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Abstract

Visual recognition of scene [36] can be applied to various applications e.g. location
recognition, specific object recognition, object category recognition. Recently, two major categories
of researches based on local feature are developed for this purpose. The first one [3], [16], [19] is
based on the constellation of local features (e.g. SIFT, SURF) in which they are proposed to
simultaneously recognize and localize objects in the image. For the second category, the
recognition algorithms based on Bag-Of-Visual-Words (BOVW) [22], [24], [37] are developed for
large scale recognition tasks.

Most of current works in both categories still have some limitations. For example, the
algorithms based on matching of constellation of local features can be applied to work with only
small number of the objects in the database. Meanwhile, the recognition algorithms based Bag-Of-
Visual-Words (BOVW) allow the large number of objects added into the database and it can
recognize the object in an image very fast. However, one major limitation of these algorithms lies in
the assumption that there must be only single object in the image. This requires some certain
degree of user interactions e.g. specifying the region of interest.

In this research, we will comprehensively investigate the current state-of-the art algorithms
for visual recognitions that are based on local appearance feature approach. The main goal of this
research is to discover in detail the limitations of the current state-of-the art algorithms, and then to
devise a novel algorithm for coping these shortcomings. The key aspects of our study include (but
not limit to) Accuracy, Efficiency and Scalability. In addition to study the approach itself, we also
investigate two different but related recognition problems including specific object recognition and
object-category recognition. These are the problems that major current algorithms exploit the local

feature based approach to tackle the problems.
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Abstract: We present an algorithm for simultaneously recognizing and localizing planar textured
objects in an image. The algorithm can scale efficiently with respect to a large number of objects added
into the database. In contrast to the current state-of-the-art on large scale image search, our algorithm
can accurately work with query images consisting of several specific objects and/or

multiple instances of the same object.

Our proposed algorithm consists of two major steps. The first step is to generate a set of hypotheses
that provide information about the identities and the locations of objects in the image. To serve this
purpose, we extend Bag-0f-Visual-Word (BOVW) image retrieval by incorporating a novel re-ranking
scheme based on hough voting technique. Subsequently, in the second step, we propose a verification
algorithm based on RANSAC homography estimation in conjunction with a contrario based decision
framework to draw out the final detection results from the generated hypotheses.

We demonstrate the performance of the algorithm on the scenario of recognizing CD covers with a
database consisting of more than ten thousand images of different CD covers. Our algorithm yield to
the detection results of more than 90% precision and recall within a few seconds of processing time
per image.
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We present an algorithm for simultaneously recognizing and localizing pla-
nar textured objects in an image. The algorithm can scale efficiently with
respect to a large number of objects added into the database. In contrast to
the current state-of-the-art on large scale image search, our algorithm can ac-
curately work with query images consisting of several specific objects and/or
multiple instances of the same object.

Our proposed algorithm consists of two major steps. The first step is to
generate a set of hypotheses that provide information about the identities
and the locations of objects in the image. To serve this purpose, we ex-
tend Bag-Of-Visual-Word (BOVW) image retrieval by incorporating a novel
re-ranking scheme based on hough voting technique. Subsequently, in the
second step, we propose a verification algorithm based on RANSAC homog-
raphy estimation in conjunction with a contrario based decision framework
to draw out the final detection results from the generated hypotheses.

We demonstrate the performance of the algorithm on the scenario of
recognizing CD covers with a database consisting of more than ten thousand
images of different CD covers. Our algorithm yield to the detection results of
more than 90% precision and recall within a few seconds of processing time
per image.
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1. Introduction

The current research on object recognitions can be divided into two ma-
jor groups [1]:(i) specific object (instance) recognition, and (ii) object-class
recognition. Our proposed algorithm presented in this paper is along the
line of recognizing specific objects. Particularly, we concern in developing a
scalable recognition algorithm that can simultaneously identify the identities
and localize the locations of multiple planar textured-rich objects in an im-
age. The algorithm can scale efficiently with a growing number of objects
added into the database. This kind of object recognition can be applied to
various applications e.g. recognition of CD-covers [2], [3], recognition of book
covers/book splines [4], [5], [6], detecting objects in household environments
(7], 8], [9], and Augmented Reality [10].

Recently, some works [7], [11], [12], [8] based on matching of local fea-
tures (e.g. SIFT and SURF) were proposed to simultaneously recognize and
localize multiple objects in images. However, these works can only perform
efficiently with a small number of the objects in the database.

On the other hands, some works based on Bag-Of-Visual-Word (BOVW)
image retrieval [13], [14], [15] were developed for large scale recognition tasks.
These algorithms allow a large number of objects added into database. And,
they can efficiently recognize the object in a test (query) image. Nevertheless,
one major limitation of these works lies in the assumption that there should
be only a single object in the query image. Typically the accuracies of these
works are dropped significantly when they are applied to images consisting
multiple objects and cluttered backgrounds. This limitation was recently
addressed in several works [3], [16], [17], [18], [9], [6].

The main reason that the current state of the art BOVW image retrieval
performs inaccurately on query images containing multiple objects can be
explained as follows. Basically these image retrieval engines will search for
a single object in database that is most similar to the visual contents ex-
tracted from the whole query image (i.e., collection of visual words without
considering their spatial information). As the query image consists of the
visual contents mixing from multiple specific objects, this incidence usually
leads the retrieval engine to ranking irrelevant database objects in high or-
ders. That is, we tend to obtain the retrieval results in which the relevant



(d)

Figure 1: Issue in scalable recognition of multiple objects: (a) A query image with 3
different specific objects, each of 2 instances. (b) Top 5 retrieval result from TF-IDF
image retrieval [14]. (c¢) Top 5 retrieval result from hypothesis generation of our method.
(d) Localization result from hypothesis verification step. The bounding boxes of detected
CD covers are shown in red.

database objects are ranked in very low orders of the recognition result (e.g.
not in top 100 rankings). And, due to time processing constraint, these low
ranked relevant objects will not usually be considered by a re-ranking module
(e.g. geometric alignment based re-ranking [15]) in the post-processing step.
This causes the retrieval engines to miss a large number of detections that
finally yields to low recall rates.

