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Abstract—The combination of the Metaverse and intelligent
transportation systems (ITS) holds significant developmental
promise, especially for visual perception tasks. However, the
acquisition of high-quality scene data poses a challenging and
expensive endeavor. Meanwhile, the visual disparity between the
Metaverse and the physical world poses an impact on the practical
applicability of the visual perception tasks. In this paper, a
Metaverse Intelligent Traffic Visual Framework, MITVF, is
developed to guide the implementation of visual perception tasks
in the physical world. Firstly, a two-stage metadata optimization
strategy is proposed that can efficiently provide diverse and high-
quality scene data for traffic perception models. Specifically, an
element reconfigurability strategy is proposed to flexibly combine
dynamic and static traffic elements to enrich the data with a low
cost. A diffusion model-based metadata optimization acceleration
strategy is proposed to achieve efficient improvement of image
resolution. Secondly, a Meta-Physical adaptive learning method is
proposed, and further applied to visual perception tasks to
compensate for the visual disparity between the Metaverse and the
physical world. Experimental results show that MITVF achieves a
10x acceleration in optimization speed, ensuring the image quality
and reconstructing diverse. Further, MITVF is applied to the
traffic object detection task to verify the effectiveness and validity.
The performance of the model trained with 5k real data exceeded
that of the model trained with 200k real data, with APso reaching
67.7%.

Index Terms—adaptive learning method, metadata optimization
strategy, MITVF, Metaverse.

[. INTRODUCTION

HE ITS is a typical complex system that integrates
various visual perception tasks, including object
detection [1, 2], object tracking [3, 4], and object
segmentation [5]. Deep learning-based visual

perception models are extensively applied in ITS, playing a
pivotal role in ensuring its safe and stable development.

The efficient and secure execution of perception tasks within
extant ITS confronts significant challenges. Firstly, deep
learning-based perception models necessitate extensive data for
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LIST OF ABBREVIATIONS
Abbreviation Definition
MITVF Metaverse Intelligent Traffic Vision Framework
ITS Intelligent Transportation System
SAR Society of Automotive Engineers
MAdiff lefusmn.Model—based Metadata Optimization
Acceleration Strategy
DAdet Domain Adaptive-based Traffic Object Detector
RPN Region Proposal Network

Rol Region of Interest

EMA Exponential Moving Average
GRL Gradient Reversal Layer
GAN Generate Adversarial Network
mAP Mean Average Precision

FID Frechet Inception Distance

PSNR Peak Signal-to-Noise Ratio
SSIM Structural Similarity
IS Inception Score

training and testing, incurring substantial costs associated with
the creation of high-quality datasets. Secondly, rich and diverse
data are needed to cope with complex traffic scenarios in
practical applications. Furthermore, the availability of high-
fidelity simulation scenarios is constrained, impeding targeted
testing for specific issues or conditions and diminishing overall
testing efficiency.

The emergence of the Metaverse [6, 7] offers a promising
solution to the visual perception of ITS. The six levels of
autonomous driving, as defined by the SAR, range from Level
0 (no automation) to Level 5 (full automation) [8]. Metaverse
can exert certain advantages at every level, such as providing
rich data and a safe testing environment. By constructing the
Metaverse visual perception framework, it can provide massive
and diverse traffic scene data, improve the generalization of the
model, and reduce the cost of model research and development.
However, directly combining the Metaverse and ITS will bring
certain challenges: a) Efficiently optimizing data for the
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amounts of data for training and testing. Creating a complete dimensional space parallel to the real (i.e., MITVF) is proposed, enabling efficient
high-quality dataset is time- and labor-intensive, and collection world, customize and construct highly implementation of visual perception tasks in ITS.
involves certain risks. realistic simulation scenes, and provide As our best knowledge, it is the first framework
2. The visual perception model in the intelligent transportation rich data for the physical world. capable of combining the Metaverse and traffic
system (ITS) requires targeted training for certain weather, automotive companies have already visual tasks.
[10-15] emergencies, special scenes, etc. during the development and harnessed the Metaverse for the design peavErSe 17,
testing process. It is difficult for existing datasets to meet this and verification processes of complete
training task flexibly and efficiently; vehicles. By integrating visual perception
3.The safety of ITS requires high-fidelity testing of visual models developed within the Metaverse
perception models. The actual test site is limited and it is with ITS, we can effectively address
impossible to simulate some harsh special scenarios, and the existing challenges related to data
test process is dangerous. availability and quality. =
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Fig. 1. Based on the researches [9-22], the research gaps in environmental perception of ITS is summarized and corresponding

contributions is proposed.

generation a comprehensive and high-quality metadata (virtual
data from Metaverse) is a critical challenge [19, 23]. Low-
resolution virtual images struggle to fulfill the long-distance
sensing requirements in practical applications, and the
optimization of extensive metadata incurs significant costs.
Moreover, the metadata optimizing needs to be flexible to cover
complex and diverse traffic scenarios. b) Exploring the
nonlinear mapping relationship between the virtual and real-
world domains is essential. Visual disparity [24, 25] between
the Metaverse and the physical reality inevitably introduce
feature deviations during the training process, thereby
impacting the applicability in the physical world.

In this paper, the MITVF is proposed to guide the efficient
performance of visual perception tasks in the physical world.

A two-stage metadata optimization strategy is proposed for
the challenges of low metadata quality and limited scene
diversity. At the first stage, through the traffic element
reconfigurability strategy, the physical world is divided into
dynamic and static elements to efficiently customize and
reconfigure a variety of complex traffic scenarios and improve
the generalization of the training model. At the second step, an
optimization acceleration strategy is proposed to simplify the
backward reasoning in the diffusion model [18] by designing a
non-Markov process, improve the processing speed and ensure
the quality of metadata.

To deal with the inherent visual disparity, a domain adaptive
learning method is proposed. The adversarial training is applied
between the Metaverse and physical domains to improve model
performance. The image-level self-attention feature alignment
module and the instance-level feature aggregation mechanism
are designed to reduce the feature space distance between the
Metaverse domain and the physical domain, enabling the
perception model in Metaverse to be applied to the real world

without distinction.

