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Abstract: A detailed inspection of roads requires highly detailed spatial data with sufficient precision to deliver an accurate geometry and to describe road defects visually. This paper presents a novel method for the detection of road defects. The input data for road defect detection included point clouds and orthomosaics gathered by mobile mapping technology. The defects were categorized in three major groups with the following geometric primitives: points, lines and polygons. The method suggests the detection of point objects from matched point clouds, panoramic images and ortho photos. Defects were mapped as point, line or polygon geometries, directly derived from orthomosaics and panoramic images. Besides the geometric position of road defects, all objects were assigned to a variety of attributes: defect type, surface material, center-of-gravity, area, length, corresponding image of the defect and degree of damage. A spatial dataset comprising defect values with a matching data type was created to perform the attribute analysis quickly and correctly. The final product is a spatial vector data set, consisting of points, lines and polygons, which contains attributes with further information and geometry. This paper demonstrates that mobile mapping suits a large-scale feature extraction of road infrastructure defects. By its simplicity and flexibility, the presented methodology allows it to be easily adapted to extract further feature types with their attributes. This makes the proposed approach a vital tool for data extraction settings with multiple mobile mapping data analysts, e.g., offline crowdsourcing.
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1  Introduction

Work efficiency along with time and resources saving is an increasingly important aspect of contemporary life and business. A major area of any business involves projects whose success relies entirely on recent scientific achievements and their novel fields of application. One of such novelties entails the development and use of spatial data in modern technologies which allow improved productivity and preservation of time and resources.

Mobile Mapping System (MMS) delivers an extensive amount of data, high data density and sufficient accuracy. MMS significantly reduces acquisition time compared to classical methods in the field. The focus of modern methods is shifting to the processing of this data in the office instead of on the working site because of the enormous amount of data and large processing efforts. Conscientious processing of the data in the office allows the usage of additional information provided by means of innovative multi-sensor technology. This leads to a larger field of products derived from MMS data and inherently requires networking between various scientific fields where each actor collaborates to exploit the full potential of possibilities. Synergies raise the magnitude and multitude of possible refined products and call for a strategic approach so as to be appropriate to the application [1–5].

The novel road detection method presented in this paper is an example of this interdisciplinary nature. Namely, the use of MMS, software solutions and Geographic Information Systems (GIS) has enabled the development of this method to a great extent. To implement a spatial database, it is crucial to understand the outer circumstances and workflows. For this task, the field of road maintenance was analyzed to obtain the information on the major types and reasons for road damages. The principal causes for damaged roads are poor maintenance, adverse weather conditions with a broad difference in temperatures and heavy loads on vehicles with high axle load. The consequences are the deformation of lanes and the appearance of cracks and potholes. In order to maintain the function of the road infrastructure, it is necessary to detect road defects as early as possible. In addition to the possibility of a much wider application, the primary goals of the given methodology include mapping defected road sections and providing attributes so that those in charge can hire adequate companies to assess, plan and conduct road repair tasks.

There are manual and automatic procedures available to detect road damages. Automatic data collection methods require less detection time and allow crawling vast amounts of data in a short time. Unfortunately, hardware and software are costly compared to manual assessment methods [6]. Conversely, the limitations that need to be considered when manual techniques are observed refer to investing much more time and resources for data collection on the site, whereas the density of such data is far lower. The road defect detection methodology presented in this paper offers the advantages of automatic methods in terms of data collection efficiency and at the same time includes the operators who detect deformations on specified roads in data processing. It is important to point out that their involvement is similar to that of an operator in the field, with the important economic difference since they use a real road infrastructure model on the computer. MMS collects 3D data based on a multi-sensor technology. Most of the visual sensors create 2D data, and by tracking the MMS platform, 3D point clouds and images with spatial reference can be obtained. The trajectory is the position of an MMS over time. The combination of multiple navigation sensors allows overcoming the weakness of single navigation solutions. A Global Navigation Satellite System (GNSS) continuously records the absolute position in 3D space. An Inertial Measurement Unit (IMU) records deviations in acceleration concerning the earth frame, while an odometer tracks the movement of the vehicle's tires. Both instruments help to close gaps in the GNSS positioning. To get a precise trajectory used in the presented methodology, GNSS, IMU and odometric measurements have been combined in Kalman filtering.

