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Abstract:  Virtual test scenario generation plays a crucial role in enhancing user experience and authenticity in virtual reality systems. This paper proposes a Monte Carlo 
simulation-based method for generating realistic virtual test scenarios by integrating various techniques, including Meanshift segmentation, depth map generation, 
transmittance estimation, gradient fusion, and support vector machine learning. The method effectively segments the input image, generates accurate depth maps, and 
optimizes the visual quality of the virtual test scene. Experimental results demonstrate the proposed method's superiority in terms of scene generation accuracy and fidelity 
compared to existing methods. The generated virtual test scenes exhibit minimal errors and high realism, making this method a valuable tool for virtual reality applications. 
Future research directions include exploring advanced techniques for further enhancing the precision and detail of the generated scenes and extending the method to other 
domains. 
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1 INTRODUCTION  
 

Virtual reality technology can be used to realize the 
interaction between people and reality [1]. Virtual test 
scene modeling is very important in virtual reality system. 
It is found that the fidelity of scene generation directly 
affects the user's experience and immersion in virtual 
reality system. Imagine a world where car manufacturers 
test the safety of their latest models through harrowing 
weather conditions without stepping outside, where 
aerospace engineers trial spacecraft in the punishing 
cosmos without a single launch, and where game 
developers create immersive worlds that feel as tangible as 
our own-all made possible with the magic of a Monte Carlo 
simulation-based method in virtual reality environments. 
In the automotive industry, virtual test scenarios can 
simulate a spectrum of real-world conditions-icy roads that 
challenge a vehicle's traction, dense fog that tests its 
lighting systems, or emergency braking in wet conditions. 
This not only accelerates the development cycle by 
allowing rapid prototyping and testing but also enhances 
safety by reducing the need for risky physical tests. For 
aerospace, the stakes are even higher. Virtual testing allows 
for meticulous simulation of flight before an aircraft ever 
leaves the ground. It can replicate the void of space, the 
fierce re-entry heat, or the unpredictable conditions on 
other planets, ensuring that every contingency is planned 
for and every system is robust against the extraordinary. In 
the gaming universe, the method brings fantasies to life 
with an authenticity that captivates the player. Game 
environments undergo trials that push the boundaries of 
reality; battles are waged in ancient realms constructed 
with historical accuracy, and alien worlds are painted with 
the hues of physics that govern galaxies far from our own. 
This not only enriches the gamer's experience but also 
saves countless hours and resources in creating these 
expansive virtual worlds. Each of these applications stands 
as a testament to the practical significance of Monte Carlo 
simulation-based virtual test scenarios, offering a glimpse 
into a future where innovation is limitless and safety and 
authenticity go hand in hand. The research on virtual test 
scene generation method in foreign countries is earlier. 
Restricted by the hardware environment, the research on 

virtual test scene generation method in China started later. 
However, in recent years, with the strong support of the 
state, some research results have been obtained in real-time 
scene rendering, graphics generation, geospatial 
information and other aspects [2]. In the field of virtual 
reality, it is very important to create a realistic virtual test 
scene that can be displayed dynamically in real time. With 
the development of virtual reality technology, people's 
requirements for the realism of virtual test scenarios are 
constantly improving. Therefore, it is of great significance 
to study the generation method of virtual test scenarios [3]. 

Cai Kai [4] and his team first obtain the depth map of 
the scene, and input the obtained image into the full 
convolutional network to generate the test scene. This 
method has a large error in scene generation. Tian Xin [5] 
and his team standardized the semantic space of the scene 
graph through the common-sense knowledge in the 
external knowledge base, balanced the distribution of data 
in the data set, extracted the image features through the 
residual scrambling method, and integrated the common-
sense knowledge into the image features to generate the 
scene graph. The scene graph generated by this method has 
a lot of noise, which reduces the fidelity of the scene. In 
order to solve the problems in the above methods, a virtual 
test scenario generation method based on Monte Carlo 
simulation is proposed. 

 
2 LITERATURE REVIEW 

 
With the rapid advancement of virtual reality 

technology, the generation of virtual test scenarios has 
emerged as a crucial research direction within the field. 
The objective is to provide more immersive and dynamic 
virtual environments, leading researchers to constantly 
pursue more effective methods for scene generation. 
Among these methods, the Monte Carlo simulation-based 
approach has gradually emerged as a research focus due to 
its unique advantages. 

