Information Processing and Management 60 (2023) 103171

Contents lists available at ScienceDirect

Information Processing and Management

e

ELSEVIER

journal homepage: www.elsevier.com/locate/infoproman

Data information processing of traffic digital twins in smart cities
using edge intelligent federation learning

Weixi Wang®, Fan He“, Yulei Li b Shengjun Tang“, Xiaoming Li® " Jizhe Xia?,
Zhihan Lv ¢

# Research Institute for Smart Cities, School of Architecture and Urban Planning, Shenzhen University and Shenzhen Key Laboratory of Spatial Smart
Sensing and Services and MNR Technology Innovation Center of Territorial and Spatial Big Data and Guangdong-Hong Kong-Macau Joint
Laboratory for Smart Cities, Shenzhen 518060, China

Y Logistics Information Centre, Beijing 100842, China

¢ Department of Game Design, Faculty of Arts, Uppsala University, Sweden

Check for
updates

ARTICLE INFO ABSTRACT

Keywords:

Digital twins cities
Deep learning
Traffic safety

Sign recognization
Edge computing

The present work analyzes the application of deep learning in the context of digital twins (DTs) to
promote the development of smart cities. According to the theoretical basis of DTs and the smart
city construction, the five-dimensional DTs model is discussed to propose the conceptual
framework of the DTs city. Then, edge computing technology is introduced to build an intelligent
traffic perception system based on edge computing combined with DTs. Moreover, to improve the
traffic scene recognition accuracy, the Single Shot MultiBox Detector (SSD) algorithm is opti-
mized by the residual network, form the SSD-ResNet50 algorithm, and the DarkNet-53 is also
improved. Finally, experiments are conducted to verify the effects of the improved algorithms and
the data enhancement method. The experimental results indicate that the SSD-ResNet50 and the
improved DarkNet-53 algorithm show fast training speed, high recognition accuracy, and
favorable training effect. Compared with the original algorithms, the recognition time of the SSD-
ResNet50 algorithm and the improved DarkNet-53 algorithm is reduced by 6.37ms and 4.25ms,
respectively. The data enhancement method used in the present work is not only suitable for the
algorithms reported here, but also has a good influence on other deep learning algorithms.
Moreover, SSD-ResNet50 and improved DarkNet-53 algorithms have significant applicable ad-
vantages in the research of traffic sign target recognition. The rigorous research with appropriate
methods and comprehensive results can offer effective reference for subsequent research on DTs
cities.

1. Introduction

Nowadays, the new generation of information technology has become a critical support to social progression (Deng et al., 2021). At
this stage, information technology is gradually revealing its significant value to society, and it has been applied to many fields such as
the manufacturing industry, medical industry, and education industry (Khalid & Ameen, 2021). Information technology also plays a
vital role in the construction and renewal of cities. Urban construction and progress are increasingly inseparable from digital
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Fig. 1. Structure of the five-dimensional DTs model.

empowerment, and the construction of digitalized cities is the principal development direction of major cities in China and an
inevitable requirement for enhancing the efficiency of urban governance (Camero & Alba, 2019). With the deepening of research and
an increasingly extensive application, the concept of smart city is further improved and optimized. Digital twins (DTs) integrate a
variety of technologies, such as machine learning, deep learning, and Internet of Things (IoT). In-depth discussion of these information
technologies is of great research significance for the development and application of DTs (Fan et al., 2021). The smart city based on DTs
has become the focus of researchers. Lu et al. (2020) took the West Cambridge site of the University of Cambridge as an example to
illustrate the theoretical path of developing DTs at the city level. Francisco et al. (2020) explained the important role and significance
of DTs in urban energy management. Elayan et al. (2021) discussed the application of DTs technology in the field of intelligent medical
care in smart cities .

