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Deep reinforcement learning (DRL) has been widely adopted for mobile robot
path planning in unknown and complex environments. However, existing DRL-
based approaches suffer from two main limitations: sparse reward, which
provides meaningful feedback only at terminal states, and experience
heterogeneity, which reduces the efficiency of uniform sampling from the
standard experience replay buffer due to the diversity of transition qualities
stored within it. To tackle both issues at once, we propose SS-PER-DQN, a novel
path-planning approach in which stratified sampling and a prioritized
experience replay mechanism are incorporated into the Double Deep Q-
Network. The memory buffer is divided into three priority layers based on
temporal-difference error levels, with a dynamically varying sampling ratio
between layers, and importance-sampling compensation to balance the
sampling-distribution bias. A densely shaped reward function is additionally
employed to expedite early exploration in the presence of sparsely rewarded
actions in the environment. Experiments performed on Grid World and ROS
Gazebo simulations show that the SS-PER-DQN is able to successfully plan paths
at success rates of 94.5% and 89.0%, with a 24.5% and 21.8% reduction in path
lengths, respectively, when compared to the traditional DQN algorithm, after
convergence in approximately 53% fewer training episodes. The analysis
conducted during the ablation study reveals the specific roles of each
contribution: stratified sampling helps the algorithm converge early by
ensuring that informative state transitions guide the first phase of learning, and
importance weighting influences the quality of gradient updates in later stages.
Itis also observed that the absolute planning time per decision step ranges from
5.0 ms (Grid World) to 5.3 ms (Gazebo) for SS-PER-DQN, representing an
incremental overhead of approximately 1.9-2.2 ms per step relative to the
classic DQN baseline, which remains well within the real-time requirements for
robot navigation.

1. Introduction

generation of enhanced versions of DQN [5]. Improved

Mobile robot path planning has become a critical issue in
intelligent robotics, where the robot needs to move from a
start point to an end point without colliding with obstacles in
a complex environment [1]. The rise of artificial intelligence
has spurred deep reinforcement learning (DRL), which can
help robots develop policies to navigate their surroundings
without relying on environmental maps [2]. In the context of
DRL algorithms, Mnih et al's Deep Q-Network (DQN)
algorithm has shown remarkable results in making decisions
under uncertainty by utilizing Q-learning and deep neural
networks [3,4], where Ref [3] refers to the original arXiv
preprint and Ref [4] to the peer-reviewed Nature publication
of the same work [3]; however, the traditional design of the
DQN framework faces some difficulties in converging quickly
due to Q-value overestimation, hence motivating a new
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versions like Double DQN and Dueling DQN have gained
popularity in mobile robot navigation problems by mitigating
overestimation and value-function decomposition [6], and
several studies have implemented these frameworks by
integrating them with problem-specific techniques [7-9]. One
significant drawback of implementing DRL for path planning
tasks is the inefficiency of experience replay. By uniformly
sampling from all previously learned transitions, traditional
approaches result in the repetition of low-learning
experiences while neglecting the most informative ones. This
limitation inspired researchers to introduce prioritized
experience replay (PER), which gives a higher probability to
sampling from experiences with large TD error values, so that
learning concentrates only on the most useful examples [10].
Based on this premise, a number of experiments have
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confirmed that incorporating PER into the DQN-based path-
planning task leads to much faster convergence and higher
success rates across various complex grid worlds and Gazebo
simulation platforms [11-13]. However, one issue with using
PER is that, due to its reliance on a single scalar priority, it is
prone to sampling bias when experiences in the replay
memory pool exhibit high heterogeneity [14].

In addition to sampling efficiency, the sparse reward
challenge remains a recurring issue in DRL-based path
planning, in which agents receive reward feedback only when
they reach the destination or bump into an obstacle, making
most other states irrelevant and rendering training inefficient
[15,16]. HER resolves this issue by retroactively relabeling
rewards for failed episodes, creating dense synthetic rewards
from negative experiences [17]. Multi-step HER and
curriculum-based HER have been used to enhance sampling
efficiency but suffer from off-policy bias with multi-step
returns, making them unsuitable for long-horizon tasks [18].
There have been several recent applications of HER with
actor-critic architectures for robotic arm manipulation and
mobile robot navigation, where considerable improvement in
convergence rates was observed [19,20]; however, the
implementation of a structured sampling hierarchy and
prioritized experience replay for HER within the DQN
framework for ground-robot navigation has yet to be
attempted. Recent efforts to address these limitations have
explored complementary strategies, including attention-
based prioritization combined with PER [21] and heuristic
reward shaping with dynamic windowing [22]. Despite these
advances, key weaknesses persist in existing DRL-based
navigation methods: inefficient exploitation of valuable
experiences, slow convergence under sparse rewards, and
limited adaptability across environment types [1,5,6].
Stratified decomposition of the replay buffer offers a
principled approach to reconciling prioritization with
sampling efficiency [2].

To overcome these limitations, this paper presents a new
path-planning approach, SS-PER-DQN, where SS denotes
Stratified Sampling, and PER denotes Prioritized Experience
Replay. This approach combines stratified sampling (SS)
together with the prioritized experience replay (PER)
technique within the framework of the Double DQN. In
particular, the replay memory is divided into three groups,
i.e,, high, medium, and low priorities, according to TD error
thresholds. Then, during learning, a dynamic inter-layer
sampling rate is introduced to ensure that useful transitions
are sampled more often while still maintaining sufficient
diversity. An importance sampling technique can be used to
adjust the skewed distribution. Furthermore, this paper
provides an improved reward function for sparse-reward
grids/Gazebo environments to facilitate early exploration.
Through simulations, it can be verified that the proposed
approach converges faster and plans paths with greater
accuracy and shorter lengths than the basic DQN, PER-DQN,
and baseline Subsampling DQN approaches, respectively.

