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a b s t r a c t

We propose an approach to curvilinear and wiry object detection and matching based on a new

curvilinear region detector (CRD) and a shape context-like descriptor (COH).

Standard methods for local patch detection and description are not directly applicable to wiry

objects and curvilinear structures, such as roads, railroads and rivers in satellite and aerial images,

vessels and veins in medical images, cables, poles and fences in urban scenes, stems and tree branches

in natural images, since they assume the object is compact, i.e. that most elliptical patches around

features cover only the object. However, wiry objects often have no flat parts and most neighborhoods

include both foreground and background.

The detection process is first evaluated in terms of segmentation quality of curvilinear regions. The

repeatability of the detection is then assessed using the protocol introduced in Mikolajczyk et al. [1].

Experiments show that the CRD is at least as robust as to several image acquisition conditions changes

(viewpoint, scale, illumination, compression, blur) as the commonly used affine-covariant detectors.

The paper also introduces an image collection containing wiry objects and curvilinear structures (the

W–CS dataset).

& 2011 Elsevier Ltd. All rights reserved.

1. Introduction

In this paper, we propose a method for detection, description
and matching of wiry objects and curvilinear structures (CS) such
as roads, railroads and rivers in satellite and aerial images, vessels
and veins in medical images, cables, poles and fences in urban
scenes, stems and tree branches in natural images; see Fig. 1 for
examples.

Methods based on matching of distinctive local patches (known
as interest points, distinguished regions, affine-covariant regions,
keypoints) have achieved impressive results in many computer
vision applications, such as stereo matching [2,3], object or face
recognition [4–7] and image retrieval [8,9]. However, the methods
are not directly applicable to wiry objects and curvilinear structures
since they assume the object is locally planar and compact, i.e. that
most elliptical neighborhoods of features cover only the object. But
wiry object often do not include flat parts and most neighborhoods
include both the foreground and the background.

Our objective is to design a detector and a descriptor which
will play the role of a local patch and its descriptor for wiry

objects. The proposed detection process consists of two main
steps: cross-section detection and region construction. The cross-
section detection exploits a non-standard gradient operator that
takes into account differences in texture properties inside and
outside a given region. A preliminary version of this detector was
described in [10].

The region construction (i.e. growth in the axial direction)
exploits constraints which allow eliminating false positives in
highly textured images. The detection procedure is carried out in
the scale space. Since affine transformations induce a shift and
translation along any direction, most of the detection process is
affine-invariant.

Axial points of the curvilinear structures are used as a set of
stable points. For each of these points, we propose a variant of the
shape-context descriptor, capturing information about local scale
and orientation of the CS.

As a second contribution, we introduce a collection of images
with a range of different wiry objects and curvilinear structures.
We call the collection the W–CS dataset.

The rest of the paper is structured as follows. Section 2
summarizes the state-of-the-art for curvilinear region detection
and matching. Details about the W–CS dataset are presented
in Section 3. The curvilinear region detector (CRD) is described
in Section 4. In Section 5, the CRD performance is evaluated on the
problem of segmentation of curvilinear structures. The descriptor
is introduced in Section 6. Section 7 studies the repeatability of
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the CRD detector following the protocol introduced by Mikolajc-
zyk in [1] which allows comparing the CRD with commonly used
affine-covariant detectors. Results for two-view matching of
curvilinear structures are presented in Section 8. Finally, Section
9 concludes the paper.

2. Related work

Several approaches to the detection of curvilinear structures
have appeared in the literature [11–15]. Most have been devel-
oped for a specific application, e.g. [16,15,17,18] are intended for
detection of roads, railroads or rivers in satellite or aerial images
and [19] for retinal vessel segmentation.

A general method for (curvi)linear structure was introduced by
Steger [13]. As a first step for the detection of line profile, a
Gaussian filter and its first- and second-order derivatives are
calculated. The Gaussian filter allows locating the center of the
cross-section, the edges of the CS are determined when the
extremal value of the first derivative is reached, simultaneously
with a zero crossing of the second-order derivative. Then, the
resulting points are linked together into lines. This method is
general, but detects CS with a narrow range of widths.

Carmichael et al. [20] uses a set of hierarchically organized edge
queries learned from edge points of the detected object. During the
learning phase, the object is observed from almost all possible
viewpoints and segmented from the background. Decision trees
based on edge queries of increasing diameter are used to capture the
shape of each edge point. This approach is able to detect and localize
objects in various indoor settings with a reasonable false positive
rate. The drawback is the need to observe almost all possible
appearances of the object, which makes it inefficient for indexing
or recognition in real-world scenarios.

