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17 

Seed point based road extraction methods are vital for extracting road networks from 18 

satellite images. Despite its effectiveness, roads in very high-resolution (VHR) satellite 19 

images are complicated, such as road occlusion and material change. To tackle this issue, 20 

this paper proposes to use the colour space transformation and geodesic method. First, the 21 

test image is converted from Red-Green-Blue colour space to Hue-Saturation-Value colour 22 

space to reduce the material change influence. The geodesic method is subsequently 23 

applied to extract initial road segments that link road seed points provided by users. At last, 24 

the initial result is adjusted by a kernel density estimation method to produce centred roads. 25 

The presented method is quantitatively evaluated on three test images. Experiments show 26 

that the proposed method yields a substantial improvement over cutting-edge technologies. 27 

The findings in this study shine new light on a practical solution for road extraction from 28 

satellite images. 29 

30 

1. Introduction31 

32 

With the advent of Very High Resolution (VHR) imaging satellite systems, the number 33 

of images grows larger and larger, efficient and accurate image interpretation and 34 

analysis have become a crucial requirement for a variety of tasks. Among all these tasks, 35 

road delineation from VHR satellite images plays an indispensable role in many 36 

practical applications. Road delineation has received much attention over the years and 37 

there are many methods designed from different prospective. In contemporary literature, 38 

there are two main types of algorithms for road extraction (Mena 2003; Poullis and You 39 

2010; Das, Mirnalinee, and Varghese 2011): fully automatic and semi-automatic 40 

methods. Fully automatic methods are an interesting and attractive topic that has been 41 
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researched for decades. However, though sustained research, results of fully automatic 42 

methods are very subjective (Turetken et al. 2011), since the nature scenes are generally 43 

particularly complicated, such as road material change, tree and shadow occlusion. 44 

Therefore, due to the limited accuracy, fully automatic road delineation from satellite 45 

images still remains open and challenging (Dal Poz et al. 2012). 46 

This study focuses on developing a semi-automatic road extraction method. Road 47 

extraction methods were founded on diverse image processing technologies. By 48 

integrating photometric and geometric features, roads are models in the object-space 49 

using stereoscopic aerial images (Dal Poz et al. 2012). After that, the road network is 50 

iteratively constructed by dynamic programming. Based on a piecewise parabola model 51 

with 0-order, a semi-automated road extraction was designed (Hu, Zhang, and Tao 52 

2004). This method relies on the seed points provided by users to construct the 53 

piecewise parabola model, followed by the solving each piece of parabola using image 54 

constraints based on a least square template matching. An interlaced template matching 55 

(Lin et al. 2011) based on the least square is developed for urban road extraction from 56 

VHR satellite images. This method firstly constructs an interlaced reference template 57 

based on road seed points. The reference template is then convolved with the image, 58 

followed by road axis tracing based on the least squares template. Similarly, the 59 

template matching is combined with distance transformation to extract roads in urban 60 

areas (Zhang et al. 2011). Some researchers proposed to treat road seed point connection 61 

as a shortest-path problem to improve the efficiency of road extraction on the basis of 62 

seed points. Lv et al. (2017) proposed a multi-feature sparsity-based model that can 63 

utilize multi-feature complementation to extract roads from high-resolution imagery 64 

(Lv et al. 2017). To maintain road-point connectivity, an edge-constraint fast marching 65 

method was proposed to sequentially link discrete seed points (Gao et al. 2018). Chai 66 

et al. (2013) extended the original idea of sampling line segments and built a graph 67 

model of road network through road nodes. Its disadvantage is that that correspond 68 

computational cost of the corresponding objective function is very expensive and may 69 

not be able to find a satisfactory optimum (Chai, Forstner, and Lafarge 2013). Road 70 

network structures were also represented as probabilistic graph, it extracted the road 71 

network as selecting the optimal subset of candidate paths, which is posed as MAP 72 

inference in a higher-order conditional random field (Wegner, Montoya-Zegarra, and 73 