DTs city is a combination of DTs with urban construction, which builds a complex giant system of one-to-one correspondence,
mutual mapping, and cooperative interaction between the physical world of the city and the virtual digital space. A twin city cor-
responding to the physical city is reconstructed in the virtual space to realize digitalization and virtualization of total urban elements,
real-time and visualization of the whole state of the city, and coordination and intelligentization of urban management and decision-
making (Pang et al., 2021). However, the research on DTs city is still in its infancy, so further research is of great theoretical value and
practical significance. In the construction of DTs cities, the intelligent transportation system (ITS) is the most momentous part and
attracts close attention (Yan et al., 2020), which realizes elementary functions such as dynamic discovery, automatic identification,
scientific diagnosis, intelligent solution, and feedback optimization (Aujla et al., 2018). Besides, it provides a series of intelligent
services, such as intelligent state extraction, intelligent pattern recognition, intelligent jump detection, intelligent situation diagnosis,
intelligent collaborative optimization, efficiency balance regulation, spatio-temporal information aggregation, and fusion strategy, to
improve the operation effect and intelligence of urban traffic. At present, studies on intelligent transportation generally focus on
unmanned driving, intelligent road perception, and environment recognition (Aamir et al., 2019). In addition, edge intelligence
provides services such as advanced data analysis, scene perception, real-time decision-making, self-organization and collaboration
provided by edge nodes on the edge side, while edge computing can calculate, apply, store and communicate the data information
collected on the edge side. This makes it possible to respond more quickly to the requests of edge devices in the process of Internet of
Vehicles in the construction of smart city traffic (Jararweh et al., 2020). Therefore, current research should focus on optimizing the
accuracy of intelligent road environment recognition and detection, so as to improve the efficiency of intelligent perception and
effectively improve the information security performance of intelligent transportation networks (Berdik et al., 2021).

Based on the actual situation at the present stage, the present work principally studies environmental perception in the field of
intelligent transportation in DTs cities. First, the theoretical framework of smart city and transportation model based on DTs is con-
structed based on the concept of DTs. In addition, the deep learning network is adopted and optimized, edge computing algorithm is
introduced, and the data information on the edge side of the transportation network is collected and calculated in real time for
intelligent identification of the transportation network. Moreover, experiments are carried out to verify the specific optimization effect
and target recognition effect of the algorithm. Through the discussion of the theoretical model of DTs as well as related theories of
smart cities and ITS, the present work proposes the conceptual models of technological DTs city and DTs transportation. Furthermore,
the Single Shot MultiBox Detector (SSD) algorithm is optimized by the residual network, form the SSD-ResNet50 algorithm, and
DarkNet-53 algorithm is also optimized. Then, the training effect, instantaneity performance, target recognition accuracy, and data
enhancement effect are analyzed through experiments. The purpose of the present work is to provide scientific and effective reference
for the subsequent research on DTs city and intelligent transportation model.

2. Theoretical foundations and algorithm optimization scheme
2.1. Accuracy evaluation of communication big data node detection algorithm

DTs achieve interaction and feedback between physical systems in the real world and digital systems in the virtual world. Through
data collection, mining, storage, and calculation, it ensures collaboration and adaptation between physical and digital systems in the
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Fig. 2. Conceptual framework of the DTs city.

full life cycle. With technology advancement and extended application, the model structure of DTs is further deepened. For example,
Tao et al. (2019) defined a five-dimensional DTs model, as shown in Eq. (1).

Mpr = (PE, VE, Ss, DD, CN) €))

In Eq. (1), PE denotes a physical entity, VE refers to a virtual entity, Ss signifies a service in the DTs model, and CN represents the
connection among various components.

Fig. 1 displays the structure of the five-dimensional DTs model.

DTs primarily include PE, VE, twin data, services, and connections. PE is the basis and premise of DTs, which generally includes
three levels, namely the Unit PE, System PE, and System of systems PE. VE can be expressed as Eq. (2).

VE = (G,, P\, B,,R,) (2)

In Eq. (2), Gv stands for the geometric model, Py signifies the physical model, Bv refers to the behavior model, and Ry indicates the
rule model.

Service is classified into new function service and business service. Twin data is the data base of the DTs model, including physical
entity data, virtual entity data,service data, knowledge data, and fusion derived data. The connectivity can realize the interconnection
of the various parts of the DTs structure, as shown in Eq. (3).