The major part of MMS for the 3D geometry are laser scanners that emit laser beams into space. The result of each emitted and received laser beam is the position of a 3D object point along with the reflection intensity. After pre-processing, a grey-scale point cloud is obtained from laser raw data and trajectory. To support visual inspection, a camera with a nearly 360° view is mounted on the MMS. The camera system records panoramic images continuously while the vehicle is moving. A back-down camera and side cameras are continuously capturing additional photos. Images simplify the visual inspection of spatial objects and allow an easier interpretation of laser scanning results. Combining all trajectories, laser data and camera data with spatial reference produces a global colored point cloud for road defect detection [7–9].

Spatial data is crucial to detect and map road defects in a GIS. Here, the GIS was used to inspect, map, analyze and store spatial and non-spatial data in a database. The database allows remote access from any location by multiple clients at the same time. Redundancy of data has been avoided and efficient views have been implemented, so each client can analyze the data. Clients can conduct various queries and create interactive views depending on their needs simultaneously. A GIS is an excellent system to view spatial data, most notably to be used for decision-making based on gathered spatial findings. The GIS is very convenient for various fields, such as land management [10], urban environmental management [11], water quality management [12], archaeological sites [13], etc.

An integrated workflow to process MMS data using a GIS is presented in the paper. Data collection and extraction tool for road damages was implemented. Geometry was created based on spatial range of damages and attributes were defined according to road damage characteristics. The final product of the proposed method has been a spatial database containing the geometry of the detected defects and additional information significant for assessing road conditions and planning maintenance.

The detection of road defects is a topic that has been discussed in various scientific papers. Most of the conducted researches aim at further improvements of detection methods themselves. Research has made progress in automation of data processing and it has produced accuracy improvements in automated feature detection in the context of increased efficiency and reduction in the amount of time necessary for feature collection.

In a low-cost method, which uses video data of a parking camera, the Semantic Texton Forests (STFs) algorithm has been used for the automatic detection of pavement defects. The algorithm detects longitudinal and transverse cracks, patches, and potholes simultaneously [14]. It acts as a supervised classifier of an area of interest. This method uses parking cameras—with low resolution and a small area of view—for collecting data. Hrůza et al. [15] verified the accuracy of the forest road damages detected by four different remote sensing methods: close-range photogrammetry, terrestrial laser scanning, mobile laser scanning and airborne laser scanning. However, the damage detection did not reach the required precision in particular areas with high vegetation, as the point cloud was not dense enough.

Some authors focus on the use of laser scanning to acquire detailed information about the road surface in terms of a three-dimensional point cloud for detecting its defects [16–21]. To decompose 3D laser scanning pavement profiles into a sparse component, a low-frequency component, a vibration component and a 3D Pavement Components Decomposition Model (3D-PCDM) were proposed [16]. Based on these three characteristics, the algorithm identifies separate components with multiple properties of the pavement such as cracks, road markings and potholes. The conducted experiments were founded on 3D asphalt data (highway pavement, municipal pavement and airport asphalt pavement); however, further analysis whether the mentioned method can be applied to structures such as cement pavements and concrete structures is necessary along with certain adjustments. Another workflow for processing mobile mapping data to extract road surface defects consists of four steps [17]: 1) editing the point cloud to extract points belonging to the road surface, 2) determination of road roughness predicated on the deviation in the height of every single point of the point cloud compared with the modeled road surface, 3) segmentation of the defected parts, and 4) computation of the geometric parameters to classify detected defects by severity levels. This method requires a smart numeric choice of input parameters of the computation software. The choice of parameters is complex, especially when it comes to different road surface materials, which prevents a wide applicability of this method. Therefore, a set of input parameters must be carefully selected with regard to the properties of the data, as this has a big impact on the quality of the results.

Zhong et al. [18] described crack detection employing point cloud rasterization to apply proven image-based crack extraction. They identified crack candidates by integrating differential intensity and height changes from their neighbors. This method was used to compute crack parameters: crack direction, width, length and area. It allows to detect cracks larger than 1 cm.

Zhang et al. [19] proposed a sparse processing algorithm for 3D pavement profiles. They designed this algorithm to extract crack candidate points and deformation support points. The algorithm combines the extracted candidate points with an improved minimum cost spanning tree algorithm for robust crack detection. The drawback is that they have confirmed the method only on four defect types: shoving, rutting, potholes and subsidence.

