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Abstract: In the present work a semi-automatic road extraction technique in urban, suburban and rural areas is 

presented. High-resolution images from satellites QuickBird and WorldView have been used. We describe a 

new approach, where first segmentation of the images is applied, based on two-directional horizontal and 

vertical road seeding and Chaudhuri distance. In the Chaudhuri distance metric, the Tukey estimator is proposed 

outperforming the conventional L1-norm estimator. Morphological operations are then applied on the binary 

image to enhance the shape features filtering, hole filling, thinning and pruning. Results prove that the Tukey 

estimator outperforms the L1-norm estimator in the segmentation task, leading to effective road extraction 

results. Geographic database maintenance and map generation could profit from the proposed technique. The 

image segmentation during road extraction is an estimation problem where the data contain outliers. Robust 

statistics deal with such estimation problems. Our work aims firstly at demonstrating the necessity for the 

utilization of a robust estimator in the segmentation task during road extraction and secondly at verifying the 

robust statistics theory. In the literature, no other study which either compares the performance of different 

estimators on the road segmentation task or utilizes a robust estimator, has appeared yet. 

Keywords: Two-directional segmentation, Chaudhuri distance, Tukey estimator, morphological operation;  

road extraction; satellite image 

 

1. INTRODUCTION 
Object extraction from remotely sensed (RS) images is a challenging task in the field of image 

processing (IP). Road extraction is an interesting research issue due to its wide applicability. A road detection 

system and complete road networks can be important for numerous geographical information systems (GIS) 

applications such as geographic database maintenance, map generation, traffic management and urban planning 

[1]. IP based road extraction can be automatic or semi automatic. In automatic methods, there is no need for any 

human intervention. In semi automatic road extraction methods, the system needs users’ guidance to control the 

process. The road extraction technique which is developed in the present paper belongs to the category of semi 

automatic IP based techniques. 

There have been presented some works in the literature [2-7] that deal with classification or segmentation 

of complex scenes which contain diverse objects such as roads, trees, low vegetation and buildings. These 

techniques are very useful since they could be applied as a pre-processing step to a road extraction task. 

Automatic urban scene classification based on imagery and elevation data is presented in [2]. Relative features 

concerning color and geometry are proposed while a typical random forest (RF) classifier is utilized. A multi-

resolution model figuring out the sensitivity that layers of fully convolutional networks (FCN) present in 

relation to specific classes of heterogeneous data is proposed in [3]. The optimal position of each layer to have 

an effective data fusion is found, in relation to color or infrared imagery and elevation information. The work in 

[4] studies how a convolutional network (ConvNet) for semantic segmentation is influenced when digital 

surface model (DSM) height data are used in combination with imagery data during training. It is concluded that 

ConvNet can implicitly learn the relative height of objects and no additional height data need to be included in 

the training data. In [5] land cover classification is carried out and roads belong to the extracted classes. The 

efficiency of using images from the newly orbiting Chinese GF-1 satellites to monitor complex land surfaces is 

tested. Support vector machine (SVM) performs classification based on GF-1 panchromatic and multispectral 

sensors, Landsat 8 operational land imager (OLI) and Sentinel-2A multisource data. Additionally, GF-1 images 

get classified either with SVM relying on spectral features or with maximum likelihood classification based on 

multi-source information. A multi-scale segmentation strategy based on Taguchi optimization is proposed in [6]. 

Spatial and spectral properties from WorldView-3 image data are exploited for urban mapping and land use/land 

cover characterization. Indicative extracted classes are roads, trees, water, buildings and bare land. The proposed 

classification method is based on artificial bee colony and geographic object-based image analysis. In [7] paved 
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and unpaved roads are extracted on land cover map along with 10 other cover classes. WorldView-2 high-

resolution (HR) multispectral and panchromatic images go through detailed urban land cover classification. 

WorldView-2 spectral bands, spectral indices, gray level co-occurrence matrix texture measures and a digital 

terrain model are given as inputs into SVM to a rule-based approach. 

In the literature there have been also presented a variety of techniques for road extraction from RS 

images [8-32]. These techniques could be assigned into two groups namely the IP based techniques [8-24] and 

the machine learning (ML) based techniques [25-32]. With regard to the IP based techniques, in [8] hierarchical 

grouping is applied for extracting the centerline of main roads in Ikonos with panchromatic resolution of 1m and 

QuickBird with multispectral resolution of 2.44m, in open areas as well as in residential environments. After 

stepwise grouping of fragmented primitives, the entire structure of the most noticeable road centerlines is finally 

obtained. The linkage probability is evaluated by multiple clues. Automatic road network extraction from aerial 

images and QuickBird images is performed in [9]. Both spatial and spectral information of the images are 

utilized. Initially, homogram segmentation is applied to identify the road network profiles. The homogram takes 

into account not only the gray level but also spatial information of pixels with respect to each other. Then, tiny 

holes are filled and small road branches are removed by morphological opening and closing. Finally, the 

extracted road surface is thinned, pruned and simplified. In [10] automatic vectorization of extracted roads from 

RS images is accomplished after integrating image processing algorithms with computer-aided design (CAD) 

environments facilities. Simultaneously, missed road pixels, single elements and spur pixels are removed. The 

road network results can be utilized in GIS with minimum edit. A semi-automated road extraction method is 

developed in [11] and is tested on different Ikonos and QuickBird images. The methodology is based on an 

active contour model. Firstly, image noise reduction is performed with relaxed median filter. Secondly, the road 

is extracted as soon as the user provides small number of points as initial seed. In [12] a multi-step approach, 

based on directional morphological enhancement and segmentation techniques is presented for semi-automated 

road extraction. HR panchromatic images from IKONOS, CARTOSAT-2A, QuickBird and Arial serve for 

testing data. In [13] road information is extracted from HR QuickBird images with the aid of semantic model. 

Specifically, the road is extracted with length accuracy 89.19%, width accuracy 71.54% and intact rate 50.32%.    