Schindler 2015). Recently, the geodesic method (Peyr et al. 2010) is becoming a hot 74 

spot in the field of computer vision. This method relies on the local metric that encodes 75 

rich information to solve the connection issue between two selected points. A kernel 76 

density estimation method combined with the geodesic method is proposed to decrease 77 

the number of seed points required for road extraction (Miao et al. 2014). Although the 78 

geodesic method shows its advantages in road connection, however, it is not suitable 79 

for tracing roads where material change occurs. Meanwhile, the geodesic method result 80 

is not centred, and hence there is still large room to improve its accuracy. 81 

In this paper, a semi-automatic method for road delineation from VHR satellite 82 

images is proposed method. The objective of this method is to develop a robust and 83 

general tool that can provide a practical solution for semi-automatic road extraction. 84 

 85 



2.    Methodology 86 

 87 

The proposed method aims to devise a semi-automatic and efficient approach that can 88 

cope with road material change issue to extract road centreline from VHR satellite 89 

images. Figure 1 summarizes the proposed method. 90 

 91 

Figure 1 here 92 

 93 

The proposed method consists of three main steps, as follows: 94 

Step 1: Perform colour transformation. 95 

Step 2: Connect the seed points provided by users. The connection result is taken 96 

as the initial road centreline. Take the initial road centreline as the initial mask 97 

to implement level set to extract road segments around the initial road 98 

centreline. 99 

Step 3: Adjust the initial road centreline to produce the centred road network. 100 

Details of each step are described in the following sections. 101 

 102 

2.1   Colour transformation 103 

 104 

The major difficulty of many road extraction methods is the variability of the colour 105 

values in the Red-Green-Blue (R, G, B) colour space due to illumination changes caused 106 

by many factors, such as material change, image noise. Therefore, the R, G, B colour 107 

space needs to be transformed into another colour space to reduce the negative influence 108 

of illumination change. In other words, colour invariants are required for robust road 109 

detection. To this end, R, G, B colour space is converted to H, S, V (i.e. Hue, Saturation, 110 

and Value) colour space (Gonzalez, Woods, and Eddins 2003) using the following set 111 

of equations: 112 
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An example of colour transformation is given in Figure 2. The original RGB image 124 

is shown in Figure 2(a) and its corresponding Hue (H), Saturation (S), and Value (V) 125 

are shown in Figures 2(b)-2(d). This image will be used through the whole study to 126 

visualize the computation steps. Figure 2(a) shows that the test image contains two 127 

different road types, whose spectral response values are different. By contrast, the 128 

illumination change caused by road material change is mostly eliminated after colour 129 

transformation, as shown in Figure 2(c). 130 

 131 

Figure 2 here 132 

 133 

2.2.   Connection of road seed points 134 

 135 

After the colour transformation, the road seed points placed by users are linked by the 136 

geodesic method (Peyr et al. 2010) to create the central line, which in turn formulates 137 

the road network. For 2D case, let 
2[0,1]    denote the image domain and 138 

  :[0,1]t   be a smooth curve on the image I  where t  is the curve parameter. 139 

Suppose 0x  and 1x  are starting and ending points of  t , which can be expressed 140 

as 141 

   0 1{ :[0,1] \ (0) and (1) }t x x         (7) 142 

Suppose ( )L   be the weighted length of ( )t , which can be computed by the 143 

integrating method. 144 
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where 𝑊(∙) is a weight function, and 
2( )t    is the derivative of  t . 146 

This study assumes that roads can be approximately modelled as a smooth curve 147 

that has a constant grey value of c . Based on this road model assumption, a weight 148 

function  W x  can be defined as 149 

    W x I x c     (9) 150 

where 𝜀 (i.e., 0.01  ) is a small value that guarantees  W x  be non-zero. In this 151 



study, the constant value 𝑐  is fixed to  0I x  . The road that links 0x   and 1x   are 152 

taken to be a curve 
*  that has the minimal length between all possible curves between 153 

0x  and 1x . 154 
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where 
*  is called the minimal path. 156 

Figure 3(a) shows an example of linking the end points by using the geodesic 157 

method on the original RGB image. It can be seen that grey values of two seed points 158 

are very large, owing to the road material change issue. This issue makes the geodesic 159 

method fail to connect seed points with desired spatial topology. By contrast, the 160 

geodesic method correctly traces roads between two seed points based on the saturation 161 

image produced by colour transformation, as shown in Figure 3(b). This example 162 

demonstrates the advantage of colour transformation in road connection problem. 163 

Despite the efficiency, it is worth pointing out that the geodesic method inclines to trace 164 

roads along the boundary, which departs from the text the centreline (see Figure 3(c)). 165 

