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Abstract

Visual recognition and detection are computationally in-

tensive tasks and current research efforts primarily focus on

solving them without considering the computational capa-

bility of the devices they run on. In this paper we explore the

challenge of deriving methods that consider constraints on

computation, appropriately schedule the next best computa-

tion to perform and finally have the capability of producing

reasonable results at any time when a solution is required.

We specifically derive an approach for the task of object

category localization and classification in cluttered, natu-

ral scenes that can not only produce anytime results but

also utilize the principle of value-of-information in order

to provide the most recognition bang for the computational

buck. Experiments on two standard object detection chal-

lenges show that the proposed framework can triage com-

putation effectively and attain state-of-the-art results when

allowed to run till completion. Additionally, the real ben-

efit of the proposed framework is highlighted in the exper-

iments where we demonstrate that the method can provide

reasonable recognition results even if the procedure needs

to terminate before completion.

1. Introduction

Visual recognition and detection are computational in-

tensive tasks and traditionally the focus in computer vision

has been on solving the problems regardless of the available

computational resources. However, with recent emergence

of ubiquitous computing devices such as mobile phones,

laptops and netbooks, the available computational power

indeed becomes a primary consideration in building sys-

tems that work in real-time. Instead of building separate

algorithms that would work under different computational

resources, we propose to derive recognition methods that

consider such constraints on computation and appropriately

triage future actions in order to provide the most recognition

power for the available computational resources. Addition-

ally, we also seek to explore if we can build methods that
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can provide anytime solutions, that is, provide a reasonable

hypothesis even if they are stopped before completion.

In this paper, we particularly focus on a novel object

classification/detection scenario that considers the compu-

tational resources and can scale across different compu-

tational platforms by making efficient use of resources.

The problem of accurately localizing instances of a cate-

gory in a novel image is a computationally intensive task

because it requires matching complex object models to

the observations in the image. There has been much re-

cent work on efficient object localization and detection

([3, 20, 21, 12, 18, 27, 5, 7]). While such methods have

provided state-of-the-art results on several tasks, we note

these algorithms either need to run to completion to provide

an answer or they cannot provide a useful solution. Conse-

quently, in scenarios when there are bounded computational

resources such passivemethods will not degrade gracefully.

To address this challenge, we propose a method that rea-

sons about available computational resources and triages

appropriate actions to take such that best possible recogni-

tion can be performed under a specific computational bud-

get. In particular, the proposed framework collects evi-

dence by determining 1) the best image regions to look at

and 2) the best features that should be extracted from that

region. The determination of these regions and the fea-

tures are guided by the principle of value-of-information

(VOI), where the algorithm selects regions and features that

promise the most evidence at the least cost. Thus, our ap-

proach actively selects both the feature location and feature

type, unlike standard object recognition methods which are

passive in the feature acquisition process.

We note that our approach is closely related to Anytime

algorithms, a class of algorithms that degrade gracefully

with the available time. While such anytime methods are

gaining interest in the machine learning community, no such

object recognition or detection method currently exists.

There are several contributions we make while solving

the problem. First, unlike standard object detection meth-

ods, our approach is able to return a partial answer, whose

quality depends on the amount of computation allotted for

the algorithm. Second, we propose a novel grid model that
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divides an object into a grid of parts and enables compu-

tation of VOI for image regions as well as different kinds

of local-features. This computation of VOI can be used

to determine not only the best regions in image to ana-

lyze, but also the best local features to extract from that re-

gion. Third, we derive an efficient and robust localization

method that given the current evidence uses a Hough trans-

form based voting scheme in conjunction with mean-shift

clustering to estimate the modes in the hypothesis space.

We experimentally demonstrate that the proposed ap-

proach makes efficient use of computational resources by

actively seeking the next computation to perform by con-

sidering trade-offs between the computational cost and the

predicted gain in evidence. When compared against a pas-

sive baseline the active approach is able to detect objects

with far fewer features and less computation time on two

challenging object detection datasets (ETHZ shape [13] and

the INRIA horses [11] dataset).

2. Related Work

Several object detection approaches have been proposed

in the literature including sliding window based methods,

voting schemes based on the Hough transform and biolog-

ically inspired models. Sliding window based methods are

well suited for rigid objects and have been extremely suc-

cessful at detecting categories such as faces [27], pedestri-

ans [5, 23], cars [25] and a range of other objects [7]. How-

ever, for real-time detection problems, the daunting com-

putational burden of the exhaustive search means that such

methods are restricted to using primitive features which can

be evaluated in constant time. While typically coarse to fine

techniques such as cascades [27] are used to speed up de-

tection, such techniques provide no guarantees.

