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ZEYNEP SERTKAYA, JIANI ZHU 

Spatiotemporal Multi Agent Path Planning

ABSTRACT 

This study investigates the use of 
spatiotemporal path planning to enhance 
autonomous navigation in dynamic 
environments. The spatiotemporal path 
planning methodology proposes an 
approach for multiple mobile robot 
navigation based on predicting agent's 
near-future trajectory. The predicted 
trajectories are converted into a time series 
of cost maps which are used to guide the 
agent to a desired point in space and avoid 
where collision in future might occur. 

The primary research question focused 
on whether spatiotemporal path planning 
could improve navigation efficiency and 
safety. Initial tests showed that with the 
algorithms to incorporate the probability 
distribution of displacement, the system 
demonstrated a 36.75% reduction in 
motion time and improved collision 
avoidance capabilities. These results 
confirm the effectiveness of spatiotemporal 
path planning in optimizing autonomous 
movement in complex scenarios.

 
 
 
The project’s findings are consistent with 
similar research, such as the work by Sato 
et al. (2023), which also demonstrated 
improved performance using trajectory 
prediction and spatiotemporal planning in 
environments with pedestrians. Future 
work will focus on incorporating advanced 
machine learning models, scaling the 
system for more complex environments, 
and conducting real-world tests to further 
validate the approach. Overall, this 
research shows that spatiotemporal path 
planning is a viable strategy for enhancing 
the efficiency and safety of autonomous 
systems, making it applicable to various 
fields including robotics, urban 
transportation, and industrial automation. 
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1. Introduction 

Future developments of robotics require 
robots to coexist in a shared environment and 
operate with each other. Multi-agent systems 
explore the challenge to control the 
communication, coordination, and 
collaboration between multiple robots 
operating together in complex and dynamic 
environments. With the increased number of 
agents, or non-stationary obstacles, such as 
other robots or moving objects, the 
dimensionality of the problem and the 
complexity of computation for obstacle 
avoidance grows exponentially. Our main 
objective is to outline a methodology for 
mapping displacement predictions with time 
layer based on agent observations. This 
allows us to operate on a gridworld with the 
added time dimension, and track dynamic 
obstacles in possible near-future states [1]. 
Therefore, in this research, the term 
spatiotemporal path planning refers to the 
integration of spatial and temporal data to 
represent dynamic positions of agents and 
obstacles to map all near-future states and 
plan the optimal path for the agent.  

We commence with the research questions  
• How can spatial and temporal 

interpolation with Hermite cubic 
splines 

• How are displacement predictions 
effectively converted into a time series 
of cost maps to navigate an agent in a 
dynamic environment?’  

We built our research and this paper, on three 
foundations: (i) literature review and current 
developments, (ii) creating a research 
methodology, (iii) prototyping and conducting 
quantitative analysis with a test setup to 
experiment the proposed approach. Thus, the 
following result is derived: converting 
displacement predictions of dynamics 
obstacles into a time series of cost maps 
significantly reduces computation payload for 
agent’s path plan and yield improved 
robustness in the navigation.  

2. Literature review 

Research on path planning methodologies for 
robots operating in dynamic environments 
has explored various solutions [1–5]. There 
are studies that propose methods for 
navigating environments with single or 
multiple dynamic obstacles, single or multiple 
agents, and finding optimal shortest path 
while considering various constraints. It must 
be remembered that the scenario proposed in 
each research is unique and therefore 
requires a specific solution. 

2.1 Approaches for Dynamic 
Environments 

Traditional motion planning algorithms in 
dynamic environments, such as A* search or 
dynamic window, often rely on currently 
observed information [6] and complex 
optimization problems [7] that struggle to 
effectively offer a solution when the number of 
dynamic agents increases [8], and their 
stationary model-based approach requires 
the path planning to be recalculated from 
scratch in the case that a deviation occurs in 
the environment. For example, the dynamic 
window approach usually assumes that all 
obstacles observed in the present remain 
stationary; consequently the agent may try to 
move into areas that will be occupied by a 
dynamic obstacle in the future. In this case, 
the agent would have to freeze or make a 
sharp turn, and restart fresh to reach the goal 
position. In order to realize smooth motion in 
a multi agent environment, future trajectories 
of obstacles must be considered [9]. 