An example of the aforementioned problem can be illustrated in Figure
1. In this figure, there are totally 6 objects that simultaneously appear in
the query image shown in Figure 1(a). Specifically there are three different
objects, i.e., CD-covers entitled LEBENS, ANTZ, and Dogz 3, where two
instances for each specific object are located in different parts of the image.
By applying a TF-IDF image retrieval [14], the top 5 most relevant database



objects are listed in Figure 1(b). We found that only one object (LEBENS
CD) is listed in the second rank. Meanwhile the other two objects are ranked
in the low orders, i.e. the 45" and the 407" orders (out of 11,444 database
images), respectively.

To tackle the aforementioned limitation, we propose an algorithm that
is extended from the state-of-the-art Bag-Of-Visual-Word (BOVW) image
retrieval by incorporating a novel ranking scheme based on hough voting
technique. Regarding to the same query image shown in Figure 1(a), our
proposed ranking scheme can efficiently retrieve all relevant objects in the top
5 ranking orders (2", 4" and 5") as shown in Figure 1(c). Furthermore, only
the relevant objects were detected along with their locations after applying
the verification step of our algorithm as shown in Figure 1(d).

There exists some works [4], [16], [3], [19], [10], [20] that stay along the
same line of our work presented in this paper. The brief reviews of these rele-
vant works will be presented in the next section. Regarding to the literature,
the contribution of our work can be summarized as follows.

e We propose a novel ranking scheme based on Hough voting for large
scale Bag-Of-Visual-Word image retrieval [13], [14], [15], [21]. This part
is used for the object hypothesis generation step of our algorithm where
the hypotheses are derived from top rank image retrieval results. With
respect to the current state-of-the-art, our algorithm can accurately
draw a candidate list of relevant database objects in test images that
consists of multiple objects (different specific objects and/or multiple
instances of the same objects) in the presence of clutter background.

e We propose a hypothesis verification based on a-contrario decision
framework [22] [23] [24]. Specifically, we propose to use Number of
False Alarms (NFA) as the hypothesis quality score in our proposed
greedy based hypothesis selection. This verification step is applied
with the top rank candidates of generated hypotheses to make a final
decision on the identities and the locations of objects in the image.

The remainders of this paper are organized as follows. We present some
related works in Section 2. The overview of our proposed algorithm is ex-
plained in Section 3. The details of the algorithm are presented in Section 4
and 5. Finally, the experimental result is reported in Section 6.



2. Related Work

In [7], the author proposed an object recognition algorithm based on
matching of local features, i.e., SIFT. The algorithm can recognize multiple
objects simultaneously appeared in images. In this work, an object is repre-
sented with a set of SIF'T features extracted in a model image. To recognize
the object in a test image, first the matchings between the model SIFT fea-
tures and the SIFT features extracted in the test image are established. Then
a geometric verification based on Hough transform and RANSAC is applied
to identify the object identities and their corresponding poses in the image.
In [25], the authors proposed to apply an unsupervised clustering on hough
space generated from SIFT matching. However, this work can be applied to
detect only one specific object in images. In the similar spirit to [7], some
works [11], [12], [8] were also proposed. Generally, the main drawback of the
approach based on matching of local features is that the algorithm could run
very slowly with respect to a growing number of model objects added into
the database.

In [19], the authors addressed the issue of scalability by representing local
features with codewords obtained from applying a vector quantization to the
set of local features. However, they showed the experiment with only 50
objects in the database. Conceptually, this work can not work efficiently
with a large scale database, e.g., more than 10,000 model objects.

To tackle the issue in large scale object recognition, the authors in [13]
proposed to use both the notion of vector quantization on local features and
the idea of TF-IDF indexing on quantized features (which is borrowed from
text retrieval area) to efficiently search for near-duplicate frames in videos.
This approach of image retrieval is usually referred to as Bag-Of-Visual-
Words (BOVW) approach. This idea was strengthen in [14] with a faster
vector quantization scheme referred to as Vocabulary Tree. Relatively, in
[15] the authors proposed to use Approximate K-Means clustering for feature
quantization.

As mentioned in the previous section, these BOVW retrieval techniques
work inaccurately in the case of query images containing multiple objects
and clutter background. Several modifications were proposed to tackle this
problem. The most relevant works to ours are the ones proposed in [16], [3],
[9], [6], [4].

In [16], the authors resorted to a large scale object image retrieval using
Vocabulary Tree [14]. However, they proposed to modify the ranking score



by incorporating a weight obtained during feature quantization step. To our
best knowledge, this scheme did not directly address the issues of multiple
objects and clutter background in images. Furthermore, they exploited a
sliding window based approach to localize the bounding boxes of the objects
in the image. Generally, one disadvantage of sliding window approach is
that the algorithm could run very slow even though it is applied as a post-
processing step.

In [3], the authors resorted to a variation of weak geometric consistency
[21] in ranking relevant object images. They used a 2D vote space on key-
point orientation and scale in the ranking process to retrieve a set of top most
relevant images. Our proposed ranking scheme in this paper is very similar
to this relevant work. However, we propose to adopt a voting scheme pre-
sented in [26], [27] in conjunction with Inverse-Document Frequency (IDF)
in the process of ranking the topmost relevant database object images. In
the case of query images with multiple objects, we found that our scoring
yield to a better recall than the ranking that only uses the number of votes
corresponding to the peaks of voted spaces as proposed in [3].

In [18], [9], [6], some variations of unsupervised clustering techniques are
applied to the features extracted in query images. Then a TF-IDF image
retrieval is applied to each individual found cluster. The recalls of these
approaches are very dependent on how robust the feature clustering steps
could perform. Unlike these works in which the clustering performs in an
unsupervised manner, our work presented here exploits the knowledge of
objects in feature grouping in which the contributions of features to possible
object candidates are dependent on the objects that these features are voted
for (see more explanation in next sections).

In [4], the authors proposed an algorithm based on data-dependent multi-
class branch-and-bound framework for multiple object recognition/localization.
The authors performed the experiments on the database of different 100 book
images. However, the drawback of this work lies in the scalability issues in
which it fails to work efficiently with a large size of database e.g. 10,000
images.

