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Abstract

The issue of road networks being in deplorable conditions is one that is widespread 
globally. One of the main precursors for this is that when preparing maintenance 
management systems, many road agencies rely on data which is often outdated or 
inaccurate. This is due in many cases to insufficient budgets which are unable to 
adequately address both maintenance and rehabilitation. It is therefore critical that 
road agencies have better tools at their disposal to help combat these issues. One of 
the possible techniques that have been identified is the use of structure from motion 
techniques to adequately identify road pavement distresses. This paper advances 
previous work in this area and explores the accuracy of using mobile phones to collect 
the imagery as opposed to traditional methods relying on professional cameras and 
equipment. This would provide a lower cost and readily available alternative for 
practitioners. The techniques have been applied on a distressed pavement in Palermo, 
Italy using data-sets from a mobile phone and a professional camera to analyse the 
quality and adequacy of using data-sets from the mobile phone. The results indicate 
that the mobile phone data-sets can adequately utilize the techniques and therefore 
this incites the possibility of integrating mobile integrations with the technology 
specifically focused on pavement management systems.
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4. INTRODUCTION 

 

4.1 State of pavement distress detection worldwide 

 

Globally there are substantial difficulties faced by Road Authorities when carrying out required Road Maintenance 

and Rehabilitation activities. This is due to decreased available program budgets globally [1,2] which in many 

instances leads to inefficient maintenance scheduling and development. These programs are typically developed 

within a Pavement Management System (PMS) [3] which is set up to ensure that the available funds are utilized in 

the best possible manner for the required activities. However, the PMS is data-dependent and for it to function 

properly and optimize road maintenance management, accurate road condition data is required. The availability of 

this information allows for financial savings as more preventative maintenance can be done extending the 

pavement’s life cycle [4] whilst avoiding excessive corrective maintenance.  

Obtaining road condition data can be expensive as the most accurate methods are usually very expensive and as a 

result in many instances, road condition data is collected by manual methods [5]. However, data from these 

methods are subjective and can lead to the development of poor maintenance strategies. To this end, there has been 

a lot of research into developing new methods and technologies for the purpose of road pavement distress detection 

[6], which can, in turn, be utilized within the asset management system. The two largest areas of development have 

been using lasers and imagery or a combination of the two. Of the two, laser-based systems have shown to be very 

accurate and reliable but these benefits come at a higher cost which in most cases cannot be borne by Road 

agencies with budget deficiencies. Conversely, systems and techniques based on imagery have shown continual 

increases in their accuracies.  Whilst these systems are not as accurate as laser-based ones, they can still provide 

reliable data for road agencies at a lesser cost.  

 

4.2 The utilization of a low-cost pavement distress detection and analysis technique 

 

This study focuses on a low-cost detection technique that can help solve road condition data acquisition issues. The 

study applies an image-based technique, namely the use of Structure-from-Motion which is a photogrammetric 

technique that generates 3D models of objects using simple 2D imagery [7]. This technique has been utilized 

recently for the analysis of pavement distresses [8] with accurate and reliable 3D models of distresses being 

developed which can be used within an asset management system. It relies on imagery of a particular object and 

therefore the device used to obtain the images is very important.  

Mobile phones have been considered as possibilities to generate datasets for this technique in other sectors given 

their availability and cost [9]. This is due to the ever-increasing quality and performances of smartphone cameras 

which have shown accuracies close to high-cost professional cameras [10]. Given this, it is necessary to determine 

if imagery from typical smartphones can adequately conduct the Image-based modelling necessary for pavement 

distress applications. As a result, this study was developed to answer the question of whether cameras from a range 

of different smartphones can adequately be used to reconstruct pavement distresses. The study considers the use of 

five different smartphones to generate 3D pavement distresses models and compares these models to a base model 

using a professional camera to determine the accuracy and validate the replicability of the process.  