Mikolajczyk et al. [21] detects edges at multiple scales which
are then described using a SIFT-like descriptor [4]. Dheng
et al. [22] used a detector called the principal curvature-based
region detector (PCBR), combined with the SIFT descriptors for
object recognition. The authors defined the curvilinear region as a
set of pixels inside a closed curve, obtained by the watershed
algorithm. This definition does not include the use of geometric
constraints on the final segmented region and might produce
numerous false positives in textured regions.

Description of curvilinear structures is an open problem. Most
of currently popular descriptors, such as SIFT [23], PCA-SIFT [24],
shape context [8], steerable filters [25], differential invariants [26],
spin images [27], complex filters [28], moment invariants [29],
make use of all points inside a compact region that contains a
given feature (a circle, a rectangle or an ellipse). Belongie et al. [8]
employ a shape-context in order to describe the shape of the
whole object. However, such a descriptor is not local and relies on
the quality of the segmentation process. Therefore, we propose a
novel descriptor which is closely related to both the shape

context [8] and the idea of geometric hashing of Chum and
Matas [30] who suggested to compute a geometric hash by using
those features in the neighborhood that have similar properties as
the described feature, e.g. having similar scale or orientation.

3. The dataset

n this study, experiments are conducted on both images
coming from standard databases and a database we created,
called W–CS dataset.1 The set of images comprises three parts.
The first part is a subset of the Berkeley database which has been
widely used for image segmentation evaluation [31]. The second
part is the DRIVE database [32] of retina vessels, for which the
ground truth (gold standard) was obtained by manual segmenta-
tion and supervised by an experienced ophthalmologist. This
database allows to compare quantitatively the performance of
several detectors. The third part is the W–CS dataset, introduced
in the paper. It includes 30 images, six groups of five images
depicting the same scene, for repeatability evaluation and 28
sets of images of wiry objects intended primarily for matching
experiments.

The 30 image subset allows evaluating the repeatability of
curvilinear detectors according to the protocol analogical to
Mikolajczyk et al. [1], i.e. to evaluate the robustness against
viewpoint change, scale change, blur change, JPEG compression
and lighting changes. For the viewpoint change, the camera
direction is varied approximately from 03 to 603. The blur change
is obtained by varying the focus of the camera, whereas the scale
change is obtained by varying the zoom. The scale factor ranges
from 1.3 to 3.1. The JPEG compression was performed using
Irfanview. The compression ratio varies from 60% to 97%. And
finally, the lighting change is produced by varying the shutter
speed of the camera. Fig. 11 depicts some of the images.

The 28 sets are images of wiry objects such as cables, fences,
sticks, chairs, branches, etc. acquired from different viewpoints.
The background differs significantly between images of the same
object. Examples are presented in Fig. 1.

4. The curvilinear region detection

4.1. An overview

An overview of the curvilinear region detector is presented in
the block diagram of Fig. 2. First, an edge detector based on the
Canny operator [33,34] is applied. Next, the set of linked edges is
searched for pairs satisfying certain conditions which become
candidate cross-sections. Constraints are introduced on the local
geometry of the detected region such as the local curvature, the

Fig. 1. Examples of wiry objects and curvilinear structures.

1 The W–CS dataset will be public and available on the website of the authors.
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local width variation, etc. in order to remove false positives. All
these steps are performed in the scale space.

Redundant regions that occur at multiple scales are filtered.
Finally, we apply merging and bridging operations, by exploiting
the geometric and appearance properties of the endpoints of the
detected regions, e.g. the collinearity, the width, and the luminance.

4.2. Detection of candidate regions

4.2.1. Cross-section detection

A curvilinear structure C is a set of contiguous boundary points
detected in one-dimensional sections along an edge in a given
image, as shown in Fig. 3(b). First, a continuous sequence of edge
or ridge points in the image, i.e. points with local extrema of the
gradient magnitude, is determined. Then, for each point in this
sequence, we search for an interval, along the gradient direction,
that contains two opposite gradients and a homogeneous part.
The interval defines the section. A one-dimensional cross-section
is depicted in Fig. 3(a).

