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Abstract—We propose an approach for improving object  important. Therefore, we propose to add spatial reasooing t
recognition and localization using spatial kernels together with  the formulation of instance embedding by means of a spatial
instance embedding. Our approach treats each image as a bag yarel. |n this way, we aim to achieve better localizatiod an

of instances (image features) within a multiple instance learning iti M thi tial inf tion is like
framework, where the relative locations of the instances are ~€C0@NIION. Vioreover, this spatial information IS likely

considered as well as the appearance similarity of the localized Improve the instance selection process of the MIL problem.
image features. The introduced spatial kernel augments the Some approaches have looked at exploiting spatial in-

recognition power of the instance embedding in an intuitive and  formation by means of spatial binning [4], spatial pyramid
effective way, providing increased localization performance. histograms [5], generalized Hough transform [6], [7]. None
We test our approach over two object datasets and present . .
promising results. pf these approgches has formulated the p'roblem in a multiple

instance learning (MIL) framework. In this paper we look
at how we may improve over the current solutions by
incorporating this spatial information. We achieve this by
formulating a spatial kernel, which is easily compatiblehwi
the multiple instance embedding approach of [3].

Object recognition and localization are two major prob- We evaluate both the object recognition and localization
lems in computer vision. For the object recognition problem performance of our proposed algorithm, using the Caltech-
bag-of-words approaches [1], [2] have recently gained a lod, the UIUC multi-scale cars and Graz-02 datasets. The
of interest in the community, due to their simplicity and results show that our approach is successful in both recog-
effectiveness. In such approaches, extracting local fesitu nition and localization of the objects. In these experiragnt
and representing the image with the histogram of theseve show that spatial reasoning provides more successful
local features is a common practice. However, bag-of-wordsocalization for the instance embedding approach, and the
approaches have certain shortcomings. First, using punesults compare favorably to various methods presented in
histogramming over the image ignores the important spatiate literature [8], [9], [10], [11].
information present in the 2D image domain. Second, hard
assignment of interest points to codewords is prone to noise
caused by background features. Our approach is built upon the localized features within

Using localized features, the problem of object recogni-the image and is an alternative to the bag-of-words represen
tion and localization can be formulated aswtipleinstance  tation. The regular bag-of-words approach first generates a
learning (MIL) problem, where the image features/regionscodebook by clustering the image patches. Then, each image
represent the instances and the whole image or a subwindow represented with a subset of this codebook, such that each
can be considered as a bag. Then, the problem reduces itnage patch is represented with the closest codeword. Then,
finding the correct set of instances, i.e. features, thaierep the overall image is represented using a histogram of these
sent a particular class. Following the instance embeddingodewords and all the image contents are accumulated into
approach of Chen, et al. [3], we can define a mappingins.
so that each image is represented by the overall distances There are several shortcomings of this approach. First, the
of its regions to a global dictionary of localized features.codebook generation can be imperfect. Once the codebook
This approach overcomes the shortcomings of the bag-ofs formed, hard assignment of the interest points to the
words approach such that: 1) using interest points as iglosest cluster centers, i.e. assigning each patch todsest
the overhead introduced by the codebook generation stegpdebook entry, may cause information loss. That is why
is eliminated, and 2) each image is represented in termsome approaches use soft-assignment [4], rather than using
of a dictionary, which provides a higher level of tolerancethe closest cluster center.
for noisy features. This approach is powerful in finding Following [3], an image can be represented by not only
the relevant patches in images. However, in the 2D imagé¢he closest codewords, but in terms of all the dictionary.
domain, the spatial layout of the image patches is alsd\ discriminative classifier can then be used to select the

Keywords-object recognition; object localization; multiple
instance learning;