The objectives of this work are as follows: (1) to propose
SS-PER-DQN, a novel path planning framework that
integrates stratified experience replay buffer decomposition
with prioritized sampling and importance sampling
correction into the Double Deep Q-Network architecture; (2)
to design a dense reward shaping function that alleviates the
sparse reward problem in grid-based and continuous robot
navigation environments, thereby accelerating early-stage
policy learning; (3) to validate the effectiveness and efficiency
of the proposed approach through systematic experiments in
both discrete Grid World and continuous ROS Gazebo
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simulation environments, benchmarking against classic DQN,
PER-DQN, and SS-DQN baselines; and (4) to quantify the
individual contributions of stratified sampling and prioritized
experience replay through ablation studies, establishing the
complementary roles of each component in improving
convergence speed and navigation performance.

2. Proposed method
2.1 State space and reward function design

The proposed solution uses the Kinect depth camera as
the primary sensing modality, allowing the robot to perceive
its surroundings without relying on any prebuilt map
information or GPS. It should be noted that the sensing
modality and state representation differ between the two
experimental environments used in this study. In the Grid
World environment, a Kinect depth camera serves as the
primary sensor, and the depth image is processed through a
convolutional neural network (CNN) to extract a flattened
feature vector, which is then concatenated with the robot's
current position coordinates (x; y¢), heading angle 6;, and
relative displacement to the target (Ax;, Ay;) to form the full
state St In the Gazebo simulation environment, a laser range
finder is used instead, producing a set of distance readings
that are directly concatenated with the robot's pose and goal
position information to form a ten-dimensional continuous
state vector. Accordingly, the network architecture adopted
in each environment differs: a CNN-based architecture is used
for the Grid World setting to process the high-dimensional
depth-image input, whereas a multi-layer perceptron (MLP)
is employed in the Gazebo setting to process the low-
dimensional laser-based state vector. The SS-PER-DQN
framework accommodates both configurations by keeping
the stratified buffer structure, dynamic sampling ratios, and
importance-sampling correction independent of the specific
network architecture, so that only the input layer and feature-
extraction module need to be adapted across environments.
At each time step ¢, the environmental state S: is represented
as a concatenation of the depth image feature vector extracted
from the Kinect sensor, the robot's current position
coordinates (x; y¢), its heading angle 6;, and the relative
displacement vector to the target point (Ax;, Ay;) , formally
defined as s; = [faepth, X¢» Ve 0, AX¢, Aye], where fopm € RY
denotes the flattened depth feature representation. Action
space A is defined as a discrete set of motion primitives
comprising forward movement and angular turns at fixed
increments, enabling the agent to execute deterministic
navigation commands at each decision step.

A central challenge in DRL-based path planning is the
sparsity of environmental rewards, wherein the agent
receives meaningful feedback only at terminal states. To
mitigate this, we design a shaped reward function 7 that

provides dense intermediate signals throughout each
episode. The reward function is formally defined as:

( Tgoal if dt < dthreshold
Teollision if Obstacle detected
A (dp-1 —dp) —
A, - 1[A6; > Ostep otherwise gy

(1)

e =

where d; denotes the Euclidean distance between the robot
and the goal at time step t, 7y, = +10 is the terminal success
reward, 7conision = —10 is the penalty for obstacle contact, 4,
is a positive scaling coefficient for distance-based progress, 1,
penalizes excessive angular deviation, and is a small constant
step penalty that discourages unnecessary wandering. The
term Ay(d;_, — d;) provides continuous positive feedback
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when the robot moves closer to the goal and negative
feedback when it drifts away, effectively transforming the
sparse goal-reaching problem into a dense reward landscape
that substantially accelerates early-stage policy learning.
Specifically, in all experiments, the reward parameters are set
as follows: rgoai=+10, reotiision=-10, Ay = 1.0, 1 = 0.5, Opoy =
30%,and Csep=0.01. These values were determined
empirically through preliminary tuning to balance goal-
reaching incentives, obstacle avoidance penalties, and step
efficiency.

2.2 Stratified sampling mechanism

The core innovation of the proposed method lies in
decomposing the experience replay buffer D into three
priority tiers based on the magnitude of the temporal
difference (TD) error associated with each stored transition.
For a transition e; = (s;,a;, 13, si'), the TD error is computed as
6; = |y +ymaxy Q(s;,a’;07) — Q(s;,a;; 0)|, where § and 6~
denote the parameters of the online and target networks
respectively, and y is the discount factor. The buffer is
partitioned into a high-priority tier Dy, a medium-priority
tier Dy, and a low-priority tier D; according to TD error
thresholds 7y and 7;, such that Dy = {e; | §; = ty}, Dy =
{e; 17, < 6; <1y} and D, = {e; | §; < 7.}. The thresholds &,
= 0.6 and §; = 0.2 were determined through preliminary grid
search experiments, where values in the range [0.1, 1.0] were
evaluated; the selected values yielded the most stable tier
distribution across training episodes.

Rather than applying fixed inter-layer sampling ratios,
the proposed mechanism dynamically adjusts the proportion
of samples drawn from each tier across training iterations. Let
pl(,k), pg‘), and pfk) denote the sampling ratios at the training

step k, satisfying pg‘) +p,3‘) +p£k) =1. The ratios are

updated according to the mean TD error of each tier at the
preceding step:

w__ 5§ :

Yje(H ML) 5]

where (S-'j(k_l) is the mean absolute TD error of tier j computed

over the previous mini-batch. The algorithm guarantees that
transitions in tiers with learning signals that are always high
receive relatively more samples during active learning,
without ignoring any low-priority information that might
prove useful in later stages of policy development. For
transitions within the same tier, a uniform sampling strategy
is used.

