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State-of-the-art monitoring of pavement condition is based on periodically repeated 

measurements performed by specialized vehicles. GPS and odometer readings are used to assign 

the chainage to the data. Such procedure often yields errors ranging from several centimetres to 

a few meters. Although it is acceptable for most maintenance purposes, in case of concrete 

pavements it is desirable to localize damages more accurately. Attribution of damages to 

individual slabs allows a road operator to control the pavement degradation process at an object 

level rather than for several meter long diagnostic sections. Importantly, such procedure 

facilitates subcontracting maintenance tasks and verifying their quality. It also provides 

excellent data for estimating degradation models for each damage type. This paper reports on 

methods and results of finding exact localization of high-resolution road surface images for 100 

km of a motorway, paved with 120 thousand slabs. Algorithms of image filtering and pattern 

recognition were used to find transversal and longitudinal slab joints on the surface pictures. 

Since the slabs were too wide to be captured in a single run of the measurement vehicle, the data 

from neighbouring runs were synchronized. Next, they were merged to cover the whole row of 

slabs and extract images of each of them with a centimetre accuracy. Finally, a geodesic map 

was used to ensure the correctness of the localization of the slabs. The proposed method can be 

used for airport pavements as well.   

 

 

Introduction 

Road data originates from different sources: archives, point measurements, inspections 

conducted with specialized vehicles, etc. They are synchronized using a network 

localization, which typically consists of the road number, section, direction, lane and 

chainage. Measurement vehicles record continuous data and label it with GPS and 

odometer readings. Such information can be used to project the data onto a road map. 

Figure 1 shows an application, which automates this task. Certain locations require 

however additional, human-based control (Gajewski, 2012).  
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The GPS readings have errors up to several meters, therefore an odometer is more 

reliable for short distances. This approach is sufficient for most purposes, especially 

when the road data are aggregated to longer, diagnostic sections (50-100 m) convenient 

for visualization on maps and profiles. The localization can be improved by using 

unambiguous places on the pavement, such as the beginning of a bridge, however this is 

typically a manual work.  

 

 
Fig. 1. Attribution of road measurement localization on the road axis with use of GeoRohRaster 

 

Improving the localization accuracy to the level of centimetres could bring new 

benefits. For instance, augmented reality visualization methods could enhance the road 

information systems accessed in-field with the use of mobile devices. It also provides 

better control of the pavement condition and allows to investigate its degradation on the 

level of individual objects. This is useful for the evaluation of new maintenance 

technologies (Opara et al., 2016).  

 

On roads paved with concrete slabs the joints are clear orientation points, hence 

counting them is a reliable way of obtaining the slab localization. The exact method to 
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achieve this goal is described in the following sections. Automatized image processing 

and line recognition is a well settled discipline with the developed set of tools (Gonzalez 

and Woods 2005; Sonka et al. 2014). Such methods are widely applied for monitoring 

of pavement surface damages, cf. (Gavilán et al. 2011; Hu et al. 2010; Maode et al. 

2007; Nguyen et al. 2011; Saar and Talvik 2010; Subirats et al. 2006). In this paper we 

focus on the automatic recognition of slab joints. Although this task appears much 

easier than recognition surface distress it is necessary to ensure its robustness. Errors are 

unacceptable, since they lead to the attribution of the recognized damages to wrong 

slabs.  

 

Processing of surface images 

Joints between concrete slabs are clearly visible in surface pictures because of their 

black colour and grid alignment. Consequently, they can be relatively robustly detected 

and counted. This allowed us to extract images of individual slabs and mark damages on 

them.  

 

The analysed motorway consists of long, concrete sections separated by short fragments 

paved with asphalt concrete (typically located on overpasses, bridges, etc.) Each 

segment of the surface continuously covered with concrete slabs was analysed 

separately. Lengths of the segments range from 430 m to 13.15 km. Finding the 

localization was largely facilitated by the use of geodesic map, whose fragment is 

shown in Fig. 2. The slabs are arranged into a regular, grid and identified by their 

position or signature. 

 

The slab recognition procedure consists of the following steps: 

1. Automatic detection of slabs edges 

2. Manual detection of poorly recognized pictures 

3. Picture transformation 

4. Extraction of the slab images 
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Fig. 2. Geodesic map of concrete slabs overlaid on the ortophotomap 

Automatic detection of slabs edges 

The input data consisted of pictures taken in a few runs of a measurement vehicle. The 

slabs joints were detected with custom filters. This procedure was implemented in 

Python with usage of the OpenCV library (Bradski, 2000). Its steps are shown in Fig. 3. 

First, brighter part of the grey scale image were filtered out to remove the road 

markings. Next, adaptive thresholding was applied, followed by a custom filtering for 

horizontal and vertical lines. The filters detected rectangular areas with a sufficient 

density of hits in an elongated, rectangular area. The filter was used in two 

configurations: for horizontal and for vertical lines. In our experience this method 

worked better and was more reliable than the straightforward line detection by Hough 

transform (Illingworth and Kittler, 1988), both with and without being proceeded with 

brightness filter and adaptive thresholding. If the detected line was intense enough, it 

was accepted. Its position was approximated using a weighted linear regression and 

recorded for the further processing. 

