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Abstract
Self-driving cars can potentially improve transportation ef-
ficiency and reduce human fatalities – provided they have
access to significant processing power and large amounts of
data. A popular approach to the actualization of autonomous
vehicles is to use end-to-end learning [1], in which a machine
learning model is trained on a large data set of real human
driving. This poster shows how self-driving consistency can
be improved using a Convolutional Neural Network (CNN)
to predict current velocity. Our approach first reproduces an
end-to-end learning result and then extends it with real-time
speed data as additional model input.
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1 Introduction
Self-driving cars are expected to perform at high speed –
therefore, fast inference time is necessary to react in time
to avoid accidents. A current limitation of end-to-end learn-
ing is that models are often trained to only predict steering
while maintaining constant velocity. This limitation can be
avoided by using an optical encoder sensor tracking wheel
revolutions to observe car speed and then controlling speed
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by regulating throttle and power sent to the motor. However,
a speed-predicting end-to-end model has only been tested
in simulation [4]. The Donkey Car self-driving project [2]
uses a CNN to predict steering and throttle to drive a scale
model car using human-collected data. Predicting a throttle
percentage is problematic, since the power sent to the motor
will have a varying effect on the speed of the car depending
on the road environment and the capabilities of the motor.
We hypothesize that using end-to-end learning for current
speed prediction will result in fewer errors and increased
accuracy in varying surface conditions.

2 Methodology
Bojarski, et al. [1] showed that a CNN trained on 72 hours
of real driving data could run in a real-road setting with 98%
precision. We replicated this result using a 1:18 scale car
equipped with a Raspberry Pi 4 as its onboard computer and
collecting data by driving the car around an oval track. We
achieved similar results to Bojarski, et al. Then, to extend
these experiments to achieve fully autonomous driving on
multiple surface environments, we equipped the car with an
optical encoder sensor to read current speed.

(a) Default track (b) Waveshare track

Figure 1. Two different oval tracks were utilized for the
experiments.

Furthermore, to measure performance on different road
surfaces, we created two tracks: the default track (see Figure
1a) consists of two lines of orange tape on carpet flooring, and
the Waveshare track (see Figure 1b) which is an orange-lined
track printed on a mat laid out on the floor. Our proposed
solution to the problem of autonomous speed control is the
velocity model, which uses the same CNN structure as the
default model packaged with the Donkey Car (the Linear
model), but is trained to predict the current speed of the car
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based on the image input, while the default Linear model
predicts throttle percentage

By ensuring that the models are built using the same CNN
structure, this controls for model complexity. The models
are also trained on the same dataset.

3 Evaluation
We tested the models on both tracks (Figure 1). The car was
allowed to drive autonomously for 10 minutes at a time for
5 trials. An error is defined as both front wheels of the car
leaving the track or the car stopping for more than 5 seconds.
Successful laps are full laps around the track completed with
zero errors. The accuracy of the models was calculated using
an autonomy score:

Autonomy Score = 1 − Number of Errors
Number of Laps

(1)

Equation 1 outputs an autonomy score that shows how
well a model could complete a full lap without error. The
autonomy value was at or near 1.0 for both models on the
default track (Figure 2a). On the other hand, in theWaveshare
track, Velocity averaged 473% higher autonomy than Linear
(Figure 2b). On the default track, the models made little or
no errors (Figure 3a). On the Waveshare track, Linear made
7.27× as many errors as Velocity (Figure 3b).

(a) Autonomy Default track (b) Autonomy Waveshare track

Figure 2. Results show few or no errors on the default track,
whereas on the Waveshare track, the Linear model made
7.27× as many errors as Velocity. Autonomy is a percentage
score showing for what percentage of a lap the car drove on
the road.

(a) Error Default track (b) Error Waveshare track

Figure 3. Errors made on default and Waveshare tracks
respectively in a 10 minutes period.

On the default track, successful laps using Linear were
2.11× quicker than Velocity (Figure 4a). On the Waveshare
track, this ratio was 2.85 (Figure 4b).

(a) Default track (b) Waveshare track

Figure 4. Successful laps completed on default and Wave-
share tracks respectively in a 10 minutes period. This plot
gives insight into which track allowed for faster laps.

4 Conclusions
In order to ensure safe autonomous driving, neural networks
must be able to properly control speed. We presented a com-
parison of two different methods for controlling the steering
and speed of a scale-model car with a CNN. Our proposed
solution, which predicts the current speed of the car, pro-
duced 7.47× fewer errors than a model of the same structure
which predicts throttle percentage. These results show that
a velocity-dependent model is better suited for safety in au-
tonomous driving. Future work would require examining
the trade-offs between model accuracy and car speed [3].
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