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Abstract. Detection of objects through scanning windows is widely
used and accepted method. The detectors traditionally do not make use
of information that is shared between neighboring image positions al-
though this fact means that the traditional solutions are not optimal.
Addressing this, we propose an efficient and computationally inexpen-
sive approach how to exploit the shared information and thus increase
speed of detection. The main idea is to predict responses of the classi-
fier in neighbor windows close to the ones already evaluated and skip
such positions where the prediction is confident enough. In order to pre-
dict the responses, the proposed algorithm builds a new classifier which
reuses the set of image features already exploited. The results show that
the proposed approach can reduce scanning time up to four times with
only minor increase of error rate. On the presented examples it is shown
that, it is possible to reach less than one feature computed on average
per single image position. The paper presents the algorithm itself and
also results of experiments on several data sets with different types of
image features.

1 Introduction

Scanning window technique is commonly used in object detection in images. In
combination with highly selective and fast classifiers, it provides state-of-the-
art success rates under real-time constraints for various classes of target objects
[14,6,3]. Although, in reality, much information is shared between neighboring
(overlapping) image positions, they are normally classified independently. Mak-
ing use of this shared information has a potential to reduce amount of compu-
tations during scanning.

In this paper, we propose an effective and at the same time simple and compu-
tationally inexpensive method which uses the dependency between neighboring
image position to suppress computing the original detection classifier at nearby
locations. The proposed method learns a new classifiers which predict the re-
sponses of the original detection classifier at neighboring positions. When the
prediction is confident enough, computing the original classifier is suppressed.

We propose to use WaldBoost algorithm [11] to learn the suppressing classi-
fiers in such way that they reuse computations of the original detection classifier.
These reused computations can be image features in case of Viola & Jones’ [14]
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like detectors or possibly also other temporal computation results. This reusing
of computations is crucial and, in fact, is the only reason why faster detection
can be achieved.

The task of learning the suppression classifiers is similar to emulating existing
detectors by WaldBoost [12,13]. Formulating the neighborhood suppression task
as detector emulation allows usage of unlabeled data for training and it does
not require any modifications in learning of the detection classifier. Moreover,
previously created detectors can used without any modifications.

Although the classifiers proposed for scanning window detection vary highly,
they also share many similarities which result from common requirements and
similar properties of the target objects. The main requirements are high selectiv-
ity (low false alarm rate) and, in case of real-time processing, very low average
classification time per position.

The classifiers generally rely on efficient image features to extract relevant
information from the image. In literature, Haar-like features [14], Multi-block
Local Binary Patterns [15], Local Rank Patterns [5], Histograms of Oriented
Gradient (HOG) [3,4] and others have been shown to perform well in detection
tasks.

Another common attribute of the detection classifiers is some form of focus-
of-attention structure. The exact form of the attentional structure ranges from
simple ad-hoc solutions [7] through more sophisticated [14,1] to theoretically
sound approaches which minimize decision time for given target error rate on
training data [11,2]. These attentional structures greatly reduce average classi-
fication time by rejecting most of the non-object positions early in the decision
process. In attentional structures, the classifier is generally formed from several
stages. After each of the stages a decision is made if it is already known with
high enough confidence that the position does not contain the target object or
further information has to be still extracted.

The previous approaches, which exploit the information shared by neighboring
image positions in context of scanning window object detection, focus solely on
sharing image features between classifiers computed at nearby locations. Schnei-
derman [10] advocates feature-centric computation of features as opposed to
the commonly used window-centric evaluation. He proposes to compute sim-
ple discrete-valued features on a dense grid covering the whole image. These
dense features are then used as input to efficiently implemented linear classifier.
However, the feature-centric approach is suitable only early in the attentional
classifiers. Schneiderman uses attentional cascade [14] where only the first stage
is feature-centric and the rest is window-centric. The benefit of this approach
vanishes when very fast classifiers are available (some detectors may need less
than 2 features per position on average as shown in Section 3).