 

5. STATE OF THE ART – THE USE OF 3D MODELLING 

 

5.1. Background of image-based distress detection methods 

 

There have been numerous applications of image-based distress detection techniques for the purpose of detecting 

and analysing pavement distresses. Typically these methods involve the collection of a large set of images of the 

pavement and then subsequent analysis of these images. There have several algorithms developed for the purpose 

of detecting distresses within images [12,13].  

Within the scope of image-based techniques, there has also been the development of stereoscopic techniques. This 

includes the use of Photogrammetry and Structure-from-Motion (SfM) techniques. These methods utilize images to 

reconstruct three-dimensional models of the distress. The techniques themselves are not new and there have been 

previous attempts to incorporate them into pavement distress applications [14–17]. However, criticisms have been 

made which include limitations with respect to accuracy, computational requirements and software availability. 

However, these accuracies have improved significantly with improvements in software and computational 

resources [18]. This has led to recent work utilizing the improved workflows for the replication of pavement 

distresses. However there is still substantial work to be done in this area to determine the practicality of using these 

techniques in industry including testing of the techniques with mobile phones for pavement distress applications. 

This aim of this study is to validate the use of the techniques considering multiple mobile phones. 

 

5.2. Structure-from-Motion and 3D Modelling 

 

Structure-from-Motion (SfM) is a photogrammetric technique, which enables a user to create a 3D model utilizing 

overlapping 2D imagery. It is a low-cost technique which offers high resolution in reconstructing an object in three 
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dimensions [19]. For a typical survey, imagery is captured around an object with an overlap of 70-80%. Following 

this, the imagery is processed through a standardised SfM pipeline, which carries out image alignment followed by 

reconstructing the object’s position in space and then finally the generation of a 3D model. This is done with the 

use of a bundle adjustment procedure using common features that were automatically extracted from the 

overlapped images [20].  The identification of common points allows the algorithm to detect where the point exists 

in three dimensions. This is done exploiting SfM software wherein the pipeline is built in.  In figure 1 below an 

example of how the images are captured is shown wherein the blue rectangles represent the location of the camera 

during the survey of a distressed pavement section. The developed 3D model is also shown which was generated 

utilizing the modelling software, Agisoft PhotoScan.   

         

Figure 1:  Example dataset during a survey of a distressed pavement section 

Once the 3D model of the pavement distress is generated, the models can be analysed and measured to determine 

the exact distress type and critically, the severity level. The method allows a user to extract critical metric 

information such as the length and width of a distress as well as the area covered by the distress, which are 

representative of the metrics used by the industry to classify the distress [8]. Using this information, road agencies 

can have up to date information on the road conditions at specific points and it is possible to monitor large 

sections using drones equipped with cameras, which would allow a model of a large section to be created. For 

specific distresses on a road, an engineer can carry out a quick survey of the distress or the distressed section and 

generate the model for analysis and interpretation. This pipeline is depicted in figure 2.  

              

Figure 2:  Pipeline for utilizing the SfM technique for Pavement distress applications 

5.3. The objective of Study – the analysis of practical applications of SfM pipelines with common smartphones 

 

Whilst the techniques have been utilized with mobile phones before, the research on this has been focused on the 

areas of cultural heritage and architecture where the photogrammetric techniques have generally been used [21]. 

For the use of these techniques in practical road applications, the accuracies of different phones are important. This 

is due to the large variety of mobile phones available on the market. These phones vary by brand and cost. The 

question, therefore, arises as to the impact a different phone will have on the production of the 3D models and the 

distress survey. Given the large market range, this study aimed to carry out distress analysis with five different 

phones available to the research team, which were: Samsung Galaxy S9, iPhone XR, Huawei P20 Pro, Google 

Pixel 2XL and Xiaomi Mi A1. These phones have different technical specifications and costs but provide a good 

overview of the phones available.  