Hough based voting techniques [20, 21, 24, 12] avoid the

exhaustive search by instead searching the hypothesis space

of votes from local features. However, they ignore the com-

putational cost of extracting local features and could poten-

tially concentrate computational resources on uninforma-

tive regions in an image. While a number of interest point

and saliency operators [22, 17] have also been proposed to

target informative image regions, such techniques are in-

dependent of the object recognition model. On the other

hand, our approach constantly targets feature extraction on

regions that are informative to the current set of hypotheses.

Recently, active vision based approaches have been pro-

posed in the literature [15, 3, 1]. Inspired by biological vi-

sion, [15, 3] use a foveal camera to provide high resolution

images near the fovea and actively schedule eye fixations

while [1] provide theoretical results for actively selecting a

finite set of optimal viewpoints. Our approach requires no

such special hardware and instead relies on feature based

evidence to schedule feature extraction.

3. Approach

The main goal of this approach is to enable efficient

recognition and detection under bounded computational re-

sources. The primary operations that are repeated in a

recognition task consists of first selecting location (in scale-

space) and then extracting features to provide evidence for

the presence of an object. Once enough evidence has been

collected, the location hypotheses can be obtained.

Simultaneous object classification and detection deter-

mines both the category an object belongs to (O) and its ex-

tent in an image x, typically represented by the four corners
of a bounding box. We call (O, x) an object hypothesis dur-
ing detection. We assume that the detection algorithm has

at its disposal a set of procedures to extract many different

kinds of features, each potentially taking different amounts

of time. During detection, our algorithm sequences the next

computational task by determining 1) what location and

scale to focus on and 2) what specific descriptors need to

be extracted. Further, the procedure also updates the object

type and location hypothesis in an online manner, hence can

provide results even if it needs to be terminated prematurely.

In the following, we first introduce a novel grid based ob-

ject detection and classification model (Section 3.1) for both

scoring and obtaining an object hypothesis. Then, we show

how to estimate the parameters of the model using a set of

training images in Section 3.1.2. Finally, we develop an ac-

tive selection strategy for the model based on VOI which

aims at maximizing the scores of possible detections at ev-

ery time step during detection (Section 3.2).

3.1. Grid Model

Lets consider a test image I where we are interested in

finding the parameters x that describe the extent (bounding

box) of an object class O. Inspired by several successful

part-based models ([20, 8, 9, 21, 19, 5]), we divide the ob-

ject into parts by constructing a grid of size N = m ∗ n

as shown in Figure 1. Each grid represents the extent of a

semantic part of an object similar to how a bounding box

represents the extent of an object. For example, the top left

grid in a Giraffe captures the extent of the part “head” as

long as the overall pose of the object does not change.

However, as seen in Figure 1, not all grids belong to the

object of interest (some grids do not contain any part of the

Giraffe). Even among grids that contain some part of a Gi-

raffe, certain parts like the head or body might be more dis-

criminative / detectable than others like the legs. Therefore,

we associate a weight parameter wi with each grid-part gi

that reflects how important a part is for each object for the

purpose of detection. Note that gi appears at a fixed location

with respect to the object’s extent x. The appearance of the
part is then modeled based on evidence from local features

collected within the part.

The motivation for this model is directly tied to the main

goal of our approach which is to be able to compute the

VOI of image regions during detection. Since each grid-
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Figure 1. Our grid based model.

part always appears at a particular location with respect to

the object’s extent x, the weight wi of the part provides

a measure of the importance of analyzing the correspond-

ing image region. Additionally, grid based approaches have

proven successful in various recognition and detection tasks

([19, 5, 26]) as they capture the spatial relationship among

the different parts effectively and provide flexibility in the

actual appearance of each grid.

Formally, we obtain the score of the hypothesis (O, x)

as the sum of the scores of each part (g
(O,x)
i ) weighted by

the probability that the part is present at the given location,

based on the available features. Let FI denote the set of

features extracted from I , then we can write the score as:

S(O, x|FI) =

N
∑

i=1

wi p(g
(O,x)
i |FI) (1)

Here wi is the importance weight of the part with respect

to the hypothesized location x of the object O. The term

p(g
(O,x)
i |FI) measures the evidence provided by the set of

features FI for the grid-part. It can be interpreted as the

probability that the part is present as evidenced by FI , the

set of features. This term is modeled as a maximum over

the probability of the part given each individual feature in

FI : p(g
(O,x)
i |FI) = maxf∈FI

p(g
(O,x)
i |f, l), where f is

a feature in the set FI and l denotes its location.