In other words, the geodesic result is not precisely coinciding with the road centreline. 166 

 167 

Figure 3 here 168 

 169 

2.3.   Adjustment of the connection result 170 

 171 

The purpose of Step 2.3 is to adjust the initial coarse road centreline to produce accurate 172 

result that precisely locates on the road centreline. To do so, the buffer around the road 173 

centreline is firstly constructed. For each pixel in the buffer, its probability that locates 174 

on the centreline is subsequently estimated based on kernel density estimation (KDE). 175 

Finally, the geodesic method is applied again on the KDE result to produce accurate 176 

road centreline. 177 

Generally speaking, the road width is not consistent in real case, and hence the 178 

road buffer should be adaptively changed where the road width changes. Meanwhile, 179 

the buffer should contain the minimum non-road pixels. The buffer around the initial 180 

road centreline can be seen as the object and extracted by finding an optimal contour 181 

C  by the energy function  E C  defined as 182 
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where   is the smoothing term that serves as the penalty term to penalize the evolving 184 

contour curve length and keep the curve smooth, C  denotes the contour length, ix  185 

is the thi   pixel grey value, inC   and outC   are foreground and background, 186 



respectively, and in  and out  are the corresponding intensity mean grey values of 187 

inC  and outC , respectively. The contour is subsequently evolved to fit the edges of 188 

objects by making Equation (11) reach a minimum value. To this end, level set (Osher 189 

and Fedkiw 2001; Vese and Chan 2002) is developed to minimize the energy function 190 

 E C . Let    represent the image domain and the curve C   is represented by the 191 

zero level set of Lipchitz function  , such that 192 
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The Heaviside step function H  and Dirac delta function   are then introduced 194 

to describe the functional as follows: 195 
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By instituting the unknown variable C  by level set function  , Equation (11) 198 

can be rewritten as 199 
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where   is the gradient of  . Equation (15) is iteratively implemented until the 201 

optimal    is produced. For computational details, we refer the readers to the 202 

biography written by Chan and Vess (2001). 203 

After the road buffer construction, the kernel density estimation (KDE) technology 204 

(Ahamada and Flachaire 2010) is introduced to assess the probability that a pixel lies 205 

on the road centreline. Let 1 2, , , nX X X  be a given set of pixels which are in the road 206 

buffer. The kernel density estimator is defined as 207 
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where h  denotes the bandwidth parameter, d  is the data dimension and K  is the 209 

kernel function. This study selects the Gaussian kernel as the kernel function. The 210 

Gaussian kernel is defined as 211 
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The bandwidth parameter h  is determined by: 213 
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where n  is the number of data, Σ  is the covariance matrix of data (Scott 2015). 215 

An example of KDE is depicted in Figure 4. The road class map is shown in Figure 216 

4(a) and its corresponding KDE result is illustrated by Figure 4(b). As hinted by Figure 217 

4(b), pixels on road centreline have higher KDE values than pixels that are un-centred. 218 

The geodesic method is implemented on the KDE map to connect road seed points. The 219 

connection result is shown in Figure 4(c). Compared Figure 3(c) and Figure 4(c), it can 220 

be seen that the connection result on KDE is more centred than the result on the original 221 

RGB image. 222 

 223 

Figure 4 here 224 

 225 

3.    Test Cases 226 

 227 

In this section, several experiments are conducted to test the proposed method 228 

performance. The proposed method is also compared with other methods studied in the 229 

literature to show the method’s advantages or disadvantages.  230 

 231 

3.1    Datasets 232 

 233 

To assess the effectiveness and adaptability of the presented method, experiments were 234 

conducted with three VHR remote sensing images. The images are described below. 235 

The first image has a spatial resolution of 0.6 m/pixel and a spatial size of 512 236 

pixels × 512 pixels and shows an area that is mainly covered by vegetation, roads, and 237 

buildings. It was collected by the QuickBird satellite and was downloaded from VPLab 238 

[46]. The image is shown in Figure 5(a). 239 

The second image is shown in Figure 5(b) and has a spatial size of 3000 pixels × 240 

1854 pixels and a spatial resolution of 2.5m /pixel. It was collected by the SPOT-5 241 

satellite and shows an area of Melbourne, Australia. This image includes different types 242 

of noises, such as vehicle occlusion, sharp roadway curves, and building shadows. 243 