Furthermore, in [14] an improved method for accurate road centerlines extraction is proposed. The 

specific method is based on shear transform, directional segmentation, morphological filtering, tensor voting 

and multivariate adaptive regression splines. After obtaining the initial road map, holes are filled, non-road area 

is removed and finally, smooth and complete road centerlines are extracted from satellite and aerial images. In 

[15] fuzzy object-based analysis using airborne light detection and ranging (LIDAR) for urban road extraction is 

presented. The method optimizes segmentation and classification to perform accurate land cover mapping and 

urban road extraction. The fuzzy rules are established based on data samples and expert knowledge using the 

decision tree and fuzzy 𝑐-mean algorithms. Spatial information (i.e., elongation) and intensity from LIDAR 

prove critical for urban road extraction. Road asphalt conditions, either good or poor, are extracted in [16] by 

means of object-based image analysis (OBIA), relying on feature selection technique. Roads are detected on 

WorldView-2 images utilizing ENVI feature extraction workflow to perform OBIA. Edge-based segmentation is 

carried out with scale level equal to 20 and merging scale level set to 80. Classification follows with RF, SVM 

and chi-square. A technique for urban road network extraction from low-resolution (LR) satellite images, called 

Parallel Research-F* (PR-F*), is proposed in [17]. The combination of both homogeneity of radiometric and 

transversal profile criteria brings rich results in the detection of possible road segments. Experimental tests 

prove that the optimal path is the one that has the minimum value of the transversal profile. Once the best 

optimum path is selected, the definition of a new starting point is automatically calculated to continue the 

execution of the enhanced PR-F* algorithm until it satisfies the stop condition. The proposed algorithm can 

detect the road segments in many directions, despite the urban areas complexity and the existence of different 

road categories. 

In [18] the methodology which is presented adapts Lowe’s scale-invariant features transform descriptors 

jointly with spectral angle (SA) algorithms to improve road extraction in case of earthquakes. The technique is 

tested on QuickBird satellite images from urban, suburban and rural areas having been hit by disaster. A multi-

scale joint SA representation unit for processing and detection of roads is presented. After road detection, the 

road segments are refined by utilizing the gradient for direction and vectors. The resulting image goes through 

multi-resolution analysis. Noise is iteratively reduced and the road detectability is improved. In [19] a technique 

for robust extraction of structural and non-structural road edges from mobile laser scanning data is developed. 

Apart from road edges, road and curb points are also extracted. No height jump, density or slope information is 

utilized, but only a topological network of laser points and auxiliary surfaces. The proposed technique can cope 

with complex conditions of structured roads as well as with non-structured roads such as grass-soil road types. 

An automatic hierarchical road detection and extraction method for LIDAR data is presented in [20]. Mean shift 

segmentation is applied on refined intensity data while products which are based on normalized digital surface 
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model (DSM) are also utilized. The presented methodology involves removal of non-road features such as parts 

of parking lots, gaps and water bodies while vehicles are regarded as road features. Road centerlines are 

extracted by the aid of Voronoi-diagrams. The proposed technique can cope with roads of varying width and 

curvature.  

Moreover, in [21] multiple descriptors are combined in a road extraction method that is effective in 

handling of trees, buildings or shadows. Firstly, road template matching and tracking get free from geometry 

and texture noise interference. Secondly, single-lane and double-lane roads are extracted. Pleiades images and 

GF-2 images serve for the testing data. A new methodology for road tracking, that incorporates both sector 

descriptors and the multi-scale line segment orientation histogram, is developed in [22]. The following four 

steps delineate the proposed technique namely seed point input, road direction prediction, confirmation of road 

tracking points and post-processing for road centerline extraction. In [23] a hybrid method for incremental 

extraction of road networks is proposed, where spatio-temporal data are utilized. Temporal road networks are 

initialized by means of a mathematical morphology method. Next, geometric inconsistencies get fixed through a 

gravitation force model. At the end, a segment fitting algorithm geometrically delineates the road networks. 

Road attributes such as width are also inferred. In [24] a methodology of multiple stages is developed for road 

network extraction from RS images. Initially, the image is de-noised and gets segmented into road and non-road 

parts by least-square SVM. Next, the non-road components are removed by morphology and primary shape 

features. At the end, road centerlines are extracted by means of Euclidean distance transformation. The proposed 

methodology may not be suitable for LR images. Furthermore, in [25] road extraction in suburban environments 

using satellite images is addressed. Initially, Markov Random Field (MRF) based segmentation extracts objects 

or regions and secondly, Bayesian unsupervised classification is applied. A road network is assembled from the 

extracted road segments. Finally, a novel algorithm is proposed to significantly improve the road detection 

quality, by means of exploiting certain properties of the road network like connectivity and parallelism.   

As far as the ML based techniques are concerned, a Richer convolutional features (RCF) network is 

applied in [26] to create road feature maps. The side-output layers are guided to predict roads which present 

desired characteristics through deep supervision. Additionally, the extracted road centerlines get vectorized in 

order to make easier an electronic map production. The proposed RCF model, when compared to literature deep 

learning models, proves superior both quantitatively and qualitatively. In [27] a spatial information inference 

(SII) structure is proposed for capturing and transmitting road-related contextual information. Additionally, an 

information processing unit which is based on a recurrent neural network is developed and utilized to fine-tune 

the transmission of information and makes noise less severe. The typical semantic segmentation network 

DeepLabv3+ serves as the backbone to build the proposed SII network. The local visual characteristics of the 

road as well as the global spatial structure are learnable by the network. The proposed methodology is applied 

on very high resolution (VHR) satellite images and proves robust in case of complex roads, severely occluded 

roads and road intersections. Mountainous road extraction from GF-2 data and ASTER global digital elevation 

map (GDEM) data in Tibet is presented in [28]. A multiple feature FCN named MFCNN is proposed as an 

improved version of the FCN. MFCNN is a semantic segmentation model of increased training speed and 

improved accuracy. Six FCN convolutional layers have been removed in MFCNN. Also, the MFCNN gets as 

input six channel images namely RGB and slope-aspect-digital elevation model (DEM) channels with spectral 

and terrain features. In [29] road extraction is performed by an optimized residual network with a block-soft 

clustering (ORNBSC). The satellite maps and the corresponding hand-drawn road labels are given as input to 

the network. Kernel statistical features are extracted and also new labels are produced for the new features. The 

