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Abstract
Obstacle avoidance becomes a very challenging task for an autonomous underwater vehicle (AUV) in an unknown underwater
environment during exploration process. Successful control in such case may be achieved using the model-based classical control
techniques like PID and MPC but it required an accurate mathematical model of AUV and may fail due to parametric uncer-
tainties, disturbance, or plant model mismatch. On the other hand, model-free reinforcement learning (RL) algorithm can be
designed using actual behavior of AUV plant in an unknown environment and the learned control may not get affected by model
uncertainties like a classical control approach. Unlike model-based control model-free RL based controller does not require to
manually tune controller with the changing environment. A standard RL based one-step Q-learning based control can be utilized
for obstacle avoidance but it has tendency to explore all possible actions at given state which may increase number of collision.
Hence a modified Q-learning based control approach is proposed to deal with these problems in unknown environment.
Furthermore, function approximation is utilized using neural network (NN) to overcome the continuous states and large state-
space problems which arise in RL-based controller design. The proposed modified Q-learning algorithm is validated using
MATLAB simulations by comparing it with standard Q-learning algorithm for single obstacle avoidance. Also, the same
algorithm is utilized to deal with multiple obstacle avoidance problems.
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1 Introduction

The ocean is the central energy source of energy, minerals,
food, etc. for human being hence understanding and exploring
the ocean area becomes an important task (Council 1996).
Such exploration can be carried out by humans themselves
using different manned and unmanned vehicles. But

sometimes, it is not possible for human being to personally
visit some hostile areas like radioactive environments or
higher depth; in such cases, autonomous underwater vehicle
(AUV) plays a vital role for achieving such tasks. AUVs are
unmanned type underwater vehicles which are used in the
commercial, military, scientific, and private sectors which
are designed to explore underwater areas and perform differ-
ent missions like pipeline monitoring, etc. (Russell et al.
2014). AUVs are the most suitable candidate for exploration
of extreme environments due to their ability to operate auton-
omously (Fossen 2011). In such operations, AUVs are sup-
posed to maneuver on their own as per programmed mission,
but such missions are prone to fail due to unknown obstacles
in AUV’s programmed path. Hence, obstacle avoidance be-
comes a necessary task for AUV.

Obstacle detection and avoidance can be carried out by de-
signing proper feedback control for AUV. The controller design-
ing process can be classified into two types, namelymodel-based
control and model-free control. Model-based control requires
precise computation; the typical classical controller design pro-
cedure requires derivation of an exact mathematical model by

Article Highlights
• In order to complete the given task in unknown environment, AUVmust
avoid collisions with obstacles.
• A modified Q-learning-based control is proposed to reduce number of
collisions and compared with standard one-stepQ-learning-based control.
• Function approximation is utilized along with RL to deal with continu-
ous states and large state-space problem.
• Proposed RL-based control is utilized for multiple obstacle avoidance.

* Prashant Bhopale
psbhopale_p14@el.vjti.ac.in

1 Electrical Engineering Department, Veermata Jijabai Technological
Institute, Mumbai 400019, India

Journal of Marine Science and Application (2019) 18:228–238
https://doi.org/10.1007/s11804-019-00089-3



careful analysis of process dynamics; by using this mathematical
model, control law has to be derived to meet certain design
criteria (Su et al. 2013; Qu et al. 2017). Sometimes, reduced
order models are used to design controller (Bhopale et al.
2017) but it again requires an abstract mathematical model of
the plant. Construction of the abstract model may be carried out
by system identification approach but it may increase the param-
eter dependency (Hafner and Riedmiller 2014) and if the behav-
ior of plant in real time is different from the abstract model due to
parametric uncertainties then, the controller designed using that
model may fail. In such scenario, robust controller is proposed
for AUVinCheng et al. (2010) andBhopale et al. (2016), but the
performance of robust control is again limited due to assump-
tions of bounded uncertainties. All these methods mentioned
above are usually based on specific environment and plant’s
abstract mathematical model and depend on more prior knowl-
edge like experience and rules. Also, they lack self-learning
property to adapt to various unknown environments. Once there
is any change in the task or environment, the corresponding
designed model-based controller need to be updated manually.
Hence, it is better to incorporate model-free self-learning ap-
proach in designing feedback control for AUV since dependency
on themathematical model, and uncertainties will vanish and the
controller will be developed depending entirely on plant’s (AUV
in our case) behavior in the unknown environments.

