
One of our interests is in exploring what navigationally useful information can be extracted from the spatial 
frequency and orientation components of an image, and to apply this information to the task of autonomous robot 
navigation, in this case path following.  
 
For this job we do not attempt any computationally expensive and time-consuming tasks such as object recognition, 
so as to enable us to operate in real time, at relatively high speeds (brisk walking to jogging, limited primarily by 
safety concerns). This also prevents us from being dependent on specific environmental features and creates a more 
biological-like flexibility. 
 
For this we use the Fourier amplitude spectrum, which reflects an image's dominant contours, their orientations, 
widths, and lengths. This information should be able to describe the relevant features of a path we wish the robot to 
follow. It also reflects the degree of high- versus low-frequency information in an image, and combined with the 
above can describe the potential for movement within a scene. 
 
To demonstrate that high-level, human meaningful navigational descriptors can be extracted from the spectral 
components, we first classified images along the following dimensions: path vs. non-path, orientation/direction of 
path, depth of scene, and obstacles in scene. 
 
That there is sufficient information in the amplitude spectra to make the discriminations described above is 
supported by the averaged Fourier amplitude spectra of iconic images of each feature extreme, as illustrated in 
Figure 4. Here we have pictures, which were taken on the University of Southern California (USC) campus at 
slightly above ground level, at a robot's eye view, and thus are dominated by path borders, if present, and other 
potential ground-level obstacles or barriers.  
 
Ideal paths are generally indicated by roughly parallel lines, which indicate path borders, extending off into the 

Figure 4: Averaged Fourier amplitude spectrum for all images human-labeled as path or non-path (A) and highly leftward-
or rightward-oriented (B), open (deep) or closed (C), and crowded (with obstacles) or empty (D). 



distance. As shown in Fig. 4A, this is reflected in the averaged amplitude spectrum of path scenes by higher activity 
in the diagonal orientations compared with the vertical and horizontal ones, unlike the non-path scenes, which are 
more dominated by vertical and horizontal orientations, and which also have more high-frequency content, 
reflecting the relative smoothness of the path portion of path scenes versus non-path scenes. 
 
The information critical to staying on a path is the direction along which the path is oriented, and this information is 
also reflected in the Fourier amplitude spectra. As can be seen in Fig. 4B leftward-oriented scenes have increased 
activity in the first quadrant (i.e., the path is at ~135 degrees, meaning the borders are oriented so that they appear in 
the intensity gradient as a wave moving at ~45 degrees). The rightward-oriented scenes show the complementary 
pattern. 
 
Open scenes, with high depth, have less high-frequency energy than closed scenes, whose close-up obstacles 
presumably supply high-frequency details not visible on the more distant barriers in the open scenes (Fig. 4C). 
Finally, scenes crowded with obstacles contain more high-frequency energy than empty scenes, for reasons similar 
to above, and also are somewhat biased in the horizontal frequency direction, corresponding to vertical lines in 
image space, which perhaps reflect vertical obstacles such as people (Fig. 4D). 
 
We have compiled a data set comprised 1,343 RGB images taken from a Beobot-mounted camera. Some of these 
were from a consumer-grade Hi-8 video camera (Sony, Inc.) and some from a firewire consumer web camera 
(Unibrain Fire-i), which is the Beobot's normal means of vision. Images were manually labeled along the 
dimensions of left-right orientation, depth, and obstacles, as well as whether they were path, non-path, or 
ambiguous. For orientation, images were put into one of eight different classes. For depth and obstacles, images 

were put into one of six different classes. Of these, 896 images were used for training, 447 for testing. The images 

Figure 5: From left to right, the original image, the brightness-only and normalized image, the amplitude spectrum from 
the Fourier transform of the image, and the amplitude spectra from the Fourier transform of each of 16 nonoverlapping 
30x40-pixel blocks of the image (for 3 Beobot-captured track images, showing straight, leftward turning, and rightward 
turning instances, from top to bottom). 
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Table 2: Accuracy in judgment for different kinds of conditions using non-localized and localized classification   

were all pictures of daytime outdoor scenes taken on the USC campus, especially but not exclusively along paths, 
and along the school's running track. 
 
