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SUMMARY
This paper tackles the challenge of the necessity of using the sequence of past environment states as
the controller’s inputs in a vision-based robot navigation task. In this task, a robot has to follow a
given trajectory without falling in pits and missing its balance in uneven terrain, when the only sen-
sory input is the raw image captured by a camera. The robot should distinguish big pits from small
holes to decide between avoiding and passing over. In non-Markov processes such as the abovemen-
tioned task, the decision is done using past sensory data to ensure admissible performance. Applying
images as sensory inputs naturally causes the curse of dimensionality difficulty. On the other hand,
using sequences of past images intensifies this difficulty. In this paper, a new framework called recur-
rent deep learning (RDL) with combination of deep learning (DL) and recurrent neural network is
proposed to cope with the above challenge. At first, the proper features are extracted from the raw
image using DL. Then, these represented features plus some expert-defined features are used as the
inputs of a fully connected recurrent network (as target network) to generate command control of
the robot. To evaluate the proposed RDL framework, some experiments are established on WEBOTS
and MATLAB co-simulation platform. The simulation results demonstrate the proposed framework
outperforms the conventional controller based on DL for the navigation task in the uneven terrains.

KEYWORDS: Robot navigation; Supervised deep learning; Recurrent network; Depth data;
Uneven terrain.

1. Introduction
The problem of autonomous navigation is a challenging task for wheeled robots especially in an off-
road environment with uneven terrain. Colliding to various obstacles and the risk of falling in existed
pits and holes make this task more complicated.

Perception, planner, and motion control are conventional processes usually applied in robot
navigation.1, 2 The most related researches have represented the robot environment as a grid map
to determine the traversability of the outdoor terrains. These maps are created using some devices
such as laser scanner, stereo camera, and Kinect camera. They can be a binary representation of the
terrain as an obstacle occupancy grid,3, 4 a continuous value representation of the probability distri-
bution for occupancy of each grid cell by an obstacle,5 or a non-binary mathematical function of the
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slope and roughness of the terrain for each cell of the map.6 This traversability map has just been
used in the path planning process to prepare suitable information which helps the robot besides the
output data of positioning systems like GPS to find the robot location and measure the distance the
robot moved. This map has not interfered in the robot controller directly.

Creating control architectures based on visual inputs has been recently considered in autonomous
navigation tasks. Some vision sensors like Kinect camera simply provide low-cost information such
as Red Green Blue (RGB) images and depth measurements about the robot environment. Using depth
data as sensory inputs in comparison with RGB images makes the controller more robust against
environment variations such as lighting changes and texture variety.7, 8

Vision sensors prepare the high-dimensional outputs (RGB images and depth data). Using these
data directly as controller inputs, the structure of the controller becomes complicated. It makes adjust-
ing the controller parameters more time-consuming and difficult, too. So, it is more rational to reduce
the input size by extracting proper features from these data and the controller architecture utilizes
them. Some researchers have applied image preprocessing methods, for example, using a CCD color
camera, to control the position of a goal-seeking robot,9 estimating the 3D trajectory in unknown
outdoor environments by a trinocular stereo camera,10 applying both laser range finder and stereo
vision to detect trajectory and designing the steering control law based on the kinematic equations of
motion,2, 11 utilizing a stereo and mono vision to create a reinforcement learning (RL) approach for
a wall follower robot to learn reactive behaviors.12

Preprocessing techniques require complex mathematical computation. They also need expert
knowledge about models of the operating environment to extract proper control features. Applying
these methods, some effective features may not be detected. So, end to end approaches, recently deep
learning (DL) structures, have been considered.

Some examples of using end to end techniques are as follows: DL has been applied to design
a self-supervised learning (SL) process for a long-range vision to classify complex terrain far from
the outdoor-navigator robot and to predict its traversability.13 A deep convolutional network has been
trained using the end to end idea to describe an obstacle avoidance system for off-road mobile robots.
This system has mapped raw input images to steering angles in a supervised manner. This structure
has too many parameters which are trained simultaneously using massive amounts of training data.14

The main advantage of these approaches is training the whole process from data and eliminating
hand-crafted heuristics to design and select features. In this way, an objective function is globally
optimized automatically using raw data. These approaches make systems robust against the unpre-
dictable variations of the input space. They may potentially detect other useful cues which may
not be considered in expert methods.14 Deep architectures describe various variations behind data
and directly represent the data inside the structure of a controller. They introduce some represented
features and make feature extraction easier.15