On the whole, the main contributions of our work and the
research gaps as shown in Fig. 1. The remainder of this paper is
structured as follows: Section II summarizes the existing
Metaverse applications and related technologies. Section III
provides an overview of the MITVF framework. In Section IV
and Section V, the two-stage metadata optimization strategy
and domain adaptive learning method are introduced in detail.
The experimental results and conclusion are respectively shown
in Section VI and Section VII.

II. RELATIVE WORK

In this section, we provide an overview of the current
applications and pertinent technologies within the Metaverse,
and analyze the shortcomings of existing Metaverse
applications in various fields

In terms of combining the Metaverse with ITS, [26-29]
combined the Metaverse with vehicles to optimize existing
systems such as smart cockpits, traffic flow management
analysis and road maintenance system. [30] provides an
evaluation solution for metaverse and autonomous driving
algorithm testing. Wang et al. [21] proposed a video analysis
system in the metaverse environment, combining virtual reality
with artificial intelligence to build fully intelligent video
analysis to improve system detection performance. Gilles et al.
[15] used virtual data provided by the Metaverse to improve
existing training data.

Lee et al. [31] used an exploratory approach to analyze
current qualitative data characterizing the state of the business
of meta-boundary services for healthcare and to learn from the
current business trends in meta-boundary services to derive
applicable strategies. In other fields, Contreras et al. [32]
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Fig. 2. Theoretical framework of the MITVF: Metadata Optimization, Meta-Physical Adaptive Learning, and Downstream tasks.

suggested that by utilizing the metaverse, educational
institutions can provide students and staff with a 360°
experience that offers greater flexibility and adaptability to
unforeseen events. Li et al. [33] explore the changes and
development of smart home entertainment scene experience
design in the metaverse perspective. Jeong et al. [34] proposed
a new e-commerce platform innovative business model, which
utilizes the metaverse technology to combine live commerce
with meta-virtual, and overcomes the limitations of the existing
online shopping.

The above researches provide participants with an immersive
experience by constructing corresponding virtual worlds.
However, they ignore the importance of data optimization
during the construction process. Immersive experience has high
requirements for the resolution and realism of scene data.
Secondly, there is a certain degree of visual disparity between
the virtual world and the physical world, and the knowledge
learned in the Metaverse is difficult to applied to the physical
world. For example, in the medical field, metaverse technology
is used for medical research and simulation. However, due to
the difference in images between the virtual and real worlds, it
is difficult to fully apply the research results to the real world.
And, using the Metaverse to provide students with virtual
laboratories also have certain safety risks due to the visual
disparity.

Data quality and visual disparity issues also exist in the
integration of ITS with the Metaverse. The proposed MITVF
provides solutions for the efficient performance of visual
perception tasks in the Metaverse through data optimization
strategies and domain adaptive learning.

III. METAVERSE INTELLIGENT TRAFFIC VISION FRAMEWORK

The visual perception model based on MITVF not only relies on

the training and testing with high-definition massive metadata but
also requires the ability to apply the learned knowledge to real-
world scenarios. Fig. 2 shows the applications of the Metaverse in
multiple fields. At present, its technical application in
transportation is insufficient. MITVF combines the Metaverse and
visual perception technology to promote the safe and efficient
development of ITS. The MITVF contains three parts: Metadata
Optimization, Meta-Physical Adaptive Learning and Downstream
Tasks.

Part 1. Metadata Optimization in Fig. 2 includes two stages:
metadata  reconstruction and metadata  optimization
acceleration strategies. In the metadata reconstruction, virtual
sensors simulate the physical parameters to generate different
virtual data sequences. The entire phase automatically ensures
the automatic generation of virtual data that is not only
accurately annotated but also versatile enough to be applied to
a wide array of visual perception tasks. Furthermore, the
metadata reconstruction process is designed to enhance the
diversity of metadata, allowing for customized scene
construction through the free combination of elements. This
flexibility facilitates the creation of tailored virtual
environments for specific research or application needs.
However, the low resolution of the virtual sensor acquisition
frame has an impact on the detection and training of visual
perception models, and the simulator requires extremely high
cost to render high-quality images. To address these challenges,
the metadata optimization acceleration strategy emerges as a
crucial solution. This strategy is centered around the
enhancement of image quality with minimal computational and
time costs. By employing a non-Markov process, the strategy
significantly boosts the image optimization efficiency of the
diffusion model. This innovative approach ensures the
provision of high-quality data for visual tasks, thereby
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Fig. 3. Two-stage Metadata optimization strategy.

overcoming the constraints imposed by low-resolution virtual
sensor data and high rendering costs.

Part 2. Meta-Physical Adaptive Learning in Fig. 2 provides a
powerful method for adapting Metaverse visual perception to
the real world. There are certain distribution differences
between virtual and physical data, which may be caused by
various factors, such as variations in lighting conditions, object
appearance, camera view, etc. These differences may lead to
degraded performance of the completed models trained under
the metaverse when tested in the physical world. In our
approach, varying proportions of metadata from the Metaverse
and real-world data are concurrently fed into a domain
adaptation model, which primarily comprises an encoder (E), a
decoder (D), and a self-attention feature alignment module (4).
This domain adaptation model is founded on a knowledge
distillation architecture, wherein both the metaverse model and
the physical model adhere to an identical network structure.
Through the process of feature alignment, the physical model is
able to utilize the features learned by the metaverse model. This
enables the virtual-to-real transfer of model performance,
ensuring that the knowledge acquired in the virtual domain of
the metaverse is effectively applied to enhance the accuracy and
robustness of the model in real-world scenarios.

Part 3 of Fig. 2 illustrates the diverse range of downstream
tasks supported by our proposed MITVF. As a comprehensive
framework that merges the Metaverse with visual perception
tasks in ITS, MITVF offers a versatile platform for various
applications, including traffic object detection, lane line
detection, and semantic segmentation. The integration of ITS
with the Metaverse not only enriches the available data for
model training but also provides a safe and controlled
environment for testing and refining visual perception
algorithms, making MITVF a powerful tool in advancing ITS
capabilities and promoting safer and more efficient
transportation systems.