CN = (CN — PD,CN — PV,
CN — PS,CN — VD, 3)
CN — VS,CN — SD)

In Eq. (3), CN-PD, CN-PV, CN-VD, CN-VS, and CN-SD refer to the connection between PE and DTs data, PE and VE, PE and services,
VE and DTs data, VE and services, or between DTs data and services, respectively.

The city is an extremely complex man-made system, and it is technically difficult to study the modeling of the urban system through
traditional methods (Ham & Kim, 2020). The five-dimensional DTs model has obvious universality and has achieved excellent
application effects in different fields and different objects. The five-dimensional DTs model can cooperate with IoT, big data, artificial
intelligence, and other new-generation information technologies, which is highly consistent with the construction concept of smart
cities (Wu et al., 2021). Therefore, a DTs city which is almost the same as the urban physical entity is established based on the
five-dimensional DTs model and other related concepts, to realize the real-time connection and dynamics between the physical city
and the virtual city (Qiao et al., 2019). The five-dimensional DTs model can analyze the unified data to track and identify urban
dynamic changes, and make urban planning and management more in line with the law of urban development. The DTs city meets the
needs of physical system integration, physical data fusion, virtual and real bidirectional connection, and interaction of information
(Minerva et al., 2020).

Therefore, the conceptual framework of the smart city is designed based on DTs and the practical needs of smart city development,
as presented in Fig. 2.

Fig. 2 indicates that the DTs city starts with the comprehensive digitalization of subject, diversity, and factor flow. It can realize the
integration and sharing of urban government data resources and social data resources, form the organic unification of human pro-
duction, living, and ecological data, and build the digital city mirror integrating humans, machines, and objects. Under the DTs city,
digitalization will become the key basis of urban development, which will pay attention to the dynamic learning and adaptation of
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Fig. 3. The difference between DTs cities and traditional smart cities.
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Fig. 4. Conceptual model of the traffic sensing system on DTs.

society and promote the intelligent coupling of various modules of cities.

The DTs cities reported here are significantly different from the traditional smart cities. The specific differences are shown in Fig. 3.

The differences between DTs cities and traditional smart cities are as follows. Firstly, DTs city performs a unified digital record and
presentation of material city and its economic and social characteristics, and meanwhile conforms to the law of urban adaptation and
self-organization. Secondly, DTs city is the symbiosis of the virtual and the real, which aims to realize the digitalization of all elements
of the city, the visualization of all states, and the intelligence of all activities through constructing a virtual city. Finally, DTs cities
always pay attention to the continuous development and progress of the urban ecosystem, while traditional smart cities are more
limited to a part of a city or a certain stage. In summary, there are significant differences between DTs cities and traditional smart cities
in underlying logic, governance concepts, and technical solutions. However, the essential purpose of DTs city and smart city con-
struction is the same, that is, to make the city better.

2.2. Design of intelligent traffic perception system based on edge computing combined with DTs

The transportation system is a critical component of urban life, which is related to the normal life of residents and the progression of
the city (Bansal et al., 2020). The digitalization degree of the transportation system also reflects the digitalization process of cities to
some extent. By applying edge computing to data detection in intelligent transportation, roadside sensors and on-board sensors can
collect real-time information such as the surrounding environment and vehicle driving conditions, and transmit them to the edge
server through the roadside micro cloud and base station. The edge server then maximizes the real-time traffic data stream it collects
while offline. After the edge server completes the preliminary processing, the results of the preliminary processing are pushed to the
centralized central platform in the 5G core network for caching or further intelligent processing. Finally, the prediction results will be
fed back to the vehicle unit in time.
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Fig. 5. Structure of the deconvolution module.

At the present stage, the research on DTs traffic model has raised attention, which focuses on the construction method of DTs
dynamic traffic scenes (An & Wu, 2020). The DTs technology is further introduced into it, the DTs-based traffic sensing system mainly
includes four aspects,. i.e., people, cars, roads, and the surrounding environment. Therefore, in the construction of DTs, it is essential to
consider the influence of multiple factors rather than a single factor (Schintler & McNeely, 2020). Fig. 4 reveals the conceptual model
of traffic scene based on DTs designed here.

