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Abstract: Path planning is the most fundamental necessity for autonomous mobile robots. Tradi-
tionally, the path planning problem was solved using analytical methods, but these methods need
perfect localization in the environment, a fully developed map to plan the path, and cannot deal
with complex environments and emergencies. Recently, deep neural networks have been applied
to solve this complex problem. This review paper discusses path-planning methods that use neural
networks, including deep reinforcement learning, and its different types, such as model-free and
model-based, Q-value function-based, policy-based, and actor-critic-based methods. Additionally,
a dedicated section delves into the nuances and methods of robot interactions with pedestrians,
exploring these dynamics in diverse environments such as sidewalks, road crossings, and indoor
spaces, underscoring the importance of social compliance in robot navigation. In the end, the common
challenges faced by these methods and applied solutions such as reward shaping, transfer learning,
parallel simulations, etc. to optimize the solutions are discussed.

Keywords: imitation learning; deep reinforcement learning; global and local path planning;
pedestrian interaction; sidewalk navigation and road crossing; dynamic environment

1. Introduction

With the successful integration of robotic arms in manufacturing and assembling
industries [1], there is a lot of research going on in the field of mobile robotics, especially
autonomous mobile robots. Autonomous mobile robots find their use in a plethora of
activities such as cleaning, delivering [2], shopping mall assisting [3], patrolling [4], self-
driving cars, elderly home helping robots [5], surveying, search and rescue [6,7], automatic
production, mining, household services, agriculture, and other fields [8]. To carry out their
intended tasks, these robots should be able to reach their target by following a collision-free
path. Such robots need to first plan a global path using available information about the
environment and then plan a local path to the checkpoints on the global path [9], avoiding
collisions with static and dynamic obstacles using inputs from sensors such as an RGB
camera, an RGBD camera, or LIDAR.

Traditionally, the path planning problem was solved using analytical methods, but
these methods need perfect localization in the environment, a fully developed map to plan
the path, and cannot deal with complex environments and emergencies [10,11]. With the
popularity of deep neural networks and the increased capabilities of computing hardware,
strategies such as deep learning, imitation learning, and deep reinforcement learning for
mobile robot path planning gained popularity. Imitation learning uses a deep neural net-
work to learn the relationship between the surrounding environment data and actions taken
by an expert driver [12]. Deep reinforcement learning (DRL) utilizes the decision-making
capability of reinforcement learning and the feature identification ability of neural networks
and applies it to the path-planning problem [13]. The DRL algorithm has been widely
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used in video prediction, target location, text generation, robotics, machine translation,
control optimization, automatic driving, text games, and many other fields [14]. A concise
overview of prominent path-planning methods is shown in Figure 1.
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Figure 1. Overview of path planning methods.

In the next section, popular input sensors for the environment and obstacle detection
and their effects on the learning strategy are discussed. Section 3 discuss the use of deep
neural networks for path planning including reinforcement learning methods. Section 4
discusses ways to deploy mobile robots in environments where they need to behave in a
socially compliant manner. In Section 5, the usual problems and their solutions, along with
available popular resources that aid the solution, are discussed, followed by the conclusion.

2. Obstacle Detection and Its Role in Path Planning

A robot’s capacity to effectively navigate its environment is predicated on the quality
and accuracy of its sensory input. For mobile robots, understanding their surroundings
is pivotal, primarily facilitated by sensors such as cameras, LIDAR, IMUs, and GPS. By
understanding and recognizing obstacles, robots can generate efficient and safe paths,
avoiding potential collisions and ensuring successful navigation. The choice and quality of
obstacle detection methods directly impact the robot’s navigation capabilities. This section
delves into two primary sensing modalities, vision sensors and LiDAR, highlighting their
implications for path planning.

2.1. Vision Sensor

Vision sensors such as RGB and RGB-D cameras capture visual data from the envi-
ronment [15]. Traditional RGB cameras, lacking depth data, present challenges for direct
distance calculations of obstacles. Deep learning approaches, particularly CNNs, have been
leveraged to derive spatial information from such images. By integrating a DRL framework
with CNNs, robots can make end-to-end planning decisions using raw image data. How-
ever, a caveat exists: models trained in simulations often exhibit a performance drop in
real-world settings due to visual discrepancies between virtual and real environments [16].

Depth cameras, on the other hand, offer depth data for each pixel, granting robots
a more explicit understanding of obstacle distances. Such information is invaluable for
path planning as it provides crucial distance metrics that enhance navigation algorithms
and boost safety during movement. However, depth cameras can introduce noise, which
might lead to uncertain robot behavior [17]. Despite this, the richness of data, which
includes contours and pose variations, offers depth and detail that can significantly aid in
obstacle-aware path planning [18].

2.2. LiDAR

LiDAR emits pulse-modulated light and detects the reflected light to calculate the
distance of the obstacles in different directions [15]. Mobile robots utilize both 2D and 3D
LiDARs to map their surroundings. Most LiDARs provide full 360-degree perception to the
robot, unlike a camera, where the field of view is limited. Although the data from LiDARs
are accurate and cover a huge field of view, the readings are sparse, and the problem
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increases with the distance. The LiDAR data can be sent to the network in the form of an
array, making it easier to process. Compared with visual navigation tasks, local LIDAR
information, which can be transplanted into more complex environments without retraining
the network parameters, has wider applications and better generalization performance. But
while point cloud data is used as the spatial coordinate information of the surface of the
object, there is no information about the category to which the object belongs. This leads to
difficulties in automatic recognition and feature extraction [15]. The major drawback of
LiDAR is its cost, but multiple solid-state LIDARs [19], because they have a narrow field of
view, can be used, which is cheaper. In [17], fused sensor input from both Intel Realsense
D435 and Hokuyo UST-20LX LiDAR is used to obtain the best of both worlds. The 3D point
cloud is filtered according to the height (z-axis) of the robot, starting from the ground, and
transformed into a 2D laser scan using a ROS node, which is combined with the LiDAR
data. But if the obstacle is like a pedestal fan or some furniture, the laser might only see the
poles due to its z-axis limitation.

3. Path Planning Methods
3.1. Deep Learning

Deep learning is a machine learning technique that uses an artificial neural network
with at least one hidden layer [20]. A deep neural network can learn pattern recognition,
function approximation, and classification by updating the weights and biases of the
network using training data [21]. It has achieved remarkable success in the fields of image
analysis [22], face recognition [23], speech recognition [24], progressive diagnostics [25],
natural language processing [26], and pattern recognition [27]. Deep learning is so versatile
that it is being used to solve the problem of path planning in different ways. Any algorithm
that uses an image as input uses CNN, and neural networks are used in imitation learning
and to solve the Q-value equation when the state action space is complex and cannot be
stored in a table in reinforcement learning.

In [28], GoogLeNet is trained on the CIFAR10 dataset to classify obstacles as static (fur-
niture) or dynamic (pets) and take corresponding action to avoid the obstacle. Ray-tracing
is used to avoid static obstacles, the waiting rule is used to avoid dynamic obstacles, while
RRT is used for global path planning. In [29], authors used CNN to find the checkpoints
in a drone racing course where the drone navigates the race course autonomously using
a monocular camera. In [5], the authors compared Elman-type RNN with multi-level
perceptron in robot navigation problems. The model took 7-dimensional laser data and
the relative position of the target as input and outputted the wheel motion commands.
Seventeen maze environments were used to train and test the networks. Overall, RNNs
performed better than MLPs in new environments. In [30], the images of the road are
collected for CNN training from three cameras installed facing left, center, and right on
a car. Then the comprehensive features are abstracted directly from the original images
through CNN. Finally, according to the results of the classification, the moving direction of
robots is exported. The model was trained and tested on a soil path as well, performing at
an accuracy of 98% after 1000 iterations. In [29], the authors used the single-shot detector,
a CNN, to detect the square checkpoint gates in a drone racing circuit. They trained an
ARDnet that, using the Caffe library, extracted the center point of checkpoints and executed
the guidance algorithm to make the UAV follow this center point. The guidance algorithm
generated forward, left/right, and heading velocity commands, which were sent to the
flight control computer (FCC). The drone was able to pass through 10 checkpoints out of 25
and needed parameter tuning for different environments.

3.2. Imitation Learning

Imitation learning methods learn policies directly from experts, whose demonstrations
are provided in the form of labeled data for a neural network. The main approaches to
imitation learning can be categorized into behavior cloning (BC) and inverse reinforcement
learning (IRL) [31]. Behavior cloning tackles this problem in a supervised manner by
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directly learning the mapping from the input states recorded by a camera or LiDAR to
the corresponding action. It is simple and works well with large amounts of training data,
but suffers from compound error due to temporal correlation ignorance. Thus, it tends to
over-fit and is difficult to generalize to unseen scenarios that deviate much from the training
dataset and can lead to problems shown in Figure 2. Inverse reinforcement learning aims
to extract the reward or cost function under optimal expert demonstrations. It imitates by
taking the underlying MDP into account and learning from entire trajectories instead of
single frames [32].

