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ABSTRACT
The state-of-the-art partial-duplicate image search systems
reply heavily on the match of local features like SIFT. Independently matching local features across two images ignores
the overall geometry structure and therefore may incur many
false matches. To reduce such matches, several geometry
veriﬁcation methods have been proposed. This paper introduces a new geometry veriﬁcation method named as Strong
Geometry Consistency (SGC), which uses the orientation,
scale and location information of the local feature points to
accurately and quickly remove the false matches. We also
propose a simple scale weighting (SW) strategy, which gives
feature points with larger scales greater weights, based on
the intuition that a larger-scale feature point tends to be
more robust for image search as it occupies a larger area of
an image. Extensive experiments performed on three popular datasets show that SGC signiﬁcantly outperforms stateof-the-art geometry veriﬁcation methods, and SW can further boost the performance with marginal additional computation.

Categories and Subject Descriptors
H.3.1 [Information Storage and Retrieval]: Content
Analysis and Indexing
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1.

INTRODUCTION

Given a query image and a large image dataset, the goal
of this work is to accurately and eﬃciently identify partialduplicate images, which may contain the same scenes or objects captured from diﬀerent angles, or originally the same
image altered manually in scale, contrast, etc. Figure 1
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Figure 1: Examples of partial-duplicate images.
shows some example images. Automatic solutions for ﬁnding partial-duplicates have many potential applications like
copyright violation detection, image annotation, web-scale
image search, and so on.
In the past decade, the performance of large scale partialduplicate image search has been signiﬁcantly boosted by using local invariant features [5, 4, 6, 7] and the well-known
Bag-of-Features (a.k.a. Bag-of-Visual-Words) representation [11, 8]. See a subset of representative works in [2, 9, 10,
18, 17, 14, 19, 15, 3, 12, 16, 13]. A typical step in many of
these approaches is to match similar local features between
each pair of images. Instead of exhaustively evaluating pairwise similarity of feature points, a more eﬃcient way is to
assume that feature points falling into the same visual word
are matched, which has been widely used. Through evaluating the number of matched patches, the similarity (and the
likelihood of having duplicate image regions) between two
images can be estimated. A major limitation of pure local
feature matching is that it ignores the spatial locations of
the local features, which have been proved to be very useful
in improving search accuracy [9].
One conventional approach to alleviate the problem is to
use RANSAC [7], which is able to perform careful geometry
veriﬁcation of the matched local features, but is computationally slow. To more eﬃciently verify the consistency of
the geometry structures of the matched features, weak geometry consistency (WGC) was proposed [2]. One assumption
in WGC is that the matched features should have similar
scale and rotation changes. Therefore it uses the peak values of scale and orientation changes histograms to measure

image similarity. An enhanced WGC (E-WGC) method was
further proposed in [17], which holds that though the reverse
transformation in scale and rotation, corresponding image
regions will also share uniform or similar translation. The
consistency of predicted translations is used as a measure of
geometry consistency.
A diﬀerent approach to tackle a similar problem, called
Geometric Coding (GC), was proposed in [18]. GC encodes
local feature points’ spatial relationships, and iteratively removes matches that cause the largest inconsistency in geometry structure.
  Obviously, the computational complexity
of GC is O n2 , which is much slower compared with WGC
and E-WGC.
In this paper, we propose a new geometry veriﬁcation
measure called Strong Geometry Consistency (SGC), which
is eﬃcient to compute and robust to scale changes, rotation,
slight 3D viewpoint changes, etc. The idea of SGC is motivated by WGC and E-WGC, with a key diﬀerence that SGC
not only considers the magnitude of displacement but also
fully uses translation in both x and y axes. In addition, SGC
divides the matched features into several groups based on
scale and orientation changes, which makes the evaluation of
geometry structure consistency more strict and eﬃcient. A
simple scale weighting (SW) method is also proposed, which
gives larger scale feature points greater weights, as features
in larger scales cover larger image areas and are therefore
expected to be more robust. In the following we ﬁrst introduce our proposed SGC and SW and then verify their
eﬀectiveness using several benchmark datasets.

2.