According to Fig. 4, in the DTs urban traffic scene, people, vehicles, roads, environment, and other elements migrate from the
physical world to the digital world, realizing the virtuality and reality combination of the traffic scene. This can be extensively used in
remote operation and maintenance of transportation facilities, development of new transport vehicles, driverless virtual test, traffic
problem analysis and experiment, etc. With the help of advanced information technology means such as deep learning, IoT, cloud
computing, and positioning technology, DTs-based intelligent transportation produces a vitally significant application effect in solving
practical problems.

2.3. Traffic sign recognition via SSD-ResNet50 algorithm

Here, the improved SSD algorithm is applied to the recognition of traffic signs. SSD algorithm belongs to one-stage detection al-
gorithms. This algorithm can directly calculate the target position and category of the input image through the convolutional neural
network (CNN) (Li & Zhou, 2017). The SSD algorithm can also generate a variety of feature maps to enhance the feature extraction
capability of the algorithm (Nagrath et al., 2021).

The SSD algorithm primarily consists of the multi-layer deep convolutional neural network (DCNN) and multi-scale feature
extraction network. The multi-layer DCNN is evolved from Visual Geometry Group Network 16 (VGG16), which is the basic network of
the SSD algorithm (Miao et al., 2019). It is responsible for preliminarily extracting feature information and achieving target classi-
fication. The multi-scale feature extraction network is composed of many convolution layers, and the size of feature map obtained by
these convolution layers decreases layer by layer. Therefore, multi-scale feature maps can be used to predict target position and
category, to increase the accuracy and improve robustness to low resolution images (Wang et al., 2018). ResNet adopts the mode of
jump connection to directly combine the input information with the output after the convolution operation as the overall output of this
feature layer, and no new parameters are added in the direct connection process (Du et al., 2019). Consequently, the number of
parameters in the network structure is greatly reduced, the feature extraction effect is improved, and the performance degradation
with the increase in network layers is effectively solved.

To improve the depth of the convolutional network, the SSD algorithm is improved based on ResNet. Specifically, ResNet50 is
introduced into the SSD algorithm to replace original VGG16, constituting the SSD-ResNet50 algorithm (Theckedath & Sedamkar,
2020). ResNet50 has four different residual layers, and each layer has a different number of residual units. Each residual unit contains a
jump connection from input to output, and there is also an output obtained by the input after three convolution operations, which
solves the problem that detection accuracy decreases instead of rising with the growth of network layers (Ali et al., 2019). Moreover,
the parameters and filters in ResNet50 are less than those in VGG16, resulting in a more simple computation process (Nahar et al.,
2018).

After the above improvements, deconvolution fusion operation is also carried out to solve the problem of poor network conver-
gence of SSD-ResNet50 (Cheng et al., 2017). In the target detection, the lower the dimension of feature graph, the richer the semantic
information of target feature. After deconvolution operations, the feature map can map low-dimensional features in the high layer to
high-dimensional features in the low layer. This operation can strengthen the semantic connection between network feature layers and
highlight the feature expression of network structure (He et al., 2018). Deconvolution is a kind of mathematical operation that maps
low-dimensional local features to high-dimensional space through a zero-filling method. The operation process is shown in Eq. (4).

f(Dcwnvolmian) = [S(X - 1) +n— zpad]z (4)

In Eq. (4), s denotes the step size, x refers to the size of input image pixel, n stands for the size of convolution kernel in decon-
volution, and pad represents the value of padding.

Fig. 5 illustrates the structure of the deconvolution module.

Fig. 6 indicates the SSD-ResNet50 model after optimizing the SSD algorithm by ResNet50 and deconvolution module.