Regardless of scalability issue, Rabin et al [28] proposed an algorithm for
recognizing multiple objects by extending the notion of a contrario RANSAC
[29], [30], [31]. Our work shares the same idea in which we exploit the
quantity NFA as the hypothesis quality score in our hypothesis verification
step.

Some relevant works on detection of multiple object classes (i.e., object

6
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Figure 2: Algorithm Overview

category detection) are proposed in the current literature. Leibe et al [32]
proposed the state-of-the-art detection framework, referred to as Implicit
Shape Model (ISM). This method is an extension of Generalized Hough
Transform (GHT) in which the results of local feature matching are used
to vote for the object position in the image. In [33], [34], the methods ex-
tended from ISM are proposed to tackle the problem of multiple object class
detection. Recently, some work [35] based on sliding window approach is also
proposed.

3. Overview of the algorithm

The block diagram of our algorithm is depicted in Figure 2. An overview
to the our algorithm can be explained as follows:

1. Training phase: the training images of all target objects are enrolled
into the system. Associated with each image, we also assume that a
bounding box of the object is annotated. Then, the SIFT features are
extracted from the images. Each feature is quantized to represent as a
visual word by using Vocabulary Tree [14]. Then an object is modeled
with a set of keypoints derived from SIFT. Each keypoint is specified
with 5 entries: x, y, scale, orientation and visual word ID. Finally,
an inverted file based indexing structure [13] is constructed from the
keypoints of all training object images.

2. Testing phase: given a query (test) image which may contain multiple
relevant objects and clutter background, we want to determine the



identities and the 2D locations of objects using the model constructed
in the training phase. This is achieved by the following steps.

(a)

(b)

Feature Extraction: A set of SIFT keypoints are extracted from
the test image. The visual words are obtained by quantizing the
SIFT descriptors of keypoints.

Hypothesis generation: A set of initial object hypotheses are ob-
tained by using BOVW image retrieval with Hough voting rank-
ing. Each hypothesis is specified with object ID and image lo-
cation. To fulfill this step, we first establish a set of matchings
between the test image keypoints and database object (training
images) keypoints in which a matching is declared if the keypoints
belong to the same visual word. These matchings are efficiently re-
trieved with the help of the inverted file indexing structure. Then
each match will cast a vote for hypothesis in a 3D voting space
implemented in the form of accumulator bins (2D for image loca-
tion and 1D for object ID). We use IDF weight [13] of each visual
word as the vote weight to collect in these bins. Finally a set of
candidate hypotheses are generated from the object identity and
the keypoint matchings that are corresponding to the peaks in the
voted bins whose scores are ranked in the topmost orders (e.g. 50
highest peaks).

Hypothesis verification: a RANSAC based estimation of planar
transformation (e.g. homography, affine) in conjunction with an
a-contrario decision framework [30] is applied to draw out detec-
tion results from the generated hypotheses. Specifically, the algo-
rithm is based on the key idea that a test image keypoint could
contribute to only one single object. Then, an object instance is
selected one by one from a set of ranked hypotheses in a greedy
iterative manner where the quantity, referred to as NFA (derived
from a-contrario decision framework [30]), is used as hypothesis
quality score.

4. Hypothesis Generation

In this section, we will explain in details of our proposed Bag-Of-Visual-
Words (BOVW) object retrieval with Hough voting ranking that works as
the hypothesis generation step of the overall algorithm. It will generate a set
of hypotheses that are the candidates for the detected instances of objects

8
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in the test image. Each hypothesis is defined with an object identity and
its image location. Subsequently, the hypothesis verification step explained
in the next section is applied to each hypothesis to make a final decision of
whether a relevant database object really exists.

As mentioned previously, most state-of-the-art algorithms on BOVW im-
age retrieval [13], [14], [15], [21] resort to Term Frequency-Inverse Document
Frequency (TF-IDF) to rank relevant object images. This ranking scheme is
usually failed in the case of multiple objects and clutter background in query
images [3], [9], [6]. In this paper, we tackle the aforementioned shortcom-
ing by ranking relevant images based on scores calculated in a hough voted
space. Our proposed idea for this part of the algorithm is in the same spirit
of weak geometric consistency as proposed in [21], [36], [37], [3]. The details
of the algorithm for this part consist of the following steps.

4.1. Match

For each keypoint extracted in the test image, we retrieve a set of matches
to the keypoints of relevant objects in the database (i.e., training images).
These matches are efficiently drawn with the help of the inverted file based
indexing structure [13]. This index is constructed from the keypoints of all
training images in the training phase. As illustrated in Figure 3, the inverted
file index is abstractly a table of size equal to the number of visual words
in the vocabulary used in the quantization step. The data filled in each row
entry of table is a collection of information about training image keypoints
that belong to the corresponding visual word. Specifically, the information
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Figure 4: Illustration of voted location

kept in each entry consist of an integer for object identity and four floating-
points numbers for keypoint location (x,y), scale (o), orientation () that
appeared in the training image. The values of z,y, 0,0 will be used in the
hough voting based scoring explained next. It is noteworthy to mention that
our algorithm does not use the SIFT descriptors of keypoints in the matching
process. Specifically we do not store the SIFT descriptors of training image
keypoints into the database.

4.2. Vote

Each match found in the previous step will cast a vote for a candidate hy-
pothesis in 3D hough space corresponding to object identity (O,) and object
center location (x,,¥,) in the test image. This voted space is represented in
the form of 3D accumulator bins. Similar to [34], we can consider this 3D
voted space as multiple separated 2D vote spaces where each 2D voted space
is corresponding to the voted space for object center location of a particular
object identity.

For estimated object center locations, we resort to the (in-plane) rotation
invariant voting scheme as suggested in [26], [27] (Note that some variations
of the voting scheme are also proposed in [38], [39]). That is, see Figure 4 for
an illustration, a match between the test image keypoint specified with (z,
Yt, 01, 0;) and the database keypoint (z,., y,, o, 6,) of the object identity O,
will cast a vote for the entry (O,, z,,y,) of 3D voted accumulator. The voted

10



object center location (z,, y,) can be calculated by the following equations.