2.2 Learning Based and Prediction 
Based Methods 

Recent research has explored learning- and 
prediction-based methods to address the 
limitations of model-based planning 
frameworks in the complex and real-world 
scenarios [10]. Liu et al. [11] propose a 
decentralized structural recurrent neural 
network (DS-RNN) that stores the time-series 
data as a hidden state vector in the RNN [11] 
and used as the input to the controller. Dugas 
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et al. [12] proposes an end-to-end path 
planner using LiDAR data or local maps as 
inputs and outputs velocity commands. They 
represent the LiDAR data of robot’s local 
environment as vectors in space by combining 
auto-encoders and transformers, to be able to 
transform the non-numerical data into 
numerical data, which is then used as the 
input to the controller supported with deep 
reinforcement learning (DLR). However, 
implementing a controller that handles all 
state probabilities takes significant 
computation and training, and in addition, the 
DLR method only determines the next action, 
and is therefore short-term. 

2.3 Spatial and Temporal Analysis 
Implemented Methods 

Time Enhanced A* search [13] is a multi-robot 
path planning using future occupied states, 
and it allows each agent to recognize the area 
it will occupy at each point by determining 
search priorities of the agents. While this 
approach provides a long-term planning 
strategy in the field of multi-agents, as the 
number of agents and missions increases, the 
prioritization of path search requires greater 
computation, resulting in suboptimal 
robustness. 

D* (Dynamic A*) is an advanced path planning 
algorithm that extends the A* search algorithm 
to handle dynamic changes in the 
environment efficiently. It recalculates paths 
in real time when obstacles are encountered 
or when the environment changes [14–16], 
making it well-suited for applications where 
the map or terrain is not fully known in 
advance or is subject to changes. D* 
considers spatial aspects by finding the 
shortest path to the goal and adapting that 
path when obstacles appear. However, while 
D* can react to changes in real time, it 
primarily focuses on spatial adjustments 
rather than incorporating a predictive model 
that anticipates future states of the 
environment [2, 17]. In contrast, 
spatiotemporal path planning integrates both 
spatial and temporal analysis by predicting the 
future positions of obstacles [18] and 
dynamically adjusting the path based on those 

predictions. This allows spatiotemporal 
methods to proactively plan for potential future 
collisions rather than just reacting to present 
obstacles, offering a more comprehensive 
approach to navigation in highly dynamic 
environments. 

Our research builds on existing research by 
trajectory prediction of dynamic obstacles, 
however, diverges with the implementation of 
Hermite cubic spline interpolation in spatial 
and temporal layers. 

3. Research methods 

Our method exploits the agent’s observations 
to generate probability distributions for 
displacement of obstacles, which is then 
mapped as displacement predictions. In the 
initial step, the agent’s position is estimated in 
gridworld coordinates from sensory input. 
After localization of the agent, obstacle 
observations in robot’s coordinate system are 
transformed to gridworld coordinates with the 
added parameters: time t, obstacle ID h, 
position (x,y). From this point onward, the time 
value t is the representation of future time 
intervals with t = 0 being the current time. To 
predict trajectories of obstacles in future time 
intervals, we employ a combination of sparse 
graph convolution network (SGCN) and 
Hermite cubic spline interpolation (HCSI) in 
spatial and temporal dimensions. 

3.1  Step 1: Finding Future Positions 
of Obstacles with Sparse Graph 
Convolution Network (SGCN) 

The network focuses on capturing the 
interactions among obstacles by modeling 
them as a sparse graph where each node 
represents an obstacle [19], and edges 
represent interactions. The network 
generates multiple displacement probability 
distributions for each obstacle. These 
distributions are then mapped as discrete 
point estimates which represent future 
positions of obstacles at future time intervals. 
This step estimates where each obstacle will 
be located at a certain time step. 
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3.2 Step 2: Creating Trajectories by 
Interpolating Between Points with 
Hermite Cubic Spline 

This step models the motion of obstacles by 
generating knots between two consecutive 
points of positions, and creating smooth 
curves of motion. After SGCN provides 
discrete point estimates for predicted future 
positions of obstacles, we must interpolate the 
discrete points into continuous curves for 
smooth transitions. To achieve this, first we 
define consecutive points and their first 
derivatives. 