Different model-free control approaches have been pro-
posed in literature; where the controller learns plant behavior
using neural network (NN). Reinforcement learning (RL) can
be considered as a suitable candidate for both self-learning
model-based and model-free control approach. Kober
(Kober et al. 2013) contains a detailed survey regarding the
application of RL in the area of robotics, where AUVapplica-
tions are also listed. Model-based RL approach utilizes the
kinematic model of AUV or sometimes the behavior can be
summarized into Gaussian process (GP) model and this model
will be used for long-term prediction. Many researchers have
combined other controllers with RL where the predicted con-
trol of classical control is used as known policy and this policy
is modified using actor-critic approach; this particular ap-
proach is known as on-policy approach where predefined pol-
icy is available but it increases the dependency on model
available or derived using NN or GP (Paula and Acosta
2015). On the other hand, the off-policy approach does not
require knowledge of AUV’s kinetics or dynamics and the
agent learn entire control law by itself.

Q-learning is one of the off-policy RL algorithms which
can learn from actual plant behavior and can decide its own
control command depending on previous experience
(Phanthong et al. 2014). The Q-learning process executes in
the following sequence: for present state, agent selects action
depending on policy (random policy or greedy policy) from
Q-table which is a storage of state-action value pairs as per
previous experience, this selected action is then executed on

plant and generated output is measured, depending on how
good or bad the output is, the agent receives reward or pun-
ishment and using this reward or punishment the Q-value for
particular state-action pair is updated and stored as an experi-
ence in the Q-table. For next step, the same process is execut-
ed and Q-table is updated. In this way, the Q-table is updated
iteratively with different state-action pair for the entire state
and action space. At the end of the process, Q-learning policy
learns the entire control law by itself for defined state-action
space from the scratch, without knowing the kinetics or dy-
namics of the plant. This self-learning policy can be applied
for AUV set-point tracking problem, where AUV can explore
entire state space by trying each and every state-action pair
(exploration process) to reach the set-point with the objective
of maximizing cumulative reward. But in such exploration
process if AUV comes across an obstacle and takes any ran-
dom action in order to explore, it is possible that collision may
occur with obstacle causing damage to AUV. In such case,
some researchers have proposed auxiliary controller strategy
to switch controller to avoid obstacle but again this controller
has to be designed from the mathematical model of AUV
which as stated above is prone to uncertainties. Also, curse
of dimensionality and continuous state problem are some oth-
er drawbacks being faced while standard one-step Q-learning
algorithm which is being utilized for AUV.

Hence, as a remedy, a modified Q-algorithm is proposed in
this paper which does not require auxiliary control or mathemat-
ical model of AUV. In the proposed method force exploitation is
carried out to deal with this obstacle avoidance problem when
AUV is in the unsafe region. This method is entirely model-free
and furthermore, NN-based function approximation is utilized to
deal with the curse of dimensionality and continuous state prob-
lem. Together proposed method removes the dependency of
plant model and deals with the curse of dimensionality and con-
tinuous state space problem while designing self-learning con-
troller for AUV set point tracking and obstacle avoidance.

Remaining of the paper is organized as follows: In
Section 2, a brief introduction to RL and the standard one-
step Q-learning algorithm is presented. Then in Section 3, the
main idea of obstacle avoidance for AUV using RL is pro-
posed with a modified Q-learning algorithm. Also for the
same problem, issues with continuous state space and curse
of dimensionality are highlighted and utilization of function
approximation method using the NN is proposed. In
Section 4, the proposed approach is illustrated using simula-
tion results. Finally, Section 5 concludes the paper by
discussing the overall results of the proposed approach.

2 Reinforcement Learning(RL)

RL is a standard machine learning method which is used to
solve sequential decision problems modeled in the form of

P. Bhopale et al.: Reinforcement Learning Based Obstacle Avoidance for Autonomous Underwater Vehicle 229



Markov decision processes (MDPs) (Powell 2007). The dy-
namic programming assumes deterministic system; on the
other hand, RL is approximate dynamic programming
obtaining an optimal control policy when the perfect mathe-
matical model is not available. Hence, we can say that RL can
be utilized as a model-free approach.

In the RL problem, the agent which is interacting with the
environment has to observe a present state s ∈ S of the envi-
ronment and, depending on policy an action, a ∈ A is selected,
where state space S and action space A can be either discrete or
continuous set, and can be single or multi-dimensional. It is
assumed that state st at any time instant t contains all relevant
information about the plant’s current situation. As shown in
Fig. 1 below, at time instant t agent observe the state st, selects
an action at from A using policy decided, this action at which
is used to control states of the system is executed on the en-
vironment, then the environment reacts to the action and next
state st + 1 is generated by the system using action at. Now
depending on the state st + 1, a reward rt is generated for
state-action pair (st, at) this reward can be designed as a sca-
lar value or a function of the error between the present state
and destination/target state or combination of both.