Some significant researches have utilized deep neural network (DNN) as a data representation
structure and have combined it with other learning techniques in order to solve their problems.
For example, merging DNN with RL algorithms in the following works which create a function
approximator using DNN and estimate state-action value function to learn their policy: neural fitted
Q-iteration, a memory-based method which reuses state transition experiences,16 deep Q-network
(DQN) which combines Q-learning with convolutional neural network (CNN) and updates the
parameters of state-action value function using periodically updated targets,17 deep deterministic
policy gradient which is an off-policy actor-critic algorithm and uses soft target updates to make the
learning process stable,18 asynchronous advantage actor-critic algorithm which uses parallel threads
of same training process in order to share some needed parameters between actor learners and to
stabilize them,19 and an actor-critic RL algorithm with continuous actions from a stochastic control
policy which uses deep auto encoders to prepare the proper features for controlling industrial laser
welding processes.20

The above mentioned literature worked on learning policies directly on visual inputs (raw images).
They had DNNs with plenty of adjustable parameters and needed to store and reuse all state transition
experiences. Training large neural networks by RL makes the learning time-consuming. They are still
trying to make their methods data-efficient to be applied successfully with large neural networks.

Vision sensors have a limited field of vision and cannot cover area around the robot completely.
If only the current sensory data are used to define the environment states, this limitation will lose the
well-known Markov property of memorylessness. Mounting several devices on the robot can extend
the field of vision but increases weight, costs, and raw data preprocessing time.21 It also intensifies
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the curse of dimensionality problem of image inputs and results in a complex controller structure. So,
it is better to keep some of the previous environment states and robot actions as short-term memory.
It compensates the relatively small field of vision while determining the next command of the robot
controller.

The memory-exploitation capability of a recurrent neural network (RNN) can be used to represent
the environment states in the most compacted input data supporting the Markov property. RNNs
create some internal states with dynamic temporal characteristics using directed cyclic connections
between their neurons. They form an internal memory which is suitable for processing arbitrary
input data sequences. RNNs have been utilized in speech and handwriting recognition, program code
generation, etc.22

RNNs can be used as a controller in robotic researches, too. A two-link planar robot manipulator
has been controlled using a control system consisted of an RNN controller, fast-load adaptation,
and robust PID controller.23, 24 This RNN has modeled the relation between inputs and outputs in
given dynamic systems. It has two kinds of feedback connections. Some are the hidden feedbacks of
the Elman network and some are from the output layer to the context layer. The simulation results
have demonstrated this RNN can control the trajectory of the planar robot arm better than classical
feed-forward and diagonal RNNs.

Two series RNNs have been used for the robot navigation task in an unknown flat environment.25

One of them has solved the localization problem and another has been considered for path planning.
The robot was equipped with three infrared sensors to detect obstacles. The kinematics of the plat-
form has been considered to develop the motion of the robot. In localization problem solving, the
current robot position in a determined Cartesian system coordinates and the robot steering command
have been fed to an RNN and the net output has provided the next robot position. The current position
of the robot and the position of target besides a defined function of existed obstacles have been used
to find the robot steering command in path planning RNN.

In the abovementioned robotic researches, the input size of the RNN structure was small. Use of
the RNN architecture purely is not suitable when network inputs are images considering the huge
number of weights which should be trained. Deep recurrent Q-network (DRQN)26 is a modified
version of DQN. This architecture has added recurrency to a DQN framework. It has replaced the
first fully connected layer with a recurrent long short-term memory (LSTM) to handle the noisy and
partial observability characteristic of the environments in some Atari games. The parameters of the
convolutional and recurrent layers of this network are learned simultaneously from scratch. DRQN
gives solutions to problems with continues and high-dimensional state spaces, but they are applied to
low-dimensional discrete action spaces. The discretization of action space makes DRQN applicable
to continuous spaces, but it encounters the curse of dimensionality and may lose essential information
of action space structure.18

To cover the robot working place comprehensively by exploiting the previous state features
and robot actions, and to moderate the process of training plenty of network weights, the SDL
framework27, 28 has been proposed which has combined SL, DL, and RL.

