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ABSTRACT

Labeling objects in images is an essential prerequisite for
many visual learning and recognition applications that de-
pend on training data, such as image retrieval, object de-
tection and recognition. Manually creating labels in images
is not only time-consuming but also subject to human la-
beling errors, and eventually, becomes impossible for a large
scale image database. Semi-supervised learning (SSL) algo-
rithms such as Gaussian random field (GRF) can be applied
to labeling objects in images since they have the ability to
include a large amount of unlabeled data while requiring
only a small amount of labeled data. However, the one-shot
property of GRF prevents it from achieving good labeling
performance. In this paper, we presents a novel object label-
ing tool, SmartLabel, to semi-automatically label objects in
images. The algorithm of SmartLabel has four innovations
over GRF: 1) soft labeling, 2) graph construction with spa-
tial constraints, 3) iterated harmonic energy minimization,
and 4) using relevance feedback to incorporate human in-
teraction in the loop. As demonstrated in datasets of six
object categories, the proposed SmartLabel not only works
effectively even with a very small amount of user input (e.g.,
1 — 5% of image size) but also achieves significant improve-
ment over GRF.

Categories and Subject Descriptors:

1.4.6 [Image Processing and Computer Vision]: Seg-
mentation - Region growing, partitioning

1.2.6 [Artificial Intelligence]: Learning-parameter learn-
ing

General Terms: Algorithms.

Keywords: Semi-supervised learning, object labeling, Gaus-
sian random field, harmonic energy minimization.

1. INTRODUCTION

The increasing growth of multimedia data on the Internet
has created new challenges for the multimedia community.
Many fields in multimedia, such as video retrieval and an-

Permission to make digital or hard copies of all or part o twork for
personal or classroom use is granted without fee providatdbpies are
not made or distributed for profit or commercial advantage that copies
bear this notice and the full citation on the first page. Toyoofherwise, to
republish, to post on servers or to redistribute to listguies prior specific
permission and/or a fee.

MM'06, October 23-27, 2006, Santa Barbara, California, USA
Copyright 2006 ACM 1-59593-447-2/06/001055.00.

Human Animal

Building

@

70000 R e e o e s L o e e o e

B0 [ e A A S e A T
SO |
40000 -

O T T

20000 [ 4o T e
i I | i i | i i
D5 Ju-05 Aug-05 Sep-05 Oct-05 Nov-05 Dec-05 Jan-0B Feb-06 Mar-D6 Apr-06

(b)

Figure 1: MIT LabelMe tool. (a) Four examples.
(b) Statistics of user inputs from LabelMe website, x-axis:
dates, and y-axis: accumulated number of labeled objects.

notation [17, 27], content based image retrieval [24, 23, 11,
26, 25, 22|, object detection and recognition [15, 28], require
the labeling and annotation of data. Manually labeling im-
age data, for example, is not only a labor intensive and time
demanding task, but also subject to human labeling and
annotation errors and variances. While research has been
focused on online massive user labeling (e.g., MIT LabelMe
! The ESP Game ?), little attention has been paid to semi-
automatically labeling objects in images. The goal of this
research is to address the problem of labeling objects in im-
ages by proposing semi-automatic labeling methods within
a semi-supervised learning problem setting.

To get a sense of the difficulties in a task of manually
labeling objects in images, let us consider LabelMe, the state
of the art online annotation tool. LabelMe attempts to build
a large collection of annotated images. The users simply

"http://people.csail. mit.edu/brussell /research /LabelMe/
Zhttp://www.espgame.org/
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Figure 2: Examples of SmartLabel. The user loosely drags a rectangle inside an object. The object and others at
different locations if any are then extracted automatically. Left is the input image with user specified ROI and right is

extracted object region(s) using SmartLabel.

trace the outline of as many different objects from the image
and for as many images as they like. Figure 1 (a) shows
examples of manually labeled objects in images taken from
the LabelMe database and (b) shows the statistics of labeled
images. In 11 months, 26976 images were manually labeled
among which 80234 objects were annotated. Although the
impact of LabelMe for the research community is influential,
this number of labeled objects and images is still fairly small
compared to some large scale image databases. Therefore,
manually labeling even larger image databases in a short
period of time is virtually impossible.

These difficulties motivate us to turn back to semi-automatic

methods to label objects in images with less required human
effort. One solution is to ask a user to only mark a tiny re-
gion of interest (ROI) of the object on the image with some
simple inputs (e.g., dragging a rectangle), and the algorithm
can take care of the rest of the job by labeling the rest of the
object or other similar objects in the entire image. Figure
2 shows examples of user inputs and extraction results from
the proposed tool. Semi-supervised learning (SSL), which
leverages the availability of a large amount of unlabeled data
to enhance classification performance, has attracted a lot of
attentions within the last few years and has been proved to
be useful for many problems [10, 3, 18, 2, 20, 1, 19]. Some
research has been done in semi-automatic object extraction
using other techniques [29]. In this paper, we focus on ad-
dressing the problem within the framework of SSL.