IV. TWO-STAGE METAVERSE OPTIMIZATION STRATEGY

This section proposes a two-stage Metadata optimization
strategy (as shown in Fig. 3), including an element
reconfigurability strategy and a diffusion model-based
metadata optimization acceleration strategy. The specific
optimization strategy description is provided below.
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Fig. 4. Element reconfigurability strategy for metadata.

A. Element reconfigurability strategy

Metaverse can be used to generate rich data to simulate different
driving scenarios, which is faster and more flexible than data
collection in real-world. According to the composition of the
physical world, all the components can be roughly divided into two
parts: the static and dynamic elements. Static elements include
environmental elements (buildings, vegetation, roads, etc.) and
traffic elements (traffic signs, traffic lights, etc.); dynamic elements
include object elements (pedestrians, vehicles, etc.) and scene
elements (light, weather, accidents, etc.). According to these
elements, on the basis of digital restoration of real traffic scenes,
the construction of customized traffic scenes can be realized, such
as bad weather (rain, snow, haze, etc.), unexpected accidents
(collision, congestion, fire, etc.), and extreme scenes (wilderness,
mountainous areas, etc.).

Customized reconstruction of metadata can be achieved through
the above element division. Real scenes are often the result of the
joint action of multiple factors, and it is difficult to train a visual
perception model individually for a certain scene or problem.
Through customized reconstruction of metadata, the efficiency of
visual perception model development and testing can be improved,
facilitating efficient perception under diverse conditions.

To improve training and testing efficiency, metadata can be
optimized based on test results in the physical world. The
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metadata-trained model is tested on physical driving scenarios, and
the metadata is updated by re-simulating underperforming
scenarios. Through this feedback loop mechanism, metadata is in
a continuous process of updating and optimization to improve the
robustness and generalization of visual model learning. The above
process is shown in Fig. 4.

B. Diffusion model-based metadata optimization acceleration
Strategy

In this paper, the MAdiff is proposed, which combines the
conditional probability diffusion model to achieves fast
optimization of quality images, named.

In the training phase, the model input includes low-resolution
image x, noisy image ), and high-resolution image yo. y; is
generated by yo through the diffusion and noise process. In the
inference stage, the input is the low-resolution image x, and the
output is a high-resolution generation image.

Taking x as the conditional input of the generative model, a
high-resolution image is obtained by performing reverse
denoising on y; and repeating iteratively 7 times. The objective
function of this process is as follows:

E(x,y)Ez~J\f(0,l)

ACN AN B I

where (x,y) is sampled from the training dataset, z denotes
Gaussian distribution sampling noise, / represents the identity

matrix, A/(0, /) represents the standard normal distribution, and

fo denotes the noise prediction model, here is U-Net. y~=[ -0
and o; /a1.r are both hyper-parameters, subject to 0<a<I,
determining the variance of the noise added at each iteration.
The objective function minimizes the loss of the constrained
model by computing the square of the 2-norm between f; and z.
And FE represents the Expect.

In general, the inference process is trained by finding an
inverse Markov transformation that maximizes the likelihood
of the training data.

p(}(yt—l|yz’x):N(yt—1|:u€(x’y!7/t)96/2[) (2)
where pg represents the probability distribution predicted by the
diffusion model, x4 represents the mean value of the prediction
noise, and o represents the variance value of the prediction
noise. The mean value of py can be obtained by parametric
solution.

1 -«
ﬂg(x’yt’yt):_ yt_—th(x’yt’}/t) (3)
\/;t 1- Vi

1 -«
Y =—F— yt_—t-fﬂ(x’yl’yl) +yl-a,z 4)
Je, -y

t

A non-Markovian inference process is used to increase the
inference speed of the diffusion model, enabling rapid
optimization of metadata. Considering the non-Markovian
inference cannot directly calculates po(yr1lv:,y0), we assume it
conforms to a special distribution, which is no longer restricted
by the Markov chain but it needs to ensure

¥, =73 +J1- 7,z . Only in this way can the optimization goal
of the diffusion model remain unchanged during the forward

propagation process. Therefore, we can solve it through the
undetermined coefficient method:

4, (yt—l |yt’y0)=N(/’ltsG,21)

[o2 (5)
Mo =40 Yy + %_ '(yt_ﬁyo)
‘

where the g, represents the expectation of the normal
distribution. The size of ¢ controls the randomness of the
forward process. When o tends to 0, the sampling process will
no longer be random.

We make a preliminary prediction of xp through a
straightforward denoising process.

gy (n)= (v ~I-a £ (x3)) /o, (6)

where f, represents the noise prediction result. Taking
pxr)=MN0,]) as a priori condition, the process of predicting y,|
through y; is as follows:
@ N(g;(yl,x),ofl) ift=1,
pa (yz—l|yz): P . (7)
G, (3117285 (-x)) otherwise,
According to (7), the sample yy.; is generated by y, and x:

-1 2

Yo =Y, 'f;)t(xtyt)+1 a_ar "z

Q,
[04
[ 2 -1 2
V,=40,, =0, —,|—/ 0,
a,

where z~M(0, ) is the standard Gaussian distribution noise.
Different ¢ will lead to different generation processes. When

®)

c:\/(l—a,,,)/(l—a,)\/l—a[ /a,, , this forward process will
become a primitive Markov process.
This paper obtains latent variables {x,..., x.} by setting a

subsequence 7, which is an increasing subsequence of length S
from {1, ..., T}. Executing (8) on these latent variables in the
reverse inference stage, when the length of the subsequence is
much smaller than 7, we can achieve a significant improvement
in computational efficiency due to the iterative nature of the
sampling process.

V. DOMAIN ADAPTIVE LEARNING-VIRTUAL TO REALITY

To intuitively reflect the effectiveness of the domain adaptive
learning method in solving the visual disparity between
Metaverse and physical world, the domain adaptive learning
method is applied to the traffic object detection task. In this
section, the DAdet is designed, which consists of three main
components: physical-metaverse feedback optimization
strategy, image-level self-attention feature alignment, and
instance-level feature aggregation mechanism. The source
domain (labeled metadata Ns) and the target domain (unlabeled
real images ;) are defined correspondingly. Within the labeled
metadata, each image is represented as Ds={(Xs, Bs, Cs)},
whereas the unlabeled real images are denoted as D={X;}.

