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Chapterr 3 

AA Line Tracker 

Interpretationn of line drawings is largely dependent on the quality of line recog-
nition.. Because of its importance, considerable effort has been put in line 
recognition.. There are two main approaches to line recognition, line detection 
[14]]  [20] [16] and line tracking [11] [18] [3]. 

Linee detection consist of operations such as segmentation, edge-detection 
andd clustering, in principle using littl e a priori information where to find the 
line.. The difficulty here is to assure connectivity in the detected line-segments, 
seee [8]. Line tracking is a sequential process starting from an a priori located 
pointt on the line. The difficulty here is reaching the end of the line. Line 
trackingg methods may use an adaptive model of the line transsection. When 
liness are of very poor quality, global-image segmentation and edge finding 
techniquess are very costly, ineffective and error-prone. See figure 3.1 for an 
example.. In such a case line trackers are the preferred method. \Yc aim at 
thesee low quality images. 

Figuree 3.1: (a) Example image, (b) Line point, detection optimized for low quality 
lines.lines. Note the large number of false detections. Guided search is required in this type 
ofof image. 

55 5 
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Inn [11] a line tracking algorithm based on transsection matching is de-
scribed.. Consequetive cross-sections are matched against the model of the 
linee (2D or 3D). This model is updated after each step forward. The stepsize 
betweenn consequetive matches is small. The advantage of this method is the 
accuracyy of the estimated parameters. Very specific structures can be followed, 
forr example a 3D-ellips. A drawback of this transsection matching method is 
sensitivityy to noise and gaps in the line. [3] and [18] are other examples of 
linee trackers designed to be used with very small stepsizes and also suffer from 
lackk of robustness to gaps and noise. We aim at developing a line tracker that 
iss robust against noise and gaps. 

Thee example images in this paper show lines of very poor quality. Their 
transsectionss are not suited for high precision transsection matching, and many 
gapss in the lines as well as intersecting lines can be expected. Figure 3.2.a 
presentss a detail of utilit y map showing two lines. The thick black line repre-
sentss a galley. The vague line represents the side of a road, and is drawn at the 
backk of the drawing*. The ink shines through the texture of the drawing and 
iss legible for humans with some effort. Figure 3.2.b presents the grey value 
landscapee of this image, making it clear that the vague line is very hard to 
detectt accurately. We call these lines drawn at the back side backlines. 

Figuree 3.2: (a) detail of a utility map with two lines, (b) the corresponding grey 
valuevalue landscape. Note that the right hand line is, in contrast to the left hand line, 
difficultdifficult to distinguish from noise. 

'Thiss seemingly strange habit of engineers drawing roads and houses on the back side 
iss for pragmatic reasons. Roads and houses are largely invariant through the years, while 
galleyss and other utilit y objects are often rerouted. Drawing the surroundings on the back 
sidee facilitate easy corrections of the objects on the front side of the map. 
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Inn this chapter a passive detector (a tracker) for backlines is developed. 
Sectionn 3.1 describes the line model and line point detection. In section 3.2 
thee enviroment in which the tracker could function is investigated. Section 
3.33 describes the tracker. In section 3.4 experiments are presented that illus-
tratee the types of situations in which the tracker succeeds and fails. Section 
3.55 demonstrates the versatility of the tracker by presenting an algorithm for 
trackingg parallel lines by employing two line trackers. 

3.11 Line modelling and detection 

Thee model of the line consists of two parts, namely a model describing the 
geometryy of the line and the transsection; a model describing the way the line 
iss present in the grey value landscape. 

3.1.11 Shape modelling 

Linee tracking methods model lines differently than line detecting applications. 
Inn [5] curves are modelled as a series of arcs and vectors. Vectors and arcs can 
bee effectively detected and then clustered in complete line-descriptions. Hence, 
thatt representation is useful for line detection. For line tracking however, 
anotherr approach is needed. 

Describingg the line as a spline yields a robust and precise description of a 
line.. This is the reason most line tracking-applications aiming for a condensed 
descriptionn of the line use spline-descriptions, see for example [19]. [15] and 
[9].. a prominent alternative being a set of connected centre points ([3] and 
[18]). . 

