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ABSTRACT: The use of image-processing and machine-learning algorithms for road condition monitoring has attracted 
considerable interest in recent years. This surge in popularity has been propelled by advances in camera technology and the 
emergence of state-of-the-art deep learning techniques which have allowed inspectors to obtain high-quality imagery on a 
consistent basis, and then use efficient techniques to recognise road defects with credibility. A wide variety of road defect detection 
techniques have been proposed, however, the influence that different image acquisition devices have on the accuracy of defect 
detection has not been studied despite being a key component. The use of smartphone cameras as an inspection tool is of particular 
interest as they have become ubiquitous in recent times and the built-in cameras have progressed significantly. These cameras are 
now capable of producing perfectly acceptable images, yet they are still not well compared against established benchmarks. In 
this paper, the qualities of smartphones are explored and compared against a dedicated DSLR (Digital Single-Lens Reflex) camera. 
An experiment was designed that involved capturing video footage of a road surface using a smartphone (Samsung Galaxy S7) 
and a dedicated imaging device (Canon 600D DRSL). A deep learning based crack detection method was applied to imagery from 
the smartphone and the DRSL cameras and the performances levels were subsequently compared. The results indicate that 
smartphones are a viable, low-cost method for executing quick assessments of the road integrity. The evaluation of smartphone 
cameras also addresses the ongoing uncertainty around the level of performance that can be achieved using cheaper sensors for 
quantitative purposes. Such findings provide reassurance for inspectors wishing to use their smartphones for simple monitoring 
tasks. 
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1 INTRODUCTION 

Road condition assessments are crucial for identifying 
deficiencies in the road network and for devising targeted 
maintenance and repair strategies. The main forms of road 
assessments are visual inspections conducted by trained 
engineers and inspections that use special vehicles equipped 
with mobile measurement systems (MMS), yet both of these 
approaches have some inherent drawbacks. The quality of 
visual inspections is dependant on the ability of inspectors to 
observe and objectively record details of defects. Factors such 
as boredom, lapses in concentration, poor training and 
inexperience, subjectivity, and fatigue, all contribute to greater 
variability and reduced accuracy of the inspection results [1-2]. 

Onboard mobile measurement systems collect data as the 
vehicle travels over the road surface. These systems typically 
include a range of sensors such as downward-facing high-
definition video cameras, a global positioning system (GPS) 
unit, an internal measurement unit, a laser scanner, and an 
omnidirectional video recorder. While the quantitative data 
obtained from mobile measurement systems is highly valuable 
and accurate, these systems are expensive and complex, 
especially for small municipalities that lack the required 
financial resources. 

Given these drawbacks, several attempts have been made to 
develop inexpensive and convenient approaches that exploit in-
vehicle cameras in conjunction with image processing 
technology. Many of the developed techniques have proved to 

be efficient and are capable of achieving considerably high 
detection accuracies [3-5].  

The maximum level of information that can be extracted from 
image analysis depends not only on the effectiveness of the 
image processing algorithms but also on the quality of the input 
imagery. In terms of road condition monitoring, specifically, 
much of the focus has been on developing algorithms for 
tackling this problem, however, there has been little emphasis 
placed on characterising the effect of input image quality on the 
overall performance of the algorithms. Image quality is 
assumed to be chiefly affected by luminosity, sharpness 
(absence of out-of-focus blur and motion blur), contrast and 
noise. These quality factors are directly related to the 
equipment, the choice of cameras settings, and the on-site 
operating conditions such as weather and vehicle speed. In this 
paper, the performance of a crack detection method is 
investigated when applied to sample video frames from two 
types of imaging devices; namely, a smartphone camera and a 
DSLR. An experiment is designed in which a smartphone and 
DSLR are mounted side-by-side on a car’s dashboard so as to 
capture video of the road surface. Both cameras are set to 
automatic mode whereby the cameras determine all aspects of 
exposure based on the scene. 