To formulate the problem as an SSL task, we do the fol-
lowing. Given an image, an ROI is initially marked by the
user. We then divide the image into non-overlapping blocks;
the blocks that are in ROI or overlap with it are considered
as labeled data, L, and the rest of the blocks in the image are
considered as unlabeled data, U. Formulating the problem
in this way allows us to apply any SSL algorithm to predict
labels for U. However, this approach presents two chal-
lenges. First, the labeled data initially contain only positive
examples because the user only specifies ROI of the object of
the interest. Secondly, L from the divide-into-blocks process
is not noise-free because blocks overlapping ROI can contain
part of the background. These two challenges become criti-
cal hurdles to apply existing SSL algorithms to our problem
because they normally assume that L contains both positive
and negative data and is noise-free.

These challenges motivate us to come to a recently devel-
oped graph-based SSL method, known as Gaussian random
field (GRF) [20]. GRF represents labeled and unlabeled
data as vertexes in a weighed graph, with edge weights rep-
resenting the similarity between connected vertexes. This
method adopts Gaussian fields over a continuous state space
rather than random fields over the discrete label set. The
mean of the field is characterized in terms of harmonic func-

tions, and the solution can be efficiently obtained using ma-
trix methods or belief propagation. This ”relaxation” to a
continuous rather than a discrete sample space results in
many attractive properties. For instance, the lack of nega-
tive data and need of continuous label values to differenti-
ate positive data can be naturally handled by GRF. Since
the original GRF method was proposed for the problems in
other domains, there are still some difficulties in applying it
directly to our problem.

In this paper, we propose a novel iterative algorithm for
object labeling in images. We call it SmartLabel. The
SmartLabel algorithm has four novelties over GRF. 1) Real
numbers ranging between 0 and 1 are used as the label value
for labeled points. In other words, we label blocks in L us-
ing a continuous label value. 2) The weighed graph is con-
structed from the input image using two spatial constraints,
a) separation of U into two subsets and b) spatial distance
based edge weights, both constraints are for down weighing
blocks spatially far from ROI. 3) The harmonic energy min-
imization is applied iteratively to estimate labels for blocks
in U and newly labeled blocks are added to L for the next
iteration. The algorithm runs a fixed number of iterations
or stops until the graph structure is stable. 4) We bring the
human in the loop through plugging in relevance feedback
to alleviate the lack of negative data problem. Combining
semi-supervised learning and relevance feedback offers an
even more powerful tool to leverage both human knowledge
and a large amount of unlabeled data. The experimental
results indicate that SmartLabel works effectively even with
a tiny user-specified ROI (e.g., 1 — 5% of image size). The
overall performance can yield 84% macro-averaging Fi over
datasets of six object categories.

2. RELATIONTOIMAGE SEGMENTATION

Labeling objects in images can also be called image seg-
mentation, foreground extraction, object extraction or im-
age editing, although they are slightly different in terms of
applications and domains. Image segmentation has been
an active area of research for decades and its application
has been widely adopted in many research fields including
content-based image retrieval [23, 11, 30]. The goal is to cre-
ate systems capable of segmenting foreground objects from
the background accurately and to achieve convincing seg-
ments of the image. Recently, research has focused on the
problem of interactive extraction of a foreground object from
an image [5].

There are three key differences between SmartLabel and
other state of the art interactive segmentation tools. First,
the goal of SmartLabel is to create labels for interesting
object(s) in the image, not to segment the image into a
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Figure 3: Comparison of three tools. The left image in each group shows user interactions required to complete object
extraction: white brush (Magic Wand) and yellow rectangles (GrabCut and SmartLabel). The right image shows the resulting
extraction. SmartLabel is able to extract faces at different locations in the image although only two initial locations are given.

Note the difference between user inputs for tools.

number of blobs. Secondly, although SmartLabel is a semi-
automatic labeling tool, it does not rely much on user input;
only initial specification and relevance feedback after the 15
iteration are required. Finally, SmartLabel can extract a
foreground object at multiple locations in the image even
though the user only specifies part of the object at one loca-
tion, while most iterative segmentation tools extract objects
within or around the user marked ROI.

In the following, we describe and compare several state of
the art interactive object extraction (segmentation) tools:
Magic Wand, GrabCut [5], ClickRemoval [6], and central
object extraction [8]. Figure 3 shows comparisons among
Magic Wand, GrabCut, and SmartLabel since they are are
similar in terms of user interactions.

Magic Wand 2 lets you select a consistently colored area
(for example, a red flower) without having to trace its out-
line. You specify the color range, or tolerance, for the Magic
Wand’s selection. While the user interface is straightfor-
ward, finding the appropriate tolerance level is often cum-
bersome and extracting the object containing multiple col-
ored areas is problematic and requires a higher degree of
user interaction.