AA B-spline is described by its set of control points {pb,])[.  p7J- Inter-
polatingg a B-spline [13] is given by: 

LLkk(t)(t) = £>1iVU(*) , (3.i; 
22 = 0 

where e 

11 U < t < U+i 
[[  U otherwise 

Ni,m(t)Ni,m(t) = .t~U.Ni,m-1(t) + ' * + " + ! - *  Nh,m^(t). (3.3) 
ll i+mi+m — ri ti+m+1 ~ ti+1 

Inn these equations m stands for the order of the spline, and k for the number 
off  nodes. In our line-tracking method, a B-spline is used to describe the line. 
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3.1.22 Transsect ion modell ing & detec t ion of line points 

Inn this section we describe a method to detect line points (the centre points 
off  lines), based on a model of transsections. The method follows [17]. 

Inn figure 3.3.a, a grey-value landscape is presented, figure 3.3.b shows a 
modell  of this landscape. This is modelled as a ID-parabolic transsection that 
iss swept along a curved line. Finding the line points is done in two steps. First, 

Figuree 3.3: a. Grey value landscape of a line. b. Model of a line. 

thee local direction of the line is estimated. Then, in the direction orthogonal 
too the line (with direction n(t)), the center of the line's transsection is searched 
for. . 

Figuree 3.3.b shows our parabolic model of the line's transsection. This is 
ann effective first-order approximation of the observed real world transsections. 

Thee parabolic transsection is defined with the equation: 

hh  (1 - (x/iv)2)), —w < x < w 
00 otherwise ƒ(*)) = (3.4) ) 

withh w being the width, and h the height of the line. 
Becausee lines are noisy, the derivatives are computed by a Gaussian 

smoothingg kernel. The size of the smoothing kernel must be tuned to the 
expectedd width of the lines to get an optimal response (a technique called 
edgee focussing). The optimal relation between the size of the Gaussian kernel 
andd the lines width is determined by [17]: 

w w 

Thee estimated ID-derivatives (with Gaussian smoothing) are: 

z(x,>a,w.,h)z(x,>a,w.,h) = (g<r*f)(x) 

(3.5) ) 

zz (x,a,w,h) = ig„*f)(x) 

s"(x,a,w,h)s"(x,a,w,h) = {g'a *  f)(x). 

(3.6) ) 

(3.7) ) 

(3.8) ) 
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I tt is clear from these equations that z (x. a, , h) = 0 <£> .r = 0 for all a, and 
zz ( J\ a, i/.?, /?.) wil l take on its maximum negative value at x = 0. It is therefore 
possiblee to determine the precise location of the line for all a. 

Thee local direction of the line can be estimated by looking at the second-
orderr structure of the image z(x(t),y(t)), with j  ̂ = 0 by definition. The 
directionn in which the second derivative of z{x, y) takes on its maximum abso-
lutee value wil l be used as the direction n(t). This direction can be determined 
byy calculating the eigenvectors of the Hessian matr ix 

H(*,y)=(H(*,y)=(  :lx Z-ry ) . (3.9) 

Thee direction n(t) is obtained by using the vector corresponding to the 
largestt absolute eigenvalue. 

3.22 The context of the line tracker 

Detectorss function in an environment. This can be for example a map inter-
pretationn system or a performance testing environment. A passive detector 
likee a line tracker can function in many different environments. 

Inn map interpretation systems, designing the user interaction is crucial. In 
evaluatingg map interpretation systems, lately emphasis is placed on the edit 
costcost [2]. The edit cost is defined as the work an operator would have to perform 
too clean up the results of automatic vectorization. We concur with using the 
editt cost as a measure to evaluate interpretation systems as these systems wil l 
probablyy never be perfect and always require user interaction. Using the edit 
costt function wil l stimulate designing a system with the user in mind. 

