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Fast Road Network Extraction from Remotely Sensed Images Vladimir A. Krylov and James D.B. Nelson Dept. of Statistical Science, University College London, London, WC1E 6BT, UK {v.krylov,j.nelson}@ucl.ac.uk



Abstract. This paper addresses the problem of fast, unsupervised road network extraction from remotely sensed images. We develop an approach that employs a ﬁxed-grid, localized Radon transform to extract a redundant set of line segment candidates. The road network structure is then extracted by introducing interactions between neighbouring segments in addition to a data-ﬁt term, based on the Bhattacharyya distance. The ﬁnal conﬁguration is obtained using simulated annealing via a Markov chain Monte Carlo iterative procedure. The experiments demonstrate a fast and accurate road network extraction on high resolution optical images of semi-urbanized zones, which is further supported by comparisons with several benchmark techniques. Keywords: Road network, remote sensing, localized Radon transform, Markov chain Monte Carlo.
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Introduction



In this paper we address the problem of road network extraction from aerial or satellite imagery. This problem has received a great deal of attention recently because of its important role in map production and updating. An ever growing volume and accessibility of remotely sensed imagery has motivated various applications, such as image coregistration, building detection, urban planning, and agricultural and forestry mapping— all of which can beneﬁt greatly from the development of unsupervised, reliable, and computationally fast road network extraction methods. However the development of such techniques is hindered by the following problems: the heterogeneous nature of road materials results in diﬀerent radiological patterns of roads; various types of occlusions (shadows, buildings, tree canopies); varying road width present in the same scene. As such, standard line, edge and ridge detection techniques [2] are inappropriate for road detection, see in [11, 17, 18]. A wide range of approaches have been taken to extract road networks: from human-assisted Bayesian ﬁltering [18] and region growing [1], to dynamic programming [11], endpoint tracking [5], Hough transform-based detection with Gabor-ﬁltering [4]. Another recent direction is junction-based road-network extraction. This is of particular interest for urban (i.e. highly structured) scenes [3] J. Blanc-Talon et al. (Eds.): ACIVS 2013, LNCS 8192, pp. 227–237, 2013. c Springer International Publishing Switzerland 2013 
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and special acquisition modalities such as SAR imaging systems [12]. It is common to consider the image as a stochastic conﬁguration of various geometrical primitives (lines, circles, ellipses, etc.). This view has motivated a range of purely stochastic techniques, such as active contours [15], phase ﬁelds [14], marked point [9, 16] and jump-diﬀusion [10] processes. Whereas many can boast very accurate results, they either require operator input [1, 18] and/or require computationally expensive stochastic optimization [9, 14, 15]. Typically, processing of a medium sized 1000 × 1000 scene can take from several minutes (as in [10]) to over an hour (in [9]), which is restrictive for many applications. In view of this problem, our aim is to develop a fast road extraction technique that can arrive at suﬃciently accurate results that, if need be, can be further improved by, e.g., initializing various stochastic techniques [9, 16]. In this paper we concentrate on the problem of automatic road detection with as little human interaction as possible (i.e., parameter speciﬁcation). Our work is inspired by the positive results reported by noise-robust Radon and Hough transforms in line detection on remotely sensed imagery [4, 17]. Since road networks are comprised of line structures that are curved and signiﬁcantly shorter than the image size, we employ a localized version of the Radon transform. We solve the problem of image partitioning, required for the localized transform, by deﬁning an overlapping ﬁxed-grid (or, equivalently, sliding window) of equally-sized image regions. Each of the regions undergoes a Radon transform separately from the rest of the image in order to extract a redundant set of road segment candidates. Note that compared to the birth-and-death process guided techniques [9, 16], the use of a deterministic candidate extraction approach such as the Radon transform facilitates a reduction in the amount of parameters employed which in turn signiﬁcantly reduces the computational complexity albeit at the expense of some detection accuracy. In the second step of our approach, we extract a reﬁned road structure of line segments by (i) favouring segments that have high contrast against the background segments, and (ii) imposing interactions in the local neighbourhood by invoking a Markov dependency structure over the grid. Optimization is then performed stochastically via simulated annealing [6] using a Markov chain Monte Carlo (MCMC) algorithm [6,7]. This two step approach aﬀords both fast and accurate road network extraction results. The central contribution of this work is to consider an approach to combine the localized Radon maxima extraction with the optimization (network extraction). More speciﬁcally, in the ﬁrst stage we allow several maxima at each node of the grid. This allows the method to adapt to the local contrast variations. In the second stage, the segments that interact strongly with the neighboring grid nodes are selected. This allows the method to signiﬁcantly reduce the MCMC structure and optimization complexity as compared to methods like [4,9]. Furthermore, it also allows the method to consider curved road-networks infeasible for junctionand Hough transform-based techniques. The paper is organized as follows. In Section 2 we present our line segment candidate detection approach. In Section 3 we introduce the energy terms and describe the Markov chain Monte Carlo optimization procedure. In Section 4 we
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Fig. 1. Overlapping grid (with node region boundaries in diﬀerent colours) and clique selection in a 3-by-3 neighbourhood that is performed based on orientation of the current segment. From left to right: the grid and cliques for the slope angle ranges [0, 22.5) ∪ [157.5, 180), [22.5, 67.5), [67.5, 112.5) and [112.5, 157.5).