The Monte Carlo simulation is a probabilistic random 
sampling technique that approximates the true solution 
through the statistical analysis of a large number of random 
samples [6-9]. In the context of virtual test scenario 
generation, the Monte Carlo simulation can be employed 
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to simulate the motion and collision behavior of objects 
within the scene, as well as the propagation and scattering 
of light. The strength of this method lies in its ability to 
generate highly authentic dynamic scenes with exceptional 
controllability and flexibility. 

In recent years, the Monte Carlo simulation-based 
approach for generating virtual test scenarios has witnessed 
extensive research and application. For instance, some 
studies have utilized the Monte Carlo simulation 
techniques to generate virtual scenes with intricate physical 
behaviors. By simulating the motion trajectories and 
collision responses of objects, highly immersive virtual 
environments have been achieved. Simultaneously, other 
studies have combined the Monte Carlo simulation with 
machine learning algorithms to optimize the scene 
generation process through training learning models, thus 
enhancing generation efficiency and quality. 

Moreover, beyond its application in virtual test 
scenario generation, Monte Carlo simulation has also 
demonstrated widespread application potential in other 
fields. For instance, in computer graphics, Monte Carlo 
simulation is utilized to generate realistic lighting effects 
and textures; in game development, it facilitates the 
implementation of dynamic physical interactions and 
combat systems; in architecture and urban planning, it aids 
in simulating urban development and planning outcomes. 

However, despite the progress achieved with the 
Monte Carlo simulation-based approach for generating 
virtual test scenarios, several challenges and issues still 
require further exploration and resolution. For instance, 
strategies to enhance generation efficiency improve the 
realism and fidelity of scenes and address the simulation of 
lighting and shadow effects, are areas that require 
additional research. 

In summary, the Monte Carlo simulation-based 
approach for generating virtual test scenarios represents a 
technology with vast application potential. Future research 
efforts should aim to deepen our understanding and 
utilization of the Monte Carlo simulation, refine and 
optimize this method, and provide further support for the 
development and application of virtual reality technology. 

 
3 RESEARCH METHODS 
 

In order to generate virtual test scenarios to enhance 
user experience and increase the authenticity of virtual test 
environments, this article employs the following research 
methodology. 

(1) Meanshift Image segmentation and fusion: The 
input image is segmented using the Meanshift 
segmentation method, and the image blocks obtained after 
segmentation are fused to mark the image regions [10]. 
This step aims to obtain the depth map of the virtual test 
scenario. Meanshift segmentation offers superior 
performance in handling various types of data distributions 
and is robust against noise. Its adaptive nature ensures 
optimal segmentation even in complex scenarios, 
outperforming conventional techniques such as 
thresholding or clustering. 

(2) Depth map generation: By fusing the depth maps 
obtained above, the depth map of the virtual test scenario 
is obtained. This step is to further enhance the realism of 
the virtual test scenario. Depth map fusion enhances scene 

depth perception by mitigating artifacts and 
inconsistencies often encountered in traditional depth 
estimation approaches [11]. Compared to stereo matching 
or structure-from-motion techniques, this fusion method 
exhibits superior robustness in diverse environmental 
conditions. 

(3) Transmittance estimation and gradient fusion: The 
transmittance estimation method is used to fuse the depth 
map of the virtual test scenario, and the gradient fusion 
method is used to fuse the normalized low-illumination 
image. This step aims to optimize the visual effect of the 
scene [12]. This approach excels in preserving scene 
details while effectively handling illumination variations 
and atmospheric effects. Unlike simplistic blending 
methods, such as alpha compositing, transmittance 
estimation coupled with gradient fusion ensures seamless 
integration of visual elements, resulting in visually 
appealing virtual environments. 

(4) Introduction of support vector machine learning 
method: The support vector machine learning method is 
introduced into the scene generation process to control the 
scene generation process. SVM-based control offers 
superior adaptability and scalability, surpassing rule-based 
or heuristic approaches [13]. Its ability to learn from data 
enhances scene generation accuracy and flexibility, leading 
to more coherent and contextually relevant virtual 
scenarios. 

(5) Monte Carlo simulation: The Monte Carlo 
simulation method is used to eliminate noise spots in the 
scene and optimize the generated virtual test scenario. This 
step aims to improve the realism and authenticity of the 
scene. Monte Carlo simulation excels in probabilistic 
modeling and statistical inference, enabling robust noise 
suppression and artifact elimination [14]. Unlike 
deterministic filtering methods, such as median or mean 
filtering, Monte Carlo simulation offers superior 
adaptability to complex noise distributions and scene 
dynamics, resulting in more natural and lifelike virtual 
environments. 