Ty = T + 2L (VAz? 4+ Ay?) x cos(0 + 0, — 6,) (1)

o,

Yo =y — 2L x (\/AZ2+ Ay2) xsin(0 + 0, — 6,) (2)
T
where 6 = tan™! (%). And, Az and Ay are the x- and y-distances between
the database keypoint location to an arbitrary object reference location in
the training image.

In Figure 5, we show some graphical examples of the voted locations (star
markers) that are generated from the correct matches in Figure 5(a) and the
voted locations obtained from incorrect matches in Figure 5(b). Typically,
the voted locations from correct matches tend to cluster at some position
(see the grouping of star markers in 5(a)).

In our implementation, we use the object center location derived from
the centroid of bounding box vertices that are annotated with the training
image. Furthermore, the values of Az, Ay and 6 can be pre-computed and
be kept in the corresponding entry of inverted-file based index during the
training phase. However, now we decide to recompute these quantities for
the purpose of memory space saving.

To further reduce memory usage requirement, we quantize the location
(x4, Yy) to vote for a coarser resolution accumulator bin. That is, we make
a single voted location bin to cover 20x20 pixels. Therefore, for the image
of size 640x480 pixels, this will require a 2D array of size 32x24 for the
accumulator of one object identity. In the same spirit as [7], we diminish the
boundary effects in bin quantization by additionally voting each match to
neighborhood bins (£1) in voted x and y dimensions.

Moreover, we also take into account for the effect of inter-image burstiness
[40] in which some visual words may appear more frequently than others
across database images. This is achieved by incorporating a vote weight
obtained from IDF weight of the corresponding visual word. That is, a
match of visual word v; will cast a vote for the location defined in (1) and
(2) with the weight w; defined by:

N
i = log(— 3
wi =log(3y) 3
where N is the total number of the objects in the database, and N; is the
number of the database objects that consists of at least one visual word v;.
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4.3. Find peaks

Typically if there exists an instance of database object in the test image,
the weights accumulated in the voted space of the corresponding object iden-
tity will form some peak in the vicinity of estimated object center location.
This peak will correspond to a hypothesis. An illustrated examples of voted
spaces generated from the matches in the image of Figure 1 is shown in Fig-
ure 6. In these pictures, we show 5 different voted spaces of top 5 objects
retrieval results. Particularly, we visualize the voted weights as pixel inten-
sities (0-255) in image space where the areas with lower intensity (darker)
indicate stronger weight values than brighter areas. From the pictures, it
is noteworthy to mention that the peaks for voted spaces in Figure 6-b and
6-d are not corresponding to any actual object in the image. Subsequently,
these incorrect hypotheses corresponding to the peaks will be rejected by the
verification step as explained in the next section.

To finish the hypothesis generation task, the algorithm in this step will
identify the potential peaks in the voted spaces. In this work, we apply a
conventional Non-Maximum Suppression (NMS) to select the topmost peaks.
Particularly, we opt to draw out the hypotheses corresponding to the topmost
50 peaks (i.e., we assume that less than 50 object instances simultaneously
appear in an image). However, this number can be adjusted with some
slightly additional costs of computation (e.g. changing from 50 to 100 could
increase less than two times in processing time for the verification step).

For each identified peak, we generate a candidate hypothesis that is de-
fined by an object identity and an estimated object center location corre-
sponding to the peak location. We also accompany the estimated object
center location with the supporting keypoint matches that vote for the peak.
Explained in the next section, these keypoint matches of each candidate hy-
potheses will be used by a geometrical alignment based verification algorithm
to locate an exact location of object in the image.

5. Hypothesis Verification

From the previous step, we obtain a set of hypotheses where each hypoth-
esis is specified with an object identity and a set of putative keypoint matches
that is voted for the corresponding peak in voted spaces. Mathematically,
we use the following notations to represent the hypotheses.

o H ={hy;k =1,...,L} be the set of generated hypotheses where L is
the number of hypotheses.
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o hy = {(ox, Px)} be the k' hypothesis where oy, is the object identity
and Py is the set of putative keypoint matches.

o P = {(pripr;);i =1, .., My} be the set of putative matches between
the database (training image) keypoints and the test image keypoints
where M}, is the number of keypoint matches.

® pi; and pj ; are the database keypoint and the test image keypoint of
match ¢ in hypothesis k, respectively.

In this stage, we will make a decision whether the likelihood of each gen-
erated hypothesis is strong enough to declare the presence of an object in-
stance. This step will also resolve the ambiguity from conflicting hypotheses
32], [33].

We consider that any two or more candidate hypotheses are conflicted
to each other if these hypotheses share some test image keypoints in their
putative matches. Generally the bounding boxes in the test image of these
conflicting hypotheses will overlap to each other that lead to two possible
cases. The first case is that one of conflicting hypotheses is corresponding
to an actual object instance while the remaining hypotheses are due to false
positives. The second possibility is that all of these conflicting hypotheses
are corresponding to false positives and should be rejected.

An example of conflicting hypotheses in a test image can be shown in
Figure 7. In this image, it consists of only one object instance. However,
we found three conflicting hypotheses that partially share putative keypoint
matches. The first hypothesis (Spiderman CD-cover) is corresponding to the
actual object instance, i.e., true positive. Meanwhile, the second and third
hypotheses are corresponding to false positives. These three hypotheses share
the test image keypoints in the vicinity of ”PlayStation” logo of CD-cover.
The corresponding bounding boxes of these hypotheses are also overlapped
to each other. These bounding boxes are visualized with three different colors
i.e., red, green and yellow in which the red bounding box is the correct one.

The key idea of our proposed verification step is that we measure the like-
lihood of a hypothesis based on its inlier matches. These inlier matches are
obtained by applying a RANSAC based estimation of planar transformation
[41] to the putative matches of hypothesis. To rate the qualities of hypothe-
ses, we resort to the a-contrario based decision framework [22] [23] [24] in
which we use the quantity, referred to as Number of False Alarms (NFA),
computed from the inlier matches as hypothesis quality scores. Finally, to
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resolve conflicting hypotheses, we propose a greedy based iterative scheme
for selecting plausible hypotheses.