give the outline of the proposed road network extractor. In Section 5 we present the experiments and comparisons, and in Section 6 summarize the conclusions of this study.
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Line Segment Detection



We begin the road structure extraction by building an exhaustive set of line segments that will be reﬁned in the second stage of the algorithm. Although the Radon transform is a popular and eﬃcient tool for linear structure extraction [2,4], it suﬀers two major drawbacks when applied to remotely sensed scenes. Firstly, it addresses only straight line detection, whereas most of the road structures demonstrate a certain degree of curvature. Secondly, the transform applied to the whole image favours longer lines over shorter ones. The ﬁrst results in either complete or partial loss of curved lines, whereas the second restricts detection to solely long road segments. In order to overcome these shortcomings we employ a localized Radon transform on a grid. In this way, shorter lines receive the same treatment as longer lines and the curved road parts and junctions can be approximated by a set of shorter line segments. The continuous Radon transform is deﬁned by an integral of a two-dimensional function f (x, y) over a straight line deﬁned by ρ - its distance from the origin and θ - the angle its normal vector makes with the positive X-axis [2] (note, that it diﬀers from the slope angle by 90 degrees): ∞



∞ f (x, y)δ(ρ − x cos θ − y sin θ)dxdy.



Rf (ρ, θ) = y=−∞ x=−∞



The discrete Radon transform follows the same idea by summing the image intensities along a speciﬁc angle and distance [2] in a bounded region of a digital image. The ﬁxed grid results in a lack of translation invariance, i.e., the detection of lines crossing grid boundaries is aﬀected. We employ an overlapping ﬁxed grid which partially overcomes this problem by allowing the points close to the
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boundaries to appear in several distinct regions of the grid, as illustrated in the left image in Fig. 1. The overlap ratio of the grid presented in Fig. 1 is of 33%. This means that the overlap between a current square and any one of its closest four neighbors (in vertical or horizontal directions) is equal to one third of its size. The scale of the grid should be chosen small enough to cover the expected minimal size of the road segments but large enough to tolerate partial road occlusions. Note as well that the ﬁner the scale, the higher the possible curvature of the detected structures, since a ﬁner ﬁtting is achieved. Each node of the grid corresponds to a square image region over which the Radon transform is taken. At every node we extract S-many line segment candidates, corresponding to the ﬁrst S maxima of the Radon transform that are at least Δρ or Δθ apart. This segment detection strategy is locally contrast invariant and robust to histogram stretching.
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Energy Terms and Optimization