ClickRemoval [6] is an interactive tool to erase an ob-
ject in an image. The user indicates the undesired object
by pinpointing it with the mouse cursor. The object extrac-
tion step relies on a statistical region-growing segmentation
technique using color information and the hole-filling step
applies background texture based synthesis. The main dif-
ference between this tool from SmartLabel is apparent: for
images containing objects at multiple locations, extracting
all of them is impossible, given that some of the objects that
user does not initially pinpoint,. A considerable degree of
user interaction is required to extract objects at multiple
locations.

Central Object Extraction [8] is developed for object-
based image retrieval. It does not require user interactions
and automatically extracts central objects. However, it re-
lies on two underlying assumptions: that interesting objects
are generally located near the center of the image and con-
tain regions with significant color distributions. Like the
ClickRemoval, this tool lacks the ability to propagate ex-
traction for the object at different locations.

GrabCut [5] is an interactive foreground extraction tool
that extends the graph cut mechanism [3, 16]. While Grab-
Cut and SmartLabel attempt to solve similar tasks, the two
algorithms are very different in three respects. 1) User ini-
tial inputs are different. GrabCut requires the user to drag

3 Adobe Photoshop 7: http://www.adobe.com/

a rectangle outside (around) the desire object, but Smart-
Label requires an arbitrary close area (can be a rectangle)
within an object. 2) Extraction results are different. Smart-
Label attempts to extract object(s) outside of the ROI,
which makes it possible to extract the object or similar ob-
jects at multiple locations in the image. In contrast, Grab-
Cut extracts the desired object within the ROI and does
not address the problem of multiple object extraction. Fig-
ure 3 shows the comparison. 3) Goals are different. Grab-
Cut attempts to achieve fine and accurate segmentation by
computing continuous alpha value over the entire inference
region, while SmartLabel aims to obtain a good but not opti-
mal object extraction. This can be useful in problems which
do not require high accuracy of segmentation, e.g., reducing
human efforts in a semi-automatic labeling tool, capturing
the essence of the user query image(s) or feedback image(s)
in CBIR.

3. OBJECT LABELING USING GAUSSIAN
RANDOM FIELD

The Gaussian random field (GRF) algorithm [20] belongs
to a class of graph-based SSL algorithms. In this section, we
first describe standard SSL notations, and next, harmonic
energy minimization, the procedure to estimate label pre-
dictions in GRF, is described in some detail.

3.1 Semi-Supervised Learning (SSL) Setting

SSL is a general problem of learning from labeled and un-
labeled data. Given a data set, X = {x1, ..., 1, Ti41, ..., Tn },
and a label set, C = {1, ..., ¢}, the first | data points have
labels {y1,...,y:} € C and the remaining points are unla-
beled. We call L = {(z1,y1), ..., (1, 1)} the labeled set and
U = {(i+1, Yi41), -, (Tn,yn)} the unlabeled set. Graph-
based SSL algorithms consider a connected graph, G =
(V, E), with nodes V corresponding to n data points, where
nodes L = {1,...,1} are the labeled points and nodes U =
{l +1,...,n} are the unlabeled points. The edges, E, are
weighted by the n x n affinity matrix, W, computed using
certain distance metrics.

3.2 Gaussian Random Field

Recent work has successfully applied Gaussian random
fields over a continuous state space and minimized the har-
monic energy using matrix operations [20]. The goal of
GRF is to first compute a real-valued labeling function,
g(-) : V=> R, on G with certain nice properties, and then
to assign labels for U based on g(-). The labeling function
is constrained to assign labels such as g(i) = g;(¢) = vs, on



Input An image and user-specified region(s) of interest.

Initialize Divide the image into B x B blocks. Blocks in
ROI are added in L and the rest are added in U.

Object Labeling using Gaussian Random Field

1. Construct the weight matrix on L and U. Form the
weight matrix W using the weight factor defined in
Section 3.2 and W;; = 1.

2. Construct the combinatorial Laplacian. Compute the
matrix A = D — W, in which D is a diagonal matrix
with D;; equal to the sum of the i-th row of W.

3. Compute the harmonic solution. Compute the label
prediction on U using the equation g, = (Dyu —
Wuu)ilwulgl«

4. Assign labels to unlabeled data. For each x; in U (i >
1), assign the label as y; = gu(z:).

5. Output resulting extractions. Produce extracted re-
gions of the desired object as blocks which are labeled
as object.

Figure 4: Labeling Objects in Images using GRF.

L,i=1,...,l. The aim of the Gaussian field configuration is
to make unlabeled points that are nearby in the graph have
similar labels. This motivates the choice of quadratic en-
ergy function, E(g) = 1 > wii(9(2) —g(4))% In the n-dim
Fuclidean space, z € R", the weight matrix, W, can be de-

)2
fined as, w;; = exp (— i1 M), where x4 is d-th

202

component of the feature vector x,—de R" and o1, ...,0, are
length scale hyperparameters for each dimension. There-
fore, nearby data points in the Euclidean space are assigned
large weights. The diagonal of the matrix W is set to be 1,
w;; = 1. Other weighting strategies are possible, and a spa-
tial constrained weighting will be described in next section
for our problem.