3.2.1  Defining Consecutive Points 
and Their First Derivatives 

The sequence of predicted positions for each 
obstacle, which are denoted as 
(𝑥0, 𝑦0), (𝑥1, 𝑦1), … (𝑥𝑛, 𝑦𝑛) where 𝑛 represents 
the time step, are used to calculate the first 
derivative (or the tangents) at each point. This 
information gives us the direction of the 
movement. 

3.2.2 Constructing the Hermite 
Cubic Spline 

For each segment between consecutive 
points in the predicted paths generated by 
SGCN, Hermite Cubic Spline Interpolation 
(HCSI) is employed.  

Hermite splines use four basis functions 
𝐻1, 𝐻2, 𝐻3, 𝐻4 to interpolate between points. 

𝐻1(𝑡) = 2𝑡3 − 3𝑡2 + 1 

𝐻2(𝑡) = −2𝑡3 + 3𝑡2 

𝐻3(𝑡) = 𝑡3 − 2𝑡2 + 𝑡 

𝐻4 = 𝑡3 − 𝑡2 

Using these basis functions, we compute the 
position 𝑃(𝑡) on the spline between 𝑃𝑖 and 
𝑃𝑖+1 so: 

𝑃(𝑡) = 𝐻1(𝑡)𝑃𝑖 + 𝐻2(𝑡)𝑃𝑖 + 1 + 𝐻3(𝑡)𝑇𝑖

+ 𝐻4(𝑡)𝑇𝑖 + 1 

where t varies from 0 to 1 for each segment. 
P(t) provides the curve between 𝑃𝑖 and 𝑃𝑖+1 
and ensures the paths are continuous and 
there aren’t abrupt or sudden changes in 
obstacle trajectories. Overall, the Hermite 

Cubic Spline H(t) for a segment between P0 
and P1 with tangents T0 and T1 is given as: 

𝐻(𝑡) = (2𝑡3 − 3𝑡2 + 1)𝑃0 + (𝑡3 − 2𝑡2 + 𝑡)𝑇0

+ (−2𝑡3 + 3𝑡2)𝑃1

+ (𝑡3 − 𝑡2)𝑇1 

3.3 Step 3: Spatiotemporal Mapping 

3.3.1 Creating the Spatial Layer as 
Gridworld 

Initialized with a 2D grid environment where 
each cell represents a specific area in the x-y 
plane and holds information about obstacle 
presence, uncertainties, etc. The resolution of 
this grid (i.e., the size of each cell) is chosen 
based on the agent’s accuracy and the 
density of the obstacles. 

3.3.2 Addition of the Temporal Layer 
The 2D spatial grid is extended into a third 
dimension in z-direction which represents the 
layers of time. Each layer in z-direction 
corresponds to a specific time step. For 
instance, if predictions are made every 0.1 
seconds, each layer would represent the state 
of the environment at that specific future time 
(t=0, t=0.1, t=0.2, ...). The maximum number 
of layers (or the depth of the grid) is 
determined by the prediction horizon (e.g., up 
to 2 seconds into the future). 

3.3.3 Populating the Grid with 
Obstacle Position Predictions 
(Combining Spatial and 
Temporal Data with the 
Gridworld) 

In the previous steps, we have already 
achieved these:  

• Using the Sparse Graph Convolution 
Network (SGCN), predicted future 
positions of obstacles are generated. 
These predictions are made at 
discrete time intervals and provide 
spatial coordinates for each obstacle 
at each future time step. 

• HCSI (Hermite Cubic Spline 
Interpolation) is applied to these 
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discrete points to smooth the 
trajectories and create continuous 
paths. The smoothed paths are then 
used to update the grid. 

After continuous trajectories are generated 
with HCSI, each path segment is assigned to 
the corresponding grid map based on its 
predicted time frame. Each time step has its 
own grid layer, and the occupancy 
probabilities from smoothed paths are 
projected into these layers. For example, 
predictions for 1 second into the future would 
update the grid for t=1. 

3.4 Step 4: Mapping Cell Occupancy 
Probability 

For each time step, the predicted pedestrian 
positions are translated into probability 
distributions. This can be visualized as a 
heatmap where each grid cell is assigned a 
probability value indicating the likelihood of a 
pedestrian being present in that cell. The 
occupancy probability is higher near the 
predicted pedestrian positions and gradually 
decreases with distance. This distribution 
accounts for potential deviations in pedestrian 
movement, providing a buffer against sudden 
changes in direction. 