THE PROPOSED APPROACH

2.1 Strong Geometry Consistency
We start by brieﬂy explaining the idea of WGC and EWGC. Given two matched local feature points p (xp , yp ) and
q (xq , yq ) where x and y represents the spatial coordinates
of the two points, we can estimate the transformation from
p to q as follows:



 
 

xq
cosθ −sinθ
xp
tx
=s×
×
+
(1)
sinθ cosθ
yq
yp
ty
where tx , ty indicate the translation in the horizontal and
vertical directions respectively, s is a scaling parameter and
θ is a rotation parameter. The two parameters can be approximated by [2]:
s = sq /sp , θ = θq − θp

(2)

where sp and sq are the scales of the local feature points p
and q respectively, indicated by the local feature detectors
like the Diﬀerences of Gaussian (DoG) [5]. Similarly θp and
θq are the dominant orientations of the two points, which
can also be found in the outputs of the local feature detectors. The authors of [9] have found that using the simple
transformation model in Eq. (1) is just slightly worse than
the much more expensive RANSAC approach.
In WGC, s and θ for all the matched feature pairs are collected, which form two histograms. The peak values of the
two histograms are used to directly measure or slightly adjust the values of image similarities, because the peak values
can indicate the consistency of scale changes and rotation between the two set of matched features. E-WGC is directly
motivated by WGC. Based on Eq. (1), we can easily derive

the translation (tx , ty ):
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In E-WGC, a histogram of the L-2 norm of the translation
is used instead of the histograms of scale and orientation
diﬀerences, and the peak L-2 norm of all the matched pairs
is used to adjust the similarity of two images.
Reducing a two dimensional translation vector to a single
L-2 norm value in E-WGC makes it easier to compute the
peak values, but apparently also loses important information. In SGC, we consider the original 2-d vector. Speciﬁcally, we ﬁrst divide the matched feature pairs into k groups
softly, based on their rotation angles. Within each group,
we ﬁrst ﬁnd the pair which has the most similarly translated
pairs, its translation is deﬁned as the dominant translation
of the group, and then remove feature pairs which have a
signiﬁcantly diﬀerent translation with the dominant translation. After that, we use the number of remaining pairs in
the largest group to represent the similarity of two images:
Sim(i, j) = Nmax

(4)

where Nmax represents the cardinality of the largest group.
In addition to the beneﬁt from directly using the 2-d
translation vector instead of its L-2 norm, SGC is developed based on the assumption that there is a considerable
portion of the image regions sharing similar scale changes,
rotation and translation. In other words, the feature points
with similar translation must have similar scale changes and
rotation, while WGC and E-WGC do not explicitly consider
this. This allows SGC to perform strict and accurate geometry consistency veriﬁcation.
It is worth noting that in SGC the computational
com 
plexity of removing false feature pairs is O n2 , where n is
the number of the matched feature pairs in each group. However, as feature pairs are divided into several much smaller
groups by rotated angles, the speed is greatly improved since
n becomes much smaller. We will experimentally evaluate
the speed of SGC later.
Error Threshold of the Predicted Translation: While removing false matches in each feature pair group, we need
a threshold of the predicted translation (tx , ty ) to decide
which pairs are false matches. Using a ﬁxed threshold is a
straightforward choice but is not very reliable as there can
be many variations of duplicated image regions, which may
lead to diﬀerent levels of errors.
In this work, we propose a simple and eﬃcient way to automatically and adaptively predict the most suitable threshold. To that end we need to make several error assumptions.
First, the error of spatial locations of the detected feature
points is (empirically) assumed to be within 5 pixels. Such
an error exists because there may be a certain degree of oﬀset in the detector outputs for the same interest region when
image transformations exist. We also assume that the error
of θ is within θerror degrees. With these assumptions and
Eq. (3), we can have the following error threshold of the
translation:
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(5)
With Eq. (5), we have a better way of threshold estimation,
which allows more accurate ﬁltering of false matches, as will
be validated in the experiments.

2.2 Scale Weighting
A key assumption of scale weighting is that a feature point
(a region more rigorously), like SIFT, in a larger scale tends
to be more robust for matching, since it occupies a larger
image region and contains more information. One example
is that a leg of a table may be matched to many images
with similar objects like chairs, but a larger object like the
head of a movie star can be more rarely wrongly matched.
With this intuition in mind, we give the feature points in
larger scales greater weights during the process of ejecting
false feature pairs, where the weight is computed as :
SW = (s1 × s2 )n

(6)

we experiment with diﬀerent n from 0 to 1 on the 1M image
dataset. In the experiments we observe that the optimal
value of n is around 0.75. However, we simply use 1 for n
as it is only marginally worse than the optimal choice, but
is much more eﬃcient to compute Eq. (6).

3.

EXPERIMENTS

In this section, we experimentally validate the eﬀectiveness of our proposed approach and compare with several existing geometric veriﬁcation methods. All the experiments
are performed on a regular desktop computer with a single
2.53GHz Xeon CPU and 16GB RAM. Throughout the experiments we use DoG as the local detector and SIFT as
the descriptor [5]. To generate initial local feature matches
for geometry-based ﬁltering, we adopt a codebook of 200k
visual words.