An end to end object tracking approach29 has been represented by combining the DL technique
with an RNN. The RNN has exploited the sequence models and a mapping from sensory data to
object tracks has been learned. The used network has been composed of input-preprocessing layers
(the Encoder), the hidden state propagation section (the Belief tracker), and the final layers (the
Decoder). The Encoder analyzes the data captured by a planar laser scanner to detect visible objects.
The results of the Belief tracker have been fed to the Decoder to compute a probabilistic occupancy
grid related to the corresponding pixels to find non-visible objects in the current view.

In this paper, a new memory-exploitation framework is proposed to create robot controllers. A set
of represented features obtained by DL as well as expert-defined features are fed to a recurrent net-
work to combine memory-based information of features with current inputs. Then, a robot controller
is created for tasks with complex environments. The results are demonstrated that the previously vis-
ited features improve the control commands to be more effective and provide a Markov representation
of environment states.

The main contributions of this paper are as follows: (1) introducing represented and task-based
expert features to define the environment states (generating features from depth images captured
by a camera mounted on the robot in order to represent the environment states, determining two
groups of task-based expert features considering the navigation task to improve this representation),
(2) combining deep auto-encoders and RNN to propose a new structure called recurrent deep learning
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Fig. 1. The schema of the basic SDL approach (solid and dash lines in neural networks show the fixed and
under-trained weights, respectively).

(RDL) which introduces a memory-exploitation controller for problems with continuous state and
action spaces, the proposed framework includes two separate phases: the features are generated using
a separate learning phase and then these features are used as the input of the controller part which is
tuned with SL based on the control task. Generating the represented features does not need control
data, so it can be obtained easily. This means the robot can move in the environment randomly and
robot movements do not have any limitation, (3) applying the proposed controller for a difficult robot
navigation task in uneven terrain with plenty of various holes and pits when the only sensory input
is the raw depth image captured by a camera which is the least facility, while in the same literatures
more than one sensor are applied. This advantage results in decreasing the equipment cost. The robot
should distinguish big pits from small holes to decide between avoiding and passing over which is
not considered in similar research.

The rest of this paper is organized as follows. In Section 2, the principles of deep-architecture con-
trollers is explained. The proposed approach is given in Section 3. Section 4 includes the experiments
and comparison results. Finally, concluding remarks are given in Section 5.

2. Designing Controllers Using Deep Feature Representation Learning
Data representation is a prominent issue of machine learning algorithms because the performance
of these methods depends on the represented data called features. Feature engineering is an effort
in achieving suitable representations using human ingenuity and prior knowledge. It includes the
design of various data transformations and preprocessing techniques. Since this way of engineering
is laborious and needs human interference, it is desired to enhance learning algorithms such that they
can learn to identify and distinguish the underlying explanatory factors behind the observed low-level
sensory data.15, 30

A good representation can be useful as an input of a supervised robot controller, the problem
considered in this paper. DL is one of the solutions to learning representations. DL techniques learn
a hierarchical representation of data. They compose of multiple nonlinear transformations created
through the multi-layer architecture neural networks and can represent data in a more abstract and
general representation using supervised and unsupervised learning algorithms.15

There are various types of DNNs such as auto-encoder networks, CNNs, RNNs, and recursive neu-
ral networks. Considering the structure of input spaces in different problems, the combination of these
networks can be used, too.22, 31 More layers in these networks, more complicated the optimization
problem. Hence, layer-wise training algorithms can be used to train these networks.32–34

The SDL framework27, 28 illustrated in Fig. 1 has an appropriate structure to be expanded and
to be used to adjust the robot controller. So, the proposed idea is developed based on this schema.
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Fig. 2. The structure of RDL controller.

This framework integrated a data representation architecture into a command generator to create an
effective robot controller. First, a DNN as a data representation structure is trained to convert raw
sensory data to compact informative features in order to represent the environment state.

Various kinds of DL techniques like auto encoders are applicable in this phase. Here, a deep feed-
forward neural network named deep auto-encoder is used as a function approximator to generate
represented features. This architecture has a symmetric layer organization. The encoding half of the
network includes hidden layers with a decreasing number of neurons from the input layer to the
middle compressed representation layer. The second set of hidden layers makes up the decoding
half and its belonged layers increase the number of neurons consecutively. The output layer tries to
recover input data from the compressed meaningful representation using the same number of neurons
that exist in the input layer.20 Since these outputs are used as an activation degree of features, neurons
of the middle layer have a transfer function with a positive output range.28 This network is trained by
SL and error back-propagation rule and the adjusted weights of its encoding half are frozen after the
train.