Obstacle distribution 𝑂𝑡 at time t in the 
gridworld coordinates is formulated as the 
sum of the Oths for each obstacle with the 
equation below: 

𝑂𝑡 = σ1 ∑ 𝑂𝑡ℎ

ℎ∈𝐻

 

𝑂𝑡ℎ = σ2 ∑ 𝑂𝑝𝑡ℎ

𝑠∈𝑆

(𝑥 − 𝑥ℎ𝑠, 𝑦 − 𝑦ℎ𝑠) 

(𝑥ℎ𝑠, 𝑦ℎ𝑠) ∼ 𝑃(𝑡−1)ℎ 

3.5  Step 5: Creating a Cost Map for 
Path Planning 

Each cell in the spatiotemporal grid is 
assigned a cost value based on its occupancy 
probability. Occupied cells are assigned the 
highest cost (avoided by the path planner), 
caution cells are assigned intermediate costs 
(areas with lower probability of obstacle 
presence) and free cells are assigned the 
lower cost (preferred by the path planner). 
Uncertainties are treated as no-go buffer 
zones. The cells are defined by three cost 𝑐(𝑙) 
types as shown below: 

𝑐(𝑙)

= {

𝐶0 𝑖𝑓 𝑂𝑐𝑐𝑢𝑝𝑖𝑒𝑑(𝑑 ≤ 𝑟𝑝 + 𝑟𝑏)

𝐶𝑐 𝑖𝑓 𝐶𝑎𝑢𝑡𝑖𝑜𝑛(𝑟𝑝 + 𝑟𝑏 ≤ d ≤ rp + 𝑟𝑏 + 𝑏)

𝐶𝑓 𝑖𝑓 𝐹𝑟𝑒𝑒(𝑟𝑝 + 𝑟𝑏 + 𝑏 ≤ 𝑑)

 

3.6 Step 6: Searching Through 
Spatiotemporal Layers 

The agent searches through these 
spatiotemporal layers to find a path from its 
current position to the goal. STP4 considers 
the costs across both spatial and temporal 
dimensions, ensuring that paths avoid future 
obstacle-occupied spaces. The path planner 
evaluates paths that extend into the future, 
checking each time layer for potential 
obstacles. This enables the robot to 
preemptively avoid areas that will be occupied 
by obstacles. 

1 

2 

3 

Table 1: Experimental Settings 

Number of dynamic obstacles 2 

Agent Mobile Robot 

Microcontroller Raspberry Pi 3 

Motion Capture MotionAnalysis Eagle x 18, Parallax 28015 

Agent Motion Stop, Straight, Autonomous Navigation 
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The prototyping process combines hardware 
and software components. Our system 
consists of three mobile robots and Raspberry 
Pi. The main algorithm runs on the Raspberry 
Pi on the main robot. The experimental 
settings are summarized in Table 1. 

3.7 Concept development 
The proposed experiment focuses on three 
mobile robots. The goal is to navigate the 
agent with a path plan which is updated in the 
presence of two dynamic constraints. The test 
was first conducted in a simulation 
environment and was designed in a mission 

area with three mobile robots, with one of 
them as the main agent and the other two as 
dynamic constraints. The mission area was 
confined to 65x65 fields in width and depth. 
Each individual field is 50x50 centimeter in 
size. Only the start and end goal were known 
to the agent.  

3.8 Prototype development 
The system architecture, as shown on Figure 
2, integrates hardware components, 
microcontroller units, and software setup. A 
camera and ultrasonic sensor provide real-
time environmental data, which is processed 

Figure 1: Simulation environment 

Figure 2: System Architecture 
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through electrical circuits and servo motors to 
control the movement of multiple robotic 
agents. Raspberry Pi serves as the central 
processing unit, running locally trained 
models based on Sparse Graph 
Convolutional Networks to interpret sensor 
data and make path planning decisions using 
Python and C++ programming languages. 
Additional robotic agents are controlled via an 
Arduino microcontroller, demonstrating a 
coordinated multi-agent setup. 

3.8.1 Hardware Assembly  
The base structure of the robot includes a 
metallic chassis with mounting brackets for 
securing components. The main agent’s 
chassis pieces were assembled, and 
Raspberry Pi was connected to the electrical 
circuit board. LiDAR, ultrasonic, and 
greyscale sensors were mounted on the 
robot. While the main agent is controller by 
Raspberry Pi, the secondary robots (that were 
used as dynamic constraints) were controlled 
by CyberPi and Arduino. 