The third image, which is shown in Figure 5(c), was collected by the WorldView 244 

satellite. The image shows an area in Shenzhen City, China. It has a spatial resolution 245 

of 0.6 m and a size of 3000 pixels × 1854 pixels. It includes various road conditions, 246 

such as road material changes, vehicle occlusion, and overhanging trees. 247 

 248 

Figure 5 here 249 

 250 

3.2    Experimental Setup and Parameter Setting 251 

 252 

The accuracy and efficiency of the proposed road extraction method was investigated 253 



through the following three experimental setups with three VHR remote sensing images 254 

shown above. 255 

The first experiment aimed to investigate the accuracy and efficiency of the 256 

proposed method. For the fairness of comparison, we chose Miao's method (2014) and 257 

Gao's method (2018) as the comparison methods, because both methods need to rely on 258 

manually selected road seed points. Ground-truth datasets for the four images were 259 

interpreted manually, and are shown in Figures 6(a), 7(a)-7(b) and 8(a)-(b). Under the 260 

condition that the number and position of seed points are the same, three methods are 261 

used for road extraction respectively. The optimal parameters of each method are 262 

obtained by trial-and-error method. The parameter details of each approach are as 263 

follows: (1) In Miao’s method, the threshold parameter was set at T = 0.005; (2) In 264 

Gao's method, the parameters were set as T = 0.2, α = 0.9, β = 0.9, and λ = 0.4; (3) In 265 

the proposed method, the smooth term was set at λ = 0.4. 266 

The second and third experiments were designed to verify the accuracy and 267 

advantages of the proposed method in complex urban environments (vegetation 268 

obscuration, dense vehicles, and building shadows, etc.). Two VHR satellite images 269 

were used in the experiments, as depicted in Figures 5(b) and 5(c). This design had two 270 

objectives. First, similar to the first and the second experiment, it aimed to test the 271 

efficiency of the proposed method. The second goal is to verify the robustness of the 272 

proposed road extraction method in the complex urban environment. We selected 273 

Miao's method (2014), Gao's method (2018) and Li's method (Li et al. 2015) as the 274 

comparison methods, of which the first two methods are the road centreline extraction 275 

method based on seed points, and the third method is the road region extraction method 276 

based on level set, requiring manual selection of the initial road region. The optimal 277 

parameters of each method are obtained by trial and error. The ground truth data set is 278 

collected manually, and the road centreline and the road surface are collected 279 

respectively. To ensure the fairness of the result comparison, when evaluating the 280 

accuracy, if the result extracted by the method is the road centreline, the linear road 281 

reference data will be selected for comparison; If the result extracted by this method is 282 

a road area, the planar road reference data will be selected for comparison. The 283 

parameters of these approaches were as follows: (1) In Miao’s method, the threshold 284 

parameter was set at T = 0.002; (2) In Gao's method, the parameters were set as T = 0.2, 285 

α = 0.7, β = 0.7, and λ = 0.4; (3) In Li's method, the scale parameter was set as σ = 0.2, 286 

time step was set as Δt = 20; (4) In the proposed method, the smooth term was set as λ 287 

= 0.4. 288 

 289 

3.3    Experimental Results 290 

 291 

On the basis of the experimental setup, we obtained the road extraction results by using 292 

different approaches. These methods are quantitatively compared using three measures: 293 

1) Completeness, 2) Correctness, and 3) Quality(Wiedemann, Heipke, and Mayer 1998), 294 

as follows: 295 
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where TP  , FN   and FP   represent true positive, false negative and false positive, 299 

respectively. 300 

In this study, the ground truth datasets are obtained by hand-drawing method, 301 

including two data types of road centreline and road surface. If the accuracy of the road 302 

centreline is evaluated, the buffer width is set to 4 pixels. The buffer width is set to 0 303 

pixels if the road surface is evaluated for accuracy. 304 

In the first experiment, the proposed method was evaluated and compared with 305 

other approaches, including Miao’s method (2014) and Gao’s method (2018). Figure 6 306 

illustrates the corresponding road extraction results. From Figure 6, it can be seen that 307 

both three methods can produce desired road connection topology. However, when the 308 

road material of seed points is different, the geodesic fails to produce correct results. 309 