2.3 Prioritized experience replay with importance
sampling correction
Within each sampled tier, transitions are further
weighted according to their individual TD-error-based
priority scores. Following the proportional prioritization
scheme, the sampling probability of transition i within its
assigned tier is defined as:

pf
P() = 2

) Zkep; Pk
where p; = §; + € is the priority score with a small constant
€ >0 added to ensure every transition has a nonzero
probability of being sampled, and a €[0,1] is a
hyperparameter controlling the degree of prioritization, with
a =0 recovering uniform sampling. Priority values are
updated after each learning step based on the new TD error
values for the current transitions. As a result of prioritized
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sampling, there will be a change in distribution compared to
that of the on-policy sampling distribution. The Q-network
gradient estimates, therefore, suffer from a bias that needs to
be addressed by using importance sampling (IS) weights:

B
Wi = (N»;(i)) Q)

where N is the size of the relevant tier and S € [0,1] is an
annealing exponent that is linearly increased from an initial
value S, toward 1 over the course of training, ensuring that
the correction becomes fully unbiased as learning converges.
The weights are normalized by w; < w;/ max; w; to prevent
large weight magnitudes from destabilizing training. The
weighted TD loss used for network parameter updates is
then:

L(O) ==ZE, w; - 87 (6)

where B is the mini-batch size drawn from all three tiers
according to the dynamic ratios py, py, p.- Such an approach
helps ensure that the impact of high-importance transitions
on the gradient signal is greater while accounting for their
statistical dominance.

2.4 Overall framework of SS-PER-DQN

The SS-PER-DQN architecture consists of two
structurally identical convolutional neural networks: an
online Q-network parameterized by 6 and a target Q-network
parameterized by 6~. The specific network architecture
differs between the two experimental environments to
accommodate their respective state representations. In the
Grid World environment, where the state includes depth
image features extracted from the Kinect sensor, a CNN-based
Q-network is employed. The CNN consists of two
convolutional layers: the first layer applies 32 filters of size
3x3 with a stride of 1 and ReLU activation, and the second
layer applies 64 filters of size 3x3 with a stride of 1 and ReLU
activation. The convolutional output is flattened and passed
through two fully connected layers of 256 and 128 units
respectively, each followed by ReLU activation, before
producing Q-value estimates for all discrete actions. The MLP
consists of three fully connected layers with 256, 128, and 64
units respectively, each followed by ReLU activation, with the
output layer producing Q-value estimates for all available
actions. In both cases, the online and target networks share
identical architectures, with the target network parameters
6~ synchronized via periodic hard updates every =100 steps.
Both networks accept the state representation St as input and
output Q-value estimates for all actions in A. The online
network is updated at every training step via gradient descent
on L(#), while the target network parameters are
synchronized with a periodic hard update 6~ < 6 every C
steps to stabilize the regression target and prevent oscillation.

Action selection follows an O-greedy policy in which the
agent selectsa; = argmax,Q(S;, a; 8) with probability 1-0
and a random action otherwise, with O decayed

exponentially from C)max to f)mi across training episodes to

n

balance exploration and exploitation. Upon executing action
a, and observing reward rt and next state Si1, the transition

e=(Sy, a, ry, St+1) is stored in the stratified buffer with an initial
priority p, = max;cpp; to ensure it is sampled at least once
before its TD error is computed. The complete training
procedure is summarized in Table 1. Following the Double
DQN formulation, the target value for each transition is

76



Y. Zhang & S. Widyarto /Future Technology

computed by decoupling action selection from action

evaluation. Specifically, the online network 0(:0) s ysed to
select the greedy action at the next state:

a’;0) ©)

while the target network (") is used to evaluate the value

*
a =arg maxa, Q(St+l s

of that selected action:

Y, =1+70(s,,,a;6") 7

This decoupling prevents the overestimation bias inherent in
standard DQN, where the same network is used for both
selecting and evaluating actions. The TD error is then
computed as (S; =| , —Q(sl,at;0)|, and the weighted loss

function becomes:

LO=7 Y w3, -005,a50)° 8)

i=1

Table 1. Pseudocode of the SS-PER-DQN algorithm
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To maintain consistency and enable direct comparisons
among all tested algorithms, a complete list of
hyperparameter values and system configurations is
provided in Table 2. Based on Table 2, both Classic DQN, PER-
DQN, SS-DQN, and SS-PER-DQN have the same number of
training episodes (1,000), step count per episode (500), and
computing platform (NVIDIA RTX 3070 GPU), thus ensuring
equal experimental conditions for all compared approaches.
While differences exist mostly in terms of the replay buffer
architecture, the sampling process, and the sampling method
in individual tiers: while Classic DQN makes use of a flat buffer
with uniform sampling, PER-DQN adds priority-based
sampling, and SS-PER-DQN implements the wunique
combination of a three-tier stratified buffer, dynamic
adjustment of the ratio between tiers, TD error-based
sampling within each tier, importance sampling decay, and a
shaped dense reward instead of the sparse reward used in the
baselines.