---- Expert driver path
---- Agent path

O Agent

Figure 2. Imitation learning (data collected from expert driver path has no instance where the agent
is about to collide, thus agent cannot recover once it is on its path to collision).

In [33], a small quadcopter with a monocular camera is made to learn a controller
strategy with the help of CNN using an expert pilot’s choice of action in searching for a
target object. The authors collected and made available a dataset of seven indoor environ-
ments that were used for training. The method was tested in five different settings, and
the drone was able to reach the target 75% of the time. In [34], authors developed online
three-dimensional path planning (OTDPP) using imitation learning with actions labeled by
the Dijkstra algorithm. The 3D obstacle map is decomposed into slices in each dimension;
path planning is performed in those planes, and the solution is merged to get the final
action. The network learns both the reward function and transition probabilities to find
the value function. Line-of-sight checks were also implemented to find the shortest path
to the goal. The network was tested against A* and RRT algorithms and was found to
perform better than both. In [35], researchers used a CNN to extract useful features that are
connected to a fully connected decision network that learns to directly co-relate the raw
input depth image with control commands while a human operator is driving the robot.
In [36], the authors use an improved ant colony algorithm that avoids obstacles that are far
away and modified artificial potential fields for closer obstacles to train a gated recurrent
unit-recurrent neural network. Although the robot and world kinematic model had to be
established, the trained network provided smooth robot motion and was faster compared to
the teacher network. In [37], RNNs called OracelNet using LSTM are used to plan a global
path that is trained using RRT, A*, and fast global bug algorithms. The network performs
faster than the methods from which it was trained, but the network needs to be trained for
new environments. In [38], authors use artificial potential fields and a fuzzy inferencing
system to generate datasets that are used to train a neural network. In an open area, the
attraction force from the target pulls the agent, while in a dangerous area, the repulsion
force from the obstacle and the direction of the obstacle are considered to determine the
movement direction using fuzzy logic. The trained neural network was compared with
the dynamic window algorithm and ant colony optimization in a real dynamic indoor
environment, and the neural network performed better. In [39], the authors used CNN,
which learns path planning and collision avoidance for a NAO robot from a global rolling
prediction algorithm. The results are compared with those retrieved from the support
vector machine method and particle swarm optimization method in a 2D grid world with
dynamic obstacles. In [40], authors collected 8 h of 30 fps video data using three GoPro
cameras attached to a hiker’s head in different directions. These data were used to train
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a deep neural network to find which direction the drone needs to go just by looking at
the image.

3.3. Reinforcement Learning

In reinforcement learning [41], an agent learns from interaction and reward signals
from its environment, as shown in Figure 3, unlike supervised learning, which learns
from labeled data, or unsupervised learning, which analyzes and clusters unlabeled data.
In reinforcement learning, the agent takes random actions and iteratively tries to learn
the optimal action for which the environment gives the maximum reward. As the effect
of some actions may unfold either in the near future or later on, a return is considered
instead of a reward. Return ‘R’ is defined as the sum of discounted future rewards over the
entire episode.

R = ZtT:o Yr(st, ar) 1)

where 7 is the discount factor and 7 (s, a¢) is the reward when 4; action is taken in s; state.

47

Action

~

Reward,
Next State

RL algorithm

\ J

Figure 3. Reinforcement learning—RL algorithm updates the policy which takes action, the environ-
ment returns a next state and reward for every action. The reward and next state are used by RL
algorithm to update the policy to select better actions.

Depending on the return that an agent can get from a state by taking an action,
every state has a state value V(s) and every action in a state has an action value Q(s, a)
corresponding to it, which is described by the Bellman equation [42] as:

V(s) =E[R|sg = s] or V(s) = E[r(s) + YV (Snext)] )

where E is the expectation and the value of a state is the expected return of that state
while following a policy from that state. Here r(s) is the sum of all the rewards that can be
received in that state.

Q(s,a) = E[R|sg = s,a9 = a] or Q(s,a) = E[r(s,a) + vQ(Snext, Anext)] 3)

State action value or Q-value is the expected return of taking an action 4y in a state s
and then following the policy for the entire episode. Thus, the relationship between state
value and Q-value is given by:

V(s) = ZaeA m(a|s)Q(s, a) 4)

where 77 is a policy that takes action a in state s. In a problem where all the states and
actions are already known and are limited, a Q-table can be formed. Such a problem is also
called the Markov decision problem (MDP). The agent takes some action, and depending
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on the return received from the environment, the Q-value is updated in the Q-table. The
Q-value is updated according to the following equation:

Q'(st,ar) = Q(st, ar) + a([re + yQmax(si1,a141)] — [Q(st, ar)]) ®)

where Q' is the updated Q value, and « is the learning rate. In [6], the authors develop
a search and rescue robot that has the capability of deciding if the robot should perform
the exploration and victim identification task autonomously or forward the controls to a
human operator using only reinforcement learning. The robot uses a 3D mapping sensor
and SLAM to make a 3D map of the surroundings and a 2D obstacle map and uses the
MaxQ algorithm, which rewards the robot for exploring unvisited regions. In the event
that the robot gives control to the human operator, the robot continues to learn from the
operator’s commands to perform better later.

Model-Based vs. Model-Free RL

Reinforcement learning can be either model-based or model-free. A model-based
algorithm needs to learn (or be provided with) all the transition probabilities as shown
in Figure 4, which describe the probability of the agent transitioning from one state to
another and can be solved by dynamic programming techniques [43]. Standard model-
based algorithms alternate between gathering samples using model predictive control
and storing transitions (s¢; a¢; s;+1) into a dataset {D}, and updating the transition model
parameter to maximize the likelihood of the transitions stored in {D} [44]. Agents learning
from models learn the policy quickly as the next state is already known and the future
reward can easily be predicted, but on the downside, learning the model is difficult when
state space is complex.

Environment
Model

rtl St#l
Environment Agent
at

update
)
I't) St+1 -
‘ Environment Agent ]
> at .
(a) Model-based RL (b) Model-free RL

Figure 4. Model-based vs model-free RL. (a) The RL algorithm also learns model dynamics along
with agent policy network parameters to help agent predict better actions. (b) The RL algorithm only
learns agent policy network parameters to take actions.

In [45], the authors used model-based reinforcement learning, where the navigation
policy is trained with both real-world interactions in a decentralized policy-sharing multi-
agent scenario and virtual data from a deep transition model. The transition model is
trained in a self-supervised way that predicts future observations and produces simulated
data for policy training. In [44], the authors combine model-based reinforcement learn-
ing with model-free reinforcement learning using generalized computational graphs and
recurrent neural networks. The agent, the RC car in this case, learns directly by training
in the real environment using a monocular camera in a few hours and performs better
than 1 step and N step double Q-learning. The model-based part predicts the next state
from the current state and action and modifies the model to reduce the collision probabil-
ity of the next state by using a cross-entropy loss optimizer. Model horizon controls the
amount of model-less and model-based factor, which was fixed to 3.6 m lookahead for the
model-based part. The car was able to travel a mean distance of 52.4 m, compared to 7.2 m
by DQN.
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While model-free techniques are sample inefficient and lead to slow convergence,
their performance is regarded as state-of-the-art. In the following sections, model-free
reinforcement learning methods will be discussed.

3.4. Deep Reinforcement Learning

To solve the problem of the curse of dimensionality in high-dimensional state space,
the optimal action-value function Q in Q-learning can be parameterized by an approxi-
mate value function and turn the update problem of the Q table into a function fitting
problem [46], where Q-values are Q (s, a; 0) = Q(s, a) where 6 is the Q-network parameter.

In 2013, Google DeepMind proposed the first deep Q-network (DQN), which combined
a convolutional neural network with a Q-learning algorithm in reinforcement learning, and
applied it to a few Atari games [47]. In March 2016, the DeepMind team developed the Go
game system AlphaGo and defeated the world Go champion Lee Sedol with a record of
4:1 [44]. In January 2017, AlphaGo’s upgraded master won a 3-0 match against Ke Jie, the
world’s top Go master. AlphaGo zero [48,49] has defeated all previous AlphaGo versions
by self-play without using any human training. An agent can also be trained to play an
FPS game, receiving only pixels and the game score as inputs [50].

