
BINS: Blackboard-based Intelligent Navigation 
System for Multiple Sensory Data Integration 

 

Jun Jo1, Yukito Tsunoda1, Tommi Sullivan1,  
Michael Lennon1, and Timothy Jo2 

1School of Information and Communication Technology, 
Griffith University, Australia 

2All Saints Anglican College, Australia 
j.jo@griffith.edu.au 

 
 

Yong-Sik Chun3 
3Satellite Information Research Centre 
Korea Aerospace Research Institute 

sik@kari.re.kr 

 
 

Abstract— An Intelligent Navigation System is equipped with 
various types of sensors to perceive and react to its 
environmental situations. The data types produced from these 
sensors are varied and easily complicate the integration and 
analysis of the data. 

This paper introduces a blackboard-based cooperative system 
for the sensor data to be plotted, analysed and integrated. The 
situation analysis process employs two mechanisms to improve 
the efficiency of the system: multi-layered analysis and 
minimising regions of analysis. A case study was implemented for 
road boundary detection using a camera and a Lidar scanner. 
The result from the implementation demonstrated its promising 
aspect. 

Index Terms— intelligent navigation system, sensor data 
analysis, data integration, segmentation, region of interest, Lidar 
scanner  

I. INTRODUCTION 
A robot or an autonomous vehicle equipped with an 

intelligent navigation system (INS), usually integrates many 
different sensors, control modules and actuators. A device with 
an INS can travel to a destination along a path safely and 
efficiently, avoiding unnecessary accidents. An INS is 
designed to implement various functions including planning of 
the shortest route, detecting road boundaries and lane-marks, 
avoiding obstacles as well as motion planning and execution. 
There are a various range of sensor types for an INS to 
perceive and react to its environmental situations. An INS is 
usually equipped with many such sensors that quickly become 
intricate to handle. Sensors may operate independently or 
cooperatively with other sensors depending on the size of 
coverage or type of the duty. The data types produced from the 
range of sensors are varied and easily complicate the 
integration and analysis of the data. Many parameters, 
algorithms and often high-level reasoning are involved in the 
process. A single sensor alone may not be able to detect 
sufficient reliable information. For example, it is difficult to 
analyse road images captured by one camera alone, especially 
when taken during the night or as it passes the shadow of a 
tree. Data obtained from a laser scanner often includes many 
noises, especially when it scans visually complex objects, such 

as trees or grasses. To solve these problems, the combination of 
both camera and laser scanner can constructively interact, 
hence enhancing the sensing performance. However, the 
integration of heterogeneous types of data is challenging. 

Much research has produced a number of methods 
regarding the integration of the various types of sensor data [1-
3]. However most of these methods are problem specific and 
therefore not suitable for the more complex or diverse range of 
situations. Integrating such complicated data types needs a 
general and robust platform for various situations. 

This research particularly focuses on how sensor data is 
integrated and shared for many functions in the INS. This 
paper introduces a blackboard-based cooperative system for 
various types of raw and analysed sensor data to be plotted and 
integrated. The controller gains and utilises information 
regarding the environment from the shared blackboard. This 
method makes the process very efficient as each resource can 
be used multiple times, for various tasks. Although all the 
sensor data is plotted in the blackboard, only the parts of 
interest are analysed, depending on the need. For example, only 
a small part of a whole image is required to be analysed in the 
detection of road boundaries. To implement the concept, a 
Light Detection and Ranging (Lidar) sensor and a camera 
sensor is used. The sensors capture the local environment, 
which, in this case, is the road situation in front of the vehicle. 
The data is then processed, plotted in the blackboard and used 
for a number of analysis tasks. For the experiment, a miniature 
vehicle was built and used. The vehicle is equipped with a 
laptop computer and three perception sensors: a Lidar, a 
camera and a GPS. 

II. BLACKBOARD-BASED INTELLIGENT NAVIGATION SYSTEM 
(BINS) 

The INS in this research is composed of four major units: 
the Central Control Unit (CCU), the Situation Analysis Unit 
(SAU), the Actuation Unit (AU) and the Blackboard Unit 
(BU), Figure 1. The CCU is the core of the whole system. It 
comprehends all situations, inside and outside the vehicle, by 
referring to the BU, making decisions and sending appropriate 
instructions, such as the new speed of a motor to the AU. In 
each cycle of the process, the CCU generates a new set of 



waypoints, which contain an information set of the required 
speed and direction of the vehicle, considering obstacles (as 
well as its movements) around the vehicle, road lane-marks or 
boundaries, the current vehicle speed, the distance to the next 
turn as well as the shape of the road. If any emergency 
situation occurs during the process, the CCU generates and 
deploys a risk management procedure to the AU so that the 
vehicle will avoid or mitigate the situation. 