The linear weighted combination of represented features is used as a command generator to create
a robot controller. The output of this controller is a real continuous value. Linear least square errors
method is applied to compute the weights of the linear composition of represented features and some
expert-defined features as the basis functions using training data.

3. The Proposed RDL Framework
In order to create the controller architecture using the proposed framework, the phases shown in
Fig. 2 are followed. Training a DNN as explained in Section 2 prepares the represented features.

Assume that each captured depth image is summarized to a grid map with p blocks. So, there are
p neurons in the input and output layers of state representation structure. Consider that there are qi

neurons in the ith encoding hidden layer and each neuron has an activation function fi :R→R, for
example, the sigmoid function and x ∈R

p is a vector from the input layer. The feature value at the
jth neuron in the first and ith hidden layers are then computed as:

h1,j(x) = f1
(
wT

1,jx + b1,j
)

(1)

and

hi,j(hi−1) = fi
(
wT

i,jhi−1 + bi,j
)

(2)
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where w1,j ∈R
p and wi,j ∈R

qi denote the weights associated with the jth neuron of the first and the
ith encoding hidden layer, b1,j ∈R and bi,j ∈R are their corresponding biases, respectively, and hi−1

is the representation vector generated by the (i − 1)th encoding hidden layer.
The last hidden representation generated by the middle hidden layer, hmid, will serve as an input

for the first decoding layer. The output value at the jth neuron in the kth decoding hidden layer and
the output layer (as the final layer) are computed as:

yk,j(yk−1) = f
′
k

(
w

′T
k,jyk−1 + b

′
k,j

)
(3)

and

yfinal,j
(
yfinal−1

) = f
′
final

(
w

′T
final,jyfinal−1 + b

′
final,j

)
(4)

where w
′
k,j ∈R

qk and w
′
final,j ∈R

p denote the weights associated with the jth neuron of the kth

decoding hidden layer and the output layer, b
′
k,j ∈R and b

′
final,j ∈R are their corresponding biases,

respectively. yk−1 is the output vector generated by the (k − 1)th decoding hidden layer.
The error between the original input vector x and the final reconstruction y can be considered as

a measure for the quality of the representation structure and serves as a loss function for the back-
propagation algorithm.35 Here, for real-valued inputs, images, the mean squared error (MSE) is the
most common choice resulting in the final cost function:

C(W, B) = 1/2n
∑

x

‖x − y‖2
(5)

where W and B denote the collection of all weights and all the biases in the network, respectively.
n is the total number of training samples. y is the vector of outputs from the network when x is the
input. Here the desired output is x, too. The sum is over all training inputs, x. Note that the output y
depends on all entries of x, W, and B, but to keep the notation simple, it does not explicitly indicate
this dependence. The notation ‖a‖ just denotes the usual length function for the vector a.22

Some expert features are defined and added to the represented features, hmid being generated for
each input data after training the representation network and freezing the encoding weights, in order
to improve the performance of the controller. Here, two groups of these specific features are intro-
duced considering the navigation task: (1) directed features associated with wall following mission
including the positions of guideline in RGB images as a grid map, and (2) features related to the
obstacle avoidance task such as the previous applied steering angle and sum of previous steering
angles which can manage in a first in first out queue. All the abovementioned features create the
vector v with qv elements which is used as the input of the command generator structure.

The previous condition of the environment and behavioral history of the controller can modify the
next command chosen by the robot controller, too. This memory-based information can distinguish
situations, especially in an obstacle avoidance task. So, to exploit them and complete the represen-
tation of the environment states, all the abovementioned features are fed to a recurrent hidden layer
with qv neurons. This layer is followed by a linear neuron in the output layer and creates the com-
mand generator of the robot controller. Defining a recurrence relation over time steps in RNN can
deal with sequences of variable length. This relation is typically shown in the following formula:

sk
j = frecurent

(
sk−1 × wrecj + v × wvj + bj

)
(6)

where sk
j is the state of jth neuron in the recurrent hidden layer at time k. v is an exogenous input at

time k prepared by the features representation structure and expert knowledge. sk−1 is the vector of
all neuron states in the recurrent hidden layer at time (k − 1), wrecj ∈R

qv and wvj ∈R
qv denote the

weights associated with the jth neuron of the recurrent hidden layer, and bj ∈R is their corresponding
bias.