DRL has been popularly used to solve the problems of autonomous path planning
and collision avoidance. Generally, a neural network is trained by an agent interacting
in a virtual environment guided by a reward function. The neural network takes image
or LiDAR data and relative target position as input and outputs a movement, in turn
receiving a reward. The goal of the neural network is to find a policy that chooses the best
possible action and maximizes reward. This can be done either by improving the Q-value
or policy directly. A conventional algorithm is preferred for global motion planning in a
static environment, and then a deep reinforcement learning algorithm is used for dynamic
obstacle avoidance [51].

3.4.1. Value-Based Methods

Model-free RL can further be classified into value, policy, and actor-critic-based meth-
ods. The value-based DRL algorithm uses deep neural networks (DNN) to approximate
the value function and uses temporal difference (temporal difference, TD) learning or
Q-learning to update the value function or action value function, respectively, to motivate
robots and other agents to obtain optimal path planning [14].

DON

After Google’s DeepMind proposed DON in 2013, in 2015, Mnih et al. improved
upon the algorithm and used it to play 49 Atari games without the need of changing any
parameters for different games and performing close to a human player while taking only
pixels and scores as input [52]. In 2016, the authors in [53] first used the developed DON to
solve the mobile robot path planning problem, using only a depth camera.

The Q-learning algorithm continuously optimizes the strategy through the information
perceived by the robot in the environment to achieve optimal performance. It is one of the
most effective and basic reinforcement learning algorithms, which uses a greedy strategy
to select actions and can guarantee the convergence of the algorithm without knowing the
model [51].

As shown in Figure 5, interaction data tuple {s, a, 1, s’} is collected from the environment
and stored in a replay memory by a policy, which is selected at random to update the
network parameters. This is carried out to reduce data correlation and reduce over-fitting.
In DQN, an €-greedy policy is used to select actions. Two copies of the network are
maintained, namely, a prediction network and a target network. The prediction network
uses the current state and action to predict the Q-value, with network parameter 6, while
the target network, with network parameter €', uses the next state of the same tuple and
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predicts the best Q-value for that state, called target Q-value. The Q-value is updated using
the following equation:

Q' (st,at,0) = Q(st, ar,0) + a([re + yQmax (sp41,a111,0") | — [Q(st, a1, 0)]) (6)

where « is a hyper-parameter called the learning rate. The parameters in the prediction
network are continuously updated, but the parameters of the target network are copied
from the prediction network after every N iteration. The mean squared error loss function
is used with gradient descent to find optimal values. The loss function is given as:

L= %Z([Tt + rmeax(sH_l,atH,Q’ﬂ - [Q(Stf“ffe)])z @)

Qi1 Q: update

[ Target Network ]‘update{ Prediction J<—

A 5
St+1, At+1
< Q-value
Agent (€-greedy policy) St, at
9 St
‘ Environment ‘ St+1

at

at I,St+1 St
[ Replay Buffer <st,as, I, St+1> ]

Figure 5. DON algorithm flow diagram—(agent, based on Q-value from prediction network, takes
an action, then environment gives reward and next state, which are stored in replay buffer. Prediction
network predicts a Q-value for state and action from replay buffer, target network predicts next
Q-value for next state (from replay buffer) and next action (given by agent). Q-value and next Q-value
are used to calculate loss and update prediction network. Prediction network parameters are copied
to target network every few episodes).

The value of the loss function is reduced w.r.t. prediction network parameters. This can
be carried out using either SGD, which is an online algorithm that updates the parameters
after processing each training example rather than waiting for all the examples to be
processed before updating the parameters, which makes SGD efficient for large-scale
problems but can also make the optimization process noisy and slow to converge, or Adam
(adaptive moment estimation), which is another optimization algorithm that is based on
SGD and can be used to minimize an objective function. Adam uses an adaptive learning
rate that adjusts the step size at each iteration based on the first and second moments of
the gradient. The process of using the current estimate of the value function to update the
value function is also called bootstrapping.
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Q' (st,a1,0) =

The off-policy algorithms learn a value function independently from the agent’s
decisions. This means that the behavior policy and the target policy can be different. The
first one is the policy used by the agent to explore the environment and collect data, while
the second one is the policy the agent is trying to learn and improve. This means that
the agent can explore the environment completely randomly using some behavior policy,
and that data can be used to train a target policy that can get a very high return. On the
other hand, if we use an on-policy algorithm, the behavior and target policies must be the
same. These algorithms learn from the data that was collected by the same policy that we
are trying to learn. In the case of DQN, €-greedy policy is used to select an action, and
the value of € is changed over the course of training such that the robot explores in the
beginning and exploits rewarding actions later, making it an off-policy method.

In [54], the authors use DON to train an agent to collect apples and avoid lemons in
a simulation environment on the DeepMind lab platform. They use an 80 x 80 greyscale
camera image as input to the network. The reward function is very simple, giving a positive
reward for apples and a negative reward for lemons. The results show that the agent is
not able to get a perfect reward even with static obstacles. In [4], authors improved DQN
and reward functions to train a patrolling robot to move in a circular path while avoiding
obstacles. In [55], authors developed an autonomous drone to intercept other autonomous
drones using DON. The model was not tested on a real drone, and only a 2D grid world
was considered for the simulations.

DDQN

There are still two problems in the process of robot motion planning based on the
DON reinforcement learning algorithm: One is that the Q-value is easy to highly estimate,
and the other is that the sample correlation is still high. To solve these two problems, Van
et al. [56] used a double DQN algorithm based on the double neural network. One network
selects the optimal action, and the other network estimates the value function, which can
better solve the problem.

The target value term of DQN can also be written as:

re + yQmax (spi1,a1401,0") = re +7Q (StH,argmaqu(stH, a,q; 9’), 9’) 8)

Here, the action selection and Q-value calculation are both found using the target
network. In double DQN, the action selection is performed by prediction network, while
the Q-value calculation by target network is shown in Equation (9). It was found that
by using DDQN instead of DQN, the problem of overestimation was solved without any
additional computation cost.

Q(st,a1,0) + a([re + vQ(ser1, argmax, Q(se11,ar11;6),6") | — [Q(st, a1, 0)]) )

This solution was first applied to mobile robot path planning by [46]. The authors
find an accessible point nearest to the global path at the edge of the observation window
on the LiDAR view and define it as a local target. Then they use DDON to find the
path using a reward function that punishes every step. Schaul [57] proposed a DDQN
network based on priority sampling based on DDQN. Priority sampling was used to
replace uniform sampling to accelerate the convergence speed of the algorithm [14].
In [10], the authors compared DDQN with DQN and DDQN with prioritized experience
replay (PER). Q-values were higher for DQN compared to DDQN, but that was due to
over-estimation and the values dropped later in training. Also, the rewards for DDQN
with PER converged faster but achieved a lower value at the end. In [58], the path
planning task is divided into an avoidance module, a navigation module, and an action
scheduler. The local obstacle avoidance is processed by a two-stream Q-network for
spatial and temporal information, both of which use DDQN with experience replay,
allowing the network to learn from features instead of raw information. The navigation
module has an online and an offline part, where the offline part is trained in a blank
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environment using a Q-learning algorithm with only one hidden layer. The avoidance
module and the offline navigation module are separately trained and then used to
train the online part of the navigation module. The action scheduler initially uses the
avoidance module and offline navigation policy to collect state action reward tuples for
experience replay, which is used to train the online navigation policy.

D3QN

The dueling DON algorithm decomposes the Q-value into state-value and advantage-
value, which improves the learning efficiency of the network [51]. Advantage value
shows how advantageous selecting an action is relative to the others in the given state,
and it is unnecessary to know the value of each action at every timestep. It shows the
difference between current action and average performance. The integration of the dueling
architecture with certain algorithmic enhancements results in significant advancements
over traditional deep RL methods within the demanding Atari domain [59]. In [59], the
authors give an example of the Atari game Enduro, where it is not necessary to know
which action to take until collision is imminent. By explicitly separating two estimators,
the dueling architecture can learn which states are (or are not) valuable without having to
learn the effect of each action on each state:

A(s,a) = Q(s,a) = V(s) (10)

where A(s,a) is the advantage of taking action a in state s. First, split the network into
two separate streams, one for estimating the state value and the other for estimating
state-dependent action advantages. After the two streams, the aggregating module of the
network combines the state-value and advantage outputs. There are three ways to do this:
simple add, subtract max, and subtract mean, where subtracting the mean was found to
give the most stable results and is shown below [60].