3.1 Datasets and Evaluation Measure
We adopt three popular benchmark datasets:
The ﬁrst one is Oxford5K, which was introduced in [9].
It contains 11 diﬀerent landmarks in Oxford and 55 query
images. Together with a large number of background images
that do not contain any of the landmarks, this dataset has
totally 5,062 high resolution images.
The second dataset, called Holiday, was originally used in
[2], which consists mainly of personal holiday photos. The
dataset has 500 image groups, each of which depicts a different scene. In total there are 1,491 images. Following
existing works, the ﬁrst image of each scene group is used
as the query image and the correct search results should be
the remaining images within the same group.
The third dataset used in our experiments was collected by
the authors of [18], called GCdup. It contains 1,104 partialduplicate images in 33 groups, all downloaded from the Web.
100 images are selected as the query images in our experiments.
To make the task more challenging and realistic, we further adopt the MIRﬂickr 1 million dataset [1] as distracters.
By gradually adding images from this dataset to the above
3 datasets, we can better understand the robustness and
scalability of diﬀerent approaches.
For performance metric, we compute the widely adopted
Average Precision (AP) for each query and use mean AP
(mAP) to measure the overall performance of multiple queries.

3.2 Alternative Methods for Comparison
To show the eﬀectiveness of SGC and SW, we conduct
comprehensive comparative studies with the following approaches: (1) Standard BOF [8], using a codebook of 1 million visual words; (2) BOF+WGC [2], where initial search

Table 1: Average time cost of various geometric veriﬁcation methods on the Holiday dataset.
Method
Without HE With HE
WGC
1.16s
0.34s
E-WGC
1.63s
0.45s
RANSAC
5.58s
1.49s
GC
3.87s
0.97s
SGC
1.72s
0.49s
SGC+SW
1.74s
0.50s
results of BOF are reﬁned using orientation and scale of
matched feature pairs as described earlier in Section 2; (3)
BOF+E-WGC [17]; (4) Re-ranking based on RANSAC [9],
which facilitates good aﬃne-transformation veriﬁcation. Because the computational cost of RANSAC is very high, we
only re-rank the top 300 candidate images. (5) GC [18].
All these approaches are based on our own implementations, which may not be exactly the same with the original
papers. However, several of the approaches have been evaluated on one or more of the three datasets in corresponding
references. We have checked into those works and found our
obtained results very similar.

3.3 Results and Discussion
Figure 2 gives the performance of all the approaches. Overall we can see that the proposed SGC signiﬁcantly outperforms all the existing methods including BoF, WGC, EWGC, RANSAC, and GC. BoF is the worst since it does
not have any geometry veriﬁcation capability and therefore
involves lots of false matches. WGC and E-WGC perform
similar in our experiments, which are all not as good as
stronger veriﬁcation algorithms RANSAC and GC. Interestingly, we ﬁnd that the similar scale weighting strategy
SW is very useful, leading to signiﬁcant improvements over
all the three datasets. On the GCdup dataset, using SW
(SGC+SW) improves SGC alone by as high as 7%. This
conﬁrms the fact that feature points with larger scales are
much more important for partial-duplicate image search.
To validate the eﬀect of our adaptive error threshold estimation method in SGC, we also experiment with several
ﬁxed error thresholds on the GCdup dataset, and found the
best ﬁxed error threshold is around 80, with which the performance is still around 2 percent lower than that using our
adaptive error threshold. During the computation of the
adaptive threshold, we set the error of θ as 7 degrees for
Holiday and GCdup, and 15 degrees for Oxford5K where 3D
viewpoint changes are more popular. Although this parameter can lead to diﬀerent ﬁnal performance, the diﬀerence
is fairly minor and does not aﬀect the general conclusion
observed from Figure 2.
Table 1 further summarizes the average time cost of all
the geometric veriﬁcation methods for one image query on
the Holiday dataset with 1 million image distracters. As can
be seen, our SGC has similar speed to E-WGC and is much
faster than RANSAC and GC. The fact that it is faster
than GC is mainly because it divides feature points into
several small groups. Dividing feature points, as one of the
core ideas in SGC, also leads to performance gain. Further
adding SW does not incur too much extra computation.

4. CONCLUSION
We have proposed a new geometry veriﬁcation method
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Figure 2: Performance (mAP) of various approaches on three datasets. The left end of each curve gives
results on the original dataset without adding background images (distracters), while the other results are
obtained on enlarged datasets with diﬀerent numbers of distracters.
called SGC, which integrates the orientation, scale and location of the local feature points to quickly ﬁlter false matches
from initial visual codebook based matching. On three popular datasets, we have shown that the proposed SGC significantly outperforms existing alternative solutions with minor additional computation. In addition, we also proposed
a simple scale weighting strategy, which produces surprising
good performance gains.
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