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Abstract— To keep a high road surface quality and road 

safety, an appropriate maintenance policy needs to be 

enforced, as soon as cracks start to appear. Since the 

traditional way of visually detecting road cracks by a skilled 

technician is very time consuming. This paper proposes a 

system that starts by providing a fast and effective 

unsupervised automatic crack detection result by first 

applying a filtering procedure to identify the most evident 

crack regions of the cracks present in the image. The 

skeleton and its respective endpoints of each identified 

region are obtained using a skeleton method. Then, a set of 

minimal paths among those endpoints are computed, using 

a minimal path algorithm. A validation procedure is 

applied, considering the intensities of pixels belonging to the 

previously computed paths and their likelihood of 

belonging to the crack. Finally, a developed GUI allows a 

user to erase incorrectly included paths and add new ones, 

relying on the same minimal path algorithms to minimize 

the need for user interactions. 

 

Index Terms— crack detection, minimal paths, Dijkstra, A* 

I. INTRODUCTION 

DATA collected about pavement surface degradations helps 

road managers deciding on the best road maintenance policies. 

The drawbacks of traditional human visual inspection while 

driving, being time-consuming, labor-intensive, potentially 

dangerous and prone to subjectivity, led to the development of 

automated high-speed image capture systems suitable for 

monitoring extensive road networks. These high-speed road 

pavement surveying systems typically employ line scan 

cameras, such as the Laser Road Imaging Systems (LRIS), 

allowing the capture of high-resolution road pavement surface 

images, while traveling at speeds up to 100 km/h. 

Once a set of pavement images is available, they need to be 

analyzed to detect pavement surface degradations. Automatic 

systems for identifying several types of distresses are being 

developed by researchers all over the world, with cracking 

being the most common degradation. Nowadays, the automatic 

detection of cracks is still far from being considered a solved 

problem, due to the complexity resulting from having to deal 

with different types of pavement materials and textures, or the 

irregular shapes of cracks, whose width typically changes along 

the crack development, along with the presence of artifacts on 

the pavement surface with similar visual appearance, such as oil 

stains, tire marks or even shadows. 

One key issue when developing automatic crack detection 

systems is how to evaluate the obtained results. In the literature, 

researchers typically compare against a ground truth dataset, 

often created by a human operator (road technician), who 

manually classifies image pixels, or blocks of pixels, as 

containing cracks or not. Such manual ground truth creation is 

a very time-consuming process, if a considerable number of 

images is to be analyzed, and it is subjective by nature, with 

different experts creating slightly different datasets. 

This paper proposes a semi-automatic system to generate a 

crack detection ground truth. It automatically proposes a ground 

truth for the input images, allowing the user to manually refine 

the results, using a graphical user interface (GUI), to 

add/remove any missing/extra crack segment until the result 

satisfies the expert using the system. 

In this paper a novel automatic crack detection system is 

proposed. A fast and effective initial segmentation method is 

first applied, relying on the photometric information, to retrieve 

the most salient parts of the cracks present in the image. Then, 

a set of minimal paths among those points are computed, using 

a bidirectional version of the 𝐴∗ algorithm, using a novel 

heuristic that allows reducing the computational time without 

compromising the quality of the results. To increase the 

accuracy of the results a further correction is applied, 

considering the intensities of pixels belonging to the previously 

computed paths and their likelihood of belonging to the crack. 

Finally, GUI was developed to allow the user to have the final 

word, allowing the refinement of the automatic results. The 

GUI allows erasing incorrectly included paths and adding new 

ones, relying on the same minimal path algorithms to minimize 

the need for user interactions. All the modules of the proposed 

system are unsupervised, although some parameters may be 

manually adjusted, according to the image acquisition system 

considered, to reduce the need of corrections using the GUI. 

After this introduction, Section II presents a literature review 

on road crack detection and ground truth generation. Section III 

presents the semi-automatic crack detection method proposed 

in this paper, and details its modules. The experimental protocol 

and datasets used are introduced in Section IV. In Section V, 

the performance of the used minimal paths algorithm is 

addressed, a study about the tuning of some parameters is 

presented as well as an assessment of the system performance 

including a comparison with the MPS (Minimal Path Selection) 

proposed in [1]. Conclusions and perspectives for further work 

are presented in Section VI. 

II. LITERATURE REVIEW 

Crack detection in road pavement images is an active research 

area. Depending on the level of detail of the image analysis 

performed, two main classes of methods are identified: block-

based and pixel-based. 
Block-based methods partition the image into non-
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overlapping blocks, typically squared blocks, extracting a set of 

features from each block. Each block is then classified as 

containing crack pixels or not. Often supervised learning 

techniques are adopted, considering a training set containing the 

features extracted from a previously created ground-truth set. 

Examples of classifiers used in the literature include: neural 

networks [2], [3] K-Nearest Neighbor [4], Adaboost [5] , 

Support Vector Machines [6], or Random Structured Forest [7]. 

Supervised methods have the drawback of requiring the 

availability of ground truth crack detection information and the 

need of a training stage.  