Dalal and Triggs [3] also use feature-centric computation of features. They use
dense Histograms of Oriented Gradients image representation and a linear classi-
fier trained by Support Vector Machine. This approach provides good detection
rates for pedestrian detection; however, it is too computationally expensive to
be used in real-time applications.
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Except for the feature-centric evaluation, other ways to exploit the shared in-
formation are possible. Image features could be selected in such way that they are
reused as much as possible when scanning the image. This approach, however,
requires more complex learning methods. Alternatively, response of classifier at
one position could be used as starting point (or as a feature) at neighboring
location. Such access to previous results should provide good initial guess as
the responses of classifiers at neighboring positions are highly correlated. How-
ever, this approach would also increase complexity of the learning system and
would most likely require iterative retraining of the classifier which would signif-
icantly prolong the learning. On the the hand, the proposed approach of learning
suppression classifiers can be used with existing detectors and the suppression
classifiers are learned much faster than the original detector.

The suppression of some positions could be especially beneficial for some types
of detectors and on certain computational platforms. If features that need nor-
malization are used (e.g. Haar-like features and other linear features), suppress-
ing some positions removes the need of possibly expensive computation of the
local normalization coefficient. Also, on some platforms, the suppression could
lead to faster execution as possibly deep computational pipeline does not have
to be started for some positions.

The proposed neighborhood suppression method is presented in detail in Sec-
tion 2 together with an algorithm able to learn the suppression classifiers. Re-
sults achieved by this approach are shown and discussed in Section 3. Finally,
the paper is summarized and conclusions are drawn in Section 4.

2 Learning Neighborhood Suppression

As discussed before, we propose to learn classifiers suppressing evaluation of de-
tection classifiers in the neighborhood of the currently examined image window.
Such approach can improve detection speed only if the suppressing classifiers re-
quire very low overhead. This can be achieved by reusing computations already
performed by the detection classifier itself. Most naturally, these reused com-
putations can be responses of image features which are part of most real-time
detectors [14,10,11,1,2,4,6,15,13]. In our work, the focus is only on these real-
time detectors as they are the hardest to further speed up and speed of slower
detectors can be improved by already known techniques [12,13].

The amount of information carried by the reused features, which is relevant
to the decision task at neighboring location, will surely vary with different types
of features and objects. It will also decrease with the distance of the two areas
as the mutual overlap decreases.

In the further text, it is assumed that the detector for which the neighborhood
suppressing classifier needs to be learned is a soft cascade [1]. This does not limit
the proposed approach as extending it to detectors with different attentional
structures is straightforward and trivial.

The soft cascade is a sequential decision strategy based on a majority vote of
simple functions ht : χ → R which are called weak hypotheses in the context of
boosting methods [8]:
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HT (x) =
T∑

t=1

(ht(x)) . (1)

The weak hypotheses often internally operate with discrete values corresponding
to partitions of the object space χ. Such weak hypotheses are called by Schapire
and Singer [9] space partitioning weak hypotheses. Moreover, the weak hypothe-
ses usually make their decision based only on a single image feature which is
either discrete (e.g. LBP) or is quantized (e.g. Haar-like features and a thresh-
old function). In the further text, such functions f : χ → N are reffered to in
general simply as features and the weak hypotheses are combinations of such
features and a look-up table functions l : N → R

ht(x) = lt(ft(x)). (2)

In the further text, c
(j)
t specifies the real value assigned by lt to output j of ft.

The decision strategy S of a soft cascade is a sequence of decision functions
S = S1, S2, . . . , ST , where St : R → �,−1. The decision functions St are evaluated
sequentially and the strategy is terminated with negative result when any of
the decision functions outputs −1. If none of the decision functions rejects the
classified sample, the result of the strategy is positive.

Each of the decision functions St bases its decision on the tentative sum of
the weak hypotheses Ht, t < T which is compared to a threshold θt:

St(x) =
{

�, if Ht(x) > θt

−1, if Ht(x) ≤ θt
. (3)

In this context, the task of learning a suppression classifier can be formalized
as learning a new soft cascade with a decision strategy S′ and hypotheses h′

t =
l′t(ft(x)), where the features ft of the original classifier are reused and only the
look-up table functions l′t are learned.