The main goal of RL is to find a policy π by maximizing
cumulative expected reward for the action a in given state s. The
desired policy π can be deterministic or stochastic. We can say
that a is a sample over actions distribution over new state en-
countered as a~π(s, a) =P(a| s). The reward functions are com-
monly designed as function of present state, i.e., r = r(st); current
state and action pair, i.e., r = r(st, at); or it can be a function of
the transitions from one state to new state, i.e., r = r(st, at, st + 1).

The RL agent is expected to find out the relations between
available states, available actions, and earned rewards depend-
ing on experience or best available choices. Hence, knowledge
of exploration and exploitation is necessary to design RL agent.

2.1 Exploration vs Exploitation

From the agent point of view, the environment may be static or
dynamic; hence, agent has to try different actions randomly,

receive a reward, and keep learning on trial and error basis, this
process is known as exploration. When the agent chooses the
best action from learned experience and minimizes the cost of
learning, it is called exploitation. If the agent has very less expe-
rience in large dimensional spaces, then agent selecting best
actions based on current learned experience (which is not suffi-
cient) is not preferable, because better alternative actions may be
available which were potentially never been explored, hence
sufficient exploration has to be done for learning the global op-
timal solution. Now a question arises that how much and when
to explore, and how much and when to exploit. However, too
much exploration can cost more in terms of performance and
stability when the online implementation is necessary. The
greedy policy can be used in such case where the exploration
rate is more when the agent starts learning, as experience is
gained and exploitation rate increases and exploration rate de-
creases gradually to reach the optimal solution. This method can
be used to deal with exploration and exploitation trade-off.

2.2 Q-learning

The Q-learning algorithm is model-free, off-policy RL tech-
nique, which uses temporal difference learning approach. It is
possible to prove that if sufficient training and experience is
given to RL agent under any soft-policy, then the algorithm
will converge to close approximation of the action-value func-
tion for arbitrary target policy with probability 1. Optimal
policy can be learned by Q-learning in both more exploration
and random policy case.

The state-action value is updated in Q-learning as,

Q st; atð Þ≔Q st; atð Þ þ α rtþ1 þ γmax
a

Q stþ1; atð Þ−Q st; atð Þ
h i

ð1Þ

The following are parameters in the Q-value update
process:

& α is a learning rate parameter; it can be set between 0 and 1
value. If α is set to 0, then, no learning process is carried
out and Q-values will never be updated. If α is set to 0.9,
then, learning can occur very quickly.

& γ is a discount factor; this parameter can take any value
between 0 and 1. This factor is used to ensure that the
future rewards are not worth.

& ε - if ε = 1 then pure exploration is carried out and if ε = 0
then pure exploitation. Hence ε is normally set to small
positive value between 0 and 1. It is a probability for

deciding the policy selection factor B̂, when B̂ =1 exploi-
tation is carried out, else exploration continues.

In a scenario when each action is executed on every state in
a huge number of times, and if learning rate α is decayed
appropriately with increasing number of trials, the Q-values
will converge optimal value Q* with probability 1 see

Fig. 1 Reinforcement learning mechanism where learning agent interacts
with an environment
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(Watkins and Dayan 1992). In this case, Q directly approxi-
mates to optimal value Q*, independent of the policy being
followed. This approximation simplifies algorithm analysis
and enabled early convergence proofs. But this policy still
depends on which state-action pairs are visited and which
value functions are updated hence it becomes mandatory to
visit all state action pair. If proper exploration-exploitation is
carried out then under this assumptionQt converges toQ

*with
probability 1, this one-step Q-learning algorithm (Sutton and
Barto 1998) is shown below:

Algorithm 1 One-step Q-learning algorithm

Initialize ( , ) arbitraily

repeat (for each episode): 

Initialize ;

repeat (for each step of episode):

Choose for using policy derived from ;

Take action , observe and ;

update ( , ) ( , )

+ [ + max ( , ) − ( , )]

until is terminal

until all episodes end.

2.3 Q-learning in an Unknown Environment

Since Q-learning is a type of RL, it can directly interact with
the unknown environment and develop self-learning control
without any prior knowledge of the environment. When the
environment is unknown, the obstacle avoidance problem of
an AUV can be considered as a behavior selection task. In this
task, the AUV can automatically produce a correct action of
reaching the destination without collision according to the
environment information perceived by the sensors equipped
on the AUV. The task of finding the optimal path for AUV in
an unknown environment is shown in Fig. 2. It is assumed that
AUV’s sensor system collects information regarding its own
position [xt, yt, ψt] and information of nearby obstacle’s (rep-
resented by gray circles) position with its dimension at every
time instant t. The black point is initial position of AUV rep-
resented by [xo, yo, ψo] and the green point is the destination
point fed to AUV which is represented by [xd, yd, ψd].