According to the knowledge distillation, the training process
of DAdet comprises the metaverse model and the physical
model, as shown Fig. 5. Both models share identical structures.
The feature encoder and detector are initialized through the
source domain data and used as the initial models of the
metaverse and the physical world. To generate accurate pseudo-
labels for real traffic images, a strong-weak enhancement
mechanism [35] is introduced. The unlabeled images with weak
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Fig. 5. Domain adaptive-based traffic object detector.

augmentation are the input to the metaverse model, and labeled
and unlabeled images with strong augmentation are jointly used
as the input to the physical model. The weak augmentation only
processes the image through Horizontal Flip operation [36]. For
strong augmentation, operations such as GaussianBlur and
Cutout are used to increase the diversity of images to better
improve the generalization ability of the training model [1]. The
physical model minimizes the difference between its pseudo-
label outputs and outputs of the metaverse model through a loss
function, aiming to improve its performance in the real-world.
The total loss of the DAdet is as follows:

L :Lsup +iunsup 'Lunsup+/1dis 'Ldis+/1SA Lsa (9)
where 4 is used to control the corresponding loss weighting.

A. Physical-metaverse feedback optimization

The initialized model is trained supervised by the labeled data
with the following loss function expressions:

£ (XS,BS,CS) — Lrpn +£mi + ﬁrpn + ﬁ:z; (9)

Sup cls cls reg
This loss function includes classification loss and regression
loss in both RPN and Rol. The cross-entropy loss is used for
classification and the L1 loss is used for regression.
The physical world model is trained based on the real data
with pseudo-labels provided by the metaverse model after
initialization operation, with the following losses:

Lo (X5-C ) = L2 (X, Gy )+ £ X,,€ )

unsup cls cls

(10)

where C‘S denotes the pseudo-label of the real image generated

under the metaverse. Since the metaverse model only generates
the confidence of the object class, instead of the location of the
bounding box, the regression loss calculation is skipped here.
EMA [37] is used to implement the feedback optimization of
the physical-metaverse model. The physical model feeds the
parameters back to the metaverse model by adversarial training
of source domain and target domain, resulting in better
detection performance of the metaverse model for unlabeled
real images. Here the feedback optimization of the weights can

be defined as:
& Wot(l-8)-Wy > W, (11)
where Wirs; denotes parameters in the teacher (metaverse)

/student (physical world) model, the parameter ¢ represents the
EMA degree.

B. Self-attention feature alignment

The self-attention feature alignment module implements
feature alignment of focal regions by means of adversarial
learning and self-attention mechanism. The feature map f is
combined with a domain classifier and a self-attention module
to generate a new domain-invariant feature map. The domain
classifier is trained in an adversarial learning manner using ;
loss, with the expression as in (13).

L= ilog(Dl (F°)) + ilog(l -D,(FT)) (12)

where F{ and F; denote the features extracted from the
metaverse image and the real image, respectively. D, serves as
the pixel-wise probability for the domain classifier to generate
the source and target domains, Ny and Nr represent the
metaverse and physics features number of a batch respectively.
The GRL allows the gradient of the domain classification loss
to be automatically inverted during backpropagation, which in
turn enables an adversarial loss similar to that of GAN.

The f processed by the domain classifier D and the self-
attention mechanism are merged and calculated as follows:

F = softmax (OK")-V |- D, (£,) (13)

where the generated feature F is again merged with f; to obtain
S=F>(F-f1). As the feature extractors are stacked, the features
are mined from shallow to deep. The shallow features focus on
the color and texture of the object, and the deeper features have
richer semantic information. The self-attention feature
alignment module is applied in two stages to achieve multi-
level feature alignment. The loss of this process is represented
by the Lgy.
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C. Feature aggregation mechanism

The imaginary and real-world images in Backbone are
aligned at the attention level and the final output feature map f;
is fed to the RPN used in the Faster-RCNN. Several proposals
and their fixed feature vectors f, e RV are generated in the
RPN and then hierarchical aggregation clustering is used to
cluster the main features in fz to obtain main feature group.
Each proposal is treated as a cluster, and the two closest clusters
are merged together using cosine distance as the merging
metric. When the intra-cluster dissimilarity exceeds the cluster
radius parameter, the merging stops. The above process is
specified as follows:

b
dist(a,b)=1-—22_
Jalle]

MaxLink(A4,B) = max{dist(a,b) cacAdbe B} (15)

where 4 and B denote the features of two groups in two clusters,
a and b denote the feature embedding of a single proposal.
dist( ) denotes the cosine distance, and MaxLink( ) denotes the
merging process.

When the clustering is completed, the instances assigned to
each cluster are pooled to construct a representative embedding:

Ne;
Zi:O N
N
where ¢; denotes the i-th cluster and N, denotes the number of
assigned instances. Finally, £, is fed to the discriminator to

execute the instance-level alignment:

Lgis = —dlog(D(E; ) —(1-d)log(1-D(E;;))  (17)
where d={0, 1} denotes the metaverse image and the real image
respectively.

(14)

Ec,‘ = (16)

VI. EXPERIMENT AND ANALYSIS

Vehicles and traffic signs are important detection objects for
visual perception tasks in ITS. Vehicle is characterized by large
size, fast movement and large number, which requires fast
detection of all targets in the screen; traffic signs are small in
size and their variety is rich with certain similarities. Therefore,
this section takes the detection of vehicles and traffic signs as
an example to verify the effectiveness of MITVF for vision
tasks.

A. Datasets

There have been researches related to exploring virtual
datasets as metadata and reviewed publicly available driving
datasets and virtual test environments. Based on the above,
several typical traffic datasets are selected for experimental
verification, as follows:

CURE-TSD [14]: The video sequences in the CURE-TSD are
divided into two categories: real data and metadata synthesized
by the simulator. The real sequences are processed using 12
different types of effects and 5 different challenge levels. The
virtual sequences are processed using 11 different types of
effects and 5 different challenge levels. With the virtual/real
data and the synthesized harsh/extreme scenarios, CURE-TSD
can be used to study the robustness of traffic sign recognition
algorithms in challenging environments.

<

Slworld Synthetic Dataset [38]: The dataset camera and
LIDAR related data generated by the autonomous driving
simulation test platform 51Sim-One. In this paper, images from
the dataset and annotation information are processed as one of
the source domains for the experiment, containing a total of
8888 images.

