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ABSTRACT: Modeling human driving with human-like driving models can help companies in the evaluation of human
drivers. While a human-like driving model can be tested in various scenarios, this is not feasible for driver evaluation due to
time constraints. During the evaluation, only a small set of driving data can be typically collected for each driver, which
represents an issue for advanced modeling approaches such as deep learning. To overcome this issue, an optimization approach is proposed, which tunes deep learning when a small learning dataset is available.
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1. Introduction
Human-like driving models have been learned with several methods, such as ARX models [8], Gaussian processes [11], Gaussian
mixture models [1], artificial neural networks [15], support vector regression [13], etc. Recently, Deep Neural Networks (DNN) are
being effectively used in learning tasks from various application fields. For example, when driving a vehicle, DNN can be used to
recognize the road, other vehicles, pedestrians, etc. from video data [7]. Moreover, DNN has been also applied to directly learn the
control actions from video data without firstly reconstructing the scene. This approach is called end-to-end learning and its
examples aim to learn steering, throttle and braking control actions, etc. [5, 6, 14].
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Unfortunately, deep learning has a significant drawback: it requires a lot of learning data. Existing driving datasets used for
training DNN models vary from about 10 hours to up to 10,000 hours [14]. However, in some cases such a large set of driving data
is not available. For example, the deep learning approach can be used to assess a driver, e.g., if he/she drives safely, is able to avoid
critical situations, etc. [12]. This can be done by building a human-like driver model, i.e., a clone of the driver, and test it in a large
number of driving situations. A similar approach has been applied in related domains where the goal was to learn human behavior [10]. This procedure requires only a small set of driving data, i.e., driving data of only a small subset of driving situations.
Consequently, the time to collect the driving data is reduced, while the driver or more precisely his/her clone is still evaluated in
a large number of situations.
Existing work has demonstrated that end-to-end approach for learning to drive is appropriate when large sets of learning data are
available [5, 6, 14]. On the other hand, the problems with small sets of learning data have not been addressed appropriately. This
paper aims at tackling this issue by enhancing end-to-end deep learning approach with optimization in order to obtain human-like
driving models from small sets of learning data.
The paper is further organized as follows. Section 2 presents the optimization approach for end-to-end deep learning. Experiments
and results are described in Section 3. Finally, Section 4 concludes the paper with ideas for future work.
2. Optimization of End-to-end Deep Learning
End-to-end deep learning approach applies deep neural networks to learn the transformation between the input and the output
data. The main property of this approach is that a single model is used to obtain this transformation. There exist also other
approaches that decompose the problem and apply specific models for each subproblem. For example, one model can be used to
recognize the objects, while another model can be used for higher-level reasoning [7]. The end-to-end approach aims at solving
all the sub problems at once with a single model [5].
Existing work in the field of end-to-end deep learning for obtaining human-like driving models has shown that the selection of
deep learning model and its parameter values is not straightforward [9]. In addition, the data need to be augmented to learn how
to recover from poor positions or orientations [3]. We propose to automate the selection of appropriate parameter values and data
augmentation functions with an evolutionary algorithm. Evolutionary algorithms are search and optimization algorithms inspired

Figure 1. Overview of the algorithm for obtaining human-like driving models
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by the principles of biological evolution. They work with a set of solutions that are improved through several generations by
applying genetic operators, i.e., selection, crossover and mutation [4].
We propose to discover human-like driving models in two steps. In the initial step, driving models that are able to drive the vehicle
along a route are built, while in the final step, these models are enhanced to imitate human driving. The approach presented in this
paper focuses on the initial step by applying an evolutionary algorithm to maximize the length of the route that has been traveled
by the driving model during the simulation. Each solution (consisting of parameters of model construction) is evaluated by
applying the following steps:
1. The learning data are augmented to enable recovery from poor situations or orientations.
2. The deep learning algorithm is used to learn a human driving model.
3. The driving model is evaluated on a route to measure the route length of feasible driving.
The driving simulation stops if the driving becomes infeasible (e.g., the vehicle goes offroad) or when the entire route is traveled.
The evolutionary algorithm applies tournament selection (tournament size = 2), two-point crossover (probability = 0.9) and
uniform mutation (probability = 0.1) to improve the solutions over generations. An overview of the developed algorithm and its
steps, i.e., evolutionary algorithm steps (selection, crossover and mutation) and solution evaluation steps (data augmentation,
model building and model evaluation), is shown in Figure 1.
The evolutionary algorithm optimizes the following deep learning and data augmentation parameters:
Batch size: Parameter of the deep learning algorithm. Defines the number of training examples utilized in one learning iteration.
Number of epochs: Parameter of the deep learning algorithm. Defines the number of passes through the training dataset during
learning.
Image Multiplier: Data augmentation parameter. Defines how many times an image is multiplied. If it is multiplied, it is divided into
overlapping sub images. For example, if the image is multiplied by 3, three images are created containing: 1) left 80 % of the original
image; 2) central 80 % of the original image; 3) right 80 % of the original image.
The control actions are also appropriately adapted. For the left images steering is added to simulate turning right, while for the
right images steering is subtracted to simulate turning left.
Noise added to output: Data augmentation parameter. Defines the amount of noise an to be added to the control actions. The
amount of noise is randomly selected at each time step with a uniform distribution (− an, an).
Flip image: Data augmentation parameter. Defines whether randomly selected images should be vertically flipped. If the image is
flipped, the control action is also appropriately adapted.
Activation function: Parameter of the neural network model. Defines the activation function of the neural network layers.
Kernel Regularizer: Parameter of the neural network model. Defines the regularization of the neural network layers, which
applies penalties on layer weights.
The penalties try to keep the weights small, which reduces the possibility of over weighting a small subset of layer’s input data
and prevents over fitting.
3. Experiments and Results
The developed approach was tested on two scenarios. Both scenarios did not contain traffic vehicles or pedestrians. For both
scenarios, the same architecture of the neural network was used. This architecture is shown in Figure 2 and is based on the
architecture presented in [2]. It contains five convolutional layers and three fully connected layers. The convolutional layers
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extract features, from simple features such as lines to complex features such as road contour. The fully connected layers implement the vehicle controller, which calculates the control action based on the extracted features.
3.1 First Scenario
The first scenario consisted of a circular route of around 2 km, which is shown in Figure 3a. An example of a route image as input
to the neural network is shown in Figure 4a. The learning data were obtained from one driving along the route.
The proposed approach was evaluated by tuning only a subset of the parameters listed in Section 2, which already enabled us to
obtain models that drove along the entire route for this scenario and consequently no additional parameters needed to be tuned.
The values of tuned and not tuned parameters are shown in Table 1.
The feasible solutions, i.e., those solutions that drove the entire route, are shown in Table 2. These results show that feasible
solutions multiply the images by 3 or 5 and flip images, while the noise added to output does not influence the results. In addition,
the results also show that a lower number of epochs is needed if the images are multiplied more times.