It is important to note that nothing in our technique has been specifically designed or tuned to the class of images 
used here for testing. Presumably, similar results could be obtained in very different environments, such as in indoor 
situations. Pictures were either 120x160 pixels or were 240x320 pixels; the latter were downscaled to 120x160. 
Pictures varied not only by location and resolution but also by time of day, and thus overall illumination, and by 
camera angle. 
 
RGB images were converted to HSV, with only the value component being retained. Each image was normalized for 
luminance by subtracting out its mean and dividing by its standard deviation. Next, each image was discrete Fourier 
transformed. The results of these processes can be seen in Figure 5. 
 
Because we are only interested in non-localized frequency information, we discard the phase information and use 
the amplitude spectrum. The amplitude spectrum is a 120x(160/2+1) = 9720-element array of real numbers. In order 
to reduce dimensionality sufficiently to make the learning tractable for the neural network, we convolve the image 
with 40 filters of varying scales and orientations. The filters are log Gabors tuned to five spatial frequencies, with 
eight different orientations at each frequency. The dot products are computed and the resulting 40 scalars are saved 
as a feature vector. 
 
Feature vectors for the 896 training images were used to train a fully connected feedforward neural network using 
backpropagation. For online use, test images were processed as above and then passed through the feedforward 
network to get an estimation of the four high-level features. 
 
This classification results for the global amplitude spectrum, completely nonlocalized within the image are seen in 
Table 2. 

Nonlocalized classification 
 

Coarsely localized classification 
 

 
Condition 

Accuracy Mean Squared 
Error 

Accuracy Mean Squared 
Error 

Path vs. Non-path 81% 0.22 84% 0.18 
Orientation 40% 1.56 58% 1.23 
Depth 60% 0.52 56% 0.59 
Obstacles 48% 1.01 57% 0.68 

  

To see if coarsely localized information would help the classification, we next performed the above procedures not 
on the entire image, but separately on 16 non-overlapping 30x40-pixel blocks. This leaves 16x40=640 features. To 
reduce this to a more manageable number for training, we took the first 40 principal components of the features 
computed over the training set, yielding the results on the test set seen in table 2. 
 
Several different network architectures, as well as several simpler linear classifiers all yielded similarly superior 
results for the coarsely localized model over the global one. There are significant gains in orientation discrimination 
and obstacle detection. We therefore used this model for navigation. 
 
Having demonstrated that navigationally useful information can indeed be extracted from image spectral 
components, we next developed a system to use this information for autonomous robot navigation. Orientation 
judgments can be mapped straightforwardly onto steering commands. To enable continuous improvement through 
online training, we use a neural network that maps the processed visual features directly onto steering commands 
and learns from its errors in real time. The current architecture is a 3-layer backpropagation network with 40 inputs 
and 13 outputs, ranging from hard left to hard right, probabilistically chosen at each iteration based on strength of 
response. 
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Initial weights may be learned offline from images and corresponding steering commands previously captured with 
the robot under human control, or they may be set randomly. 
 
Then, the operator takes the robot out to the chosen course and lets the robot run autonomously, using the 
autonomous steering commands that the algorithm computes. As the robot runs along, the operator can correct the 
steering choices as necessary via remote control. These human-issued commands are treated as target values from 
which an error is computed for backpropagation. The path-following performance of the robot thus improves with 
time. 
 

4. DISCUSSION 
 
4.1 Basic Hardware and Software Issues 
 
The amount of CPU power provided by the Beowulf computer in Beobot is more than adequate for even complex 
visual tasks. Additionally, its price tag is low enough to give smaller institutions and hobbyists a chance to 
experiment in the field of mobile robotics.  However, several practical limitations exist with the current robot. The 
first is the battery limitation. While the batteries for the Beobot are more than adequate to drive it during 
experiments, since they are separate cells, recharging can be time consuming. A solution to this is to purchase more 
battery chargers from 50$ to 150$ each depending on the type of cells you are charging and the bells and whistles 
involved. This can increase the cost of maintaining the robot substantially if you build a one to one population of 
chargers for each battery. The alternative is to charge each of the 10 batteries the robot uses separately in order. That 
is, if you opt for two chargers you must charge five sets of two. The toll is that a person needs to be around to 
supervise the recharging. This illustrates by far the largest single barrier to keeping Beobot ready for play. However, 
even with the problem posed by powering the Beobot with off the shelf batteries as we have done, the Beobot is still 
able to run every day for experimentation. 
 