Q(s,a;0,0,B) = V(s;6,B) + A(s,a;0,a) — |11M2a’eA A(s,a’;0,a) (11)

where 6 denotes the parameters of the convolutional layers, while « and 3 are the pa-
rameters of the two streams of fully connected layers [59]. In [61], the authors used the
D3QN network to train a TurtleBot to avoid obstacles. They also predicted depth images
from RGB images using fully convolutional residual networks and made a 2D map of
the environment using FastSLAM. In [16], authors use only RGB cameras for input as
small UAVs are incapable of handling LiDAR or depth cameras and many drones come
pre-equipped with a monocular camera. They use a fully convolutional residual network to
get depth images from RGB images by using a Kinect camera for training the network. Also,
as the depth image output from FCRN is not accurate, the depth images used in training
the obstacle avoidance network are corrupted by adding noise and blur. The depth images
are the input to the D3Q network, which outputs linear and angular velocity. The reward
function is designed such that the robot moves as fast as possible and is penalized for
rotating at the same spot. The episode ends after 500 steps, or a collision with punishment.
The model is trained on a simple environment first and then on a complex one. The robot
was tested in a static environment without any collisions and was trained at twice the speed
compared to DQN. In [62], the authors modified D3QN by adding reward shaping and
integrating n-step bootstrapping. The reward function includes a potential-based reward
value, which gives more reward if the agent gets closer to the goal and orients itself towards
the goal. And instead of one-step TD, which only samples one transition with a reward
at a time, n-step TD samples “n” consecutive transitions and obtains more information
compared to one-step TD. The success rates increased by 174%, 65%, and 61% over D3QN
in three testing environments.
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3.4.2. Policy-Based

Although the value-based reinforcement learning motion planning method has the
advantage of simplicity, it also has some disadvantages: Value-based RL is an indirect
method to get the optimal strategy. According to the value function, the action with the
best value is selected by the greedy policy. Facing the same state every time, the selected
action is the same. DQN is also not suitable for scenes with continuous control or large
action space because the output action value of DQN is discrete and finite. Value-based RL
optimizes iteratively through value function and strategy, which has the disadvantage of
low computational efficiency [14,51].

Rather than learning a value function, the policy gradient directly attempts to optimize
the policy function 7. Policy-based methods do not have a target network, and action
probabilities are updated depending on the return received by taking that action.

ni(als,8) = P{Ar=4a,5: =s,0; =0} (12)

To find the best policy, the gradient of evaluation function | (shown below) w.r.t. 6 is
calculated [41]:

J() =), 7(als,0)Q" (s, ) (13)

Vel (6) =}, Vor(als,0)Q(s,a) (14)

Vol (6) = L, wlals, ) o) (5,0 (15)
Vo] (0) =), m(als,0)Vologr(als,8)Q" (s, a) (16)
Vo] (0) = Ex[Vologr(als,0)Q" (s,a)] (17)

Policy-based methods have many drawbacks, as they are sensitive to the initial-
ization of policy parameters, are sample inefficient, can get stuck in local minima, and
have a high variance in their performance. To solve these problems, a critic network is
introduced to keep a check on the actions taken by the policy, which is referred to as the
actor-critic method.

3.4.3. Actor-Critic

The motion planning method based on actor-critic (AC) combines policy gradient
and value function, which includes two parts: Actor and critic. Among them, actor is
the policy function equivalent to the policy gradient, which is responsible for generating
actions and interacting with the environment. Critic uses a value function similar to DON
to calculate the value of each step and get the value function. Then, the value function is
used to evaluate the performance of the actor and guide the action of the actor in the next
stage [51].

DDPG

Deep deterministic policy gradient (DDPG) [63] is based on the advantages of strategy
gradient, single-step update, experience replay that reduces the variance, target network
for reference, and noise injection to encourage exploration and prevent the policy from
getting stuck in local minima. The actor uses a policy gradient to learn strategies and
select robot actions in the given environment. In contrast, the critic evaluates the actor’s
actions using the Q-value, which is similar to DON. A difference is that the target network
in DQN takes the parameters of the prediction network after N steps, but in DDPG, the
target network parameters ¢’ gets updated as (1 — 1)@’ + T, where T is a small gain.
DDPG is an off-policy method and thus requires experience replay, making it more sample
efficient. Because the action space is continuous, the function Q(s, a) is presumed to be
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differentiable with respect to the actor network parameter. So, instead of running an
expensive optimization subroutine each time we wish to compute max,Q(s, a), we can
approximate it with max,Q(s,n(s)). The policy gradient can be obtained by multiplying two
partial derivatives. One is the derivative of the Q-value obtained from the critic network
w.r.t. the output action by the actor network and the other is action w.r.t. the parameters of
the actor network, as shown in the equation below.

Ve Q(s,al09) = V,Q(s,a|02).Vgrt(s|67) (18)

The critic network uses the mean squared error loss function to update the network
parameters, similar to value-based approaches. The algorithm flow diagram is shown in
Figure 6.
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Figure 6. DDPG algorithm flow diagram—(online actor takes step in the environment, and (state,

action, reward, next state) tuple is stored in replay buffer. Online critic predicts Q-value from state
and action stored in replay buffer while target critic predicts next Q-value from next state (from
replay buffer) and next action (from target actor). Q-value and next Q-value are used to calculate loss
and update online critic. Online critic network parameters are used to update target critic network
every few episodes. Network parameters of online actor are updated using policy gradient calculated
using online critic. Online actor network parameters are used to update target actor network every
few episodes).

In [37], the authors used a multi-agent DDPG algorithm to develop simultaneous
target assignment and path planning for collaborative control of UAVs. In this case, the
critic network acquires information from other agents too, while the actor network obtains
observation information from one agent. The network is trained in a 2D environment with
threat areas and other agents. The network becomes stable after 150,000 training episodes.
In [64], instead of random exploration, the proportional controller is used to drive the agent
in a straight line toward the goal, which accelerates the training of the DDPG algorithm
for local path planning. The critic network, which is a D3QN, decides if the Q-value of the
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action network is better than the controller-suggested action and takes appropriate action.
The network is trained in three environments, ranging from empty to dense, to implement
transfer learning. In [65], authors improved upon DDPG by using a RAdam optimizer,
which performs better than the adaptive learning rate optimization method, SGD, and
Adam optimization, and combined it with the curiosity algorithm to improve the success
rate and convergence speed. Priority experience replay, which means experiences with
high rewards have a high probability of getting selected for training, and transfer learning
were also used to improve the results. Compared with the original DDPG algorithm, the
convergence speed is increased by 21% (15 h to 11 h), and the success rate is increased to
90% from 50%.

In [11], the authors used asynchronous DDPG to plan the local path. The network
takes only 10-dimensional laser data to detect the surroundings and relative target
position as input and outputs continuous linear and angular velocity commands. Using
sparse laser readings allows the network to perform better in a real environment after
getting trained in a virtual environment. The sample collection process is being taken
care of by a separate thread, thus giving it an asynchronous name. It was observed that
DDPG collected one sample every back propagation iteration, while the parallel ADDPG
collected almost four times more. The network was compared with the move-base
planner in ROS and its reduced 10-dimensional input version. It was found that the
10D reduced move-base planner needed human intervention to complete the task, while
the ADDPG and move-base planner completed the task and performed similarly, but
both versions of the move-base planner needed a pre-built obstacle map to plan the path.
The authors predict that if the network had utilized LSTM and RNN, it would have
performed even better. In [66], the authors used DDPG with convolutional layers as the
input, which is sequential depth images, to recall the obstacles in the periphery of the
robot because cameras have less field of view. The network was compared with ADDPG
using sparse laser data and the Erle-Rover obstacle avoidance ROS package. Although
the path length for ADDPG was the shortest, as it used only laser sensor data, which can
only see in one horizontal plane and could only see the pole of a fan or a chair, human
intervention was required to navigate around such obstacles. CDDPG was also tested
with dynamic obstacles, and it performed satisfactorily.

To further improve upon the overestimation problem in DDPG, twin delayed DDPG
uses two target critic networks, and the smaller of those two is used for loss function
calculation. The second target network is updated with a delay of a few steps after the
update of the first target network.

In [67], the authors combined twin delayed DDPG (TD3) with a probabilistic roadmap
algorithm and trained it first in a 2D environment, then in simple 3D, and later in a complex
3D environment. The network was compared against A* + DWA, A* + TEB, and TD3
and was observed to perform better than all three. TD3 was also compared against PPO,
DDPG, and SAC and was found to perform best among them. The policy function is
updated at half the frequency of the Q function update. In [45], the authors used the TD3
method to learn path planning, which learned from both real-world interactions in the
decentralized policy-sharing multi-agent scenario and virtual data from a deep transition
model. The LiDAR data are used to make a local map that helps to differentiate between
stationary and moving obstacles and predict the future position of the dynamic obstacles, as
shown in Figure 7. The network was compared against the FDMCA and MNDS navigation
approaches and was found to perform better than both. A summary of the forementioned
papers is provided in Table 1.
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(a) Detection (b) Prediction

Figure 7. Disentangled ego map [45] (figures show LiDAR scans with both dynamic and static
obstacles. (a) part shows current position of obstacle in white color and previous positions in
grey color, (b) part shows expectation of future position of obstacles predicted from the network
using previous position data. Dark grey is the previous position data, light grey and white part is
the prediction).