The linear distance between AUV and destination point is
calculated by

Δd ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
xd−xtð Þ2 þ yd−ytð Þ2

q

And the angular difference between AUV’s current orienta-
tion and the destination expected orientation at time t is given by

Δψ ¼ ψd−ψt; Δψ∈ −π;þπ½ �

In order to navigate the AUV to its destination point,
it is assumed that these variables are always known at
each time instant t. Therefore, an obstacle avoidance
task is to obtain these variables, Δd and Δψ at each
time step t, and based on them determine a state-
action mapping process until the goal is achieved. As
stated in above section Q-learning is a self-learning approach
which learns optimal value function (1) with sufficient train-
ing using trial and error approach. Q-learning learns control
policy for what to do and how to do, to maximize the reward
value as stated in Algorithm 1. According to this algorithm,
AUV first checks its current state st (position and orientation)
in current environment, then pick up random action at. The
random action will result in next state st + 1 and, depending on
next state, the reward value rt is generated as reinforcement
signal depending on Δd, Δψ and whether target achived or
collision occored. This reward value indicates the conse-
quences or advantages of at at st.

The information st, at, st + 1 and rt are fed to Q-value
function and Q-value, Q(st,at) is updated. This process
is repeated for next state and taking random action at
that state until the destination point is reached or AUV
collide with some obstacle. If in this process, AUV find
out 4 paths namely A, B, C and D as shown in Fig. 2
then the path A is decided as optimal path at the time
of exploitation because Q-learning policy attempts to
maximize the cumulative reward value which agent re-
ceives in progressive transition of states from its present
state. But as we can see, there is no provision to avoid
or reduce collision with obstacles in this standard Q-

Fig. 2 Q-learning to find optimal path for AUV
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learning algorithm, all it can learn is from experience,
also there is no provision to deal with curse of dimen-
sionality, hence a modified Q algorithm is proposed
which can reduce the number of collision with obstacles
in learning process and can deal with curse of dimen-
sionality along with continuous state space problem.

3 Modified Q-learning

Traditionally, AUV consists 3 subsystems namely guidance
system, navigation system, and control system. Guidance
system designs an optimal path depending on vehicle dy-
namics and obstacles, control system executes the path,
and navigation system estimates the states/trajectory in
presence of noise or disturbances. Together this guidance,
navigation, and control (GNC) systems strongly require
the mathematical model of AUV which is again
parameter-dependent and may fail due to parametric uncer-
tainties, plant-model mismatch or change in the environ-
ment. Hence, to replace the GNC system, a behavior
adaptive self-learning controller is required to be designed
in such scenario which does not depend on plant’s math-
ematical model. The self-learning standard one-step Q-
learning algorithm stated in Algorithm 1 can be utilized
for this task as stated in Section 2.3 but it has a tendency
to explore all possible actions at given state which may be
dangerous in presence of obstacle, as controller may try
random action as stated in step 4 of Algorithm 1 in order
to explore and end up in colliding with obstacle many
more times, e.g., as Path C and Path D shown in
Fig. 2. This random action exploration at all time is a
drawback of present one-step Q-learning algorithm. Also,
standard Q-learning requires a large amount of storage to
save all discretized state and action space, this particular
problem is known as the curse of dimensionality. Hence,
to reduce the collision with an obstacle and to deal with
the curse of dimensionality, a modified version of Q-
learning algorithm is proposed in Section 2.3 by augment-
ing obstacle with an imaginary unsafe region around the
obstacle, force exploitation when the unsafe region is de-
tected and utilizing NN. This modified algorithm ensures
that when the obstacle is detected AUV will not perform
exploration (will not try new or random action) and force
exploitation is carried out to get out of the unsafe region
to reduce the number of collisions.

Static obstacles represent hard constraints that must
be taken into account in the development of approxi-
mately optimal path planner. To facilitate the develop-
ment of obstacle avoiding modified Q-learning control,
we assume that AUV receives full knowledge about
nearby obstacle, initial point and current state (position
and orientation) using sensor mounted on AUV, then

obstacles are augmented with an imaginary perimeter
in the received database that extends from their borders
denoting an unsafe region as illustrated in Fig. 3.