Step Operation

Input Stratified buffer D = {DH,DM,DL} , online network Q(;60), target network Q(;67), thresholds

Tyy,77 , hyperparameters a, £, 7,0

Initialize

0 < random weights; 8~ <60 ; Dy.,Dy,.Dp < ; 0 qpax; B o

For each episode ep=1,2,.. > Nep do

Reset environment; observe initial state S1

Foreachstep ¢t=1,2,...,T do —

1 Select action @, =argmax, O(s;,a;0) with prob. 1-0, else random a; ~A

2 Select greedy action using online network: ;" = argmax , O(s, ., a';0) ; compute TD error using
target network evaluation: 6 = || +¥Q(Se41,a%607)
—Q(spap; 0)]|

3 Compute TD error —Q(s;, a;; 0)|; assign transition e, = (sl ,a,,1, ,sH]) to priority tier according
to:

where 7,=06,=0.6 and 7,=6,=02

Dy ifd, =1y
Tier(e,) ={Dy ift, < 6, <1y
D, ifé, <7ty

4 Set initial priority p; = max;cp p; and store ¢, in the assigned tier
5 Update inter-layer ratios pgz7, opr, 07 using mean tier TD errors from previous step
6 Sample mini-batch of size B:draw | pyB|, | parB |, | 1B | transitions from Dy, Dy, Dy

respectively with probability P(i) oc pf*
7 Compute IS weights w; = (N-P(i))_ﬂ /maxj w; for each sampled transition
8 B

. 1 . . .
Compute weighted loss L(Q)ZEZ% 5% update @ via gradient descent
i=1

9 Update priorities p; <—; +0 for all sampled transitions
10 Every C steps: synchronize target network 0~ <6
1 Decay O« max(0-jecay-Omin) ; anneal B «—min(S+AB,1)
End for (step) —
End for (episode) —
Output Trained policy 7(s) =argmax, O(s,a; )
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Table 2. Hyperparameters and system configurations

November 2026] Volume 05 | Issue 04 | Pages 74-85

Parameter / Feature Classic DQN PER-DQN SS-DQN SS-PER-DQN
Total Training Episodes 1,000 1,000 1,000 1,000

Max Steps per Episode 500 500 500 500

Replay Buffer Size 10,000 10,000 10,000 10,000

Replay Buffer Structure Uniform (Flat)

Prioritized (Flat)

Stratified (3-Tier) Stratified (3-Tier)

Sampling Logic Uniform Random

Priority-based

(TD- | Fixed-ratio Dynamic Inter-layer Ratios

error) Subsampling
Fixed Inter-tier Ratios | N/A N/A 0.6:0.3:0.1 Dynamic
(p_H:pM:p_L)
Within-Tier Sampling N/A N/A Uniform Prioritized (TD-error)
TD-error Thresholds (64, | N/A N/A 6,=0.6, 6,=0.2 6.=0.6, 6,=0.2
82)
Prioritization Degree (o) N/A 0.6 N/A 0.6
IS Annealing () N/A 0.4 - 1.0 N/A 0.4-1.0
IS Annealing Schedule N/A Linear N/A Linear
Reward Function Sparse Sparse Sparse Shaped (Dense)
Learning Rate 0.001 0.001 0.001 0.001
Batch Size (B) 64 64 64 64
Discount Factor (y) 0.99 0.99 0.99 0.99
Target Network Update | 100 steps 100 steps 100 steps 100 steps
Freq. (C)
€ Initial / Final 1.0 /0.01 1.0 /0.01 1.0 /0.01 1.0 /0.01
€ Decay Rate 0.995 0.995 0.995 0.995
PER  Priority  Offset | N/A 0.01 N/A 0.01
(e_priority)
Action Selection e-greedy e-greedy e-greedy e-greedy

World)

Sensor Modality (Grid | Kinect depth camera | Kinect depth camera

Kinect depth camera Kinect depth camera

Sensor Modality (Gazebo) | Laser range finder

Laser range finder

Laser range finder Laser range finder

Network Architecture | CNN (32—64 filters, | CNN (32—64 filters, FC | CNN (32—-64 filters, FC | CNN  (32-64 filters, FC

(Grid World) FC 256—128) 256-128) 256—128) 256—128)
Network  Architecture | MLP MLP (256—-128-64) MLP (256—-128-64) MLP (256—-128-64)
(Gazebo) (256—-128-64)

Input Dimensionality | CNN feature + pose | CNN feature

+ pose | CNN feature + pose | CNN feature + pose (variable-

(Grid World) (variable-dim) (variable-dim) (variable-dim) dim)
Input Dimensionality | 10-dim vector 10-dim vector 10-dim vector 10-dim vector
(Gazebo)

Hardware Used RTX 3070 GPU

RTX 3070 GPU

RTX 3070 GPU RTX 3070 GPU

3. Experiments
3.1 Experimental Setup

This study adopts a quantitative experimental research
design. Experiments were carried out in two simulation
environments to test the validity and effectiveness of our
proposed algorithm, SS-PER-DQN, in both discrete and
continuous domains. In the first experiment, we created a 2D
grid map with 20x20 cells, in which the robot, goal position,
and obstacle cells were either fixed or randomly generated
during each episode. In this discrete environment, fast
iterative testing can be performed easily, providing us with
the capability to evaluate our model's convergence behaviors
and sample efficiency based on different obstacle density
settings, just like how most other reinforcement learning-
based path planning studies have done [4, 23]. Our second
environment was built using the Robot Operating System
(ROS) coupled with the Gazebo simulator, where a TurtleBot3
Waffle Pi robot was used to test our approach under
increasingly difficult obstacle configurations, specifically in
static and static-dynamic scenarios. Gazebo simulation
provided us with the benefit of physical realism, where
realistic robot sensors, noise, collision dynamics, and robot
kinematics were considered, thus allowing us to simulate

more realistically in the context of robotic deployments [24].
State observation input in our Gazebo experiments consisted
of laser range finder measurements with additional
information from robot pose and goal position to create a ten-
dimensional continuous state space. For completeness, Table
2 summarizes the sensor modality, state representation, and
network architecture used in each experimental
environment, as detailed in Section 2.4. Both architectures
use ReLU activations throughout and produce a vector of Q-
values corresponding to the discrete action space A. In the
Grid World setting, the state vector is constructed from CNN-
extracted depth features concatenated with positional and
directional information, and a CNN-based Q-network is used.
In the Gazebo setting, the state is a ten-dimensional vector
composed of laser range readings, robot pose (x,y,6d), and