The parameters of these added layers are adjusted in the same way as the basic controller using
SL, back-propagation rule, and training data. It is evaluated by the MSE cost function as follows:

C(W, B) = 1/2n
∑

v

‖Odesired − O‖2
(7)
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Fig. 3. The Train and Test environments.

Fig. 4. Some sample closer views of uneven terrains in experiments.

where O is the vector of controller outputs and Odesired is the vector of all supervised commands in
collected training data. The sum is over all represented training inputs, v.

RDL framework can be summarized as follows:

1. Collect training data, a data set including perception-action pairs.
2. Train the deep feature representation structure using the cost function in Eq. (5) for perception

elements of pairs belongs to the training data set.
3. Reuse encoding half of the data representation structure with the frozen weights to generate the

represented feature vector hmid for each input of the controller using Eqs. (1) and (2).
4. Add expert features and create v vector for each represented feature vector hmid.
5. Create the command generator structure by adding a recurrent hidden layer and a linear output

layer.
6. Train the recurrent structure using the cost function in Eq. (7) for perception-action pairs belongs

to the training data set.

4. Experimental Results
To evaluate the proposed approach, a robot navigation task in an off-road environment with uneven
terrain was considered. The mobile robot and the experimental environments were established on the
WEBOTS simulator and the robot controller was implemented in MATLAB software. The control
task was performed in the simulation environment. The performance of Pioneer3−AT1 which is a
four-wheeled mobile robot was evaluated in the experiments. For achieving depth images, a Kinect
camera was used. This is the only vision system which the robot was equipped with. Kinect has
a depth image resolution of 320 × 240 pixels with a field of view of 58.5◦ × 46.6◦ resulting in an
average of about 5 × 5 pixels per degree.

To create an uneven terrain in simulated environments, various real depth images with admissible
roughness were considered. They were combined with some manually built hills and holes to form
an elevation map. The generated terrains for Train and Test environments are displayed in Fig. 3.
Train environment was used to gather training data and Test environment was used to compare the
performance of the proposed controller. Some closer views of uneven terrain used in experiments are
shown in Fig. 4, too.

1For more information, please visit http://robosklep.com/en/wheeled-robots/154-pioneer-3-at.html.
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Fig. 5. A sample of RGB grid map where the positions of guideline are determined in the lowest and middle
rows.

Here, the navigation task is defined as the following mission; a robot tries to reach and follows a
given trajectory (wall) while it prevents falling in the existed holes and pits and keeps its balance in
uneven terrain. The robot has to always be on the left side of the trajectory (wall). It has to preserve
the desired distance from the trajectory while avoiding crossing the trajectory line (to collide with
the wall). The admissible distance from the trajectory line is limited to a boundary. The depth image
captured by Kinect was converted to a rectangular grid of 40 × 40 pixels blocks. They were inputs
of the controller. The mean and variance of depth values of all pixels in each block were computed
and used to describe that block. These two-dimensional data were ordered in a linear arrangement
of rows (a row vector with 96 elements) and were used as the input of DNN to create represented
features.

The captured RGB images were used to define expert features. Each image was converted to a
grid map with 6 × 8 blocks. Each block contained 40 pixels of the image in each dimension. The
positions of guideline (which exists near the wall) in the lowest and middle rows of this map were
determined by utilizing its color. A sample of this operation is shown in Fig. 5. The previous applied
steering angle and the sum of the last five steering angles were joined to the above features, too.