The layout of the paper is as follows. Section 2 describes the 
notable features and key differences between smartphone 
cameras and DSLRs. Section 3 outlines the data collection 
procedure and provides details on the crack detection 
technique. Section 4 presents the results obtained when the 
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crack detection technique is applied to frames extracted from 
the smartphone and DSLR video cameras. Particular attention 
is given to how other sensors commonly found in smartphones, 
such as GPS and accelerometer data, can be used to extend the 
value of smartphone-based road condition assessments. 
 

2 DATA ANALYSIS 

Cameras come in many different forms such as compact 
digital cameras, DSLRs (Digital Single-Lens Reflex), 
mirrorless cameras, action cameras, and smartphones. DSLR 
cameras are capable of delivering superior image quality and 
much better low-light performance, primarily due to their larger 
sensor sizes compared with smartphone cameras. Moreover, 
DSLR camera bodies can be paired with a wide variety of 
interchangeable lenses to suit the requirements of different 
situations. DSLRs tend to be more expensive and heavier than 
other camera types, and they require a degree of know-how to 
operate effectively. 

The ever-improving image quality of smartphone cameras 
and their expanding feature-set may mean that these devices 
can play an increased role in future inspections. Notable 
advantages of smartphone cameras are that they are always at-
hand and the captured imagery can be shared and transmitted 
easily. Although mid-to-high-end smartphones can be 
expensive, many people will likely already own one. In this 
section, their qualities are analysed and they are compared with 
dedicated DSLR cameras, which have traditionally been the go-
to option for inspectors who are concerned about image quality. 

Image quality is quite a general term in this sense and it 
covers several quality-related attributes such as sharpness, 
noisiness, brightness, resolution, contrast and dynamic range. 
The main camera components that affect each of these 
attributes are the sensor and the lens. 

 Sensor 

The sensor collects light energy and converts it into an 
electrical signal at every photosite location. The camera’s 
onboard computer chip then stores each electrical signal as a 
digital value that is proportional to the amount of light energy 
arriving at the sensor. The final image file is simply a collection 
of all the digital values, with some in-camera processing 
applied. The sensor has a considerable impact on image-quality 
related factors such as the image resolution, low-light 
performance, depth of field, and dynamic range. The main 
characteristics of the sensor that determine ultimate image 
quality are the physical size of the sensor, the pixel count, the 
dynamic range, and the underlying sensor technology. 

A camera with physically bigger sensor tends to capture a 
higher quality image by gathering more light but at the cost of 
larger optics leading to bulkier camera units. Small sensors, 
which are often found in action cameras and smartphones, can 
be paired with smaller optics which means that the overall size 
of the imaging system remains compact. The typical size of 
DSLR and smartphone sensors is illustrated in Figure 1. It is 
worth mentioning that all sensors within the same category do 
not have the same dimensions; the measurements provided are 
an example of one such sensor within that format. 

Each pixel represents a single element of a digital image. The 
information for each pixel is gathered from the light-sensitive 

photosites on the surface of the camera sensor. Broadly 
speaking, each pixel in an image has a corresponding photosite 
on the sensor. The resolution of the image depends on the 
number of pixels (expressed in megapixels) and the quality of 
each pixel. More pixels do not always produce higher quality 
images. The choice between a high or small pixel count will 
largely depend on the intended application. For instance, a 
24MP megapixel image captured with an APS-C camera may 
outperform at a 12MP full-frame camera if the application 
requires fine details to be resolved, such as cracks that might 
only a few pixels wide. Conversely, a 12MP full-frame camera 
should be much better at identifying large potholes in low-light 
or challenging conditions. Moreover, for many 
computationally intensive image processing tasks, including 
many deep learning tasks, the input images will be downsized 
to facilitate computational efficiency. In such cases, there will 
be no value in capturing high megapixel images. 

One noteworthy benefit of cameras with more megapixels is 
that the extra pixels will be helpful when cropping. Sometimes, 
there may only be a small region of interest within the image, 
or there may a lot of distortion or colour aberrations near the 
fringes of the images (typical of wide-angle lenses) so the only 
usable part of the image is the central region. With more 
megapixels, the region of interest can be cropped and still retain 
a high degree of detail. This is particularly applicable to 
dashcam footage, where only a small part of the image covers 
the region of interest (i.e. the road surface) and much of the 
periphery of the image is not of any interest. 