relative goal displacement (Ax, Ay), processed by an MLP-

based Q-network. This dual-configuration design
demonstrates the generalizability of the SS-PER-DQN
framework across both image-based and vector-based state
representations. Training of all algorithms used in these
experiments was performed on a high-performance machine
equipped with an NVIDIA RTX 3070 GPU, Intel Core i7 CPU,
and 32 GB of memory. PyTorch deep learning framework was
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chosen for network implementation, and all runs were done
with one thousand episodes in total for each environment
setting, where each episode terminates if any of these criteria
is met: reaching the goal, collision, or reaching the maximum
number of allowed steps, which is 500 steps in our case.
Three baselines are chosen for comparison. The first
baseline is the classic DQN algorithm [4] (the peer-reviewed
Nature publication of Mnih et al.'s original work [3]), which
makes use of the convoluted Q-learning with uniform
experience sampling and fixed time intervals between
updates of the target network as a starting point against
which all advancements in sampling strategies are
benchmarked. DQN is a common choice for training agents for
path-planning tasks on mobile robots in both grid and Gazebo
simulations; however, this approach is notorious for its poor
convergence and tendency to overestimate Q-values in sparse
reward settings [24]. The second algorithm to be used as a
baseline is PER-DQN, which substitutes the uniform replay
buffer of DQN with the proportional prioritized experience
replay system designed by Schaul et al. [10]. This method
samples experiences with priorities defined by the magnitude
of their TD errors, compensating for sampling bias through
importance sampling. PER-DQN proved effective at
improving the results of path planning tasks compared to the
vanilla version [25, 26], yet uses a flat buffer structure that
does not differentiate experiences by importance into distinct
priority tiers, making this approach vulnerable to gradual
sampling imbalance in a buffer filled with a variety of
experiences. Lastly, the third baseline algorithm used is SS-
DQN, which applies a fixed-ratio subsampling policy to
partition the replay buffer, increasing the proportion of
important experiences per mini-batch while not weighting
them differently during sampling. In the SS-DQN baseline, the
fixed inter-tier = sampling ratios are set to
Py Py P, =0.6:0.3:0.1, meaning that 60%, 30%, and 10%

of each mini-batch are drawn from the high-, medium-, and
low-priority tiers, respectively. These ratios were selected
based on the assumption that high-priority transitions carry
the most informative learning signal and should therefore
dominate the mini-batch composition, while low-priority
transitions are retained in minimal proportions to preserve
sampling diversity. This fixed allocation serves as a direct
point of comparison against the dynamic inter-layer ratio
adjustment mechanism employed in SS-PER-DQN, allowing
the contribution of adaptive ratio control to be isolated and
quantified. The comparison of SS-PER-DQN against these
baselines allows us to isolate and assess the contributions of
stratified partitioning, dynamic adaptation of the inter-tier
ratios, and IS correction to the overall improvements
achieved by SS-PER-DQN.

3.2 Convergence analysis

The learning curves of the four algorithms across 1,000
training episodes in the Grid World and Gazebo simulation
environments are depicted in Figure 1, where the y-axis
shows the total reward earned per episode and the x-axis
shows the episode number. The upper limit of 1,000 episodes
was determined from preliminary experiments, in which we
found that each of the four algorithms converged to a stable
reward plateau within this limit- the slowest algorithm
(classic DQN) took around 600 episodes to stabilize in Grid
World and 700 in Gazebo. Smoothing was performed by
averaging over a 20-episode window to reduce noise and
emphasize the learning process. All experiments were
conducted over five independent runs with different random
seeds, and the shaded region in Figure 1 denotes the standard
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deviation across these five runs. The mean cumulative reward
values at convergence were compared across algorithms, and
the differences between SS-PER-DQN and each baseline were
found to be statistically significant (p < 0.05, two-tailed
Welch's t-test), confirming that the observed performance
gains are not attributable to random variation.

(a) Grid World Environment

12
- ---DQN SS-DQN
= PER-DQN SS-PER-DQN (Proposed)

10
Q
=
2
Z 8
m
g
< 6
s
S
[}
Kog
o
Z
=
g 2
=]
©]

ol

_2 1 1 1 1

0 200 400 600 800 1000
Training Episode
12 (b) Gazebo Simulation Environment
----DQN SS-DQN
——————— PER-DQN SS-PER-DQN (Proposed)

Cumulative Reward per Episode

0 200 400 600 800 1000

Training Episode

Figure 1. Convergence Curves — Cumulative Reward vs Training
Episodes for all four compared algorithms: classic DQN (grey dashed
line), PER-DQN (blue dash-dot line), SS-DQN (yellow dotted line), and
SS-PER-DQN (red solid line). Results are averaged over five
independent runs with different random seeds; shaded regions
represent *1 standard deviation. Performance differences between
SS-PER-DQN and all baselines at convergence are statistically
significant (p < 0.05, two-tailed Welch's t-test). Panel (a): Grid World
environment; Panel (b): Gazebo simulation environment.”
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As demonstrated in Figure 1(a), within the Grid World
setting, the traditional DQN converges the most slowly out of
all considered variants, needing about 600 episodes for the
reward sum to converge into a plateau state characterized by
very high variance, which indicates the agent's challenges in
exploiting valuable transitions using uniform sampling. In
contrast, the PER-DQN variant converges to its final
performance level around episode 420, underscoring the
importance of prioritizing samples with higher TD error
during early-stage learning. As expected, the SS-DQN variant
converges faster than PER-DQN initially through assigning
more sampling resources to valuable samples in high-priority
tiers, but has a lower upper limit of rewards in the later stage
compared with PER-DQN, because the importance sampling-
based correction cannot be performed in the SS-DQN
algorithm to prevent the gradient from being biased by a
small set of frequently sampled high-priority transitions. The
presented SS-PER-DQN  variant achieves the best
performance among all considered variants, with
approximate convergence at episode 280, saving nearly 53%
episodes compared with standard DQN and 17% compared
with SS-DQN.