We use the max function instead of other operators (e.g.

average) as we expect every part to be defined best by a

single feature type (texture for Giraffe’s body, shape for the

head). Further, an average might aggravate any ambiguity

that already exists in the detection. Note that the two terms

in the equation to compute the score consider (1) how useful

a particular location is for detection and (2) the feature that

provides the best evidence in detecting that part.

We estimate p(g
(O,x)
i |f, l) using a simple nearest neigh-

bor interpolation technique. In particular, we consider a

database of features FO for every object O that is con-

structed from a set of training images. The particular fea-

ture f is first matched to FO in order to recover the set of

nearest neighbors (denoted as N(f) ∈ FO). The required

conditional probability is then modeled as the weighted sum

of the probabilities of its nearest neighbors:

p(g
(O,x)
i |f, l) =

∑

h∈N(f)

qh
i p(h|f) (2)

where h is a feature in the database FO and qh
i =

p(g
(O,x)
i |h, l) refers to the conditional probability of part

presence given the features. This term is a model parameter

that needs to be estimated from the training data for every

feature h and every grid part gi. And,

p(h|f) =

{

1
Z

e−
||h−f||2

γ if ||h − f ||2 < ǫ,

0 otherwise,
(3)

Note that we have replaced p(h|f, l) with p(h|f) since we
match features independent of their locations.

We adopt this technique because with a large enough

database the proposed method can approximate the actual

conditional probability closely. Further, the whole opera-

tion can be performed fairly efficiently since we can do fast

nearest neighbor lookup using approximate nearest neigh-

bor techniques such as approximate KD-tree [2], LSH [4]

and RBV [14]. We use the approach of [14] for this step as

it provides significant memory advantages over the others.

Till now, we have defined the score of a detection hy-

pothesis (O, x) based on features FI using the parameters

wi, q
h
i for all the grid parts gi and features h in the database.

In the following, we first show how to obtain the detection

hypothesis (O, x) using features FI and then show how the

rest of the model parameters can be estimated from a set of

training images.

3.1.1 Determining Detection Hypotheses using Hough

Voting
A clear advantage of part-based approaches over sliding

window based methods is that by parameterizing the object

hypothesis and allowing each local part to vote for a point in

hypothesis space we can obtain globally consistent hypoth-

esis as modes in the voting space in an efficient manner.

Hence, given a set of features FI , we obtain object hy-

potheses (O, x) by matching the features in the training

database to cast votes, similar to the approach of [20]. How-

ever, unlike [20] in our approach each feature casts votes for

parts of objects. Further, since each grid-part appears at a

fixed location with respect to the object, the features also

vote for the object’s extent indirectly.

The voting space is parameterized by the co-ordinates of

the four corners of the object bounding box and we store

these values with respect to the position of every feature in

the training image using ground truth bounding box infor-

mation. Thus, given a feature f ∈ FI , we obtain its near-

est neighbors, h ∈ N(f), from the training database, FO ,

and cast a vote for the corresponding x with a confidence
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qh
i p(h|f) from Equation 2. We then perform Mean-Shift

clustering over the hypothesis space with a bandwidth pa-

rameterized by the height and width of the bounding boxes

to obtain a set of globally consistent object hypotheses.

The above search procedure can be interpreted as a

Parzen window probability density estimation for the ob-

ject’s parameters. Finally, the score of a hypothesis (O, x)
is obtained as given in Section 3.1, using all the features

whose votes converged to (O, x) during mean-shift.

3.1.2 Estimating Model Parameters

We now describe how to estimate the model parameters

(wi, q
h
i ), given a set of training images with ground truth

bounding box information. The term qh
i , where h is a

feature in the training database FO , can be interpreted as

the probability that part i of object O is present inside the

bounding box parameterized by x, given that feature h oc-

curs at location l. Assuming that the probability qh
i =

p(gO,x
i |h, l) is zero whenever l is outside the grid gi and

is independent of the location l otherwise, we use the fol-

lowing simple way of estimating this quantity:

qh
i = p(g

(O,x)
i |h) ∝

p(h|g
(O,x)
i )

p(h)
(4)

In other words, we count the number of times h occurs

within the ith grid of object O and divide it by the total

number of times h occurs in the training database. How-

ever, each feature occurs only once in the training database

and technically this would provide a single count. Hence,

we assume that the probabilities are smooth over the mani-

fold of features and use a small number of nearest neighbors

of h while performing the counts.