Raspberry Pi as central processor is mounted 
on the robot's chassis connected to the 
electrical circuit board that controls the 
electrical connections for motor, servo, 
camera, and so on. Raspberry Pi also handles 
sensor data processing and control signals for 
navigation and motion. Two direct current  

(DC) motors produce mechanical force, while 
three servo motors control rotation and 
angular movement, and control of the camera. 
Servos provide the robot with the ability to 
adjust its sensors dynamically based on 
environmental feedback. 

The microcontroller board must be connected 
to a power supply unit, in the project a battery 
pack was used. The necessary circuitry 
includes various connections for interfacing 
sensors and actuators. Mounted at the front of 
the robot, the camera is used for visual input, 
capturing images or video for object detection, 
mapping and localization tasks. The camera 
is crucial for interpreting the environment and 
making informed path-planning decisions. 
The ultrasonic sensor is positioned beneath 
the camera, and is used for distance 
measurement, providing real-time feedback 
about obstacles or changes in the 
environment. It sends out ultrasonic waves 
and measures the time taken for the echo to 
return, allowing the robot to detect nearby 
objects and avoid collisions.  

 

Figure 3: Robot chassis, camera, ultrasonic sensor, raspberry pi connection, electrical board 
connections 
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Figure 4: Raspberry Pi controls the primary robot 

 
Figure 5: CyberPi controls the secondary robots 

After installing the Raspbian OS on the 
Raspberry Pi, the camera module is 
connected to the Raspberry Pi's camera 
interface port. The ultrasonic sensor is 
attached to the GPIO pins, ensuring that the 
power, ground, and data lines are correctly 
wired. The Raspberry Pi will handle the main 
computational tasks, including image 
processing and running the trained model. 

Arduino was connected to the Raspberry Pi 
via a USB connection for serial 
communication. Servo motors were wired to 
the Arduino's PWM-capable pins for control. 
DC motors were connected to motor drivers, 
which are then interfaced with the Arduino for 
movement control of the agents with motor 
control signals. 

3.8.2 Software Setup  
On the Raspberry Pi, install the necessary 
Python libraries as given in Table 3 below 
using pip, such as OpenCV for image 

processing, NumPy for data handling, and 
PyTorch for running the machine learning 
model. 

3.9 Prototype demonstration 
The test concept involves demonstrating 

the interaction between two robotic agents, 
Agent-1 and Agent-2, as they navigate 
towards a designated goal point. The 
objective is to evaluate how Agent-1 adjusts 
its speed and trajectory in response to the 
movement of Agent-2, which moves at a set 
motor speed. The test aims to observe 
whether Agent-1 can effectively use a 
spatiotemporal path planning algorithm to 
predict and avoid potential collisions based on 
the probability distribution of displacement. By 
analyzing the behavior of the agents under 
different conditions, the experiment seeks to 
refine and validate the effectiveness of the 
path planning and collision avoidance 
strategies employed. The experiment aimed 
to improve real-time responsiveness and 
ensure more accurate trajectory predictions. 

4. Scientific results and 
discussion 

4.1 Results and discussion 
In the initial test, Agent-2 is put in motor 

motion of 60RPM. As demonstrated in Figure-
6 that, it was observed that Agent-1 attempted 
to adjust its speed based on the probability 
distribution of displacement, however, did not 
manage to bridge the distance in time, and 
collided with Agent-2. 

After adjustments in the algorithm and the 
mathematical calculations, as seen in Figure-
7, the speed adjustment of Agent-1 was 
improved and the robot bridged the distance 
between start and terminal points, resulting 
the test positively. 