Figure 1(b) shows consistent behavioral patterns in the
Gazebo environment, where increased stochasticity arises
from the complexity of the continuous state space and sensor
noise. The number of episodes required by all methods to
achieve convergence increases relative to the Grid World
scenario; however, the order among the methods remains the
same. DQN converges last, with the highest variance, at
approximately 700 episodes. PER-DQN converges at around
560 episodes, whereas SS-DQN converges at around 480
episodes. The method that achieves convergence earliest is
SS-PER-DQN, which reaches the reward plateau at
approximately 380 episodes and has the tightest variance
range. This suggests that the dynamic ratio adaptation used in
SS-PER-DQN works well at minimizing the effect of the higher
number of uninformative transitions due to the continuous
state space. As evidenced by experiments conducted in two
different environments, both prioritizing alone and using a
constant subsample ratio are insufficient to maximize the
information gained from the experience replay buffer.

3.3 Path planning performance

To fully analyze the navigational competence of SS-PER-
DQN beyond the converging characteristics, three
performance measures are quantitatively evaluated across all
four algorithms after their learning processes are complete.
The planning success rate is measured as the ratio of
successful test episodes that reach the target position without
collision within the maximum step budget, across 200
episodes per algorithm per environment. The path length
measures the average step length or the distance between
Gazebo waypoints taken by the robot between the start and
goal positions across all successful episodes. The lower the
mean length, the more efficient the navigation process. Lastly,
the planning time refers to the computational overhead
incurred by each algorithm's sampling strategy. This measure
is the mean wall-clock inference time per decision step, in
milliseconds, across all test episodes for each algorithm.

According to Figure 2, the proposed SS-PER-DQN yields
the highest success rates of 94.5% and 89.0% in the Grid
World and Gazebo environments, respectively; these results
are significantly superior to those obtained using plain DQN,
which are 71.0% and 63.5%, respectively. On the other hand,
PER-DQN and SS-DQN fall into the second group in terms of
the success rate. As a result, SS-DQN consistently achieves
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higher success rates due to the hierarchical sampling
approach, which makes the likelihood of returning to
mastered transition states during planning time very small.
As for path length, SS-PER-DQN yields the shortest path in
both environments (23.4 steps and 31.7 waypoints),
approximately 24.5% and 21.8% shorter, respectively. Such
results can be explained by the improved policy generated by
the learning process, which results from the increased
informativeness of the gradients. The absolute planning time
for all algorithms ranges from 3.1-5.3 ms per decision step, as
shown in Figure 2(c) and Figure 2(f). Specifically, SS-PER-
DQN requires 5.0 ms per step in the Grid World setting and
5.3 ms in the Gazebo setting, compared to 3.1 ms for classic
DQN in both environments. This corresponds to an
incremental overhead of approximately 1.9-2.2 ms per step,
attributable to the stratified sampling and importance-
weighting procedures, confirming that the additional
computational cost of SS-PER-DQN does not significantly
impact real-time navigation performance. In the Gazebo
environment, the average planning time of SS-PER-DQN is 5.3
ms, slightly above the 3.1 ms achieved by plain DQN.

The additional observations from the qualitative path-
planning results in the Grid World, illustrated in Figure 3,
further exemplify the differences in behavior demonstrated
by each of the four path-planning approaches. DQN exhibits
frequent deviations and unnecessary turns in its paths due to
suboptimal behavior caused by ineffective experience replay
stemming from an inefficient priority scheme. The paths
produced by PER-DQN are smoother and exhibit less
redundant behavior than those of DQN; however, occasional
oscillations occur in local areas around obstacles because the
flat-priority scheme oversamples boundary regions. Both SS-
DQN and SS-PER-DQN generate paths as smoothly as PER-
DQN, although SS-DQN is slightly closer to the goal. This is
because SS-DQN has a higher success rate, enabling it to
generate a more optimal path on the grid. SS-PER-DQN shows
the best performance, both quantitatively and qualitatively,
as it generates a straight path that avoids clusters of obstacles.
These results are further discussed in Section 4, where they
are compared with recently published methods [13,21,25]
evaluated in similar robotic navigation environments,
providing additional external context for the reported success
rates.

3.4 Ablation study

To measure the contributions of each module in the SS-
PER-DQN framework individually, an ablation experiment is
conducted using two methods to exclude the contribution of
one or both modules, while keeping the remaining
parameters and neural network architecture constant. The
four variants of the framework tested include the complete
framework, which we refer to as SS-PER-DQN; another
variant, which we call SS-PER-DQN w/o SS, where the replay
buffer takes on the simple structure of PER-DQN, with the
removal of the stratified sampling framework; another
variant, referred to as SS-PER-DQN w/o PER, where the
replay buffer retains the stratified structure but uses simple
uniform sampling in each tier without any weighting by TD-
errors or importance sampling correction; and finally, SS-
PER-DQN w/o Both, where neither of the modules remains
and the framework becomes similar to the conventional DQN
model.
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SS-PER-DQN generates the shortest and most direct path, avoiding obstacle clusters with minimal deviation.