Figure 2. Architecture of the neural network
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(a)

(b)

Figure 3. Maps of the testing routes: (a) first scenario, (b) second scenario
3.2 Second Scenario
The second scenario was related to a city whose map is shown in Figure 3b. Figure 4b shows an example of the city image, which
was given as input to the neural network. The learning data were obtained from one driving through several crossroads. In
contrast to the first scenario, the second scenario does not predefine the route. Nevertheless, the simulation stops if a distance
of more than 2 km has been driven.
The proposed approach was evaluated with the parameter values shown in Table 3. The results show that the built models were
able to drive only short routes (see Figure 5). However, it should be noted that due to high time complexity of deep learning, only
a small number of generations were executed. More precisely, it took more than 17 days to execute 30 generations on a 3.6 GHz
desktop computer with 16 GB RAM. The analysis of the results also shows that the activation function had the most significant
effect on the results. It turned out that the majority of models that were able to drive more than 450 m, contained the relu activation function. In addition, the models were able to drive on straight segments, but had issues with crossroads. This is probably
due to the relatively simple architecture of neural network. For example, images of the first route (see Figure 4a) are significantly
less complex in comparison to the images of the second route (see Figure 4b), since they do not contain any buildings, sidewalks,
crossroads, etc. Consequently, more complex architectures of the neural network are needed for the city roads. These can be
obtained by optimizing also the topology of the neural network.

(a)

(b)

Figure 4. Examples of the input images: (a) first scenario, (b) second scenario
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Parameter

Values

image multiplier

{1, 3, 5}

noise added to output

{0, 0, 1}

ip image

{true, false}

batch size

40 (not tuned)

number of epochs

100 (not tuned)

activation function

elu (not tuned)

kernel regulizer

none (not tuned)

Table 1. Parameter values for the first scenario

Noise added
to output

Image
multiplier

Flip
image

Epochs to feasible
solution

0

3

true

30

0:1

3

true

30

0

5

true

18

0:1

5

true

16

Table 2. Tuned parameter values of feasible solutions for the first scenario

Parameter

Values

batch size

{20, 40, ... , 200}

number of epochs

{10, 20, ... , 50}

image multiplier

{1, 3, 5, 7}

noise added to output

{0, 0.05, ..., 0.20}

ip image

{true, false}

activation function

{linear, elu, relu}

kernel regulizer

{none, l2(0.001)}

Table 3. Parameter values for the second scenario
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Figure 5. Length of the feasible route through generations for the second scenario
4. Conclusions
This paper presented an optimization approach for tuning end-to-end deep learning that builds human-like driving models. This
approach aims at learning good driving models when a low quantity of learning data is available. It was evaluated with one neural
network architecture on two routes: a circular route and a city route. The results show that this approach was able to find driving
models for the circular route, but did not manage to find driving models for handling crossroads inside the city.
Future work will focus on determining the most appropriate neural network architecture for urban environments. In addition, the
efficiency of the evolutionary process needs to be increased by, for example, introducing parallelism in the model learning.
Furthermore, the behavior of the obtained driving models will be compared to human driving behavior to determine how well the
models reproduce human driving. In case of unacceptable reproduction, these models with be enhanced to obtain driving models
that are able to imitate human driving.
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