2.1 Learning Suppression with WaldBoost

Soft cascades can be learned by several different algorithms [1,2]. We chose the
WaldBoost algorithm [11,13] by Šochman and Matas which is relatively simple
to implement, it guarantees that the created classifiers are optimal on the train-
ing data, and the produced classifiers are very fast in practice. The WaldBoost
algorithm described in the following text is a slightly simplified version of the
original algorithm. The presented version is specific for learning of soft cascades.

Given a weak learner algorithm, training data {(x1, y1) . . . , (xm, ym)}, x ∈
χ, y ∈ {−1, +1} and a target miss rate α, the WaldBoost algorithm solves a
problem of finding such decision strategy that its miss rate αS is lower than α
and the average evaluation time T̄S = E(arg mini(Si �= �)) is minimal:

S∗ = arg min
S

T̄S , s.t. αS < α.
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To create such optimal strategy, WaldBoost combines AdaBoost [9] and Wald’s
sequential probability ratio test. AdaBoost iteratively selects the most informa-
tive weak hypotheses ht. The threshold θt is then selected in each iteration such
that as many negative training samples are rejected as possible while asserting
that the likelihood ratio estimated on training data

R̂t =
p(Ht(x)|y = −1)
p(Ht(x)|y = +1)

(4)

satisfies R̂t ≥ 1
α .

To learn the suppression classifiers we follow the classifier emulation approach
from [13] which considers an existing detector a black box producing labels
for new WaldBoost learning problem. However, when learning the suppression
classifiers, the algorithm differs in three distinct aspects.

The first change is that when learning new weak hypothesis h′
t, only the look-

up table function l′t is learned, while the feature ft is reused from the original
detector. The selection of optimal weak hypothesis is generally the most time
consuming step in WaldBoost and restricting the set of features thus makes
learning the suppression classifier very fast.

The second difference is that the new data labels are obtained by evaluating
the original detector on different image position than where the newly created
classifier gets information from (the position containing the original features lt).
This corresponds to the fact that we want to predict response of the detector in
neighborhood of the evaluated position.

The final difference is that the set of training samples is pruned twice in each
iteration of the learning algorithm. As expected, samples rejected by the new
suppression classifier must be removed from the training set. In addition, samples
rejected by the original classifier must be removed as well. This corresponds to
the behavior during scanning when only those features which are needed by the
detector to make decision are computed. Consequently, the suppression classifiers
can also use only these computed features to make their own decision. The whole
algorithm for learning suppression classifier is summarized in Algorithm 1.

The neighborhood position is suppressed only when the suppression soft cas-
cade ends with −1 decision. This way, the largest possible miss rate introduced
by the suppression mechanism equals to α. The previous statement also holds
when the detector is accompanied with multiple suppression classifiers which
allows even higher sped-up still with controlled error.

Also, multiple neighboring position can be suppressed by a single classifier.
Such behavior requires only slight change in Algorithm 1, where the training
labels now become positive when the original detector gives positive result at
any of the positions which should be suppressed.

2.2 Suppression in Real-Time Scanning Windows

The suppression with classifiers which reuse discrete-valued features is especially
well suited for wide processor and memory architectures. On those architectures,
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Algorithm 1. WaldBoost for learning suppression classifiers
Input: original soft cascade HT (x) =

∑T
t=1 ht(x), its early termination thresholds

θ′(t) and its features ft; desired miss rate α; training set {(x1, y1) . . . , (xm, ym)}, x ∈
χ, y ∈ {−1, +1}, where the labels yi are obtained by evaluating the original detector
HT at an image position with particular displacement with respect to the position of
corresponding xi

Output: look-up table functions l′t and early termination thresholds θ′(t) of the new
suppression classifier
Initialize sample weight distribution D1(i) = 1

m

for t = 1, . . . , T

1. estimate new l′t such that its

c
(j)
t = −1

2
ln

(
Pri∼D(ft(xi) = j|yi = +1)

Pri∼D(ft(xi) = j|yi = −1)

)

2. add l′t to the suppression classifier

H ′
t(x) =

t∑

r=1

l′r(fr(x))