Pixel based methods select which image pixels correspond to 

cracks. As crack pixels are often the darkest ones, a simple 

approach would be to select pixels with value below some pre-

defined threshold as crack pixels. In practice such a simple 

strategy leads to too many false positives. Some solutions 

additionally consider using post-processing morphological 

techniques [8]. Alternatively, the use of Markov random fields 

was introduced [9], [10] and [11] to connect local crack regions 

with their respective neighbors, based on the comparison of 

their orientation and distance. Another drawback of directly 

thresholding a pavement surface image, for instance using the 

Otsu method [12], comes from crack images not presenting a 

bimodal distribution. Additionally, thresholding methods 

cannot differentiate between dark image artifacts, like shadows, 

tire marks or oil spills, and true pavement cracks. An automatic 

pavement shadow removal [13] is proposed based on geodesic 

analysis . 

A relevant subset of pixel-based methods uses minimal path 

selection techniques [14] and [1]. These methods find the best 

path between two nodes in a weighted graph, using a cost 

function for estimating the cumulative cost along the path. The 

path cost often considers a term related to the pixel intensity 

values, and second term that evaluates the local regularity of the 

path. Dijkstra’s and 𝐴∗ algorithms can be applied to this 

problem, as they look for paths of minimal cost between two 

nodes.  

The usage of minimal path methods requires knowing in 

advance which are the source and destination nodes to connect. 

Unfortunately, such prior knowledge is usually not available 

when considering a fully unsupervised operation. Additionally, 

cracks are not well-behaved lines and they can appear as 

complex networks of unknown geometry. To solve these 

difficulties, minimal path methods typically adopt the following 

strategy:  

- In a first step, some of the darkest image pixels are selected 

(manually or automatically) as seeds for the crack detection 

procedure.   

- In a second step, pairs of seeds are considered as endpoints 

and minimal paths are computed between them. The goal is 

to be able to detect all relevant cracks in the image by 

applying the procedure to the set of identified seed points.  
 

Two methods following the above approach are the Free 

Form Anisotropy [14] and the Minimal Path Selection [1]. The 

first method uses a minimal path algorithm using a 4- connected 

oriented neighborhood and, with help of 4-oriented graphs, the 

minimal path is defined from the central pixel towards two 

unknown extremities at a fixed distance𝑑. The biggest 

shortcoming of this approach is its dependence on distance𝑑, 

because there is no automatic way to compute this parameter, 

but its value must be higher than granulate size although not too 

high to avoid burdening the calculations. The second method 

adopts Dijkstra’s algorithm to compute the minimal path cost, 

neglecting the path length and using the traditional classical 8-

connected neighborhood, reporting a better crack detection 

accuracy. 

All the methods described above only provide a 2D 

segmentation. The algorithm described in this paper aims to 

perform crack detection, but with the help of the developed user 

interface it generates a reference image/ ground truth that can 

be used for the performance assessment of other algorithms. A 

similar approach is found in [15], it also uses a minimal path 

algorithms to find the crack skeleton and has an user interface 

to manual endpoint seeds to compute the skeleton fragments. 

The intensity of a crack pixel is can be highly affected to the 

direction of the exposure light. Possible shadows have similar 

intensity to cracks and some elongate stains, such as leaked oil 

and asphalt, have similar appearance or shape with pavement 

cracks. These stains would bring confusion to crack detection.  

To deal with these limitations, the usage of another type of 

imaging sensor can be helpful. A 3D laser imaging system to 

model the pavement surface with point clouds, where crack 

points hold relatively lower range values than their non-crack 

neighbors [16]. 

 

III. SYSTEM ARCHITECTURE  

The main goal of this paper is to propose an easy to use 

system, able to perform crack detection.  The system relies on 

a novel automatic and unsupervised crack detection system 

named Kernel Oriented Minimal Path Selection(KOMPS), 

whose results can be refined using a graphical user interface. 

The architecture of the proposed system is shown in Fig. 1.  

 

 
Figure 1– Architecture of the proposed semi-automatic crack 

detection system  

The first module of the proposed system performs a fast 

identification of crack pixels on the input image, using a new 

set of filters designed for road crack detection.  

The second module uses the preliminary crack detection 

result to compute a first crack skeleton and identify a set of 

endpoint seeds, allowing the next module to complete the crack 

skeleton. For this purpose, a thinning algorithm is applied, 

followed by a removal of unneeded spurs and branches, 

retaining only the longest path between any terminal points in 

each connected component.  

The third module establishes any relevant connections 
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between seeds belonging to different connected components, 

using an improved bidirectional A*. A validation step is 

included to ensure that relevant crack segments are added. 

The final automatic processing module enlarges the 

estimated crack skeleton identified, to provide a good estimate 

of the crack width. 

Finally, the user is given the opportunity to refine the 

automatically generated results, using a GUI. 

Details on each of the modules are provided in the following 

sections. 

A. Preliminary Crack Detection 

The goal of the preliminary crack detection module is to 

provide a fast detection of the most relevant cracks present in 

the image. For this purpose, a new 33 kernel was developed, 

with kernel values: k1:3,1=1; k1:2,2=-2; k3,2=3; k1:3,3=1. Four 

rotations of the kernel are considered at: 0, 90, 180 and 270 

degrees, as illustrated in Figure 2. 