ORNBSC network outperforms traditional methods on road extraction from RS images both in speed and 

precision. A novel semantic segmentation neural network named SAT U-Net for road extraction from RS 

images is presented in [30]. Instead of the sigmoid layer that is utilized by U-Net, the SAT U-Net applies a self-

adaptive threshold method with relation to segmentation. The proposed network outperforms U-Net since it 

results in less blurry and more complete road structures. In [31] a new technique which performs rough 

extraction as well as precise extraction of road elements from HR images is presented. Road and non-road areas 

are distinguished by multi-kernel learning and multi-feature fusing. Then, noise interference is removed by a 

designed shape index and road elements get smoothed, repaired by morphological operations. Finally, a 

complete road network is formulated relying on prior knowledge and topological features of the road. A multi-

scale and multi-task deep learning methodology is presented in [32]. The proposed technique can 

simultaneously perform road detection and road centerline extraction from VHR images. The basic network 

which is utilized is a U-Net, preserving spatial details. Additionally, an adaptive loss function is introduced. A 

new deep learning network, called Coord-Dense-Global (CDG), is presented in [33]. CDG is composed of a 

module with coordinate information inserted into feature maps, a dense convolutional network and a global 

attention module. During road extraction by CDG, spatial information is preserved and road boundaries are 

strengthened while multiple features are fully exploited. Additionally, high-level information is highlighted and 
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scene classification is improved. Another ML technique for road detection is proposed in [34]. Patches are 

extracted around a pixel or region of the image and they get classified by means of a trained convolutional 

neural network (CNN). At inference time, the CNN architecture may be converted to a FCN. Contextual or 

surrounding information is also exploited while the inference time is relatively fast. The proposed technique 

fails to classify correctly regions or surfaces of road that are extremely lighted.  

There have been presented numerous papers in the literature regarding road extraction. Despite the 

variety of works which have been already developed, there can be observed a lack of literature studies focusing 

on utilizing robust statistics in the image segmentation task which is crucial in the sequence of steps that are 

followed to accomplish road extraction. The present work attempts to fulfill the pre-mentioned literature gap. 

Particularly, the proposed technique demonstrates the rival behavior of two estimators namely Tukey and L1-

norm when each of them is solely utilized inside the Chaudhuri distance metric during segmentation. The results 

verify the robust statistics theory since Tukey M-estimator outperforms the L1-norm estimator. Our work 

compares the performance of different estimators on the road segmentation task.  

In this work, a new technique for road extraction from high-resolution RS images is developed. Two-

directional segmentation with robust estimation [35-36] and morphological operations delineate the applied 

methodology. Experimentation is carried out with images from QuickBird and WorldView satellites with spatial 

resolution 60cm/pixel and 30cm/pixel, respectively in the area of Georgioupoli in the island of Crete, Greece 

[37]. Also, the center lines of the roads of an urban region in Attica, Greece with WorldView images of 

46cm/pixel are extracted. The novelty of the present work lies on the utilization of the Tukey M-estimator [36] 

in the segmentation task during the road extraction. According to the experimental results, the Tukey estimator 

outperforms the L1-norm estimator when utilized in the Chaudhuri distance metric [12, 38] during 

segmentation. The segmentation task during road extraction from images is an estimation problem where the 

data contain gross errors or outliers [35-36, 39]. Robust statistics can handle such estimation problems. As far as 

our work is concerned, the goal is twofold, firstly to demonstrate the necessity for the utilization of an estimator 

from robust statistics in the segmentation task during road extraction and secondly to verify the robust statistics 

theory. With respect to the literature, there have been presented numerous works regarding road extraction, but 

no other study which either compares the performance of different estimators on the road segmentation task or 

utilizes a robust estimator, has appeared yet. 

This paper is organized into five sections. Section 2 presents the Tukey M-estimator and the proposed 

methodology for road extraction. In Section 3 the experimental results are given while discussion is carried out 

in Section 4. The conclusions are drawn in Section 5. 

 

2. METHODOLOGY 
2.1    The Tukey Biweight Error Norm 

Robust statistics handle estimation problems in which the data contains gross errors or outliers [35-36, 

39]. The image segmentation task during road extraction is such an estimation problem. Roads have to be 

detected after comparing the value distance between the road seeds, which are fed in the segmentation 

algorithm, and the whole image pixels. In the present work, segmentation based on two-directional road seeding 

and Chaudhuri distance metric [12, 38] has been applied. Horizontal and vertical road seeds, each one consisting 

of five pixels, are given as feed to the segmentation algorithm. The algorithm scans the image in a five-pixels 

step and calculates the distance between the image pixels vector Q and each road seed vector R, as described in 

(1), with  𝑁 = 5 [12, 38]:   

                                            d Q, R = ρ qi0  − ri0
 +

1

N− 
N−2

2
 
 ρ qi − ri  N

i=1 i≠i0
               (1)                                                 

Where 𝜌 denotes an objective function named 𝜌 −function or error norm [35-36] of the estimator which 

is utilized for measuring the value distance between the image pixels and the road seeds. Also, 𝑞𝑖  and 𝑟𝑖  denote 

the value of the i
th 

pixel of the vector 
 Q and the vector

 R 
respectively. For  𝑖 = 𝑖0, the maximum distance is 

observed. Then, the minimum distance of the calculated distances is selected to be compared with the 

homogeneity parameter threshold, which determines the white or black pixel value of the segmented image. A 

road seed template of 5x5 pixels is a customized template [12]. The utilization of a larger template or window 

would pose difficulty in the segmentation task at the boundary of the roads. The above-mentioned equation (1) 

is a generalization of the equation (1) which is presented in [12] or equation (2) which can be found in [38]. To 

be more specific, inside the corresponding equations of [12] and [38] the L1-norm is utilized for measuring the 

pixel value distance. However, in the present work in the particular equation the L1-norm 𝜌 − function has been 

substituted with the general symbol ρ which denotes the objective function of any estimator that can serve as 

error or distance metric. 

The choice of the particular 𝜌 − function or error norm in the present equation (1) is critical. To analyze 

the behavior of a given 𝜌 − function, its influence function  −𝜓   which is proportional to the derivative of  𝜌  is 
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considered [36]. The influence function characterizes the bias that a specific measurement has on the solution. 

So, the quadratic 𝜌 −function presents a linear 𝜓 −  function. A least-squares estimate is very sensitive to 

outliers because the influence function increases linearly and without bound. The quadratic gives outliers too 

much influence. To increase robustness and reject outliers, the  𝜓-function must increase less rapidly than  𝑥2 . 

The M-estimator Tukey can be drawn from the robust statistics literature [35-36, 39] and be applied in 

the road segmentation task. The Tukey error norm and its influence function are given by (2) and (3), 

respectively [35], and are plotted in Fig. 1: 

                                     ρTk  x  =1

3
,   ot herwise  

x 2

tukpar 2−
x 4

tukpar 4+
x 6

3∗tukpar 6 ,    x <𝑡𝑢𝑘𝑝𝑎𝑟  
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                            ψTk  x =
0,   otherwise

2
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x
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2
 
2

 ,    x <𝑡𝑢𝑘𝑝𝑎𝑟

                          (3) 

Where 𝑡𝑢𝑘𝑝𝑎𝑟 denotes the outliers rejection threshold [35]. Equation (2) represents the 𝜌 − function of 

the Tukey estimator and it is placed in (1) as objective function when the Tukey estimator is used in the 

segmentation task. Regarding (3), it amounts to the derivative of the Tukey 𝜌 − function and is essentially a 

robustness indicator of the particular estimator.  