Backliness are an example of a symbol that is too difficul t to detect (near) 
perfectlyy and automatically. For this reason, a passive detector providing 
additionall  information to aid the detection is developed. There are different 
possibilitiess for designing a passive backline detector. In figure 3.4 two of these 
possibilitiess are presented, a detector with input a point and a direction, and 
aa detector with as input two points. [6] and [10] develop line detectors based 
onn this latter approach. [10] employs dynamic programming, an attractive 
techniquee when the line finding can, as in this case, be reformulated as an 
optimizationn problem. Consider the use of the line tracker as an interactive 
tooll  for an operator (see [12] for a description of interactive segmentation 
tools).. Given our line model, the detector wil l return a set of nodes describing a 
spline.. Edit operations wil l include inserting a node, moving a node, removing 
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(a) ) 
7 7 

^^ , 

(b) ) 

Figuree 3.4: Two possible designs of a passive backline detector. The dotted curve 
denotesdenotes the ground truth, (a) a point and a direction is defined and the detector will 
(until(until termination) follow the backline. (b) two points are defined, the detector will 
determinedetermine the backline that connects these points. 

aa (set of) node(s) and (re)starting the de tec to r. Which passive detector is 
neededd in a particular system should be derived from optimizing the edit cost, 
whichh wil l be dependent on the quality of the image. Forcing the detector to 
findfind the optimal path between two points in a low quality image wil l often 
resultt in a number of (near) random decisions and thus requiring many edit 
operationss to clean up the result. In [6] this effect is demonstrated on medical 
images. . 

Givenn the quality of the image we decided on designing and implementing 
aa passive detector of the type presented in 3.4.a. The tracker aims to minimize 
thee number of false detections (thus no wrong nodes). This minimizes the edit 
cost,, for the tracker wil l stop when it gets confused. The operator wil l then 
bee able to manually insert a node and restart the tracker. 

3.33 The Line Tracker 

Inn figure 3.5 an overview is given of the basic steps of the tracking algorithm. 
Ass input to the tracking algorithm a point and a direction is needed. The 
dataa further consists of the grey value image, and parameters needed to steer 
thee extension process. These parameters are the maximally allowed curvature 
off  the line cmax, the size of the steps between extensions d and the allowed 
gapsizee gmax

 a nd are taken from the knowledge file. 

Thee increment of the line description is done in two steps. First the set of 
possiblee extensions is determined. Then each extension is evaluated, in order 
too select the optimal extension. This method of finding extension points is 
preferredd over pixel by pixel extensions for two reasons. First, jumping along 
thee tracked line gives better adaptive control on the curvature of the line. And 

^Notee that a detector is useful if the edit cost of its results is lower than manually inserting 
alll  nodes 
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Figuree 3.5: Overview of the tracking algorithm, with its main parameters. Rounded 
boxesboxes denote processing steps, squared boxes denote data. 

secondly,, jumping along the line is more robust against small l ine-ruptures. 

3.3.11 Finding extens ion points 

Ass can be seen in figure 3.6.a, extending the spline and looking for line points 
orthogonall  to the extension is too simple an approach. The size of the ex-
tensionn is limited to the radius of the circle describing the maximum allowed 
curvaturee cmax. 

Inn figure 3.6.b our approach is presented. Here, the possible extension 
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pointss are sought on the circle with diameter d. between the intersections of 
thiss circle with the circles describing the maximum admissible curvature cmax. 

Usingg the points on this circle ensures the length of the new line-fragment is 
shorterr for strongly curved sections of the line. 

VV J & 

(0(0 1 
(A )) IB) 

Figuree 3.6: The maximally admissable curvature of the line is indicated by a with 
thethe circle with diameter p. (a) Seeking points orthogonal to the extension-direction 
severelyseverely restricts the stepsize. (b) Therefore, possible new line points are sought on 
thethe circle with diameter d. 