Tsai et al. [20] used a 3D laser technology to detect cracks under different lighting and low-intensity contrast conditions. The results showed that the 3D laser system can detect cracks with a width of 2 mm and more in a controlled laboratory environment. Their method can achieve consistent results when detecting cracks under different lighting conditions: nighttime, daytime with shadow, and daytime without shadow. It can even provide detection of cracks with low-intensity contrast. This method still needs verification in terms of comprehensive field tests (e.g., whether it is applicable on different asphalt pavement surfaces) as well as evaluation concerning the capability to detect cracks with multiple severity levels and their various characteristics.

Szulwic et al. [21] suggested a method to extract ruts from point cloud data. A vehicle equipped with line scan cameras, laser illumination and hardware-software acquisition was used in this research to store digital images intended for road crack identification [22].

Feature-matching and image-stitching methods were used to eliminate duplicates and visually indicate local pavement distress [23]. An industrial camera with a relatively small area of road view was used, thus requiring multiple passages in order to obtain a comprehensive model of the whole road surface. Another approach is based on a two-dimensional Empirical Mode Decomposition (EMD) algorithm. A non-parametric and data-driven sifting method was utilized for three-dimensional pavement detection [24]. An improved Active Contour Model (ACM) was developed in [25] in order to increase the effectiveness and efficiency of pavement crack detection. An automated pavement inspection system which employs a 3D camera and a structured laser light was used for acquiring dense transverse profiles of a pavement lane surface in [26]. Measurements showed a declining trend of detected cracks with vehicle speed increasing. Developing a new imaging system that can scan pavement surface at highway speed and determine the level of severity of pavement cracking without using any artificial lighting was recommended in another study [27]. An algorithm for the crack width computation in multiple crack structures based on the deformation analysis of triangle meshes is given in [28]. The objective of another research presented in [29] was to obtain an optimal quality of a 3D model using state-of-the-art technologies. A Mobile Mapping System was applied to achieve an accurate 3D model as input data for the creation of BIM (Building Information Model) for road rehabilitation purposes. However, the proposed procedures do not include the usage of a ground camera and a Geographic Information System (GIS) [29]. Vehicle-based mobile laser scanning systems provide a way of collecting three-dimensional point clouds of road environments with high flexibility and precision, but without the usage of nadir camera [30].

Purpose of the study given in [31] was to evaluate the effectiveness of recent mobile technologies for detecting different types of road pavement-surface distresses. Open data available on the crowdsensing-based SmartRoadSense system were compared with the results of two visual methods-data recorded in the Distress Cadastre and the Pavement Condition Index (PCI) recorded by the authors. This method was concluded to be limited by the inability to specify the types of road distresses, because its data are based only on the dynamic parameter of acceleration. This means that the distress must be of sufficient depth in order for the in-car mobile devices to capture appreciable acceleration metrics. Although the effectiveness of the crowdsensing-based SmartRoadSense method varies with the distress type, the system was confirmed to be very efficient for monitoring the most critical road failures. However, the positional accuracy of the system suggested in this paper is much higher than that of the sensors in a smartphone.

The advantage of the novel method presented in this paper is a combined use of laser scanning data and image data, and the capability to detect all types of road defects with an adequate level of accuracy. While the other authors suggest the detection of certain defect types, defects with defined minimum length or area, this method is comprehensive and broadly applicable. It allows derivation of a multitude of geometric features including point, line and polygon defects with feature attributes of all types. The approach presented here is flexible and suitable for further applications, such as footways, cycle paths, traffic islands and other neighboring surfaces. In addition, this paper proposes a method for storing defect data in a database with additional information regarding each defect separately. For example, besides many specific attributes for each defect, an image is automatically assigned to the defect. Every user has access to the exacted image of defect. The image helps workers to find defects outside in the field and makes road maintenance faster. Also, the presented approach to data collection, storage and crack detection provides a comprehensive overview of the road condition and opens up the possibility of further analysis and updating that uses a versioning system which further facilitates the option of tracking changes with time stamps.

