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The development of digital twins as a new technology aligns with the main strategic objectives of some of the
world's top manufacturing countries. Several studies on digital twin cities have been performed, including the
interaction of the Internet of Things (I0T) with smart cities, smart city traffic disaster risk management, and smart
road inspection. The purpose of the research is to offer a survey of digital twin cities that includes road damage
inspection as support for smart roads. The deployment of 10T technology and artificial intelligence (Al) to
construct road defect detection systems on edge devices. This is the most recent breakthrough and an open
challenge to creating a road defect detection system using edge Al on digital twins. As a result, edge Al devices
are required to perform automatic and real-time road inspections. However, edge Al devices for detecting road
damage have limited computing and storage capacities. Much of the physical system modeling has been
completed in the construction of digital twin cities for road damage detection. In order to deploy CNN models on
devices, some require physical system development. The stages involved in the development and
implementation of a CNN model for an edge Al device road damage detection system are hardware selection,
software development, developing the road damage detection application, edge device optimization, security
and connectivity, testing and validation, and deployment. To improve system performance and reduce inference
time, the CNN model must be optimized before being deployed on edge devices as edge Al.

1. Introduction

The digital twin is the development and application of Cyber-Physical Systems (CPS), which aim to develop
intelligent control systems, industrial application software, fault diagnosis software, and related tools, as well as
sensor protocols and communication systems to realize real-time connectivity, accurate identification, efficient
interaction, and intelligent control of manufacturing equipment and products (Hu et al., 2021). The Digital Twin
is at the forefront of the industry 4.0 revolution, which is enabled by enhanced data analytics and loT
connectivity. The IoT has enhanced the amount of data available in industry, healthcare, and smatrt city contexts.
Through the establishment of a connected physical and virtual twin as the digital twin. The digital twin can
address the difficulty of seamless integration between loT and data analytics. The digital twin environment
enables quick analysis and real-time decisions based on reliable data (Fuller et al., 2020).

Technological advancements, such as the creation of powerful semiconductor chips at an extremely competitive
rate, are growing the loT. One of the technical advancements is the growing popularity of loT, which is linked to
other technologies and has functions in a variety of everyday applications. Autonomous linked cars, flying
robots, and smart houses are some examples of 10T that are integrated into existing systems or that allow the
construction of wholly new concepts. The loT, big data, cloud computing, and Al are all rapidly developing
technologies and industries that will form the foundation for smart city design. All smart cities are increasingly
progressing from static 3D modelling to digital twins. It combines dynamic digital technology and static 3D
modelling to create a novel concept of a digital twin city. The wide adoption of the digital twin concept at the city
level, as well as smart city development, contributes to the creation of digital twin cities. Several studies have
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been conducted on digital twins cities (Traoré & Ducq, 2022), such as the interaction between loT and smart
cities (Alahi et al., 2023), disaster risk management (Ariyachandra & Wedawatta, 2023), intelligent road
inspection (Fan et al., 2022). According to previous research, there has been no investigation into road damage
detection systems on edge devices that can support digital twins. That it can monitor road damage in real time.
To close the gap, collaboration among 10T, Al, and robotics is required to support digital twin cities in road
damage inspection as a smart road damage detection system on edge devices as edge Al. That edge Al detects
road damage in real time and automatically, with visualization in the form of smartphone applications and
websites. As a result, this research offers a road damage detection system on an edge device that can operate
in real time and autonomously. The purpose of this research is to depict a current survey of digital twin cities
with road damage inspection as a support for smart roads. The 10T, Al, and hardware-based road damage
inspection system with trends and prospective participation, with the newest breakthroughs, real-world
involvement, and open challenges. Therefore, there is a demand for real-time road damage survey devices that
utilize Al and CNN models. Hence, there is a need for a road inspection device that works in real time and
automatically using edge devices. Using edge Al devices to acquire and evaluate real-time data on road
damage. However, edge Al devices capture mobile, real-time, and automatic road defect data. Edge Al devices
that identify road concerns have limited computation and storage capabilities, but they use less power,
considerably improving energy efficiency. Edge Al can process data on-device rather than transferring it to a
faraway data center for analysis. Furthermore, there are critical features that may pose challenges to the
adoption and integration of road damage inspection as a smart road. This comprehensive analysis gives a good
summary of significant themes as well as essential recommendations for future research. In the near future, this
study will also serve as a resource for practitioners and researchers.