Through the above steps, this research method can 
generate virtual test scenarios with higher authenticity and 
realism, thereby enhancing users' experience in virtual test 
scenarios. 

 
3.1 Image Segmentation and Depth Map Acquisition 
 

In the virtual test scene image segmentation [15], the 
image is divided into the sky part, the ground part and the 
building part. The specific process is shown in Fig. 1. 

The input image is segmented through the Meanshift 
algorithm [16, 17] to obtain a plurality of small regions to 
form a set rD . There are M image regions in the set. 

Suppose that the m rt D  representative is the m-th region, 

which exists in the set rD , and the marked image is 

obtained through the following process: 
(1) Different types of test scenes correspond to 

different effective line segments, and the effective line 
segments are used as a basis to judge the building area.  

(2) Usually, the upper and lower parts of the image are 
the sky and the ground respectively. Therefore, search the 
areas with the most pixels in the upper and lower parts of 
the image, and mark them as the sky and the ground 
respectively. 
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The histogram of RGB color space is used as the 
feature vector of the image region [18], and the histogram 
is used to fuse multiple image regions. The gray value of 
the pixel is generally taken in the interval [0, 255], in which 
there are three color components, namely R component, G 
component and B component. The gray value of the pixel 
is processed by unified quantization to obtain 16 gray 
levels, and the color components are processed by fusion. 
 

 
Figure 1 Image segmentation flow chart 

 
A neighborhood set of the marked region jt  in the 

input image is represented by iDM , and a region kt  with 

the highest similarity to the region jt  is selected from the 

set iDM  through the following formula: 

 

1

arg max{ ( , )} arg max
n

m m
k j i j i

t DM t DM mj i j i

t t t b b
  

      (1) 

 
In the formula, jb  and ib  respectively represent the 

feature vectors [19] corresponding to the regions jt and .it

( , )j it t  represents the Bhattacharyya coefficient, and the 

distance between the two regions in the image can be 
measured by the Bhattacharyya coefficient [20], and the 
larger the value of the Bhattach coefficient is, the higher 
the similarity between the two regions is; m describes the 
components existing in the feature vectors. 

And fusing the region jt and the region it  to obtain a 

new region, obtaining the feature vector of the new region 
in the input image by using the formula, marking the 
region, repeating the process, completing the marking of 
the image region, and obtaining a building region, a sky 
region and a ground region. 

After the segmentation of the input image is completed 
on the basis of the geometric complexity, the depth value 
corresponding to the image region is calculated according 
to the geometric characteristics, and the depth map F of the 
input image is obtained according to the depth value. 

According to the color characteristics of the input image, 
the depth values are assigned to small regions in the image 
to obtain a depth map Fr embodying the details of the input 
image, and the depth map F and the depth map Fr are fused 
to obtain a final depth map of the input images. 

The depth value of the sky area is usually fixed; the 
depth value of the ground area in the image is determined 
according to the principle of from near too far, and the 
calculation principle of the pixel depth value in the 
building area is the same as that of the ground area, and the 
depth map Fg is obtained through the above process. 

Let {1,2,3,4}v represent that O scene type of the 

input image, let Fc represent the standard depth map of the 
input image O, segment the image through a Meanshift 
algorithm to obtain a region tm, let ak represent the pixel 
points exist in the region, let M(tm) represent a number of 
pixel points in the region tm, and let Fr(ak) represent a depth 
value corresponding to the pixel point ak in the region tm. It 
can be calculated by the following formula: 
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( )
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         (2)

 
 
According to the calculation result, a depth map Fr 

with detail information is obtained, and the depth map Fr 
and the depth map Fg are input in a joint filter [21] to obtain 
the final depth map F of the input image: 

 

2
r gF F

F


           (3)
 

 
3.2 Scenario Generation 
 

The transmittance estimation method [22] is used to 
fuse the scene depth map obtained by the above process to 
construct the virtual test scene reconstruction model

1 2( , )O m m : 

 

1 2 1 1 2 2
0 01 2

( , ) (2 ,2 )
n n

s s

O m m O m s m s
 

        (4) 

 
In the formula, m1 and m2 represent the coordinates of 

the pixel point in the virtual test scene; s1 and s2 represent 
the variation of the pixel point coordinates in the virtual 
test scene. 