2  Materials and Methods

The suggested methodology for road defects detection is here described in detail. It is divided into three sections: data acquision methodology, detailed visual inspection methodology and preparation of the final product. Fig. 1 presents the steps of the suggested approach, with their coherent explanation throughout the chapter.
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Figure 1: The flowchart of the presented method from data acquisition to the final product of detected road defects

2.1 Data Acquisition Methodology

In projects of maintaining road infrastructure, assessing road conditions is of great importance. The first step in road defect detection projects is data collection. Data collection can be conducted manually or automatically. One of the most appropriate procedures for automatic data collection is the Mobile Mapping technology. Mobile Mapping is used for various highway/road inventory data collection tasks for gathering the information about, e.g., road markings [32], road edges [33], overpasses [34], manholes and sewer covers [35], zebra crossings [36]. The main advantages of Mobile Mapping Systems are [37]:

•   High level of detail of collected data.

•   Reduction of work time and costs for surveying tasks in the field.

•   Derivation of additional spatial data and other various attributes from the collected data.

•   The possibility for the files to be archived and used later, even after years, to get additional information.

•   Easy adaptation and exploitation of collected data for diverse purposes.

Depending on the requested outcome, defined by the application, the used measuring system can provide a high number of points per second. The Trimble MX9 Mobile Mapping System (MX9) is capable to record about 2,000,000 points per sec [38]. The MX9 has a high overlap between neighboring runs. However, the acquisition of unnecessarily dense data would slow down surveying and post-processing. Therefore, the acquisition settings of the system should be conscientiously selected according to the purpose and unnecessary driving distances need to be avoided. Mission planning prior to measurements is crucial to obtain high-quality results with the lowest memory requirements possible.

The primary output of Mobile Mapping System are images and point clouds [37]. The point clouds are considered to be the essential outcome of an MMS. Recently, images have become more significant for visualizations and the creation of stitched high-resolution maps.

Data collection in the presented project was performed using Trimble MX9 mobile mapping system Tab. 1. The MX9 is typically mounted on the roof of a vehicle and it rapidly captures laser scans along with both panoramic and multi-angle images. The MX9 allows to a mass rich and immersive data driving at highway speed. This avoids the need for expensive road closures and eliminates the risks related to land surveying along busy highways with dense traffic. The captured data was processed with integrated office software tools to gather the data required for deriving further products [38]. Puente et al. [39] carried out an analysis on the current performance of certain outstanding mobile terrestrial laser scanning systems, including Trimble MX9.
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A procedure for a detailed visual inspection of roads is presented in this paper in several steps. After data acquisition, the initial post-processing was conducted. This step includes registration, matching and classification of the point cloud. Registration is the process of aligning several point clouds. Matching is necessary to combine multiple overlapping scans of a scene into a single representation for further processing [40]. The classification was conducted to get different classes of point cloud subsets, like low vegetation, high vegetation, objects, ground, etc. Collected images were aligned to point clouds to get a globally matching data set of images and point clouds. The Trimble MX9 system provides back-down, side-view and panoramic images. The back-down images were used for the ortho photo creation for visual road inspection. The parameters for ortho photo creation such as resampling, size and resolution of the ortho photo were adjusted. Those photos were merged to create an orthomosaic. These steps were necessary for the preparation of the data for further manipulation and usage.

2.2 Detailed Visual Inspection (DVI) Methodology

The suggested methodology of defects detection is hierarchically organizedand consists of three main steps:

1.    Geometry extraction from the point cloud.

2.    Defects detection from panoramic images.

3.    Defects detection from orthomosaics.

The primary idea is to divide the surveyed area into the following polygon types: carriageways, footways, cycle paths, shoulders and traffic islands. In the first step, all polygons were extracted from the classified point cloud where each polygon represents one type of inventory. A specific layer was created for each polygon type: carriageway, footway, cycle path, shoulder (i.e., verge) and traffic island. These polygons were digitized in 2D and the attributes in a form of text referring to their corresponding materials were placed into the pictoral representation of every polygon (Fig. 2). This information was aimed at being used laterfor determining the position of a particular defect, i.e., whether the detected defect is on the concrete footway, asphalt carriageway, grass island etc.
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Figure 2: Polygon digitization of different types of road surface (green color refers to traffic islands and blue color to carriageways)