The aim of this was not to declare a winner among these phones or a preference amongst brands but instead to 

determine if the methodology could work on a range of different devices and still produce adequate models that 
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could be used in pavement distress analysis. This is important to determine the reliability and replicability of using 

this methodology in real-world conditions in road applications wherein there is no consensus phone brand choice 

and users will have to utilize the techniques with their available phones. The models generated were compared to 

models generated by a professional camera so as to have a control point in the study.  

 

6. METHODOLOGY - EXPERIMENTAL SETUP 

 

6.1. Devices 

 

For the purpose of this study, five smartphones available within the research team were utilized and the camera 

specifications of these devices are shown in Table 1. There are variations amongst the camera resolutions and 

image size which allows for a greater sample for the study. 

Table 1. Device Specifications 

 Device  Nikon D5200 Huawei P20 

Pro 

Samsung 

Galaxy S9 

iPhone XR Google Pixel 

2XL 

Xiaomi Mi 

A1 

Camera resolution 

[Megapixel] 
24 40 12 12 12 12 

Image Size [pixel]  6000 x 4000 7152 x 5368 4032 x 3024 4032 x 3024 4032 x 3024 3968 x 2976 

6.2. Procedure 

 

Once the devices were chosen, the following steps were carried out for the study:  

1. Data collection – Using the professional camera and the phones, photographic datasets were acquired of two 

distress types: a cracked pavement section and a pothole on an urban asphaltic pavement surface within the 

city of Palermo, Italy. These were chosen as these represent two common distress types and cracking is the 

most dominant type of distress in the region [11].  

2. The photos were taken in a sequence on the pavement, with coded markers on the road surface used for scaling 

of the models. Images were taken ensuring there was an angle between each shot of 5 to 10 degrees and an 

overlap of 80%. The surveys were done within the same time period during the day with the same clear and 

bright light conditions. Each survey per device took approximately 10 minutes and they were carried out 

consecutively to allow for comparability.  

3. Data Processing – The images were then imported into the SfM software, Agisoft PhotoScan wherein the 

previously explained SfM pipeline was carried out to generate textured 3D models of each distress per device.  

4. Estimation of reliability – The models generated by the phones were then compared to the models generated by 

the professional camera. This was done utilizing the free open source software CloudCompare which is used 

for the analysis of point clouds and models. Within this software, the models were aligned and compared for 

each distress and for each device against the model created by the camera. An example of the model alignment 

of the cracked section in the CloudCompare environment is shown below in figure 3.  

 

Figure 3:  Alignment and comparison of models in CloudCompare 

5. Analysis of comparisons of models – Analysis of the model comparisons were then made to identify key 

findings and recommendations for the future integration of the modelling techniques.  

 

7. RESULTS AND DISCUSSIONS 

 

7.1. Cracked Pavement section 

 

The cracked section identified for the study is showcased in Figure 4, wherein an image during the data acquisition 

using the professional camera is shown as well as one of the datasets and models generated during the study. The 

cracked section exhibits longitudinal and transverse cracking, which are the most dominant type of distress on 

Italian urban roadways [11].  
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Figure 4:  Cracked pavement section used for the study 

For the surveys carried out on this section survey specifications for each device are depicted in Table 2 below. 

Table 2. Survey specifications for cracked section 

Device  Nikon 

D5200 

Huawei P20 

Pro 

Samsung 

Galaxy S9 

iPhone 

XR 

Google Pixel 

2XL 

Xiaomi Mi 

A1 

Distance from the pavement 

[mm] 
~100 ~100 ~100 ~100 ~100 ~100 

Number of photos taken [-] 59 56 45 57 69 65 

Ground Sample 

Distance(GSD) [mm/pixel] 
0.012 0.0250 0.0275 0.0294 0.0282 0.0321 

Mesh faces created in SfM 

software[-] 
8,295,756 3,438,510 2,453,349 1,631,836 2,710,814 1,467,604 

 