 

    
Figure 2: Kernel values for 0, 90, 180 and 270 degrees of 

rotation. 

The kernel’s suitability for crack detection was verified on a 

set of test images created for this purpose using the following 

procedure: (i) 150 road surface images of size 7575 pixels 

were obtained by randomly cropping pavement surface images 

without cracks, where each pixel corresponds to 1mm2; (ii) four 

artificial longitudinal crack masks were defined, with widths 

between 3 and 6 mm; (iii) the image areas identified by the 

crack masks were replaced by crack pixels intensities computed 

according to a Generalized Extreme Value (GEV) distribution, 

resulting in a total of 150x4=600 test images, as illustrated in 

the top row of Figure 3. 
 

    

    
re=90.2% 

pr=85.3% 

Fm=87.7% 

re=91.3% 

pr=91.2% 

Fm=91.2% 

re=90.5% 

pr=91.5% 

Fm=91.0% 

re=91.1% 

pr=91.3% 

Fm=91.2% 

Figure 3: Top-row: samples of the 600 test images containing 

cracks of widths between 3 and 6mm (from left to right); 

Middle row: preliminary crack detection results; Bottom-row: 

corresponding evaluation metrics. 

Preliminary crack detection results obtained by applying the 

proposed kernel to the test images, followed by a thresholding 

operation with a threshold value 𝑇𝑘 discussed in Section V, are 

illustrated in the middle-row Figure 3, and the corresponding 

recall (re), precision (pr) and F-measure (Fm) metrics are 

shown at the bottom-row of Figure 3. By analyzing the sample 

results shown, the kernel reduces the width of a detected crack 

by 2 pixels (or 2 mm, for this image resolution) in comparison 

to the original crack width. This is not a limitation in the context 

of the proposed automatic crack detection system, as 

preliminary crack detection results are only used for identifying 

each crack connected component’s skeleton, as discussed next. 

Sample preliminary crack detection results for a real pavement 

image are shown in Figure 4. 

 

  
Figure 4 – (Left) Crack image. (Right) Preliminary crack 

detection result. 

B. Preliminary Crack Skeleton Computation  

The goal of second module of the proposed crack detection 

system is to compute a first crack skeleton and identify a set of 

crack endpoint seeds. This information will be used by the 

subsequent minimal path selection method to complete the 

crack skeleton. 

Taking as input the preliminary crack detection results, this 

module includes three main steps: (i) removing non-relevant 

connect components from the preliminary crack detection; (ii) 

computing a skeleton for each connected component of the 

input; (iii) refine the obtained skeletons, ignoring small 

branches and loops, and selecting as crack seeds the two 

extremities points furthest apart from each other.  

Removing non-relevant connected components is done by 

applying a threshold value 𝐴𝑐𝑐𝑠 to the area of each connected 

component   present in the preliminary crack detection results. 

This step removes small non-relevant connected components 

that don’t belong to the crack area, allowing an increase of 

efficiency for the following steps. The value of 𝐴𝑐𝑐𝑠 is discussed 

in Section V. 

Skeleton computation for each connected component is done 

using a thinning algorithm [17]. The result is a skeleton, 𝑠, for 

each connected component in the input, forming a set of 

skeletons, 𝑆.  

Skeleton refinement removes unwanted branches. This 

refinement starts by moving a 3x3 sliding window along each 

connected component’s skeleton 𝑠, and checking whether there 

is a single neighbor that also belongs to 𝑠, thus identifying all 

its extremity points. Then, a breath first search is applied to each 

extremity point, identifying the shortest path between all 

possible extremity pairs. The longest path is retained, 𝑠𝑟 , 

corresponding to the refined skeleton, without branches and 

loops, as illustrated in Figure 5. Endpoint seeds for the next step 
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are identified as the extremities ( 𝑒𝑖 , 𝑒𝑗) of the refined skeleton 

paths𝑠𝑟 , forming a set of endpoint seeds, 𝐸. 

 

  
Figure 5 – (Left) Skeleton computation result for the 

preliminary crack detection result shown in Figure 4. (Right) 

Skeleton refinement result (green), with the identified extremity 

points marked in red. 

C. Crack Skeleton Completion 

As illustrated in Figure 5 the obtained set of refined skeletons, 

𝑆𝑟 , may not cover the entire crack. Therefore, the goal of the 

crack skeleton completion module is to expand the set of 

refined skeletons, providing a more complete coverage of the 

crack areas. 

This module contains three main steps: (i) select relevant 

endpoint seeds from different skeleton fragments, 𝑠𝑟; (ii) create 

new skeleton branches connecting the selected endpoint seeds 

and (iii) validate new skeleton fragments. The first searches for 

additional paths, not yet considered, that may correspond to 

crack areas; while the second evaluates the new path 

candidates, to avoid including paths not corresponding to 

cracks.  