Collecting the training data is a common unavoidable task in most of machine learning methods
specially supervised vision-based techniques and it is time-consuming.36 The proposed framework
includes two separate learning phases. The first learning phase generates the features. These features
are used as the input of the controller part tuned with the second SL phase based on the control
task. Generating the features does not need the control data. To gather data for this phase, the robot
can move in the environment randomly without considering the determined task missions, so the
data can be obtained easily. This is an improvement in manually data collection challenge. In the
proposed framework, the command generator part has fewer adjustable parameters, and therefore
its tuning needs less training samples. In the experiments, the robot was moved manually in Train
environment multiple times using a joystick and the training data were automatically generated dur-
ing the interaction between the robot and its simulated environment. The controllers were tuned
using this set of input–output pairs. The data set includes about 5640 samples where the sample
capturing rate is 2.5 images per second. The first elements of sample pairs, encoded depth maps,
were duplicated and used as the input–output pairs to train the representation network for gener-
ating the represented features. Then the pairs of the encoded depth map and its associated control
commands were utilized as the input and output of the controller to adjust the command generator
of controllers. The control command is a value belongs to {−20, 0, +30} and indicates changes in
the direction of robot orientation (turn right, go straight ahead, and turn left). The negative value
makes the robot to turn right and the positive one causes a left turn in the robot movement. The
greater positive value keeps the robot away from the holes and pits more quickly, while the lower
negative value returns the robot to the suitable path slowly and avoids it falling in the holes and
pits.

A DNN with nine hidden layers was used in the image feature representation task. The number
of neurons in each hidden layer is chosen using expert knowledge as 80, 60, 50, 30, 20, 30, 50, 60,
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Fig. 6. CNN-LSTM structure with pixel input.37

Fig. 7. MLP-LSTM structure with encoded depth image.

and 80, respectively. This network has 96 inputs and 96 outputs. The train operation starts using
randomly initialized weights.

The first adjusted half of this feed-forward network was used as a function approximator to con-
struct the basic controller. This network has five layers with 80, 60, 50, 30, and 20 hidden neurons
with fixed weights and tan-sigmoid and log-sigmoid transfer functions in the first 4 hidden layers
and the last hidden layer, respectively. A linear output unit forms the output layer of the basic con-
troller and produces a continuous real value output. Adjusting the weights of the linear combination
of features in the output layer is a single-pass operation. The outputs of data representation structure
plus expert-defined features were fed to a recurrent layer with 24 hidden neurons with log-sigmoid
transfer functions to append feature histories. This layer is followed by a linear output unit in the
output layer and the command generator is formed to work as the proposed controller. Adjusting the
weights of this network is done using SL and back-propagation rule.

According to review paper37 and lots of its referred references, a typical network architecture
(named CNN-LSTM) used in DL for control tasks with pixel input is as follows: The input (a prepro-
cessed screen image or several stacked or concatenated images) is followed by some convolutional
layers without pooling, and a few fully connected layers. After the fully connected layers, there is
a recurrent layer, such as LSTM or gated recurrent unit. In the output layer, each combination of
actions in the task has one unit. When the input consists of some features instead of pixels, the CNN
layers are replaced by MLP structure. In this paper, the input of the controllers included some statis-
tical depth information as a grid map and it was needed to apply some changes in implementation of
the network structure of these works. So, to compare the RDL with CNN-LSTM structure shown in
Fig. 6, the final implementation was modified to one illustrated in Fig. 7 named MLP-LSTM and it
was thoroughly learned using SL.

The result of network training is affected by the initial weights and biases of hidden units, the
uncertainty of the environment, and the inconsistency of training data.36 So, the testing phase was
run several times and the evaluation of the experiments was evaluated by the average of evaluation
criteria over five independent runs. The average of testing time steps over these runs is around 1800.

The performance of controllers is compared to each other considering some defined failures as
follows:

1. “No Visible Trajectory” failure occurs when the robot cannot capture the guideline in camera color
images. This failure can happen as a normal event in strongly convex routes and spiral paths. Since
losing the trajectory is also possible, this situation should be distinguished in experiments. It is
supposed that the robot can capture the trajectory line in convex paths after at most 110 successive
“No Visible Trajectory” failures. Exceeding this threshold means the robot loses the trajectory.
The appropriate amount of this threshold helps the robot to return to the suitable situation before
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Table I. Comparison results in the experiments.

Test environment

Controllers

Basic SDL RDL MLP-LSTM37

Number of failures as evaluation criteria (24 features) (24 features) —

Falling and losing balance 13 1.6 15.4
Too near to wall 13 10.6 73.2

The bold values demonstrate the performance of the proposed RDL controller in comparison with the basic
SDL controller and MLP-LSTM controller considering the given criteria. They show lower failures.

losing the path completely. In this way, the robot controller needs less supervisor interference.
This threshold is obtained by trial and error according to path curves in environments and the
maximum value of angles the supervisor applied to the robot for passing these curves when the
training data is gathered.