A M-estimator can be made much resistant by having the 𝜓 −function, and hence the influence curve, 

return to 0. Such an estimator is called a redescending estimator [35-36]. In a redescending influence function, 

when the absolute value of 𝑥 increases beyond a fixed point, determined by the scale parameter or outliers 

rejection threshold, its influence is reduced. Outliers have diminishing effects on a redescending estimator. The 

Tukey biweight error norm is such an estimator. Actually, its influence does descend all the way to zero. The 

Tukey norm gives zero weight to outliers whose magnitude is above a certain value, Fig. 1b. However, the L1 

norm gives all values the same constant weight either equal to 1 or -1, Fig. 1d. Thereafter, the L1-norm 

estimation, which converges to median estimation, is expected to perform inferiorly to the Tukey error norm 

estimation. In the present work the rival behavior of the L1 norm and the Tukey norm is demonstrated by means 

of utilizing them in the image segmentation task during road extraction.  
 

2.2.     Proposed Methodology for Road Extraction 

Images from WorldView and QuickBird satellites, of spatial resolution 30cm/pixel and 46cm/pixel as 

well as 60cm/pixel, respectively have been utilized to demonstrate the application of the proposed road 

extraction methodology, Table 1. The methodology consists of the following steps namely directional 

segmentation, optional black-to-white conversion, area opening, morphological closing, removal of pixels from 

road boundary, removal of line endpoints and diagonal filling. Road extraction is performed by working only on 

the blue channel of the image. Experimentation in the present study proved that the rest of the channels have no 

additive value in the road extraction task. 

In the present work segmentation based on two-directional road seeding and Chaudhuri distance metric 

[12, 38] has been applied. Horizontal and vertical road seeds, each one consisting of five pixels, are given as 

feed to the segmentation algorithm. In the case of the QuickBird image, a single pair of road seeds is utilized 

while in the case of the WorldView image, 2 pairs of seeds are deemed necessary, Table 1. The algorithm scans 

the image in a five-pixels step and calculates the value distance between the image pixels vector 𝑄 and each 

road seed vector 𝑅, as described in (1). The L1 norm and the Tukey norm are separately tested as objective 

functions inside (1) for measuring the value distance between the image pixels and the road seeds. Then, the 

minimum distance of the calculated distances is selected to be compared with the homogeneity parameter 

threshold, which determines the white or black pixel value of the segmented image. In this study the rival 

behavior of the L1 norm and the Tukey norm is demonstrated by means of utilizing them in the image 

segmentation task during road extraction. Table 1 presents the different values of the homogeneity threshold and 

of the Tukey outliers rejection threshold which are selected regarding each image.  

 
Figure 1. (a) Tukey 𝜌 −function; (b) Tukey 𝜓 −function; (c) L1 𝜌 −function; (d) L1  𝜓 −function [39]. 
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The directional segmentation algorithm that is proposed in the present study is a simplified version of the 

one that is presented in works [12, 14], where road center lines extraction and road detection, respectively, is 

performed. Specifically, in the previous works the algorithm is eight-directional and utilizes two road seeds per 

direction. However, the proposed algorithm is two-directional with one or two road seeds employed per 

direction. An additional difference is that in [12, 14] multispectral segmentation is applied since all three RGB 

channels are involved in the road segmentation task of the image. However, in this work the image is segmented 

by working only with the blue channel.  

As soon as the segmentation task has been completed, black-to-white inverse conversion may be needed 

on the image scene. Then, area opening [40] is applied to filter any shape features which are redundant to road 

detection. Consequently, small objects or connected components are removed from the binary image. The 

morphological operation of area opening is defined as in (4): 

                                                 opening = image ⊖ se ⊕ se                           (4) 

Where ⊕ symbolizes dilation and ⊖ denotes erosion, with the same structuring element 𝑠𝑒 being used 

for both operations. A disk-shaped structuring element, with radius as given in Table 1, is selected. The 

particular element is a binary valued neighborhood in which the true pixels are included in the morphological 

computation, and the false pixels are not. The center pixel of the structuring element, called the origin, identifies 

the pixel in the image being processed. Erosion shrinks the foreground of the image by increasing the 

background area, while dilation enlarges the foreground of the image by increasing the foreground area. 

Morphological closing follows for hole filling. The morphological close operation [40] is a dilation followed by 

an erosion, (5):    

                                                   closing = image ⊕ se ⊖ se                               (5) 

 

Table 1. Parameter values for the different satellite images. 

 

 

 

 

 

 

 

 

 

Afterwards, removal of pixels, called thinning, from the road boundary takes place by means of a 

morphological operation which removes pixels but does not allow roads to break apart. The pixels remaining 

build up the image skeleton. Next, pruning or clipping is performed. So, endpoints of lines are removed through 

removing spur pixels, as shown in the example case of Fig. 2(a). Diagonal fill, as depicted in Fig. 2(b), follows 

to eliminate 8-connectivity of the background [41]. 

 

 

 

 

 

 

 

 

 

Figure 2. (a) Spur pixels removal; (b) Diagonal fill. 

 

3. Results 
Initially, four image scenes of urban and suburban areas are processed with the final goal being to extract 

the center line of the roads which are depicted in each image. The geographic location of the four study areas is 

shown in Fig, 3 while Fig. 4 demonstrates the roads on each image scene. In Fig. 4(a) and (b) the WorldView 

images with four roads and one road, respectively, are shown. In Fig. 4(c) and (d) the QuickBird images with 

one road and two roads, correspondingly, are shown. The roads are indicated by the numbers 1, 2, 3 and 4 as it 

is shown in Fig. 4. The area of Georgioupoli of the island Crete, Greece is studied. 
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Figure 3. The geographic location of the four study areas 

 

The methodology which is developed in Section 2 is applied, where the L1 norm or the Tukey norm 

serve for the distance metric inside (1) of the segmentation algorithm. The processing of the two WorldView 

images is depicted in Fig. 5-6 and the processing of the two QuickBird images is shown in Fig. 7-8. All the steps 

from the initial image to the final road center line extracted image are demonstrated, with each step shown twice 

either with the L1- error norm or with the Tukey error norm having been utilized as  𝜌 − function during 

segmentation. For comparison purpose, the result from applying the technique presented in [42] is also depicted.   