BDDI100K [39]: The dataset consists of 100k videos captured
in the US, covering different weather conditions (sunny, cloudy,
rainy, etc.) and different times of the day (day, night) with
diverse traffic scenarios. Some of the multi-scene all-weather
data from BDD100K is taken as one of the target domains for
the experiment, containing a total of 1000 images. The same
traffic element categories in 51world synthetic dataset and
BDD100K were selected, with a total of 10 categories.

KITTI [40]and VKITTI [41]: VKITTI contains 50 high-
resolution monocular videos (21,260 frames). This dataset is a
virtual video dataset synthesized from simulated images, with
videos generated from 5 different virtual worlds in an urban
environment under different imaging and weather conditions.
The virtual world is created using the Unity game engine and a
novel real-to-virtual cloning method. This virtual scene has a
corresponding physical world scene in the KITTI dataset.

B. Experiments Details

Metrics. Nine metrics are selected in this paper to evaluate the
performance of the model in terms of detection accuracy. The
details are as follows:

mAP=Y ,AP/C (18)
where C is the total number of categories detected and AP is the
detection accuracy of individual categories.

FID: A measure used to calculate the distance between the
real image and the feature vector of the generated image. The
smaller the FID value, the higher the similarity.

PSNR: The mean square error between the original image and
the processed image. The larger the value, the better the image
quality.

SSIM: Measure the structural similarity of two images, the
larger the similarity, the higher the degree of similarity.

IS: Measure the quality and variety of images

APso: AP at IoU=0.5

APs: AP for small objects: area<32>

APy AP for medium objects: 322<area<96>

APL: AP for large objects: area>962

Implementation details. The training and test environment is
as follows: Linux4.15.0-142-generic Ubuntu 18.04, with
Intel(R) Xeon(R) Silver 4210R CPU @ 2.40GH, 8x32GB
DDR4 and 8xTITAN Xp, 12GB video memory, the batch size
is set to 32.

C. Two-Stage Metadata Optimization Strategy

In this section, we verify the two-stage metadata optimization
strategy. Firstly, five common weather elements are selected to
verify the effectiveness of the element reconfigurability
strategy. Fig. 6 illustrates the capability of our framework to
reconstruct customized traffic scenes with varying weather
conditions. In this demonstration, we have selected five weather
elements, namely Snowy Landscape, Clouds, Fog, Snowflakes,
and Rain, along with four scene elements to represent different
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of Fig. 6 showcases examples of road scenes in rainy, snowy,
and foggy weather, respectively. The flexibility of our
framework allows for the superimposition of multiple elements,
thereby enriching the complexity and realism of the traffic
scenes. This ability to customize and reconstruct traffic scenes
is crucial for the development and testing of vision-based
detection models. By providing a controlled environment with
various weather conditions, our framework enables the
evaluation of model robustness and performance in scenarios
that closely mimic real-world conditions. This, in turn,
facilitates the development of more resilient and accurate
detection systems for traffic scene analysis. Customized traffic
scenarios build rich traffic scenario data and provide conditions
for targeted training and testing. Table I shows the impact of the
. reconfigurability strategy on detection accuracy. The training
. . Clouds, Rain data consists of 20% real data and 80% metadata. The metadata
Fig. 6. Samples of customized traffic scene reconstruction in the training data is divided into reconstructed data (Reco.
data) and unreconstructed data (Clean data), and the ratio of the
two (Reco. Ratio 0) is adjusted to verify the detection accuracy
of the detection model in complex scenarios. As the proportion
of reconstructed data increases, the ability to cope with complex
environments (generalization) continues to improve. When
0=0.85, the optimal mAP=56.8% under complex working

Fog, Rain Fog, Snowflakes -h\;, Rain, Clouds

TABLE 1
VALIDATION OF ELEMENT RECONFIGURABLE STRATEGIES
BASED ON CURE-TSD DATASET

CURE-TSD (Ours) conditions.
Meta data (%) . . . .
a Reco. Ratio & mAP Secondly, for the diffusion model-based optimization
ean data Reco. data* K L. X X
30 0 _ 0515 acceleration strategy, the optimize the performance is verified
60 20 0.25 0.520 at first. Fig. 7 shows the optimized results of the MAJiff,
40 40 0.50 0.534 ESRGAN [42] and SRGAN [43] for low-resolution images. In
?g gg 8;2 8‘22; this experiment, the Bicubic interpolation method is employed
3 7 0.90 0.553 to generate low-resolution versions of the original images,
4 76 0.95 0.547 which serves as a baseline for our comparisons. The low-
0 80 1.00 0.491 resolution images processed by Bicubic interpolation exhibit a

* Reco. data means reconstruction data.

significant loss of detail, making it challenging to distinguish
specific features. Both SRGAN and ESRGAN are capable of
enhancing the resolution of the images, resulting in improved
clarity and detail. However, our proposed MAJiff strategy
demonstrates a superior ability to restore image quality. The
comparative analysis of clarity changes in the figure indicates
that MAJiff yields images with higher clarity than both

TABLE II
THE ACCURACY OF THE MODEL UNDER DIFFERENT SR IMAGE
RECONSTRUCTION ALGORITHMS

Mothad Datase Ay SRGAN and ESRGAN.

SRGAN Data-S 45.5% ('4_1;.7% ) 51world Synthetic Dataset is used as training data, which uses
ESRGAN Data-E 50.7% (+17.9%) Bicubic [44] to generate low-resolution images (480%270), and
MAdiff Data-M 51.2% (+18.4%) the original images are used as high-resolution images

(1920%1080). From the figure, our method has a better ability
to optimize the backlit vehicles and road traffic information in

TABLE III the distance. MAdiff generates images with different levels of

RESULTS OF IMAGE QUALITY UNDER DIFFERENT ¢p detail during the diffusion process, which helps to remove noise
and preserve fine details and textures in high-resolution images.