Thee extension of a spline is calculated by obtaining the derivative-vector 
(d(dvv)) of the spline at its endpoint. The initial extension is a vector of length 
d.d. Line points are detected in the circular subimage using the detection-
methodd described in section 3.1.2. The detection parameters (for example 
thee aperture) are tuned to the width of the line according to equation 3.5. 
Detectionn results in a set of line points 5. see figure 3.7.b. Now. the list of 

Figuree 3.7: Definition of parameters, c denotes the centre of the extension area S. 
dd denotes the stepsize (and the diameter of the extension area). E denotes the area 
ofof potential extension points, p is the diameter of the circle delimiting the allowed 
curvature. curvature. 
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potentiall  extension-points E is derived from 5 by defining 

EE = {v\v<=SA\A(v,c)-p\ <SP}. (3.10) 

withh A(v,c) the Euclidean distance between points v and c, and Sp the maxi-
mumm distance between a detected line point and the circle line. These param-
eterss are visualized in figure 3.7. When the extension lands in the middle of 
ann allowed gap. the algorithm should not halt. Therefore, Sp > gmax/2. We 
sett op = gmax/'2-

3 . 3 . 22 E v a l u a t i n g e x t e n s i o n p o i n t s 

Now.. each point in E needs to be evaluated, in order to be able to select 
thee point that is the most likely extension of the line. Observe figure 3.8, to 
appreciatee the need for an evaluation algorithm of potential extension points. 

Figuree 3.8: (a) An evaluation based on evidence in the image is needed to distinguish 
betweenbetween line points pi and p2. (b) If only one extension point is available, it is not 
necessarilynecessarily part of the line. 

Thee evaluation is done by extending the spline Ln nodes with each point 
ee G E, and then checking the evidence in the image for the lines thus hy-
pothesized.. This requires calculating the minimum squared distance between 
thee extended spline, and the detected line points. The evaluation function 
c(Lc(Lnn.S)..S). a discretization of the Minimum Squared Distance by interpolating 
thee spline Ln, is defined as: 

c(Lc(Lnn,, S) = J2 min A (L n ( n - -Y sf (3.11) 
i—l i—l 

withh A(.r.y) the Euclidean distance between points x and y. See for an ex-
amplee figure 3.9. 
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> 2 2 

Figuree 3.9: The squared difference-function applied to an example. Figure (b) will 
produceproduce a (much) larger error than figure (a). 

Thee setting of this threshold can not be chosen freely but must be de-
rivedd from the gapsize. Figure 3.10.a presents an extension and derives the 
Minimumm Squared Distance. In the worst case, a straight line and a gap of 
ggmaxmax,, the threshold on the Minimum Squared Distance can be derived as: 

QmaxQmax i £ '2 ST^y-max ST^y-max Settingg the threshold lower, wil l mean that a line with 

ann allowed gap might not be tracked properly. Setting the threshold higher, 

meanss that a gap larger than the allowed gap might be bridged. 

Figuree 3 10- The relationship between allowed gapsize and the Minimum Squared 
Distance,Distance, (a) the line is extended from p0 to Pl. (b) m the evaluation the minimum 
distancedistance from intermediate points and detected line points is measured, leading to 

c ==  1 + 4 + 9 + 16 + 25 + 36 + 25 + 16+9 + 4 + 1= 146. If the gap between segments I 
andand II is allowed, the threshold for the Minimum Squared Distance must at least equal 
146. 146. 
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3.3.33 Selecting an extension point 

Thee tracker selects the extension point with lowest Minimum Squared Dis-
tance.. It wil halt if no extension point with Minimum Squared Distance lower 
thann the imposed threshold exists. The tracker does not perform a detailed 
branchh analysis. Selecting the extension with lowest Minimum Squared Dis-
tancee can be near random when a backline splits in two. If the tracker is able 
too interact with the operator, the strategy of prompting the user to select a 
branchh (or track both branches) could be adopted. 

Afterr selecting the extension point, the parameters of the tracked line 
aree updated. So. the extension point is added to the spline, and the width 
parameterr of the spline is updated. 

3.3.44 Parameter selection 

Ass demonstrated in this section, the parameters of the tracker are the max-
imall  allowed curvature pmax, the stepsize d and the allowed gapsize gmax-
Fromm these parameters and the model the algorithm is constructed without 
thee introduction of magic numbers. However, care is needed in selecting the 
appropriatee stepsize in relation to gmax, for the maximal allowed Minimum 
Squaredd Distance is derived from gmax. A small stepsize in -relation to gmax? 
wil ll  make the algorithm very tolerant to disturbances and missing evidence 
forr the line and cause it to make near random decissions. We found that the 
stepsizee should be at least 2gmax to ensure stability of the algorithm. The 
settingg of gmax is. as the setting of pmax« application dependent. 