Table 1. Summary of the DDPG method.

Ref. Network Input Network Output Training Reward Function Optimization Testing Remarks
Collision penalty, .
Trains faster,
[64] Last 3 laser scans, Not mentioned Stage, C(}glgilgzeizaggél Proportional Real environment less sensitive to
Target position Gazebo lative dis controller assist with static obstacles network structure,
arget p re atlr\ée ai%tance better than DDPG
W
Collision penalty, Curiosity module, Convergence
Goal reward, RAdam optimizer, . speed + 21%,
[65] 20D laser data llAngularl ar{d Gazebo change in goal priority d S:;?Egg; ;gc‘les success rate
inear velocity relative distance experience, Yy increased to
reward transfer learning 90% from 50%
Collision penalty,
10D laser data goal reward . s
T Angular and . ! Asynchronous Real environment Mapless navigation
[11] target position, linear velocity V-Rep rgﬁi?\:geeé?stgaorile training with static obstacles capability
reward
Last 10 depth Collision penalty, Real environment Successful
[66] lAnguI?rl an.? Gazebo goal reward, with dynamic navigation with
target position mear veloaty turning penalty obstacles dynamic obstacles
Collision penalty,
10D laser data, goal reward, . Performs
. ; . change in goa ransfer learnin - comparable to
6 nearvelocky  Gasebo gongoal | Transferleaming g, IROON bl
target position relative distance traditional methods
reward
Collision penalty,
goal reward,
Last 10 laser Angular and chaljge m goal Disentangle ego Real environment Performs better than
[45] i & loci Gazebo relative distance motion, with dynamic FDMCA and MNDS
target position near veloclty closertiv;gg,c and Conv. LSTM layer obstacles [45]
dynamic obstacles
penalty
A3C

Asynchronous advantage actor critic (A3C) [68] is an extension of the standard actor-
critic algorithm that uses multiple parallel actor-learner threads to learn the policy and
value functions concurrently, as shown in Figure 8. It can learn from a larger number of
parallel experience streams, which allows the algorithm to learn more quickly. A3C also
uses an advantage function, like D3QN, to scale the policy gradient, which can help stabilize
the learning process and improve the convergence rate. A3C is an on-policy method, which
means it does not require an experience replay buffer. It is more resilient to hyperparameter
tuning than DDPG, as DDPG can be sensitive to the choice of hyperparameters such as the
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learning rate and the discount factor. A3C is limited to environments with discrete action
spaces, while DDPG can handle continuous action spaces.

Global
network
update — tx/t;date update update
update update update update
Agent 1 Agent 2 Agent 3 Agent 4

\ 4 Y
[ Environment 1 ] [ Environment 2 ] [ Environment 3 ] Environment 4

Figure 8. Asynchronous agent learning (multiple instances of the agent interact with their respective

environments and update the global network, which is copied to individual networks after N steps).
In A3C the strategy parameter is updated as
0 =0+ aVglogrmg(ar|se) A(se, ar) + BVgH (7t (st 0) (19)

where H is the entropy, «, and B are network parameters.

In [69], the authors constructed a depth image from an RGB camera image and trained
the network to predict if the current location has been visited before using SLAM loop
closure. Input to the A3C network includes the RGB image, velocity, previously selected
action, and reward. Instead of using depth as the input, they presented it as an additional
loss and found it to be more valuable to the learning process.

In [7], the authors developed a search and rescue robot that can reach a target while
navigating through rough terrain. The ROS Octomap package is used to generate elevation
maps from depth images. The approach is robust to a new environment, and the success
rate was about 85% for a 90% traversable map and 75% for an 80% traversable map. In [70],
the agent is randomly spawned in a maze with a map. The agent has to first find where
it is on the map and then reach the goal using the map. Different modules are used to do
different tasks. A visible local map network makes a local map. A recurrent localization
cell is used to find the location probability distribution on a given map based on a local
map by making an egocentric local map and comparing it to the given map to find the
current position. The map interpretation network finds rewarding locations in the original
map, tries to localize them, and finds a way to the target while learning about the walls,
target position, and other rewarding positions on the map. The authors use A3C learning
to train reactive agents and localization modules. They also make use of a prioritized
replay buffer to train off-policy, which is unconventional for A3C. The agent was capable
of finding the target in random mazes roughly three times the size of the largest maze
during training. In [71], the authors use the Siamese actor-critic method for an agent to
reach the target by just taking the target view image in a virtual environment without
the need for 3D reconstruction of the environment. Multiple instances of the agent are
trained in parallel with different targets. The model was compared against and performed
better than a regular A3C network with 4 parallel threads and also with a variation of
the Siamese network without scene-specific parameters. In [17], the agent uses the GA3C
learning method, takes fused data from LiDAR and depth cameras, and outputs linear
and angular velocities. GA3C is a model-based RL method that still uses the massive
parallelism of the A3C’s agents, but each agent no longer has its own copy of the global
network. Point cloud data from the depth camera are converted into a 2D laser scan
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using the ROS package to fuse with laser scan data. Noise is added to the input data to
avoid overfitting. Instead of Gazebo, the model is trained on a simulator written in C++,
using AVX for SIMD commands for simultaneous training. The network was tested in a
real environment but with only static obstacles. In [72], the authors used GA3C to solve
multi-agent collision avoidance problems. States of nearby agents are fed into an LSTM
network, and the final state is concatenated with the ego agent’s state. This network is
named GA3C-CADRL and was compared against CADRL, and it was found that due to
the use of LSTM layers to combine other agents’ states, this network could handle more
agents compared to CADRL. In [73], the authors use A3C along with a curiosity module for
path planning. A separate neural network is used to predict the next state from the current
state and action, which is compared with the actual next state after taking that action. The
difference between the predicted and actual next state is used to check if the area is new
or already explored. For bigger difference, more intrinsic reward is given to motivate
exploration. Two LSTM layers between the initial CNN and output layer are used so the
agent can remember different environmental observations. In [74], the authors employed
the A* technique for global path planning. LiDAR scan data were then utilized to identify
frontiers, which vary according to the LiDAR scan range and obstructions present. From
these frontiers, sub-goals were chosen to serve as interim checkpoints for the local path
planner. The A3C strategy, complemented by LSTM RNNs, was adopted for localized path
planning. Upon comparison with CADRL, TED, and DWA, this network demonstrated

superior performance. A summary of the forementioned papers is provided in Table 2.

Table 2. Summary of the A3C method.

Ref. Network Input Network Output Training Reward Function Optimization Testing Remarks
Rotation in small Loop closure on
Last 3 RGB i , increments, position, ) Auxili task
apsrevious ;Cmﬁz:)%es accelerate forward, Deepmind Goal reward, RGB to depth Deepmind lab u);:;;gvgs S
[69] . ci backward, and p reward in the maze to conversion as loss with leorithm”
previous reward, sideways, lab encourage exploration i tatic obstacls algorithm’s
t velocit: vays, 8¢ P function, static obstacles erformance
agen Y rotational stacked LSTM p
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Elevation map, CE;:I ;eix;lvar(;da,l Navigation
depth image, Forward, relaﬁ\;ge distgance Gazebo with static ca abf-izlit in
[7] Agent orientation, backward, Gazebo LSTM layer bstacl P Y
lative zoal turn left and right <reward, ) obstacles unknown environment,
re i gn undesirable terminal 80% success rate
positio position penalty
Last ego-motion Collisilon penglty,
estimation, goal reward,
oal orientation, Forward, backward, . relative distance to Prioritized DeepMind lab .
& DeepMind P Agent1 to local
[70] last action, left, right, F b the goal experience replay, with gen ?::;ao ocalize
last reward, turn left and right. a Entropy of modular Tasks static obstacles P
Mazq Map, location probability
RGB image distribution
AI2-THOR renders
) Real environment virtual environment
[71] Last 4 RGB images, Forward step, AIR-THOR Goal reward, with static close to real world thus
target image 90-degree turn time penalty obstacles algorithm performs
better in real
world.
Custom Goal reward,
Llisi 1t
Last 4 laser scans, . . for cha(io elinonoz(lerr]e?la)t/ive Add noise to the Real environment Simulations run 1000
[17] tareet position 7 discrete actions fast 8 & input with static times faster than
getp parallel distance reward, P obstacles conventional methods
training undesirable terminal
position penalty
Goal distance, Collisi It
obstacle position OGISIIO n pen; ¥s Real environment Introduction of LSTM
[72] and velocity, 11 discrete actions oal reward, LSTM layer with dynamic Layer improves
close to obstacle Y
distance to penalty obstacles performance
obstacle ¢
Goal reward, e
Current state, DeepMind collision penalty, Intrinsic reward Real environment Iﬁcorp(gagnggxl'ltg?}sllc
[73] last action, 8 discrete actions lab, change in goal relative for exploration, with dynamic ee‘zgrﬁnzic?-gwaer ds e
last reward Gazebo distance reward, stacked LSTM obstacles collected

intrinsic reward

PPO

Proximal policy optimization (PPO) [75] is an on-policy RL method that also uses
the advantage function, can handle both continuous and discrete control, and is based
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on TRPO (trust region policy optimization). Referring to Equation (17) from the policy
gradient method:
Vo] (0) = Ex[Vglogm(als,8)Q™ (s,a)] (20)