In Table 2, there is a variation in the number of photos taken. This is deliberate so as to create a range of situations 

likely to occur in real-world scenarios with different users. The distance of the device from the pavement was 

however kept consistent to allow for comparability between models. The table also details the Ground Sample 

Distance (GSD) of the models created. The GSD is a value that denotes the distance between two sequential pixels 

centres on an image as measured on the ground. Its value is representative of the smallest observable detail on an 

image. [22]. For the resulting 3D models, the tiniest visible and measurable details are 2 to 3 times the GSD value 

[23]. The lower the GSD value is, the more details can be extracted from your model. Therefore, a lower GSD 

value gives the user a larger scope of metric analysis possibilities. This is critical as it means that for a model to 

effectively measure 1mm of detail, the GSD has to be approximately 0.33mm. This condition was met in all of the 

models created by each device and this means that each model can measure with an accuracy at least of 1mm which 

would be sufficient for extracting details of the distress and classifying their severity based on the typical severity 

classifications by industry manuals [24]. It should also be noted that the GSD of the camera model is the highest 

and this is expected, as the camera resolution is the highest of all the devices used and this is why it was chosen as 

the control device. 

The variable, Mesh faces, also describe the level of details with the camera model clearly having a higher value and 

therefore having more intricate details displayed. There is a variation of this value but its value is hard to decipher 

and thus it is more important to visually inspect the models created which is done within the subsequent section. 

 

7.2. Comparisons of models of Cracked section 

 

The models generated using the 3D modelling techniques display texture and details of the actual object under 

investigation. Figure 5 displays the model produced by the camera where the top image displays the textured 3D 

model and the bottom displays the dense cloud which visualizes the models’ intricate details, roughness and shape 

on the surface without the colour. In the same way, Models from smartphones are displayed in Figure 6.  

 

 

Figure 5:  Model produced by Nikon camera 
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Figure 6:  Models produced by phones 
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Each of the models produced appear to visually offer a clear detailing of the cracks on the section. There appears to 

be colour differences with some of the models produced by the phones. This colour variation can be attributed to 

the differences in the internal parameters and makeup of the phones and their camera sensors. However, the colour 

is not important to the determination of the severity of the distress which is critical for a practitioner. Generally, 

however, the details can be adequately inspected and on this basis, all of the models satisfy this criterion which is 

essential for the performance during a road survey. However, this represents only a visual inspection and from this, 

no metric comparisons can be ascertained. To carry out the metric comparisons the models were aligned and 

compared within the CloudCompare software to have a metric understanding of the differences.  

Within CloudCompare, models are compared using a metric called C2C absolute distance which measures distance 

variations between models. These variations are shown in Figure 8 for each model along with their related 

histogram distributions. The C2C distance is measured in metres (m). The variations are colour coded from blue to 

red where blue represents lower deviations and the red represents higher deviations as depicted in the histograms.  

For each model, the variations are different. The points on the model where there is the most variation are along the 

crack’s length. Some of the models have fewer variations than others but what is critical is that all of the actual 

variations are in the range of less than 0.0018m (1.8mm). Given such a low deviation, it signifies that there would 

be no impact on classifying severity regardless of the phone used for this type of distress as the difference would 

not change the severity classification. For a more critical examination of the differences, a Weibull distribution was 

applied to the measured differences. The Weibull distribution is a continuous probability distribution and it was 

applied as it is typically used to determine the accuracies of structure-from-motion models [26]. This was done 

within CloudCompare. An example of the application of this distribution plot is shown in figure 7, which validates 

the use of this distribution as the figure shows how closely the data aligns with the Weibull distribution plot. 

 
Figure 7:  Weibull distribution applied to the measured differences between models 

The two important resulting parameters from this distribution are the Weibull shape and scale parameters. These 

are denoted as a, and b, within the software. These parameters from each model are shown in Table 3. The scale 

parameter indicates that 63.2 percentile of the distribution will fail before reaching this point [25]. Considering the 

values in the table this signifies that for all of the models this value is less than 0.001m (1mm). Therefore, the 

difference is negligible considering the metric requirements to determine severity. For the shape parameter, if the 

value is less than 1, then the majority of values likely occur early in the distribution. This is the case for nearly all 

models, with the exception of two, but given the fact that the scale values are below 1mm, this can be considered a 

satisfactory result and the technique can be considered as validated for this type of distress.  