2. Road damage inspection in digital twin cities

A digital twin is a constantly updated digital replica of a physical system or component. Its goal is to monitor the
system's performance, experiment with various scenarios, predict defeats, and uncover opportunities for system
operation. A physical system or component that performs a given duty is represented by a physical entity. It is
made up of sensors and actuators that allow information to be exchanged and orchestrated between the physical
object and its digital representation. Sensors such as cameras, GPS, and data communication devices are
connected to hardware as an edge device to build a road damage detection system (Dimd et al., 2023). Creating
a digital twin of a city, including smart roads with an integrated road defect inspection system. This is a forward-
thinking approach that utilizes advanced technologies, i.e., Al and 10T, to improve urban infrastructure and boost
economic sectors. The digital twin technology can be used in conjunction with road defect inspection using Al
and loT for smart roads, as follows:

2.1 Creating a digital twin

There are several stages to developing a digital twin. Data must be gathered from a variety of sensor sources,
including 10T devices. Several studies on road damage inspection have been conducted utilizing 3-axis
accelerometer sensors (Eriksson et al., 2019), accelerometer sensors on smartphones (Mednis et al., 2011),
lidar sensors arranged in an array (Nuzula et al., 2023), and laser sensors utilized for stereo vision (Shen et al.,
2014). Camera sensors have been utilized to identify road damage as technology has advanced and camera
sensor prices have grown increasingly competitive.

Application for inspecting road damage utilizing camera sensors and smartphone camera sensors (Maeda et
al., 2018). In addition, data on road damage was gathered via satellite photos, GIS databases, and city records.
The data is in the form of the type, level, and location of road damage, and it is all merged to construct a system
with the purpose of each component, resulting in a comprehensive digital picture of the city and its roads
(Sudibyo & Alimudin, 2023). Data about cities is utilized to create detailed 3D models of cities and road networks,
allowing visualizations of virtual assets as digital twins. This image aids in system modeling and accurate
analysis.

2.2 Road damage inspection and IoT integration

Based on the usage of sensors in the road damage inspection system, represent a road damage inspection
system by integrating 10T sensors. Several research on the use of sensors in road damage inspection systems
have been conducted, and these sensors include accelerometers (Rana & Asaduzzaman, 2021), array LiDAR
(Nuzula et al., 2023), stereo vison using laser (Shen et al.,, 2014) and cameras using image processing
technique (Sai Ganesh Naik & Nirmalrani, 2021). GPS module can provide exact location data for geographically
mapping road damage. The research camera and GPS on a smartphone are being used to develop an
integrated road damage inspection systems (Maeda et al., 2018). Many studies on road damage inspection
have combined numerous sensors, mainly cameras and GPS, to create an integrated road damage inspection



603

system.GPS modules can provide exact location data for geographically mapping road damage. Several sensor
devices and GPS modules are linked to a control module that detects road damage using edge Al device
technology such as smartphones (Maeda et al., 2018), the NVIDIA Jetson Nano (Pratama et al., 2021), the
Raspberry Pi on UAVs (Qurishee, 2019), and pothole detection using the Raspberry Pi (Asad et al., 2022).

It is utilized for continuous monitoring due to the integration of 10T sensors in the road damage inspection
system. An automatic continuous monitoring system is implemented in this continuous monitoring, which is
represented in a system. This is used to detect and assess road damage automatically, allowing for more
efficient road monitoring. Data integration is used in digital twin cities, which means connecting data from loT
sensors with digital twins to provide real-time updates and analysis of road conditions in a virtual environment.

2.3 Smart data analytics: Al and ML

A variety of systems for identifying road damage autonomously have been developed. There are three primary
methodologies: (1) Sensor-based methods, including accelerometers based on vibration sensors. (2) laser
scanning-based 3D reconstruction methods based on lasers and stereo vision. (3) Methods for processing
images and video frames, as well as machine learning (ML) and deep learning (DL). The vibration sensor-based
technique typically employs sensors that can measure the magnitude of the vibration, such as acceleration
sensors. Many studies have been conducted; however, the application of accelerometer sensors necessitates
specific attention in terms of installation techniques during data collection and setting the accelerometer sensor
threshold for declaring road damage. Because the degree of vehicle engine vibration has a significant impact
on data gathering using accelerometer sensors, the computation of the accelerometer sensor threshold to
declare road damage varies.