¢ L FID| IST  PSNRT SSIM?  Time At And GAN-based method has a limited receptive field and

001 10~ 2448 1156 1027 028  0367s 3655 cannot capture the long-range dependencies in the image, which

002 20 1048 164.4  16.86 0.66 0.734s - 36.1s may cause the generated image to appear blurred or artifacts.
0.05 50 7.39 173.9 22.10 0.65 1.847s  35.0s . . . .

0.10 100 6.62 184.2 23.32 0.72 3.653s 33.2s The 1mage quahty will affect the subsequent detection results.

050 500 648 1851  26.12 0.74 18.33s  18.5s Table II shows the detection accuracy after different

1.00 1000 635 1865 27.36 0.78  3682s 0.0s optimization processes. Bicubic is used to generate the low-

resolution dataset Data-B as a baseline. SRGAN, ESRGAN,

' . o and MAJiff process the Data-B to generate datasets Data-M,

aspects of the traffic environment. By strategically combining  Data-E, and Data-M of the same number and size, respectively.

these elements, we can generate a diverse array of traffic scenes [t can be seen that MAdiff has the highest detection accuracy,
under different weather conditions. For instance, the right part  which is 18.4% higher than that without optimization.
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Fig. 7. Super-resolution reconstruction results of different methods on the 51world dataset, where Low-quality represents the result

of 4 times bicubic interpolation down-sampling.

Further, the optimization speed is verified. Table III shows
the relationship between image quality and optimization speed.
¢=t/ T is used to control the sampling interval length of our
method, thereby controlling the optimization speed. L.
represents the length of the sampling iteration interval. FID,
PSNR, SSIM and IS are used to measure image quality. Time
represents the optimization time. Az represents the time reduced
after adopting the acceleration strategy. The inference speed of
the diffusion model has a linear relationship with the number
of denoising iterations. When the number of denoising
iterations is less, the inference speed of the model is faster; and
vice versa. When ¢ decreases, L. decreases accordingly, and
the speed of MAJiff decreases linearly. ¢p=1 means that no
acceleration strategy is adopted, and sampling is not performed
at this time, and the sampling speed is 36.82 seconds per image.

Since different optimization speeds have different image
qualities, and the image quality will affect the detection
performance, we need to strike a balance between optimization
speed, image quality and detection results. Generally,
optimization speed is inversely proportional to image quality
and detection accuracy, and image quality is directly
proportional to detection accuracy. When the image is
optimized to a certain extent, the detection accuracy has little
effect on the quality improvement. To better illustrate this
relationship, Fig. 8 plots the image quality (as evaluated by
PNSR) and optimization time on the horizontal and vertical
coordinates, respectively. The size of the circle represents the
mAP. When Time=3.682s, mAP=46.11%, and the balance
between the two reaches the best, at this time ¢=0.15.

40 mAP
e 20
i @ 30
30 PSNR: 23.3 Q4
Y, Time: 3.682s ()50
E 20 mAP: 46.11%
101
g
0- ,
10 15 20 25 30
PSNR

Fig. 8. The relationship between image quality (PSNR),
optimization time and detection accuracy.

D. MITVF for Detection

The experiments were conducted on two pairs of datasets: 1)
S1world as metadata and the BDD100K as real data; 2) the
synthetic and real data in CURE-TSD. The effectiveness of the
domain adaptive learning method in the object detection task in
this section is verified. It can overcome the visual disparity
between the Metaverse and the physical world, and facilitate the
application of visual perception tasks to the physical world
without distinction.

The comparison methods as follows: Object detection
methods: DETR [45], M2Det [46], YOLOvVS5 [1], YOLOX [47],
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Fig. 9. Vehicle detection sample with or without MITVF on the BDD100K dataset: Baseline is a general object detection method
that does not use MITVF, here is Faster-RCNN, which uses different amounts of real data for training, and the number of real
datasets in parentheses in the figure; MITVF is trained with a large amount of metadata, and uses 1,000 real images in the adaptive
learning stage to complete the performance migration between the virtual and real worlds.

YOLOvV5S DETR Baseline

ZOO,OOOYreal data 350,000 metad%—S,OOO real data
Fig. 10. The detection results of MITVF and other competitors on the traffic sign task on the CURE-TSD dataset.
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TABLE IV
RESULTS (APso) OF 51WORLD SYNTHETIC DATASET—BDD100K.

51world Synthetic Dataset — BDD100k

Number of physical world images provided for training

Method 100 500 1k 2k 5k 10k 20k
DETR 0.078 0.187 0214 0287 0365 0.445 0.534
M2det 0.097 0.148 0.198 0.304 0358 0.425 0.458
EfficientDet 0.141 0.204 0.245 0341 0.394 0.491 0.525
YOLOX 0.112 0225 0.268 0357 0.401 0.487 0.497
YOLOvV7 0.104 0.169 0.204 0.334 0378 0.454 0.484
YOLOVS 0.139 0.178 0.220 0273 0333 0.416 0.468
VATSD 0.160 0.240 0279 0.341 0.403 0.541 0.580
CenterNet 0.158 0.234 0.251 0.324 0386 0.532 0.564
Cascade R-CNN 0.155 0237 0.268 0.338 0.394 0.543 0.572
BANet 0.112 0.189 0.241 0.305 0376 0.492 0.533
Fast-Det 0.102 0.164 0218 0.292 0352 0.487 0.550
CSIM 0.137 0.179 0.239 0.309 0371 0.432 0.527
MTSDet 0.161 0.207 0.261 0313 0.382 0.501 0.536
Baseline 0.157 0.232 0.262 0.340 0.388 0.534 0.552
DA-Detect 0263 0387 0.470 0511 0512 / /
FUDA 0.229 0.359 0.452 0.498 0.513 0515 /
MITVF 0.481 0.531 0.536 0.582 / / /

EfficientDet [48], YOLOvV7 [49], VATSD [50], Faster R-CNN
[51], CenterNet [52], Cascade R-CNN [53], BANet [54], Fast-
Det [55], CSIM [56], MTSDet [57]. Domain adaptive learning
method: DA-Detect [22] and FUDA [58]. The selected
comparison method has a high number of citations and is the
latest popular method in the relevant field. Faster-RCNN is
used as the baseline, and achieves performance-
indistinguishable detection in the physical world by feature
alignment between the two domains. The above methods have
relatively reliable detection performance, high citations, and
have been widely used in traffic object detection tasks.