Endpoint selection searches through the endpoint set E to 

select the endpoint seeds of different 𝑠𝑟  skeleton branches, to 

select those that when connected are more likely to belong to 

the crack area.  For each 𝑠𝑟
𝑘, its closest neighbor, 𝑠𝑟

𝑙 , is found 

and their two closest endpoints are selected, ( 𝑒𝑘, 𝑒𝑙), so that a 

minimal path algorithm can be applied for their connection. 

This selection procedure is very efficient because it uses the 

information from preliminary crack detection results to identify 

the most relevant endpoints seeds in the crack skeleton. 

Therefore, a full connection of the endpoints like the one 

proposed in [1] it isn’t necessary to compute the complete crack 

skeleton. 

Connection of selected endpoint seeds uses a minimal path 

search algorithm to test the connection between the previously 

obtained refined crack skeletons belonging to the 𝑆𝑟  set.  

The paths (𝑝𝑘,𝑙 , … , 𝑝𝑚,𝑛) ∈ 𝑃 are computed using a known 

minimal path search algorithm described below in this section. 

These paths are marked on the image and this procedure is 

repeated until 𝑃 ∪  𝑆𝑟  form a continuous path (see Figure 6). 

This connected component represents the complete skeleton of 

crack, but may contain some false positives. Some of the paths 

obtained may not belong to the crack skeleton.  

Skeleton Validation: Among the many paths obtained in the 

previous step, there are a small proportion of them that don’t 

belong to the crack skeleton. Such paths are expected to be 

made of pixels of darker intensities than the others, so a 

threshold is used on the cost path to validate candidate paths. 

Since the objective of this proposed step is to retain paths with 

the lowest mean intensities, it is important to threshold the 

following normalized version of cost: 

 

 𝑐𝑣(𝑝𝑘,𝑙) =  
1

𝑙𝑒𝑛(𝑝𝑘,𝑙)
∑ 𝐼2(𝑚)

𝑙

𝑚 =𝑘

 (1) 

 

Where 𝑙𝑒𝑛(𝑝𝑎,𝑏) is the length of the path (in pixels). The 

chosen threshold was 𝑇𝑣 =  𝜇𝑣 + 𝑘𝑣𝜎𝑣 , where 𝜇𝑣  is the mean 

and 𝜎𝑣 is the standard deviation of the costs (see Section VI-A 

for the choice for 𝑘𝑣). Instead of using the normal intensity 

value as in [1], the squared value was used to help 

differentiating the candidate paths. As shown in Figure 6, this 

step makes the result converges towards the complete skeleton 

of the crack 𝑃𝑣, i.e., a one pixel-wide estimation of the crack 

with some artifacts. Some small isolated skeleton fragments can 

be left in 𝑃𝑣 after applying 𝑇𝑣.  These fragments may be present 

in the estimated crack skeleton, due to the texture of the road. 

A threshold operation with a value of  𝑇𝑠 is applied on the 

minimal size of a skeleton fragment. 𝑇𝑠  has a empirically 

chosen value, see section V. 

D. Skeleton Enlargement  

Finally, the width of the crack is estimated resulting in the 

segmented image. 

The Skeleton Enlargement algorithm relies on absorbing the 

neighboring pixels of the currently detected crack, according to 

a threshold operation. This step is repeated until no more pixels 

pass the threshold test. The threshold test is given by 𝑇𝑤 =
𝜇𝑤 + 𝑘𝑤 𝜎𝑤 , where 𝜇𝑤 is the mean and 𝜎𝑤 is the standard 

deviation of grey levels of the detected crack. 
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Figure 6 – (Top left) Original image. (Top Right) Preliminary 

Crack Skeleton Computation (Red), Crack Skeleton 

Completion (Green). (Bottom Left) Skeleton Validation. 

(Bottom right) Skeleton Enlargement. 

E. Manual Refinement  

An application was developed in Python that provides an 

GUI to help the user experience viewing the results of previous 

algorithms. 

 

 
Figure 7  GUI execution flow as the MR (Manual Refinement 

module). 

The Manual Refinement module, whose architecture is 

presented in Figure 7, incorporates the following four 

components: 

- Manual Selection of Endpoints: This module allows the 

user to manually select several pairs of endpoints (source 

and destination) within the crack image. 

- Crack Skeleton Computation: Takes the previous selected 

endpoint pairs and computes minimal paths between each 

pair using the same minimal path algorithm used in Crack 

in the Skeleton Completion module to compute the crack 

skeleton. 

- Skeleton Enlargement: estimates the width of computed 

crack skeleton, as discussed in Section III-E. 

- Eraser Mode: With a selected size rectangle, the user can 

erase any area in the detection results  

There are two ways to use the GUI: 

- Manual Refinement – The user starts by applying the 

automatic crack detection algorithm (KOMPS) and then 

performs a manual refinement (MR) to remove portions of 

incorrectly detected cracks or to add missing ones, 

following the architecture represented in Figure 7. 

- Pseudo Ground Truth Generator – The GUI can be used to 

identify cracks in an image starting with a set of crack 

endpoints manually drawn by the user. In this case the 

architecture is similar to that of Erro! A origem da 

referência não foi encontrada., but not considering the 

initial KOMPS module. 