Once we have estimated qh
i for all the features h in the

training database we run our detection algorithm summa-

rized in Figure 2 using uniform weights (wi = 1, ∀i) on

all the training images (positive and negative) to obtain a

set of hypotheses. We then select a small number of high-

scoring negative hypotheses along with all the positive ones

and learn the weights wi in a max-margin discriminative

framework similar to the approach of [21]. This represents

the training phase for our approach.

3.2. Active Selection

We assume that there are M types of features that can

be extracted from the image and a feature f takes Cf

units of time to obtain. If we start with a small sample

of features FI , which produce a set of candidate hypoth-

esis, H = {(O1, x1), (O2, x2)...}, then, at every iteration,

our active strategy chooses a feature type t and a location

l = (x, y, s), following which we extract the feature and

add it to the feature pool. We can then update our candidate

hypothesis set based on the newly added feature. This pro-

cess is repeated until either all features have been exhausted

or the allotted time for detection has been exceeded.

To this end we define an active selection criterion for

image regions as well as the different kinds of local features

available, based on the decision-theoretic principles of the

value of information (VOI) [16]. In particular, we measure

the VOI of a feature f of type t and an image location l as

the ratio of the predicted gain in the scores of the current

object hypotheses due to the feature to the computational

cost of the feature. Our active selection function thus aims

to greedily increase the score of every candidate hypothesis

before the allotted time is used up. Formally,

V OI(f, l) =
∆S(O, x|f, l)

Cf

(5)

Note that another possible selection criterion is the differ-

ence between the gain and the cost, however, this requires

the cost and the gain to be in the same currency. Instead we

define the VOI as the ratio, which intuitively seeks to max-

imize the gains per unit cost. The numerator of the above

equation represents the improvement in S(O, x) that we ex-
pect once we obtain feature f at location l, with S(O, x) as
defined in Equation 1. Or, in other words,

∆S(O, x|f, l) = S(O, x|F ∪ (f, l)) − S(O, x|F )

Computing the VOI of all the image regions is non-trivial

as we have very little information on most of the image re-

gions. Furthermore, computing the VOI for a single loca-

tion l is problematic because of the large variations in the

positions, scales of a category’s instance across different

images. However, note that in our grid model features af-

fect the score of a hypothesis based on the evidence they

provide for a grid part (Equation 1). Therefore, we in-

stead consider only the locations within the different parts

(grid) of the current set of object hypotheses; i.e. l cor-

responds to some part gi of hypothesis (O, x). Substituting
the expression for S(O, x|F ) from Equation 1 and denoting

mF
i = maxf∈F p(g

(O,x)
i |f, l), we obtain,

∆S(O, x|f, g
(O,x)
i ) = wi

(

m
F∪f
i − mF

i

)

= wi max
(

0, (p(g
(O,x)
i |f, l) − mF

i )
)

,

We obtain the above equation by noting that when fea-

ture f occurs inside the grid g
(O,x)
i it can provide evidence

for only the grid-part g
(O,x)
i . Therefore, the only two terms

in Equation 1 affected by f are wi and p(g
(O,x)
i |F ). The

second term is the maximum over all the features F and

therefore it takes the value of the new feature f if it is larger

than the current value and the current value otherwise.

Interestingly, the above equation contains two terms,

where one (wi) depends purely on the grid “location” i
while the other depends on the “feature” f . Since wi

has already been obtained using the max-margin frame-

work described in Section 3.1.2 the only unknown term is
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Figure 2. A summary of our algorithm.

p(g
(O,x)
i |f). This term depends on the feature f which is

yet to be extracted.

However, since we are only trying to determine the type

of feature to extract, we instead estimate the expected value

of the term p(g
(O,x)
i |f) for every feature type t. We do this

by considering all the features in the training database that

are of type t and obtain the average value of the term. The

feature type with the largest value can be interpreted as the

one that is expected to provide the best evidence for object

part gi. For example, for the “body” of a giraffe, texture-

based features could provide the best evidence and there-

fore, could have a higher value for p(g
(O,x)
i |f).