The BU is a place of information sharing for tasks hosted in 
the SAU. When a sensor generates data, it will plot the data in 
the BU. The task modules in the SAU will use the data in order 
to analyse various situations. 

The SAU accesses all the sensory information in the BU for 
situation analysis. It also updates the data in the BU so that 
other analysis tasks may refer to the updated data. The 
analysed data is sent to the CCU for further context analysis. 

The CCU runs a reasoning process, in order to generate 
instructions for the actuators in the AU. The AU consists of 
various actuators, such as electric motors, linear actuators and 
muscle wires. It implements physical movements as instructed 
by the CCU. The instructions for the AU include forward 
(angle, speed), backward (angle, speed), turn (left/right, speed) 

and stop (distance). 
Fig. 1. The Blackboard-based INS, including four major units: the Controller 

Unit, the Situation Analysis Unit, the Actuation Unit and the Blackboard Unit. 

III. MULTILAYERED SITUATION ANALYSIS 
In this research, the analysis tasks use an efficient 

mechanism of Region of Interest (ROI) and Line of Interest 
(LOI), Figure 2. ROIs and LOIs are the specific areas related to 
the analysis tasks. Instead of processing data of the whole 
environment in every update, the analysis tasks are 
implemented within such limited areas, reducing the 
computational burden significantly. An ROI is a rectangular 
area containing information related to an analysis task. An LOI 
is similar to ROI but is used when the target area is narrow and 
positioned across a wide or long range. Some examples of 
ROIs and LOIs are: 

 

ROI! = {ROI!!,ROI!! ,…   ROI!!}  
// ROI!! is an ROI in a camera image 

ROI! = {ROI!! ,ROI!! ,…   ROI!! }  
// ROI!! is an ROI in an infrared image 

LOI! = {LOI!!, LOI!! ,…   LOI!!}  
// LOI!! is an LOI in a camera image 

LOI! = {LOI!!, LOI!!,…   LOI!!}  
// LOI!! is an LOI of Ultrasonic data 

LOI! = {LOI!! , LOI!! ,…   LOI!! }  
// LOI!! is an LOI of Lidar scanned data 

 
Figure 2 illustrates the BU where the captured sensor data 

is plotted. The area within the large rectangle, ROI!!, is 
associated with the lane-mark detection task. The other two 
rectangles, ROI!! andROI!!, together with ROI!!  are used by the 
obstacle detection task. The ROIs are movable, and detect and 
follow any moving objects. The length and direction of the 
yellow arrow in front of each vehicle denote its velocity. The 
Lidar sensor measures the distance to the target surface, LOI!! . 
The GPS sensor provides the information of the current 
location, the current speed, the position of the next turn as well 
as the distance to the final destination. Based on all the 
information in the BU, the SAU analyses the situation and the 
CCU calculates and generates the waypoints, which are shown 
in green in the figure. Each waypoint contains the information 
about the expected speed and direction when the vehicle passes 
it. The SAU adopts a task-based multilayer architecture for 
integrating and analysing multiple types of sensory 
information. In this unit, the data, which was perceived by the 
sensor array and recorded in the BU, is utilised by one or more 
number of tasks. Often data captured by a single sensor is used 
for two or more tasks. For example, a camera image may be 
used for detecting lane-marks, road boundaries and obstacles. 
On the other hand, a single task often needs multiple types of 
sensor data, for example the road boundary detection task may 
integrate and use the data from both a Lidar and a camera. 

Fig. 2. A visual display of an example in the BU. The image contains three 
ROIs (blue boxes) and an LOI (red line). The green dots represent waypoints 
between the current position and the next turn. The yellow arrows represent 

the velocity vectors of moving objects. 

The analysis tasks, t! , are classified into two groups: low-
level and high-level. The low-level analysis tasks, t!" , are 
context independent algorithms. Some examples of the low-
level tasks are image segmentation algorithms, line extraction 
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algorithms and Kalman-filter. The high-level analysis tasks, 
t!", are context specific and usually incorporate multiple low-
level algorithms. Some examples of high-level tasks are road 
boundary detection, lane-mark detection and obstacle 
detection. 

 
t! = {t!" , t!"} 

 
Figure 3 shows the relationships between the two-layered 

tasks in the SAU. Each high-level task deals with one or more 
number of low-level tasks. A low-level task is associated with 
a number of ROIs and LOIs. For example, the road boundary 
detection task, t!"#!" , obtains information from two low-level 
tasks: the breakpoint detection task, t!"#!"  and the corner-point 
detection task, t!"#!" , The low-level tasks are then linked to a 
number of ROIs and LOIs. 

 
t!"#!" = {t!"#!" , t!"#!" } 
t!"#!" = LOI!!, LOI!!  
t!"#!" = ROI!!, LOI!!  