Fig. 9 illustrates the experimental results of our proposed
MITVF framework on the vehicle detection task. Baseline
represents the common detection model without domain
adaptive learning. The numbers in parentheses indicate the
training data utilized for each model, here is the real scene data.
MITVF employs domain adaptive learning, leveraging both
metadata and a subset of 1,000 real-world images (denoted as
'1,000 real data') for training. The comparative results in Fig. 9
clearly demonstrate that MITVF significantly outperforms the
Baseline model in terms of detection accuracy. This
enhancement is particularly noteworthy given that the training
dataset for MITVF is relatively small, comprising only 1,000
real-world images. The superior performance of MITVF can be
attributed to its effective utilization of domain adaptive learning,
which enables the model to generalize better to real-world
scenarios. By integrating metadata and leveraging a limited
amount of real scene data, MITVF achieves a more robust and
discriminative detection capability.

Fig. 10 presents the comparative results of our MITVF
framework on the traffic sign detection task. Notably, MITVF
achieves comparable performance to other state-of-the-art
methods, such as YOLOvS and DETR, with only 5,000 real-
world images (denoted as '5,000 real data') for training, whereas
the other methods require a substantially larger dataset of
200,000 real-world images (denoted as '200,000 real data').

This demonstrates the efficiency and effectiveness of MITVF
in leveraging a smaller dataset to achieve competitive results.
Traffic signs, compared to vehicles, are smaller and more
homogeneous in appearance, which poses additional challenges
for detection algorithms. Despite this, other methods like
YOLOv5 and DETR, even when trained on the extensive
200,000 real dataset, still exhibit certain limitations, including
missed detections and false positives, as indicated by the red
circles in Fig. 10. In contrast, MITVF incorporates domain
adaptive learning, demonstrates superior detection performance
on traffic signs. By leveraging the features learned in the
Metaverse and applying them to the physical world, MITVF
shows a remarkable reduction in both missed detections and
false positives. This enhanced performance underscores the
potential of domain adaptive learning in bridging the gap
between virtual and real-world data. Furthermore, the ability of
MITVF to achieve competitive performance with significantly
less real-world data highlights the potential benefits of using
virtual data from the Metaverse for training. This approach can
substantially reduce the costs associated with data collection
and annotation in the real world, while also increasing the
diversity and variability of the training dataset. Overall, the
results presented in Fig. 10 emphasize the advantages of our
MITVF framework in terms of efficiency, effectiveness, and
cost reduction for traffic sign detection tasks.

Further, a quantitative analysis is conducted of the proposed
methods to quantify the accuracy of each method on the
detection task. Table IV and Table V show the performance
migration changes of the model trained through metadata on the
BDD100K and the CURE-TSD. Based on the domain adaptive
learning method, the detection model can achieve better
detection performance with a small amount of real data. Table
VI shows the accuracy evaluation on the CURE-TSD dataset.
The comparative methods are trained on 200,000 real data, and
MITVF is trained on 5,000 real data and sufficient metadata. It
can be seen that MITVF has better performance in all metrics
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TABLE V
RESULTS (APsg) OF CURE-TSD-VIRTUAL—CURE-TSD-REAL.

CURE-TSD-Virtual - CURE-TSD-Real

Number of physical world images provided for training

Method

1k 2K 5k 10k 20k 50k 200k
DETR 0.221 0.297 0.387 0.487 0.524 0.535 0.621
M2det 0.199 0.301 0.364 0.429 0.471 0.514 0.543
EfficientDet 0.247 0.354 0.412 0.487 0.498 0.524 0.564
YOLOX 0.271 0.364 0.421 0.517 0.524 0.574 0.591
YOLOvV7 0.207 0.344 0.387 0.480 0.497 0.541 0.583
YOLOVS 0218 0.297 0314 0.425 0.469 0.524 0.554
VATSD 0.267 0.387 0471 0.524 0.564 0.635 0.669
CenterNet 0214 0.309 0.378 0.478 0.522 0.568 0.632
Cascade R-CNN 0.269 0.362 0.442 0.538 0.559 0.634 0.658
BANet 0.201 0.329 0.398 0.499 0.531 0.628 0.632
Fast-Det 0211 0.327 0.392 0.502 0.538 0.601 0.626
CSIM 0.247 0.358 0.426 0.525 0.569 0.622 0.630
MTSDet 0.228 0.336 0.399 0.489 0.513 0.593 0.603
Baseline 0.272 0.367 0.431 0.541 0.561 0.621 0.651
DA-Detect 0.603 0.631 0.645 0.647 0.648 / /
FUDA 0.626 0.642 0.651 0.655 0.654 / /
MITVF 0.667 0.671 0.677 / / / /
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Fig. 11. Detection results on generated virtual scenes and real scenes. The selected datasets are KITTI and VKITTI. “Real”
represents the results on KITTI dataset. “Virtual” represents the results on VKITTI dataset.

and outperforms other methods in AP, APso, Recall and other
metrics. The above results prove that MITVF has a good
prospect and potential for the development of ITS.

E. Virtual and Real Scene Matching

The models trained through the BDD100K and 51world were
tested on the KITTI and VKITTI datasets, which proves the
matching relationship between the generated metadata and the
real scene. VKITTI is the virtual data in KITTI corresponding

to the real scene. The detection results are shown in Fig. 11. The
vehicle detection results AP@50 were 64.27% (KITTI) and
66.22% (VKITTI) respectively. It can be seen that the accuracy
difference between MITVF on the real data and the virtual data
is very small, and both can achieve better detection
performance. Moreover, this reflects the authenticity of the
generated data, and shows that MITVF has good detection
performance in both metadata and real scenes.
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Fig. 12. Visualization process of MITVF robustness experiments for challenging traffic scenarios