2. “Falling and losing balance” failure is detected via an inertial unit mounted on the robot.
3. “Too Near to Wall” failure shows the situations when the robot moves besides the wall and crosses

over the guideline and a collision is possible.
4. “Too Far from Wall” failure includes the situations when the distance from the wall is greater than

the desired threshold and a path loss is possible. It should be noted that this failure can happen
when the direction of the robot is not parallel to the curvature of the wall, too.

Here, the performance of the proposed RDL controller is compared with the basic SDL controller
and MLP-LSTM controller considering the abovementioned criteria. The statistical results of this
comparison are illustrated in Table I. This table shows the performance improvement by apply-
ing the proposed RDL. The number of Falling and losing balanceİ and Too Near to Wallİ failures
decreases about 87.7% and 18.5%, respectively, in comparison with the basic SDL controller for
Test environment. The number of these failures decreases about 89.6% and 85.5% in comparison
with MLP-LSTM controller, respectively.

Since “Too Far from Wall” failure sometimes is due to the existence of holes and pits, the number
of this failure for RDL controllers is greater than the basic SDL and the qualitative comparison of
them is needed to evaluate them. Figure 8 displays the samples of trajectories which are passed by the
robot using evaluated controllers in Test environment.2 As this figure shows, the performance of RDL
in following the given trajectory curves is the best. RDL never misses the wall and it avoids holes
and pits more precisely because it utilizes the histories of features and previous steering commands
which represent previous environment states. As it is visible in the trajectory figures of the basic SDL
and MLP-LSTM controller (position determined by a blue rectangle), they missed the wall when they
confronted a strongly convex path. RDL is also able to distinguish the smaller holes from bigger pits
to cross over them without going far from the wall to avoid failures.

The reasons of the pre-mentioned improvement are as follows. The proposed framework includes
two separate learning phases. It uses DL in the first phase to cover the input space thoroughly. The
recurrent layer is applied to append memory-dependent features in the next phase in order to com-
pensate non-Markov property of the environment, supervisor errors, and data inconsistency. The
command generator part has fewer adjustable parameters. So it is tuned in shorter learning time and
needs less training samples.

Making the block size of maps smaller (e.g., 20 × 20 pixels), the approach is able to encode the
environment states in depth images more accurately and the robot can preserve its distance to guide
line more precisely.

5. Conclusion and Future Works
In this paper, DL and RNN were combined to form a new framework called RDL. This framework
was applied to control a mobile robot in an off-road navigation task. The robots controller received

2You can view a movie of the robot performance when it used RDL architecture to complete its missions during one
of these trajectories in Test environment at https://pws.yazd.ac.ir/lcir/?attachment_id=3390.
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Fig. 8. The samples of trajectories which are passed by the robot using evaluated controllers in Test environment.
(a) Basic SDL controller, (b) RDL controller, and (c) MLP-LSTM controller.37

depth image data as the input and computed the steering angle as the output. Using DL, the compact
descriptive features were extracted from high-dimensional raw images. These features and some
expert-defined features were considered as the input of an RNN structure. The adjustable weights of
RNN were tuned by supervisory data.

To assess RDL, it was applied to a vision-based robot navigation task. In this task, wall following,
obstacle avoiding, and keeping balance should be simultaneously considered in uneven terrain with
various holes and pits. Simulation results demonstrated that the proposed framework significantly
reduces the number of failures especially Falling and losing balance.

It is concluded that the presented idea based on DL decreases the dimension of states and over-
comes the curse of dimensionality. Applying the suggested memory-based RNN architecture in RDL,
it is not essential to include the sequence of past states in the controllers input. Hence, RDL is suit-
able for non-Markov environments. As another advantage, RDL has a few adjustable parameters and
low training computational cost.

As future works, RDL can be applied to various control tasks and complicated environments with
continuous state and action spaces. Moreover, other learning algorithms can be employed to tune
RNNs parameters more precisely.

Supplementary Material
To view supplementary material for this article, please visit https://doi.org/10.1017/
S0263574719001565.
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