5.1. Hypothesis quality score based on A-Contrario decision framework

In short, the a-contrario decision methodology [22] [42] [23] [24] is based
on the Helmholtz principle in which a geometrical based event in an image
will be perceived if the likelihood that the corresponding event occurs by
chance is very low. Specifically, the methodology associates a computational
quantity, referred to as Number of False Alarms (NFA), to the geometric
event. The NFA of an event is defined as the expectation of number of
occurrences of the event under a background (noise) model. This background
model is referred to as a-contrario model. In general, an event with very low
value of NFA is considered as meaningful event.

In the literature, there are several variations on works based on a-contrario
model in which basically they are different on how to mathematically define
and compute NFA that are exploited in various application contexts e.g.
feature grouping [22], [43], motion and change detection [44], [45], feature
matching [46], [47], etc. In our algorithm, we resort to the idea of using
a-contrario model for estimating geometric transformations between two im-
ages as suggested in [29], [28].

That is, we define the NFA based on the set of inlier matches between
the database keypoints and the test image keypoints associated with a hy-
pothesis. This set of inlier matches is obtained after applying a RANSAC
based estimation to the putative matches corresponding to the hypothesis.
To show the mathematical formulae for computing NFA, we will use the
following notations.

o S={(m;,m})|i =1, 2, .., N} be the set of inlier matches of keypoints
of a hypothesis where m; and m; are the database keypoint and the
test image keypoint, respectively.

S” C S be the minimal sample subset (MSS) that is used to compute
the 2D planar transformation by RANSAC based estimation.

¢ = |5’ where ¢ = 3 for affine and ¢ = 4 for homography.

A be the 2D planar transformation computed from S’.

S\S” be the set of inlier matches that exclude S’
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e k be the cardinality of the set S\, i.e., k = |S\9].
o oS, A,S") is the rigidity of S which is defined as

i d(Am, m’)Q} (4)

w'h’

a(S,A,S) = max {
(m,m’)eS\S’

where w’" and h' are the width and height of the test image.

e d(Am,m’) is the 2D distance between the test image keypoint m’ and
the back-projection of corresponding database keypoint m by the trans-
formation A.

By using the above notations, the number of false alarm (NFA) of a
hypothesis according to S, A and S’ can be defined as

NFA(S, A, §) = (N — ) ( ]Z ) ( " ) (S, A, )" (5)

Given a threshold e, if we can find the match (m,m’) that maximizes
a(S,A,S") in (4) and also makes NFA(S, A, S") < ¢; consequently we con-
sider the set of matches (i.e., the hypothesis) to be e-meaningful. This implies
that this set of inlier matches is likely to be the matches corresponding to an
actual object instance in the test image. Moreover, the smaller that the value
of NFA is will indicate that the corresponding hypothesis is more meaningful.
In general, the value of this threshold set (¢) can be fixed to 1. Therefore, if
the NFA value computed from the matches of a hypothesis is larger than 1,
we reject the hypothesis.

In our algorithm, we intent to make a larger value of hypothesis quality
score means that the hypothesis is stronger (i.e., more likely to be correct).
Therefore, we define the quality score of a hypothesis by the negative of
logarithm of NFA. That is, for the NFA of a given hypothesis hy, the
quality score is given by:

Q(h) = —log(NFA) (6)

Note that, the main reason of computing the logarithm of NFA is that
computing the quantity in (5) usually involves with the computation of very
small numbers (e.g. < 107%°). Due to numerical accuracy issue, most a-
contrario approaches look forward to compute the value of log(/N F'A) instead
of directly computing N F'A in their implementations.
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5.2. Verification algorithm

As mentioned earlier, a test image keypoint may match to multiple key-
points of several database objects during the matching step of Hypothesis
Generation (Section 4). From this effect, it is likely that the set of putative
matches associated to two or more hypotheses may partially share the set
of keypoints in the test image. This leads to the ambiguity on conflicting
hypotheses that need to be resolved appropriately.

To tackle this issue, we propose a greedy based algorithm that iteratively
selects the potential hypotheses and prunes out the conflict ones. Before
going into details, we want to emphasize that our algorithm is based on the
key assumptions as follows. First we assume a keypoint in the test image
can contribute to only a single object instance. Second, we also assume that
there is no partial occlusion in the test image. Although we found that our
algorithm can resist to some certain degree of partial occlusions, we leave
this problem as a future work.

Expressed with a psuedo-code in Algorithm 1, our verification algorithm
performs greedily in the hypothesis selection in which a single best hypoth-
esis at each iteration is pulled out from the list of candidate hypotheses. To
compare among hypotheses, we adopt the NFA based quality score as ex-
plained in the previous section. If the quality score of selected hypothesis
is still greater than a fixed threshold, we add the hypothesis into the de-
tection result. Before starting the next iteration, we remove the matches,
that are associated with the test image keypoints of the selected hypothesis
from other remaining hypotheses. We iterate these steps until no hypothesis
whose score is greater than the threshold is found.

An example of the iterations of verification algorithm on the test image
in Figure 1 can be illustrated in Figure 8. In each image, it showed the
detected instance of an object that the verification algorithm returned at
each iteration in blue bounding boxes. The keypoints extracted in images
are shown with the yellow markers. We also showed the matches (red lines)
between the test image keypoints and the keypoints of database image on the
left hand side. Note that the incorrect hypotheses corresponding to Figure
8(b) and 8(d) are rejected by the verification algorithm.

The details of the algorithm can be explained as follows. We start with
all hypotheses to be in the list of active hypotheses H. For each of active
hypothesis ¢ in H, we determine the set of inlier matches S; from its putative
matches P;. This is accomplished by the procedure RansacPlanarTrans-
Estimation (Line 7) in which a RANSAC based estimation of 2D planar
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transformation (i.e., affine or homography) is carried out. This procedure
will return three outputs, i.e., the set of inlier matches S;, the estimated
transformation A; and the set of sample matches S that is used to compute
A;. In addition, we also incorporate a rigidity constraint as suggested in [48]
into our RANSAC homography estimation. The main purpose of enforcing
the constraint is to prevent non-physically meaningful homographies. From
the three outputs returned by the RANSAC based homography estimation,
we compute the NFA of the hypothesis according to (5) by the procedure
ComputeNFA (Line 8) and then compute the hypothesis quality score Q(h;).