The one-dimensional sections form a curvilinear region if their
width is consistent with its neighboring sections, i.e. the variation

of the width along the region is below a given threshold. By
convention, a CS is represented either by a set of pairs of points or
by using a set of axis points Ai, a local width wi and an orientation
of the edge yi that is perpendicular to the axis of the region:

C¼ fðRi,LiÞ, i¼ 0, . . . ,lg, A¼ fðAi,wi,yiÞ, i¼ 0, . . . ,lg: ð1Þ

The parameter l denotes the length of the structure or the number
of pairs, lAN. Li ¼ ðxL,yLÞ

T and Ri ¼ ðxR,yRÞ
T are defined as the left

and the right boundary points in the image space, respectively.
And x,yAN are the point coordinates in the image coordinate
system of center O. The quantities Ai, wi and yi are defined below:

Ai ¼
xRþxL

2
,
yRþyL

2

� �T

, wi ¼ JR�LJ, yi ¼ tan�1 yR�yL

xR�xL

����
����: ð2Þ

The CS can be seen as a polygon of all the boundary points Ri, Li,
whereas the CR is regarded as the union of pixels inside the
regions Bi, defined by the quadrilaterals fRi,Riþ1,Liþ1,Lig.

In order to define a section as a one-dimensional signal, the
image coordinate system is mapped onto an approximation of the
Frenet coordinate system, with Ou as the center of the analyzed
curve, as it is shown in Fig. 3(a). The approximation used for the
Frenet coordinate system is the gradient orientation for each edge
pixel. Some more precise measurements have been evaluated, using
several points on the edge, without significant improvement of the
results. Thus, for a given pixel in the image, the image signal is
sampled along the line following the gradient direction. The one-
dimensional signal f ðnÞ : N-R in the local coordinate system Ou is
then defined on the interval nA ½1,N� of N integer samples. The local
optimization process consists of finding nL and nR, respectively, the
abscissae of the points L and R by checking Fourier ‘‘gradients’’ of the
signal. To this end, four small windows of length l (typically l¼ 4, 8
or 16) are considered (c.f. Fig. 3(c)). They are defined below:

vL ¼ f ðnþnL�lÞ, vR ¼ f ðnþnLþwÞ,

vSL ¼ f ðnþnLÞ, vSR ¼ f ðnþnLþw�lÞ:

Then, the DFT transforms VL, VR, VSL and VSR of each of these
windows are computed. The correction by Hamming window is
performed in order to reduce the boundary effects. The Fourier
‘‘gradient’’, which is the distance between two signals in the
Fourier space, is expressed below:

mðV1ðkÞ,V2ðkÞÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPl
k ¼ 0ðjV1ðkÞj�jV2ðkÞjÞ

2
q

mmax
, VðkÞ ¼

Xl

n ¼ 0

vðnÞe�2ipkn=l:

ð3Þ

The term mmax is a normalization factor and it corresponds to the
maximum value of the distance m along one section, whereas

Detection of candidate regions

Input image (n scales)

Final set of curvilinear regions

Edge detection 
and linking

Section detection and 
region construction 2D constraints

Region filtering

Filter duplicate 
region Merging operation Bridging

operation

Fig. 2. The block diagram of the curvilinear region detector (CRD).
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jVðkÞj stand for the magnitude of the DFT. By using the Fourier
‘‘gradient’’ distance in combination with the usual local derivative
of the intensity allows us to measure the distance between two
textured patches, through exploiting the translation invariance
property of the DFT [35].

The one-dimensional localization of the curvilinear section is
posed as an optimization problem where the cost function, Q(nL,
w), is defined as the product of four terms: the Fourier ‘‘gradient’’
on the left and the right side of the section, i.e. PL(nL,w) and
PR(nL,w) respectively, the border similarity term PS(nL, w) and the
regularization term PW. The quantities are given below:

PLðnL,wÞ ¼mðVLðkÞ,VSLðkÞÞ,

PRðnL,wÞ ¼mðVRðkÞ,VSRðkÞÞ,

PSðnL,wÞ ¼ 1�mðVLðkÞ,VRðkÞÞ:

The regularization term is a prior on the width of the curvi-
linear region w, which is modeled as a random variable according
to the normal distribution, i.e. PW ¼Nðwp,swÞ. The mean wp is
equal to the width of the neighboring curvilinear section and
the variance sw is related to the detector (sw ¼ 0:1 in the next
experiments).

The optimal parameters (nL
n, wn), which specify one-dimen-

sional location of the section, are found by searching for the local
maxima of the cost function Q(nL, w) according to the following
equations:

Q ðnL,wÞ ¼ PLðnL,wÞPRðnL,wÞPSðnL,wÞPW ðnL,wÞ, ð4Þ

n�L ,w� ¼ argmax
wA/0,wmaxS,

nLA/0,nmax�2lS

Q ðnL,wÞ: ð5Þ

The parameter nmax stands for the length of the cross-section or
the line cut; the parameter wmax is an upper bound on the width
of the regions to be detected.

