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Abstract 

Perhaps the most successful development of the 
ARPA Unmanned Ground Vehicle (UGV) program is 
the ALVINN autonomous driving system. ALVINN 
is a neural network system that locates the road in 
images from a video camera mounted on a UGV and 
steers the vehicle to follow it .  ALVINN has been 
demonstrated on several HMM WV test vehicles driv- 
ing at speeds of up to 70 mph, and for distances of 
over 90 miles without human intervention. 

ALVINN was originally designed as part of an un- 
manned vehicle for the modern battlefield, perform- 
ing reconnaissance, surveillance and nuclear, biolog- 
ical and chemical (NBC) detection missions. How- 
ever we are currently adapting the system for civilian 
use, as part of the Intelligent Vehicle Highway System 
(IVHS) initiat,ive. This paper describes the ALVINN 
system, and its potential applications to both de- 
fense and civilian applications. It also describes the 
the technical issues involved in converting the system 
from military to  civilian operation, and the steps we 
are taking to address them. 

Introduction 

An application domain which has proven quite 
amenable to artificial neural networks is vision-based 
autonomous driving. In this domain, the objective is 
to steer a robot vehicle, like the Navlab shown in Fig- 
ure 1, based on input from an onboard video camera. 
The vehicle is equipped with motors on the steering 
wheel, brake and accelerator pedal, enabling com- 
puter control of the vehicle's trajectory. A typical 
autonomous driving task which has been addressed 
using artificial neural networks is road following'i2. 
For this task, the input consists of images from the 

Figure 1: The CMU Navlab autonomous navigation 
testbed vehicle. 

video camera, and the output is a steering command 
which will keep the vehicle on the road. 

Neural Network Model 

The connectionist model for autonomous road fol- 
lowing used in the ALVINN system is the feedforward 
multi-layer perceptron shown in Figure 2. The input 
layer consists of a single 30x32 unit "retina" onto 
which a video image is projected. Each of the 960 
input units is fully connected to  the four unit hidden 
layer, which is in turn fully connected to the out- 
put layer. Each of the 30 output units represents a 
different possible steering direction. The centermost 
output unit represents the "travel straight ahead" 
condition, while units to the left and right of center 
represent successively sharper left and right turns. 

To drive the Navlab, an image from the video cam- 
era is reduced to 30x32 pixels and projected onto the 
input layer. After propagating activation through 
the network, the output layer's activation profile is 
translated into a vehicle steering command. Instead 
of simply selecting the output with the highest acti- 
vation level, as is typically done in classification tasks 
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Figure 2: Architecture of the network designed for 
autonomous driving. 

like character recognition and speech recognition, the 
steering direction dictated by the network is taken 
to be the center of mass of the “hill” of activation 
surrounding the output unit with the highest activa- 
tion level. Using the center of mass of activation in- 
stead of the most active output unit to  determine the 
direction to steer permits finer steering corrections, 
thus improving ALVINN’s driving accuracy. This 
distributed output representation also makes gener- 
alization to similar situations easier for the network, 
since slightly shifts in the road position in the input 
image lead to only slight changes in any single output 
unit’s target activation. 

Traininn “On-the-Fly” 

The most interesting and novel aspect of the 
ALVINN system is the method used to  train it. In 
this technique, called training “on-the-fly”, the net- 
work is taught to  imitate the driving reactions of a 
person. As a person drives, the network is trained 
with back-propagation using the latest video image 
as input and the person’s steering direction as the 
desired output. 

To facilitate generalization to  new situations, va- 
riety is added to  the training set by shifting and ro- 
tating the original camera image in software to make 
it appear that the vehicle is situated differently rela- 
tive to the road ahead. The correct steering direction 
for each of these transformed images is created by al- 
tering the person’s steering direction for the original 
image to a.ccount for the altered vehicle placement. 
So for instance, if the person were steering straight 

Figure 3: Video images taken on three of the roads 
ALVINN has been trained to handle. 

ahead, and the image were transformed to  make it ap- 
pear the vehicle is off to  the right side of the road, the 
correct steering direction for this new image would be 
to steer towards the left in order to bring the vehicle 
back to the road center. Adding these transformed 
patterns to the training set teaches the network to 
recover from driving mistakes, without requiring the 
human trainer to explicitly stray from the road center 
and then return. 

ALVINN Driving Performance 

Running on two Sun Sparcstations onboard the 
Navlab, training on-the-fly requires about two min- 
utes during which a person drives over about a 1 /4  to 
1/2 mile stretch of training road. During this train- 
ing phase, the network typically is presented with 
approximately 50 real images, each of which is trans- 
formed 15 times to  create a training set of 750 images. 

Once it has learned, the network can accurately 
traverse the length of the road used for training, and 
also generalize to drive along parts of the road not en- 
countered during training under a variety of weather 
and lighting conditions. In addition, since deter- 
mining the steering direction from the input image 
merely involves a forward sweep through the network, 
the system is able to process 10 images per second, 
and drive at up to 55 mph. This is over five times as 
fast as any non-connectionist system as driven using 
comparable hardware (Crisman, 1990; Kluge, 1990). 

The flexibility provided by the neural network has 
allowed ALVINN to learn to drive in a wide variety 
of situations. Individual networks have been trained 
to drive on single-lane dirt and paved roads, two- 
lane suburban and city streets, and multi-lane di- 
vided highways. Images taken from three of these 
domains are shown in Figure 3. On the highway, 
ALVINN has driving for up to 90 miles without hu- 
man intervention. 

For each road type, the feature detectors the net- 
work develops are slightly different. For instance, 
for dirt roads the network develops “rut’’ detectors. 