Next, we find the best hypothesis whose quality score is maximum among
all active hypotheses in H. This is corresponding to Line 13 of the pseudo-
code. If the quality score of the best hypothesis is greater than the value
of —log(e), this means that NF'A < e. Therefore we can conclude that the
hypothesis is meaningful and can be accepted. The bounding box of the
detected object instance in the test image can be determined by the back-
projection of database object bounding box, denoted by DbObjBB, into the
test image coordinates by using the estimated transformation A;, as in Line
21. Then the projected bounding box BB, and the corresponding object
identity o; will be added into the detection result L, as in Line 22. With
regard to the example in Figure 8, this step can be seen in Figure 8(a). The
first object instance (LEBENS CD-cover) is detected where the bounding
box is shown in blue color.

After that, the accepted hypothesis will be removed from the set of active
hypotheses, as in Line 23. At the same time, we will remove the putative
matches of other hypotheses that the supporting test image keypoints fall
into the bounding box BB, of the accepted hypothesis. This step is to cover
the assumption we make earlier that a single keypoint in the test image can
contribute to only one object instance. Regarding to the pseudo-code, this
step is corresponding to Lines 24 to 26 in which any match of other remaining
hypotheses that falls into this projected bounding box will be removed from
the hypotheses by the procedure RemoveMatch.

Then, the algorithm will start the next iteration with the updated in-
formation to detect other object instances. This step can be seen in Figure
8(b). The matches within the bounding box of the first detected object in-
stance (8(a)) are removed. Then the algorithm continues and can detect the
subsequent object instance (ANTZ CD-cover).

Subsequently, the algorithm will continue the iteration process to detect
other objects as shown in Figures 8(b) to 8(d). Whenever there is no any
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hypothesis whose quality score is larger than the threshold, we have no any
good hypothesis that can be accepted as an object instance. Thus we will
stop the iteration by setting the flag stop to be true in Line 28. The final
result in L is the list of object instances detected in the test image.

6. Experiments

6.1. Implementation details

We implemented the proposed algorithm by using several toolkits. For
feature extraction, we use VLFeat [49] to extract SIFT features in images.
We exploit VOCSEARCH [50] for the purpose of visual word quantization
with vocabulary tree [14] and inverted file indexing [13]. We also used the
pre-trained vocabulary tree consisting of 1M visual words that is provided
by VOCSEARCH. We implement BOVW object retrieval with Hough voting
(Section 4) in C++ by modifying the source code provided by the VOC-
SEARCH. Finally, our hypothesis verification (Section 5) is implemented
with MATLAB in which we follow the guideline provided by Moisan et al in
[31].

6.2. Datasets

We evaluate the proposed algorithm with the Caltech Game CD/DVD
covers dataset [51]. This dataset consists of 11,400 images for CD/DVD
covers of video games. We use these images as the training images. One
training image is assigned to an unique object identity. The sizes of these
images are about 400x400 pixels. We did not directly annotate the bound-
ing boxes of the objects in these images. Instead, the vertices of bounding
box of each object in an image is derived from the image boundary, i.e.,
(0,0),(W —=1,0), (W —1,H —1),(0, H — 1) where W and H are the image
width and height, respectively. After SIFT extraction, we found that roughly
there are about 1,000 SIF'T keypoints extracted in each training image. Some
examples of training images can seen in Figure 9.

To collect the test images, we selected 50 selected CD images, printed
out these images with a color laser printer in the actual size and put them
into jewel CD cases. Then we took the pictures of these CD covers with a
digital camera. The original resolution of images we capture is 1600x1200
pixels. However, for the purpose of processing time, we resize the images to
1024x768 pixels before applying the SIFT extraction module. The number of
SIFT keypoints in each test image is in the range of 3,000 to 5,000 keypoints.
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Table 1: Description of different test sets.

Test set | Number of different | Total number of | Number of
CD cover types CD covers images
in an image in an image
1 1 1 100
2 1 2 110
3 1 4 100
4 2 2 50
5 4 4 30
6 2 4 52
7 6 6 18
8 3 6 35

In other words, we can consider the selected 50 CD covers as the probe set
and the remaining ones are the distracter.

We created 8 different sets for test images. The images in these sets
consisted of a varying number of CD covers in images as explained in Table
1. In the test sets 1, 2 and 3, there are one, two and four of a specific type
of CD cover in the test images, respectively. These test sets demonstrate the
case of multiple instances of the same specific object in an image. For the
test sets 4, 5 and 7, there are two, four and six CD covers of different types in
each image. These test sets demonstrate the case of multiple specific objects
in an image. For the test set 6, there are two instances of two different types
of CD covers in an image (i.e., there are totally 4 CD covers in an image). For
the test set 8, there are two instances of three different types of CD covers
in an image (i.e., there are totally 6 CD covers in an image). The test sets
6 and 8 demonstrate the case of multiple instances/multiple specific objects
in an image. Some examples of these images are shown in Figures 11, 12, 13
and 14. Totally, there are 495 images with 1,446 instances of CD-covers in
all test sets. For the ground truth, we manually annotate an object identity
and bounding box vertices for each CD cover instance in the test images.
Note that all images are captured in color. However, we convert to gray
scale images before applying our algorithm.
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Table 2: Detection performance of our algorithm on different test sets

Test set | TP | FP | nP | Precision | Recall | AP
1 99 0 100 1.00 0.99 | 0.909
2 199 5 220 0.98 0.91 | 0.908
3 391 0 400 1.00 0.98 | 0.909
4 100 1 100 0.99 1.00 | 1.000
5 115 0 120 1.00 0.96 | 0.909
6 193 1 208 0.99 0.93 | 0.909
7 103 0 108 1.00 0.95 | 0.909
8 179 0 210 1.00 0.85 | 0.818
(AL (1-8) [ 1379 7 [ 1466 [ 0.995 | 0.941 |0.909 |
6.5. Results

To evaluate the detection results, we follow the PASCAL Visual Object
Class (VOC) challenge [52]. That is, we justify each detection result as
either true positive or false positive. A detection result is considered as a
true positive if (i) it has the same object identity as the one of ground truth,
and (ii) ratio of intersection over union ov between the detected bounding
box BB, and the ground truth bounding box BBy, as expressed in (7), is
larger than 0.5.