In order to assign a probability distribution on g¢(-), a
e—BE(9)
Z
[ is an ”inverse temperature” parameter and Zg is the par-
tition function Zg = fg‘gl:L exp(—BE(g))dg, which nor-
malizes over all functions constrained to g; on L, where
(zi,y:) € L,i = 1,...,1. To compute the harmonic solution
of functions g(-), we minimize the quadratic energy function

E(g) subject to the labeled data constraint.

Gaussian random field is formed as pg(g) = , where

g=arg min B(g)=arg min 23" wi(9) g0 (1)

glL=a glr=g 2 £

in other words, it satisfies the equation, Ag = 0 on all
unlabeled points in U and is subject to be equal to g; on L.
Here A is called the combinatorial Laplacian, and given in
matrix form as

A =D — W,whereD = diag(d;),d; = Zwij. (2)
J

Figure 5: An illustration of necessity of soft label-
ing. After dividing the image into blocks, those two user
specified ROIs (in black circles) only cover a few complete
blocks, while other blocks on the ROI boundaries are only
partially included, among which some are even completely
background. Similar problem happens too when the user
drags a rectangle of ROI.

The harmonic property indicates that the value of f at
each unlabeled point is the average of f at its neighborhood
points,

g9(j) = dijzzj:wijg(i), forj=101+1,..,l+u, 3)
which maintains the smoothness constraint of g(-) with re-
spect to the graph G. Expressed in the matrix form, Eq(4)
can be rewritten as g(-) = Qg(-), where Q = D™'W. Be-
cause of the maximum principle of harmonic functions [14],
the solution of g is unique and it is either a constant or sat-
isfies 0 < g(j) < 1 for j € U. To compute the harmonic
solution in terms of matrix operations, W is split into 4
blocks in terms of separation of L and U.

(4)

Wosr = { Wi Wi ] '
Xn

Wul Wuu

Denote the target labeling function g(-) = [ 51 (()) ] ,
ul nxec

and g;(-) denotes labels on L, g, (-) denotes labels on U, and
c is the number of classes. The unique harmonic solution
Ag(-) = 0 subject to g(-)|r = gi(*) = ys,4 = 1,..., 1 is given
as a u X ¢ matrix gu.(-).

9u() = (Duw=Wau) " Waurge () = (I = Quu) ~ Quigi(-)- (5)

The intuition of harmonic energy minimization is that
points nearest to each other in the graph have similar la-
bels. The resulting classification algorithm for GRF can be
viewed as a form of nearest neighbor approach, where the
nearest labeled points are computed in terms of a random
walk on the graph. In this paper we propose to formulate
labeling objects in images as a semi-supervised problem and
solve it by GRF. One benefit from the SSL setting is label-
ing performance can be independent of the number of object
instances in the image since the underlying data similarity
is embedded in W no matter how many times the object
appears in the image. Figure 4 shows the GRF algorithm
for object labeling, which is used as a baseline in our ex-
periments. Furthermore, we extend GRF in several ways to
improve the labeling performance.
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Figure 6: An illustration of formulating semi-
supervised object extraction. (a) Apply the usual SSL
setting by treating blocks inside the user specified region of
interest as L and rest are in U. (b) SmartLabel splits U
into two subsets, i.e., the relevant unlabeled set, U,, and
irrelevant unlabeled set, Uy, at each iteration.

4. SMARTLABEL

In this section, we present the novel parts of SmartLa-
bel. We describe the novelties of the SmartLabel algorithm
in four respects: soft labeling, graph construction with spa-
tial constraints, iterated harmonic energy minimization, and
bringing the human in the loop.

4.1 Soft Labeling

In order to formulate the object labeling problem in the
SSL setting, we first need to construct L and U sets. Given
an image and user-specified ROI(s), we divide the image
into non-overlapping blocks of size B x B (in pixels). Each
block is treated as a data point. Blocks that are in the
ROI or overlap with it are considered as labeled blocks and
added into the labeled set, L. The rest of the blocks are
considered as unlabeled data and added to U. As noted
before, the number of labeled data is [ and the number of
unlabeled data is v and n = [+ u. Note L only contains the
positive examples after this preprocess since the user only
specifies ROI and not background.

Most SSL algorithms use the hard labeling strategy. As-
sume a label set C = {1, ..., ¢}, which indicates there are ¢
classes, we have a labeling matrix Y, x. in which y;; € {0, 1}.
yi; = 1 indicates the point x; belongs to the class Cj, y;; =0
otherwise. In binary case like our task, we focus on only two
classes, object and non-object. One problem rises with us-
ing hard labeling strategy because blocks in L are different:
some are completely in ROI while some only partially over-
lap with ROI and can contain background as well. If we
use uniform labeling y;, = 1,7 = 1,...,{ for all blocks in L,
the labeled data will be noisy because blocks which par-
tially contain background are also labeled as object. Figure
5 shows an example where the user specifies two ROIs (in
black circles) in the image. As we can see, these two ROIs
only completely cover a few image blocks, while other blocks
on the boundary are partially included, some of which can
be complete background. One strategy to solve this prob-
lem is to give up all blocks which only partially overlap with
ROI and just add them in U. But this is not a good idea
because L becomes even smaller as a result. To alleviate the
problem, we relax the possible label value to real numbers

Input An image and user-specified region(s) of interest.
Initialize Divide the image into the size of B x B (in pix-
els) block. Create the sets L and U using the soft labeling

strategy in section 4.1. The number of iterations 7. Neigh-
borhood size H. U, = 0, U, = 0.