In both operation modes, the user is able to remove or add 

missing crack portions: 

- Eraser Mode – By selecting this option it is possible to 

remove parts of incorrectly detected cracks. The user only 

needs to draw a rectangle, that acts like a rubber, and 

overlap the crack areas to be removed from the result.  

- Addition Mode – To add any missing crack part, the user 

only needs to mark two points in the image (Manual 

Selection of Endpoints), and the Crack Skeleton 

Computation automatically connects those points relying 

on the computation of the minimal paths, followed by the 

path enlargement algorithm previously described (Skeleton 

Enlargement). In this mode the user is allowed to: 

o Apply the KOMPS algorithm in a selected image 

by pressing the Crack Detection button. 

o Select several pairs of endpoints in the Crack 

Image, using a right mouse click. 

o Compute minimal paths between those selected 

endpoints pairs and estimate its width by pressing 

the Compute Skel button. 

o Undo the last action taken by pressing the Undo 

button. For instance if the last selected endpoint is 

miss placed from the crack, the user can unselect 

it by pressing that button. 

o Redo all the actions taken by pressing the Redo 

button. 

 
Figure 8 – GUI screenshot. (left image) Original crack image. 

(middle image) Detected crack path. (right image) Refined 

segmented image. Minimal Path Algorithm 
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IV. ASSESSMENT PROTOCOL  

A. Tested dataset  

The tested dataset is composed of 166 images with resolution 

2048x4096 taken by the Laser Road Imaging System (LRIS) in 

Canadian roads at 70 km/h. 

The dataset was divided in two. The first part contains the 

first 83 images taken by the right camera, the second part of 

dataset contains the remaining images and were taken with the 

left camera. The second part showed to be ≈ 6% darker than 

the first one.  

B. Ground Truth Generation 

The ground truth was generated by a human operator using 

an application that allowed to block based ground truth 

generation. The used block dimension was 75x75 pixels. 

C. Experimental Measures 

While comparing the segmentation method with the ground 

truth the following pixel classification was taken in to account: 

 True positives (TP) – Pixels that belong to the crack; 

 False positives (FP) – Badly detected blocks; 

 False negatives (FN) – Missed pixels that belong to the 

crack. 

To evaluate the performance of the segmentation method the 

several indicators were used: 

The Precision index highlights the proportion of badly detected 

pixels: 

 

 𝑃 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2) 

 

The Recall index calculates the proportion of non-detected 

pixels: 

 

 𝑅 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3) 

 

The F-measure is the harmonic mean between the Precision and 

Recall: 

 

 𝐹𝑀 =  
2 × 𝑇𝑃

(2 × 𝑇𝑃) + 𝐹𝑁 + 𝐹𝑃
 (4) 

 

 The F-measure indicator is used as a global quality measure. 

When 𝐹𝑀 = 1 a perfect detection is achieved, while 𝐹𝑀 = 0 

equals a total inaccurate detection. A 𝐹𝑀 value above 0.7 is 

considered a good detection. 

Due to the complexity and subjectivity of ground truth 

generation, one block in each of the 8 adjacent directions is 

tolerated for the calculus of true positives. 

V. PERFORMANCE ASSESSMENT 

A. Minimal Path Algorithm 

Minimal path search algorithms usually have a cost function 

related to the computed path. In the context of crack detection, 

the goal is to find a curve that fits the crack skeleton by 

iteratively minimizing a cost given by a defined cost function.  
 

1) Cost Function 

Minimal path search algorithms usually have a cost function 

related to the path. Assuming darker pixels correspond to a 

crack the following cost function is used: 

 

 cost(𝑝𝑖𝑗 )  =  ∑ 𝐼(𝑚)

𝑗

𝑖 = 𝑚

 (5) 

 

where I is the image, i is the source, j the destination and m is a 

pixel of the path between i and j. This function tries to minimize 

the sum of pixel intensities in the path. 

 

2) A* Algorithm 

A* algorithm is an informed version of Dijkstra algorithm. 

The heuristic function h(n) allows an estimate of the minimum 

cost from any 𝑣𝑒𝑟𝑡𝑒𝑥𝑛 to the destination vertex. 

It is important to choose a good function h(n) because the 

behavior of A* is controlled by it. If h(n)  ≤  h ∗ (n), where 

h ∗ (n) is the heuristic that provides perfect information, A* is 

guaranteed to find the minimal path. 

  

3) Heuristic Function 

The develop heuristic function is given by the following 

formula: 

 

 
h(n)  =  d(n, goal) × μ(K) 

 
(6) 

 

Where d(n, goal) is the Manhattan distance between a given 

node n and the goal node, and K is a square window centered in 

the goal pixel with 1 cm of side. 

This heuristic function is highly adaptable, it varies accordingly 

the radiometric information present in the image between a 

source and a destination pixel. 

 

4) Heuristic Function Validation 

To validate the develop heuristic we computed the several 

paths in different images with the same sources and destinations 

using A* and Dijkstra algorithm.  

Then path costs were compared between the two algorithms. 