4.2.2. Curvilinear region construction

In order to form the curvilinear region, a curvilinear section is
determined at every point along the edge line as described above.
The sections are linked to form a curvilinear region. However, the
resulting regions need to be filtered, so that only those having
regular shapes are selected. The filtering process exploits geo-
metric constraints.

4.2.3. The application of geometric constraints

Assuming that a given curvilinear region is well characterized by
the width and the curvature, we introduced constraints on the
continuity of both the width wi and the curvature gi of the region.
The curvature is estimated using the angle evaluated at the axis
point Ai in the triangle defined by three consecutive axis points Ai-1,

Ai, Ai+1. The constraints are defined in the following equation:

jwi�wiþ1j

logðwiÞ
oe1, jgi�giþ1joe2, ð6Þ

where e1 and e2 are the parameters of the detector (the thresholds
were empirically determined and fixed to e1 ¼ 2 and e2 ¼ 0:03).

4.3. Multi-scale detection

All the region detection steps—edge detection, edge linking,
cross-section detection, region construction and the application of
two-dimensional constraints, are applied in the scale space. At
each scale level k, the input image, I(x,y), is smoothed with a two-
dimensional Gaussian filter of variance sk to produce the image
Isk
ðx,yÞ, with k ¼ 1, y,kmax (typically kmax¼3). Then, the region

detection steps are applied to each smoothed image, Isk
ðx,yÞ,

outputting curvilinear regions Ck. The final set of regions is
F¼

S
Ck. The scale space approach allows detection of regions

for a large range of widths (typically from w¼2 pixels up to
w¼100 pixels in 1024 �1024 images). This is also more compu-
tationally efficient than a single scale analysis with a high value of
wmax. The parameters nmax and wmax, introduced in Eq. (5), are a
linear function of the variance sk, and their initial value were
usually fixed from 12 to 25 in the next experiments.

4.4. The merging and bridging operations

The detected regions are further analyzed for similarities, e.g.,
in terms of neighborhood, collinearity, width, pixel values, etc. in
order to decide whether to connect them.

The merging operation is defined as the construction of a new
region C from two different regions A and B, with compatible
properties on either of their extremities. The term ‘‘extremity’’
refers to a set of axis points, either at the head or at the tail of a
given region. The extremities are denoted as A1 and B1, respec-
tively. So, when an overlap is found between extremities, a multi-
valued distance, Da ¼ (d1, d2, d3), is calculated. The term d1

denotes the distance between the centers of gravity of the axis
points of extremities A1 and B1, belonging to the overlapping area.
The term d2 denotes the relative difference between the average
widths of A1 and B1. The last term d3 denotes the difference
between the orientations of A1 and B1. d1 and d2 are normalized
regarding the average width of extremities.

If the distance Da is small enough, i.e. dirai with i¼1,y,3,
then the encompassing extremity is preserved only in order to
form the region C, in addition to the non-overlapping parts of
both regions A and B. Even if there is some variation of the
curvature in the overlapping area, d1 is low if the two regions are
‘‘co-curvilinear’’, not necessarily ‘‘collinear’’, and d1 is higher in
other cases. Four cases are depicted in Fig. 4. This constraint

d1 is low
d2 is low
d3 is low

Region A

Region B

d1 is high
d2 is low
d3 is low

d1 is low
d2 is low
d3 is high

d1 is low
d2 is high
d3 is low

Fig. 4. An illustration of the merging operation: (a) the merging is possible, since A and B are ‘‘co-curvilinear’’, (b–d) the merging is not performed.
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allows to remove some noise in complex background such as
grass. In the retina context, the d1 constraint could be released.

The thresholds, ða1,a2,a3Þ, are determined empirically and
they define the merging model. We fixed a1 ¼ 0:4, a2 ¼ 2,
a3 ¼ 453 for the next experiments.

The bridging operation is defined as the construction of a region
C from two distinct regions A and B, such that the geometric and
appearance properties of either of their extremities are similar
enough. The idea is similar to the method developed by
Deschenes in [36] or by Steger in [13] for line junction detection,
but we use a different definition of similarity, including properties
such as width, collinearity and local luminance.

In the case that two disjoint extremities, A1 and B1, are found to
lie close to each other, a global score function Fa ¼ f1 � f2 � f3 � f4, is
defined in order to find the most suitable extremities for bridging.
The terms f1 and f2 are inversely proportional to the distances of the
centers of gravity of both extremities, and their corresponding
widths, respectively.