SmartLabel*

1. Fort=1,2,...,T
a) Update U, € U,. Extract neighboring blocks from
L in H pixels and put them into U,, and the rest un-
labeled blocks are put in U,.
b) Compute the matriz W' based on L and U,. Form
the weight matrix W’ using the weight factor defined
in Equation (6) and Wj; = 1.
¢) Construct the Laplacian. Compute the matrix A =
D' — W', in which D’ is a diagonal matrix with D},
equal to the sum of the i-th row of W'.
d) Compute the harmonic solution. Compute the la-
bel prediction on U, using the Equation (8), gu, =
(Durur - WuTuT)ilwurlgl‘
e) Augment L. Add newly predicted unlabeled blocks
from U, to L using the predictions gu,..

2. Output resulting extractions. Produce extracted re-
gions of the user-desired object from blocks in L.

Figure 7: SmartLabel* (w/o. relevance feedback).

between 0 and 1 as y; € [0,1]. We call it soft labeling. The
label value for each block in L is computed as the ratio of
its area within ROI to the block size. Since the mapping
function ¢(-) in GRF is real-value defined, this "relaxation”
appears to be naturally handled by it.

4.2 Graph with Spatial Constraints

Treating labeling objects in an image as an SSL problem
holds some unique properties which are different from other
SSL problems, e.g., document classification. One of the most
important properties of our task is that location information
is very important. Intuitively, pixels or blocks nearby tend
to belong to the same object rather than those far away. Re-
gions at nearby locations are more likely to contain similar
color distribution than those that are far away. By observ-
ing this location dependent property, we next describe two
spatial constraints which we incorporate into construction of
the weighed graph: a location-dependent similarity measure
and the separation of unlabeled set U into two subsets.

Motivated by the observation that nearby blocks tend to
belong to the same object, we enrich the distance metric
defined in Section 3.2 with an additional spatial distance
term. The new distance measure is defined as

s ; —m-d2 2,, mf—:ck2
wij_exp(_zw ) S ]>)7 ©

2
= 203 €

where the first term represents the similarity distance be-
tween two feature vectors and the second term characterizes



Input & Initialization are the same as SmartLabel*.

SmartLabel
1. For t = 1,2,...,T, similar to Step 1 in SmartLabel*

except the user gives feedback before augmenting L in
sub-step (e) at Iteration 1.

2. Output resulting extractions. Produce extracted re-
gions of the user-desired object from blocks in L.

Figure 8: SmartLabel.

the distance between the centers of two blocks in the im-
age. m is the number of dimensions of feature vector x;,
and o1, ..., 0m are length scale hyperparameters for each di-
mension. z; and z? are the coordinates of the block, i,
and € is a normalization term. The new distance measure
approximates the relevancy between two points by combin-
ing Euclidean distance in the feature space and the spatial
distance in 2D. Thus, nearby blocks measured by both the
image feature and spatial distance are assigned a higher edge
weight and they are close to each other in the graph.

In most SSL algorithms, unlabeled data in U are treated
equally in learning, but this assumption may conflict with
the location-dependent constraint mentioned above. To fur-
ther embed location information in constructing the graph,
we treat unlabeled blocks differently in terms of their image
locations. In other words, we separate U into two subsets, U,
and U,, based on user-specified ROI. U, includes all blocks
that are close to blocks in L and are to be included to build
the graph. U, includes all other unlabeled blocks that are
left unconsidered currently. In more detail, blocks that are
within the neighborhood of L in H pixels are put into U,
and the rest of the blocks in U are moved to U,. Figure
6 shows an illustration of this setting. With this scheme,
we incrementally estimate the labels on U, without sacrific-
ing the global configuration. The reason is, SmartLabel is
an iterative algorithm, and the total number of iterations,
T, guarantees all unlabeled blocks in the image will be in-
cluded in the graph eventually. Nevertheless, the benefits
from this separation of U are significant because it prevents
the algorithm from adding many false positives in L at ini-
tial learning stages. The reason for the occurrence of false
positives is that the number of labeled data in L initially
is very small. Searching globally instead of locally using L
is problematic because the target object concept is under-
represented by L. By incrementally searching neighborhood
regions of L and adding high-confidence predicted positive
blocks in L iteratively, the labeling procedure can quickly
search all unlabeled blocks in the image.