Or
Vo] (0) = Ex[Velogm(als,0)A™ (s, a)] (21)

which can be obtained by differentiating the following w.r.t. ©:

J(6) = Exllogr(als, 0)A™(s,a)] 22)
. m(als,6) »
J(0) = En[mfl (s,a)] (23)

TRPO adds Kullback-Leibler divergence to this evaluation function before taking the
gradient, making it:

m(als,0)
" TCold (a|s, 6)

J(6) =E A" (s,a) — BD1 (74| 77)] (24)

PPO clips the probability ratio from (1 — €) to (1 + €), where € is a hyper-parameter.
It forces the ratio of the current policy and the old policy to be close to 1, instead of
penalizing the difference between the policies [76]. The evaluation function is found by
multiplying the minimum expected value of clipped and unclipped probability ratios by
the advantage function.

) 7t(als, 8)

_ ri(als,6)
J(6) = Ex[min Toia(als, 6) Toia(als, )

A" (s,a), clipped(ﬂOZd(MS’e)>A"(s,a))] (25)

In [75], PPO is compared against A2C, CEM, TRPO, and others in MuJoCo environ-
ments. The algorithms were tested in seven environments and performed better than all
others in five of those. In [76], authors use the RL technique to solve the path planning
problem for a wheeled-legged robot. The policy maps height map image observations
to motor commands. They split navigation tasks into multiple manageable navigation
behaviors. The robot, being a wheeled-legged robot, can perform actions such as driving
over a high obstacle by lifting its body, driving over a wide obstacle by lowering the body
and stretching the legs out, and squeezing the body to pass through narrow corridors
along with regular robot movements. The robot is specifically taught these maneuvers by
making the obstacles such that the robot has no other way to avoid the obstacle other than
following those specific maneuvers. Later, the knowledge obtained is combined by training
a general policy using these secondary policies. To increase the training data without
running simulations, non-essential aspects of the scene that do not change the action se-
quence, such as appearance, position, and the number of obstacles, are randomized, and the
action-observation-return tuples with the original action sequence from secondary policies
are stored and used to train the primary policy along with data from online exploration.
The policy and value functions are optimized using stochastic gradient ascent. The success
rate of the policy is around 80%. In [77], the agent uses PPO to clean an unknown grid
environment with static obstacles. The network performed better than DQN and D3QN in
a 5 x 5 environment. To improve the performance in a larger environment, the input is
clipped to include only eight surrounding tiles and the location of the closest uncleaned
tile. The reward function also gives additional rewards when the agent becomes positive
or no reward successively. An agent trained in a 5 X 5 environment is tested in a 20 x 20
environment and performs better than zig-zag and random movements.

In [78], the authors used PPO for a simulated lunar rover in Gazebo with real lunar
surface data. They used transfer learning to improve the performance, and the reward function
includes a penalty on the sliding rates of the rover found using the slope angle of the terrain.
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Rover uses the input from both the depth camera and LiDAR sensor; the data are fed to the
network through different layers of CNN, which are then merged with the relative target
position and linear and angular velocity of the last step. Here, the policy output is 10 discrete
actions. The algorithm uses the Adam optimizer and works with two actor networks and one
critic network. The average success rate for the algorithm was 88.6%.

In [18], the authors developed a collision avoidance algorithm, CrowdSteer, using a
depth camera and a 2D LiDAR. The algorithm was trained using PPO in multiple stages,
starting with a less complex static scenario to dynamic scenarios with pedestrians and then
in complex corridor scenarios where the robot has to perform several sharp turns and avoid
pedestrians that can only be observed in close proximity, later tested in a real environment
with TurtleBot and Jackal robots. The algorithm performed better than DWA and Fan’s
method [79] but could exhibit oscillatory behavior in highly spacious regions and freeze
in a highly dense environment, as per the authors. To deal with pedestrians, the reward
function includes a penalty if the agent is too close to any obstacle. In [8], the authors
combined PPO with a traditional A* search algorithm for global path planning. The model
performed better than EPRQL, DBPQ, DDQNP, and DWAQ. In [80], the authors used
Djikstra to find an approximate path with checkpoints and then PPO to follow that path
while avoiding obstacles, which performed even better than GAIL and behavior cloning.
Around four checkpoints were given as input to the PPO module; the module even learned
to skip checkpoints to reach the goal even faster. A summary of the forementioned papers
is provided in Table 3.

Table 3. Summary of the PPO method.
Ref. Network Input Network Output Training Reward Function Optimization Testing Remarks
. Move in the x- and isi
G le height ) Collision penalty, . .
reysgsaep, elg -axis, time penalty, Domain V-Rep Wlfh Use 'of domgm
[76] target position otate, V-Rep h . 1 rolati randomization static randomized trajectory
setp ’ change height, change in goal relative obstacles improves the output.
robot pose change width distance reward
. . Cleaned tile penalty, Intrinsic reward
[77] Surroundm% 8 t1leds, Move forward, P}g{}(fn wall collision penalty, Transfer Python GUI Navigation performed on
nearest ;Jln‘l eane: Turn 45 degree o rotation penalty, learning Tkinter a grid-based environment
ile inter P .
intrinsic reward Elite set
Last 4 depth Collision penalty,
images, goal reward, Gazebo with Cannot reach target when
[78] Last 3 laser scans, 10 discrete actions Gazebo change in goal relative static target is very far or there are
target position, distance reward, obstacles very large craters.
velocity slip rate/angle penalty
4 checkpoints, Linear and aneular Checkpoint reward, Uni;ytyvith Algorithm sometimes
[80] velocity, ang Unity time penalty, static jump checkpoints to give
velocity . obstacles, ..
12D laser data, collision penalty, maze-like maps efficient paths.
Collisilon pen;lty, Susceptible to robot
Last 3 depth goal reward, freezing in very dense
images, Linear and angular change in goal relative Transfer Rea&;mﬁ) rld en%ironme}:]nt,
[18] Last 3 laser scans, velocit 8 Gazebo distance reward, learnin dynamic works well in complex,
target position, y Close to obstacle penalty, & obstacles occluded scenarios and
velocity angular velocity penalty, results in smoother
waypoint reward trajectories
i Number of training
. . Collision penalty, Real-world epochs is much less
[8] Laser scans 8 discrete actions Custom goal reward, with static d to oth
timestep penalty obstacles. compared o other

methods

SAC

Soft actor-critic (SAC) [81] is a deep reinforcement learning algorithm that combines
the actor-critic algorithm, the maximum entropy model, and the offline policy. Being an
off-policy method, it does not require new samples to be collected for each gradient step.
It is based on the twin delayed deep deterministic policy gradient (TD3), the stochastic
strategy, and the maximum strategy entropy. Also, the hyperparameters are easier to set. To
prevent mobile robots from falling into local optima and to encourage them to explore more
spaces, SAC requires them to maximize both the cumulative reward and the maximum
entropy [82]. The algorithm flow of SAC is shown in Figure 9.
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Figure 9. SAC algorithm flow diagram. (Equation no. mentioned in update brackets).