The quantity f3 is defined in terms of the collinearity of both
extremities. And finally, the term f4 is related to the difference
between the average luminance in the extremities A1 and B1. If
each individual score is acceptable, i.e. fiZbi with i¼1,y,4, and
the global score Fa is local maximum over a search window, then,
the two extremities A1 and B1 are extrapolated in order to form
the bridged region C. It should be mentioned that the thresholds,
bi with i¼1,y,4, are determined empirically and they can be
adjusted in order to deal with a range of bridging models (b1 ¼ 4,
b2 ¼ 4, b3 ¼ 153, b4 ¼ 3 in the next experiments). Fig. 5 shows a
typical example of the bridging operation, when applied on a
real image.

4.5. Examples of region detection

Fig. 6 depicts some example results obtained by applying the
curvilinear region detector. Identical parameters were set in all
the cases (the value of key parameters is provided in Table 1).
Most curvilinear regions of the objects are detected by the CRD
despite the presence of complex or highly textured background.
The performance of the detector is evaluated in detail in the next
section.

5. Evaluation of the CRD detection

5.1. Qualitative evaluation of the detection

First, we compare the results of the CRD and the method of
Steger [13], which is a general (unsupervised) method for detec-
tion of linear structure and its executable is available. The CRD
parameters were set to optimize segmentation results on a subset
of Berkeley database images. Fig. 7 shows detections produced by

Fig. 5. An illustration of the bridging operation: (a) the original image showing the intersection of cables, (b) the detected regions without bridging, and (c) the detected

regions are bridged.

Fig. 6. Examples of the detected curvilinear regions.

Table 1
Key parameters of the CRD.

Step of detection Parameters value

Scale wmax¼12, kmax¼3

Geometric constraints e1 ¼ 2, e2 ¼ 0:03

Merging a1 ¼ 0:4, a2 ¼ 2, a3 ¼ 453

Bridging b1 ¼ 4, b2 ¼ 4, b3 ¼ 153 , b4 ¼ 3

C. Lemaitre et al. / Pattern Recognition 44 (2011) 1514–15271518
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both methods. From left to right, the original image, the CRD
result (edges and sections), and Steger’s detector result (only the
axis is available) are depicted.

Steger’s detector produces many false positives in textured
regions. This is particularly visible in the last two images, where
numerous curvilinear regions are detected in the grass, as well as
in the texture of the tree near the bird, or in the trees near the
Roman amphitheater. Moreover, ‘‘thick’’ regions, i.e. regions with
small length-to-width ratios, are not detected. The CRD is less
sensitive to the background type and curvilinear objects are
detected even on complex backgrounds, e.g. the sticks in Fig. 7
(bottom) and the stand of the sign in Fig. 7 (penultimate row).

5.2. Quantitative evaluation on retinal images

A potential application for the CRD is in medical image
analysis, e.g. for the detection of blood vessels in retinal images.

To evaluate the CRD performance in this field, a thorough
comparison against state-of-the-art detectors developed specifi-
cally for blood vessel segmentation, such as [37,38,2,39,32,40],
was carried out. We used the reference database DRIVE [32], for
which the ground truth was obtained through manual segmenta-
tion supervised by an experienced ophthalmologist. Note that the
CRD is set to detect only dark curvilinear regions on light

Fig. 7. Comparison of CRD and Steger’s results. From left to right: original images, CRD results, Steger’s results.

Table 2
The precision of detectors for retina vessel segmentation.

Method Precision Ps Method Precision Ps

Human 0.947 CRD 0.928

Staal 0.944 Jiang 0.921

Neimeijer 0.941 Martinez-Perez 0.9181

Zana 0.9377 Chaudhuri 0.87

C. Lemaitre et al. / Pattern Recognition 44 (2011) 1514–1527 1519



Author's personal copy

background. This ensures the removal of some false positives
between two blood vessels. Parameters of the CRD were tuned on
a randomly chosen retinal image and then fixed for all experi-
ments. Segmentation precision Ps is measured as the average
number of well classified pixels, i.e. true positive pixels (TP) and
true negative pixels (TN), which are present inside a given mask of
size Nmask; Ps ¼ (TP + TN)/Nmask. The processing is restricted to a
circular mask encompassing all the blood vessels. The results of
the precision for each detector are provided in Table 2.

The precision of the CRD (0.928) is very close to that of the
best task-specific detector, which is Staal (0.944).