4.3 Iterated Harmonic Energy Minimization

The new iterated harmonic energy minimization in Smart-
Label works in place of the previous one-shot minimization
in GRF. As mentioned above, this advantage allows an auto-
matic increment of the labeled set L at each iteration, with
newly labeled blocks from U, being added into L iteratively.
Note that the definition of L is slightly different from the
standard SSL setting because L is dynamically updated in
SmartLabel while L is fixed in most SSL algorithms.

Figure 7 shows the main elements of the SmartLabel algo-
rithm. In each iteration only points in U, are included in the
graph, and labels are predicted for each of them. The points
which are predicted as object are added into set L. The al-
gorithm runs a fixed number of iterations or until no more
unlabeled points can be added into L. The algorithm then
works in a label propagation manner, and the labeled set,
L, is propagated out from initial input to rest of the image.
False positives are restrained during the propagation by ap-
plying soft labeling and separation between U, and U,,. The
intrinsic idea for this iterative algorithm is to first predict
labels on the unlabeled points of high relevancy in terms of
both image feature and spatial distance, and then use them
to continue predicting labels for points which are initially
far away from the labeled data. In the following we analyze
the time complexity of the new algorithm described above.
Step (a) in the SmartLabel* algorithm takes O(lu) time for
update U, & U, computation. Step (b) takes O((I + u.)?)
time for computing the weight matrix of L and U,.. Step (c)
takes O(l + u,) for Laplacian construction. Step (d) takes
O(uZ + url +1) = O(ur(ur + 1)) for computing a harmonic
solution. And finally the augmenting of L takes O(u,) time.
Thus, the time complexity, C'(T"), of the algorithm in T iter-
ations is C(T) = O(T (lu+ (1 4ur)? +1+ur +ur (ur+1) +ur)).
For images with small user specified ROI(s), where the la-
bel set size, [, is much smaller than the U, size, u,, the
time complexity is simplified to O(T'u?). One way to speed
up the algorithm computation is to compute weight matrix
W for the whole image only once at the first iteration and
shuffle rows and columns to create W’ afterwards based on
updated L and U, sets.

In order to compute the harmonic solution g.,, we split
the weight matrix W into mine blocks in terms of three sets
(i.e., L, Uy and U, ), similarly for the matrix D.

Wixi  Wixu,  Wixu,
WuTXl WuTXuT WuTXun . (7)
Wunxl WunXuT Wunxun

Whixn =

Since only U, are considered, we denote W' as the first
four blocks in the upper left corner in W as W,,,, where
p =14 ur. The harmonic solution of U, is given as

guT(.)uT‘XC = (Durxur - WuTqu)71 W, xt - gl(')lxa' (8)

If it is a multi-class labeling task (C > 2), one-against-all
classifiers compete using g, (j),c = 1,..., K as a posterior
probability. In other words, an unlabeled data point j is
labeled as follows. First, the algorithm computes the har-
monic solution gy, (+), a ur X ¢ matrix and obtain the j-th
row in the matrix which corresponds to the data point j.
Secondly, the algorithm identifies the largest column value
in the row vector and label the data point j accordingly:

Gu, (§) = argmazcecyy,. (5)-

4.4 Reevance Feedback

Note that the user-specified ROI provides only positive
data but lacks negative data, which can cause problems in
our task. The harmonic energy minimization in the first
iteration has the difficult task of discriminating non-object
blocks that have similar appearance (colors and /or textures)
of the object from true object blocks in U,., since no negative
data are available initially in L. The availability of nega-
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Figure 9: An example of image and its label.

tive data is crucial to reduce false positives. To alleviate the
problem of lacking negative data, we bring the human in
the loop by embedding relevance feedback (RF) in the algo-
rithm. Note that the main focus is to study the performance
gain from including negative labeled data in our task, so we
apply RF only in the first iteration not in all iterations. This
strategy is effective and can be exemplified in many other
large scale applications where we want to minimize human
supervision as much as possible when no (or few) negative
data are available initially. In other cases where the amount
of human supervision is not a concern while the performance
is crucial, the strategy will be to apply RF in all iterations
to achieve the best results. In this paper, we only employ
the first strategy.

We present a list of blocks that are labeled as the object
by SmartLabel to the user, ranked by g.(-). When the user
labels a block as a negative example, its neighboring blocks
in the graph including itself are added to L as negative data
for later iterations of minimization. The same process is
done to other user labeled negative blocks while the rest
of the newly labeled blocks are confirmed as positive data.
After the relevance feedback in the first iteration, the Gaus-
sian field in the second and later iterations has more positive
data and additional negative data to represent the target ob-
ject concept discriminatively. The introduction of relevance
feedback in SmartLabel makes it possible to learn the target
object concept and non-object regions in the image simulta-
neously and also utilize the underlying graph structure from
the unlabeled data to further improve labeling performance.
Figure 8 shows the details of the algorithm.