At each environment step, action is taken by the policy 71y and the state, action,
reward, and next state tuple is saved in the replay buffer. Then the prediction value
network parameter ¢ is updated as:

1/) A 4’ - /\vvtp]v(lp)r (26)
where
V¢]z;(l/)) = V¢V¢(st) (V¢(st) — Qg(st, th) -+ lOgﬂfq;(lltlSt)) (27)
Which is derived from:
Jv($) = Eqr[1/2(Vy(st) = E[Qo(st,ar) — logry(ai]si)] )] (28)

where —logm,(a;|st) is the action entropy, given by the actor network. There are two
Q-value networks, as in TD3, both of which are updated using the same algorithm, and
one with a lower value is selected in Equation (27). The Q-value network parameter 6 is
updated as:

0+ 6— AQV@]Q(Q), (29)
where
Volo(6) = VeQq(ar,5t) (Qo(st,ar) = rlse,ar) = 1Vip (si41) ) (30)
Which is derived from:
2
]Q(G) = E[l/Z(Qg (st at) — (r(st, at) +yE [le(stﬂ)} )) ] (31)

Then the policy network parameter ¢ is updated as:
¢ ¢ = AxVoln(), (32)
where
Volrn(9) = Vlogme(ar|si) + (Valogrme(ar|si) — Va,Qo(st, ar)) Ve fo (et st) (33)

where Qy is the lower one and the stochastic action is decomposed into mean action and
standard deviation €;. Thus, the action can be written as:

ar = f<p(€t;5t) (34)
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The target value network parameter ¢’ is updated as:
Yooy (35)

In [81], authors compared the performance of SAC with other algorithms like DDPG,
PPO and TD3 and presented the learning curves in Figure 10. In [82], the authors use SAC
for mobile robots to autonomously avoid static and dynamic obstacles, with the artificial
potential method to improve the reward function, while normalizing state-action pairs and
using prioritized experience to provide faster decision making. The algorithm is trained
and tested in a Pygame 2D simulation environment, compared against PPO, and was found
to perform much better. In [83], the authors implemented SAC with incremental learning
using a depth camera, taking only one horizontal plane of data as a 2D LiDAR. To fine-tune
the algorithm, the agent was trained in a real environment using a supervisor node that
detected the collision and moved the robot to its starting location using a PRM* motion
planner and trajectory tracking controller. They evaluated three different inputs, i.e., one
frame, the last three frames, and the last two frames, and their differences for comparison,
and found them to be performing better in the same order. In [84], the authors used agents
following the SAC-based obstacle avoidance technique with a path planner, A* in this
case, and trained them in a virtual environment where inertia and friction dynamics were
considered with dynamic obstacles following the same decentralized policy and a few
with a different policy to enable fast learning. The results were compared against PPO
and were found to perform better. In [85], the authors focused on the problem of robot
navigation with pedestrians in a closed environment with corridors and doorways using
the SAC implementation available on TFagents. The policy was incrementally trained
on the 3D reconstruction of real environments such as super-market and an apartment
with pedestrians following the optical reciprocal collision avoidance (ORCA) model. The
policy was compared against the ROS navigation stack and was found to perform better
as the ROS-nav stack had the robot freezing problem, and against SARL, where both of
them performed similarly. In [86], authors experimented with adding the “Velocity Range-
based Evaluation Method” to SAC and DDPG. This technique gives additional reward
based on the velocity range. This encourages the agent to move as fast as expected and
slightly improves the maximum reward without deteriorating the learning performance. A
summary of the forementioned papers is provided in Table 4.

Table 4. Summary of the SAC method.

Ref. Network Input Network Output Training Reward Function Optimization Testing Remarks
Location and Face toward the target, Prioritized )
velocity of agent Linear and move toward the target, experience Pygame Wlth Performs better than PPO,
[82] d obstacl angular veloci Pygame close to obstacle replay, dynamic tested in only 12D
and obstac’es, 8 ty penalty, state action obstacles environment

target location

terminal state reward normalization

Last 2 horizontal

Goal reward,

depth image collision penalty, Real
83] planes and their Linear and Gazebo going toward goal Transfer environment Maximum success rate is
- difference, angular velocity reward, learning with dynamic 47%
target position, going away from goal obstacles
last action penalty
Goal reward, Performed well in
) collision penalty, Real dynamic environment,
[84] Last 355&2 scans, Linear and Gazebo going toward goal environment unable to efficiently move
v angular velocity reward with dynamic in straight line. Might
target position . .
rotation velocity obstacles solve with more training
penalty in that environment.
Goal reward, The learned policy
collision penalty, demonstrates behaviors
LiDAR data, . going toward waypoint Gibson with such as slowing down,
[85] 6 waypoints, an L;T:raflgﬂi it Gibson reward, il"er aarl’;zf;r dynamic navigating around
target position i Y reaching waypoint & obstacles pedestrians, and reversing
reward, to manage various

timestep penalty

interactions.
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Figure 10. Training curves of several RL methods on continuous control benchmarks including
SAC. [81].

4. Integrating Social Interaction Awareness in Robot Navigation

When robots share the same space as humans, robots need to be able to safely and
appropriately interact with humans and be conscious of people’s personal space, as shown
in Figure 11a. To achieve this, robots need to be capable of navigating in a way that
complies with the social norms and expectations in the environment, thereby ensuring
safety and smooth coexistence. In static environments, mobile robots are required to reliably
avoid collisions with static objects and plan feasible paths to their target locations; while
in dynamic environments with pedestrians, they are additionally required to behave in
socially compliant manners, where they need to understand the dynamic human behaviors
and react accordingly under specific socially acceptable rules. An agent should be able to
navigate easily in the situations shown in Figure 11b. Traditional solutions can be classified
into two categories: Model-based and learning-based. Model-based methods aim to extend
multi-robot navigation solutions with socially compliant constraints. However, social force
parameters need to be carefully tuned for each specific scenario. Learning-based methods,
on the other hand, aim to directly recover the expert policy through direct supervised
learning (e.g., behavior cloning) or through inverse reinforcement learning to recover the
inner cost function [32]. Compared with model-based approaches, learning-based methods
have been shown to produce paths that more closely resemble human behaviors, but often
at a much higher computational cost. Also, since human behaviors are inherently stochastic,
the feature statistics calculated on pedestrians’ paths can vary significantly from person to
person, and even run to run for the same scenario [87].

In [87], the authors improved upon the CADRL [88] by adding norms for passing,
overtaking, and crossing to induce socially aware behavior in multiagent systems, intro-
ducing socially aware collision avoidance with deep reinforcement learning (SA-CADRL).
Agents following CADRL tend to follow some conventions and thus perform better in
robot-robot interactions, but this is not consistent with human expectations. The network
was tested on a differential robot with LiDAR for localization, three depth cameras for free
space detection, and four monocular cameras for pedestrian detection after comparing it
with ORCA and CADRL in simulation. It used a diffusion map algorithm for global path
planning and SA-CADRL for collision avoidance.
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Figure 11. (a) Accessible space around people; (b) common navigation scenarios.

In [32], the authors adopt the generative adversarial imitation learning (GAIL) strategy,
which improves upon the pre-trained behavior cloning policy. The behavior cloning method
learns policy through purely supervised learning but ignores the temporal correlation
between samples in subsequent frames; thus, it cannot generalize well to scenarios that
deviate too much from the training data. The authors use behavior cloning to learn an
initial policy and then apply GAIL to improve by taking temporal correlations. GAIL has
a generator network that takes actions and a discriminator network like any actor-critic
method. The discriminator network uses the TRPO rule to update the policy parameters.
Both behavior cloning and the GAIL network are trained on the dataset collected by
mounting a depth camera on a simulated pedestrian behaving in a socially compliant
manner using the social force model. The method is tested on a TurtleBot waffle in a real-
world scenario. In [2], the authors developed a group surfing method that detects groups
of people using SPENCER and selects the best possible group to follow depending on the
group velocity or switches to edge following when pedestrians are not around for local
planning and uses Google Maps for global path planning. This method generates sub-goals
for the robot to navigate, which are sent to an SA-CADRL for collision avoidance. The model
was tested in the real environment with a PowerBot from Omron Adept Mobile robots
equipped with 3D LiDAR, 2D LiDAR, RGBD sensor, GPS, and IMU. Three-dimensional
LiDAR is used to detect sidewalk edges, while an RGBD sensor is used to sense and track
pedestrians. It was found that pedestrian detection parameters were required to be tuned
according to the lighting conditions. In [89], the authors combined GA3C-CADRL-NSL
and force-based motion planning (FMP) to solve motion planning problems in a dense
and dynamic environment. FMP performs well in dense environments because of the
repulsive force from obstacles and the weak attractive force from the target, but it cannot
produce a time-optimal path, which is solved using GA3C-CADRL-NSL. The objective
function is to minimize the expected time to reach the goal, and the policy function includes
the entropy term. The model is trained in multiple stages, starting from two agents to
10 agents in a scene, which performs better than training with 10 agents from the start
over the same number of episodes. The algorithm DRL-FMP hybrid performed better than
GA3C-CADRL, GA3C-CADRL-NSL, ORCA, and FMP. Training and final experiments were
carried out in 2D and 3D virtual environments only. In [90], the authors train uncertainty-
aware agents that stay away from uncertain regions. The agent takes the goal and obstacle
position and velocity as input, and then a set of LSTM networks predicts the collision
probabilities for a set of actions using bootstrapping and MC dropout. Actions with high
collision probabilities are avoided. For bootstrapping, multiple networks are trained, which
are initialized with random variables and trained on different batches from the same
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data set; thus, the actions that are common among these networks are taken with greater
confidence. MC dropout is used to approximate uncertainty and acquire a distribution over
networks. Then a model predictive controller is used to select the safest action and increase
the penalty for highly uncertain actions over time. The model performed better than a
model trained without action uncertainty in environments with added noise, dropped
observations, no position information, and no velocity information. In [91], the authors
describe a navigation strategy for an autonomous mobile robot to crossroads and travel
along pedestrian sidewalks. The robot uses a pedestrian push button to align itself near
the crossing and waits for the signal to turn green, then uses a vision-based method to
detect crossing to cross the road. In [92], the authors used recurrent neural networks with
LSTM to predict the intent of pedestrians in the near future. Two sets of data were used
to train the neural network, one referred to as the Daimler dataset and the other as the
context dataset. The data were collected using a stereo camera placed on the windshield of
a car. The proposed method performed better than three other existing methods, namely,
EKF-CV, IMM-CV/CA, and MLP. The predicted position and actual position were used to
measure the performance of the results.