According to Fig. 6, the SSD-ResNet50 model adds five extra convolution layers on the basis of ResNet50 to extract feature images
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Fig. 7. The structure of original DarkNet-53.

of different sizes. The improved network has 65 layers, including 60 convolutional layers and 5 pooling layers. The size of the input
data is 512*512, the size of output feature maps after the pooling layer of each layer is 1/2 of the size of the input image, and the size of
the output data is 1*1. After each convolution layer in deconvolution module, there is an added batch normalization layer, and the
learning-based deconvolution layer performs sampling. Besides, the superposition feature map is input into the ReLU activation layer
by means of element dot product. Under this optimization scheme, the SSD-ResNet50 model can better extract target features and
strengthen the fusion ability of target feature information.

2.4. Traffic sign recognition algorithm under improved DarkNet-53 model

The DarkNet-53 network model is common in target recognition. Fig. 7 shows the structure of original DarkNet-53.

In the original DarkNet-53, feature extraction is completed after the input data is processed by multi-layer 1*1 convolution, 3*3
convolution, reduction, and nonlinear transformation, etc. Then, the input enters into the module composed of average pooling
(Avgpool) layer, full connection layer, and Softmax layer to realize image recognition and classification (Yang & Shi, 2021; Lawal,
2021).

Accuracy and instantaneity are two primary issues to be considered in the study of traffic sign recognition. Therefore, DarkNet-53
opptimized here, aiming at improving the accuracy of traffic sign recognition and enhancing the generalization ability of the model.
The performance of the algorithm is improved by adjusting the classification module structure and loss function in the original
DarkNet-53.

The structure of the classification module of DarkNet-53 is optimized first. Fig. 8 provides the structure of optimized DarkNet-53.

As shown in Fig. 8, a new classification module is designed, which is composed of the Avgpool layer and classifier. The Avgpool
layer dimensionally reduces the features extracted by DarkNet-53, and the classifier consists of a linear layer, a one-dimensional
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Fig. 8. Structure of optimized DarkNet-53.

BatchNormal layer, a LeakyReLU layer, and a linear layer.
In addition, the loss function is optimized. In the traditional two-class classification method, the conventional loss function is the
cross-entropy function (CEF), which is expressed as Eq. (5).

_ ' [ logy,y=1
L= —ylogy — (1 —y)log(1 —y) {710g(17yr)7y:0 5)

InEq. (5),y € {0,1} denotes the label of the real sample, and y € [0, 1] refers to the predicted output after the Sigmoid activation
function.

According to Eq. (5), for positive samples, the larger the output probability value of the traditional cross entropy loss function, the
smaller the loss. On the contrary, for negative samples, the smaller the output probability, the smaller the loss. Therefore, the loss
function is slowly optimized or even unable to obtain the optimal solution in the iteration process of multitudes of samples.

Focal Loss function is utilized as loss function here, which can be written as:

—(1—y)logy,y=1
LF:{ (,n y Jlogy ,y )
—y“log(1—y),y=0

L= { b1 = y)logy,y =1 @
—(1=b)y“log(l —y),y=0

Egs. (6) and (7) show that Focal Loss function adds an impact factor a (a > 0) to the original CEF. If the impact factor reduces the
loss of easy-to-classify categories, the loss of difficult-to-classify categories will increase. Therefore, the model parameters are modified
in different ranges for different categories in each process of error transmission, to speed up network training and improve the overall
recognition accuracy of the model. Besides, a balance factor b is added to deal with the imbalance of different types of data (Ross &
Dollar, 2017; Sun et al., 2019).
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2.5. Communication big data node detection algorithm based on machine learning

The data set used in this experiment is the German Traffic Sign Detection Benchmark (GTSDB), which is the most classic and the
most recognized data set in traffic signal and detection (Ellahyani & El Ansari, 2017). The data set is classified into a training set and a
test set. There are 600 images in the training set and 300 in the test set. Images in the data set are divided into three categories of
prohibition, instruction, and warning. All images in this data set come from real scenes, including various traffic sign images of
different application scenarios, different light scenarios, and different weather environments (Zhang et al., 2020).