3.3.55 Computational complexity 

Thee computational complexity of the tracker is linear in the number of itera-
tionss n (the number of extensions). In every iteration, the line point detection 
algorithmm is evoked on a subimage with size 4d2. [16] shows that the line 
pointt detection is linear in the area of the image. After line point detection, 
thee Minimum Squared Distance has to be evaluated for each potential exten-
sionn point. The number of computations needed is determined by the number 
off  potential extension points and the effort needed to evaluate an extension 
point. . 

Thee spline Ln is interpolated d times, with d the stepsize. For every 
interpolatedd point Ln(n — 1 + J), with 1 < i < d, the minimum distance to a 
pointt s € S needs to be determined. This is linear in the number of points in 
S.S. The maximum number of points in S is bound by the width wmax of the 
liness in the sub image. It is logical that the maximum number of line points 
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detectedd is -^-; the area of the image divided by 2w. This gives the worst 
casee cost of calculating the MSD as: 0(d3/w). 

Thee maximal number of potential extension points is derived accordingly, 
as:: 7rdgmax = 0(dgmax). The gives a total worst case order of computing the 
lowestt MSD of: 0(d4gmax/w). 

Thiss leads to a computational complexity oïO(ndAgmax/w) for the tracking 
algorithm.. Note that d is generally small, and we presented the worst case 
analysis.. In practice the tracking operates in real time irrespective of the size 
off  the image. Only the subimages needed for processing are accessed. 

3.44 Experiments 

Priorr to the development of the detector a database of images (N = 150) 
containingg back lines was collected using a data collecting tool called Bessi 
[4].. This dataset was extracted from a batch of 25 utility-maps provided by 
PNEM.. The maps represented a cross-section of the available material. The 
collectionn of maps has a large variation in quality and contrast. 

Forr these images, the ground truth was established, and the dataset was 
separatedd into a test set and a training set. The parameter settings were (in 
pixelss where the maps were scanned at 400dpi) as follows: gmax = 8, d = 
20,pm.QJ;; = 10*. Experiments on the test set are detailed in this section. 

Figuree 3.11 shows a typical back line the detector is able to track succes-
fully.. The detected back line demonstrates the capability of the tracker to 
detectt curved lines of low image quality. Figure 3.12 shows in detail one 
extensionn of the line tracked in figure 3.11. The figure demonstrates the rela-
tionshipp between the stepsize and the minimum squared distance (see section 
3.3.2,, equation 3.11). The larger the stepsize, the larger the minimum squared 
distancee for the approximation of the line the measurement of the minimum 
squaredd distance is based is increasingly less accurate. 

Figuree 3.13 presents the relationship between the stepsize and the accumu-
latedd minimum squared distance along a line. A low accumulated minimum 
squaredd distance means that the detected line points are well described by 
thee spline. It is demonstrated that even for large stepsizes (up til l 40 pixels) 
subpixell  accuracy is achieved. 

Figuree 3.14 demonstrates the robustness of the linetracker in the difficult 
circumstancee of disturbances, touching objects and artifacts introduced by the 

gmaxgmax was set at 8 because this would allow the tracker to bridge intersecting galleylines 
att an angle > 7r/4. 
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(e)) (d) (c) 

Figuree 3.11: (a) input image with superimposed starting point and direction for the 
tracker,tracker, (b) shows the detected line, the circles shows the steps the tracker makes. 
AtAt the point of two touching circles, a line point is added to the spline describing the 
curve,curve, (c) shows a detail of the image, where the line curves sharply, (d) shows the 
sensitivitysensitivity of the tracker to the maximal allowed curvature (shown by the white circles) 
.. If the maximal allowed curvature was set smaller, the tracker would not have been 
ableable to make the bend. 

linee point detection. In the difficul t image presented in figure 3.14, the tracker 
iss not sensitive to parameter settings. Sensitivity to parameter settings point 
too a lack of robustness and require a long learning phase to optimize parameter 
settings,, introducing domain dependency. 

