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Abstract
Random Dynamical Systems (RDS) are a powerful method for utilising mathematics 

to characterise and comprehend systems influenced by uncertainty and randomness. RDS 
are very important for self-driving cars because they help make decisions easier, plan routes 
better, and make the whole process safer.  Self-driving cars need to learn how-to drive-in 
places that change all the time, like when the weather changes, the traffic patterns change, or 
the noise from sensors changes. RDS makes guidance more reliable and useful, which helps 
these cars get ready for and deal with these kinds of unknowns. In this field, RDS is used to 
make random control methods, real-time adaptive planning, fault-tolerant systems, and other 
things. These methods help self-driving cars get ready for problems, change their routes on 
the fly, and keep working well even when things go wrong. By combining experience and 
data, the RDS-based models make it easier to use machine learning methods to improve 
guidance strategies over time. RDS will be an important part of solving the problems that 
come up in the real world as technology for self-driving cars gets better.  In the long run, this 
will make transportation systems safer and more efficient.
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1. Introduction  
One of the hardest and most constantly changing parts of modern 

engineering is guiding self-driving cars [1]. It needs systems that can work well 
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in a lot of different situations that are hard to guess [2]. Random Dynamical 
Systems (RDS) are a robust mathematical instrument for tackling these 
challenges, as they are specifically formulated to model and analyse the 
behaviour of inherently stochastic and ambiguous systems [3] [4]. RDS helps 
driverless cars make better decisions, plan better routes, and keep people safe. 
Autonomous cars have to drive in places where the weather, traffic, road 
conditions, and sensors that don't work right can all make things very 
unpredictable. These cars can get ready for and deal with these kinds of 
unknowns thanks to RDS-based models, which makes sure they work reliably 
[6]. In the real world, RDS are used to make algorithms for random control, 
real-time adaptive planning, and guidance systems that can still work when 
things go wrong [7]. Self-driving cars can change their routes based on real-time 
data thanks to these methods. This helps them predict problems and lower their 
risks [8]. As technology for self-driving cars gets better, it will be very 
important to use RDS to get around the unpredictable nature of real-world 
settings. This will help transport systems work better and more reliably [9]. Self-
driving cars can be more flexible, durable, and good at their jobs when RDS and 
advanced computing methods work together. 

2. System Modeling and Identification 
In the first step of System Modeling and Identification for driverless car 

guidance, we create a detailed mathematical model that shows how the vehicle 
moves [10]. There are predictable parts in this model, like the vehicle's 
movement equations and control inputs, and random parts that consider how the 
world affects the vehicle and any unknowns [11]. The model specifically 
includes equations for how the car moves, control rules for turning, speeding up, 
and slowing down, and how outside factors like road conditions and air forces 
affect the model. At the same time, we find and measure the main sources of 
chance and doubt that affect how well the car works. Some of these are sensor 
noise, which affects the accuracy of data from GPS, lidar, and cameras; 
changing traffic conditions, which make it hard to predict how vehicles will 
interact with each other; and natural factors, like weather changes and 
differences in the road surface. 

3. Stochastic Control Algorithm Development: 
During the Stochastic Control Algorithm Development phase, we create 

controls that can handle random inputs and find the best direction and speed for 
the car when there is doubt. Because sensor data, road conditions, and external 
factors are all random, these processors use stochastic control theory to deal 
with them [12]. The main goal is to create programs that can change the path of 
the car on the fly to make sure it is safe and efficient. Putting in place Model 
Predictive Control (MPC) systems that include Random Dynamical Systems 
(RDS) is a key part of this step. At each time step, the MPC method solves an 
optimization problem to guess what will happen in the future and figure out the 
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best way to control things over a range that is getting smaller. This is how the 
optimization problem can be written: 

        * ∑ (                      
 ) 

   + 
depending on how the system works:  

                    
The state vector at time t is shown by   , the control inputs are shown by 

  , the reference state is shown by      , the weighting matrices are Q and R, the 
state transition function is f, and the process noise is shown by   . The 
randomness of the system is reflected in the expectation E. By using RDS, the 
MPC framework can guess and adapt to unknowns, making sure the car can still 
travel safely and efficiently even when conditions aren't known.  

Stochastic Control using Model Predictive Control (MPC) is as follows 
and also represented in Figure 1. 

Step 1: Initialization 
 Set Initial Conditions: Define initial state x0 and control input u0. 
 System Parameters: Specify state transition function f(xt, ut), weighting 

matrices Q and R, and process noise wt . 

Step 2: System Modeling 
 Model Dynamics:  

                  
 Quantify Uncertainties: Identify sensor noise, traffic variability, and 

environmental factors. 

Step 3: Formulate Optimization Problem 
 Objective Function: Minimize:  

        * ∑ (                      
 ) 

   + 
 Constraints: Include vehicle dynamics and safety constraints. 

Step 4: Predict Future States 
 State Prediction: Predict future states over horizon T considering stochastic 

nature. 

Step 5: Solve Optimization Problem 
 Optimization Solver: Compute optimal control inputs ut. 