The size of the sensor and the pixel count have a combined 
effect on the dynamic range. Dynamic range describes the 
range between the darkest and brightest points in a scene that a 
given digital camera can capture. The range of light values that 
human eyes can distinguish, from dark to light, is far greater 
than any sensor pixel can record. Any shadow value darker than 
what the sensor can detect is simply rendered as an effective 
black, and any highlight value brighter than what the sensor can 
detect is rendered as white. Generally, it can be assumed that 
cameras with larger photosites, or a greater pixel size, will have 
the ability to record a greater dynamic range. Larger sensors 
with fewer pixels can be an indicator of a larger photosite. 

Figure 1. Type and typical dimensions of sensors found in 
smartphone and DSLR cameras 



Larger photosites allow for the collection of more light and, 
subsequently, more detail and a higher contrast ratio. 

The primary advantage of small sensors is the implications 
on size and weight since small sensors can be paired with 
correspondingly small lenses, while DSLR-sized sensors must 
be paired with bulky lenses. For many users, the practical 
benefits of a small camera system will outweigh the 
improvements in image quality that is obtainable with larger 
sensors. 

The size and pixel count are not the only factors that govern 
the image quality. The efficiency of the in-camera image 
processor and the type of sensor technology also play a role. 
This is an area of continued innovation and smartphone 
manufactures, in particular, have sought to develop efficient 
sensors to compensate for the small physical size of the sensor 
components. 

3 METHODOLOGY 

The video data was collected by placing a smartphone camera 
and a DSLR side-by-side on the car dashboard. The cameras 
recorded video footage as the car drove along 10km of national 
secondary and regional roads in Cork, Ireland. The smartphone 
recorded video at a frame rate of 30 frames per second (FPS) 
and a resolution of 3840 pixels × 2160 pixels, while the DSLR 
recorded video at 25 FPS and a resolution of 1920 pixels × 1080 
pixels.  Sample frames from the smartphone and DSLR camera 
are presented in Figure 2. These frames are cropped such the 
field of view is similar in both frames and irrelevant parts of the 
scene are cropped out. The resolution after cropping was 1840 
pixels × 1042 pixels for the smartphone and 1884 pixels × 1072 
pixels for the DSLR. As such, the effective resolution was 
similar for both cameras. 

 

 
Figure 2 Sample cropped frames from (a) the smartphone 

camera, and (b) the DSLR. 

It may be observed from Figure 2 that the DSLR captured 
more of the range of colour in the scene, while the smartphone 
image is more washed out. On the other hand, the DSLR 
imagery was noticeably affected by a lack of sharpness, as can 
be seen from the close-up of the road surface in Figure 3. 
Although images from both cameras have imperfections, these 
issues may not necessarily translate into significantly worse 
crack detection results. 

 
Figure 3. Zoomed-in view of the road surface where motion 

blur can be observed in the DSLR imagery. 

 

 Crack detection technique 

In recent times, it has become possible to quite accurately 
analyse the damage to road surfaces using deep neural networks 
[5-6]. In particular, convolutional neural networks (CNNs) —a 
type of deep neural network—have attracted attention as they 
can extract rich meaningful features from the input image 
without human-involved feature design [7].  

CNN-based crack-detection methods have demonstrated 
better performance than traditional image-processing and 
machine-learning algorithms. In this paper, a deep CNN model 
was trained via transfer learning based on the same network 
architecture and approach as described by Gopalakrishnan et al.  
[4], however, the training data was obtained from the thousands 
of labelled crack images available from the ULTIR database 
[8]. Transfer learning is employed as the number of parameters 
in the deep neural network is quite large, may not be learned 
well when the model is trained from scratch with the limited 
data (typically, tens of thousands of training examples are the 
minimum needed when training from scratch). Transfer 
learning is a method of imparting knowledge from existing 
trained models to the new models devised for the specific 
purpose of detecting cracks. 