It is also possible to use auxiliary controller along
with optimal Q control for obstacle avoidance, and
switch in between auxiliary and Q control in case of
the obstacle detected but it again increases model depen-
dency. Hence, a new approach to deal with this problem
by updating next values in Q matrix for upcoming ob-
stacle and force exploitation in the process is proposed in
this paper.

Normally, exploration and exploitation is a trade-off
between deciding whether to take action which is
safe (exploit), try well-known previously updated action
which is having high rewards or dare to try new action
(explore) in order to discover new strategies with an
even higher or lower reward. But in presence of an
obstacle, trying exploration is not a good idea since a
random new action may result in collision with the ob-
stacle, hence in the modified Q-learning algorithm, force
exploitation is carried out whenever the AUV goes into
the unsafe region around an obstacle to avoid the pos-
sibility of a collision. The ε is probability which is set
between 0 and 1 to decide how much to exploit and
how much to explore as stated in Section 2.1 above.

The policy factor B̂ is random value with (1 − ε) exploi-

tation and (ε) exploration probability. When B̂ becomes
1 then pure exploitation is carried out else pure explo-
ration (process randomly choosing an action at at state
st) will be continued as,

Action at ¼ argmax
a∈AQ if B̂̂¼ 1

rand at∈Að Þ otherwise

�

Fig. 3 ith obstacle with (radius robs) is augmented with the unsafe region
(with radius rpen)
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As stated in Algorithm 2, if the AUV enters in the
unsafe region then future Q-values is updated to avoid

the collision and B̂ will be set to 1 for pure exploita-
tion irrespective of ε value. Until AUV is in the unsafe
region this process repeated to move AUV into the safe
region and avoid collision with obstacles. Proposed
modified Q-learning algorithm is stated in Algorithm 2
below,

Algorithm 2 Modified one-step Q-learning algorithm

Initialize ( , ) arbitraily

Initialize desired state 

repeat (for each episode):

Initialize ;

Initialize exploration or exploitation policy factor 

and store it as 

repeat (for each episode):

if == 1

then = max ( , ) : choose action with 

maximum ;

else = datasample(action space): randomly choose 

action;

end
Take action , and observe ;

Decide reward ( , , ) using Algorithm 3;

update ( , ) ( , )

+ [ + max ( , ) − ( , )]

if  unsafe region is detected

( , ) = maximum( ) : give minimum 

value for next step and same action to not to go closer to the 

obstacle or to avoid collision.

= 1: make pure exploitation to avoid next  

action in same direction

else
= : load saved factor for episode.

end if

until is terminal

until all episodes end.

To explain the importance of policy factor B̂ in
Algorithm 2, the procedure in this algorithm is shown
as flowchart in Fig. 4.

The reward r can be designed as a function of the
error between desired state sd and new state st + 1 for the
transition using action at, also the reward value will be
depending on the current state of AUV that whether
present action at made the transition from safe to
unssafe resion, unsafe to safe resion or collision oc-
curred. The short schematic for the same is stated in
Algorithm 3 below,

Algorith 3 Reward function for obstacle avoidance

if transition from safe region to unsafe region,

then = −10;

elseif transition from unsafe region to unsafe region,

then = −20;

elseif transition from unsafe region to safe region,

then = +10;

elseif collision with obstacle,

then = −100 and restart the exploration;

else it's transition from safe region to safe region,

then ( , ) = tanh ( | _ − |

end if

The second last step in algorithm 3 is reward func-
tion as a function of error. This algorithm ensures that if
the AUV is entered in the unsafe region, it will try not
to go closer to the obstacle avoiding the collision and
get out of the unsafe region by taking adifferent action.
If the AUV in a safe region it will try to take greedy
action towards the desired set-point.

Fig. 4 Flowchart for modified Q algorithm
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3.1 Issues with Continuous State Space and Curse
of Dimensionality

RL algorithms can be modeled as MDPs; hence, we are re-
quired to define state space S and action space A. Q-learning is
executed in order to learn the mapping from present state input
(st) to the highest value of tried action ( max(Q(st, at)). In a
navigation problem, the AUV receives the state information
from environment using its internal measurement units
(IMUs), and this state is used to decide which action is to be
taken in order to achieve desired setpoint/goal.

For AUV action space, A is defined by the span of rudder
plane [minδrmax δr] and stern plane [minδsmax δs]. Since the
maximum span is [−20 + 20] in degrees for AUV the action
space for each control plane can have m user-defined discrete
values. This will help AUV in taking other decision and
avoiding the previous decision in case if AUV is in unsafe
region near the obstacle.