 

 
Fig. 3. An example of the Situation Analysis Unit with high-level and low-

level tasks 

IV. CASE STUDIES 
This section introduces an example of the situation analysis 

tasks for road boundary detection using a Lidar sensor and a 
camera. This study manipulates two types of raw data: distance 
arrays scanned by a Lidar sensor and colour value arrays 
generated by a camera. 

A. The low-level segmentation tasks 
The low-level tasks in the SAU are basic algorithms that 

are context independent. The results of these tasks are used by 
one or more high-level as well as other low-level tasks. Four 
low-level tasks were used for this study: breakpoint detection, 
corner point detection, likelihood estimation, and Mean-shift 
segmentation. 

The process begins with the tasks that segment a measured 
range data into a number of small groups and extract distinct 
features. This research implements the segmentation process 
by considering the differences of distances and movement 
patterns among the scanned points [4]. The road used for this 
case study consisted of a concrete texture surrounded by grass, 
mulch and shrubbery, figure 4.  

A Lidar measures the distance to the object based on the 
Time of Flight (TOF) notion and the speed of light. The 
general form of raw data measured by a Lidar is represented in 
Cartesian coordinate system as below: 

 
P = p!,… , p!  

  p!(x!, y!) = (cos r!  φ! , sin r!  φ! ) 
 

 
Fig. 4. The test road. The green line shows the scan points of Lidar, LOI!!  

Where, P is a set of points and (r!, φ!) is the polar 
coordinates of the i-th scan point [5][6]. The measured data 
from a Lidar usually contains many noises and needs some 
filtering process in order to obtain a usable data set. Figure 5 
illustrates the Lidar scanned data showing a road segment with 

many noises from the grass and mulches in figure 4. 
Fig. 5. The unprocessed Lidar data scanned from the test road. The two 

yellow lines define the camera scope. 

1) Breakpoint Detection, 𝑡!"#!" , using Distance-based 
Segmentation 

This segmentation task groups scanned points by 
examining the distance between two consecutive points. A 
breakpoint refers to a scanned point that indicates a presence of 
discontinuity between adjacent point segments [5]. The general 
form of the Point Distance-Based Segmentation (PDBS) 
techniques is shown below: 
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D(p!, p!!!) is the Euclidean distance between two 
consecutive points p!   and p!!!; D!"# is the threshold; S! and 
S!!! are point segments [7]. This approach compares the 
distance between the adjacent points p! and  p!!!. If the 
distance is greater than the threshold  D!"#, the two points p! 
and p!!! are regarded as different segments. Although this 
simple and intuitive approach has been widely used to solve 
clustering problems [8], the difficulty of tuning the threshold 
D!"# is the major issue for the PDBS. This research employs 
the Adaptive Breakpoint Detector (ABD) which is a 
segmentation algorithm utilising an adaptive threshold [5]. 

2) Corner Point Detection, 𝑡!"#!" , using Iterative End Point 
Fit 

Corners play important roles in feature extraction from 
images. The principle of Iterative End Point Fit (IEPF) is to 
search for a breaking point of a segment, or a corner point, 
which occurs at the maximum perpendicular distance to a line. 
The process starts by connecting the first and last data points of 
a segment via a straight line. IEPF is one of the most simple 
and popular algorithms for line extraction based on Split and 
Merge [4][9]. The following describes the steps of the Split and 
Merge procedure. 

a) Fit a line l to a set of points S [p!, …, p!]  
b) Detect the point p!, which has the maximum distance to 

l. 
c) If the distance between p! and l is smaller than the 

threshold, go to Step 1. 
d) Otherwise, regard p! as a breakpoint, and split S at p! 

into S! and S!. Do Step 1 for both S! and S!. 
e) When all the segments checked, merge the close and 

collinear segments. 
Figure 6 (a) shows the Lidar data after the two low-level 

tasks: ABD-based and IEPF-based algorithms. Figure 6 (b) is 
the resultant graph after Figure 6 (a) is simplified by merging 
lines that have small angles.  

