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Abstract

Shape context has been proven to be an effective
method for both local feature matching and global con-
text description. In this paper, we propose a method to
build a glocal shape context descriptor in cluttered im-
ages. By using the proposed keypoint centered multiple
scale edge detection (KMSED) method, glocal shape
context encodes fine-scale edges in the keypoint center
region while coarse-scale edges in the outer region. In
this way, local and global image information are encod-
ed at the same time into a 68 dimension feature vector.
Experiments show that the proposed glocal shape con-
text makes significant enhancement over the local shape
context descriptor and outperforms SIFT under severe
illumination change and high JPEG compression.

1. Introduction

Local image feature descriptors developed in recen-
t years [7] have been successfully applied to computer
vision tasks such as object recognition, image retrieval,
stereo correspondence and reconstruction, robot naviga-
tion etc. The most well-known feature descriptor SIFT
has been proven to be distinctive and robust under im-
age transformations due to moderate viewpoint changes
or illumination changes [6]. SIFT descriptor is based on
histogram of local oriented gradients (HOG) in images.
Despite being successful in many applications, SIFT is
limited by the locality of its descriptor. No contextu-
al information is encoded in SIFT. This makes SIFT
unable to discriminate repeated image patterns. More-
over, under large viewpoint or illumination changes,
to increase the robustness of matching, the matching
threshold needs to be lowered to adapt to changes in
local image regions. But at the same time, lowering
the matching threshold may result in a number of mis-
matches, thus sacrifice the descriptor’s distinctiveness.
The dilemma can only be overcome when more infor-

mation is incorporated into the descriptor or the match-
ing process.

To overcome the limitations above, some previous
works add global contextual information into SIFT
[8, 4]. Many of these works use the shape contex-
t (SC) technique to encode global contextual informa-
tion. Shape context was originally proposed for bina-
ry shape matching by encoding the distribution of edge
points in local image regions [3]. It is a very flexible de-
scriptor. By adjusting the size of its log-polar bins, one
can use it as a local [7], semi-local, or global feature de-
scriptor. This makes SC suitable to be a descriptor for
global contextual information. Some works [8, 4] com-
bine SIFT with SC by concatenating SC feature vector,
which encodes global image information, to the origi-
nal SIFT feature vector. Wang et al. [9] uses SIFT and
SC together to encode both local and global features for
leaf image classification. However, in the SIFT + SC
combination, local image region is described two times
by SIFT and SC separately. There is redundant informa-
tion inside such descriptors. In another aspect, SC itself
has been shown to be an effective local feature descrip-
tor with good performance and low dimension [7]. One
may raise the question that if we can make SC to de-
scribe both local feature and global context at the same
time in one feature vector, which means to build SC as
a GLOCAL feature descriptor.

However, to build such a glocal shape context de-
scriptor, we face several difficulties. Firstly, as a global
descriptor, SC is only effective for images with clear
edges which well delineate object shapes or boundaries
on large-scale. In cluttered images with rich textures,
the existence of many small edges will affect the ef-
fectiveness of SC, since edge points tend to distribute
evenly in bins when texture is rich. Secondly, as a dis-
tinctive local descriptor, SC is only effective in image
regions with rich texture information. Edges on fine-
scale are essential for the distinctiveness of the descrip-
tor. The above two properties seem to contradict each
other, which make building glocal shape context be-



Figure 1: Multi-scale edge detection(MSED) on the
Lina image.

Figure 2: An original image and its edgemap.

come a challenging problem.
In this paper, we build a glocal shape context feature

descriptor based on edges detected using multiple-scale
edge detection method. In the center (local) region of
the descriptor window, the descriptor encodes informa-
tion of edges detected on fine-scale. While in the out-
er (global) region, the descriptor encodes information
of edges detected on coarse-scale. In this way, the de-
scriptor effectively takes both the local detailed texture
information and the global contextual image informa-
tion. We evaluate the proposed method under illumi-
nation change, viewpoint change and JPEG compres-
sion. The performance is compared with SIFT and local
shape context.

2. Keypoint-centered Multi-Scale Edge De-
tection (KMSED)

A main difficulty of using edge for constructing fea-
ture descriptor in cluttered images is that edge is not a
well defined image feature. Edges may appear and dis-
appear with changing threshold or scale in edge detec-
tor. Moreover, some edges correspond to coarse scale
while others correspond to fine-scale image structures.
As we have discussed, we need fine-scale edges for a
local descriptor, while coarse-scale edges for a glob-
al descriptor. Lindeberg [5] proposed the method of
multi-scale edge detection (MSED) in scale space. The
scale space is formed by the convolution of the image
and Gaussian kernels of different variance. Fine- scale
edges and coarse-scale edges can be detected on differ-
ent scales in scale space. Figure 1 shows the result of
MSED on different scales of the Lina image.

Here we propose the keypoint-centered multiple-
scale edge detection (KMSED) method. KMSED starts
with a special convolution between the image and a s-

Figure 3: Pre-computed Gaussian blurred images with
different variance.

patially varying Gaussian kernel. The variance of the
Gaussian kernel changes as the kernel is applied to d-
ifferent pixel locations in the image. The variance in-
creases as pixel location moves away from the keypoint.
The result of this special convolution is a mixed multi-
ple scale (MMS) image which is similar to human vi-
sion: clear in the center region while blurred in the out-
er region. This special convolution can be expressed as
the following:

Suppose we have a keypoint P = (x, y) in the o-
riginal image I, for another image point Q = (i, j), we
generate a Gaussian kernelGQ, which is of sizeM×N
and variance σ ∝ dist(P,Q). MMS image around key-
point P is computed as:

I′P (i, j)=

N∑
v=1

M∑
u=1

I(i−M
2
+u, j−N

2
+v) ∗GQ(u, v)

(1)
where σ ∝ dist(P,Q) means σ is proportional to the
distance between P and Q. The above can be written
in a simplified way as: I′P (i, j) = I(i, j)

⊗
Gσ(d).