Fig. 8 shows two examples of the results of the retina vessel
segmentation obtained by CRD, Chaudhuri, Martinez-Perez and

Staal methods; manual annotation is also shown. The main
differences in the results are due to the fact that the CRD does
not detect vessels for which the contrast is very low. Note also
that sometimes, the bridging step fails, mainly because of numer-
ous cases of ‘‘Y’’ shape which is not modeled by our algorithm.

5.3. Quantitative evaluation in the general case

The test was carried out on images from the W–CS dataset,
described in Section 3. ‘‘Ground truth’’ for these images was
obtained by manual segmentation.

Detection results for a subset of W–CS dataset, namely for the
branch, goal, fence, net, barrier, sign and stick images are depicted

Fig. 8. Comparison of the segmentation results for the retina vessels: (a.1:2) the original images, (b.1:2) manual segmentation, (c.1:2) Chaudhuri method, (d.1:2)

Martinez-Perez method, (e.1:2) Staal method, (f.1:2) CRD method.
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in Fig. 9. From left to right, the figure shows the original images,
the result of the CRD, and the ‘‘ground truth’’ images.

Table 3 provides the segmentation precision (Ps) and the
detection computation time. The precision numbers are in the
range [89–100%], similar to those obtained in the specific context
of retina vessel segmentation.

6. From detection to matching: the curvilinear region
descriptor

Many points in a close vicinity of a curvilinear structure are
unrelated to the curvilinear region itself. These points are a part of
the background or another object. Thus, conventional region-
based descriptors are not directly applicable for matching of
curvilinear structures.

The proposed descriptor, which combines the idea of shape
context [8] and geometric hashing [30], assumes that curvilinear

features with similar orientations and scale originated from the same

object. The idea can be extended to the similarity of intensity
profile, color, texture or any other relevant measurement. The
pre-segmentation according to properties facilitates matching on
structured backgrounds, where standard descriptors that are
sensitive to occlusions (patch-based descriptors) or assume
segmented shape (shape-context) fail.

The curvilinear region shape descriptor is defined as follows.
Let us recall the definition of a curvilinear structure

A¼ fðAi,wi,yiÞ,i¼ 0, . . . ,lg ð7Þ

and denote the i-th element of a curvilinear structure
Ei ¼ ðAi,wi,yiÞ.

Let us assume that each element Ei is associated with a vector
of measurement values Pi¼(pi1,y,pik) that describes the proper-
ties of the element such as width and orientation, Fourier
coefficients of the cross-section. Let us denote the similarity
measure (e.g. Euclidean distance) between the properties of Ei

and Ej as d(Pi, Pj). Let E be the set of all curvilinear elements
Ej ¼ ðAj,wj,yjÞ, which are present in the neighborhood of Ei, within
a radius ri ¼ xwi, that possess properties Pj similar to the proper-
ties of Pi. Then the neighborhood of curvilinear element Ei is
Ei ¼ fEjjdðPi,PjÞoD,JAi,AjJorig, where D is a maximum tolerated
difference; the parameter x defines the size of the neighborhood.

The curvilinear descriptor is defined as a histogram of loca-
tions and orientations in the neighborhood Ei. The locations are
organized in a log-polar coordinate system as in GLOH descrip-
tor [41]. However, instead of using gradient orientations, the
oriented curvilinear elements EjAEi are employed. Each curvi-
linear element, EjAEi, is added to the appropriate ðyj�yiÞ orienta-
tion bin in the log-polar coordinate system relative to Ei. The log-
polar coordinate system is centered at the axis point Ai of Ei and
the orientations are relative to the direction of yi. Additional
robustness is gained by distributing values into neighboring bins
both in orientation and position. Fig. 10 illustrates some regions,
which are included in building the histogram.

In the experiments, the curvilinear orientation histogram
descriptor (COH) employs eight orientation and three radii bins,
each with histogram of four orientations, resulting in a
96-dimensional vector. The descriptor histograms are computed
for curvilinear elements, sampled at a rate of 10 in order to
alleviate the computational load. The size of the measurement
region was set to x¼ 8. A typical length of curvilinear elements
depends on the image size and the context, but is usually from
wj¼2 to 25 pixels at a given level of scale, and from wj¼2 to 100
pixels using multi-scale detection. The typical number of curvi-
linear elements in a curvilinear structure is usually from l¼20 to
1000 for 1024 �1024 images.

Fig. 9. Evaluation of the segmentation performances of the CRD. They are:

the branch, the goal, the fence, the net, the barrier, the sign and the stick,

downwards respectively. From left to right: (1) original images, (2) CRD results, (3)

ground truth.

Table 3
The detection precision and the computation time of the CRD.