By contrast, both Gao’s method and the proposed method achieve the desired 310 

connection topology. This demonstrates that Gao’s method and the proposed method 311 

cope with the road material change challenge. 312 

 313 

Figure 6 here 314 

 315 

In the second experiment (see Figure 7), we compared the method of Miao (2014), 316 

Gao (2018) and Li (2015) with the method we proposed. It can be seen from the figure 317 

that there are some omissions and errors in the extraction results of Miao’s method, 318 

which mainly occurs when the road is blocked by a large shadow. The results obtained 319 

by Gao's method have good integrity, but some roads are not smooth enough. There are 320 

many false positives in the road surface extracted by Li's method, and many non-road 321 

areas are identified as road areas. We analyse the reason for this is that the distribution 322 

of ground objects in this image is more complex, and the road occlusion is more 323 

frequent. The method we proposed achieved satisfactory results. This is also verified 324 

from the statistics in Table 1. Roads extracted using our method have higher accuracy 325 

and extraction quality. This also reflects the advantages of our proposed approach. 326 

 327 

Figure 7 here 328 

 329 

Figure 8 here 330 

 331 

The third experiment (see Figure 8) used a satellite image with a resolution of 0.6 332 

meters. The area is covered with towering buildings and dense vegetation, as well as 333 

dense traffic on some sections. This poses a great challenge to road extraction. From 334 

the comparison of experimental results, it can be seen that there are some omission 335 

errors in the road extracted by Miao’s method, and there are many errors in the road 336 

extraction in the shadow and the area covered by vehicles. The results extracted by 337 

Gao's method are not smooth enough and easy to deviate from the centre of the road. 338 



The road extracted by Li's method has a lot of false alarms, mainly mixing the road with 339 

surrounding buildings without any difference. The results obtained by our method have 340 

better smoothness and are closer to the centre of the road. The statistics in Table 1 are 341 

also consistent with the extraction results shown in Figure 8. In general, the results 342 

extracted by the method based on seed point have higher quality than those extracted 343 

by the method based on level set. 344 

 345 

Table 1 here 346 

 347 

According to the aforementioned discussions, it can be seen that the proposed 348 

method provides a practical solution for accurate road centreline extraction from VHR 349 

satellite images with fewer interactions with users. 350 

 351 

4.    Discussion 352 

 353 

4.1  Parameter Sensitivity Analysis 354 

 355 

To test the smoothing value influence on the road centreline extraction accuracy, its 356 

value was adjusted automatically from 0.1 to 0.6 with an increment of 0.1 for each step. 357 

The test results are presented in Figure 9. The performance of the smoothing value 358 

influence is quantitatively evaluated in terms of three accuracy measures, 1) 359 

Completeness, 2) Correctness, and 3) Quality. 360 

 361 

Figure 9 here 362 

 363 

Figure 10 reports quantitative evaluation results with different smoothing values. 364 

From Figure 10, it can be seen that, when the smoothing value is increased from 0.1 to 365 

0.4, the accuracy is slightly changed. However, the accuracy is decreasing when the 366 

smoothing value is exceeding 0.4. The reason for this phenomenon is that the large 367 

smoothing value cannot produce the complete road buffer, as shown in Figures 9(e) and 368 

9(f). To achieve the best accuracy, this study fixed the length term to 0.4 throughout the 369 

tests. 370 

 371 

Figure 10 here 372 

 373 

4.2  Computational Cost Analysis 374 

 375 

In this section, we present a discussion of the computational cost of the proposed 376 

approach. This study used MATLAB® (R2010b version) as the coding environment on 377 

a PC that had an Intel Core 2 Quad processor with a 2.83-GHz clock speed. 378 

For the road extraction algorithm based on seed points, in order to eliminate the 379 

influence of the number and location of seed points on the algorithm, we used the same 380 

number and location of seed points in the process of road extraction with different 381 

methods, and calculated the time required by each algorithm. These seed points were 382 



obtained manually during the process of making reference data. The statistical results 383 

are shown in Table 2. According to the statistical results, in the case of using the same 384 

number and location of seed points, the method of Miao (2014) requires the least time, 385 

and the method of Gao (2018) consumes the most time. However, the proposed method 386 

requires the same time as Miao's method when the number of seed points is small, and 387 

the time required is between Miao's method and Gao's method when the number of seed 388 

points is large. Combined with the statistical data in Table 1, it can be seen that on the 389 

premise of ensuring the accuracy and quality of the extraction results, the method 390 

proposed has higher extraction efficiency. 391 

 392 

Table 2 here 393 

 394 

5.    Conclusion 395 

 396 

This study has proposed a semi-automatic method for road centreline extraction from 397 