Although laser scanning-based technology detects road damage more accurately than earlier methods, the
equipment is huge and costly. The availability of cost-effective camera sensors and advances in image
processing techniques have sped up the development of road damage identification models. Camera sensors
employ image processing with contour identification as well as image data processing. Pothole identification
image processing techniques using classic machine learning (ML) algorithms produce a high level of accuracy
while needing large computer resources and high electricity.

DL and ML techniques are utilized in system modeling to analyze sensor data, forecast future road damage,
and estimate the degree of existing damage using the CNN model. Several studies on road damage inspection
systems, for example, use the CNN model as an edge Al. Detection and classification of road damage utilizing
CNN models and smartphones, employing the InceptionV2 and MobileNet model architectures (Maeda et al.,
2018), and Yolo model (Zhen Liu et al., 2022). Several road damage detection researchers used the CNN model
on various edge devices, such as the Raspberry Pi (Qurishee, 2019). To improve system performance through
tuning the hyperparameter MobileNetV1 model (Agsa et al., 2022) and MobileNetV2 model on the NVIDIA
Jetson Nano (Hernanda et al., 2022). Table 1 shows details on the CNN model, system performance, and edge
Al devices employed. The CNN model research results reveal that the system performs effectively, but there is
still an opportunity for improvement in system performance and inference time on edge Al devices (Mahmudah
et al., 2023).

Table 1: The CNN model on edge devices

CNN Model Performance system Edge device Reference
MobileNet Recall 71%, precision 77%, Smartphone (Maeda et al., 2018)
inference time 1,5 s.
MobileNetV2 Loss 0.4, frame per second 60. NVDIA Jetson Nano (Pratama et al., 2021)
MobileNetV1 Accuracy 60% frames per second 1.2 Raspberry-Pi (Asad et al., 2022)
MobileNetV2 Mean average precision 0.22. NVDIA Jetson Nano (Sudibyo and Alimudin
2023)
MobileNetV2 Mean average precision 0.086, NVDIA Jetson Nano (Hernanda et al., 2022)

average recall 0.241.

3. Hardware deployment for CNN models on an edge device

There are various processes involved developing and deploying a CNN model for an edge device road damage
detection system. Figure 1 depicts the stages involved in developing and implementing a CNN model for an
edge Al device road damage detection system. High performance, accuracy, and inference time must be
considered when creating edge Al device. As a result, CNN models must evaluate a variety of parameters,
including hardware selection. The considerations made to select the CNN model and hardware were such that
the road damage detection system performed well. Considerations are made based on the demands and
environment in order for the road damage detection system to function successfully.
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3.1. Hardware selection

A mobile device must be used in conjunction with an edge device as edge Al. It selects a suitable edge device,
such as the Raspberry Pi, the NVIDIA Jetson series, or the Intel Neural Compute Stick. Due to the restricted
capacity of edge devices, aspects such as processing power, memory, and networking options should be
addressed based on the complexity of the CNN model and the size of the CNN model deployment.

3.2. Software development

Software development entails installing an operating system, an edge Al framework, and sensor integration.
To build a road damage system on edge devices by installing a lightweight Linux-based operating system, such
as Raspbian for Raspberry Pi or NVIDIA JetPack for Jetson devices. Select a TensorFlow Lite, ONNX Runtime,
or OpenVINO Al framework that is compatible with an edge device (Openja et al., 2022). Optimize the CNN
model for inference based on the framework of choice. A road damage detection system contains sensors such
as accelerometers or GPS, as well as sensor drivers and APIs that are integrated into the software stack. Create
software to collect data from sensors and cameras. Integrate Al frameworks for model deployment and
inference.

3.3. Develop The Road Damage Application

Road damage detection using a CNN model on an edge device. Ensure the CNN model is optimized for the
hardware to achieve real-time or near-real-time performance. Write inference code that collects data from
sensors or cameras, processes it through the CNN model, and interprets its results, such as recognizing the
types and degree of road damage. The road damage system is part of a digital twin city initiative in which the
edge device is integrated with the digital twin platform, allowing for seamless data transmission.