⊗
denotes the special convolution.

Unfortunately, applying spatially varying Gaussian
kernel around each keypoint is computationally ex-
pensive [2], especially when the region of interest is
large. We therefore pre-compute Gaussian blurred im-
ages with different variance. Then these images are
mixed by interpolation to create an image which sim-
ulates an MMS image. Canny edge detector is then ap-
plied on the result image. Figure 2 shows an original
image and its edgemap detected by canny edge detec-
tor. Figure 3 shows the pre-computed Gaussian blurred
images with different variances. Figure 4(left) shows
the MMS image obtained by the proposed method. Fig-
ure 4(right) shows edgemap detected by the proposed
KMSED method. KMSED generates edge detection re-
sults with fine scale edges in the center region around



Figure 4: Left: MMS image around a keypoint (indicat-
ed by red cross). Right: edgemap detected by KMSED
method.

Figure 5: Another example of an MMS image and its
edgemap.

the keypoint, and coarse-scale edges in the outer region.
This well fits the need of building a glocal shape context
descriptor. Figure 5 gives another example of an MMS
image and its edgemap.

3. GLOCAL Shape Context Descriptor

We use log-polar like bins for the proposed GLO-
CAL shape context descriptor. The radius of bin layers
are set to be (6 11 15 32 64). This arrangement does not
follow exactly the log function. (6 11 15) are chosen to
be the same as in the local shape context proposed in
[7]. The extended layers with radius 32 and 64 contain
semi-local neighborhood and global contextual region
around the keypoint. Each layer (except the first layer)
is divided into four bins in the angular direction. Figure
6 illustrates the configuration of bins.

We use difference of Gaussian (DOG) detector to
detect keypoints. This brings scale-invariance proper-
ty to the descriptor. Glocal shape context bins as de-
scribed above are constructed around each keypoint. In-
side each bin, edge orientations from KMSED are quan-
tized into 4 directions (horizontal, vertical, two diago-
nals) like in [7]. To deal with unstable factors during
edge detection, gradient magnitude of each edge point
is used as a weighting factor while computing the edge
orientation histogram. In this way, we extract a 68 di-
mension feature vector around each keypoint detected
by DOG.

Figure 6: Bins used in glocal shape context.

Figure 7: Reference images (image 1) of the test se-
quences. Left: leuven sequence; middle: ubc sequence;
Right: graf sequence.

4. Experiments

We evaluate the proposed glocal shape context de-
scriptor on three sequences of images in the test dataset
of [7], which are associated with homography ground
truth. We compare its performance with SIFT and local
shape context proposed in [7]. The first sequence used
is the leuven sequence which has severe illumination
changes. The second sequence used is the ubc sequence
which has high JPEG compression. The third sequence
used is the graf sequence which has significant view-
point changes. The reference images (image 1) of the
three sequences are shown in Figure 7.

Feature detection is done by DOG detector using
the implementation of Vedaldi [1]. Based on the de-
tected features, the number of correct correspondences
are those features with DOG’s detected regions hav-
ing at least 50% overlaps with the ground truth [7].
For a fair comparison, the same region size is used for
the three descriptors. Distance between pair of fea-
tures are measured using Euclidean distance of descrip-
tor vectors. The matching results are obtained using
nearest-neighbor scheme [7]. We show the results in
(1-precision)-recall curves [7]:

recall =
#correctmatches

#correspondences

1−precision= #falsematches

#correctmatches+#falsematches

Figure 8 shows the comparison of the performance of
the proposed glocal shape context, local shape context
and SIFT. Figure 8(top) shows the matching results be-
tween image 1 and image 6 in leuven sequence. There
is severe illumination change between the pair of im-
ages. Figure 8(middle) shows the matching results be-
tween image 1 and image 6 in ubc sequence. There is



Figure 8: Comparison of SIFT, local shape context and
the proposed glocal shape context under severe illumination
change (top); high JPEG compression (middle); moderate
viewpoint change (bottom).

high JPEG compression in image 6. Figure 8(bottom)
shows the matching results between image 1 and image
3 in graf sequence. There is moderate viewpoint change
between the pair of images.

It is shown that under severe illumination change and
high JPEG compression, local shape context performs
better than SIFT. This may be due to that edge informa-
tion is more stable than gradient information under such

changes. It is also shown that the proposed glocal shape
context outperforms local shape context and SIFT sig-
nificantly in the two cases. However, under large view-
point change, SIFT outperforms glocal shape context
due to the large descriptor window of glocal shape con-
text, which is the problem we need to overcome in the
future. But glocal shape context still shows an enhance-
ment over local shape context.

5. Conclusion

In this paper, we propose a method to build a glo-
cal shape context descriptor in cluttered images. By
using the proposed KMSED method, we encode local
and global image information at the same time into a 68
dimension feature vector. Experiments show the pro-
posed glocal shape context makes significant enhance-
ment over the local shape context descriptor and outper-
forms SIFT under severe illumination changes and high
JPEG compression.
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