Match the points existing in the virtual test scene in the 
pixel feature matching window by using the fuzzy noise 
distribution area analysis method [23], and construct the 
following point distribution model 1 2( , )S m m : 

 

1 2( , )
x

k

T e

S m m
I




         (5)
 

 
In the formula, k represents the gray variation of the 

virtual test scene; Tx represents the gray invariant function; 
e is a constant; and I represents the feature difference value. 
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On the basis of the above point distribution model 

1 2( , ),S m m the similarity characteristic quantity 1 2( , )H y y

of the virtual test scene is obtained, and its expression is: 
 

cos ( , )1 2
1 2( , ) y yH y y e          (6)

  
where,  represents the angle formed by 1 2( , )y y in the 

virtual reality scene. 
g is used to represent a virtual visual image of a virtual 

test scene, a weighted control method [24] is used to 
calculate the row frequency and column frequency 

distribution 1{ }M
z zN N   of the pixel ( , )a b  in the virtual 

visual image g by adopting a weighted control method, and 
fuses the point distribution areas of the virtual reality scene 

to obtain a detail characteristic quantity ( )A
N g : 

 

lim ( )( , ) ( )( , )

lim ( )( , ) ( )( , )

A
N N

A

A
N N

A

g a b g a b

g a b g a b

 

 




 





      (7)
 

 
where, N represents the similarity coefficient and N  

represents the ambiguity coefficient. 
The gradient fusion method [25] is used to carry out 

normalization fusion processing [26] on the low 
illumination image in the virtual test scene generation 
process, and set the following normalization probability 
distribution function is ( ) : 

 

( ) ( ) j xg x e 




            (8)
 

 
where   represents the white spot parameter and ( )g x  

represents the average gradient coefficient. 
Analyzing the change characteristics of the gradient in 

the virtual test scene by using the function, and calculating 
the pixel value ( )   of the pixel in the image according 

to the analysis result: 
 

( ) ln[ ( )]              (9)
  

Setting the gray feature distribution set of v as ( )p v


, 

and obtaining the transformation intensity feature 
distribution of the virtual reality test scene by an edge 
intensity estimation method [27]. 

 

| ( , ) | | ( ) ( ) |d v u p u p v 
  

           (10)
  

In the formula, | ( , ) |d v u


represents the absolute 

distance between v and u; ( )p u


describes the normalized 

canonical eigen solution corresponding to u, and the 
normalized eigen solution K is obtained by normalizing the 
estimated eigen set as follow: 
 

( ) | ( , ) |K d v u  


            (11)
  

The set formed by the connected components of the 
virtual test scene in the connected domain is

( ) ( )W p u  


,  the characteristic solution of the virtual 

test scene is calculated by using the minimum value, and 
the following similarity characteristic distribution function 
is constructed according to the calculation result: 

 
( )Q H                 (12)

  
In the background area of the generated image, the 

dark primary color in the image is analyzed, and for the 
generated low illumination image, the normalization 
processing is carried out. After the above processing, the 
image is fused. The support vector machine learning 
method [28] is introduced into the virtual test scene 
generation process, and the learning function

( )( )j jU e e  is constructed in combination with the 

similarity feature comparison method. According to the 
marker analysis results, generate and reconstruct virtual 
test scenarios. 

 
3.3 Scenario Optimization 
 

The virtual test scene generated in Section 3.2 is prone 
to noise spots. Therefore, the Monte Carlo simulation 
method [29] is used to denoise the generated virtual test 
scene to optimize the scene. 

The multiplicative noise ( , )n r   is separated from the 

virtual test scene image by the following logarithmic 
operation to obtain 0 ( , )f r  which is a noise-free image: 

 

0ln{ ( , )} ln{ ( , )} ln{ ( , )}f r f r n r            (13)
  

where, ( , )f r  represents the virtual test scene image with 

noise. 
Sample sequence xx3 corresponding to the point xx2 

is extracted from the noisy image xx1, and the sequence 
satisfies the two-dimensional Gaussian distribution xx5 
with the point xx4 as the center Extracting a sample 
sequence 1 2{ ( ), ( ), , ( )}kf f f   corresponding to the 

point 0̂ ( , )s sf r  is extracted from the noisy image ( , )f r  , 

where in the sequence satisfies a two-dimensional 
Gaussian distribution ,( ( , ))r w i is s

P r   taking the point

( , )s sr  as the center: 

 
2 2 2

, 2

exp[ ( ) ( ) ] / 2
( ( , ))

2π
i s i s

r w i is s

r r
P r

  
 


   

  (14)
 

 
where,   represents the standard deviation. 