3.4. Edge Device Optimization

Once the CNN model is trained and evaluated, it integrates into the digital twin environment. The inference
integration involves deploying the model on a server or edge device capable of real-time inference. Implement
a mechanism to capture real-time images of roads within the digital twin. Pass these images through the
deployed CNN model for inference, detecting road damage instances in real-time. Table 1 explains the CNN
model's use of edge devices. The deployment of the CNN model on devices requires additional research. The
CNN model research results show that the system performs effectively, but there is still potential to increase its
performance on edge devices. When using edge Al devices, it is crucial to optimize the CNN model for system
performance. Methods post-training include quantization or pruning, which improve inference time (Mahmudah
et al, 2023). Hardware acceleration using GPUs or specialized Al accelerators, which can drastically shorten
inference time, makes it critical to deploy CNN models on edge devices. As part of power management,
implement power-saving capabilities, especially if the edge device is battery-powered.

3.5. Security and Connectivity

A wireless connection is used to send the CNN model to the edge device for road damage detection purposes.
Wireless communication necessitates connectivity and data security. The data for the detection of road damage
is transmitted to the server via a wireless connection over the internet. 10T devices with wireless connectivity
can communicate data to centralized servers using various wireless technologies such as 4G/5G (Alahi et al.,
2023), Long Range (LoRa), or Narrowband Internet of Things (NB-10T). Edge computing, which uses edge
devices to process data locally on IoT devices, reduces latency and reduces the quantity of data transferred
over networks ( Ketu & Mishra, 2022). Encryption and secure communication protocols are used in data security
to protect the data being transmitted. Cloud-based Al services for model training, optimization, and analysis.
Cloud-to-edge data synchronization is used to update models and configurations on edge devices. Implement
data encryption algorithms to provide secure data transmission between edge devices and other systems.
Network configuration options, such as Wi-Fi or cellular connectivity, are used to ensure that edge Al devices
can safely transmit data to central servers or cloud platforms.

3.6. Testing and Validation

Edge Al devices should be thoroughly tested in a variety of scenarios to provide accurate and dependable road
damage detection. Test the device's performance under various lighting, weather, and road surface conditions.
To ensure that road damage identification is accurate, the CNN model requires system findings to be validated
against ground truth data. Analyses the CNN model outputs for decision-making and future action.
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3.7. Deployment

Road damage detection utilizing the CNN implementation model on edge devices involves field implementation,
monitoring, and maintenance. Field deployment involves deploying the edge device in the desired location on
the vehicle, ensuring that it is installed safely and protected from environmental conditions. It applies an
optimized CNN model to edge devices based on a CNN model that performs effectively in systems. CNN models
are integrated and deployed in software stacks to provide real-time inference. Monitoring and maintenance
Enable remote monitoring to track the performance of deployed edge devices. Update the software and firmware
on a regular basis to eliminate issues and improve system performance.

Software Development : Develop the Road
Hardware Selection: - Operating System Damage Detection Application :
- Choose an Edge Device » - Edge Al Framework »{ - Model Deployment
- Camera Module - Integration Sensors - Inference Code

- Integration with Digital Twin

Security and Connectivity

b - R e Opten
- Field Deployment - < Data Encrytion < )
ploy - Testing s N - Power Management

- Monitoring and Mantainance t Network Configuraton

- Validation

Figure 1: The stages involved developing and implementing a CNN model for an edge Al device road damage
detection system.

The various stages involved the development and use of CNN models for edge Al device road defect detection
systems. The selection of edge devices is based on the demands and intended outcomes. Finally, select a CNN
model that can be employed on edge devices. The issue in developing and deploying CNN models on edge
devices is to focus on high system performance and efficiency in terms of inference time when detecting road
damage objects. Several approaches to optimization, including quantization and pruning, are used to minimize
inference time. This procedure is concerned with the efficient utilization of energy in devices with limited power
in order to maximize efficiency. Data connectivity and security are determined by the availability of wireless
connections in the surroundings. If there is no wireless internet connection available at the road damage data
collection point, the data can be saved on a data storage device. Data can be sent wirelessly or via Wi-Fi, which
is cheaper.

4. Conclusion

Much of the physical system modeling has been completed in the construction of digital twin cities for road
damage detection. In order to deploy CNN models on edge devices, some require physical system development.
The stages involved in the development and implementation of a CNN model for an edge device road damage
detection system are hardware selection, software development, developing the road damage detection
application, edge device optimization, security and connectivity, testing and validation, and deployment. Several
studies have been conducted, but more work is needed to optimize the inference time for the CNN model on
the edge device for the road damage system. The CNN model for road damage systems is optimized for
inference time using quantization and pruning. More research is needed to optimize inference time for the
utilization of sensors, and CNN models on mobile edge devices are required to detect road damage.
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