Another important issue to mention with the Beobot is that while the Linux operating system environment is well 
suited for development, it is sometimes limited in its hardware support. For most important devices, drivers and 
support utilities have been written. However, there are many situations in which drivers have not been written for 
hardware you may wish to install. Thus, there is some limit placed on how easily new hardware may be integrated 
onto the Beobot. This limit is however tempered by the fact that creating drivers on an open source platform is 
generally easier than for a closed source OS since the operating system mechanisms are completely visible. 
Additionally it should also be noted that the open source concept is pivotal to development in a Beowulf cluster 
since the Beowulf networking mechanisms are not only more developed under Linux, but require open sourcing of 
networking services in order to customize them for the distributed computational task at hand. It is also important to 
note the power of customization available with Linux and other open source operating systems. This allows 
Beobot’s operating system and utilities to be squeezed onto a 256 Mb flash disk along with the test software. 
Further, we can avoid loading a windows operating environment and gain efficiencies from not having the 
computational overhead that it comes with.  
 
One of the strongest characteristics we have observed with Beobot is its durability. Since it is built on top of an RC 
chassis built for “Off Road” racing, it has the ability to take a great deal of stress. Additionally by supporting other 
Beobot components with lightweight highly durable materials such as Lexan, Beobot is able to withstand strong 
impacts and generally rough treatment. Even if parts of the robot break in response to collision or other trauma, most 
components that make up the exterior and supporting frame are low cost and easily replaced. This creates a certain 
liberty during experimentation since there is less worry that the robot will damage itself in the event it misbehaves.  
 
 
 
 
 4.2 Operational Issues 
 
One major issue yet to be resolved is how to create the most ideal interface for Beobot to use during 
experimentation. For instance, our current interface uses a two character line LCD panel with five input keys to run 
the robot during experimentation. This is a low cost approach, but it limits the interaction between the operator and 
robot during trial runs. To address this issue, future plans may involve a wireless connection via a handheld 
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computer. This would allow us to use a portable graphical interface with greater flexibility to control and interact 
with the Beobot than a terminal that is hard mounted onto the robot. With the advent of high-speed wireless access 
at speeds of 56 MB/s, streaming important data to a handheld computer is highly viable. 
  
4.3 Software Development issues 
 
Utilization of INVenT facilitates development and deployment of robotic applications. With software modules for 
control, network communications and image manipulation it becomes easier to create applications for the Beobot. 
For instance, a model manager handles each software function of the robot, which is a step towards creating a Lego 
like environment for robot development. Software components for controlling motion, creating network 
communication, grabbing input and processing information can be reused and are portable to other robotic 
applications. For instance, the leader following and track following programs reuse the same code for distribution of 
processes across the Beowulf cluster. They also use the same methods to grab images and manipulate them. Thus, in 
order to create and deploy a new application for Beobot, the programmer can skip development of many low-level 
systems. For instance, the code for leader following was created and deployed in the equivalent of a few weeks 
rather than months by using this readily available code base. Additionally, by creating the leader following code in a 
modular fashion, it too can be used as a building block onto which other robot applications can be developed.  
   

5. CONCLUSION 
 
The Beobot has allowed us to test a variety of both biological and traditional algorithms in the real world with 
success. Given its relatively low cost and high performance coupled with its off-the-shelf modular design should 
enable other labs and individuals to borrow from our design and create their own low cost robots. This will 
hopefully enable powerful robotics to come into the hands of the hobbyist and labs with smaller budgets, thus 
accelerating the development of robotics into the home and other areas where robot deployment is still sparse. From 
our experience with Beobot, it should be replicable by other individuals and facilitate the next stage in the evolution 
of robotics, creating a home hobby robot with enough computational power to facilitate the development of useful 
home applications. 
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