 



World Conference on Pavement and Asset Management, WCPAM2017 
Milan, Italy - June 12/16, 2017 

 
Fig. 3. Line detection scheme: (A) Filtering the bright regions of a picture; (B) applying an adaptive 

threshold and a colour inversion; (C) custom filtering for vertical and horizontal lines; (D) line detection 
by a weighted linear regression; detected lines are overlaid on the original image 

Manual detection of poorly recognized pictures 

The regularity of slabs joints and the geodesic map allowed us to easily identify both 

false-positive and false-negative findings. Pictures, for which the distances between 

detected joints were either too small or too large were manually checked. In case of an 

incorrect recognition, the true position was manually marked and subsequently 

processed to retrieve parameters of the line. If the anomalous distances between joints 

were result of a non-standard size of the slab, the picture was added to a whitelist. The 

most common cases of improper joints recognition were caused by road marking 

covering the joints, induction loops in the pavement and large cracks. Examples of such 

difficult cases are shown in Fig. 4. 
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Fig. 4. Examples of images difficult to process, which needed to be resolved manually. The arrows 

indicate the correct joints. The reasons of incorrect recognition are: (A) induction loops in the pavement; 
(B) blurred joint line; (C) a line on the pavement reassembling slab edge; (D) road marking which covers 

the slab joint 
 

Picture transformation 

The measurement vehicle not always drove directly along the road axis, therefore 

pictures needed to be reoriented before merging. We used an affine transform which 

included rotation and shear-mapping based on the left longitudinal joint. 

 

Extraction of the slab images 

The pavement surface was recorded as a few series of pictures. The series were obtained 

in different runs of the measurement vehicle and were transversally overlapping. In 

order to synchronize the localizations of the pictures from neighbouring runs, horizontal 

(transversal) slab edges were used as the orientation points. The following alignment 

procedure was used. First, in the two neighbouring runs pictures showing the same 

transversal joints are identified. The longitudinal shift between the pictures from the two 

runs is optimized to align the position of the same joint. Transversal shift was chosen to 

match the slab width. Unambiguous characteristic marks on the overlapping part of both 
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pictures can be used to fix even a small misalignment. The last step was merging of the 

pictures and the extraction of the images of each slab.  

 

Special cases 

There are some cases which require a special handling. One of them are additional 

lanes, which appear at motorway junctions, near rest areas, etc. Their positions in 

analysed segments need to be determined manually using the geodesic map. Since slabs 

in this additional lane often have non-standard widths, processing of these segments 

required introducing variable slab width. 

 

Damage detection and slab labelling 

After merging the images, 10 different kinds of road distresses were manually detected. 

Exemplary slabs with marked damages are presented in Fig. 5. 

 

 
Fig. 5. Exemplary images of slabs with marked damages 

 

Each slab in the motorway has a unique signature containing information about the 

direction (denoted by SW or WS), the lane number and the global chainage. For 

instance, SW1-048025 is the left lane in the direction SW with chainage 48025 m. 

Joints between concrete slabs can be counted allowing to extract the images of each 

slab. This can be robustly done during each measurement campaign. The slab images 

were labelled with the signatures, which facilitates their localization in-field with the 

use of specialized, accurate GPS devices. No localization errors were reported for over 

4000 damages recognized from the processed surface pictures and checked in-field.  
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Conclusions and Outlook 

In this paper we show methods for assembling pictures of single concrete slabs by 

merging data from different runs of a measurement vehicle. It is based on an automatic 

recognition of the joints. Difficult and non-standard cases need to be resolved by 

humans to ensure the lack of errors. Assigning the localization to the pavement damages 

can be done with a centimetre accuracy, as it accounts to describing its relative position 

on a slab picture. It enables the investigation of their development by means of 

comparing pictures of the same slab over consecutive, annual measurements. This 

makes perfect data for an object-level identification of degradation models.  

 

In the case discussed in this paper, extracting pictures of each slab addressed a 

particular business need. The highway operator subcontracts maintenance tasks. The 

number of repaired slabs constitute the primary measure for their mutual settlements. 

The evidence of slabs and pictures of their surface facilitates management and 

controlling.  

 

An analogous approach can be used for assigning the localization of data obtained from 

a laser scanning of the pavement surface. Instead of greyscale surface images one 

obtains the model of surface shape. Both can be represented by two-dimensional arrays 

(matrices). Slab joints are depicted by a grid of grooves rather than dark colour. 

Nevertheless, the algorithms described in this paper hardly require any change. Laser 

scanners constitute also an objective measure for quantification of the development of 

individual cracks. 

 

The high localization accuracy applies to all objects visible in the surface picture, such 

as surface damages or road markings. The technology described in this paper can be 

used for all kinds of slab pavements, including those in the airports.  
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