After the extraction of all spatial entities, the defect detection was initiated in the second step. The procedure comprises a visual inspection of the whole area and extraction of road defect features as polygons, lines or points. During this step, portions of images were extracted to obtain a visual representation of defects. Each image was stored with a unique ID. Some defects were extracted from panoramic images, while the others were extracted from the created orthomosaic. This depends on the defect geometry: all points were detected from panoramic images (Fig. 3) and all lines and polygon defects were extracted from the orthomosaic.
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Figure 3: MMS data in OrbitGT Software. The upper part of the figure shows an Open Street Map with panoramic image positions (blue). The lower part of the figure shows a view of the road surface from the MMS

The presented approach makes use of a high-quality panoramic camera. Point defects are effortlessly recognized from panoramic images and thus easily extracted. The operator simply places a geometric object at the area of interest. After the geometric object is created, the operator assigns attributes to the new feature. However, polygon and line defects could be quite long and large, so the extraction from single panoramic images is not likely to be precise enough due to the necessary moving through more images in order to obtain the whole defect. Therefore, the recommendation based on these findings is to extract bigger road damage features as polygons and line geometries and detect them from an orthomosaic. An orthomosaic was imported in QGIS for line and polygon defect detection (Fig. 4).
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Figure 4: Defect detection from orthomosaic. Patch geometry (purple) with attributes (below the red arrow) on bituminous carriageway in QGIS. The field “COMMENT” contains all the attributes of road damage and will be parsed in Feature Manipulation Engine (FME) later

When defects are detected, all necessary attributes are assigned to each of them. Some of those attributes are defect type, material, size, severity, position and other geometrical values.

Defect types are: cracking, chip loss, fretting, fatting, left or right recorded edge deterioration severity, surface deterioration, depressed and cracked blocks, spot defects, and others. Considering the materials, defects can be classified as bituminous, concrete, grassed, gravel surface and interlocking paving. Defects are divided by size into minor and major. A severity attribute defines the level of damage in the range of 1–6, where Number 1 refers to a minor damage and Number 6 corresponds to a largely damaged area. This number is defined according to a visual assessment based on the operator's experience. Besides these attributes, each defect is automatically assigned an image and saved in a the database with a unique identifier. This step is done by cropping a damaged area from the orthomosaic and linking the obtained image to the database with all other attributes. Taking all those attributes and their values into account, the defects database is created. This database represents a system of automatic attribute choices (Tab. 2). At first, the operator detects the defect and then chooses the attribute values from the created base. A data container consisting of all elements is automatically generated and assigned to the belonging geometry.
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2.3 Preparation of the Final Product

After the detection and marking of road defects, the procedure of creating the final product followed. All measured features were stored as shapefiles. Shapefiles have attribute data containers where all information is connected to the geometry as an attribute in the feature field “COMMENT”. All attributes are separated with a comma.

The created polygons from point clouds were taken as the second input data. Further inputs were the measured geometry objects that describe the type of road—carriageways, footways, cycle paths, shoulders and islands as polygons—and the accompanying text that defines the material type.

The network section shapefile represents a network of roads situated in an area of interest. This shapefile contains a unique name for every street segment. In the final product, each defect contains the attribute that indicates the street where the defect is located. To summarize, the input data was as follows: polygon defects, line defects, point defects, carriageways, footways, cycle paths, verges and islands, along with their respective attributes and the network section.

First, the polygons created from point cloud were assigned a material attribute. After that, the spatial relations defined which polygon each defect belongs to and each defect got two new columns: the surface it is located on and the type of polygon it belongs to. For example, if a defect was found on an interlocking paved island, it got the following attributes: Surface-interlocking paving and polygon-island. After that, the street was assigned to each defect. The assignment was done according to the principle of the closest neighboring street or the street the defect intersects with. The strategy to compute the start and the end of stationary attributes was used.

Filters and geometric calculations of the minimum and maximum defect polygon coordinates were used, i.e., the minimum and maximum distances of that defect from the beginning of the street.

In addition, geometric quantities were calculated in this step, e.g., perimeter, area, diameter, polygon centroid, line length, first and last line coordinates, point coordinates.