 

Table 1 – Averaged path cost comparison between A* and 

Dijkstra. 

Image A* cost Dijkstra cost Error % 

Crack003 13534 13272 1.97 

Crack010 5737 5640 1.72 

Crack138 9685 9576 1.14 

 

Table 2 – Time comparison between A* and Dijkstra 

Image A* time(s) Dijkstra 

time(s) 

Speedup 

Crack003 18.87 36.36 1.93 

Crack010 11.13 28.48 2.56 

Crack138 15.97 35.20 2.20 
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Considering the speedup and the low error rate is safe to 

assume that the proposed heuristic significantly increases the 

performance of the proposed method. 

 

This increase in performance is illustrated in  Figure 9 by 

illustrating the node expansion for both algorithms.  The A* 

(bidirectional) needs less node expansions to find minimal 

paths than Dijkstra (Bidirectional), the heuristic function helps 

the algorithm to expand in the wright direction by increasing 

the cost of other paths that grow in other directions. 

 

  
Figure 9 – Crack 138 node expansion. (Left) A*. (Right) 

Dijkstra 

B. Parameter Tuning 

In practice, the proposed algorithm requires the tuning of five 

parameters: the kernel threshold 𝑇𝑘 and connected component 

size 𝐴𝑐𝑐𝑠  for the preliminary detection, the constant 𝑘𝑣 and 

threshold 𝑇𝑠 for skeleton validation and the constant 𝑘𝑤 for the 

skeleton enlargement.   
The value of 𝑇𝑘 must not be too large to limit the detection 

of false positives in the preliminary detection stage. However, 

in the skeleton validation step of the Crack Skeleton 

Completion module some of previous detected false positives 

can be rejected in the final detection. A suited value for 𝑇𝑘 is 

265. A small value of 𝑇𝑘 influences the system performance by 

decreasing its precision, as illustrated in Figure 10.  

 

 

 
Figure 10 Precision, sensitivity, and FM value variations with 

respect to 𝑇𝑘 parameter for both datasets. 

The choice of 𝐴𝑐𝑐𝑠 determines the threshold value that allows 

to retain the most relevant connected components and discard 

texture artifacts in the preliminary detection stage. Smaller 

values of 𝐴𝑐𝑐𝑠  lead to discard only few connected components, 

so the following steps become more computationally 

demanding. Larger 𝐴𝑐𝑐𝑠 values eliminate larger connected 

components, with the risk to remove crack pixels. In practice, it 

has been found that 𝐴𝑐𝑐𝑠 = 25 corresponds to a suited value to 

a resolution of 1 𝑚𝑚/𝑝𝑥, see Figure 11.  

.  

 

 
Figure 11 Precision, sensitivity, and FM value variations with 

respect to 𝐴𝑐𝑐𝑠 parameter for both datasets. 

The choice of 𝑘𝑣 determines the threshold value 𝑇𝑣 =  𝜇𝑣 +
𝑘𝑣𝜎𝑣 that allows to retain only the paths of lowest costs among 

the ones found at the crack path computation step. This 

parameter is a crucial one but its value is quite easy to choose. 

In fact, the results presented in Fig. 8 highlight that the value of 

𝑘𝑣 corresponds to a trade-off between precision and sensitivity. 

Beyond 𝑘𝑣 = 3, the precision becomes too low, a lot false 

positives start to appear. Based on Figure 12 an intermediate 

value 𝑘𝑣 = 1.5 was retained. 

 

 

 
Figure 12 Precision, sensitivity, and FM value variations with 

respect to 𝑘𝑣 parameter for both datasets. 

As concerns the threshold 𝑇𝑠, Figure 13 indicates that if the 

value 𝑇𝑠 ≥  30 the system will perform well. 𝑇𝑠 =  100  was 

the value used in the simulations and in the system 

performance. Given that road cracks that are lower than 10 𝑐𝑚 

are usually not considered as significant this threshold value 

seems reasonable. Such a choice is coherent for an image 

resolution of 1 𝑚𝑚/𝑝𝑥 per pixel and should be fitted to a 

different resolution. 
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Figure 13 Precision, sensitivity, and FM value variations with 

respect to 𝑇𝑠  parameter for both datasets 

 

Finally, the choice of 𝑘𝑤 determines the threshold value to 

merge some dark pixels neighboring the currently detected 

crack structure. An appropriate value for 𝑘𝑣 should increase the 

sensitivity with a low impact on the precision. According to [1], 

𝑘𝑤 = 0.6 is the best choice.  

 

C. System Performance 

In this section, the performance of the proposed system 

without using manual refinement is evaluated on the images of 

the datasets 1 and 2 using a block based approach. Also a 

performance comparison (pixel based) with the MPS algorithm 

[1] using three images from the Aigle-RN [18] system is 

presented, here manual refinement is considered. All the 

performance results were obtained using a computer with an 

AMD Ryzen 7 CPU (8 cores), 32gb of DDR4 ram and running 

on Linux 64 bit operating system. 