Image Precision (Ps) Time (s)

Branch 0.897 61

Goal 0.943 3

Fence 0.892 11

Net 0.912 19

Barrier 0.944 17

Sign 0.971 26

Stick 0.980 103
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Radius ri

Sections of curvilinear regions that 
contribute to the histogram calculation

Sections of a curvilinear region that are 
not counted in the histogram calculation

Fig. 10. An illustration of COH, the curvilinear region descriptor. The CS on the left is not included into COH as it has an incompatible (larger) width. The CS on the right has

an acceptable width and it contributes to COH.

Fig. 11. Test images for repeatability evaluation under change of scale (a, first row) and viewpoint (b), with blur (c), JPEG compression (d), and illumination change (e, bottom).
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7. Repeatability analysis

The aim of this analysis is to measure the robustness of the
CRD detector to image transformations. By following the protocol
of Mikolajczyk et al. [1] on W–CS images, we measure the
repeatability of the CRD–COH with respect to: viewpoint change,
scale change, blur change, JPEG compression and illumination
change.

The CRD–COH repeatability is compared with established
detection-description methods: MSER [2], IBR and EBR [3], Hes-
sian-Affine [42] and Harris-Affine [43] detectors were used for
this purpose, SIFT [4] for description.

The detected curvilinear structures were characterized by
using the COH defined in Section 6. A set of matches is formed
by finding all mutually closest pairs of features from the set of
descriptors in the reference (first image) and in the distorted
(viewpoint, scale, blur, JPEG compression and illumination change)
image.

The test images are depicted in Fig. 11. For each experiment, a
row of Fig. 11 depicts, from left to right, the reference image and
the five distorted images. To evaluate repeatability, an overlap
error introduced in the protocol [1] was used for standard
detectors. With a known homography between the reference
and the distorted image, detections from the distorted image
are back-projected to the reference image and the overlap of
elliptic regions is computed. The overlap error is defined as the
ratio between the intersection and the union of two elliptic
regions. For the curvilinear detector and descriptor, the overlap
measure is not suitable because of the specific shape of the
curvilinear structures. Therefore, a criteria that measures the
distance between back-projections of curvilinear elements into
reference image and the detections in reference image are used.
Thus, the Figs. 12 and 13, showing the results of the repeatability

performances for each method, allow mainly to compare the
behavior of the detectors under different distortions.

In the matching part of the experiment, we have introduced a
geometric consistency check. Each matching pair of curvilinear
elements hypothesize a similarity transformation between images.
The similarity transformation between each pair of matches is
compared to the transformation of neighboring matches and incon-
sistent matching pairs are removed. We require each match to be
consistent with at least 10 neighboring pairs. This extension to the
matching part of the protocol is denoted as CRD/GC.

Scale change. To study the effects of a scale change on the CRD,
a collection of images were obtained by varying the scale para-
meter in the following range: {1, 1.2, 1.35, 1.5, 1.95, 2.11}. These
images are presented in the first row of Fig. 11.

The percentage of correct matches is high for both CRD
approaches, ranging from 96% to 88% for the CRD with geometric
consistency, i.e. CRD/GC, and from 77% to 63% for the plain CRD,
i.e. without geometric consistency, see Fig. 12. Clearly, the CRD is
at least as stable as other methods in terms of the percentage as
well as in terms of the number of correct matches.

Viewpoint change. The set of images, which are employed for
this test, are obtained by varying the viewpoint of the camera to
take the following values: {0, 15, 25, 35, 45, 60} in degrees. The
percentage of correct matches for the CRD/GC varies from 39% to
15%, whereas it decays from 27.2% to 8.8% for the plain CRD. The
best percentage for a standard detector, methods, is that of the MSER
where it varies from 1% to 7%. The decay of the CRD/CG is comparable
to other methods in terms of number of correspondences.

Blur change. The test images were obtained by convolution
with a Gaussian kernel of with the following values of
s : f0,2,3,4,5,6g. The decay of the CRD/CG is comparable to other
methods in terms of the number of percentage of correct matches,
and the CRD/CG outperforms clearly the CRD.
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Fig. 12. Comparison of the repeatability performance for the CRD method, with respect to scale and viewpoint changes. The percentage (left) and the number (right) of

correct matches.
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JPEG compression change. The database of images was obtained
by setting the JPEG compression ratio at different values. The
image scene is chosen to contain a mixture of homogeneous
regions as well as high-frequency parts. The percentage of correct
matches of the CRD is very similar to the Hessian-Affine and the
Harris-Affine methods. Note that with progressing JPEG compres-
sion, the overall number of correct matches decays significantly
for the CRD as the quality of lower contrast edges decays due to
JPEG compression artifacts. This is not a significant problem for
the other region-based detectors.

