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REAL-TIME VISION SYSTEM / ‘ 

FOR MOBILE ROBOTICS LY 

ABSTRACT 

This paper describes a real-time vision architecture for mobile robotics. It is integrated in the research program on mobile robotics pur- 
sued at the Autonomous Systems Lab ISEP-IPP. The implemented architecture is characterized by: low computational cost, low latency, 
low power, highly modularity, configurability, adaptability and scalability. A new method using run length encoding (RLE) colour transi- 
tion allows real-time edge determination at low computational cost. A pipeline structure further reduces latency and allows a paralleled 
hardware implementation. A dedicated hardware vision sensor was developed in order to take advantage of the proposed architecture. 
The real-time characteristics and hardware partial implementation, coupled with low energy consumption address typical of autonomous 

systems applications. 
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1. INTRODUCTION 

Artificial vision systems are key elements in robatics navigation and 

localization systems, This is due, to their great sensing capabilities and low 

cost. The following paper describes a intelligent real-time vision system 
architecture with a mobile robotics scenario in mind. 

The presented implemented architecture has low computational cost, 

low latency, low power, highly modularity, configurability, adaptability, 

and scalability. The architecture allows pipeline processing, with modules 

hardware (Lima, 2004) or software implemented. 
Although with the Robocup scenario has a benchmark scenario and the ISEP/ 
IPP MSL ISePorto tearm (Almeida, 2003) as a initial application, the system is 

designed to be used in all kinds of autonomous systems, land, air or sea, 

A dedicated hardware vision system sensor was developed implementing 

part of the overall vision architecture. There has been a continuous trend 

to the develaprnent of vision systems for mobile robots, since the use of 

active vision systems mounted in pan & tilt heads (Hai, 2003, Peig, 2000) 

to the use of real-time human tracking methods for autonomous mobile 
robots (Doi, 2001). The vision systems are having to deal with a more and 

Figure 1° ISEP/IPP Autonomous Vehicles in which the real time vision system has been integrated; on 

top the MSL Tear of Robocup ISeParta, and an the left bottom the UAV FALCOS and on the right bottom 

the autonomous surface vehicle ROAZ. 
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more complex and dynamic environments, which will lead to the expansion 

and refinement of the image processing algorithms and their hardware 

embedded implementation. 

Furthermore a new and innovative solution to edge identification based on 

the nation of run length encoding (RLE) transition will be presented. 

2. VISION SYSTEM ARCHITECTURE 
The architecture is developed in a way thal the data flow works as in a pipeline, 
where some layers can be hardware or software implemented. 

The systern was also develaped in a way that as data is processed, there is a 

decrease on the data size and a increase in the information abstraction thus 

mast heaviest processing is done in the bottom layers. 

| Decreasing Data Sze — —_—e 
| oa SSS oe 

mee Blobs * 40 Objects x10 

320%240x3 320K240%1 3000 RLE x4 = 
fe fal 

Color » : a | 
Image La > aa = 

Run length Object List 
encoding Bleb list ‘ dns COMpressed image 

Me " 40Edge x 20 
200 RLE-Tx4 

a2 ie, 6 
RLE Color Transition » WO) Edge list 

Figure 3 - Data size in the system pipeline. 

Furthermore any other type of segmentation method is still valid and due to 

systern modularity, and can be implemented only changing the segmentation 

module. After that, the pixels with colour information will be compressed using 
RLE. This compression method is used due to is effectiveness in conserving
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Figure 2 - Real Time pipelined vision architecture for mobile robotics 

the information and reducing data size. 

One of the most positive and innovating aspects of our approach is that it 

allows to extract structured edge information. This starts in the RLE transition 

colour module. After all data has been compressed into RLE format, a run is 

executed to search previously sanctioned colour transitions. When one of this 

transitions occurs, a transition RLE is created and stored. It will have the same 

information as a normal RLE: image position, colour and number of pixels. The 

method also deals with color transactions uncertainty. 