Figuree 3.15 shows two other succesfully tracked lines in an image containing 
manyy disturbances. 

Thee situations in which the tracker fails can be characterized by: 

•• C l u t t e r . In very cluttered image parts not enough line points will be 
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Figuree 3.12: (a) detected line points (and associated width) of a detail of a utility 
map.map. Area I has a gap in the line point detection. With sufficiënt step size, the tracker 
isis able to track the line properly. Extension points associated with varying step sizes 
areare shown, along with the line hypothesis belonging to these extension points, (b) The 
relationshiprelationship between the minimal squared distance of extension points with varying step 
size.size. Larger step sizes show increasing minimal squared distance; for the hypothesis 
lineslines less accurately reflect the detected line points. The horizontal dotted lines show 
thethe threshold associated with values for the maximum allowed gap. For example, if 
thethe maximum allowed gap size is set at 12 pixels, the step size needed to track this 
lineline succesfully is at least 40 pixels. For stepsizes smaller than 20 pixels, the tracker 
failsfails to find an extension point. 

detectedd to support extension of the line. Figure 3.16.b presents an 
examplee of this failure situation. 

•• Over lap . The tracker is especially suited to track lines drawn on the 
backk side of the drawing. However, symbols drawn on the front side of 
thee map can obscure the back line for considerable length. The tracker 
willl then terminate. Figure 3.16.C presents an example of this failure 
situation. . 

•• D i v e r g e n c e . At a point where two lines diverge, choosing the locally 
strongestt continuation boils down to a near random decision. 

Thee test set included only one occurence where the tracker 'skips' lines due 
too divergence, thereby generating a false detection with high edit cost. Figure 
3.177 presents the detail of the backline on which the detector failed. 

Thesee failure-situations are inherent to tracking applications. How sensi
tivee the tracker is to clutter and overlap, depends largely on the quality of 
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Figuree 3.13: (a) Input image with the starting point for the tracker on the top left. 
(b)(b) The relationship between the stepsize and minimum squared distance. The graph 
showsshows the accumulated squared distance along the tracked line, and the largest squared 
distancedistance at one step. As can be expected, larger stepsizes introduce less accurate line 
approximationapproximation thereby producing a larger squared difference, (c) Relationship between 
thethe stepsize and the accuracy of the line description. Larger stepsize give a better 
representationrepresentation of the measured line points. The average distance between the line 
approximationapproximation and the measured line points is. for most of the stepsizes. less than 
oneone pixel. 

thee line point detection and the chosen gapsize. Enlarging the stepsize wil l 
makee the tracker more robust against gaps and small disturbances. However, 
ass shown in section 3.3.2, the evaluation of extension points assumes constant 
curvaturee in the extension area. This means the stepsize cannot be increased 
att will . In practice we have found, as a 'rule of thumb', that a stepsize of 
aroundd thirty pixels works well. Section 3.3.2 shown that the allowed gapsize 
shouldd be derived from the stepsize. 

Thee experiments show the resulting spline to be an accurate and precise ap-
proximationn of the detected line points. It was also shown that larger stepsizes 
resultt in less accurate splines. This trade-off between the number of control 
pointss and precision is expected. Several methods for insertion and deletion of 
controll  points to increase the accuracy of a spline are known [1]. The tracker 
couldd be improved by, after termination, employing a method of control point 



70 0 AA Line Tracker 

(a) ) 
4000 -
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Figuree 3.14: (a) Input image with starting point for the linetracker and circles denot-
inging the minimum stepsize and maximum stepsize. (b) Detected line points, (c) All line 
pointspoints with minimum squared distance < 400 from the starting point of the tracker, 
upup till  a stepsize of 60 pixels. Although the image is disturbed and many artifacts and 
gapsgaps are introduced in the line point detection, the target line is still prominent in the 
minimumminimum squared distance-surface, (d) The selected extension points for increasing 
stepsizesstepsizes (from 10 to 60 pixels) connected by a line. It is clear that the tracker finds 
thethe target line, for every stepsize. 

insertionn to increase accuracy depending on the measured inaccuracy. 

