
Image Matching Based on A Local Invariant
Descriptor

Lei Qin
Institute of Computing Technology

Chinese Academy of Sciences
Beijing, China

Email: lqin@jdl.ac.cn

Wen Gao
Institute of Computing Technology

Chinese Academy of Sciences
Beijing, China

Email: wgao@jdl.ac.cn

Abstract— Image matching is a fundamental task of many
computer vision problems. In this paper we present a novel
approach to match two images in presenting significant geometric
deformations and considerable photometric variations. The ap-
proach is based on local invariant features. First, local invariant
regions are detected by a three-step process which determines
the positions, scales and orientations of the regions. Then each
region is represented by a novel descriptor. The descriptor is a
two-dimensional histogram. Performance evaluations show that
this new descriptor generally provides higher distinctiveness
and robustness to image deformations. We present the image
matching results. The matching results show good performance of
our approach for both geometric deformations and photometric
variations.

I. INTRODUCTION

Image matching is to estimate correspondences between
two views of the same scene, taken with different viewpoints,
orientations or focal lengths. Image matching is a crucial step
in many image processing tasks. For example, the technique
has been applied in image mosaic, target localization, auto-
matic quality control, structure from motion. But it is still a
challenging task, since the content of images to be matched
may have a wide range of different appearances, and may
be taken under different imaging conditions (lighting, scale,
rotation, and viewpoints). Even partial occlusion by moving
objects (pedestrian, vehicles) can exist.

Recent research shows local information is effective to
describe image content [1], and well adapted to image match-
ing, as they are robust to clutter and occlusion and don’t
require segmentation [2], [3], [4], [8]. Schmid and Mohr [1]
demonstrate that local information is sufficient for general
image recognition under occlusion and clutter. They use Harris
corners [7] as interesting points, and extract rotationally in-
variant descriptors from the patches around interesting points.
The descriptor guarantees that the rotated images can be well
matched. Lowe [8] uses the local extrema of DoG (difference
of Gaussian) in scale-space as the interesting points. He
proposes a distinctive local descriptor, which is computed by
accumulating local image gradients in orientation histograms.
Tuytelaars and Van Gool [4] construct small affine invariant
regions around corners and intensity extrema. Their method
looks for a specific structure ”parallelogram” in images.
Among the above methods, [1] and [8] are rotation and

scale invariant. [4] is affine invariant.
Many methods presented are intended for wide-baseline

matching [3], [5], [6]. Baumberg [6] uses the multi-scale Har-
ris feature detector, and orders the features based on the scale-
normalized feature strength. The neighborhoods of feature
points are normalized using an iterative procedure based on
isotropy of the second gradient moment matrix. Mikolajczyk
et al [5] propose the Harris-Laplace method. They detect
the Harris corners in multiple scales, then select points at
which the Laplacian measure attained the local extrema in
scale dimension. They extend their work to affine invariant
in [2]. Schaffalitzky and Zisserman [3] present a method for
obtaining multi-view matching given unordered image sets.
They use two kinds of features: invariant neighbourhoods
and ”Maximally Stable Extremal” regions [12]. They use the
complex filters as descriptor.

In this paper we want to solve the problem of matching
images in the presence significant geometric deformations and
considerable photometric variations. We introduce an approach
to detect local invariant regions and propose a novel descriptor
called the Angular Radial Partitioning Intensity Histogram
(ARPIH). Our method is based on representing the images
by a set of scale and rotation independent feature descrip-
tors. Features are extracted through two stages: first, local
regions which transform invariantly with scale and rotation
are detected in each image; second, a distinctive and invariant
descriptor is computed for each region. The descriptors are
used to match regions between images.

The paper is organized as follows. Section 2 presents the
novel descriptor. Section 3 provides experimental results com-
paring the novel descriptor to steerable filters [2] on feature
matching experiments. Section 4 presents the robust image
matching strategy and the image matching results. Section 5
draws some conclusions.