Figure-10 shows the comparison of motion 
time and the kinematic profiles between 
regular motion and path planner motion. The 
top row shows the position over time, with the 
path planner achieving reduced motion time to 
1.63s compared to regular motion of 2.57s. 
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Component Amount  

Robot Chassis Pieces 14  

LiDAR Sensor 1  

Ultrasonic Sensor 1  

Greyscale Sensor 1  

Raspberry Pi 1  

Arduino 2  

Servo Motors 3  

DC Motors 2  

Electrical Circuit 1  

Wires   

 

Table 2: Hardware Components 

Figure 6: Testing (Agent-2 left, Agent -1 right)  Figure 7: Positive result of the test 

Figure 8:  Due to faults in probability distribution, 
Agent-1’s displacement was cut off before 
completion due to incorrect increase in its velocity 
and collision with Agent-2 

Figure 9: The probability distribution was corrected 
and Agent-1 managed to cross the distance in time 
to avoid collision with Agent-2 
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The bottom row displays position, velocity, 
acceleration, and jerk, indicating that the path 
planner allows higher velocity and 
acceleration limits, leading to faster 
completion. The results of the experiment 
show the difference between regular motion 
and the motion improved with the path 
planner. Over the course of 20 trials, the 
spatiotemporal path planning model achieved 
a reduction in motion time by 36.754% as 
calculated so: 

𝑀𝑜𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 

=  
2.57215 − 1.62677

2.57215
× 100 

0.94538

2.57215
× 100 =  36.754466 

In the given scenario and the specific 
positions of the agent and the constraint, the 
spatiotemporal path planned motion reached 
the terminal position in a shorter time frame. 
This indicates that the path planner can 
significantly reduce motion time by permitting 
higher velocity and acceleration within 
specified constraints, thereby optimizing the 
overall efficiency of the motion while still 
adhering to safety and performance limits. 

The finding shows that optimizing path 
planning with the spatiotemporal method 
improves navigation efficiency and can adjust 
to real-time changes in dynamic constraint 
trajectories. 

The application of path planning in 
environments with high dynamicity, such as 
spaces with non-stationary constraints or 
other robots, enable a mobile robot to 
navigate smoothly in dense crowds, avoiding 
abrupt movements and optimizing travel 
paths. our approach demonstrated that 
allowing higher velocity and acceleration 
constraints through path planning can lead to 
significant time savings without compromising 
safety or stability. These findings have direct 
implications for autonomous systems in urban 
mobility, robotics, and other applications 
where efficient and reliable navigation is 
critical. 

The research supports that broader 
application of spatiotemporal path planning 
techniques, particularly in scenarios 
anticipating future positions of moving entities 
(e.g., public spaces, various active robots in 
the environment, or other forms of dynamic 
constraints) were helpful for optimizing 

Figure 10: Comparison of motion time(top row) and kinematic profiles(bottom row) between regular 
motion(left side) and path planner motion(right side) 
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navigation paths. By combining predictive 
models with path planning, as demonstrated 
in both studies, autonomous systems can 
achieve higher efficiency, reduce potential 
collision risks, and maintain smooth operation 
in complex environments. Future research 
may further explore integrating these methods 
to handle even more diverse and 
unpredictable scenarios, enhancing the 
robustness and adaptability of navigation 
systems. 

5. Discussion 

The spatiotemporal path planning project 
demonstrated the effectiveness of integrating 
advanced sensing, real-time data processing, 
and adaptive control strategies in 
autonomous robotic navigation. Through a 
series of tests and experiments involving 
multiple agents, the project successfully 
showcased the potential of combining 
hardware components like cameras, 
ultrasonic sensors, Raspberry Pi, and Arduino 
microcontrollers with sophisticated algorithms 
to achieve reliable and efficient navigation in 
dynamic environments. 

The primary research question addressed 
in this project was: Can spatiotemporal path 
planning techniques significantly improve the 
efficiency and safety of autonomous 
navigation in dynamic environments? Based 
on the experimental results and analysis, the 
answer is positive. The use of spatiotemporal 
path planning, incorporating real-time 
adjustments to speed and trajectory based on 
environmental changes, led to a notable 
reduction in motion time and improved 
collision avoidance capabilities. These 
improvements confirm that spatiotemporal 

path planning can optimize the movement of 
autonomous agents, enhancing both 
efficiency and safety. 

One of the critical findings of this project 
was the significant improvement in motion 
time and collision avoidance achieved by 
using a path planning algorithm that leverages 
spatiotemporal data. The comparison 
between normal motion and path-planned 
motion revealed that incorporating higher 
velocity and acceleration constraints led to a 
reduction in motion time by approximately 
36.75%. These results validate the 
effectiveness of real-time path planning and 
prediction models in optimizing the 
performance of autonomous systems. 