In Fig. 5(a), the first WorldView image of rural area is shown. In Fig. 5(bi) and (bii), the road segmented 

images are shown, after utilizing the L1 and Tukey estimators, respectively. Apart from the roads, soil and 

vegetation are also detected in the segmented images. After black to white inverse conversion in Fig.5 (ci) and 

(cii), the shape features filtered images are shown in Fig. 5(di) and (dii). The non road parts have been removed. 

The Tukey estimator originated image has preserved all four roads but the L1 estimator originated image has 

preserved only two out of the four roads. In Fig. 5(ei) and (eii) the hole-filled images are shown and the 

preserved roads can now be seen more clearly. Fig. 5(f) to (h) regard the final stages towards the road centerline 

extraction. In Fig. 5(fi) and (fii) pixels have been removed from the road boundary. In Fig. 5(gi) and (gii) the 

center lines of the roads have arisen after removal of the lines endpoints. The final processing step of diagonal 

fill gives the final road extracted images in Fig. 5(hi) and (hii). The road extracted image after the application of 

the technique in [42] is given in Fig. 5(j).     

In Fig. 6(a) the second WorldView image of rural area is depicted. The road segmented images by means 

of L1 estimator and Tukey estimator are shown in Fig. 6(bi) and (bii), respectively. In the road segmented 

images, soil and vegetation are also shown. After black to white inverse conversion in Fig. 6(ci) and (cii), the 

images after shape features filtering are shown in Fig. 6(di) and (dii). The non road parts have been removed, 

while the Tukey estimator originated image has preserved the entire road but the L1 estimator one has only 

partly preserved the road. After hole filling in Fig. 6(ei) and (eii), in the next Fig. 6(f)-(g), thinning and clipping 

have been performed. In the final images in Fig. 6(h), the Tukey estimator originated image has preserved the 

centerline of the road, but the L1 estimator one has only partly preserved the road centerline. Fig. 6(j) depicts 

the road extracted image by the technique in [42].   

In Fig. 7(a), the first QuickBird image of rural area is shown. In Fig. 7(bi) and (bii), the road segmented 

images are depicted, after utilizing the L1 and Tukey estimators, correspondingly. Along with the roads, soil and 

vegetation are also detected in the segmented images. In Fig. 7(ci) and (cii), the shape features filtered images 

are shown. The non road parts have been mostly removed in the Tukey estimator originated image. In Fig. 7(di) 

and (dii) the hole-filled images are shown and the preserved road can now be seen more clearly. Figures 7(e) to 

(g) regard the final stages towards the road centerline extraction. In Fig. 7(ei) and (eii) pixels have been 

removed from the road boundary. In Fig. 7(fi) and (fii) the center line of the road has arisen after removal of the 

line endpoints. The final processing step of diagonal fill gives the final road extracted images in Fig. 7(gi) and 

(gii). The road extracted image that results from the method in [42] is shown in Fig. 7(h).     

In Fig. 8(a) the second QuickBird image of suburban area is depicted. The road segmented images by 

means of L1 estimator and Tukey estimator are shown in Fig. 8(bi) and (bii), respectively. In the road 

segmented images, soil, vegetation and buildings are also shown. After black to white inverse conversion in Fig. 
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8(ci) and (cii), the images after shape features filtering are shown in Fig. 8(di) and (dii). In the Tukey estimator 

originated image, the non road parts have been mostly removed and the roads have been preserved. However, in 

the L1 estimator originated image, the roads have been only partly kept. After hole-filling in Fig. 8(ei) and (eii), 

in the next Fig. 8(f)-(g), thinning and clipping have been carried out. In the final images in Fig. 8(h), the Tukey 

estimator originated image has preserved the center line of the roads, but the L1 estimator one has only partly 

preserved the road center lines. Fig. 8(j) shows the result from the technique in [42].    

To interpret the above experimental results, the segmentation task is crucial in the sequence of steps 

which are followed to perform road extraction. Indeed, those roads which are preserved after shape features 

filtering of the segmented image are also kept in the processed image through all next steps up to the final step 

of the diagonal fill. In the image segmentation task during road extraction, roads have to be detected after 

comparing the value distance between the road seeds, which are fed to the segmentation algorithm, and the 

whole image pixels. The particular problem is an estimation problem where the data contain outliers. The 

redescending M-estimator Tukey can handle outliers much more efficiently than the L1-norm estimator. 

Outliers have diminishing effects on the Tukey estimator. The results prove that the Tukey estimator is more 

robust than the L1 estimator in the segmentation task. Therefore, the Tukey estimator finally leads to the 

extraction of the center lines of all the roads which are discernible in the image scene. However, the L1 

estimator detects only partly the roads. In comparison to the technique in [42], the proposed Tukey estimator 

technique performs superiorly. Only visual comparisons are carried out in the current area of Georgioupoli, 

since no groundtruth image depicting the road center lines is available. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. The satellite images under testing for road extraction in Georgioupoli area. Each road is denoted with a 

number on each image: (a) First WorldView image; (b) Second WorldView image; (c) First QuickBird image; 

(d) Second QuickBird image. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. (a) First Worldview image; (b) Road segmentation; (c) Black to white inverse conversion; (d) Shape 

features filtering; (e) Hole filling; (f) Thinning; (g) Pruning; (h) Diagonal fill (i: L1 estimator; ii: Tukey 

estimator); (j) Road extracted image by the technique in [42]. 
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Figure 6. (a) Second Worldview image; (b) Road segmentation; (c) Black to white inverse conversion; (d) Shape 

features filtering; (e) Hole filling; (f) Thinning; (g) Pruning; (h) Diagonal fill (i: L1 estimator; ii: Tukey 

estimator); (j) Road extracted image by the technique in [42]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. (a) First QuickBird image; (b) Road segmentation; (c) Shape features filtering; (d) Hole filling; (e) 

Thinning; (f) Pruning; (g) Diagonal fill (i: L1 estimator; ii: Tukey estimator); (h) Road extracted image by the 

technique in [42]. 

 

Additionally, the center lines of the roads of an urban region in Attica, Greece are extracted [25, 43-44]. 