II. INVARIANT DESCRIPTOR

A. Local invariant region

The task of image matching by local information requires
detecting local image regions, which are invariant under
scale and rotation transformations of the image. A three-
step algorithm [5] is used to achieve the invariant regions
(x, y, scale, alpha): 1) locating interesting points (x, y); 2)
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Fig. 1. ARPIH descriptor construction. (a) An image region is divided
into 18 sub-regions. We use three bins for ρ(0.57, 0.85, 1) and six bins
for θ(1/3π, 2/3π, π, 4/3π, 5/3π, 2π). The number in the sub-region is its
index. The indexes of the third ring aren’t shown for clarity. Two sub-regions
in an image patch (b) map to two different columns in the ARPIH descriptor
(c). There are 18 bins in the intensity portion

associating a characteristic scale to each interesting point
(scale); 3) assigning an orientation for each invariant region
(alpha) [8].

B. ARPIH Descriptor

Given an invariant image region, we compute a novel
descriptor. The proposed descriptor is the Angular Radial
Partitioning Intensity Histogram (ARPIH). An ARPIH de-
scriptor is a two-dimensional histogram encoding the intensity
distribution in an image region, and the geometry relation
between the sub-regions. One axis of the histogram is an
index into the region of space subdivided radially around
the interesting point. The second axis is based on the image
intensity. The index of sub-regions is sorted in ascending order
both in ρ and θ as shown in Fig.1(a). We use bins that are not
uniform in ρ, which are selected by experiments. Each column
of the ARPIH descriptor (Fig.1(c)) is the intensity histogram
of pixels in the corresponding sub-region. An example is
shown in Fig.1. The invariance to affine illumination changes
(changes of the form I → aI + b) is achieved by normalized
the range of the intensity within the local region [13].

While Belongie et al. [9] also use the angular radial parti-
tioning histogram, ARPIH differs in that it combines the radius
and angle into an index into the subregion. Belongie et al. map
a subregion to a bin, and store the number of edge points of
the subregion in the bin; we map a subregion to a ”slice” of
ARPIH, and store the intensity histogram of the subregion in
the ”slice”.

C. Comparison of ARPIH Descriptor

Let Pi and Qj represent two image regions. COSTij =
COST (Pi, Qj) denotes the cost of matching these two re-
gions. We use χ2 test statistics [9].

COSTij =
1
2

N∑
n=0

M∑
m=0

[hi(n, m)− hj(n, m)]2

hi(n, m) + hj(n, m)
(1)

where hi(n, m) and hj(n, m) denote the values of the ARPIH
descriptor at Pi and Qj , respectively.

III. EVALUATION UNDER CONTROLLED

TRANSFORMATIONS

In this section we compare the performance of ARPIH
descriptor and steerable filters [2]. In a recent evaluation [11],

Fig. 2. Recall VS. 1-Precision curve on a matching experiment where target
images are rotated by 45◦ and scaled down by 2 times.

Fig. 3. Recall VS. 1-Precision curve on a matching experiment where target
images are distort to simulate a 30◦ viewpoint changes.

steerable filters had obtained better performance than those of
several filter-based descriptors. Thus they can represent the
”state of art” of currently used filter-based descriptors.
Transformations. Three transformations are examined :
1. Rotate images by 45◦ and scale the size of images down
by 2 times.
2. Distort images to simulate 30◦ viewpoint change.
3. Change image illumination amplitude by 50%.
Evaluation criterion. Invariant descriptors are extracted from
the original image and transformed image, respectively. Each
descriptor from the original image is compared with all de-
scriptors from the transformed image. If the distance between
a particular pair of descriptors is below the threshold t, this
pair is matched. The performance of descriptors is evaluated
using the Recall VS. 1-Precision criteria (obtained by varying
distance threshold t).