Table 3. Weibull parameters observed from each model comparison for the cracked section 

  Weibull parameters 

Phone Shape (a) Scale (b) 

Huawei P20 Pro 1.417948 0.000854 

Samsung Galaxy s9 0.962864 0.000688 

iPhone XR 0.61105 0.000558 

Google Pixel 2XL 1.374845 0.000720 

Xiaomi Mi A1 0.525267 0.000590 
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Figure 8:  Comparisons of models of cracked sections 

7.3. Pothole 

 

The pothole identified for the study is showcased in Figure 9, wherein an image during the data acquisition using 

the professional camera is shown as well as one of the datasets and models generated during the study. 

Huawei P20 Pro 

Google Pixel 2XL 

Xiaomi Mi A1 

iPhone XR 

Samsung Galaxy s9 
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Figure 9:  Pothole used for the study 

For the surveys carried out on this section survey specifications are depicted in Table 4 below. 

Table 4. Survey specifications for Pothole 

 

Device  Nikon 

D5200 

Huawei P20 

Pro 

Samsung 

Galaxy S9 

iPhone 

XR 

Google 

Pixel 2XL 

Xiaomi Mi 

A1 

Distance from the 

pavement [mm] 
~100 ~100 ~100 ~100 ~100 ~100 

Number of photos 

taken [-] 
23 44 38 29 30 30 

GSD [mm/pixel] 0.0107 0.0257 0.0215 0.0198 0.0209 0.0252 

Mesh faces created 

in SfM software[-] 
1,740,857 782,309 1,201,262 1,337,492 446,207 397,593 

 

In Table 4, it is noted that again there is a variation in the number of photos taken. This is to serve the same purpose 

as previously described to generate a range of situations, which are likely to occur in real-world scenarios with 

different users.  The GSD values of each model in Table 4 are also lower than 0.33mm indicating as well that each 

model can measure to at least an accuracy of 1mm which would be sufficient for extracting details of the pothole 

distress and classifying their severity. The GSD of the camera model is again the lowest and therefore as expected 

would offer the highest resolution and therefore is an adequate comparison model for the analysis. 

Concerning the variable, Mesh faces, the camera model again clearly has a higher value and therefore is more 

intricately detailed as expected.  

 

7.4. Comparison of Models of the Pothole pavement distress 

 

Using the same methodology as done with the cracked section, models were produced of the pothole distress. These 

models also display texture and details of the pothole under investigation. The first model displayed is the one 

produced by the camera and in Figure 10 wherein the image of the left displays the textured 3D model and the right 

image displays the dense cloud, which allows a user to see the intricate details, roughness and shape on the model’s 
surface without the colour. 

 

 

Figure 10:  Model produced by Nikon camera 

The same model development was done for the phones and these textured models and dense clouds are displayed 

in Figure 11.  
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Figure 10:  Models produced by phones 

In Figure 10 above it appears that all of the models produced by the phones appear to visually offer a clear detailing 

of the pothole and its detailing. Once more, there are differences in the colour of some of the models produced by 

the phones. The same reasons for this colour variation would apply given the differences in the internal parameters 

and makeup of the phones and their camera sensors. For this distress type, these models show that the details can be 

also be adequately inspected and on this basis, all of the models satisfy this criterion.  

For the metric analysis, the models were aligned and compared within the CloudCompare software to have a metric 

understanding of the differences.  

The same metric of C2C absolute distance was also used for the evaluation. These variations are shown in Figure 

12 for each model along with a histogram distribution of all the variations between the models. The C2C distance is 

once again measured in metres (m) in Figure 12.  