Step 6: Apply Control Inputs 
 Implement Control: Apply the first control input . 
 Recede Horizon: Shift prediction horizon forward. 
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Figure 1 

Illustration of system Architectural diagram of proposed model 

4. Real-Time Adaptive Planning  
During the Real-Time Adaptive Planning process, we create planning 

systems that can change the vehicle's direction on the fly based on real-time data 
and changing situations. These plans use monitor data in real time to change the 
path of the car, making sure it can adapt to changes in traffic, weather, and road 
conditions. A real-time planning problem is solved by the core algorithm: 

       (    { }                   ) 
while changing limits are in place: 

                      
The state vector is    and the control inputs are   . The reference state is 

    . The state transition function is f, and the process noise is   .We use 
machine learning methods like reinforcement learning and continuous learning 
to make the system more flexible. The car constantly improves its planning 
methods based on what it has learned from past events. Based on observed 
awards (r) and stages (s), the learning program changes policy  :  

                 [     ] 
                                     . The system gets better at making 
decisions over time thanks to this iterative process, which makes guidance faster 
and safer.  

 5. Result ad Discussion 
The performance table (1) presents key metrics evaluating the Stochastic 

Control Algorithm using Model Predictive Control (MPC) for autonomous 
vehicle navigation. The Mean Squared Error (MSE) is 0.035, indicating the 



2372� K. SHIPRA ET AL.

average squared difference between predicted and observed values is relatively 
low, reflecting good prediction accuracy as shown in table 1.  

 
Table 1 

Performance metric of Stochastic Control algorithm 

Metric Values 
Mean Squared Error (MSE) 0.035 
Root Mean Square Error (RMSE) 0.187 
Path Deviation (PD) 1.15 m 
Control Input Variance (CIV) 0.008 
Computational Time (ms) 120 

 
The Root Mean Square Error (RMSE) is 0.187, demonstrating a moderate 

magnitude of prediction errors. Path Deviation (PD) is 1.15 meters, suggesting 
that the vehicle's actual path deviates from the planned trajectory by this amount 
on average, which is acceptable for practical navigation scenarios, illustrate in 
figure 2. The Control Input Variance (CIV) of 0.008 highlights stable control 
inputs, ensuring consistent vehicle behaviour. Finally, the Computational Time 
is 120 milliseconds, showing that the algorithm is efficient enough for real-time 
application. Overall, these metrics indicate that the algorithm performs well in 
maintaining accurate, stable, and efficient navigation despite the presence of 
uncertainties. 

 

 
Figure 2 

Representation of Performance metric of Stochastic Control algorithm 
 
The performance table (2) shows how well the improved Stochastic 

Control Algorithm works with Model Predictive Control (MPC) to help self-
driving cars find their way. Mean Squared Error (MSE) drops to 0.020, which 
means that estimates are very accurate and there aren't many average squared 
differences between what was observed and what was expected.  
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Table 2 
Performance metric of Optimized Stochastic Control Algorithm 

Performance Parameter Values 
Mean Squared Error (MSE) 0.020 
Root Mean Square Error (RMSE) 0.141 
Path Deviation (PD) 0.90 m 
Control Input Variance (CIV) 0.006 
Computational Time (CT) 110 ms 

 
The Root Mean Square Error (RMSE) is 0.141, which means that 

predictions are less likely to be wrong than in past setups. Our Path Deviation 
(PD) has been greatly reduced to 0.90 meters, showing that we are staying more 
on track with our plans and that we are navigating more accurately. The Control 
Input Variance (CIV) is 0.006, which means that the control inputs are more 
stable. This makes sure that the car always acts the same way. The 
computational time (CT) is 110 milliseconds, which means that the method can 
be used in real time with fast processing.  

 

      
                      (a)                       (b)                         (c) 

 
                                            (d)                     (e) 

Figure 3 
Representation of Comparison of optimized stochastic control algorithm 

(a) MSE (b) RMSE (c) PD (d) CIV (e) CT 
 
The figure (3) shows the differences in performance measures between the 

non-optimized and optimized versions of a Stochastic Control Algorithm that 
uses Model Predictive Control (MPC) to help a driverless car find its way. The 
MSE dropped from 0.035 in the non-optimized scenario to 0.020 in the 
optimized scenario, as shown in the figure 3(a). This means that the accuracy of 
the predictions has gotten a lot better. The figure 3(b) shows that Root Mean 
Square Error (RMSE) has gone down from 0.187 to 0.141, which means that 
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prediction mistakes are getting smaller. The figure 3(c) a clear change in path 
adherence, with Path Deviation (PD) going down from 1.15 meters to 0.90 
meters, which means the car, is following the path more accurately. The figure 
2(d) shows that Control Input Variance (CIV) has gone down from 0.008 to 
0.006, which means that the control inputs are more stable and consistent. The 
figure 3(e) shows Computational Time (CT), that the computational time went 
from 120 milliseconds to 110 milliseconds, which shows that the improved 
method worked better.  

4. Conclusion 
Self-driving cars are much better at dealing with the risks of living in the 

real world now that they use Random Dynamical Systems (RDS). Random 
elements in Model Predictive Control (MPC) let the system change on the fly to 
deal with things like sensor noise, traffic that changes, and weather that changes. 
This method is reliable and accurate because it has better performance measures, 
like lower Mean Squared Error (MSE), lower Path Deviation (PD), and faster 
processing. The system keeps getting better at what it does by learning over and 
over again and planning in real time. This makes guidance more accurate and 
trustworthy. These changes make RDS-based guidance systems better at making 
sure that self-driving is safe, efficient, and dependable. This means they can be 
used in more places where things are complicated and not always clear. 
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