In Fig. 9(a) the initial WorldView image with multiple roads is depicted. The groundtruth image with the road 

center lines is depicted in Fig. 9(b). The result of applying the proposed Tukey norm technique to the initial 

image is shown in Fig. 9(c), while Fig. 9(d) demonstrates the result of applying the technique that is presented in 

[42]. Table II presents numerical comparisons in terms of structural similarity index (SSIM) and peak signal to 

noise ratio (PSNR) in decibel units. The proposed Tukey norm technique outperforms the technique in [42] both 

visually and numerically. 
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Figure 8. (a) Second QuickBird image; (b) Road segmentation; (c) Black to white inverse conversion; (d) Shape 

features filtering; (e) Hole filling; (f) Thinning; (g) Pruning; (h) Diagonal fill (i: L1 estimator; ii: Tukey 

estimator); (j) Road extracted image by the technique in [42]. 

.                                        

 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

Figure 9. (a) WorldView image of Attica region [25, 43-44]; (b) Groundtruth image with road center lines; (c) 

Road extracted image by Tukey estimator; (d) Road extracted image by the technique in [42].  

 
Table 2. Numerical comparisons for the Attica region. 

      
 
 
 

 

 

Furthermore, the proposed technique with Tukey norm estimator and the technique in [42] are utilized to 

extract the center lines of the roads in the Sentinel-2 (S2) image of Georgioupoli area, in Crete, Greece. Fig. 

10(a) depicts the S2 true color image at 10m spatial resolution. This is a RGB image having been built from the 

B02, B03 and B04 bands [45]. The result of applying the Tukey norm technique to the initial image is 

demonstrated in Fig. 10(b), while Fig. 10(c) shows the result of applying the technique that is developed in [42]. 
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The S2 image presents the lower spatial resolution of 10m/pixel in contradiction with the WorldView and 

QuickBird images of 30, 46 and 60 cm/pixel. As anticipated, the tested road extraction techniques are not much 

effective in the S2 satellite images. The current S2 lower spatial resolution in m/pixel, in comparison to the 

cm/pixel, is inappropriate for performance testing of the road extraction algorithms that have been developed for 

HR satellite images. Actually, the particular experiment indicates that the tested road extraction algorithms 

cannot simultaneously work efficiently for both the different scales of spatial resolution in m/pixel and cm/pixel.     
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

Figure 10. (a) Sentinel-2 TCI image of Georgioupoli area [45]; (b) Road extracted image by Tukey estimator; 

(c) Road extracted image by the technique in [42]. This experiment with the lower spatial resolution in m/pixel, 

in comparison to the cm/pixel, indicates that the tested road extraction algorithms cannot simultaneously work 

efficiently for both the different scales of spatial resolution in m/pixel and cm/pixel.   

 

4. Discussion 
In the present work a semi-automatic IP based technique for road extraction from high-resolution RS 

images is developed, where urban, suburban and rural areas are the targets of application. Two-directional 

segmentation with robust estimation and morphological operations delineate the applied methodology. 

Geographic database maintenance as well as map generation could benefit from the proposed technique. 

The present work focuses on the image segmentation task which is crucial in the sequence of steps that 

are followed to accomplish road extraction. Particularly, the proposed technique demonstrates the rival behavior 

of two estimators namely Tukey and L1-norm when each of them is solely utilized inside the Chaudhuri 

distance metric during segmentation. Image segmentation during road extraction is an estimation problem where 

the data contain gross errors or outliers. Roads have to be detected after comparing the value distance between 

the road seeds, which are fed in the segmentation algorithm, and the whole image pixels. The Tukey biweight 

error norm is a redescending estimator of whom the influence function descends all the way to zero, so outliers 

have diminishing effects on this estimator.  However, the L1-norm, which converges to median estimation, is 

expected to perform inferiorly to the Tukey error norm estimation. Indeed, the current experimentation verifies 

the robust statistics theory. In specific, the results prove that the Tukey estimator is more robust than the L1 

estimator in the segmentation task, since it finally leads to the extraction of the center lines of all the roads 

which are discernible in the image scene. However, the L1 estimator detects only partly the roads.  

The directional segmentation algorithm that is developed in the present study is a simplified version of 

the one which is presented in works [12, 14]. Particularly, in the previous studies the algorithm is eight-

directional and makes use of two road seeds per direction. Nevertheless, the proposed algorithm is two-

directional with one or two road seeds employed per direction. An extra variation is that in [12, 14] 

multispectral segmentation is applied since all three RGB channels are utilized in the road segmentation task of 

the image. However, in this work only the blue channel of the image is used during segmentation. With respect 

to sources of uncertainty and errors, these can be assigned to the number of road seeds that are utilized as well 

as to the value of the Tukey outliers’ rejection threshold. In the image segmentation task during road extraction, 

roads have to be detected after comparing the value distance between the road seeds, which are fed in the 

segmentation algorithm, and the whole pixels of the image. In fact, the algorithm scans the image and calculates 

the distance between the image pixels vector and each road seed vector, as described in Eq. (1). In the case of 
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the Tukey estimator being utilized for measuring the value distance between the image pixels and the road 

seeds, the value of the outliers’ threshold determines which image pixels are detected as road or non-road pixels. 

Therefore, the adequate number of road seeds and the precise value of outliers’ rejection threshold are key 

factors to avoid uncertainty and errors in the final road extraction results.  

The segmentation task during road extraction from images is an estimation problem where the data 

contain gross errors or outliers [35-36, 39]. Robust statistics deal with such estimation problems. As far as our 

work is concerned, the goal is twofold, firstly to demonstrate the necessity for the utilization of a robust 

estimator in the segmentation task during road extraction and secondly to verify the robust statistics theory. 

With respect to the literature, there have been presented numerous works regarding road extraction, but no other 

study which either compares the performance of different estimators on the road segmentation task or utilizes a 

robust estimator, has appeared yet.  

 

5. Conclusions 
In this work a new road extraction technique for high-resolution remotely sensed images is presented. 

Firstly, segmentation that is based on two-directional, horizontal and vertical, road seeding and Chaudhuri 

distance is applied. Afterwards, morphological operations are performed on the binary image to fulfill the tasks 

of shape features filtering, hole filling, thinning and pruning. In the Chaudhuri distance metric, the Tukey M-

estimator is proposed for outperforming the conventional L1-norm estimator. The novelty of the present work 

lies on the utilization of the Tukey M-estimator in the segmentation task during road extraction. High-resolution 

images from satellites QuickBird and WorldView serve for the testing data. The experimental results prove that 

the Tukey estimator outperforms the L1 estimator in the segmentation task, as anticipated by the robust statistics 

theory, and leads to effective final road extraction results. The goal of the present work is twofold, firstly to 

demonstrate the necessity for the utilization of an estimator from robust statistics in the segmentation task 

during road extraction and secondly to verify the robust statistics theory. In the literature no other road 

extraction study which either compares the performance of different estimators on the road segmentation task or 

utilizes a robust estimator, has appeared yet. In future work, a greater number of remotely sensed image scenes 

than the currently employed will serve for experimental data. Also, publicly available datasets with ground truth 

images depicting the road center lines will serve for quantitative evaluation. The above-mentioned future 

experimentations could help in the highlighting of the strengths and the weaknesses of the presented road 

extraction algorithm.   