Estimate the point 0̂ ( , )s sf r  according to the 

sequence 1 2{ ( ), ( ), , ( )}kf f f    obtained by the above 

process using the Monte Carlo simulation method: 
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 represents the spatial correlation coefficient 

between the sample point ( , )i if r  and the estimated point 

0̂ ( , )s sf r  , and its calculation formula is as follows: 

 

2 2

1

exp{ 2 cos( )}s i s i s ir r r r


  


  
        (16)

 

 
where  represents the convergence control parameter. 
When the value of the spatial correlation coefficient 
approaches zero, it indicates that the distance between the 
estimation point and the sample point is large, and when 
the value of the spatial correlation coefficient   
approaches one, it indicates that the distance between the 
estimation point and the sample point is small. 

Let ( | )i sT    represent the weight factor existing 

between the estimation point and the sample point [30], and 
obtain the likelihood weighted Monte Carlo estimation 

value of the estimation point 0̂ ( , )s sf r   by the following 

formula: 
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The natural index 0
ˆ ( )sf  is calculated, and the virtual 

test scene image is restored according to the calculation 
result to obtain the de-noised virtual reality scene 

0 0
ˆ( ) exp{ ( )}s sf f  . 

Overall，the Monte Carlo simulation-based method 
for generating virtual test scenarios applies multiple 
techniques and methods such as Meanshift Image 
segmentation and fusion, Depth map generation, 
Transmittance estimation and gradient fusion, introduction 
of support vector machine learning and Monte Carlo 
simulation. The specific generation process is shown in Fig. 
2. 

 

 
Figure 2 Virtual test scenarios generation process

  
4 EXPERIMENT AND ANALYSIS 
 

In order to verify the overall effectiveness of the virtual 
test scenario generation method based on Monte Carlo 
simulation, the scenario generation test is carried out on the 

research method, the method in reference [4] and the 
method in reference [5]. 
 
4.1 Experimental Data Source and Evaluation Index 
 

The experimental images are from the CIFAR 10 
dataset (https://www.cs.toronto.edu/ ~ kriz/cifar. HTML), 
in which traffic test scenes are extracted. In order to ensure 
the accuracy of the test results, the image specifications are 
consistent. And MATLAB/Simulink software is used to 
process. 

Absolute error and relative error are used as indicators 
to test the scene generation accuracy of different methods. 

The absolute error ATE is calculated as follow: 
 

2

1

1
[ ( )]

n

i i
i

ATE Y f x
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                   (18)
 

 
where, ( )if x represents the generated value, iY  represents 

the actual value, and N represents the number of pixels. 
The relative error RPE is calculated as follow: 
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1
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where, Qi represents the standard deviation and Ei: escribes 

the relative error corresponding to the frame i. 

 
4.2 Analysis of Test Results 
 

5000 images of traffic scenes from the CIFAR-10 

dataset were selected. Virtual test scenes for 5 types of 

traffic scenarios were generated using methods from 

references [4] and [5], as well as the Monte Carlo testing 

method proposed in this paper. Finally, the absolute error, 

relative error, and the quality of the generated virtual test 

scenes from the three methods were compared. 
The absolute errors of the research method, the method 

of reference [4] and the method of reference [5] are 
calculated by Eq. (18), and the results are shown in Fig. 3. 
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Figure 3 Absolute error of the three methods
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The calculation results of the relative errors of the three 
methods are shown in  Tab. 1. 

It can be seen from the data in Fig. 2 and Tab. 1 that, 
compared with the method in reference [4] and the method 
in reference [5], the absolute error and relative error of the 
research method are the smallest, indicating that the scene 
generation accuracy of the research method is higher, 
because after the virtual test scene is generated, the Monte 
Carlo simulation method is used to optimize the scene, 
which improves the scene generation accuracy. 
 

Table 1 Relative error test results  

Scenes 
Relative error / mm 

Research 
methods 

Method of 
reference [4] 

Method of 
reference [5] 

Scenario 1 1.2 6.8 5.5 
Scene 2 0.7 5.7 2.3 
Scene 3 0.9 1.2 2.8 
Scene 4 1.1 3.4 1.9 
Scene 5 0.5 0.8 4.6 

 
In order to show the scene generation effect more 

vividly, the virtual test scene generation effect picture 
shown in Fig. 4 is given. 
 