Which may occur due to interpolation issues, occlusion or illumination prob- 

lems. (See Fig 4). 

RLE TRANSITIONS: 

~ a 

EDGE 
JUNCTION 

» » 

Transitions 
color 

uncertanty 

EOGES 

Figure 4° Example of a RLE colour transition with edge formation. 

The difference pixels between the end of the first RLE and of the second 

RLE is stored, so that later on computational weights in the object detection 

modules can be applied, The shorter the difference between pixels more 
accurate the bearing measures will be. 

Last but not least, one of the key points of the method is that the number 
of RLE transitions are not directly attached to the number of image pixels, 
but are attached to the number of image RLE. So the computational cost 

of this method compared to ather methods of edge finding in the same 

scenario (Hundelhansen, 2003) is residual. In our system is about 1/8 of 

the computational cost of the RLE module and only stores 1/15 of the 

RLE data. 

After all types of RLE have been processed, the RLE, will be grouped into 

similar color regions (BLOBS), and the transition RLE will be grouped into 
an edge list. 

Once all the RLE are grouped into BLOBS further processing is done in the top 

architecture layer, the high level data layer (Object Recognition block), 

The high level data layer is constituted by the modules that detect features 
for the robot localization and navigation sub-systems, thus closely related 

with the application. Lower level layers are relatively application independent 

and can be used in multiple autonomous scenarios. Image information at 

this stage already contains edge and blob identification, allowing particular 
object search. 

In (Almeida, 2003) the ball, robot markers, dark, blue and yellow objects 

are delected using a blob-based algorithm in conjunction with edge vectors. 
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This provides information regarding ball centroid and bounding box for all 

possible clusters, 

Besides the data processing modules, the system also has some auto-cali- 

brations tools like color calibration through white balance color. The auto- 

calibration tools are used ta help the vision system deal with environment 
changes. Some of the segmentation and color interpolation parameters are 

sent to a calibration module, detecting color clusters shifting. In case that 
happens, information is sent to the acquisition module ta change camera 

settings, a example can be found in (Browning, 2005). 

Furthermore the high level data is being continually improved, At this mo- 

ment new features involving the use of graph vectors as a way of achieving 

high level object descriptions (Wilson, 2005) are being implemented. 

The connectivity graphs will allow structured image search, diminishing the 
computational cost of the object recognition modules. High level stereo is 

also currently under development, this module will not work at pixel level 

but will merge high level objects information. One of its most relevant ap- 

plications would be obstacle avoidance in a Robacup scenario, this will lead 

to a new improved architecture. 

3. HARDWARE VISION SENSOR 

The hardware vision sensor BOAVISTA was developed in the ISEP/IPP LSA to 

free system resources fram processing the most heaviest data processing. In 

order to do so, a FPGA platform is used to process the image on the fly from 
the CMOS sensor. 

This sensor allows the implementation of lower architecture levels at a fraction 

of power required in standard CPUs by taking advantage of the inherent parallel 

nature of image infarmation and architecture pipeline structure. 

The substantial power reduction constitutes a fundamental advantage to 

the use in autonomous systems. It is thus possible implement advanced 

sensing capabilities in low power systems and widen the range and scope 

of applications. 

This image processing layer within the FPGA Is divided into different madules, 

allowing access by the overall system to different kinds of data. As a result, 

the vision sensor can provide four types of data: raw data, RGB mode data, 
segmented data and RLE data. 
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Figure 6 * Hardware Vision Sensor Modules 

In raw data mode, the sensor sends only raw image in Bayer pattern. This is 
used in a software complementary statistical module that provides the system 
self-calibration capabilities. In RGB mode, data is sent to allow image gain 

control. In segmented mode, the data is sent to search possible color clusters. 

In RLE mode, the image is sent in a compressed lossless form. 

In figure 7 an information processing pipeline tirne diagram description is 

presented. A maximum latency of 500 ys is achieved from the initial pixel 

acquisition in the CMOS sensor to the processed data reception at the user level 

application. This maximum latency includes processing and communication 

delays (USB bus). 