The training with large-scale data can enable the CNN to extract more feature information of detection targets and avoid over-
fitting or under-fitting of the model due to insufficient data during model training. However, the GTSDB data set contains a small
amount of images, which can’t meet the needs for data of the model. Therefore, a data enhancement approach is carried out to provide
sufficient amount of training data. The existing sample images are flipped, rotated, discolored, cropped, scaled, gray scaled, blurred,
and adjusted for contrast and brightness, to generate new images and expand the traffic sign data set. After data enhancement, there
are 45,000 images in the data set, which meets the needs of the experiment.

Moreover, the TensonFlow deep learning platform is adopted for design, improvement, and testing of algorithms. In the experiment
of traffic sign detection and recognition under SSD-ResNet50 algorithm, the number of batch-siza is set to 8, the total number of
training is 100,000. Besides, the output learning rate is set to 0.001, but it decreases to 0.0001 and 0.00001, respectively, at Step
30,000 and Step 60,000. Moreover, the Intersection over Union (IoU) threshold is 0.5. Samples with a threshold not less than 0.5 are
regarded as positive samples, and those with a threshold less than 0.5 are regarded as negative samples.

The model performance is evaluated from two perspectives, namely accuracy and instantaneity. The evaluation criteria of accuracy
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Fig. 12. Comparison of instantaneity performance of improved DarkNet-53 algorithm and traditional DarkNet-53 algorithm.

contains Accuracy, Precision, Recall, and Fi-value.
3. Analysis of algorithm training results and target recognition results

3.1. Comparative analysis of algorithm training results

The specific parameters of SSD-ResNet50 algorithm in training are analyzed. To further analyze the effect of the model designed
here, the training loss and accuracy of SSD-ResNet50 algorithm are compared with those of VGG16, ResNet, and AlexNet algorithm.
The specific results are shown in Fig. 9, in which Fig. 9a reveals the training result of Loss, and Fig. 9b illustrates the training result of
accuracy.

Through Fig. 9, after the training, the Loss of the SSD-ResNet50 model is basically around 0.12, and the accuracy is maintained at
about 94.6%. Compared with the VGG16, ResNet, and AlexNet models, the SSD-ResNet50 model shows a better training effect. The
optimization plan speeds up the training speed of network model, and elevates the recognition accuracy.

Then, the training effect of the improved DarkNet-53 model is compared with that of traditional CEF and improved Focal Loss
function, and specific results are shown in Fig. 10.

According to Fig. 10, the DarkNet-53 algorithm improved by Focal Loss function can achieve faster model convergence and a lower
total loss value. This result demonstrates that the optimization scheme reported here is reasonable and effective.
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Fig. 13. Comparison of the target detection effect of algorithms.

3.2. Analysis of instantaneity of target recognition of optimized algorithm

The instantaneity performance of the SSD-ResNet50 algorithm during traffic sign recognition is analyzed in this experiment. Since
the data set contains traffic indication data in the three categories of prohibition, instruction, and warning, they are coded as 1#, 2#,
and 3#, respectively, and each group of categories is subjected to two tests. For example, the first test of 1# data set is recorded as 1-
1#. Then, the instantaneity performance of the SSD-ResNet50 algorithm and the traditional SSD algorithm is compared. Fig. 11a il-
lustrates the experimental result of the SSD-ResNet50 algorithm, and Fig. 11b shows that of the traditional SSD algorithm.

In Fig. 11a, when the number of recognized images is 1, 5, 10, and 15, the average recognition time of the SSD-ResNet50 algorithm
is 146.167ms, 155.500ms, and 167.333ms, and 184.833ms, respectively. In Fig. 11b, under the same situation, the traditional SSD
algorithm takes 151.500ms, 161.667ms, 174.667ms, and 191.500ms to recognize 1, 5, 10, and 15 images, respectively. The data shows
that the recognition time of the SSD-ResNet50 algorithm is 6.37 ms shorter than that of traditional SSD.

The recognition time of improved DarkNet-53 and the traditional DarkNet-53 is compared using the same method as mentioned
before. Fig. 12 shows the comparison.