 
(a) Virtual test scenario generated by the research method 

 
(b) Virtual test scenario generated by the method of [4] 

 
(c) Virtual test scenario generated by the method of [5] 

Figure 4 Virtual test scenarios generated by different methods 
 

It can be seen from Fig. 3 that the virtual test scene 
generated by the research method has high definition, the 
virtual test scene generated by the method of reference [4] 
has obvious stitching traces and low fidelity, and the virtual 
test scenes generated by the method of reference [5] are 
better than that generated by reference [4], but there are 
still some unnatural textures. The virtual test scene 
generated by the research method has high fidelity and 
sense of reality, and can meet the needs of people for the 
sense of reality of the virtual test scene. 

 
5 DISCUSSION 
 

The Monte Carlo simulation-based method for 
generating virtual test scenarios introduced in this study 
offers a unique approach to enhancing user experience and 
increasing the authenticity of virtual test environments. 
The integration of various techniques, including Meanshift 

segmentation, depth map generation, transmittance 
estimation, gradient fusion, and support vector machine 
learning, demonstrate the method's versatility and 
adaptability to handle the complexities of virtual test scene 
generation. 

The Meanshift segmentation technique effectively 
segments the input image into distinct image blocks, aiding 
in the identification of areas for obtaining the 
corresponding depth map. The depth map generation 
process further refines these areas, producing a highly 
detailed and accurate representation of the virtual test 
scene. The transmittance estimation method effectively 
fuses the depth map, enhancing its overall quality and 
realism. 

The gradient fusion method used in this study offers an 
effective solution for normalizing low-light images, 
ensuring that the virtual test scene maintains consistent and 
realistic visual qualities. The integration of support vector 
machine learning into the scene generation process allows 
for greater control and adaptability, enabling the 
elimination of noise speckles and further optimizing the 
generated virtual test scene. 

The Monte Carlo simulation method employed in this 
study serves to refine and enhance the generated virtual test 
scene by eliminating noise speckles and improving overall 
visual quality. The experimental results demonstrate the 
effectiveness of this research method, producing virtual 
test scenes with minimal generation errors and high 
fidelity. 

Overall, this study presents a comprehensive and 
robust approach to generating virtual test scenarios using 
the Monte Carlo simulation. The integration of multiple 
techniques allows for the creation of highly realistic and 
immersive virtual test environments that can significantly 
enhance user experience in virtual reality systems. Overall, 
this study proposes a comprehensive and powerful method 
for generating virtual test scenarios based on the Monte 
Carlo simulation. The integration of multiple techniques 
enables the creation of highly realistic and immersive 
virtual test environments, significantly enhancing user 
experience in virtual reality systems. In the current 
landscape of ultra-large and hyper-realistic virtual scenes, 
such as autonomous driving, digital twins and metaverses, 
the application of the Monte Carlo simulation-based virtual 
test scenario generation method is particularly suitable for 
achieving more realistic and efficient generation of virtual 
test scenes. However, to apply this method in such complex 
and massive digital systems, further exploration and 
improvement are needed in the future, including the 
exploration of other techniques such as image 
segmentation, depth map generation, and noise reduction. 

 
6 CONCLUSION 
 

This paper presents a comprehensive and accurate 
method for generating virtual test scenarios using the  
Monte Carlo simulation. The proposed approach integrates 
various techniques, including Meanshift segmentation, 
depth map generation, transmittance estimation, gradient 
fusion, and support vector machine learning, to generate 
realistic and high-fidelity virtual test scenes. Experimental 
results demonstrate the superiority of the proposed method 
compared to existing approaches in terms of scene 
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generation accuracy and visual quality. The generated 
virtual test scenarios exhibit minimal errors and high 
realism, making this method a valuable tool for enhancing 
user experience and authenticity in virtual reality 
applications. 

Despite its contributions, the proposed method has 
some limitations, such as computational complexity and 
potential challenges in real-time implementation. Future 
research directions include exploring advanced techniques, 
such as deep learning, to further enhance the precision and 
detail of the generated scenes, optimizing the method for 
real-time performance, and extending its application to 
other domains beyond virtual reality. 

In conclusion, the Monte Carlo simulation-based 
method presented in this paper offers a promising approach 
for generating realistic and accurate virtual test scenarios. 
With further improvements and adaptations, this method 
has the potential to significantly advance the field of virtual 
reality and contribute to the development of more 
immersive and authentic virtual experiences. 
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