TABLE VI TABLE VIII
OBJECT DETECTION ACCURACY COMPARISON ON THE CURE- ROBUSTNESS ANALYSIS OF NOISE EFFECT
TSD DATASET
Model Noise mAP APy, AP APy, AP,
Method mAP AP AP APy AP, Gaussian
DETR 0.563 0‘625(1 0‘3887 0.524 0.708 noise 0575 0-580 0351 0-522 0652
M2det 0.501 0.543 0.364 0.471 0.659 Pepper
Efficientdet  0.547 0564 0412 0498  0.692 MITVE e 0710576 033 0526 0661
YOLow  0sT7 0 03T 0497 o o 03500368 0349 0309 0649
YOLOV5 0498  0.554 0314 0.469 0.661 Gaussian
VATSD 0.662 0.672 0.462 0.509 0.730 noise 0.501 0.522 0.319 0.487 0.562
CenterNet 0.643  0.651 0440 0486  0.693 . Pepper
Cascade R-CNN  0.598  0.660 0456 0526  0.738 Baseline noise 0492 0518 0302 0428  0.545
Baseline 0594 0651 0431 0501  0.708 Speckle
MITVF 0.687  0.677 0471 0.566 _ 0.739 noise 0479 0503 0327 0430  0.535
TABLE VII
COMPARES THE COMPUTATIONAL COMPLEXITY AND RUNTIME £+ Computational Complexity Analysis
OF THE ALGORITHM. Computational complexity is an important metric in model
evaluation. In order to illustrate the computational complexity
Model Model size Params. FLOPs _ FPSy and running time of the proposed method, we evaluate MITVF
DETR 159M 41M 225G 20 from five perspectives: Model size, parameter amount
Egﬁgfgget 1655.1(;5&4 Sg%ﬁ ;2:% gg (Params.), FLOPs, ipference speed (FPSp1) and O(h). Table VII
YOLOV7 74.8M 37.34M 120G 87 shows the comparison results between MITVF and other
YOLOVS 14.6M 7.193M 16.7G 125 methods. From the table, MITVF has a certain gap compared
VATSD 15.1M 7.86M 172G 100 with existing lightweight networks in terms of Model size and
Cas(;zg?g étNN ;ggﬁ zgéggﬁ gg:;ggg ‘g Params. Most of these are caused by the Baseline used, which
Baseline 159M 41.753M 57.62G 23 is to ensure the detection accuracy of various types of traffic
MITVF 165.2M 42.263M __ 59.754G 22 objects. Despite this, MITVF still ensures the real-time
*Params. repregents the number of parameters of the mode.l, and FPSy, requirements needed for traffic object detection, and FPSy;
represents the 1nference speed of the model when batch-size=1. (On a reaches 22.
TITAN Xp graphics card).
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Meanwhile, the overall computational complexity of the
model is measured by analysing the O(h) of each module of
MITVF. Its main components are as follows: The feature
extraction network, the region proposal network, classification
and regression layers and the self-attention module. The overall
computational complexity of MITVF can be roughly expressed

as O(HW + HZV

+ ND + nzdj . The H and W represent the
s

height and width of the input image, respectively. s is the
downsampling rate of the feature extraction network. N
represents the number of candidate regions, and the feature
dimension of each region is D. n represents the sequence length,
and d represents the vector dimension.

G. Robustness Analysis

In this section, Gaussian noise, Pepper noise and Speckle
noise are used to simulate the device noise interference during
image acquisition. The robustness of MITVF was validated and
analyzed on the CURE-TSD dataset, as shown in Table VIIL
Among them, Physical-Model represents the general detection
model under the non-metaverse, the training data is 200,000
real images, and MITVF is trained through 350,000 metadata
and 5,000 real images. It can be seen that Metaverse improves
the anti-interference ability and robustness of the model by
providing a variety of rich training data, and has a good
performance in various indicators.

In addition, to further illustrate that MITVF can adapt to
challenging traffic scenarios with low cost and high efficiency,
we conduct experiments with challenging scenarios and data
volume as variables. Fig. 12 illustrates the results of five control
experiments conducted to evaluate the performance of our
MITVF framework on the traffic sign detection task using the
CURE-TSD dataset. The experiments are designed as follows:

Group 1-3: These groups are trained exclusively on varying
proportions of real datasets from CURE-TSD, with an
increasing proportion of challenging scenes in the training data
for each successive group.

Group 4: This group is trained on virtual data from CURE-
TSD that encompasses rich and challenging environments,
supplemented by a small subset of real data to facilitate cross-
domain detection.

Group 5: Similar to Group 4, this group is trained on virtual
data with challenging environments and a small subset of real
data. However, Group 5 employs a feedback loop mechanism,
where the test results are used to optimize the training dataset.

All groups are evaluated on real data from challenging
scenarios within CURE-TSD. The right side of Fig. 12 presents
the accuracy change curves during the training process for each
group.

The results indicate that MITVF significantly enhances visual
perception in challenging scenarios through metadata training.
Specifically, Group 5 incorporates the feedback loop
mechanism, achieves a detection accuracy of 58.1%. This is
notably higher than Group 3, which is trained with a sufficient
amount of real data containing challenging scenes, yet only
reaches an accuracy of 42.2%.

Moreover, the comparison highlights the advantages of using
virtual data for training. Acquiring diverse and challenging real-
world data can be expensive and risky. In contrast, creating

virtual data in the Metaverse is more convenient and cost-
effective, while still providing the necessary diversity and
complexity for training robust detection models. This
underscores the potential of virtual data and metadata training
in improving the performance of detection models in real-world
scenarios

VII. CONCLUSION

In view of the challenges of insufficient data quantity, poor
scene diversity, and low testing efficiency in existing ITS visual
perception tasks, the MITVF is proposed to provide a promising
solution to the above challenges. Firstly, a two-stage metadata
optimization strategy is proposed to efficiently construct
diverse and high-quality metadata. Implement custom
construction of metadata through reconfigurable elements to
increase data diversity. And the diffusion model-based
metadata acceleration optimization strategy expeditiously
improves the resolution of low-quality images and provides
high-fidelity scenes for visual perception tasks. Secondly, a
domain adaptive learning method is proposed to overcome the
problem of visual disparity between the Metaverse and the
physical world, allowing visual perception tasks under the
Metaverse to be efficiently performed in the physical world. In
the future, our objective is to augment the capacity of Metaverse
for simulating environmental conditions, enhancing its realism
in mirroring real-world scenarios. Furthermore, we aim to
refine the proposed domain adaptation algorithm to bolster the
robustness and generalization of our model by extracting
features that remain invariant across different domains
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