I. INTRODUCTION

II. OUR APPROACH



. - . . . Table |
important features and dictionary points. In this setiv®),  True posiTIVE RATES AT THE EQUAL ERROR RATE POINEER) ON

define an instance embedding space such that, given the CALTECH-4 DATASET.
entire instance space or codebobk = {c',c?,...,c"}, _ ,

t each image with embedded feature vec- Approach || Airplanes | Cars | Faces| Mbikes
we represen mage with N SPMILES 98.25 | 93.25| 99.08| 98.75
tor m(B;) = {s(B;,c'),s(B;,c?),...,s(Bs, ™)}, where MILES [3] 96.0 | 89.75| 99.54 | 97.75

s(B;, c*) represents the similarity between the image, and
the codeword” in the dictionary. In this way, we convert the

input data vector to its alternative representation in ffece  normalized with respect to the search window size, in order
of the codebook dictionary. By using the exact distances téo achieve invariance to differences in scale. The scalars
all codebook entries, the pitfalls of the hard assignmeet aro .., andoy,.iq are predefined bandwidth parameters that

avoided. In [3],s is formulated as follows: are used to scale each of the distance kernels. The bandwidth
ell2 parameter helps to adjust the sensitivity of the measure to
5(Bj, ) = maxexp | — Hxi-j _2C H (1) thg spatial diffe'ren'ces. These parameters can be selegted b

J g using cross-validation over the training set.

We then apply L1-regularized linear SVM over this in-
stance embedding representation as in [3]. L1 regulaozati
SVM provides us implicit feature selection, so that in the
ﬁ]SSt phase, we only use those instances that have non-zero
weights. In this case, L1 SVM associates a weightwith
h%ach instance, by minimizing

wherez;; represents thgth feature vector for image

This is a multiple instance learning (MIL) formulation
where the task is to select “correct” instances toward
learning a good model. This embedded space converts t
instance selection problem into a feature selection proble
The noisy instances are expected to be inconsistent in t
dataset, and in this embedding, they will appear as less l[w||1 +CZL(f(m(Bi))7yi) (5)
informative feature dimensions. f

In this _|mage-bas§d MIL settlng, spatial Iocat'lc.)ns Of. N where L is the hinge lossf(B;) is the linear classification
stances (interest points) can provide strong additiorfal-in . .

. . . ... function defined as

mation that can be considered as a prior to select the p@sitiv

instances in each image. Fortunately, it is straightfodwar f(m(B:)) = wis(Bi, c*) +b. (6)
to add such spatial reasoning to this MIL framework. We k
introduce a multiplicative spatial kernel to the featuesséd lIl. EXPERIMENTS

similarity measure, and represents follows: . .
y P We have conducted two sets of experiments: the first one

s(Bi, c") = max (¢ feat (vij, ) Pspatiar(xij, ¥))  (2)  is to measure the object recognition performance, and the
J second one is to measure the object localization perfor-
where ¢..; is the similarity between feature vectors of mance.
instances andbs,qtiq; iS the spatial closenesg.,: and ] o
Gspatiar are defined as A. Object Recognition
. For the object class recognition problem, we use the
& feat (i), *) = exp (_D(l;ij,c )> 7 3) _Caltech dataset from [8]. This dataset contains four (_)b-
Tfeat ject classes, namely airplanes, cars, faces and motorbikes
together with the background images. We extracted 128-
||P(x,-j)—P(c’“)H2 dimensional SIFT features [12] from the interest point
N ) regions detected by the Harris-Hessian-Laplace [13] éster
point detector. We used the same set of features both for
In Eq. 3, D corresponds to the distance measure useqj|LES [3] and our spatial MILES (SpMILES) approach.
to compute the similarity of two feature vectors, and the The whole instance set® in the training phase yields
choice of D depends on the application. In our case, wex 30000 instances. We can either use the whole set or a
use D(z;;,c") = x?(zij,c%) = 33, % to  random subset of instances, or apply an initial clustering t
compute the similarity of two SIFT vectors. reduce the instance space. In our preliminary experiments,
In Eqg. 4, the spatial positionB(z) of the image patches we have not seen any significant performance difference
are compared and their distances are encoded within theetween using the whole set versus using the cluster centers
final similarity measure. This extended formulation allowsthus, we chose to cluster the instances first (using k-means
us to consider the relative spatial locations of the featuravith £ = 3000) and use the instances that are closest to
vectors as well as their content similarity. This is achiéeve the cluster centers as our reduced instance space. Note that
by using the direct Euclidean distance between feature locahis clustering step is not as critical as in quantizatiasda
tions, without any spatial binning. Each feature locatisn i approaches. Here, clustering is used only as a well-defined

¢spatial (xij7 ck) = exp <

2
spatial



Table Il
TRUE POSITIVE RATES AT THE EQUAL ERROR RATE POIN(EER) ON
CALTECH-4 DATASET.