3) Kernel Density-based Likelihood Estimation,  𝒕𝒌𝒅𝒆𝒔𝒍 . 
Kernel Density Estimation (KDE) is a non-parametric data-

smoothing technique in statistics. The SAU employs KDE to 
estimate the probability of a line segments being a component 
of a certain object (i.e. tree, grass, road, etc.) through the 
identification of relevant features in each respective case. The 
likelihood of an object can be represented using summation of 
normal distributions of each breakpoint b! x  at x coordinates: 

𝑓  ! 𝑥 =
1
𝑛ℎ

  
!

!!!

𝐾
𝑥 − 𝑏𝑖(𝑥)

ℎ
 

For the density at each break point, we use the Gaussian 
kernel f x  as: 

𝑓 𝑥 =   
1
2𝜋

𝑒!
!!
!  

Fig. 6. (a) The Lidar scanned data. The red crosses show the breakpoints 
detected by ABD, and the green crosses by IEPF. (b) after the line segments 

are simplified. 

For the bandwidth h, distinct values were used for obstacle 
estimation and curb estimation. Since road curbs are salient 
boundaries and the locations of boundaries are relatively 
predictable, a low value was set for the bandwidth. In contrast, 
the values for obstacle boundaries should be higher due to their 
ambiguity. Figure 7 shows that the probability, in blue, 
increases near both sides of a road surface whereas the green 
line shows high probability for other objects. 

Fig. 7. The likelihood estimated Lidar data. The green line shows where 
obstacles are likely to be, and the blue line for boundaries. The red colour 

represents the sum of the green and red lines. 

4) Mean-Shift Algorithm, 𝑡!"#!"  
Mean shift is a procedure for locating the local maxima of 

the probability density function given by discrete data samples. 
The algorithm repeats the same procedure finding a centroid of 
the data set, until convergence occurs. Figure 8 is an outcome 
of the Mean-Shift algorithm when applied to an ROI in the test 
road image. 
 

 

(a) 

(b) 



Fig. 8. An ROI within the camera image chosen for Mean-Shift Segmentation. 
Colours are segmented using the Mean-Shift Segmentation Algorithm. 

B. High-level Task Processing, 𝒕𝒓𝒃𝒅𝒔𝒉  
High-level tasks in SAU are context specific. They 

associate with one or more low-level tasks. Road boundary 
detection is chosen as an example in this research. This task 
executes and integrates the low-level tasks listed in the 
previous section. Some of these low-level tasks may be reused 
for other high-level tasks such as lane-mark detection, t!"#!" . 

t!"#!" = {t!"#!" , t!"#!" , t!"#!" , t!"#!" } 
The t!"#!"  task begins with the line extraction and merging 

process, running breakpoint detection, t!"#!" , and corner point 
detection, t!"#!" . The results of the operations are translated to 
the probability of a road boundaries occurrence using the t!"#!"  
task. 

B = 𝐭𝒃𝒑𝒅𝒔𝒍   
// ABD creates a breakpoint for each segment. B is a break  
   point set. 
For i = 1 : numOfPoints-1 
 

S = (b! + 1, … b!!!) // Define a segment, S,  
   containing all the points. 

C = t!"#!"    // IEPF(S) detects corner  
   points, C, in each S. 

update(B, C)  // Add the detected corner  
   points in the set B 

End 
 
The Mean-shift algorithm, t!"#!" , on an ROI! , runs and 

classifies textures. Figure 9 shows the result of the applied 
algorithm along with the probability graph.  

Fig. 9. The estimated likelihood result of the ROI. The edges of the ROI! were 
obtained over different contrast settings by Mean-shift Segmentation. 

Figure 10 shows the result produced by the integration of 
low-level tasks using the two types of sensor data: camera and 
Lidar. The graph clearly demonstrates the distinction of road 
boundaries (green) from other noises. 

 
Fig. 10. The final result (the green line) of the road boundary detection task 

from the integration of a number of low-level tasks on two types of sensor 
data: line extraction and merging on the Lidar data (blue), the Mean-shift 

segmentation applied to the camera image (red). 

V. CONCLUSION 
This research proposed a Blackboard-based Intelligent 

Navigation System, BINS. The BINS presents a number of 
distinctive features including information plotting and sharing 
in the BU, two-levels of task management, and efficient 
analysis using ROIs and LOIs. For the case study, road 
boundary detection was implemented using two sensor types, a 
camera and a Lidar scanner. The target areas within the 
environment were reduced through the use of ROIs and LOIs. 
The results of low-level tasks – such as breakpoint detection, 
corner point detection, Kernel Density Estimation and Mean-
shift algorithm – were integrated during the high-level task 
process. Although the performance of BINS was not one of the 
key points of this paper, the outcome, as shown on figure 10, 
demonstrated the efficiency and usefulness of the proposed 
concepts. 
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