The data container created from the defect database was arranged through the software for feature manipulation. Different attribute columns are separated by commas, and they are given appropriate names and formats (double, date, string). The workflow from input to output is presented in Fig. 5.
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Figure 5: The workflow unites design requirements, captured data, pre-processing and logic to get road defect features with geometry and attributes that an operator can detect in a GIS

3  Results and Discussion

The proposed methodology was tested for 50 km length of roads, surveyed with a Trimble MX9 Mobile Mapping System consisting of two laser scanners, back-down camera and ladybug camera. The obtained point cloud was registered, matched and classified. Then, all photos were matched on the point cloud, and the orthomosaic was produced. Polygons that refer to different areas of road, such as carriageways, footways and cycle paths were extracted from the point cloud with stitched text referring to their material. Then, all photos were matched on the point cloud and the orthomosaic was produced. Simultaneously, panoramic image format suitable for defect detection was created. Afterwards, the defects were detected, extracted and attributes were assigned from the created defects database. Using software processing with different spatial relations and calculations, the final product was prepared. Tab. 3 shows the workflow diagram with time stamps for each step of the process per person. With a large number of sensors, this approach gives the operator the easiest possible access to the situation without being in the field, because it is more comfortable to provide work in the office than in the field. After fast data collection on the site, the operator just has to provide knowledge of road defects, not of surveying techniques or other necessary skills outside this area. That means that the training for operators takes less time comparing to other methods. Currently, there is no a completely automatic defect detection algorithm available. Therefore, using the suggested methodology, the operator can identify everything of relevance to the customer. That makes this methodology widely applicable. There is no need for the operator to think about accuracy because the system already ensures it inherently. There are numerous automatic controls, spatial relations and attribute additions intended for the manual work reduction; moreover, this approach has been proven to be very efficient and fast since it is also possible for more operators to be included and certain steps to be performed in parallel.
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The final product of the suggested method is all road defects represented by three shapefiles—polygon DVI, line DVI and point DVI—which can easily be merged in a geodatabase file. They all contain the following information: polygon and surface where they are located, street, start and end of stationary, material, image ID, defect type, severity, defect position, lane number where the defect is located, defect depth and other geometric attributes such as area, length, X, Y, Z coordinates, perimeter.

Part of the area of interest consisting of defects is presented in Fig. 6, while Fig. 7 illustrates one specific polygon defect.
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Figure 6: An overview of defects detected on the area of interest: Polygons (red) represent road defects, red lines indicate line defects, blue points symbolize point defects
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Figure 7: Polygonal defect (yellow geometry is selected) and the attributes depicted in the table below: Image ID, street ID, start and end of stationary, position, defect type, width, depth, etc.

After this method was conducted on the reference project, the statistcs was calculated. Tab. 4 presents the defect type list with a number of elements for each type. Furthermore, Tab. 4 shows the percentage of defects distribution regarding their geometry type: Most of the cracks have a polygonal structure (82%), followed by a linear signature (17%). The fewest road damages can be represented by point geometry (1%).
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The distribution of defect types regardless of their vector type is given in Fig. 8. Cracking of roads–both major and minor—is frequent: they altogether comprise 30% of all defects, i.e., 1039 detected defects in the example. Major fretting represents 16% of all detected road defects. Surface deterioration was identified to the least extent. Only three defects of this kind were detected in the test area.

The method proposed in the paper allows to easily classify and visualize any attribute of road defects. Even new attributes can be introduced to the presented data structure with ease. The assignment of different colors can be done depending of the corresponding street. Each defect on the same street has been presented in the same color for a better overview.

A great convenience in terms of rich query capabilities is the main advantage. Road defects can be queried as vector types, so a variety of geometric calculations and spatial relations is possible. In addition, each defect has attributes that give more opportunities for sorting the data. Simple but highly relevant queries are easily possible. For instance, to find isolated defects located in the same street, to calculate a distribution of defects positioned just on a footway, to select all major defects in a district with a particular surface type like asphalt, etc. Similarly, taking into account that images are assigned to each defect, every operator can instantly see what the detected defect exactly looks like. This is a huge benefit for maintenance. The classified defects in a vectorized map in QGIS are shown in Fig. 9. Road damage types are labeled inside the detected polygons according to type and severity number. The color indicates a degree of damage - green refers to a slight road damage, whereas red demonstrates a seriously damaged area.
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Figure 8: Distribution of road defect types categorized by number of feature attributes
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Figure 9: Classified defects in a vectorized map in QGIS

Tab. 5 displays the area of defects on roads comparing to the total area of roads. This example shows why it is necessary to have an optimized process for road defect detection, especailly when the time effort for driving a vehicle equipped with a laser scanner in the suggested methodology is taken into account in comparison to manual classification and geocoding of road defects by road workers in such a large area.