We can now calculate the VOI of all the grid locations

of the current set of hypotheses for every feature type using

Equation 5. The location and feature type that is expected

to provide the biggest gain in the object scores at the lowest

cost is the one with the largest VOI.

Once we obtain the best grid location g∗i and feature type

t∗ we sample a small number of locations l within the grid

represented by gi to extract features. The final issue is the

scale at which features need to be extracted. This is simply

obtained based on the ratio of the height of the bounding

box represented by (O, x) to the normalized height of the

ground truth bounding boxes in the training examples.

Summary. Figure 2 shows a summary of our approach

for detecting and scoring object hypotheses on a test im-

age with active/passive feature selection. The training stage

for our approach consists of estimating the model parame-

ters (wi, q
h
i ) (Section 3.1.2). The terms qh

i are estimated by

counting the number of times feature h occurs inside grid

i. The weights on the grid parts wi are then obtained us-

ing a maximum-margin classifier for which the positive and

negative training examples are obtained by running our de-

tection algorithm given in Figure 2 with uniform weights.

4. Results

We conducted experiments to 1) evaluate the strength

of our grid based detection model compared to other tech-

niques, 2) show the advantages of the proposed active selec-

tion scheme against the passive techniques, and 3) demon-

strate that our active selection strategy makes efficient use

Figure 3. The grid weights learnt for each category in the ETHZ

shape dataset.

of computational resources.

Datasets: We use two challenging object detection

datasets namely, the ETHZ shape dataset and the INRIA

horses dataset in order to compare against several state-of-

the-art hough based detection approaches [21, 24, 11, 10].

The ETHZ shape dataset contains 255 images for five

shape-based classes (applelogos, bottles, giraffes, mugs and

swans). The INRIA horses dataset contains 170 images

with one or more side-views of horses and 170 images with-

out the category. In both the datasets, objects occur in

highly cluttered natural scenes with large variations in both

scale and appearance, and sometimes contain multiple ob-

jects per image. We use the same training and testing setup

used by [10] on both datasets for fair comparisons.

Implementation Details: Parameter learning for the

grid model is performed by first scaling all the ground truth

bounding boxes to a fixed height (100 pixels in our exper-

iments) while preserving the aspect ratio. Then the points

are uniformly sampled along the edges (using a Canny edge

detector) at a small set of fixed scales and multiple type fea-

tures are extracted to construct the feature database (refer

Table 2 for a list of features used).

We obtain the computational costs for every type of fea-

ture by running the algorithm on the training images and

averaging the time taken to update our detection hypothe-

ses which includes time to extract the feature and perform

a nearest neighbor lookup. The costs reported in the table

were computed using on 2.2 Ghz dual core machine.

For the parameters of the approximate nearest neighbor

method, RBV, we follow the heuristics mentioned in their

paper [14]. Nearest neighbor lookup parameters γ, ǫ are set

based on the average value of the distance of every features

in the training database to a small number of features (500).

We used a grid model of size 5 ∗ 5 in all experiments to ob-

tain parts of a reasonable size of 20x20 pixels. While learn-

ing the grid weights using the max-margin formulation we

used a small value of the C = 1 to allow for generalization.

4.1. Detection

In this section, we provide overall detection results when

our approach is allowed to use all the features and run

to completion. These results lets us compare the method

with the state-of-the-art techniques and can be considered

as upper-bounds for the active selection procedure. For

these comparisons, we use SIFT features sampled in all four

color channels of an image (gray, red, green, blue) along the

edges and a small set of scales.

Figure 3 shows the grid weights wi superimposed on ex-

ample training images for the five categories in the ETHZ
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Category

Our Approach State-of-the-art

Average Precision
Recall @ FPPI Voting based (FPPI = 1.0) With verification (FPPI = 0.3/0.4)

0.3 0.4 1.0 PMK rank [24] M2HT [21] [24] [21]

Applelogos 86.5 100.00 100.00 100.00 80.0 85.0 95.0/95.0 95.0/95.0

Bottles 60.5 67.9 67.9 78.6 89.3 67.0 89.3/89.3 92.9/96.4

Giraffes 78.3 87.5 87.5 89.6 80.9 55.0 70.5/75.4 89.6/89.6

Mugs 79.5 83.9 87.1 87.1 74.2 55.0 87.3/90.3 93.6/96.7

Swans 62.8 82.4 82.4 82.4 68.6 42.5 94.1/94.1 88.2/88.2

Average 84.3 85.0 87.5 78.6 60.9 87.2/88.8 91.9/93.2

Table 1. Comparisons to the state-of-the-art on the ETHZ dataset. Our grid based model produces state-of-the-art results among hough

based approaches and is comparable to methods that search exhaustively.
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Figure 4. Detection rate vs FPPI for all the cateogires in the ETHZ

and INRIA horses dataset.