The localized Radon transform employed in the ﬁrst stage extracts the road segments along with a lot of false candidates of various origins, e.g., bright roofs, ﬁelds, etc. In order to select the relevant road segments from a largely redundant set of line candidates we allow not more than one segment to remain per grid node. Deﬁned on the overlapping grid this choice allows a certain degree of overlap necessary for the crossroads modeling. To arrive at such reﬁnement we consider a Markov Random Field (MRF) model for the local dependencies on the grid. For computational reasons, we consider a smaller 3-by-3 neighbourhood that consists of the current grid-location and its eight neighbouring nodes, as in Fig. 1. To reduce the computational complexity of considering all possible cliques, the relevant clique is selected adaptively based on the slope angle α of the current line segment l as demonstrated in Fig. 1. The MRF assumption and Hammersley-Cliﬀord theorem [6, 7] allow the probability of a grid conﬁguration L can be written as a Gibbs distribution, namely    1 Uj , P(L) = exp − Z j where Z is a normalizing constant and the sum in the exponent gives the total energy with the summation taken over all nodes of the grid. The energy Ul at each node consists of a unitary data term D(l) that evaluates the accuracy of the ﬁt of its current line segment l (that changes as the conﬁguration evolves) as well as the potential terms V (l, ln ) that describe interactions of l with its neighbours ln . The unitary data term evaluates the dissimilarity of texture inside the line segment l and in the outer (background) region, which is constructed of two parallel lines located at distance p on both sides of the current line segment, see Fig. 2. The distance p should be chosen such that the outer stripes are outside of the road if the current segment is correctly placed. For this data term we employ the Bhattacharyya distance d(l) [13] which measures the distributional
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Fig. 2. Inner and outer (background) regions (at α = 90 orientation) employed to calculate the distance d(l)



similarity of two continuous random variables. This choice is motivated by a good performance of this metric in various object detection applications, see in [16]. An alternative is, e.g., to consider the Student t-test statistic to estimate the dissimilarity in the means [9] which, however, is variance-insensitive. We assume that the pixel intensities over two separate short line regions originate 2 2 ) and N (μout , σout ). The from two independent Gaussian variables N (μin , σin Bhattacharyya distance is then deﬁned as d(l) =



1 2σin σout 1 (μin − μout )2 − ln 2 2 + σ2 2 , 4 σin 2 σ out in + σout



where the means μ and variances σ 2 are replaced by their standard sample estimates x¯ and S 2 [13]. The values of the distance range from 0 for the exact same distributions to +∞ when the supports of the probability density functions do not overlap. We construct a unitary energy data term based on the Bhattacharyya distance as follows:  if d(l) < d0 ; 1 −d(l)/d0 ,  D(l) = exp 1 − d(l)/d0 − 1, otherwise. Here d0 is a sensitivity parameter: the higher its value, the more selective the data term is. The distance D(l) takes values between −1 for perfect radiometric contrast between the road and the background strips, and 1 for the exact same statistical patterns in the regions (poor candidate for the road). To induce realistic road conﬁgurations we consider interaction terms of two types. Firstly, those that favour smooth conﬁgurations, i.e., similar orientations of the neighbouring segments. Secondly, terms that favour continuous line structure, i.e., intersection of the neighbours. Note that contrary to the purely stochastic approaches [9, 16], we do not have to penalize overlap of the lines because of the deterministic grid-based generation of line candidates. The ﬁrst potential term favours similar orientation of the neighbouring segments, since such conﬁgurations are desirable for road networks. To this end we introduce a potential of the following form:  2 Va (l1 , l2 ) = − 1 − |α1 − α2 |/90 ,



232



V.A. Krylov and J.D.B. Nelson



where α1 , α2 are the slope angles (in degrees) of the neighbouring line segments l1 and l2 respectively. The second interaction term promotes continuous conﬁgurations by favouring segments that intersect:  −1, if segments l1 and l2 intersect; Vd (l1 , l2 ) = 0, otherwise. as