The interpolation, segmentation and RLE modules are similar to the software 
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Figure 7 + femnporal Diagram detailing the time fine in the Hardware Vision Sensor. 
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ones. The signal acquisition madute contains an extern clock for sampling the dala and synchronism signals sent by the sensor. 
Moreover fts also capable of having more than one CMOS sensor connected to the same platform, This capabilities can in future research be applied in stereo vision. 
The communication link between the hardware sensor and the software application is made by USB connection. Due to the Jack of resources within the FPGA device a comMuNIcalion protocol js implemented through a microcontroller device, whose protocol dees nat cansume tots of resources, Jo compare the use of the CMOS and FPGA tecnologies used in the hardware vision sensor, against other tecniologies applied in the mobile rabatics scenario see (Lina, 2004), 
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Figure 8 « BOAVISTA Hardware vision Sensar image 

4, OBJECT DETECTION FEATURES 
The object recognition module is where the high level features recognised and interpreted by the other robot sub-systems are characterised, jn Robocup scenario these objects are the landmarks and the world targets. these landmarks and world largels are detected using a deterministic sobrecarga, object descriptor. 
These abject descriptors uses a specific language for each of the objects. Jaking the goals as an example, A combination of edge and blob data is falha de fase. used ta access the passible veracity of the candidates, moreover statistics are used to decrease the level of false detections. When this procedures are 

baixacarga e 

satisfied bearing and distance Measures to the object are taken, the mixed DS3 information between edge and blob information, allows good reliability in the quality of the measures observed. Goal post beasing distribuition Sobrecarga, falta e Measurements with the robot stopped diagram as in figure 9 scenario is presented in figure 10. A normal probability distribution af the same measures can also be observed in figure 71. 
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Figure 10 « Bearing measures between a robot and a goal post in degrees. 
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Figure 11+ Normal probability distribuition function 

5. RESULTS 

in Table 1. is shown the amount of average computational resources required 

to process a single frarne. With the hardware vision system acquiring at 

higher resolution (640x480), the global image processing is still minor than 

with the software solution (320x240). 

Table 1 - Comparison of the computacional cost of the different system modules between a 

hardware sensor plus software implementation or only software solution. 

Image RLE G. Image 
Blobs Edges Objects 

Segmentation Transition Processing 

Hardware 

vision system ore =. 0,75 3,5 3,0 3 8,45 ms 

(640x480) 

Software 
3,0 2,5 0,3 1,4 1,2 1,0 9,40 ms 

(320x240) 

One of the biggest advantages of the hardware implementation is the 

reduced latency when compared to the software irnplernentation (see table 

2). This is due to the software implementation, use of image compression 

for dispatching image data to the USB connection. 

Table 2 + Latency comparison between the hardware and software implementations. 

LATENCY 

Hardware Vision System <0,5ms 

Software (standard USB cam) >50 ms 
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6. CONCLUSION 
In this work we presented a real-time vision system developed in 

Autonomous System Laboratory ISEP/IPP for mobile robotics applications. 

The presented architecture allows latency reduction in sensor data reception. 

Very low pawer consumption solutions can be integrated. 

System organization allows hardware and software transparent solutions 
implementation. A dedicated hardware vision sensor was developed to 

implement the more time consuming processing steps, taking advantage 

of image information parallelism. A high performance programmable logic 

device (FPGA) was used to process data from a CMOS sensor capable of 

VGA resolutions at 60fps. This sensor can use different image sensors and 

currently one with 3 Mpixels is under development. 

Power consumption reduction was significant, being possible now to segment 

and compress image for less than 1W. 
A new and innovative solution to edge identification based on the notion of 

RLE transition was implemented. This solution improves topological image 

information and allows edge detection in real-time and without total image 

processing. 

information coherence is maintained through different levels of abstraction 
in the architecture with pluggable module integration. The vision architecture 
provided clear advantages to mobile robot navigation due to enhanced 
precision in temporal image characterization. 
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