Another segment of importance is the surveying system which provides high-quality data along with the software used for data manipulation. Having this type of data, it is easy to update the road defect database or add photos and point clouds that are obtained after a certain period of time.
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4  Conclusions

A new methodology for combined processing and analysis of point clouds and images to create a database of road defects is presented. To obtain final high-quality results, MMS that enables the combined measurement of point clouds and images from different angles was used. This allows to implement a database containing defects characterized as spatial and non-spatial entities. Visual defect representations in a form of images provide people who deal with maintaining road infrastructure with a fast overview. This method of data collection and analysis has considerable advantages compared to manual approaches of data collection on site by classical land surveying: 1) less time is required for data collection and processing, 2) the data contain more information, 3) the data can be used to extract defects and further information in a periodic or non-periodic reissue. The final result is highly accurate and precise because it is obtained from laser scanning acquisition technology. Compared to other traditional methods, the methodology presented in this paper provides achieving higher work efficiency along with time and resources saving which represent an increasingly important aspect of contemporary life and business. Further research focuses on improved surveying techniques to enhance the overall accuracy and open-source software to make the described processes freely available without the cost of proprietary software. Nevertheless, the proposed approach leads to remarkably accurate and high quality results regarding detected road defects. Further combination of open data, Open Source software and Mobile Mapping data has the potential for detecting even more types of features. It is not only restricted to road defect detection. The findings suggest that this approach can be successfully employed for a number of applications. It has a great potential to be exploited when gathering training data for the new technologies Machine Learning and Deep Learning.

All the obtained information could be used for an acquisition in the Virtual reality of the real scene. For example, an avatar that walks down the road and marks road defects can be created. This would ease the understanding of the scene (i.e., project assignment related to the area of interest) because of all the available information that conveys the impression of the experience in the real world.
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Table 1: Trimble MX9 system specification

Specifications

Accuracy

Max. measurement rate
Camera

Range

Trimble MXP scanner
5mm

2000000 pts/sec

32 MP

420 m
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Table 3: The time period per each step of the suggested approach

Methodology step

Time period

Data acquisition

Initial point cloud post-processing

Initial images post-processing

Polygons extraction

Defect detection

Final product preparation (spatial relations, attribute addition)
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Table 4: Defect types by the number of detected geometry and attributes

Defect types

Whole Carriageway Minor Chip Loss
Whole Carriageway Major Chip Loss
Wheel Track Major Cracking

Whole Carriageway Major Fatting
Whole Carriageway Minor Fatting
Wheel Track Rutting
Transverse/Reflection Cracking Severity
Major Cracking

Minor Cracking

Major Fretting

Minor Fretting

Mod: Local Set

Spot Defects

Longitudinal Trip

Cracked and Depressed Flags
Cracked and Depressed Blocks
Kerb Disintegration
Inadequate Upstand

Kerb Misalignment

NSFJ I Major Concrete Surface Deterioration

Summarized number of elements
Percentage of defects regarding geometry

Polygon
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Table 2: A tabular database is used to manually insert the attributes and automatically generate

the “COMMENT”

in the

field. A

h checks the “COMMENT” field

for validity. Features without valid attributes do not get a T‘COMMENT field

Defect
type

Corner
Crack

Major
Cracking

Minor
Fretting
Spot
Defects

Image ID

MD_20200805_002

MD_20200809_011

MD_20200809_015

MD_20200807_123

MD_20200807_257

Material

Rigid
Concrete
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Concrete

Asphalt

Asphalt

Rigid
Concrete

Severity
1-6)

2

Lane
no.
defect

3

©

Defect
position
Shoulder

Lane

Lane

Shoulder

Footway

Defect COMMENT

depth
(mm)
5

10

MD_20200805_002, Corner
Crack, Rigid Concrete, 2, 3,
Shoulder, 5
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Lane, 10

MD_20200809_015, Minor
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Defects, Asphalt, 4, 2,
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Table 5: The table depicts the mapped area
defect type (Defected Area)

ize (Whole Area) and the area size containing any
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