It is assumed that, when sensor system detects a nearby
obstacle, the AUV will receive this information from vector
U ∈ R , as an indicator of upcoming obstacle’s position and it
is unsafe region. Therefore, a state space is augmented withU
to define two groups of features, and is expressed as,

St ¼ st
U

� �
ð2Þ

But as we discretized the states, it is not always possible to
be precise and optimal at the same time. Choosing to be more
precise will make increase the computation cost; hence, there
is a trade-off between the smoothness of the output trajectory
and computational efficiency. In such case output, will not
remain smooth. (Yoo and Kim 2016) used path smoothing to
deal with the smoothness of the output trajectory but compu-
tation cost is still high. Also, if the state space discretized
coarsely then the dimension of Q matrix increases to high
extend increasing storage space, this particular problem is
known as the curse of dimensionality. Hence, we propose to

use function approximation to deal with continuous state
problem and curse of dimensionality.

3.2 Function Approximation Using Neural Network

Traditional Q-learning can be designed directly for AUV
but on the cost of discretization of states and actions.
However, in AUV navigation task, the states are continu-
ous due to continuous motion and sensory inputs; hence,
it is required to have large memory space to store all the
state-action pair value for Q-table and learning speed may
decrease as it required to precise state space. This is typ-
ically known as the curse of dimensionality. In order to
solve this problem, function approximation using the neu-
ral network (NN) can be used, since it provides a good
generalization as a universal function approximation also
it has strong ability to deal with large-scale state spaces.

NN basically have three layers namely input layer where
input data is loaded, output layer where output data is loaded
for training or output is generated for testing, and the interme-
diate layer is known as hidden layer where different function
(e.g., Sigmoid) is used for function approximation, these hid-
den layers are connected to input and output layer via links
and these links have weights assigned. NN can be classified
into two types: feed-forward neural network (FFNN) where
the weights are fixed and not changed and back-propagation
neural network (BPNN) where weights are updated using var-
ious methods like back-propagation to train the NN.

In order to propose the NN based Q-learning, the tradition-
al Q-table is replaced by function approximation using three
layers NN as shown in Fig. 5.

The input layer of NN has 4 inputs, where 3 inputs are
AUV positions in the surge, sway, and yaw direction, and
fourth input is obstacle position. The action space is divided
into 21 discrete states for convenience and represented as m
number of Q-values at the output layer. A NN with fully
trained weights is utilized in AUV’s navigation problem. For
every state transition from st to st + 1, the inputs are passed
through input layer as shown in Fig. 5 and predicted output
is generated by NN. The weights are updated on the basis of
networks error, which is a difference between its predicted

Fig. 5 Neural network (NN) for modified Q algorithm

Table 1 Parameters for AUV

Initial poistion x = 1, y = 1, ψ = 0°

Desired set point x = 100, y = 100, ψ = 45°

State space x ∈ 0 : 110 meters,
y ∈ 0 : 110 meters,
ψ ∈ 0 : 359°

Action space [0, ±5°, ±10°, ±15°, ±20°]
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output and target value expected output. The optimal Q-value
is treated as the target for the output for the respective selected
action and the difference is backpropogated using gradient
descent method to optimize the network error.

The algorithm of NN based Q-learning can be divided
into two different processes. The first process is the train-
ing of NN and the second process is the navigation pro-
cess to use the trained policy in NN to finish a navigation
task. In the training process, current state St as shown in
(2) is providedas an input to FFNN, then FFNN generates
m possible action pair as shown in Fig. 5. Among this m
output, one output is selected as per the action selection
mechanismis shown in Fig. 4, this action is then executed
on AUV and moves it to the new state. Then, immediate
reward is given for selected action according to user-
defined goal, then the Q-value for the respective state-
action pair is updated. Now the error between predicted
and updated Q-values is fed back to the NN as a target
value and the weights of the NN are updated by using
backpropagation algorithm. The AUV is supposed to
reach the target/ destination point within the limited time
period. Present episode is terminated if it exceeds the time
limit, or if collision occurs or if the AUV reaches its
destination point. However, due to modified Q-learning
algorithm, the chances of AUV’s collision with the obsta-
cles will be reduced, avoiding wear and tear of AUV
using Algorithm 2 and 3 and flowchart in Fig. 4.

At the start of every episode, AUV detects its own
position and orientation. Then AUV tries to explore or
exploit to reach the destination depending on previously
updated Q-learning based NN output and action selection
policy, this process always followed until AUV is in the
safe region. When AUV detects unsafe region then the
next Q-value is updated to not to follow the same path

in order to avoid the obstacle and force exploitation is
carried out as shown in the flowchart in Fig. 4 and
Algorithm 2. Once AUV gets out of unsafe region then
it will again try to follow the optimal path with minimum
distance criteria and by maximizing cumulative reward.
After training the AUV, the future maneuvering task in
unknown environments can be carried out using the
resulting policy.