Thus, the energy Ul at the grid node containing line segment l is constructed     Ul = D(l) + γa Va (l+ , l) + Va (l− , l) + γd Vd (l+ , l) + Vd (l− , l) ,



where neighbours l+ , l− are selected according to Fig. 1, and (γa , γd ) are the contribution weights of the potential terms. To optimize the MRF conﬁguration we employ a simulated annealing [6] procedure in a form of a Markov Chain Monte Carlo (MCMC) algorithm [7]. Note that this optimization method is chosen due to the non-regularity of the considered potential terms for the graph-cuts [8]. The MCMC procedure is initialized with the ﬁrst Radon maximum at each grid node. It then proceeds iteratively by selecting randomly (uniformly over the grid) a node and randomly (uniformly over the segment candidates associated with the current node) proposing a new segment ln , which is either accepted or rejected. The optimal conﬁguration is the one that yields the lowest total energy. In accordance with this energy minimization rule, the new segment ln is accepted and replaces the current l with the acceptance probability min(1, exp((E − En )/T )). The resulting chain of conﬁgurations corresponds to the Metropolis-Hastings procedure [7] with a uniform proposal distribution; the annealing temperature parameter T encourages more exploratory behaviour during the early stages but becomes more prohibitive as it converges to zero later on.
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Road Network Extraction



The outline of the proposed detector is presented in Algorithm 1. The ﬁrst part of the algorithm (Radon transform, lines 2-4) is parallelizable, whereas the second (MCMC, lines 6-16) has to be performed sequentially to ensure convergence of the MCMC procedure [6]. Note that a parallelization by dividing the scene into sub-scenes can be achieved due to the locality of the considered interactions, see [16]. One iteration of MCMC is completed when all of the grid nodes have been visited at least once. Theoretical considerations require the cooling schedule to be logarithmic [6], but as in [9, 16] we employ the geometric cooling to accelerate convergence. The iterative process is stopped when the conﬁguration stabilizes, i.e. the proportion of accepted line candidates within a given MCMC iteration goes below a threshold Mstop . In the developed algorithm the line segment candidates compete solely with those located at the same node of the grid. Accordingly, if no removal of undesirable segments is applied after the MCMC procedure each node of the grid will
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Algorithm 1. Road network extractor 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17



deﬁne an overlapping square grid on the input image; for all grid nodes (i, j) do perform the discrete Radon transform Rf ; ﬁnd the S maxima of the transform; initialize MCMC by setting l as the ﬁrst maximum; set temperature T := T0 , acceptance ratio Δ := 1; while Δ > Mstop do reset counters changed := 0, total := 0; while not all grid nodes have been visited do total := total + 1; randomly select a node (i, j) of the grid; randomly select a new candidate ln in (i, j); calculate energy Ul with clique based on l; calculate energy Uln with clique based on ln ; generate a uniform u ∼ U [0, 1]; if u < min(1, exp((Ul − Uln )/T )) then accept the candidate l = ln ; changed := changed + 1; update acceptance ratio Δ := changed/total; apply geometric temperature decrease T := τ · T ; remove weak segments with Ul < Mthresh .



contain a line segment. Disjoint segments can survive when all the candidates at the given grid node interact weakly with their respective neighbours due to acquisition noise, non-road objects or incorrect grid-scale selection. To remove these, we introduce the ﬁnal segment thresholding (line 17). The fast performance of the developed approach is due to the use of a deterministic segment detection, use of a smaller 3-by-3 MRF neighbourhood with predeﬁned clique selection, and the use of intersection-based interaction penalties instead of more time-consuming distance-based penalties. The generalization of the latter two can improve the MCMC results at the price of a computational complexity increase.
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Experiments



In this section we present experiments on road network extraction in semic Google) urbanized zones on several 400 × 500 images from Google Maps ( of about 0.5 meter per pixel resolution. The following complete set of parameters have been employed: overlapping square grid with side equal to 30 pixels with 33% of overlap (see Fig. 1); [0, 180) angle range for the Radon transform with a step of one degree; distance between Radon maxima at least Δρ = 5 or Δθ = 5; S = 5 segments per region; cooling procedure with T0 = 0.75, τ = 0.97; MCMC stopping threshold of Mstop = 0.01; outer regions lines are taken p = 10
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Fig. 3. From left to right: initial images, ground truth (manual extraction) of the road network, extraction results (total computation time of 3 sec) weighted with exp(−Ul ), and the detected Radon segments maps (1 sec) weighted with (1 − D(l))/2,