Evaluation results. Fig.2 plots the Recall VS. 1-Precision
curve of the matching experiment with scale and rotation
changes. The results show descriptor is better at handling
rotation and scale transformation for almost all values of 1-
Precision. Fig. 3 shows the experimental results of viewpoint
changes. The results show that ARPIH descriptor outperforms
steerable filters on all domain of 1-Precision. The Recall is
about 10% better than steerable filters. While Fig. 4 gives
the matching results when the image intensity changes. Both
descriptors are well-suited to represent simple illumination
changes.
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Fig. 4. Recall VS. 1-Precision curve on a matching experiment where the
illumination of target images is reduced 50%

IV. ROBUST IMAGE MATCHING

A. Robust Matching Strategy

To robustly match a pair of images, we first determine point-
to-point correspondences. We extract invariant descriptors
from the two images, and select the most similar descriptor
in the second image for each one in the first image based
on the cost function Eq. (1). If the cost is below the threshold
the correspondence is kept. All point-to-point correspondences
form a set of initial matches.

The robust estimator RANSAC is used to refine the initial
matches, and estimate the fundamental matrix F. After robust
fundamental matrix estimation, we obtain the epipolar geom-
etry of the image pair. The epipolar geometry can be used
to predict positions for new matches. We use this prediction
to increase matches. Let pa represents an interesting point on
the first image, and la = Fpa represents the epipolar line of
pa on the second image. For each interesting point p b on the
second image, we compute the distance dab of point pb to the
epipolar line la, such that

dab =
√

(pT
b Fpa)2/((Fpa)21 + (Fpa)22) (2)

We compute distance dba similarly. If the distance max(dab,
dba) is below a threshold, these two points are considered to
be matched. Since we use the robustly estimated F to guide
the search for new matches, the number of matches increases
efficiently.

B. Matching Results

In this section, we evaluate our robust matching strategy
on VGG’s Datasets [10]. Five image transformations are
examined:(1)scale and rotation changes; (2)viewpoint changes;
(3)image blur; (4)JPEG compression; (5)illumination changes.
These transformations include both significant geometric de-
formations and considerable photometric variations.

Fig. 5 shows the matching results for scale and rotation
changes. The rotation angle is 10◦ and scale factor is ap-
proximately 2.4. There are 47 inliers, all are correct. Fig. 6
shows the matching results for viewpoint changes. In this
transformation, we use two types of scenes, structured scene
and texture scene. Matching results show our method is
effective in both structured scene and texture scene. The first

Fig. 5. Example of scale and rotation changes. The two images are frames of
”boat” from Oxford Univ. There are considerable rotation and scale changes
between them. There are 47 matches. All are correct.

Fig. 6. Examples of viewpoint changes. The first row is structured scene,
which shows 270 inliers. The second row is texture scene, which shows 68
inliers. All of them are correct.

row of Fig. 6 shows the structured scene. There are 270 inliers.
The second row of Fig. 6 shows the texture scene. There are
68 inliers. All are correct.

We examine three types of photometric variations: blur,
jpeg compression and intensity changes. Top row of Fig. 7
illustrates the case of image blur. The blur is visible. Our
algorithm gets 79 inliers. We construct scale-space when detect
local regions, so the effectiveness to blur is intrinsic to our
algorithm. The experiment results validate this. The second
row of Fig. 7 shows the matching results between two images
with JPEG compression. Due to high compression rate, the
block effect is very significant. Most of the details are lost.
However, our algorithm obtains 102 inliers, all are correct. The
results show our approach is very robust to JPEG compression.
The third row of Fig. 7 shows the matching results when
illumination changes. The illumination variation is evident on
the windows and wall. There are 68 inliers, which shows our
approach can handle simple illumination changes.

V. CONCLUSION

In this paper we propose an approach to solve the problem
of obtaining reliable correspondences between two images in
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Fig. 7. Examples of photometric variations. Top row shows the matching
results of image blur. There are 79 inliers. The second row shows the matching
results of jpeg compression. There are 102 inliers. The third row shows the
matching results of intensity changes. There are 68 inliers. All are correct.

presenting significant geometric deformations and consider-
able photometric variations. This is important because reliable
correspondences are the basis of many computer vision appli-
cations. We present a novel region descriptor, which is based
on the intensity distribution. The comparative evaluations show
that this descriptor does well or better than the steerable filters.
The robust image matching experiments show our approach is
effectiveness to significant geometrical transformation as well
as robust to photometric variations.
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