4 Simulation Results

REMUS AUV model mentioned in Appendix A is simulated
as a plant in MATLAB software and hydrodynamic coeffi-
cients values for simulation are taken from (Prestero 2001).
Following parameters are taken into consideration for stan-
dard and modified Q-learning algorithm as shown in
Tables 1, 2, and 3.

The first simulation is carried out as a learning process
for single obstacle avoidance where initial and final points
are same as Table 1. It has been observed that the AUV
takes the optimal straight line path without obstacle.

Table 3 Parameters for NN

Approximation function tansig

Back propagation function Gradient decent ‘traingdx’

Number of inputs 4

Number of outputs 6

Hidden layers 100

Table 4 Comparison of standard Q-learning and modified Q-learning

Number of iterations Number of collisions
using standard one-step
Q-learning algorithm

Number of collisions
using modified
Q-learning algorithm

10 5 1

100 37 4

1000 218 11

Table 2 Parameters for
Q-learning γ 0.5

ϵ 0.9

α 0.5

Iterations 1000

Fig. 6 Control signal for single obstacle avoidance
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When a single obstacle is introduced, the comparison of
the modified Q-learning algorithm with the standard one-
step Q-learning algorithm is shown in Table 2 where
AUV successfully evade unsafe region using the modified
Q-learning algorithm with minimum collision and failed
attempts as compared with the standard one-step Q-learn-
ing algorithm. Standard Q-learning has the strategy of
exploration without concerning unsafe region and has
more number collision with the obstacle, while on the
other hand modified Q-learning algorithm considers un-
safe region around the obstacle and reduces the collision
with obstacles using force exploitation process as shown
in Table 4.

The learned control signal for a single obstacle is as shown
in Fig. 6. AUV tries to get out of the unsafe region in its path

and after coming out of unsafe region the AUV attempts to
follow the optimal path as shown in Fig. 7 with minimum error.

After learning process completed, the AUV is subjected to
unknown environment and with multiple obstacles and it is
observed that AUV successfully reaches the destination point
avoiding the obstacles by taking control decisions as shown in
Fig. 8 and the obstacle avoidance is shown in Fig. 9.

5 Conclusions

Amodified Q-learning algorithm is utilized in obstacle avoid-
ance andmotion planning for set-point tracking problem using
reward function and force exploitation in unsafe areas for
AUV. The comparison of standard and modified algorithm
shows modified algorithm performs better than standard algo-
rithm since it reduces the chances of collision with obstacles.
Furthermore, approximating functions are utilized in the form
of NN to deal with the curse of dimensionality and continuous
state space problem. From the simulation results, it can be
concluded that the modified Q-learning algorithm can deal
with obstacles in AUV navigation scenario without having
any prior knowledge of the AUV dynamics and environment.
This can solve the problems arising in AUV exploration in
unknown and hostile areas where destination point can be
reached with the self-learning, optimal path and obstacle
avoidance with minimum wear and tear for AUV.
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Fig. 9 Multiple obstacle avoidance using modified Q-learning

Fig. 8 Control signal for multiple obstacle avoidance

Fig. 7 Single obstacle avoidance using modified Q-learning
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Appendix 1

The forward motion of AUV in the horizontal plane is
referred to as surge (x) (longitudinal motion), sidewise
motion is referred as sway (y) (latitudinal motion) and
angular motion about the vertical axis is referred as yaw
(ψ). The remaining three DOFs are heave (x) (vertical
motion), pitch (θ) (rotation about the transverse axis),
and roll (ϕ) (rotation about the longitudinal axis)
(Fossen 2011).

The following mathematical model for AUV is adopted as
a plant to mimic the behavior of AUV motion for given con-
trol command:

Kinematics

The 6 DOF kinematic equations for the body to north-east-down
(x-y-z in our case) transformation using Euler’s Theorems and
SNAME’s notation (Fossen 2011) for the position [x, y, z,
ϕ, θ,ψ]T and velocity [u, v,w, p, q, r]T are as follows:

x˙ ¼ cos θð Þcos ψð Þ½ �uþ cos ψð Þsin ϕð Þsin θð Þ−cos ϕð Þsin ψð Þ½ �vþ sin ϕð Þsin ψð Þ þ cos ϕð Þcos ψð Þsin θð Þ½ �w
y˙ ¼ cos θð Þsin ψð Þ½ �uþ cos ϕð Þcos ψð Þ þ sin θð Þsin ϕð Þsin ψð Þ½ �vþ cos ϕð Þsin θð Þsin ψð Þ−sin ϕð Þcos ψð Þ½ �w
z˙ ¼ − sin θð Þ½ �uþ sin ϕð Þcos θð Þ½ �vþ cos ϕð Þcos θð Þ½ �w
ϕ˙ ¼ pþ sin ϕð Þtan θð Þ½ �qþ cos ϕð Þtan θð Þ½ �r
θ˙ ¼ cos ϕð Þq−sin ϕð Þr
ψ˙ ¼ sin ϕð Þ

cos θð Þ
� �

q−
cos ϕð Þ
cos θð Þ

� �
r; θ≠90°

ðA1Þ

Dynamics

The dynamic equations of motion can be stated as follows:

m u˙ −vr þ wq−xg q2 þ r2
� �þ yg pq−r˙

� �þ zg pr þ q˙
� �h i

¼ X total

m v˙ −wpþ ur−yg r2 þ p2
� �þ zg qr þ p˙

� �þ xg qpþ r˙
� �h i

¼ Y total

m w˙ −uqþ vp−zg p2 þ q2
� �þ xg rq−q˙

� �þ yg rqþ p˙
� �h i

¼ Z total

Ixp˙ þ I z−Iy
� �

qr− r˙ þ pq
� �

I xz þ r2−p2
� �

Iyz þ pr−q˙
� �

Ixy þ m yg w˙ −uqþ vp
� �

−zg v˙ −wpþ ur
� �h i

¼ K total

Iyp˙ þ I x−I zð Þrp− p˙ þ qr
� �

Ixy þ p2−r2
� �

I zx þ qp−r˙
� �

Iyz þ m zg u˙ −vr þ wq
� �

−xg w˙ −uqþ vp
� �� 	 ¼ M total

I zr˙ þ Iy−Ix
� �

pq− q˙ þ rp
� �

Iyz þ q2−p2
� �

Ixy þ rp−p˙
� �

I zx þ m xg v˙ −wpþ ur
� �

−yg u˙ −vr þ wq
� �h i

¼ N total

ðA2Þ

Here, m is the mass of the craft, [u, v, w]Tare linear
velocities, [p, q, r]T are angular velocities, I(.) is inertia
in particular axial or cross-axial direction and (Xtotal,
Ytotal, Ztotal) and (Ktotal, Mtotal, Ntotal) are total external
forces in linear and angular directions. The first three
equations in (A1) and (A2) represents the translational
motion, while the last three equation represents the ro-
tational motion.

The external forces in rigid body equation of motion
shown in (A2) plays important role in the modeling of

an underwater vehicle. In these forces and coefficients
are explained including restoring forces, hydrodynamic
forces, truster forces and lift forces due rudder (δr) and stern
(δs) elevation. The total external force will be calculated as:

τ total ¼ Hydrostatic Forceþ Hydrodynamic Force

þ Added Mass Forceþ Body Lif t Force

þ Fin Lif t forceþ Propeller Thrust
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Therefore, the external forces in rigid body equation of
motion shown in Eq. (A2) can be calculated as

X total ¼ XHS þ X u uj ju uj j þ X u̇u
˙ þ Xwq þ X qqqqþ X vrvrþ X rrrr þ X prop

Y total ¼ YHS þ Yv vj jv vj j þ Y r rj jr rj j þ Y v̇v
˙ þ Y ṙr

˙ þ Yururþ Ywpwpþ Ypqpqþ Yuvuvþ Yuuδr u
2δr

Z total ¼ ZHS þ Zw wj jw wj j þ Zq qj j þ Zẇw
˙ þ Zq̇q

˙ þ Zuquqþ Zvpvpþ Zrprpþ Zuwuwþ Zuuδr u
2δs

K total ¼ KHS þ Kp pj jp pj j þ Kṗþ Kprop

M total ¼ MHS þMw wj jw wj j þMq qj jq qj j þMẇw
˙ þMq̇q

˙ þMuquqþMvpvpþMrprpþMuwuwþMuuδsu
2δs

N total ¼ NHS þ Nv vj jv vj j þ Nr rj jr rj j þ Nv̇v
˙ þ Nṙr

˙ þ Nurur þ Nwpwpþ Npqpqþ Nuvuvþ Nuuδr u
2δr

ðA3Þ

Hence, (A1) to (A3) represents complete 12 order 6 degree
of freedom equations ofmotion of AUVwhich can be used for
AUV simulations. The hydrodynamic coefficients, inertial
constants, and physical parameters are taken from (Prestero
2001).
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