 

1) LRIS Dataset Performance 

Here, the performance of the proposed system without 

manual refinement is evaluated on the images of the real 

datasets 1 and 2 introduced in Section 3.2.1.  Manual refinement 

isn’t considered here because the objective is the evaluation of 

the automatic and unsupervised modules of the proposed 

system. With MR (Manual Refinement), it is possible to correct 

any errors coming from previous modules, so a performance 

evaluation considering this last module wouldn´t give much 

information about validity of the results given by the previous 

modules. Table 3 shows the results of the automatic modules of 

the system (KOMPS). For this results the value used parameters 

were: 𝑇𝑘 = 265, 𝐴𝑐𝑐𝑠 = 25,  𝑘𝑣 = 1.5,  𝑇𝑠 = 100, 𝑘𝑤 = 0.6. 

 

Table 3 Averaged values of Precision, Recall and F-measure for 

images in the Dataset 1 and Dataset 2. 

 Precision (𝑷) Recall (𝑹) 
F-measure 

(𝑭𝑴) 

Dataset 1 0.77 0.83 0.80 

Dataset 2 0.61 0.73 0.67 

 

The performance is significantly better for Dataset 1, with an 

F-Measure of 0.80 against 0.67 for Dataset 2. For the first 

Dataset, the system could detect more parts of the crack (0.83 

against 0.73 in the Recall measure) while having less false 

positives (FP) detections (0.77 against 0.61 in the Precision 

measure). 

The overall performance on dataset 2 is under the overall 

performance of the first dataset. There are several reasons that 

can create that difference. Such as, the average pixel intensity 

of all images from Dataset 2 is 6% lower than the one from 

Dataset 1. The images from the second dataset seem to present 

much more artifacts, like tire marks or dark zones, than the ones 

from the first dataset. Those artifacts and the difference in the 

average intensities could affect parameter choice, especially the 

kernel threshold 𝑇𝑘 that directly depends on pixel intensities. 

However, considering the speed and efficiency of this system, 

without manual refinement, these results show that it can be 

used as fully automatic and unsupervised crack detection 

algorithm. Obtaining these results for both datasets (186 

4096x2048 images) took 808.6 seconds using the previously 

mention computer. 

The manual refinement could be used to quickly correct the 

detection results.  

  

2) Performance Comparison with MPS algorithm [1] 

For this performance comparison with MPS (Minimal Path 

Selection) algorithm, three images acquired with the Aigle-RN 

system were chosen [18] – see Figure 14. In this performance 

evaluation the Manual Refinement module was also considered. 

The comparison of results was done using a pixel based pseudo 

ground truth created by an expert technician using the system 

proposed in [15]. Both the MPS results and the pseudo ground 

truth are available at [19]. The resolution of these three images 

is 1.67 𝑚𝑚 /𝑝𝑥. Since these images have a different resolution 

than the 1 𝑚𝑚/𝑝𝑥 available in the LRIS dataset [20] 

considered for the development of the proposed KOMPS 

system, some parameters must be adapted, notably 𝐴𝑐𝑐𝑠. The 

new 𝐴𝑐𝑐𝑠 value must be 25/1,672, where 25 was the value 

considered for a resolution of 1𝑚𝑚/𝑝𝑥, so the new value for 

this dataset is 𝐴𝑐𝑐𝑠 = 9, since 𝐴𝑐𝑐𝑠 represents an area not a 

length. The same principle was used to define the new 𝑇𝑠 =
100

1.67
 ≈ 60, but in this case this threshold represents a length. 

The other parameters weren’t changed. 

 

Image A 

 

Image B 

 

Image C 
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Figure 14 Visual performance comparison against MPS 

algorithm. (First row) Original Images. (Second row) Pixel 

based Ground Truth from [ref]. (Third row) MPS results. 

(Fourth row) Proposed system results without Manual 

Refinement (KOMPS). (Fifth row) Proposed system results 

with Manual Refinement (KOMPS-MR). 

Here, three different images acquired with the Aigle-RN 

system have been selected, with growing crack detection 

difficulty from Image A to Image C, the latter being the most 

difficult to analyze. The MPS system performs well on Images 

A and B, which is confirmed by a high F-measure value, see 

Table 4. In the case of Image C, MPS produces a coherent 

result, but fails to detect the complete length of crack. This 

explains why the obtained F-measure value is low, see Table 4. 

Looking at the KOMPS results without manual refinement, 

illustrated in the fourth row of Figure 14, the performance is 

quite good, except for some missing parts of the crack and some 

false positive detections in case of image B. This is confirmed 

by the high value of precision and recall for the KOMPS system 

for the first two images – see Table 4. Image C gave the worst 

results for KOMPS, as the system couldn’t detect a larger part 

of the crack present in the image. One of the reasons that 

justifies this behavior is because the crack is very thin, leading 

to the system not being able to detect parts of the crack, as the 

kernel used in the Preliminary Crack Detection module isn’t 

well adapted to the resolution of this dataset. For instance, this 

module only detects well cracks wider than 2 pixels, which with 

such low resolution images (1.67 𝑚𝑚/𝑝𝑥), corresponds to a 

minimum detectable crack width of 3.33 𝑚𝑚. The other reason 

is the usage by MPS of a pre-processing technique to deal with 

non-uniform illumination. This can influence the choice of 

some system parameters specially the threshold 𝑇𝑘 because it 

directly depends on the image pixel intensities that can be 

affected by pre-processing. 