From Fig. 12a, when the number of recognized imagesis 1, 5, 10, and 15, the average time of the improved DarkNet-53 algorithm is
37.167ms, 43.333ms, 49.167ms, and 55.500ms, respectively. Fig. 12b shows that in the same situation, the traditional DarkNet-53
algorithm takes 40.833ms, 46.500ms, 53.833ms, and 61.000ms, respectively. The recognition time of the improved DarkNet-53 al-
gorithm is 4.25 ms less than that of the traditional DarkNet-53 algorithm, and the recognition time of the improved DarkNet-53 al-
gorithm is less than that of SSD-ResNet50. In summary, the improved DarkNet-53 algorithm shows a faster speed in the recognition of
traffic signs.
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Fig. 14. Data enhancement performance.
3.3. Analysis of accuracy of algorithms

The Accuracy, Precision, Recall, and F1l-value of the SSD-ResNet50, the traditional SSD, the improved DarkNet-53, and the
traditional DarkNet-53 in recognizing three different traffic signs are compared, as presented in Fig. 13.

Fig. 13 shows that the two optimized algorithms reported here perform well in actual traffic sign target recognition. In the detection
of three types of traffic signs, the average Accuracy of SSD-ResNet50, traditional SSD, traditional DarkNet-53, and improved DarkNet-
53 is 93.227%, 84.665%, 82.437%, and 95.481%, respectively. Evidently, the optimization scheme can significantly improve the
recognition effect of deep learning algorithms. The recognition accuracy of the improved DarkNet-53 is slightly better than that of the
SSD-ResNet50 algorithm, but without considerable differences.

3.4. Analysis of effects of the data enhancement method

To verify the feasibility and specific performance of the data enhancement method, some bad data images with typical interference
characteristics are added to the original data set, and traffic sign recognition tests are performed on different algorithms with and
without data enhancement. The specific results are shown in Fig. 14, where Fig. 14a is the result before data enhancement, Fig. 14b is
the result after data enhancement, and Fig. 14c shows the difference after data enhancement.

Through the results in Fig. 14, the performances of AD-DarkNet-53, DarkNet-53, SSD-ResNet50, SSD, AlexNet, and ResNet is
improved greatly. Before adding bad data, the average recognition accuracy increases by 0.418%, and after adding bad data, the
average recognition accuracy increases by 7.937%. Therefore, the data enhancement method not only optimizes the algorithms re-
ported here, but also has a certain effect on other commonly used image recognition model methods.

4. Conclusion
The present work first discusses the theoretical model of DTs and theories related to smart cities and ITS. On this basis, the
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conceptual framework of DTs city and the intelligent traffic scene model based on edge computing combined with DTs are constructed.
Then, the SSD algorithm and DarkNet-53 algorithm are optimized, developing the SSD-ResNet50 algorithm and AD-DarkNet-53 al-
gorithm. Moreover, the algorithms reported here are tested from the perspectives of the training effect, instantaneity performance, and
target recognition accuracy, and the data enhancement effect is also evaluated through experiments. The main conclusions are as
follows. First, SSD-ResNet50 and AD-DarkNet-53 algorithms achieve fast model convergence speed and low total loss value. Secondly,
the target recognition time of the two algorithms is short, indicating that the optimization scheme proposed here can effectively
improve the training effect. Moreover, the recognition time of the improved DarkNet-53 algorithm is less than that of the SSD-
ResNet50 algorithm. Third, the identification accuracy of SSD-ResNet50 and AD-DarkNet-53 algorithms after optimization is signif-
icantly higher than that of the original algorithms. Finally, the two algorithms reported here can effectively identify bad data, and the
overall recognition effect is excellent. To sum up, the research content and research methods are fully considered. The combination of
theoretical analysis and practical test can provide reference for subsequent research, and the present work has certain concrete
application value. However, due to limited time, the present work just provides a theoretical framework of ITS, and there lacks a
comprehensive exploration. The follow-up study will explore the whole process and full cycle of ITS to promote the study of ITS and
smart cities.
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