Thee experiments in this section demonstrated that the tracker is robust 
againstt disturbances in the image, such as noise and artifacts produced by the 
linee point detection (figure 3.12 and figure 3.13). The tracker was also shown 
too be robust against changes in the parameter settings (figure 3.14). 
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(b) ) 

Figuree 3.15: (a) the input image, with two starting points I and II for the tracker, 
(b)(b) The two tracked lines. 

3.55 Application of the linetracker 

Inn this section a detector based on two line-trackers is described. The task at 
handd is to track two lines that are largely parallel. [7] presents a overview of 
methodss for detecting parallel lines. In contrast to other methods, which use 
detectedd line segments and arcs as features, our method is based on tracking. 

Thee lines need to be tracked until one of the lines is lost. In the previous 
section,, figure 3.17 presented an example of an image with parallel lines. Fig-
uree 3.5 presents the pseudo-code of the algorithm of the parallel line tracker. 

Thee input of the parallel line-tracker consists of two points and a direction. 
Thesee parameters are sufficient to initialize both trackers, for the lines are 
presumedd parallel. 

Bothh lines B\ and B\ are extended with the stepsize. This results in two 
setss of possible new points for both lines. The algorithm needs to decide which 
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Figuree 3.16: Two exemplary tracking errors, (a) input image with superimposed 
startingstarting point in the top right and tracked line. The tracker terminates in detail 
(b).(b). (b) shows the detail where the tracker halts. This subimage contains a lot of 
clutter,clutter, and not enough evidence for the tracker. When the tracker starts at the 
secondsecond starting point (bottom left of (a)), it terminates in detail (c). In (c), the 
backback line disappeares behind a galley and reemerges to late for the tracker to pick up. 
(d)(d) presents the detected line points, optimized for low quality lines. Note the large 
numbernumber of detections induced by the texture. 

pointt pair wil l be selected to extend the lines, see figure 3.19. This decision is 
basedd on two factors, namely the quality of the hypotheses and the consistency 
inn parallelism of the two lines. 

Thee quality of the hypotheses of a potential extension point is described 
inn the previous section. The consistency in parallelism is measured using the 
first-derivativee vectors of both spline-descriptions between the last three nodes 
inn the following way: 

2d 2d 

P(BlP(Bl Bl) = £ | Bl{n - 2 + i/el)1 - B2
n(n - 2 + i/d)' \\ (3.12) 
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Figuree 3.17: The tracker, starting out on the right side of the image, skips lines. 
ThisThis is due to the fact that at junction points the tracker chooses the locally strongest 
continuationcontinuation of the line. 

proceduree ParallelTracker (Point PI, Point P2, Vector Dir, Float Stepsize) 

initialize(L,Pl,Dir).. initialize(R.P2.Dir) 
do o 

Leftt <— get_extensions(L,Stepsize) 
Rightt <— get_extensions(R.Stepsize) 

Minn <— co 
forr Le £ Left 

forr Ri G Right 
Thiss <- eval(L+Le.R+Ri) 
i ff  This < Min 

LeMinn <- Le 
RiMinn <- Ri 
Minn <- This 

endif f 
i ff  Min ^ oo 

extendd (L,LeMin) 
extendd (R,RiMin) 
adjustt _endpoints(L.R) 

endif f 
whilee Left ^ EMPTY .AND. Right ^ EMPTY 

re tu rnn L,R 

Figuree 3.18: Pseudo-code of the parallel line tracker 

Notee that we only need the last three nodes of the spline-descriptions as 
wee use cubic splines. 

Combiningg these factors is done by selecting the two potential line points 
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extensionn of backline 

Figuree 3.19: Extending the B-spline and locating valid backline-points can produce 
severalseveral hypothesis. Using constraints provided by the galley, the correct point is found. 

off  both lines maximizing the following equation: 

maxx 9ap{P{Bl + ei, B2
n + e2)) • 9aMBl + ei, Si)) • 9<rMBl + e2, 52)). 