81

(¢) Grid World — Average Planning Time (ms)




Y. Zhang & S. Widyarto /Future Technology

Based on the results presented in Table 3, the removal of
the stratified sampling mechanism alone (w/o SS) brings
down the planning success rate from 94.5% to 82.5% for the
Grid World environment and from 89.0% to 75.0% in Gazebo,
while increasing the number of converging episodes from 280
to 420 and from 380 to 560, respectively. This demonstrates
that the stratified-tier approach to constructing the sample
space is crucial for balancing macro-sampling in light of
heterogeneity in experience qualities. On the other hand,
removing the prioritized replay approach alone (w/o PER)
leads to a different pattern of degradation, reducing planning
success rates to 88.0% for Grid World and 82.0% for Gazebo,
while delaying convergence to episodes 350 and 480,
respectively. Even though the stratified tiers scheme is
preserved in w/o PER, the lack of per-transition priority
weights means the algorithm cannot concentrate its gradient
steps on the most important boundary cases, because all
transition experiences within a single tier have equal
information weight. In this regard, the w/o PER variant shows
significantly better performance than w/o SS across most of
the measured metrics - this suggests that the stratified
sampling structure affects convergence speed, whereas
prioritized sampling helps achieve the highest success rate
and overall policy quality. The variant that removes both
components (w/o Both) corresponds to the standard DQN
case and yields the worst results across all measured metrics.

As shown in Figure 4, the curves depicting reward-slope
convergence for each ablation also provide insight into the
algorithm's learning dynamics. In both cases, the full version
of the SS-PER-DQN converges to the highest initial reward
slope and the fastest convergence to the plateau, whereas the
two partial ablations show intermediate convergence,
precisely capturing the missing pieces in their corresponding
versions. In particular, the gap between the full SS-PER-DQN
and the one without SS appears largest in the earlier phases
of training (episodes 100-400), indicating that the role of
stratified sampling becomes especially prominent in
bootstrapping learning when sparse experience is provided at
the start. To quantify this observation, the mean reward
slope- defined as the average rate of reward increase per
episode- was computed separately for the early phase
(episodes 1-400) and the late phase (episodes 401-1,000) of
training for each ablation variant in the Grid World
environment. The results are summarized as follows: in the
early phase, SS-PER-DQN achieves a mean reward slope of
approximately 0.021 reward units per episode, compared to
0.014 for SS-PER-DQN w/o SS (PER only) and 0.018 for SS-
PER-DQN w/o PER (SS only), representing a 50% and 17%
improvement, respectively, over the two partial ablations.

Table 3. Ablation study results
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This confirms that stratified sampling contributes
disproportionately to early-phase convergence by directing
the agent toward high-TD-error transitions during the initial
exploration phase. In the late phase (episodes 401-1,000), the
gap between SS-PER-DQN and SS-PER-DQN w/o PER widens
relative to the early phase, with SS-PER-DQN maintaining a
mean reward slope of 0.009 compared to 0.005 for the w/o
PER variant, an 80% difference, whereas the gap between SS-
PER-DQN and w/o SS narrows to approximately 15%. This
asymmetry in phase-specific performance gaps provides
direct quantitative support for the complementary roles of
the two components: stratified sampling drives early
convergence through macro-level tier selection, while IS
correction refines gradient quality in later training stages
through micro-level transition weighting. The gap between
the full version and w/o PER appears to widen during the
latter part of training (episodes 500-1000), suggesting that
importance-sampling correction of priorities further
improves the learned policy and helps avoid an inferior
plateau in rewards. Overall, the results presented in Table 3,
alongside those in Figure 4, suggest that both contributions-
stratified sampling and prioritized replay- are required.

4. Discussion

In general, the experimental results indicate that the
performance improvement of SS-PER-DQN over traditional
approaches stems from the interaction between its two
primary constituents, rather than from either constituent
alone. Stratification in buffer partitioning mitigates a major
limitation of plain experience replay algorithms by
accounting for the fact that data collected at each stage of
training has a distinct distribution in terms of informative
capacity. Previous research has shown that uniform sampling
introduces gradient multiplicity bias in off-policy RL, leading
to biased gradient estimates during training [27], a finding
corroborated in applied DRL contexts [28]. Stratification
eliminates such errors, improving both convergence rate and
final performance.

These results are supported by our experiment, as the
faster convergence of SS-PER-DQN compared to w/o SS in the
first stages of training demonstrates that stratification greatly
improves learning from the limited set of low-reward
experiences. This unique feature of ratio adaptation makes
the method more effective than fixed stratified sampling
methods, as it ensures that the sampling distribution evolves
with the agent's current learning state. This is supported by
the observation that buffer-layer informativeness shifts
during training: high-TD-error transitions dominate early
learning, whereas medium-priority transitions become more
valuable as the policy matures.

Variant Environment Success Rate (%) Avg Path Length | Convergence Episode Planning Time
(steps) (ms)
SS-PER-DQN (Full) | Grid World 94.5 23.4 280 5.0
SS-PER-DQN (Full) | Gazebo 89.0 31.7 380 5.3
w/o SS (PER only) | Grid World 82.5 27.2 420 3.8
w/o SS (PER only) | Gazebo 75.0 36.1 560 4.1
w/o PER (SSonly) | Grid World 88.0 25.8 350 4.5
w/o PER (SSonly) | Gazebo 82.0 34.2 480 4.8
w/o Both (DQN) Grid World 71.0 31.0 600 3.1
w/o Both (DQN) Gazebo 63.5 40.5 700 3.4
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Figure 4. Ablation study- individual module contribution analysis

Given the similarity between the ratio adjustment
concept and recent buffer classification schemes developed
for control optimization [29], it is evident that dynamic
stratification is not task-specific. Moreover, the experimental
findings indicate that IS correction is crucial even in stratified
sampling, since both methods correct the bias but on different
scales: stratified sampling acts at the macro-level of layer
distribution, whereas IS correction operates at the micro-
level of transition weighting.