3. find optimal threshold θ′(t)

4. remove from the training set samples for which Ht(x) ≤ θ(t)

5. remove from the training set samples for which H ′
t(x) ≤ θ′(t)

6. update the sample weight distribution

Dt+1(i) ∝ exp(−yiH
′
t(xi))

multiple look-up tables lt for a single feature ft can be combined into single wide-
word table such that single word contains c

(j)
t values for all the classifiers. In such

case, the required c
(j)
t values can be loaded with single memory access, added

to an accumulator register using single instruction and also efficiently compared
with the rejection thresholds.

Obviously, such scheme is very well suitable for SIMD architectures, such as
MMX/SSE instruction set extensions found in the contemporary PC processors.
In such architectures, the wide registers can hold 4 32-bit numbers or 8 16-bit
integer numbers. Consequently, the implementation of such scheme can be seen
as nearly free of charge from the computational point of view.

The scheme is also applicable for programmable hardware or other hardware
architectures. In such case, the scheme is beneficial in that addition of the extra
prediction classifiers consumes only very little resources due to nearly unchanged
structure and control subsystems.

On systems with wide enough data words but no SIMD support, the imple-
mentation can be similar to SIMD, except is must be assured that the multi-
accumulator is not overflown (as piecewise addition is not possible in this case).
While this assumption seems to be severe and binding, the reality is such that
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Fig. 1. Scanning an image in ordinary line-by-line fashion while using neighborhood
suppression

Table 1. The benefit of neighborhood suppression for different features and datasets.
ROCA is the percentage difference between area under ROC without and with area
suppression. Time represents average number of features computed per position rel-
ative to the original detector without neighborhood suppression. ”single” stands for
suppressing single position. ”12” stands for suppressing 12 positions with 12 suppres-
sion classifiers. Target error of the suppression classifiers was 5 %.

Haar LBP LRD LRP
dataset value single 12 single 12 single 12 single 12

BioID
ROCA (%) -0.02 0.07 -0.48 -3.44 -0.16 -1.08 -0.24 -2.04

Time 0.96 0.68 0.78 0.33 0.92 0.54 0.82 0.37

PAL
ROCA (%) -0.00 -0.39 -0.08 -0.21 -0.09 -0.85 -0.05 -0.44

Time 0.96 0.71 0.77 0.31 0.91 0.51 0.82 0.36

CMU
ROCA (%) -0.03 -0.36 -0.27 -1.92 -0.02 -0.49 -0.08 0.01

Time 0.93 0.62 0.74 0.31 0.93 0.62 0.87 0.47

MS
ROCA (%) -0.04 -0.54 -0.21 -1.02 -0.02 -0.27 -0.06 -0.65

Time 0.93 0.60 0.73 0.29 0.93 0.60 0.87 0.45

it is easy to fulfill as the maximum possible value of each portion of the register
can be calculated and predicted.

The suppression itself can be handled by binary mask covering positions to
be scanned. The positions marked as suppressed are then excluded from further
processing. The scanning order can remain the same as in ordinary scanning
window approach, even though it restricts the positions which can be suppressed
to those which are to the left and bottom of the currently classified position (see
Figure 1). Possibly, more efficient scanning strategies can be developed, but such
strategies are beyond the scope of this paper.

3 Experiments and Results

We tested the neighborhood suppression approach presented in the previous text
on frontal face detection and eye detection. In both task, two separate test sets
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Fig. 2. The ROC curves on MIT+CMU dataset without suppression (full line) and
with 12 suppression classifiers (dashed line). Target miss rate α of the suppression
classifiers is 5 %.
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Fig. 3. Reduction of detection time (y-axis) when suppressing single positions in dif-
ferent horizontal distance from the classified position (x-axis). Target error of the sup-
pression classifiers is 5 %.

were used - one with less constrained poses and lower quality images and one
with easier poses and good quality images. For face detection, the harder dataset
was standard MIT+CMU frontal face detection set (CMU) and the easier was
a collection of 89 images of groups of people downloaded from the Internet. The
easy set is denoted as MS and contains 1618 faces and 142M scanned positions.
The eye detection classifiers were trained on XM2VTS1 database and tested
on BioID2 database (104M positions, 3078 eyes) and on a easier dataset PAL3

(111M positions, 2130 eyes) which is similar to XM2VTS. When scanning, shift
of the window was two pixels at the base detector resolution and scale factor
was 1.2. The suppression classifiers were trained on a large set of unannotated
images containing faces.