The project also highlighted the importance 
of fine-tuning the mathematical models and 
algorithms that control agent behavior. Initial 
tests showed that, without precise 
adjustments, Agent-1 struggled to avoid 
collisions with Agent-2, underscoring the 
necessity for accurate prediction and timely 
speed adjustments. Subsequent refinements 
to the algorithm improved the system's ability 
to predict movements based on the probability 
distribution of displacement, allowing Agent-1 
to adjust its speed more effectively and avoid 
collisions. This iterative approach to algorithm 
development was crucial in enhancing the 
system's robustness and reliability. 

Spatiotemporal path planning techniques 
could be applied in urban settings for 
autonomous vehicles, where predicting the 
movements of pedestrians and other vehicles 
is critical for safety and efficiency. In industrial 
automation, such systems could optimize the 
movement of robotic arms or mobile robots in 
manufacturing environments, reducing 
downtime and improving productivity. 

Despite the successes, the project also 
faced several challenges. One primary 
challenge was the accurate prediction of 
dynamic obstacles, especially in scenarios 
involving sudden changes in speed or 
direction. While the improved algorithm 
showed better performance, there is still room 
for enhancing the prediction accuracy, 
particularly in highly dynamic or unpredictable 
environments. Future work could focus on 
integrating machine learning models that can 
learn from past experiences and adapt to new 
situations more effectively. Techniques such 
as deep reinforcement learning and neural 

Figure 11 Comparison of motion time and 
kinematic profiles  
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network-based prediction models could 
provide more robust solutions. 

Recommendations for Future Work 
Future research should focus on the 

following areas to enhance the capabilities 
and applicability of spatiotemporal path 
planning: 

1. Integration of Machine Learning 
Models: Incorporating machine 
learning techniques, such as deep 
reinforcement learning or neural 
networks, could improve the system's 
ability to predict and respond to 
complex, dynamic environments. 
These models can learn from past 
experiences and improve their 
accuracy over time. 

2. Scalability: Expanding the system to 
handle multiple agents in more 
complex environments is essential for 
practical applications. Future work 
should explore the coordination of 
multiple autonomous agents, ensuring 
they can navigate efficiently without 
collisions in crowded or unpredictable 
settings. 

3. Real-world Testing: While the current 
project focused on controlled 
experimental setups, future research 
should include testing in real-world 
scenarios, such as urban 
environments with pedestrians and 
vehicles. This would provide valuable 
insights into the system's robustness 
and adaptability under real-world 
conditions. 

4. Improvement of Sensor Integration: 
Enhancing the quality and integration 
of sensors, such as using more 
advanced LiDAR or depth cameras, 
can provide better environmental 
perception, improving the accuracy of 
path planning and collision avoidance. 

5. Long-term Adaptation and 
Learning: Developing algorithms that 
allow the system to adapt and learn 
over the long term would be beneficial. 
This could involve the continuous 

updating of path planning strategies 
based on the evolving behavior of 
obstacles and agents within the 
environment. 

Another area for future research involves 
scaling the system to handle more complex 
environments and multiple agents. As 
demonstrated in the research by Sato et al. 
(2023), handling dense crowds requires 
sophisticated coordination among multiple 
agents. Extending the current project to 
include more agents and more complex 
interactions could provide valuable insights 
into the scalability and flexibility of the 
proposed path planning techniques. 

6. Conclusion 

In conclusion, this project demonstrated the 
potential of spatiotemporal path planning in 
enhancing the performance and safety of 
autonomous robotic systems. By integrating 
real-time sensing, adaptive control, and 
predictive modeling, the system was able to 
navigate dynamically changing environments 
effectively. The findings provide a solid 
foundation for further research and 
development in autonomous navigation, with 
the potential to impact various industries and 
applications. Continued advancements in this 
field will likely lead to more intelligent, 
efficient, and safe autonomous systems, 
capable of operating in increasingly complex 
and dynamic real-world scenarios. 

The knowledge gained from this project 
lays a foundation for further exploration and 
development in autonomous navigation. By 
addressing the identified areas for 
improvement and expanding the scope of 
testing, future research can build upon these 
findings to create more intelligent, responsive, 
and adaptable autonomous systems. As the 
technology continues to advance, the 
potential for safe and efficient autonomous 
navigation in increasingly complex real-world 
scenarios will become a reality, contributing to 
advancements in automation and the broader 
application of autonomous technologies. 
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