For unlined paved roads the network developed edge 
I detectors and detectors for trapezoidal shaped road 

regions. For lined highways, the network develops de- 
tectors for the lane markings. This ability to adapt 
its processing to fit the situation makes ALVINN 
more flexible than other autonomous driving systems 
3.4 

A LV I N N - on - a- ch i p 

In the current implementation of ALVINN, video 
images are digitized into a frame store. Processing to 
perform the neural computations is done in software 
running on an attached workstation. The need to 
acquire and move large amounts of image data from 
the frame store to  the workstation severely limits the 
frame throughput of the current ALVINN implemen- 
tation - only 10 frames/second can be processed. 
While we have shown this to be sufficient for au- 
tonomous driving at up to 55 mph, higher processing 
rates are required if further gains in the speed and 
performance of the driving task are to be obtained. 

Latency is another serious problem for ALVINN 
when video cameras are used. The images processed 
by the workstation are those taken by the camerasev- 
era1 frames back. In other words, vehicle heading is 
determined from road conditions that are not current. 
While pipelining can improve system throughput, the 
latency in an imaging system built around a frame 
store cannot be eliminated. Latency is a serious prob- 
lem for vision-based control systems, severely limit- 
ing their stability. Applications like ALVINN that 
are sensitive to the real-time nature of the images, 
will therefore be limited in performance. 

To overcome these problems, we are are currently 
integrating the sensing and processing performed by 
ALVINN on a single VLSI chip. The partitioning of 
the network in the ALVINN-on-a-chip implementa- 
tion is shown in Figure 4. The chip has an array of 
transducers for imaging the road ahead, and analog 
circuitry for performing the computationally expen- 
sive the matrix-vector product necessary to propa- 
gate activation from the input to the hidden layer. 
After distilling the information from the image into 
a small number of hidden unit activations, these val- 
ues are transferred off-chip and the limited number of 
operations required to propagate from the hidden to  
the output layer are performed using a conventional 
processor. 

A more detailed design of each cell in the ALVINN- 
on-a-chip implementation is depicted in Figure 5 .  In 
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Figure 4: Partitioning the ALVINN task for VLSI. 

Figure 5: An ALVINN-on-a-chip cell implementa- 
tion. 

this design, each unit in the input layer has an as- 
sociated photodetector on the chip. This detector 
generates a photocurrent Iph  proportional to the in- 
cident light intensity level. For each hidden unit, this 
photocurrent is accumulated for a time proportional 
to  the input to hidden unit weight, which is stored in 
the Analog Memory Elements (AME). The resulting 
weighted photocurrent is injected onto a line common 
to all cells, to sum up the input to  each of the hidden 
units. 

This ALVINN-on-a-chip system will be capable of 
100 frames/second or more, a performance level that 
will make control of the vehicle far more robust. 
This will permit safe travel of the autonomous ve- 
hicle a t  speeds higher than that obtainable using the 
current implementation of ALVINN. The processing 
speed provided by the hardware implementation of 
ALVINN will allow us to  simulate many network's si- 
multaneously, each trained for a different road type. 
This will allow ALVINN to be more accurate, and 
better able to cope with changes in the roads ap- 
pearance. 

Applications 

Even without an implementation in hardware, 
ALVINN has demonstrated its potential for both mil- 
itary and civilian applications. ALVINN has been 
a key technology in the successful demonstrations 



conducted for the  ARPA Unmanned Ground Vehi- 
,:de (UGV) Demo I1 program5. The goal of this 
program is to demonstrate the utility of advanced 
UGV systems for DOD tasks such as reconnaissance, 
surveillance, target acquisition, and nuclear, biolog- 
ical and chemical (NBC) detection. As part of the 
first two Demo I1 demonstrations, conducted in July 
of 1993 and July of 1994, ALVINN successfully drove 
two specially equipped HMMWVs over dirt roads, 
and paved roads with and without lane markings, a t  
speeds of up to 20 miles/hour. 

Another military application of the ALVINN tech- 
nology currently under investigation is to include it 
as part of the Off-Road Smart Mine Countermeasures 
(ORSMC) program. The goal of the ORSMC pro- 
gram is counter mines that use acoustic sensors to 
detonate only when tanks are nearby. The counter- 
measure concept in which ALVINN may play a role is 
an unmanned decoy HMMWV. ALVINN would drive 
the vehicle, while loudspeakers mounted on the vehi- 
cle generate tank sounds, designed to  detonate the 
smart mines prematurely. 

Civilian applications of the ALVINN system cur- 
rently center around the domain of Intelligent Vehi- 
cle Highway Systems (IVHS). We are investigating 
the use of ALVINN as a lateral control device for the 
Automated Highway System (AHS). In this fully au- 
tomated driving scenario, ALVINN would keep com- 
muter vehicles in their lane on the highway will other 
systems control the vehicle’s speed and prevent it 
from colliding with other cars. 

Nearer term IVHS applications of the ALVINN sys- 
tem are in the area of collision warning and avoid- 
ance. As part of a US DOT sponsored program, we 
are currently developing a system based on ALVINN 
to warn drivers when they start to  drift of the road- 
way. These types of accidents, called single vehicle 
roadway departures, account for over 1/3rd of all 
driving fatalities, and cause an estimated $100 bil- 
lion in damages and delays each year. 

For each of these applications, proof-of-concept 
systems based on ALVINN have been or are being 
developed. We have demonstrated that the ALVINN 
technology is capable of performing these tasks, but 
deployable solutions to these problems will require 
the ALVINN-on-a-chip implementation currently un- 
der development. 
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