Approach Airplanes | Cars | Faces| Mbikes
SpMILES 98.25 93.25| 99.08 | 98.75
Fergus [8] 90.2 90.3 | 96.4 92.5
Opelt [11] 88.9 90.1 | 935 92.2
Loeff [9] 97.0 98.0 | 98.7 97.0
Bar-Hillel [10] 93.3 99.4 | 93.7 95.1

procedure to reduce the number of features to a computa-
tionally feasible subset, rather than building a quanitrat
codebook. We observe that L1-regularized SVM provides
good generalization with selecting as few~a200 instances

in the final model.

Table | shows the object recognition performance of the
proposed approach (spMILES). To make direct comparison
possible, we evaluate MILES and spMILES over the same
set of SIFT features, which are extracted as described above
As can be seen, the spatial kernel helps in improving the
recognition rates in most of the classes.

Table Il shows the recognition performance relative to the
other methods proposed. The recognition rate of SpMILES is A AL WG L o o
quite competent. We should note that the methods presented (c) motorbikes
in this table are not directly comparable, because the)é_ _ _ o L

. .. Figure 1. Spatial reasoning helps multiple instance legraimd improves
operate over different feature sets. Our method possibly,cajization of the objects.
uses sub-optimal features. Nevertheless, our main potot is
demonstrate the improvement that is possible when instance Table 11l
embedding is done with spatial reasoning. Various studies AVERAGE PERXEPCE'i:3E(NATpgSGTILEJSCFSARRgBDJfTiTS;CAL'ZAT'ON
have shown that optimized or multiple sets of features may
yield further performance improvement and this remains as MILES | spMILES | [2]
a topic for future work. localization AP || 19.17 90.3 90.6

B. Object Localization

A main strength of the proposed approach is in its power As can be seen, although MILES has high recognition
to localize object instances. Figure 1 shows examples ofates, without the spatial reasoning, it tends to yield firesct
localization. While MILES is quite powerful in the binary localization. This situation can also be observed from the
decision about the presence of the object of interest, ibis n example images given in Fig. 2.
quite good at localization. By adding spatial reasonindni t Figure 3 shows some localization results from the more
form of the spatial kernel, spMILES correctly localizes the challenging Graz-02 dataset [11]. In this dataset there are
object. We perform localization by using a sliding window severe occlusions, as well as viewpoint and scale changes. |
approach over multiple scales. Candidate subwindows arerder to compensate for viewpoint changes, we apply sliding
evaluated with respect to their SVM output over the spatiawindow technique over multiple aspect ratios (i.e. 0.55),1
embedding domain. As seen from the examples in Fig 3, the spMILES approach

For evaluating object localization, we use the UIUC is able to detect the object of interest successfully in many
multi-scale cars dataset [14] which consists of images oflifficult cases.
cars at multiple scales and in multiple locations. There
can be more than one car in an image and there can be
some occlusions. Figure 2 shows example car detections In this paper, we present a multiple instance
in this dataset and Table Il shows the comparison of thdearning(MIL)-based approach for object recognition and
localization performance. The average precision rates arecalization. Our approach extends the discriminative MIL
calculated by ranking the positive detections by their outp framework to image domain by using spatial information
score and the detections that have more th@# overlap by means of a spatial kernel. Our formulation is directly
with the ground truth locations are considered to be trueompatible with the instance embedding framework
positives. introduced in [3]. The results demonstrate that the progose

IV. CONCLUSION
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approach offers considerable improvement over the object
recognition and localization performance as compared to
using multiple instance embedding [3] alone.
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