5. EXPERIMENTS

5.1 Experimental Setting

To evaluate the performance of the proposed SmartLabel
system, we collected images from several publicly available
image datasets [9, 4, 7]. All the data were good-quality im-
ages and have ground truth which are the locations of ob-
jects in the images. Two sets of experiments were conducted
to perform the evaluation, a qualitative analysis on real ap-
plication with user input and feedback, and a quantitative
analysis with simulated user input and feedback. Six objects
were selected for the task, i.e., Airplane, Animal, Building,
Car, Flower and Text. These objects cover a range of inter-
esting topics in object labeling research. Figure. 9 shows an
example image and its label from our database.

Two kinds of low-level image features were used in the
experiments: color features and texture features. Each im-
age was divided into non-overlapping blocks of size B x B
(in pixels). We generate both types of features for each
block. The color features consist of two parts. First, the
first and second color moments for each RGB color channel
were calculated. Then, we used 32 bins for each channel
to extract color histograms. In total, we produced a 102-
dimensional color feature vector for each block. The texture
features were obtained from the convolution of the image
block with various Gabor filters. In our implementation, 4
scales and 8 angles were used. The center and second-order
moments were computed from each filter output. Thus, the
texture feature was a 64-dim vector. After normalization,
we concatenated color and texture features into a longer
166-dimensional vector. We adopted the Euclidean distance
as the similarity measure between two data points. Hyper-
parameters, o1, ..., 0m in Equation (6) were set as variance
for each dimension. Other robust features, e.g., bag-of-word
model, can also be used since the SmartLabel algorithm does
not make any assumption about image features.

To quantitatively analyze the performance of SmartLabel,
we simulated the input of user specified ROI by randomly
selecting a 10% portion of the object area as the initial la-
beled data while the rest of the image was considered as the
unlabeled data. After the selected unlabeled blocks were re-
turned from the first iteration, we simulated user feedback
by automatically labeling the first 5 false positives as neg-
ative examples based on the ground truth and added them
to L. For each false positive, we extracted its 3 nearest



neighbors in the graph, and added them to L as well as neg-
ative examples if they are not in L. The macro-averaging I}
score was used as the overall performance metric for each ob-

. Lo 2K R, TE b
ject category, which is defined as F{¥ = K(%ilPﬁer:)?; Ri)’

where P; and R; are the precision and recall computed on
the resulting labeling for the i-th image and K is the total
number of images in each object category. Macro-averaging
metric treats every image equally, and calculates the global
measures as the mean of all images’ local measures.

5.2 Performance Evaluation

We compared three semi-supervised labeling algorithms as
follows. The Gaussian random field algorithm (GRF) sim-
ply uses the initial user-specified ROI as labeled data and
makes one-shot labeling on all unlabeled blocks. SmartLa-
bel* utilized iterative labeling prediction. The maximum
iteration number is set as T = 10 while SmartLabel* nor-
mally converges within 5 or 6 iterations. To study the im-
pact of block size on the labeling performance, we report
results based on the setting as B = 8 or B = 16. Moreover,
to examine the benefit from discriminating U, and U,, we
report results based on the size of U, respectively as H = 32
and H = 64. Finally, in order to show the advantages of
bringing the human in the loop, we also study SmartLabel
performance.

Figure 10 depicts the labeling performance curves on three
object categories, i.e., (a) Airplane, (b) Building and (c)
Car, which in general represents the labeling patterns of
general objects. Each subfigure contains the curves of three
labeling algorithms, i.e., GRF, SmartLabel* and SmartLa-
bel. Since GRF is a one-shot algorithm, its performance
does not change in terms of iterations. In the first iteration,
GREF’s result is slightly better than the SmartLabel results
on the category ” Airplane” while a little worse on the other
two categories. We can observe that after the second itera-
tion the SmartLabel algorithm consistently performs better
than SmartLabel* across the categories, which is better than
GRF. Also, with the number of iterations increasing, the
performance of both SmartLabel* and SmartLabel mono-
tonically increases and normally converges at Iteration 3 or
4. This observation corroborates the robustness of SmartLa-
bel in various object labeling scenarios and the importance
of adding relevance feedback in the system. To illustrate the
quality of the SmartLabel algorithm’s performance, Figure
12 shows various object labeling results using SmartLabel.
Images with a yellow rectangle are the input images with
superimposed user-specified ROI and the corresponding la-
beling results are shown below each of them. As we can see,
SmartLabel achieves very good labeling results across dif-
ferent object categories, although they are not perfect yet.
Some post-labeling events can be introduced to further im-
prove the performance. For example, using connected com-
ponent analysis we can fill segments with holes inside. Other
structure and context based methods can also be applied.