(3.13) ) 
Inn this equation, Ln + e denotes an extension of spline L„ with point e and 
(^(.r)) is the Gaussian with standard deviation a. There are several ways 
too combine the terms in equation 3.13. Multiplication was chosen (instead 
off summation), after experiments demonstrated that it was best capable of 
tradingg off the quality of the line-detection, and the consistency in parallelism. 

Liness are required to be parallel, but not straight, observe figure 3.20.a. 
Whenn on both lines the same stepsize is used, the detected points will not 
remainn opposite. Figure 3.20.b shows a solution. Prior to every extension, 
thee normal of the spline at the end-point is intersected with the (straight) 
extensionn of the opposing spline. This produces an intersecting point. The 
distancee between the endpoint and the intersection point is subtracted from 
thee previous extension of the inner-spline. 

Thee stop condition is reached when one of the lines cannot be extended 
further.. Additional stop criteria can be envisioned. For example an upper 
boundd can be enforced on the divergence of the lines. In the current algorithm, 
parallelismm is only used as a selection-criterium when multiple extensions are 
available. . 
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Figuree 3.20: (a). When tracking two curved, parallel lines, a uniform stepsize will 
causecause the tracking to divert, (b) Calculating the stepsize needed on the 'inside track', 
(c)(c) An example of adjusting the stepsize. The white circles denote adjusted extension 
pointspoints on the inside track 

3 .5 .11 E x p e r i m e n ts 

Wee did experiments to test the validity of our approach. Experiments show the 
algorithmm succeeds in finding the set of parallel lines except for very specific 
circumstances. . 

Inn figure 3.21 we present two of the tested situations. Here we track two 
differentt lines. One line is drawn on the backside of the paper. The other 
iss a thick line drawn on the front. In figure 3.21.a a difficul t but succesfully 
trackedd situation is shown. Here.the image is of very poor quality due to 
paperr rupture. Line detection is also hampered by an intersecting object. 
Thee tracker is, however, still able to detect the line. 

Inn figure 3.22 two experiments are shown where parallel back lines are 
trackedd succesfully. 

3.66 Conclusions 

AA line tracking algorithm was presented. The line tracker is based on extending 
aa line with a given stepsize, and then search for evidence for the extension. 
Thee line tracker is designed such that is robust against line ruptures, and can 
accuratelyy control the maximal allowed curvature of the tracked line. The line 
wass modelled using a B-spline, the parameters of the algorithm are expressed 
inn terms of the model. The parameters of the line tracker are the stepsize, 
allowedd gapsize and maximal curvature. 

Thee algorithm is capable of detecting low quality lines given littl e a priori 
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(a)) (b) (c) 

Figuree 3.21: (a) Input image, (b) Detail of a low quality image part, (c) The 
backlinebackline and galley are succesfully tracked using parallelism. Parameters were set at 
d=d= 20.CT„  = ac =0.4 

knowledge,, without introducing a host of magic numbers that would make the 
detectorr domain specific and unrobust. The detector was tested on a large 
samplee of real world images and its breaking points where demonstrated and 
explained.. We conclude that this detector meets the demands posed in chapter 
1. . 

Thee tracker has clear advantages over other line detection methods. For 
example,, the tracker utilizes the line detection method proposed by [17]. In 
contrastt to that method, based on detecting line points and linking adjacent 
linee points into line segments, our method is able to deal with ruptures and 
otherr disturbances. 

Thee experiments show the resulting spline to be an accurate and precise ap-
proximationn of the detected line points. It was also shown that larger stepsizes 
resultt in less accurate splines. This trade-off between the number of control 
pointss and precision is expected. Several methods for insertion and deletion of 
controll  points to increase the accuracy of a spline are known [1]. The tracker 
couldd be improved by, after termination, employing a method of control point 
insertionn to increase accuracy depending on the measured inaccuracy. 

AA strong point of the tracking algorithm is its flexibility . This flexibility 
wass demonstrated in an example, where two line-trackers were combined to 
formm a parallel line-tracker. 
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(a) ) (b) ) 

(d) ) 

Figuree 3.22: Two examples of tracked parallel Unes from a given starting point pair 
andand direction. Parameters were set at d = 20, ap = ac = 0.4. 
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