Illumination change. The set of images was generated by
changing the shutter speed of the camera. The exposure times
were {1/100, 1/160, 1/200, 1/300, 1/400, 1/640} second. In terms
of the percentage and number of correct matches, the CRD and
CRD/CG are comparable to other detectors.

The number of correspondences, obtained using the CRD is
usually lower than those obtained by using other methods. This is
due to the fact that the number of curvilinear regions is naturally
lower when compared to the number of features that are found in
the other methods.

The most important result is that, except for the JPEG com-
pression, the drop of the CRD related curves is generally smaller
than for standard features.

8. Matching curvilinear structures

8.1. Matching

Pairs of still images from the W–CS dataset of natural scenes
with wiry objects were employed in order to evaluate the
matching performance of the CRD method. The image pairs are
the chairs, the front of the house, the net, the fence, the cables and
the sign. The pairs are characterized by slight changes in the
viewpoint in scenes, which is sufficient to induce a significant
background change.

The detected curvilinear structures were characterized by
using the COH. A set of tentative correspondences was formed
by finding all mutually closest pairs from the set of descriptors in
the first and the second image, respectively.
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Fig. 13. Comparison of the repeatability performances for the CRD method, with respect to blur, JPEG compression and illuminations changes. The left figures represent the

percentage of correct matches, whereas the right figures represent the number of correct matches.
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Results are summarized in Table 4. The CRD–COH operator
outperforms the DOG–SIFT method if the images are composed
mainly of wiry objects and there is a significant background
change between these images, e.g. for the cables, the net, the
stairs and the front of the house. In such cases, the number of
correct matches is much higher in the CRD–COH than in the
DOG–SIFT approach. However, in the other cases, the number of
correct matches in the CRD method is lower than for the DOG–
SIFT. Examples of correct correspondences (the chairs, the front of
the house, the net, the fence and the sign) are presented in Fig. 14.

8.2. The influence of the fourier gradient

We evaluated the effect of the window length l of the Fourier
gradient, used in the cross-section localization, on matching

quality. The average results (for six pairs of images) obtained by
varying l from 1 to 16 are presented in Table 5.

For l¼ 1, the Fourier gradient is replaced by the standard first-
order derivative. The optimum matching is obtained for l¼ 8.
This experiment shows the superiority of the Fourier gradient
compared to the standard first-order derivative.

9. Conclusions

A method for the detection and description of wiry objects and
curvilinear structures was presented. The contributions are: (1) a
novel and general process for curvilinear region detection (CRD)
and segmentation, (2) the introduction of the COH, a new shape-
context like descriptor which allows matching of curvilinear
structures and (3) the W–CS dataset.

We verified qualitatively and quantitatively that the CRD
yields competitive segmentation results for different classes of
images, such as retinal, urban scene and outdoor images. The
repeatability of the detector combined with the descriptor was
compared with commonly used affine-covariant detectors
(e.g. MSER, Harris and Hessian-Affine). The detector of curvilinear
regions is, with the exception of JPEG compression, less sensitive

Fig. 14. Example of correct correspondences, which are found in scenes with viewpoint and background changes: (a) the chairs, (b) the front of the house, (c) the net, (d)

the fence and (e) the sign.

Table 4
Comparison of the number and percentage of correct matches (inliers), obtained

through the CRD–COH and the DOG–SIFT approaches.

CRD–COH matches DOG–SIFT matches

# % # %

Fence 78 17 91 31

Cable a 413 69 370 89

Cable b 67 32 21 43

Chairs 76 29 136 79

Net 462 43 15 8

Stairs 32 4 1 1

Front of house 134 10 39 36

Table 5
The effect of Fourier window length on the matching performance.

Window length k 1 4 8 16

Correct matches (%) 16 26 35 30
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to the image transformations (viewpoint, scale, illumination,
compression, blur) than the standard detectors.

We demonstrated that the CRD–COH supports matching
of wiry objects, even in difficult cases where the background
is highly textured and when there are significant changes
between the views. We note that the CRD–COH can be combined
with standard features and descriptors to robustify image-to-
image matching results, since the sets of patches are nearly
disjoint.

Experiments also showed that the Fourier based gradient
which takes into account differences in texture properties inside
and outside of a given region outperforms the standard first-order
derivative.

The processing time using a standard PC and C++ based
implementation is around 20 s for 1024 �1024 images. This is
acceptable in many applications, but the speed does not support
real-time use.
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