For each model, the variations are different with the points on the model of most variation being on the interior of 

the pothole at the sides and along its depth. Variations were also seen at the edges of the pavement section and this 

is due to the differences in the sizes of the patch utilized for each model. Some of the phone models have fewer 

variations than others but what is critical is that all of the actual variations are in the range of less than 0.0016m, 

Huawei P20 Pro 

Google Pixel 2XL 

Xiaomi Mi A1 

iPhone XR 

Samsung Galaxy s9 
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which is equivalent to 1.6mm. Given such a low deviation, this, therefore, means that there would be no impact on 

the classification of the pothole’s severity regardless of the phone used for this type of distress. 
 

 
Figure 12:  Comparisons of models of pothole     
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As was done with the models for the cracked section, a Weibull distribution computation was applied for the 

pothole models. The results from these plots are given in Table 5 below and show the scale and shape parameters. 

Considering the values in the table, similar to the models from the cracked section the scale factors for each model 

are all less than 0.001m (1mm). Therefore, the difference is negligible considering the metric requirements to 

determine severity for this distress type. For the shape parameter, the value is less than 1 for all models, which 

signifies that the majority of the values within the distribution will largely occur early in the plot which indicates 

that a small measured difference is the likely outcome for a random point on the model. Considering this and the 

values of the scale parameters, it can also be inferred that the techniques have been validated for the range of 

mobile phones for this distress type as well.  

Table 5. Weibull parameters observed from each model comparison for the Pothole 

  Weibull parameters 

Phone Shape (a)  Scale (b) 

Huawei P20 Pro 0.735903 0.000138 

Samsung Galaxy s9 0.557118 0.000495 

iPhone XR 0.853322 0.000102 

Google Pixel 2XL 0.739198 0.000262 

Xiaomi Mi A1 0.684449 0.000593 

 

8. CONCLUSIONS  

 

The presented study was aimed at establishing the accuracy and reliability of using different mobile phones for data 

collection to carry out Structure-from-Motion 3D modelling techniques for the purpose of reconstructing and 

analysing pavement distresses. Once validated, this would be a cheap data acquisition pipeline as it utilizes mobile 

phones already typically owned by the average person.  

To achieve this objective, five different mobile phones were used to reconstruct pavement distress image datasets 

from distresses occurring in an urban setting.  Two specific distress types were chosen, a cracked section and a 

pothole, as these represent common distresses which are encountered in urban road networks and require 

measurement and analysis. 

Imagery from each mobile phone was used to generate 3D models of the pavement distresses and these models 

were then analysed both from a visual and metric viewpoint.  

From the results of the models of each distress type, it was shown that the models had differences in appearance 

and colour but with respect to a metric evaluation, the differences are negligible. This was shown through statistical 

analyses on each model considering a Weibull distribution which highlighted that the differences in the models 

were negligible in the context of evaluating the severity of pavement distresses. Therefore, this indicates that the 

techniques can be replicable in real-world scenarios with varying mobile phones validating the replicability of these 

modelling techniques in a real-world scenario. 

Furthermore, given the advances of the phone industry, the available cameras on phones will also only become 

more advanced and therefore future models can achieve even higher resolutions. It also should be noted that for 

each of the phones tested, there are currently newer available models with better camera specifications, which 

would produce even greater results. Further work on this area will be needed for the consideration of more distress 

types. 

Within the study, each 3D distress model, produced by the mobile phone imagery, was able to produce a model that 

could quantitatively measure and classify the distress based on the requirements of industry standards. Therefore 

the process can be further integrated within mobile applications to carry out the 3D reconstruction of the distress in 

real-time and be used for a quick reference guide for a road practitioner for a specific distress on a road network. 

This also removes subjectivity in the process and provides a cheaper alternative for procuring road condition data, 

which is necessary for an effective Pavement Management System. This, therefore, takes another step towards low-

cost automation of pavement distress surveys. 
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