When including Manual Refinement (KOMPS-MR), the 

results are very good for all the images, all the used metric 

values are over 0.9. This module allows the correction of the 

automatic results produced by KOMPS. A user with a help of a 

GUI can easily add missing crack segments or erase some badly 

detected ones to improve the system performance, see Table 4 

and Figure 14. 

Table 4 – Metrics values for three different methods applied to 

the three images in Figure 36. (Top) F-measure; (Middle) 

Precision; (Bottom) Recall. 

System MPS KOMPS KOMPS-MR 

Image A 0.83 0.91 0.94 

Image B 0.9 0.85 0.9 

Image C 0.66 0.75 0.95 

 

System MPS KOMPS KOMPS-MR 

Image A 0.81 0.98 0.98 

Image B 0.84 0.86 0.85 

Image C 0.50 0.96 0.93 

 

System MPS KOMPS KOMPS-MR 

Image A 0.87 0.85 0.90 

Image B 0.98 0.84 0.96 

Image C 0.96 0.61 0.98 

 

The next table (Table 5) show a time comparison between the 

automatic results of the proposed system (KOMPS) and a 

partially implemented MPS. This implementation doesn’t have 

the partitioning technique in the P1) step (Elimination of 

artifacts) [1]. The results show that KOMPS is much faster than 

MPS while providing better results for image A and C and a 

similar result for C., see . 

 

Table 5 Time comparison between KOMPS and MPS (partially 

implemented). 

System MPS (s) KOMPS (s) Speedup 

Image A 125.37 3.01 41.7x 

Image B 121.53 3.14 38.7x 

Image C 35.87 0.6 59.8x 

 

Table 6 shows the number of right mouse clicks in the 

Manual Refinement module for each image. For the images A 

and C only 2 two clicks were needed, because both of them only 

have a transversal crack and KOMPS could detect great part of 

it. Adding one crack segment to each of the KOMPS result 

completed the detection, see Figure 14. Image C needed 14 

mouse clicks to complete the detection, because the crack that 

is present in the image has very irregular shape. 

 

Table 6 – Number of mouse clicks in the MR module. 

 Number of Mouse clicks 

Image A 2 

Image B 14 

Image C 2 

VI. CONCLUSIONS AND FUTURE WORK 

This dissertation proposed a semi-automatic crack detection 

methodology. It considers a fast solution to automatically select 

a set of candidate crack regions, from each of which a skeleton 

and its endpoints are identified. Then an appropriate selection 

of minimal paths between endpoints is automatically applied to 

get a crack detection result. The proposed system then allows 

the user to use a simple GUI to quickly edit the results, 

correcting them as desired.  

Compared to minimal path selection algorithm presented in [1], 

the proposal of this dissertation incorporates a new technique to 

quickly find the most relevant endpoints (using the Preliminary 

Crack detection and Preliminary Crack Skeleton Computation 

modules), saving time by more efficiently computing paths 

between endpoints and providing an option of manual editing 

the detection results at end, with the help of a GUI (Manual 

Refinement module). Notice that the algorithm used to compute 

minimal paths, instead of using Dijkstra’s algorithm, uses a 
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faster suboptimal version in the 𝐴∗ algorithm, optimized for the 

crack detection problem. 

Performance assessment using two datasets, captured using 

the LRIS system [20], each containing 83 images of size 

4096x2048 pixels, has shown that the proposed method without 

manual refinement (KOMPS) can be used as fully automatic 

and unsupervised crack detection algorithm.  

A comparison with MPS using pixel-based ground truth, 

using three images from Aigle-RN system dataset has shown 

that the proposed method KOMPS-MR (proposed method with 

Manual Refinement) affords the best F-measure for all three 

images. The comparison was made using a pixel-based ground 

truth since it is available at [19]. Without Manual Refinement, 

the proposed system provided similar results to MPS, see . The 

automatic detection fails sometimes due to the preliminary 

crack detection module, where the kernel applied to the image 

couldn’t detect thin cracks.  In those cases considering the 

Manual Refinement module allows correcting the results and 

with minimal interactions (see Table 6) the obtained results 

surpass the MPS ones.  

In conclusion, the proposed method provides very robust and 

precise results in a wide range of situations, in a fully 

unsupervised manner, when considering KOMPS (proposed 

system without Manual Refinement). It can almost replicate the 

results of MPS in a much faster and efficient way, see Table 5, 

and with an advantage of easily allowing to correct the results 

using a simple GUI. 

Using the developed GUI provides a quick way of creating a 

pixel-based ground truth, something that has been missing in 

the crack detection research community.  

A perspective to a future work will be to develop an adaptive 

kernel to deal better with different image resolutions and give 

more reliable endpoints. Another approach is to replace the 

Preliminary Crack Detection module with a trained 

convolutional neural network to identify with more accuracy 

crack regions in a pavement image. . 
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