 
6. Acknowledgements 

We would like to thank Dr. Konstantinos Karantzalos for providing us with the Attika VHR dataset and 

Mr. Pavlos Krassakis for his help regarding the GIS Map.   

 

REFERENCES  
[1]. W. Wang, N. Yang, Y. Zhang, F. Wang, T. Cao, and P.  Eklund,  A review of road extraction from 

remote sensing images, Journal of Traffic and Transportation Engineering, 3(3), 2016,  271-282.   

[2]. H. Huang and H. Mayer, Robust and Efficient Urban Scene Classification using Relative Features. Proc. 

23
rd

 SIGSPATIAL Int. Conf. on Advances in Geographic Information Systems, 2015, Seattle, USA, 1-4  

[3]. W. Zhang, H. Huang, M. Schmitz, X. Sun, H. Wang, and H. Mayer, Effective Fusion of Multi-Modal 

Remote Sensing Data in a Fully Convolutional Network for Semantic Labeling, Remote Sensing, 10(1), 

2018, 1-14.  

[4]. M. Schmitz, W. Brandenburger, and H. Mayer, Semantic Segmentation of Airborne Images and 

Corresponding Digital Surface Models-Additional Input Data or Additional Task?, The International 

Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, XLII-2/W16, 

PIA19+MRSS19 – Photogrammetric Image Analysis & Munich Remote Sensing Symposium, Munich, 

Germany, 2019, 195-200 

[5]. X. Wang, C. Zhou, X. Feng, C. Cheng, and B. Fu, Testing the Efficiency of Using High-Resolution Data 

form GF-1 in Land Cover Classifications, IEEE Journal of Selected Topics in Applied Earth 

Observations and Remote Sensing, 11(9), 2018, 3051-3061.  

[6]. A. Hamedianfar and M.B.A.Gibril, Large-scale urban mapping using integrated geographic object-based 

image analysis and artificial bee colony optimization from worldview-3 data, International Journal of 

Remote Sensing, 40(17), 2019, 6796-6821. 

[7]. T. Mugiraneza, A. Nascetti, and Y. Ban, WorldView-2 Data for Hierarchical Object-Based Urban Land 

Cover Classification in Kigali: Integrating Rule-Based Approach with Urban Density and Greenness 

Indices. Remote Sensing, 11(18), 2019, 1-23.  



International Journal of Latest Engineering and Management Research (IJLEMR) 

ISSN: 2455-4847  

www.ijlemr.com || Volume 06 - Issue 10 || October 2021 || PP. 24-37 

www.ijlemr.com                                                      36 | Page 

[8]. X. Hu and V. Tao, Automatic Extraction of Main Road Centerlines from High Resolution Satellite 

Imagery Using Hierarchical Grouping, Photogrammetric Engineering and Remote Sensing, 73(9), 2007, 

1049-1056.  

[9]. H. Jin, Y. Feng, and Bi Li, Road Network Extraction with New Vectorization and Pruning from High-

Resolution RS Images. Proc. 23
r d

 IEEE Int. Conf. on Image and Vision Computing, New Zealand, 2008 

[10]. A. F. Farnood, Z.M.J. Valadan, H. Ebadi, and M. Mokhtarzade, Road Extraction from High Resolution 

Satellite Images Using Image Processing Algorithms and CAD-Based Environments Facilities, Journal 

of Applied Sciences, 8(17), 2008, 2975-2982.   

[11]. P. N. Anil and S.A. Natarajan, Novel Approach Using Active Contour Model for Semi-Automatic Road 

Extraction from High Resolution Satellite Imagery, Proc. Second IEEE Int. Conf. on Machine Learning 

and Computing, Bangalore, India, 2010, 263-266    

[12]. D. Chaudhuri, N. Kushwaha, and A.Samal, Semi-automated road detection from high resolution satellite 

images by directional morphological enhancement and segmentation techniques, IEEE Journal of 

Selected Topics in Applied Earth Observations and Remote Sensing, 5(5), 2012, 1538–1544.  

[13]. J. Wang, J. Qian, and R. Ma, Urban Road Information Extraction from High Resolution Remotely 

Sensed Image Based on Semantic Model, Proc. 21
st 

IEEE  Int. Conf. on Geoinformatics, Kaifeng, China, 

2013  

[14]. R. Liu, Q. Miao, B. Huang, J. Song, and J. Debayle, Improved road centerlines extraction in high-

resolution remote sensing images using shear transform, directional morphological filtering and 

enhanced broken lines connection, Journal of Visual Communication and Image Representation, 40, 

2016, 300-311.  

[15]. M. I. Sameen and B. Pradhan, A two-stage optimization strategy for fuzzy object- based analysis using 

airborne Lidar and high-resolution orthophotos for urban road detection, Journal of Sensors, 2017, 2017, 

1-17.  

[16]. K. Shahi, H.Z.M. Shafri, and A. Hamedianfar, Road condition assessment by OBIA and feature selection 

techniques using very-high resolution WorldView-2 imager. Geocarto International, 32(12), 2017, 1389-

1406. 

[17]. M. Bendouda and N. Berrached, Urban road network extraction from remote sensing images using an 

improved F* algorithm, Journal of the Indian Society of Remote Sensing, 46, 2018, 1053-1060.  

[18]. I. Coulibaly, N. Spiric, R. Lepage, and M. St-Jacques, Semiautomatic Road Extraction from VHR 

Images Based on Multiscale and Spectral Angle in Case of Earthquake,  IEEE Journal of Selected Topics 

in Applied Earth Observation and Remote Sensing, 11(1), 2018 238-248.  

[19]. M. Yang, X. Liu, K. Jiang, J. Xu, P. Sheng, and D.Yang, Automatic extraction of structural and non-

structural road edges from mobile laser scanning data, Sensors, 19(22), 2019, 1-22. 