shape dataset. Bright regions have high weights while dark

regions have low weights. We note that despite the fact the

ground truth bounding boxes for training images include

background regions, the learned weights for the object re-

gions are substantially high. The learned weights are rea-

sonable for all the categories and do reflect the parts of an

object that are the most discriminative. For example, the

grid containing the leaf has the highest weight for applelo-

gos, while the head seems to be the most discriminative part

for the categories giraffes and swans, and the handle has the

largest weight in the case of mugs. Finally we also note

that in the case of bottles our model learns almost uniform

weights which could either mean that none of the parts are

more discriminative than the other or that the features used

do not capture the parts correctly.

Figure 4 (a) and (b) show detection rate plotted against

the FPPI (false positives per image) on the ETHZ shape and

the INRIA horses datasets. We use the PASCAL criterion

of 50% overlap to score a detection. For the ETHZ data

we see that except for bottles, our approach performs quite

well with 100% recall on applelogos and close to 90% on

the other categories. The poor precision on bottles is un-

derstandable given that it doesn’t have a distinctive shape

(two parallel lines could be miscontrued to be a bottle) and

also dividing the small width of bottles into five parts could

be detrimental to performance. The results on the INRIA

dataset are comparable to the state-of-the-art voting based

methods. At an FPPI of 1.0 our approach has a recall of

80.3% while [10] report a value of 80.7%. However, at a

lower FPPI of 0.1 our approach has a higher recall of 71%

compared to 66% reported by [10]. Using an additional ver-

ification classifier [21] report a detection rate of 85.47%.

Table 1 further compares the results of our approach

against the state-of-the-art detection methods on ETHZ

dataset. We divide the table into methods that are based

on Hough voting alone (our approach, PMK rank [24] and

M2HT [21]) and methods that use an additional verification

stage which exhaustively searches around the set of candi-

date locations returned by voting based approaches. Among

voting based approaches our grid model produces the best

recall at an FPPI of 1.0 for all the categories except bottles.

There is also a significant difference in the average value of

recall at 1.0 FPPI between our approach and the next best

voting based approach (87.5 vs. 78.6).

We also report the recalls at 0.3/0.4 FPPI to compare

against methods that use an additional verification stage and

we find that our approach produces comparable results for

most of the categories (in fact better results for applelogos)

even though it does not resort to an exhaustive search. The

difference in numbers against verification based methods

could be attributed to the highly non-linear kernels used by

these approaches as opposed to our linear classifier.

4.2. Active Selection

In the previous section, we provided results for our de-

tection method when it was allowed to utilize all the fea-

tures extracted from an image, which in some cases was

over 10,000 features and took upto 10-20 secs for a detec-

tion. This was mainly to provide an upper bound for our

active selection results and to compare against other similar

approaches. In this section, we provide results for our ac-

tive selection strategy and show that we can achieve similar

results by sampling far fewer number of features.

For experiments in this section we use the Daisy descrip-

tors P64 T1a S2 17, P18 T2 S2 9 of [28] in addition to

SIFT (Table 2). The Daisy descriptor is constructed by first

mapping the input image patch using a transformation block

{T1 - gradient, T2 - gradient, T3 - steerable filter, etc.},
followed by spatial binning of the transformed block {S1 -

square grid, S2 - polar arrangement, etc. } to obtain N lin-

early summed vectors (N = 9, 17). The low dimensional P18

produces very coarse features while P64 produces highly

specific features and both have been used successfully for

various image/patch matching problems [28]. We sample

these features only along the edges of the image.

We compare our active selection strategy against a pas-

sive baseline which chooses a random position in the im-

age space and a random feature type to extract at every it-

eration. We first sample a small percentage of edge points

(five in our experiments) and generate an initial set of hy-
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Feature Channel Dim
Computation

time (ms)

SIFT R, G, B, Gray 128 0.21

P64 T1a S2 17 Gray 68 1.2

P18 T2 S2 9 Gray 36 0.09

Table 2. Attributes of the features used in the experiments.

potheses. Then, we run each selection strategy iteratively

updating the hypotheses as features get added until a fixed

amount of time has lapsed (1 sec in our case).