This macro-micro distinction is further supported
quantitatively by the phase-specific reward slope analysis
presented in Section 3.4, which demonstrates that the
performance gap attributable to stratified sampling is
concentrated in episodes 1-400, while the gap attributable to
IS correction becomes more prominent in episodes 401-
1,000. The ratio of early-to-late-phase slope improvements
attributed to SS versus IS correction (approximately 3:1 in
favor of SS in early phases, then approximately 1:5 in favor of
IS in late phases) provides empirical support for the
theoretical claim that these two components operate at
complementary temporal scales during the learning process.

Compared with other approaches in the literature that
merge prioritization and attention techniques or actor-based
sampling heuristics into a single approach, SS-PER-DQN
achieves comparable results while being significantly simpler
from an architectural standpoint, requiring no additional
components beyond the basic DDQN network architecture.
Such simplicity will allow applying the proposed approach to
robotic systems operating in constrained computational
resources without sacrificing performance [30].

Planning Success Rate (%)

Cumulative Reward per Episode
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(b) Gazebo — Ablation Bar Comparison

I /o Both (DQN) 155
=1 w/o PER (SS only)

[ w/o SS (PER only) | 150
9.0 I SS-PER-DQN (Full)

100 |

40.5

Average Path Length (steps)

Success Rate (%) Path Length (steps)

(d) Gazebo — Ablation Convergence Curves

12 :
- - = = w/o Both (DQN)
w/o PER (SS only)
LA | fE— w/o SS (PER only) A=21 1
SS-PER-DQN (Full)

0 200 400 600 800
Training Episode

1000

To further contextualize the performance of SS-PER-DQN
relative to the broader literature, a comparison with recently
published methods evaluated on similar environments is
provided. Li et al. [25] reported a path planning success rate
of approximately 88.3% in grid-based environments using a
modified Dueling DQN augmented with prioritized
experience replay and artificial potential fields, which is
notably lower than the 94.5% achieved by SS-PER-DQN in the
Grid World setting of the present study, despite the former
method incorporating additional domain-specific heuristics
in the form of potential field guidance. This suggests that the
structured experience sampling strategy introduced in SS-
PER-DQN can achieve superior success rates through
improved replay efficiency alone, without relying on
environment-specific reward engineering beyond the shaped
reward function. In the continuous simulation domain,
Deguale etal. [13] reported a navigation success rate of 82.0%
in Gazebo-based mobile robot experiments using the PMR-
Dueling DQN algorithm, compared to 89.0% achieved by SS-
PER-DQN in the present Gazebo evaluation. While direct
comparison is limited by differences in experimental setup
across studies, the consistent improvement margins observed
in both environments suggest that SS-PER-DQN's benefits
generalize beyond the specific configurations tested here.
Furthermore, Zhang et al. [21] demonstrated that attention-
based prioritization combined with PER achieves competitive
convergence in complex grid environments, yet requires
additional network components for attention computation;
by contrast, SS-PER-DQN achieves comparable or superior
results while maintaining the standard DDQN architecture
without additional modules, confirming the architectural
efficiency noted in Section 2.

83



Y. Zhang & S. Widyarto /Future Technology

The per-step planning overhead does not exceed 6ms on
average, satisfying real-time requirements for robot
navigation. As one possible future research direction for the
approach, the transferability of the obtained policy to robotic
hardware warrants consideration. All experiments were
conducted in the simulation environment; therefore, it is
unclear whether the learned policy will transfer to a physical
setup. Domain randomization and the existence of the sim-to-
real gap, which refers to possible inconsistencies between
simulation and reality regarding sensor noise, actuation
dynamics, and stochasticity of the environment, are known
problems in robotics based on DRL [31]. Further research will
involve implementing the algorithm on a real TurtleBot3
platform through domain randomization and extending the
stratified buffer concept to the continuous action space by
integrating SS-PER-DQN with actor-critic approaches, such as
TD3 or SAC.

5. Conclusion

In summary, an innovative approach based on the idea of
combining DDQN with stratified sampling and prioritized
experience replay (SS-PER-DQN) is introduced in this paper.
This approach overcomes the two inherent drawbacks of
current state-of-the-art approaches that employ DQNs for
navigation by dividing the experience pool into three priority
classes based on TD-error values, using dynamically
controlled sampling ratios, and applying importance
sampling to remove distribution bias. The simulation results
in the Grid World and Gazebo environments reveal that SS-
PER-DQN attains a planning success rate of 94.5% and 89.0%,
outperforming conventional DQN, PER-DQN, and SS-DQN
under all criteria used in evaluation, with an absolute
planning time of 5.0 ms and 5.3 ms per decision step in the
Grid World and Gazebo environments respectively, and an
incremental computational overhead of approximately 2 ms
per step relative to the classic DQN baseline. Additionally,
ablation studies demonstrate that both the stratification
process and prioritized weighting significantly improve
overall performance. The former boosts early convergence
while the latter positively affects the final result of learning.
In future work, the application of the proposed method to
mobile robot navigation tasks in real-world environments
and its generalization to continuous actions will be explored.
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    𝒟  H =  {   e  i ∣   𝛿  i ≥   𝜏  H }


    𝒟  M =  {   e  i ∣   𝜏  L ≤   𝛿  i <   𝜏  H }


    𝒟  L =  {   e  i ∣   𝛿  i <   𝜏  L }
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  P ( i ) =     p  i  𝛼    ∑  k ∈   𝒟  j    p  k  𝛼


    p  i =   𝛿  i + 𝜖
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    p  t =   m a x  i ∈ D   p  i


    𝛿  t = | |   r  t + 𝛾 Q (   s  t + 1 ,   a ∗ ;   𝜃 − )


  − Q (   s  t ,   a  t ; 𝜃 ) |


  Tier (   e  t ) =  {      𝒟  H   if    𝛿  t ≥   𝜏  H     𝒟  M   if    𝜏  L ≤   𝛿  t <   𝜏  H     𝒟  L   if    𝛿  t <   𝜏  L