_area(BB;N BBy) (7)
 area(BByU BBy)

We measure the accuracy of our proposed method on each test set with
the precision and the recall as defined in the following equations.

ov

. TP
PT@CZSZOTL = M—W (8)
TP
ll=——
Reca Yz 9)

where TP is number of true positives, F'P is number of false positives, nP
is total number of positives in a test set.

The detection results of our algorithms on eight test sets are listed in
Table 2. To plot a precision-recall (PR) curve, we rank the detection results
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in descending orders according to the values of hypothesis quality scores
(i.e., —log(NFA)). The Precision-Recall curve for each test set is shown
in Figure 10. In the same spirit to [52], we also computed the interpolated
average precision (AP) and showed in the last column of Table 2. The AP
is defined as the average of precision at eleven equally spaced recall level
[0,0.1,0.2,...,0.9, 1], which can be expressed as:

1
AP = ﬁ Z pinterp(r) (10)

ref0,0.1,...,1]

where Dinterp(r) is the interpolated precision at the recall level r which is
defined by

pinte’/‘p<r) = max p(f) (11>

T2
where p(7) is the measured precision at recall 7.

Of all test sets, our algorithm can detect 1,379 instances of CD covers
(number of true positives) from totally 1,466 CD-covers (number of posi-
tives) in all test images. Also, the algorithm returned very small number of
false positives (7 out of 1,386 detections). Roughly, our proposed algorithm
yields to more than 90% of recalls and precisions in all test sets. Besides by
the main role of a-contrario based geometric verification, we found that by
enforcing the rigidity constraint in RANSAC process as suggested in [48] to
reject inconsistent homographies is also helpful for reducing number of false
positives. This issue was also reported in some literature [31], [53].

Some of qualitative results are shown in Figure 11 (for the test sets 1 and
2), Figure 12 (for the test sets 3 and 4), Figure 13 (for the test sets 5 and
6) and Figure 14 (for the test sets 7 and 8). For the sake of clarity, we do
not show the identities of objects. And, we display the projected bounding
boxes of detected CD-covers in red.

6.4. Processing time

The processing time per image of our algorithm is presented in Table 3.
Again, the sizes of test images is 1024x768 in which there are about 3,000
to 5,000 SIFT keypoints in an image. We measured the running times of
algorithm on a PC with Intel Core 2 Duo 3GHz and 2GB of RAM. We
want to emphasize that the verification step presented in Section 5 is still
implemented with MATLAB. The actual processing time of this step can be
improved with C++ implementation.
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Table 3: Processing time of our algorithm

Step Time per image (seconds)
SIFT extraction 1.32
Visual word quantization 0.26
Hypothesis generation 1.44
Hypothesis verification (in MATLAB) 1.13

6.5. Comparison with the state-of-the-art large scale image search

In this section, we report the comparative result between our proposed
ranking scheme based on hough voting technique and the state-of-the-art
large scale image search using TF-IDF ranking scheme with Vocabulary Tree
that is proposed by Nister and Stewenius [14]. Note that our proposed rank-
ing based on hough voting is used as the hypothesis generation step explained
in Section 4. An illustrated example of the comparison is previously men-
tioned in Figure 1.

To compare these two approaches, we will evaluate how well the algo-
rithms can retrieve a set of relevant database objects in the top ranked orders
by measuring the recall (in percentage) of the results within the top database
candidates. Specifically, in this comparison, we will not consider any object
localization result that our algorithm also can produce after applying the
verification step. That is a retrieval result will inform the candidate list of
object identities in the query image. If the query image consists of multiple
instances of a single specific object, we will consider them as one sample
instance in the recall computation. Furthermore, we vary the number of top
database candidates, i.e., Ny, to be 20, 40, 60, 80, and 100. Thus, at any
value of Ny, if the retrieval results in the top N, ranked list hit the labels
in the ground-truths, we will count these results in the recall calculation.

The results for this comparative evaluation on the data-sets in Section 6.2
can be shown in Table 4. We also illustrate the comparative result with the
graphs in Figure 15. From the result, we found that our proposed ranking
scheme outperformed the one proposed by Nister & Stewenius [14]. Our
algorithm yield to above 90% of recall at all values of number of top database
candidates. Meanwhile, in the test sets 5, 7 and 8, the Nister & Stewenius
approach is completely failed to recognize the objects in which the recalls are
less than 50% at all values of number of top candidates.
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Table 4: Comparison of recall rates (in percentage) between our hough voting based

ranking and the Nister & Stewenius (N-S) approach [14] at N;,,=20, 40, 60, 80 and 100.

(See also the graphs in Figure 15 for illustration.)

Ours N-S approach
Test set Niop Niop

20 40 60 80 100 20 40 60 80 100
1 99.0 99.0 99.0 99.0 99.0 70.0 76.0 79.0 79.0 79.0
2 92.7 946 964 973 973 79.1 80.0 80.0 82.0 83.9
3 98.0 99.0 99.0 99.0 99.0 97.0 98.0 99.0 99.0 99.0
4 97.0 100.0 100.0 100.0 100.0 26.0 33.0 38.0 41.0 44.0
5 93.3 958 958 988 99.2 9.2 10.0 15.0 175 18.3
6 91.3 96.2 98.1 981 99.0 49.0 57.7 63.5 66.3 70.2
7 91.7 944 972 972 98.1 12.0 13.0 14.8 16.7 17.3
8 84.8 933 943 96.2 96.2 44.8 48.6 524 56.2 58.1

One interesting point observed from the result is that the Nister & Stewe-
nius approach provides the good results (> 70% of recalls) on the test sets 1
to 3. In these test sets, the query images consist of only one specific object
where the number of instances of a specific object in each query image of
these test sets are 1, 2 and 4, respectively (see Figures 11 and 12).

