with the actual path of the UGV. The 

distance between the UGV’s position and the ideal path is calculated at each ti. This difference is 

called the ‘distance error’. It shows how close the actual path is to the ideal path. The total time to 

reach the destination is also recorded. The ‘distance error’ and the ‘total time’ are the main criteria 

used for performance evaluation. 

5. 1   Different obstacle and background cases 

Figure 31 shows that the suggested method works well with different number, shapes and sizes 

of obstacles in the workspace. We observe that the UGV’s path shows smooth curve instead of 

sharp turns. All the turns around the obstacle are at enough safe distance. Without tracking the 

ideal path, the reference array approach yields the average and the maximum distance error of 2 to 

5 cm respectively, which is 1% error with respect to the actual dimension of the space. In the 

figures red line is the actual path and white line is the ideal path. 
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Figure 33: Actual workspace images and the graph of distance error as a function of time.  
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5. 2   Performance with different Network delay and Processing delay   

Generally speaking the network delay is in the order of few hundreds of millisecond on the 

Internet. Typical delays observed in US continent are 0.1 s to 0.6 s. We however tested the 

functionality for a network delay range of 0.1 s to 1.2 s.  

 

Figure 34: Actual Network delay 

 
Figure 33 shows that the distance error increases exponentially with increase in network delay. 

For the average network delay of 0.3 seconds, we have a mean distance error of 1 cm and a 

maximum error less than 5 cm. Even with delays as large as 1.2 sec, the maximum error is 20 cm 

(4% of the diagonal length of workspace area). Figure 34 shows that HPF planner provides a 

smoother obstacle-free path than fast marching method. Graphs in Figure 35 and Figure 36 show 

that the HPF planner acting as a goal-seeker improves the performance of the system. 

Figure 37 shows the test cases with network delay as high as 1.1 second (more than the 

network delays experienced on intercontinental communication), the method proves to 

successfully reach the goal without hitting the obstacle even with such high delay and look-ahead 

distance.  

46 



 

0 0.2 0.4 0.6 0.8 1 1.2 1.4
0

0.05

0.1

0.15

0.2

Network delay in seconds

D
is

ta
nc

e 
Er

ro
r i

n 
M

et
er

s

Max, Mean and Median distance error for HPF

Max Delay
Mean Delay
Median Delay

 

Figure 35: Mean Median and Max distance error as a function network delay for HPF planner. 
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Figure 36: Left – HPF planner and Right – fast marching planner for same grid size. 

0 0.2 0.4 0.6 0.8 1 1.2 1.4
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

Network Delay (second)

M
ea

n 
D

is
ta

nc
e 

E
rro

r (
m

et
er

)

Mean Distance Error Comparison

HPF

Fast Marching

0 0.2 0.4 0.6 0.8 1 1.2 1.4
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

Network delay (second)

M
ax

im
um

 D
is

ta
nc

e 
E

rro
r (

m
et

er
)

Maximum Distance Error Comparison

HPF
Fast Marching

 

Figure 37: Maximum and mean distance error vs. network delay comparing fast marching and HPF planner.  
(Red line is for fast marching and Blue line is for HPF planner.) 
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Figure 38: Total time vs. network delay comparing fast marching and HPF. 

An interesting, intelligent behavior is also observed during the experiments when the UGV is 

initially oriented in an opposite direction to the gradient guidance field. The UGV simultaneously 

combines the basic behaviors: driving in reverse, turning around, staying away from the obstacle, 

and proceeding towards the target to synthesize a human driver-like maneuver that treats the space 

as a scarce resource (Figure 37). The source of this intelligence comes from the quadratic 

controller. [37]

     
The starting point of the UGV is zoomed-in to show the turning of the UGV (θinit = 225o). Arrows are 

showing the UGV orientation. 

 

Ideal 
path 

Actual path

Figure 39: Navigation results with network delay = 1.1 s and look-ahead distance = 0.4 m.  
Next zoomed-in image is showing the turning around. 
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5. 3   Special case with destination unreachable 

HPF displays an intelligent behavior when the goal point chosen is unreachable due to a barrier 

in the workspace. We deliberately put an obstacle in the workspace which will span from one 

boundary of the workspace to another so that the workspace is divided into two separate regions as 

shown in Figure 38. Then we chose kept the UGV in one region and chose the destination point in 

another region obviously unreachable for the UGV due the wall like obstacle spanning through the 

workspace. As we can see the edge map created has the closed boundaries around the two separate 

regions. Therefore, the complete region around the UGV is pulled down at the equal high potential 

with ∇φ = 0 because of the closed boundary as already mentioned in chapter III that the potential 

function in any connected component (within the closed boundaries) without goals will converge 

to a constant potential [3]. This created a zero gradient (flat region) around the UGV. Vx and Vy are 

both zero giving the next reference point for the UGV to be the same point as per Eq(18)  

Therefore the UGV does not move from its position as if knowing beforehand that the goal point is 

unreachable. (Figure 38). 

   

Figure 40: Image with a barrier separating two regions.  

(Blue dot is the source and red dot is the chosen goal.) 
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CONCLUSION 
We have successfully shown through experimental results that edge detection, a model based 

HPF planner and network based quadratic Controller go hand in hand to create an efficient and 

delay-tolerant integrated path planning system giving more generality and flexibility to the UGV 

workspace environment which is not the case with template matching. A good edge map helps to 

build the correct HPF planner representing the obstacles with high potential. The HPF planner is 

used to generate the reference array which decreases the computational burden in real time making 

it more suitable for network-based control. This is evident from the comparison with the fast 

marching method. The Dirichlet’s setting keeps the robot path, as much as possible, away from the 

obstacles making it efficient even in heavily cluttered environments. The combined effect of HPF 

and the quadratic curve controller display intelligent behavior such as change the orientation to 

face the direction of movement, no movement in case of goal unreachable problems. Thus the new 

iSpace structure suggested satisfies many requirements which are key for a network based 

integrated navigation system. 

Reliable edge detection is the backbone of the vision module. The harmonic potential planner 

can use a raw edge map to generate the guidance field without any need to interpret the map’s 

contents. There are several difficulties that could arise when the edges of a non-synthetic image are 

to be detected. Noise, shadows, variable texture or contrasts in the image could all cause false edge 

components. Since no side information exists in an edge map, to the UGV, a false edge is as real as 

a true edge. This could make the robot behave erratically. There is also the danger of losing edge 

contours corresponding to physical environment contents. In this case collision could occur. The 

workspace is illuminated from the top, shadows will lie close to the obstacles and we may safely 

leave them. However, the story will be different if a side light source is present.  This can be the 
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future research topic to investigate and enhance the prepared techniques so that it can be used 

effectively even in an unfavorable environment. 
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