[20]. S. A. K. Tejenaki, H. Ebadi, and A. Mohammadzadeh, A new hierarchical method for automatic road 

centerline extraction in urban areas using LIDAR data, Advances in Space Research, 64(9), 2019, 1792-

1806.  

[21]. J.  Dai, T. Zhu, Y. Zhang, R. Ma, and W. Li, Lane-level road extraction from high-resolution optical 

satellite images. Remote Sensing, 11(22), 2019, 1-22.  

[22]. J. Dai,T. Zhu, Y. Wang, R. Ma, and X. Fang, Road extraction from high-resolution satellite images based 

on multiple descriptors, IEEE Journal of Selected Topics in Applied Earth Observation and Remote 

Sensing, 13, 2020, 227-240.  

[23]. Y. Zhang, Z. Zhang, J. Huang, T. She, M. Deng, H. Fan, P. Hu, and X. Deng, A hybrid method to 

incrementally extract road networks using spatio-temporal trajectory data, ISPRS International Journal 

of Geo-Information, 9(4), 2020, 1-15.  

[24]. P. K. Soni, N. Rajpal, and R. Mehta, Semiautomatic road extraction framework based on shape features 

and LS-SVM from high-resolution images, Journal of the Indian Society of Remote Sensing, 48, 2020, 

513-524.   

[25]. I. Grinias, C. Panagiotakis, and G. Tziritas, MRF-based segmentation and unsupervised classification for 

building and road detection in peri-urban areas of high-resolution satellite images, ISPRS Journal of 

Photogrammetry and Remote Sensing, 122, 2016, 145-166.  

[26]. Z. Hong, D. Ming,K. Zhou, Y. Guo, and T. Lu, Road extraction from a high spatial resolution remote 

sensing image based on Richer convolutional features, IEEE Access, 6, 2018, 46988-47000.  

[27]. C. Tao, J. Qi, Y. Li, H. Wang, and H. Li, Spatial information inference net: Road extraction using road-

specific contextual information. ISPRS Journal of Photogrammetry and Remote Sensing, 158, 2019, 155-

166.  



International Journal of Latest Engineering and Management Research (IJLEMR) 

ISSN: 2455-4847  

www.ijlemr.com || Volume 06 - Issue 10 || October 2021 || PP. 24-37 

www.ijlemr.com                                                      37 | Page 

[28]. Y. Zhang, G. Xia, J. Wang, and D. Lha, A multiple feature fully convolutional network for road 

extraction from high-resolution remote sensing image over mountainous areas, IEEE Geoscience and 

Remote Sensing Letters, 16(10), 2019, 1600-1605.  

[29]. X. Liu, J. Chen, Y. Wu, Y. Cui, Z. Ding, and S. Yang, An optimized residual network with block-soft 

clustering for road extraction from remote sensing imagery,  Proc. 2019 IEEE 4
th 

Advanced Information 

Technology, Electronic and Automation Control Conference, Chengdu, China, 2019, 2767-2772  

[30]. Z. Wang, M. Zhang, and W. Liu, An effective road extraction method from remote sensing images based 

on self-adaptive threshold function, Proc. of APSIPA Annual Summit and Conference 2019, Lanzhou, 

China, 2019, 455-460  

[31]. R. Xu and Y. Zeng, A method for road extraction from high-resolution remote sensing images based on 

multi-kernel learning. Information, 10(12), 2019, 1-14.    

[32]. X. Lu, Y. Zhong, Z. Zheng, Y. Liu, J. Zhao, A. Ma, and J. Yang, Multi-scale and multi-task deep-

learning framework for automatic road extraction, IEEE Transactions on Geoscience and Remote 

Sensing, 57(11), 2019,  9362-9377.   

[33]. S. Wang, H. Yang, Q. Wu, Z. Zheng, Y. Wu, and J. Li, An improved method for road extraction from 

high-resolution remote-sensing images that enhances boundary information. Sensors, 20(7), 2020, 1-14.  

[34]. C.C.T. Mendes, V.  Fremont, and D.F. Wolf, Exploiting fully convolutional neural networks for fast road 

detection. Proc. 2016 IEEE Int. Conf. on Robotics and Automation, Stockholm, Sweden, 2016, 3174-

3179.  

[35]. P. J. Huber, Robust Statistics (Hoboken, NJ: John Wiley & Sons, 1981). 

[36]. J. Tukey, Understanding Robust and Exploratory Data Analysis (Hoboken, NJ: John Wiley and Sons, 

1983) 

[37]. L. Ragia and P. Krassakis, Monitoring the changes of the coastal areas using remote sensing data and 

geographic information systems, Proc. Seventh SPIE Int. Conf. on Remote Sensing and Geoinformation 

of the Environment, 111740X, Paphos, Cyprus, 2019 

[38]. D. Chaudhuri, C.A. Murthy, and B.B. Chaudhuri, A modified metric to compute distance. Pattern 

Recognition, 25(7), 1992, 667-677.  

[39]. A. Panagiotopoulou and V. Anastassopoulos, Regularized super-resolution image reconstruction 

employing robust error norms. Optical Engineering, 48(11), 2009, 117004-1 to 117004-14.  

[40]. K.A.M. Said, A.B. Jambek, and N. Sulaiman, A study of image processing using morphological opening 

and closing processes. International Journal of Control Theory and Applications, 9(31), 2016, 15-21. 

[41]. W. K.  Pratt, Digital Image Processing. (Hoboken, NJ: John Wiley & Sons, 1991) 

[42]. Yalla, R. (2018) Road extraction from satellite images. https://projectsflix.com/matlab/road-extraction-

from-satellite-images/   

[43]. M. Vakalopoulou, K. Karantzalos, N. Komodakis, and N. Paragios, Graph-based registration, change 

detection and classification in high resolution multitemporal remote sensing data, IEEE Journal of 

Selected Topics in Applied Earth Observations and Remote Sensing, 9(7), 2016, 2940-2951.  

[44]. M. Papadomanolaki, M. Vakalopoulou, and K. Karantzalos, A deep multi-task learning framework 

coupling semantic segmentation and fully convolutional LSTM networks for urban change detection. 

IEEE Transactions on Geoscience and Remote Sensing, hal-03140492, 2021  

[45]. The European Space Agency. https://sentinel.esa.int/web/sentinel/user-guides/sentinel-2-msi/ 

https://projectsflix.com/matlab/road-extraction-from-satellite-images
https://projectsflix.com/matlab/road-extraction-from-satellite-images
https://sentinel.esa.int/web/sentinel/user-guides/sentinel-2-msi/