We observed that the Nister & Stewenius approach performed more accu-
rately when the number of instances of the same object in images is increas-
ing. That is, among these three test sets, the Nister & Stewenius approach
performed best on the test set 3 (there are 4 instances of the same object in
query images). And, it performed worse on the test set 1 in which the query
images consist of one instance of an object.

This occurrence can be explained regarding to the key notion that the
Bag-of-visual-word image search will search for a single database object
whose visual contents without considering spatial information (i.e., collection
of visual words) is most similar to the ones extracted from the whole query
image. Therefore, as the number of identical object instances is increasing,
the visual contents in the query image will be boosted with more relevant
visual words extracted from incremental object instances. In contrast to the
state-of-the-art proposed in [14], our proposed algorithm can solve the issues
of both multiple specific objects and multiple instances of the same object.
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6.6. Failure cases

Our proposed algorithm can work very effectively for detection of multiple
planar textured objects as we presented in the previous section. However,
there are some cases that our algorithm fails to detect the objects in images.
First, our algorithm still produces some false positive results. Some examples
of this failure case are shown in Figure 16(a). This failure is due to the nature
of a-contrario frameworks that are inferior if there is small number of inlier
matches involved in the NFA computation as mentioned in [31]. Second there
are some miss-detections as shown in Figure 16(b) where the dashed circles
are plotted to indicate the miss-detections. From our observation, these
cases are mostly due to adverse illumination changes (e.g. specular noise or
glares at CD cases). Finally, our algorithm completely fails to detect the
objects in the presence of significant viewpoint changes as illustrated with
some examples in Figure 16(c). As mentioned in [54], the problem could be
solved by adopting a visual vocabulary that takes into account of viewpoint
changes.

7. Conclusions

We have presented a scalable recognition algorithm for simultaneously
identifying the identities and detecting the locations of multiple objects in
images. Our approach is extended from Bag-Of-Visual-Word (BOVW) im-
age retrieval by incorporating a novel Hough voting based scoring. We also
incorporate an a-contrario based decision framework into our greedy based
hypothesis verification. This allowed our verification algorithm to work insen-
sitively to any threshold. The evaluation with a large scale object database
on a set of test images of CD-covers have shown the promising results of our
proposed algorithm.

Some of possible future works can be listed as follows. First, we interest
in applying the probabilistic Hough voting framework proposed in [55] into
our hough voting scoring. This could make our hypothesis generation to be
more robust than the current algorithm that is still based on the traditional
non-maximum suppression (NMS). Second, with regard to the applications,
it is useful if we could make the algorithm to be robust to viewpoint changes.
This problem is also central to the works on BOVW large scale image search.
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Database image
(correct)

Database image
(incorrect)

Figure 5: Tllustration examples of voting (a) Voted locations (star markers) from correct
matches A— A’ to E— E’. They tend to cluster at some location. (b) Voted locations from
incorrect matches W — W' to Z — Z'. Unlike (a), the voted locations are not clustered.

(b)
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Figure 6: Example of voted spaces computed from the test image in Figure 1. (a) Test
image. (b) to (e) are the voted spaces for the top 5 object retrieval results from our Hough
voting based scoring. The database images of retrieved objects are attached on the below
of illustrated voted space images. Note that these top 5 objects are similar to the ones in
Figure 1-c
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Figure 7: Example of conflicting hypotheses.
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Algorithm 1 Hypothesis verification
Input: H = {h;;k =1,2,..}: A set of hypotheses.
where hy = {(o, Px)}: op=0bject identity, P,=putative matches.
where Py = {(pr,is Phi)}: Pris Py, are database keypoint and test image
keypoint, respectively.
Output: L = {(0;, BB,);j = 1,2,..}: Detection result.
where oj=object identity, BBj=object bounding box.
Parameter: e¢: Hypothesis quality threshold (fixed to 1.0)
1: L+ ¢
2: stop < false
3: while stop # true do
4:  // Determine the inlier matches and hypothesis scores
// of remaining hypotheses
for i =1 to |H| do
(Si, Ai, S!) < RansacPlanarTransfEstimation(P;)
nfa <— ComputeNFA(S;, A;, S, P;)
Q(hs) + —log(nfa)
10: end for
11:
12:  // Find the best available hypothesis
13: Find 5 that Maxi<;<|H]| Q(h])
14:
15: /) If the quality score > —log(e) then accept the hypothesis
16: // remove all matches of other remaining hypotheses that are
17: /] associated with the test image keypoints in
18:  // the bounding box of the accepted hypothesis
19: if Q(hy) > —log(e) then

20: DbObjBB < {Bounding box vertices of the database object o,}
21: BB; < PlanarTransfProjection(A;, DbObjBB)

22: L(-LU{(OJ7BBJ)}

23: H + H\{h;}

24: for i =1 to |H| do

25: P, +— RemoveMatch(P;, BB;)

26: end for

27:  else

28: stop < true

29:  end if

30: end while
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Figure 11: Some qualitative results on the test set 1 (first two rows) and 2 (last two rows).
The bounding boxes of detected objects are shown in red.
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Figure 12: Some qualitative results on the test set 3 (first two rows) and 4 (last two rows).
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Figure 13: Some qualitative results on the test set 5 (first two rows) and 6 (last two rows).
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Figure 14: Some qualitative results on the test set 7 (first two rows) and 8 (last two rows).
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Figure 15: Comparative results between our proposed ranking scheme (in solid red) and
Nister & Stewenius (denoted N-S) [14] (in dash blue). Figures (a) to (h) are corresponding
for the test sets 1 to 8, respectively. The y-axis shows the recall in percentage. The x-axis
shows the number of top candidate objects in the recall evaluation.
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Figure 16: Example of failure cases: (a) False positives. (b) miss detections due to adverse
illumination changes (glares at CD cases). (c) miss detections due to viewpoint changes.
Note that the green dashed circles indicate undetected instances.
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