Figure 11 shows labeling curves in terms of the size of U,
on three categories, i.e., (a) Airplane, (b) Animal and (c)
Flower. SmartLabel* is used as the labeling algorithm with
B = 16. We compare two cases, i.e., H = 32 and H = 64.
Each subplot shows the curves of F; values in terms of the
number of iterations. The figure shows several interesting
points. First, setting a big U, size (H = 64) appears to
obtain higher performance in both the first and final itera-
tions than H = 32 for the category ” Airplane”. However, it

GRF S-Label* S-Label

B=8 [ B=16 | B=8 | B=16 | B=8 [ B=16

Airplane (128) [ 0.61 | 0.63 | 0.75 | 0.75 0.81 | 0.80

Animal (59) 0.53 | 0.60 | 0.76 | 0.79 | 0.78 | 0.83

Building (42) 0.63 | 0.68 0.80 | 0.73 0.85 | 0.81

Car (123) 0.51 | 0.69 | 0.81 | 0.79 | 0.86 | 084
Flower (37) 0.68 | 0.77 | 0.85 | 0.82 | 0.89 | 085
Text (57) 0.65 | 0.69 | 0.76 | 0.72 | 0.82 | 0.79
[ FM [ 060 [ 0.68 [0.79 [ 0.77 ] 0.84 ] 0.82

Table 1: Comparison on six object categories. Two
different block size, 8 x 8 pixels (B=8) and 16 x 16 (B=16).
The number in the first column is the # of images in
each class. Results of S-Label*(SmartLabel*) and S-
Label(SmartLabel) are reported in final iterations. The
bold number shows higher performance between B=8 and
B=16. The neighborhood size is set as H = 32.

is the opposite case for the category ”Flower”. To investi-
gate the reasons, we examined the images in both categories
and found that the object normally occupies a much bigger
region of the image in ” Airplane” dataset than in ”Flower”
dataset. This explains why a big U, set gives higher labeling
performance on the ”Airplane” category because it makes
U, include more unlabeled regions in the graph at each it-
eration. Second, we can see that the performance actually
monotonically decreases in terms of iterations on the cate-
gory ” Animal”. We examined the images from this category
and image results after the first iteration, and we found that
most images in this category are wild nature images. Image
background is complex and sometimes looks similar to an-
imal skin in terms of color and texture. Also, some object
regions are so small that labeling is already good enough
after the first iteration. Thus, when continuing to the next
iteration, falsely labeled background blocks are added to L
which can degrade the performance.

To further examine the proposed algorithms, Table 1 lists
a more comprehensive quantitative comparison for all six
object categories. There are about a million blocks after
dividing the images into 8 x 8 patches. Macro-averaging Fi
is reported for each category in two settings, B = 8 and
B = 16. SmartLabel* consistently performs better than
GREF for all six categories under the same block size setting.
Overall, the macro-averaging F} increases 33%, from 0.60 to
0.79, for B = 8. By using relevance feedback, SmartLabel
achieves even more improvement over SmartLabel*, increas-
ing 6%, from 0.79 to 0.84. In order to show how block size af-
fects the performance and how the algorithms gain from fine
segments, we also show the performance of three algorithms
when B = 16. As we can see, large blocks improve the per-
formance of GRF. The reason is that segmenting the image
into small blocks would create more blocks which merely
contain background and thus brings noises into the labeled
set and degrades the performance. In contrast, SmartLa-
bel can much better handle the problem than GRF with its
arsenal. SmartLabel usually runs for a couple of seconds
processing an input image of 384 x 256 size in 16 x 16 blocks
on a PC with 3.2GHz CPU and 2GB RAM.

One issue we did not explore in this paper due to lack
of data is, to study SmartLabel’s performance on noisy im-
ages. That is, how the performance of the Smartlabel would
change under poor image conditions (e.g., motion blur, salt
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Figure 11: Impact of size of U, on labeling performance. Comparisons on Airplane, Animal and Flower categories.
Two settings: H = 32 and H = 64. B = 16. Each curve plots macro-averaging F; against the number of iterations.

and pepper) and a poorly defined ROI. This will be our
future work.

6. CONCLUSION AND FUTURE WORK

In this paper, we have presented a new object labeling tool
called SmartLabel. Given an image with a small-size user
specified ROI, SmartLabel can efficiently label the object at
different locations in the image. Compared to the one-shot
Gaussian random field (GRF) algorithm, the iterativeness
and extensibility of SmartLabel makes it more suitable for
problems of labeling objects in images and image retrieval
applications. Our experiments based on six different object
categories have demonstrated that SmartLabel not only sig-
nificantly outperforms GRF in this task, but also has its
unique practicabilities compared to other state of the art
object extraction tools. Introducing relevance feedback in
SmartLabel can further improve performance by bringing
the human in the loop. SmartLabel does not make any as-
sumption about the features used as most of semi-supervised
learning algorithms, so we can imagine other types of fea-
tures, e.g., bag-of-word model, can also be applied for this
task. In the future, it may be interesting to apply SmartLa-
bel into a content-based image retrieval system to capture
the essence of query images or feedback images. Another in-
teresting direction is to apply SmartLabel for object labeling
in video, but we expect some twists needed in the algorithm
in order to use it for video tasks because SmartLabel is orig-
inally proposed for an image object labeling problem.
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Figure 12: Results using SmartLabel. The images with yellow rectangle are the input images with user specified ROI
(region inside rectangle). The results obtained by SmartLabel are shown below each input image.