pixels away from the line candidates; and the postprocessing threshold is set to Mthresh = −1. The data sensitive parameters are the weights (γa , γd ) = (0.75, 0.5), and the unitary data term parameter d0 = 0.3. The experiments were performed in a MATLAB implementation with a CPUparallelized Radon transform / maxima calculation part and sequential MCMC optimization. We have performed experiments on 15 images with various road networks and three typical extraction results are presented in Fig. 3. It is immediate that the segment extraction via Radon transform with weights attributed by the D(l) distance identiﬁes the necessary road structure well with very few undetected segments. Note that some of these undetected roads originate from occlusions or low contrast and can be identiﬁed by varying the grid scale. The designed MCMC-based approach performs the extraction with a good level of accuracy in just under 4 seconds on a Core-i7 2GHz, 6Gb RAM, Windows 7 system. To provide a point of comparison with the benchmark techniques we perform c experiments on a 650 × 900 ‘Road’ image (IGN) [16], see Fig. 4. The same parametric setting are used except for a smaller size of square grid (15 pixels),
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c Fig. 4. (a) ‘Road’ image (IGN), provided by courtesy of the authors of [16] and (b) the ground truth map. The detection results: (c) by the proposed method, (d) by Verdie et al. [16], (e) by Lafarge et al. [10] and (f) by Lacoste et al. [9].



an increased weight of the orientation term γa = 1.2, and the outer regions lines are taken p = 3 pixels away from the line candidates. This parameter adjustment is due to the thinness of roads on the considered scene and their low curvature. Note that this increased the grid from roughly 25-by-30 (in the above experiments) to 90-by-120 and resulted in a computation time increase as reported in Table 1. The obtained results are compared with three diﬀerent line-detection techniques: two reversible jump MCMC-based techniques [9, 16] and a jump-diﬀusion approach [10]. All these techniques employ the marked point processes to describe the scene as a stochastic conﬁguration of interacting geometrical objects, each of which is assigned a combination of labels, such as orientation, width/size, etc. (for more details see the ‘Quality Candy’ model [9]). The characteristic diﬀerence of the approach developed in this paper is the ﬁxed number of objects in the analysed scene (equal to the number of grid nodes). In fact, the detected number of objects can only be reduced if none of the candidate segments at some of the grid locations is assigned a suﬃciently strong energy. The considered benchmark techniques consider the number of objects as random and employ sophisticated optimization techniques to arrive at stable energy conﬁgurations. A numerical comparison can be drawn from Table 1 (the results of the benchmark techniques are reported as in [16]). Note that the approach developed in this paper does not estimate the sizes of the objects (widths). Therefore, to provide a fair comparison, the detected lines were dilated with radius r = 4. For the method proposed here, an increase in the reported true positive rate (TPR) at the expense of an increased false positive rate (FPR) can be observed.
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V.A. Krylov and J.D.B. Nelson Table 1. Numerical results obtained on the ‘Road’ image from [16] Algorithm Proposed method Verdie et al. [16] Lafarge et al. [10] Lacoste et al. [9]



TPR 0.709 0.637 0.658 0.812



FPR 0.053 0.004 0.013 0.006



FNR 0.291 0.363 0.342 0.188



Computation time 13 sec 15 sec 381 sec 155 min



The most relevant improvement can be seen in computation time. Note that the computation times of the benchmark techniques appear in this paper as in [16], although they were obtained on a diﬀerent hardware system and can therefore only serve as a rather rough comparison. It is immediate that the proposed approach performs signiﬁcantly faster than methods [9, 10]. The technique in [16] gives a comparable computation time, however, its results were obtained in a massively parallelized CUDA-implementation with a specialized GPU. Whilst a similar kind of implementation is possible for the developed approach, it is beyond the scope of this work. It is also crucial to note that method in [16] employed a preliminary classiﬁcation in order to obtain the ‘classes of interest’ which guaranteed the absence of (false) detection in the central (inside the large road circuit) and upper left side of the scene. This pre-classiﬁcation was necessary to further reduce the computational load. However, it was not speciﬁed in detail in [16]. The method proposed in this paper has been employed without any preliminary classiﬁcation and, thus, we believe that the increase of FPR is (partially) due to this important diﬀerence.
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Conclusions