5. Discussion

The ability of autonomous robots to learn from environmental interactions and de-
cision making is critical for their deployment in unstructured and dynamically changing
environments with partial or no maps. These methods, when compared to traditional
methods, are relatively easy to program as they do not need pre-programmed models to
work, but they still need to be optimized to perform effectively. Common problems that
can creep into DRL methods are discussed below, with solutions implemented to resolve
them.

5.1. Challenges with DRL

e  The reward function defined during initial implementations of DRL methods only
included a positive reward for reaching the target and a negative reward for collision.
Due to this, there were long intervals where the agent took actions but could not deter-
mine how well they were taken. The robot might only get a negative reward due to the
collisions, as the probability of reaching a goal with random actions is very low, which
can develop timid behavior in the agent. To solve this problem, different techniques
such as reward shaping, where the additional reward for moving close to the goal or
timestep penalty is added, the intrinsic curiosity module, where the additional reward
for exploring a new area is given, the intrinsic reward, where an additional reward
is given if the agent is incrementally collecting the reward, the reward for reaching
waypoints given by the global planner, etc., are used. Hierarchical RL, where the
original task is decomposed into simple tasks, has also been incorporated.

e  Almost all DRL agents are first trained in virtual environments before being fine-tuned
in real environments. But the virtual environments cannot exactly replicate the real
environment, be it the lighting conditions, 3D models, human models, robot dynamics,
sensor performance, and other intricacies. This can cause the agent to perform poorly
in real environments, but techniques such as adding noise to the input data, using
less-dimensional laser data, domain randomization, transfer learning, etc., can be used
to improve the performance. Virtual training environments that take robot dynamics
into account are also preferred.

e A big problem with deep learning methods is catastrophic forgetting, which means
when the network is trained on newer data, the weights are updated and the knowl-
edge learned from previous interactions is overwritten and forgotten. This problem
can be solved using episodic memory systems that store past data and replay them
with new examples, but it takes a large amount of working memory to store and replay
past inputs. Elastic weight consolidation solves the forgetting problem by calculating
the Fisher information matrix to quantify the importance of the network parameter
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weights to the previous task. Deep generative models, such as deep Boltzmann ma-
chines or variational autoencoders can be used to generate states that closely match
the observed input. Generative adversarial networks can be used to mimic past data
that are generated from learned past input distributions [93].

5.2. Future Research Directions

Currently, each study is focused on a specific setting; a solution that works in every
environment, such as a maze, a dynamic environment with human obstacles, side-
walks, or a simple empty environment, is yet to be developed. Training an agent in
different environments using transfer learning might solve this problem, but due to
catastrophic forgetting, the solution might not be stable. Techniques such as continual
learning without catastrophic forgetting and the use of the LSTM network, along with
human intent detection and the use of services such as Google Maps for global path
planning, need to be exploited and explored further to develop mobile robots that can
be seamlessly deployed in environments of varied complexity. Not only different types
of spaces but also different lighting and environmental conditions such as weather
and natural light need to be considered.

Pre-processing of LIDAR or camera data is extremely limited in ongoing research.
End-to-end path planning algorithms allow the neural networks to judge the input
data for themselves to find valid relations, but the decision-making performance
can be further improved by augmenting the input data. Techniques such as ego-
motion disentanglement, using the difference of two consecutive LiDAR data samples
instead of those two samples, have been proven to perform better. More methods
for both LiDAR and camera data need to be developed to improve the efficiency of
the networks.

The research on path planning for mobile robots using a combination of model-
free and model-based deep reinforcement learning methods is very limited. This
method provides the benefit of both a lower computation requirement due to the
model-based part and the ability to learn good policies even in the absence of a good
model of environmental dynamics. Model-free methods can be used to improve the
performance of model-based methods by fine-tuning the model and providing better
estimates of the value function.

Currently, robots observe the environment at a very low level; everything is divided
only as available paths or obstacles. A few solutions that use both cameras and
LiDAR can differentiate between humans and other obstacles and can use different
avoidance modules to plan paths. Robots might need to use object detection modules
to differentiate between different types of obstacles, including whether they can be
interacted with or not, such as doors, stairs, push buttons, etc. Interacting with objects
opens up new avenues of research possibilities. For robots to be deployed as aid bots,
they should be able to learn the position of objects and quickly fetch them or place
scattered objects at their designated locations. New ways of fusing sensor data or
different modules using different sensor data need to be developed.

The cognitive and understanding abilities of the DRL need to be further enhanced
using the experience of human experts. Along with visual information as observation,
the integration of human language instructions can also be used to improve the
planning performance of the robots for real deployment applications. In some cases,
agents can also be provided with non-scale or hand-drawn maps with only landmarks
to help them plan a path through unknown environments more efficiently.
Meta-learning is a relatively new field being implemented for path-planning solutions
for mobile robots. It is a type of machine learning in which a model learns how to
learn from new tasks or environments. The goal of meta-learning is to enable a model
to quickly adapt to new tasks or environments, rather than requiring it to be retrained
from scratch for each new task. One common approach is to use a “meta-learner” or
“meta-controller” that can learn how to adjust the parameters of other “base-learners”
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or “base-controllers” based on their performance on different tasks. It can be used to
tune the hyperparameters, which are currently selected at random. More research is
needed in this field to provide feasible solutions.

6. Conclusions

With the popularity of Al and the development of powerful computing hardware,
more and more research is being carried out in the field of autonomous mobile robots. In
this review, different ways of applying deep neural networks to solve the path-planning
problem for mobile robots are discussed. A combination of deep neural networks and
reinforcement learning has promised to provide a robust solution. Several methods and
their applications are discussed in this review.

While deep learning techniques are unparalleled in their capabilities, they come
with their own set of challenges: They are computationally intensive, require significant
data, and are sensitive to the intricacies of that data. Finding the optimal solution often
demands considerable computational resources and time. However, ongoing research has
unveiled a multitude of strategies that can mitigate these challenges. Techniques such
as prioritized experience replay (PER) enhance data efficiency, ensuring that data with
significant learning value are used more frequently during training. Domain randomization
techniques augment the training data, while reward shaping and intrinsic rewards enhance
reward density, thereby catalyzing performance. Transfer learning is a boon, allowing for a
phased escalation of training environment complexity. Moreover, controller assist offers
preliminary guidance to the agent during the exploration phase, seeding the replay buffer
with valuable data. To address the temporal dimensions of navigation data, LSTM-based
recurrent neural networks have been employed, amplifying the efficacy of DRL methods.
Given their benefits, such techniques should be thoughtfully considered when employing
DRL methods for the path planning problem.

With the advancements in DRL-based path planning and its enhanced ability to
navigate dynamic and uncharted terrains, it is evident that this approach holds significant
promise for robot deployment in uncertain environments. Examples of such applications
are vast, spanning from cleaning and delivery tasks [2], assistance in shopping malls [3],
patrolling endeavors [4], to more complex scenarios such as autonomous driving, assisting
the elderly in their homes [5], and executing search and rescue missions [6,7]. Moreover,
sectors such as mining, household services, agriculture, and automated production can
greatly benefit from these techniques [8].

In summary, as we move forward in this age of robotics and Al, the synergy between
deep neural networks and reinforcement learning emerges as a cornerstone for creating
mobile robots that are adept, adaptive, and ready for the challenges of the real world.
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