In Figure 5 we show some qualitative results compar-

ing the first 1000 points selected by our active selection

approach and the passive selection baseline. The first row

contains example images from every category in the ETHZ

shape, the second row and third rows show the points se-

lected by the active and random selection strategies, respec-

tively. Bright dots denote selected feature points.

We see that while random selection uniformly samples

all the edge points in the image our active selection strat-

egy selects most of the features around the target of inter-

est while sparsely sampling the other points. In addition,

our approach targets the object part that provides the best

gain in score, for example, “handle” for “mug”, “head”,

“body” for “giraffe”. By constantly targeting feature com-

putation around points that provide better gains in the de-

tection scores our approach is able to make efficient use of

computational resources.

In Figure 7(left) we show a split of the selected points

across the three different features that are available for ex-

traction for an example image. The first and second rows

show the points selected by active and random approaches,

respectively, while the columns denote the type of feature

selected. While random selection obtains the same num-

ber of features from all three types active selection samples

fewer features of type P64 which takes more time to com-

pute (Table 2) and more features of type P18 which takes

much lesser time to compute.

We also generated detection cuves by plotting the accu-

racy of the two approaches with increasing time and aver-

aging results over five different random initializations. We

use the average precision as a measure of accuracy since

it provides a complete summary over all the points in the

precision-recall curve and it is accepted in the literature [6]

as one of the main evaluation criterion for detection.

Figure 6 shows the accuracies of the two selection strate-

gies (active, random) with increasing time for all the cate-

gories in the ETHZ shape dataset and the INRIA dataset.

We see that for most of the categories our active selection

strategy has a steeper slope. This implies that our approach

detects objects in images faster than the random selection

baseline. In addition, compared to the upper bound reported

in Table 1 which uses a large number of features, our ac-

tive selection approach is able to reach similar accuracies at

lower computational cost (less than 1 sec or 500-1000 fea-

tures). This illustrates the advantage of active vision, where

feature extraction is actively guided by the current model.

So far, we have shown active selection results when a
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Figure 6. Results for active and random selection of gray image

features among SIFT, P64 T1a S2 17 and P18 T2 S2 9.

single object detector is run on an image. However, our ac-

tive selection approach is not restricted to this setting; it can

also be applied in a multi-class scenario where the selected

features are shared by more than one object detector. This is

because the selection criterion is maximized over all objects

O in addition to locations and feature types.

We run all five detectors on the features selected by ac-

tive and random selection approaches. We report the multi-

class classification accuracy where the class of an image is

determined as that of the detector which returns the largest

detection score for that image. Figure 7(right) shows the

multi-class accuracy for the two approaches with increas-

ing time. Our approach does better than random sampling

in this setting too. Although we would like to investigate

this further, this preliminary result further illustrates the ad-

vantages of active feature selection.

5. Conclusions

In this paper we presented a methodology that considers

computational resources and requirements in a visual recog-

nition and detection task. The proposed method utilizes the

decision-theoretic principle of value-of-information in or-

der to guide the feature acquisition process by predicting

both the location and the type of feature to be extracted.

Empirical comparisons on two challenging object detection

datasets showed that actively predicting the next feature to

acquire during detection makes more efficient use of com-

putational resources and therefore it can localize objects

faster than passive feature selection. In future, we plan to
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Figure 5. Example images showing the locations of the first 1000 features selected by active (Second row) and random (Third row)

approaches. Locations where features were queried are denoted by white dots. Our approach samples by obtaining features that provide

better gains in the scores is able to target feature computation around the target objects in the test image unlike random selection.

Feature Type

P18 T2 S2 9 SIFT P64 T1a S2 17 Time (secs)
Accuracy (%)

Active Random

0.3 70.0 70.0

0.4 75.0 70.0

0.6 76.1 74.1

0.8 80.0 74.9

1.0 79.0 76.0

Multi-class classification

accuracies (ETHZ)

Figure 7. Left: Features selected from among SIFT, P64 T1a S2 17 and P18 T2 S2 9 by active and random methods. Our approach

selects features that are faster to compute in order to utilize the alloted time to the maximum Right: Multi-class classification accuracies

(ETHZ). Our approach selects locations and features to compute by maximizing the VOI over all five objects and produces better multi-class

classification accuracies at lower costs.

investigate extending the approach to non-linear classifiers

and articulated objects.
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