 

4 RESULTS 

The crack detection method was applied to the sample frames 
and the detected cracks are shown in Figure 4 for the (a) 
smartphone and (b) the DSLR.  
 



 
Figure 4. Detected cracks (red overlay) for the (a) smartphone, 

and (b) the DSLR. 

 
The performance of the crack detection method when applied 

to the sample video frames is evaluated and ranked using 
Receiver Operating Characteristic (ROC) curves. The ROC 
curves offer a convenient way of characterising the 
performance of detection methods [9] and have been expanded 
to image detection [10]. A ROC curve is a plot of the true 
positive rate (sensitivity) versus the false positive rate (1-
specificity) that are obtained when varying an input parameter 
for a given technique. Sensitivity, or the probability of 
detection in the field of probability space and decision theory, 
measures the proportion of pixels that are correctly identified 
as representing a crack. Specificity measures the proportion of 
non-crack, or background, pixels that are correctly identified as 
representing the background. The sensitivity and specificity are 
determined by comparing the detected crack regions using 
various decision thresholds with a visually segmented image. 
The visually segmented image is created by a human operator 
who must manually identify damaged regions in an image. This 
visually segmented image acts as the control as it is assumed it 
shows the true extent of damage. Each (1-specificity, 
sensitivity) pair forms a coordinate in the ROC space that 
corresponds to a particular decision threshold. The ROC curves 
generated for the smartphone and DLSR frames are shown in 
Figure 5.  

 
Figure 5. ROC curves when the crack detection method is 

applied to the smartphone and DLSR frames. 

These ROC curves reveal that the imagery obtained from the 
smartphone camera is better than that obtained from the DSLR 
camera for the purpose of crack detection. This is also reflected 
in Table 1, which presents the optimum decision threshold 
based on the minimum δ value. The minimum δ value is the 
Euclidean distance between the best performance point (the 
top-leftmost corner of the ROC space having coordinates (0,1)) 
and the closest point on the ROC curve.  

Table 1. The best performance levels that can be achieved 
when using the DSLR and smartphone cameras. 

Camera True Positive 
Rate 

False 
Positive Rate 

δ 

DSLR 0.72 0.18 0.33 
Smartphone 0.81 0.14 0.24 

 
Once again, it is evident that the best results are achieved by 

using the imagery acquired from the smartphone camera. The 
likely reasons why the smartphone outperforms the DSLR may 
be due to the higher sharpness in the smartphone imagery. 
Additionally, since the video was collected on a bright and clear 
day, the images were not overly contaminated with noise which 
often plagues smaller sensor cameras in low light conditions. 

Another advantage of smartphones is that they include 
several other types of sensors, such as accelerometers and GPS 
units, which can be integrated into the road assessment 
campaign. Previous studies have used accelerometer data to 
detect potholes or other road surface anomalies, while GPS data 
can be synchronised with the video data and then be used to 
relate detected instances of with their actual location on a map 
(in terms of GPS coordinates), as illustrated in Figure 6. 

 



 
Figure 6. The GPS data available to smartphones can be 

incorporated into road condition assessments and help relate 
detected cracks in the video to their location on a map 

5 CONCLUSION 

This paper presented a comparison between DSLR and 
smartphone cameras for the purpose of road condition 
monitoring. It was found that the smartphone camera 
outperforms the entry-level DSLR. The more modern sensor 
technology, greater sharpness, and higher frame rates 
contributed towards the success of the smartphone cameras. 
Moreover, smartphones come with additional sensors that can 
collect useful location and acceleration data, thereby extending 
the potential of smartphones as a tool that can play an increased 
role in future inspections. Advances in smartphone cameras is 
accompanied with algorithmic advances, especially in the 
realm of deep learning, are pushing the boundaries of what is 
capable with image-based damage detection algorithms.  

Overall, this paper demonstrates that smartphones can act as 
efficient road-image collectors over a wide area; and the image 
quality is acceptable. This paves the way for simple road 
inspections to be carried out using only a smartphone, which 
will be especially useful in regions where experts and financial 
resources are lacking. 
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