We have designed a fast approach to road network extraction from remotely sensed images. It combines a deterministic localized Radon transform on an overlapping image grid to draw a redundant set of line segment candidates and a stochastic Markov chain Monte Carlo process to extract the road network. The obtained result can be used to initialize the state-of-the-art approaches [9, 16] to further reﬁne the extraction. The experiments demonstrate a fast and accurate extraction of continuous road networks with intersections and roads of varying width, degree of curvature and brightness. The performed comparisons demonstrate a very fast and competitively accurate performance of the developed technique. Acknowledgments. This work was supported by the Engineering and Physical Sciences Research Council (grant number EP/J010081/1), UK. The authors thank Y. Verdie and F. Lafarge, INRIA Sophia Antipolis, for providing the benchmark comparison data.
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Constrained Principal Component Extraction Network 

e-mail: {tchen, syue06}@cqu.edu.cn. Shi Jian ... addresses one of the major issues of traditional batch PCA that requires to .... a batch of N input data x âˆˆ pÃ—N.
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Fast Network Synchronization 

algorithm through an improved PC-PDA synchronizer. PalmPilot PDAs (Personal Digital Assistants) synchro- nize their data with that on a host PC either locally ...
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TEXTLINE INFORMATION EXTRACTION FROM ... - Semantic Scholar 

because of the assumption that more characters lie on baseline than on x-line. After each deformation iter- ation, the distances between each pair of snakes are adjusted and made equal to average distance. Based on the above defined features of snake
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Unsupervised Features Extraction from Asynchronous ... 

Now for many applications, especially those involving motion processing, successive ... 128x128 AER retina data in near real-time on a standard desktop CPU.
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3. MK8 Extraction From Reservoir.pdf 

Try one of the apps below to open or edit this item. 3. MK8 Extraction From Reservoir.pdf. 3. MK8 Extraction From Reservoir.pdf. Open. Extract. Open with.
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TEXTLINE INFORMATION EXTRACTION FROM ... - Semantic Scholar 

Camera-Captured Document Image Segmentation. 1. INTRODUCTION. Digital cameras are low priced, portable, long-ranged and non-contact imaging devices as compared to scanners. These features make cameras suitable for versatile OCR related ap- plications
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Textline Information Extraction from Grayscale Camera ... - CiteSeerX 

INTRODUCTION ... our method starts by enhancing the grayscale curled textline structure using ... cant features of grayscale images [12] and speech-energy.
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Scalable Attribute-Value Extraction from Semi ... - PDFKUL.COM 

huge number of candidate attribute-value pairs, but only a .... feature vector x is then mapped to either +1 or âˆ’1: +1 ..... Phone support availability: 631.495.xxxx.
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Saliency extraction with a distributed spiking neural network 

Abstract. We present a distributed spiking neuron network (SNN) for ... The bio-inspired paradigm aims at adapting for computer systems what we un- derstand ...
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A Fast Vision-based Road Following Strategy Applied ... 

trol system development environment was used for design and validation ... based control application which is both useful and feasible using off-the-shelf ...
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Extraction of temporally correlated features from ... 

many applications, especially those involving motion processing, successive frames contain ... types of spiking silicon retinas have already been successfully built, generally with resolution of ...... In Electron devices meeting. IEDM. 2011 IEEE.
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Information Extraction from Calls for Papers with ... - CiteSeerX 

These events are typically announced in call for papers (CFP) that are distributed via mailing lists. ..... INST University, Center, Institute, School. ORG Society ...
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paraphrase extraction from parallel news corpora 

[Ibrahim et al., 2003], instead of using parallel news corpora as input source, used mul- ..... we score each sentence pair with each technique and pick the best k sentence pairs and ...... Elaboration: the NASDAQ â€” the tech-heavy NASDAQ.
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