Very High Resolution (VHR) satellite images. By using colour transformation, the 398 

proposed method is able to tackle the illumination variance caused by the road material 399 

change. Benefited from the kernel density estimation method, the proposed method can 400 

produce more centred roads than the geodesic method. Compared to existing methods 401 

in the literature, the proposed method can produce similar extraction accuracy with 402 

fewer interactions with users. Experimental results demonstrate that the proposed 403 

method provides a practical and reliable solution for semi-automatic road centreline 404 

delineation from VHR satellite images. 405 

 406 
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Figure 1. Flowchart of the proposed method. 478 

 479 

    

 

(a) (b) (c) (d)  

Figure 2. An example of colour transformation. (a) The RGB image, (b) the hue component, (c) the 480 

saturation component, (d) the value component (i.e. brightness). 481 
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(a) (b) (c)  

Figure 3. (a) Seed points are shown in blue cross. (b) The geodesic method connection result which is 483 

shown in red. (c) The superposition result of the geodesic result and the original test image. 484 
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(a) (b) (c)  

Figure 4. The centreline adjustment result. (a) The road buffer constructed by active contour, the road 487 

class is shown in ‘white’ while the non-road class in ‘black’, (b) The road centreline probability estimated 488 

by KDE, (c) The initial road centreline adjustment result using the geodesic method. The road centreline 489 

is shown in red. 490 
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(c) 

Figure 5. Test images used in this study. 493 
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(a) 

 

(b) 

 

(c) 
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Figure 6. Results of experiment 1. (a)Reference road centreline, (b) Miao’s method, (c) Gao’s method, 496 

(d) The proposed method. Seed points are shown in blue cross and the road centrelines are shown in red. 497 
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Figure 7. Results of experiment 2. (a)Reference road centreline, (b) Reference road area, (c) Miao’s 499 

method, (d) Gao’s method, (e) Li’s method, (f) The proposed method. Seed points are shown in blue 500 

cross and the road centrelines are shown in red. 501 
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Figure 8. Results of experiment 3. (a)Reference road centreline, (b) Reference road area, (c) Miao’s 503 

method, (d) Gao’s method, (e) Li’s method, (f) The proposed method. Seed points are shown in blue 504 

cross and the road centrelines are shown in red. 505 
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Table 1 Comparison of different semi-automatic road centreline extraction methods 507 

Method Completeness (%) Correctness (%) Quality (%) 

Experiment 1  

Miao’s method 88.59 83.42 75.33 

Gao’s method 92.33 88.29 82.26 

Proposed 91.03 90.58 83.17 

Experiment 2 

Miao’s method 64.15 65.01 47.68 

Gao’s method 95.17 92.70 88.53 

Li’s method 50.60 44.89 31.21 

Proposed 94.54 93.34 88.57 

Experiment 3 

Miao’s method 73.58 77.27 60.49 

Gao’s method 88.43 83.81 75.52 

Li’s method 51.84 15.66 13.67 

Proposed 87.53 85.02 75.84 
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(a) (b) (c)  

   

 

(d) (e) (f)  

Figure 9. Road centreline extraction results with different smoothing values. (a) 0.1. (b) 0.2. (c) 0.3. (d) 510 

0.4. (e) 0.5. (f) 0.6. The pixels in the road buffer extracted by level set are shown in blue while the 511 

corresponding road centreline in red. 512 
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 516 

Figure 10. The quantitative evaluation result of the smoothing value influence on accuracy. 517 

 518 

Table 2 Computation Cost of Different Centreline Extraction Methods 519 

 Miao et al.’s method 

(2014) 

Gao et al.’s method 

(2018) 

Proposed method 

Experiment 1 

Time (s) 37 47 45 

Number of seed points 54 54 54 

Experiment 2 

Time (s) 988 1567 1324 

Number of seed points 455 455 455 

Experiment 3 

Time (s) 327 986 423 

Number of seed points 370 370 370 
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