1 http://www.ee.surrey.ac.uk/CVSSP/xm2vtsdb/
2 http://www.bioid.com/downloads/facedb/index.php
3 https://pal.utdallas.edu/facedb/
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Fig. 4. Reduction of detection time (y-axis) when suppressing multiple positions on
single image line by single classifier. x-axis is the number of suppressed positions. Target
error of the suppression classifiers is 5 %.

The tests were performed with four types of image features which have been
shown to perform well in real-time object detection. The features used were
Haar-like features [14] (Haar), Multi-Block Local Binary Patterns [15] (LBP),
Local Rank Differences [5] and Local Rank Patterns [5] (LRP). The real-valued
responses of Haar-like features were normalized by standard deviation of local
intensity and then quantized into 10 bins. The detection classifiers were learned
by WaldBoost [11] algorithm and each contained 1000 weak hypotheses. The
base resolution of the classifiers was 24 pixels wide.

In the first experiment, we focused on what is the the achievable speed-up
using the neighborhood suppression of single and also twelve positions for mod-
erately fast detection classifiers (4.5 - 6 features per position) and moderate
target miss rate (α = 0.05) and also on what is the influence of neighborhood
suppression on precision of the detection. These results are shown in Table 1
and Figure 2. The results indicate large differences between individual image
features. While the average number of weak hypotheses computed per position
was reduced with twelve suppressed positions down to 30 % for LBP and 40 %
for LRP , only 55 % was achieved for LRD and 65 % for Haar-like features. This
can be explained by generally higher descriptive power of LBP and LRP. In gen-
eral, the detection rate degraded only slightly with neighborhood suppression -
by less than 1 % except for all twelve positions and LBP on datasets CMU and
BioID and also LRP on BioID.

We have also evaluated the suppression ability with respect to distance form
the classified position. Figure 3 shows that suppression ability decreases rela-
tively slowly with distance and large neighborhood of radius at least 10 pixels
can be used for the tested LBP and LRP classifiers.

As mentioned before, single suppression classifier can suppress larger area than
just single position. Relation between speed-up and the size area of suppressed
by a single classifier is shown in Figure 4. The results show that by suppressing
larger area it is possible to reach higher speeds. However, the benefit is lower for
frontal face detection and multiple suppression classifiers would always achieve
higher speed-up.
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eye detection PAL dataset and right are results on frontal face detection MS dataset.



Exploiting Neighbors for Faster Scanning Window Detection in Images 225

For the neighborhood suppression to be useful, it must provide higher speed
than simple detector for the same precision of detection. To validate this, we have
trained number of detectors with different speeds (in terms of average number
of features computed per position) for each feature type. Then, we learned three
suppression classifiers with α set to 0.01, 0.05 and 0.2 for each of the detec-
tors. The corresponding speeds and detection rates are shown in Figure 5. Even
thought, only a single suppression classifier is used in this case for each of the de-
tectors, the results clearly show that by using neighborhood suppression, higher
speed can be reached for the same detection rate.

4 Conclusions

This paper presents a novel approach to acceleration of object detection through
scanning windows by prediction of the neighbor positions results using new clas-
sifiers that reuse the image features of the detector. The approach has been
demonstrated on frontal face and eye detection using WaldBoost classifiers. The
results clearly show that the proposed approach is feasible and that it can sig-
nificantly speed up the detection process without loss of detection performance.

Further work includes evaluation of the approach on further data sets, other
features, and possibly also different classification mechanisms, such as SVM.
Further work will also focus on real-time implementation of the proposed method
on CPU, GPU, and programmable hardware (FPGA). Also of interest will be
possible improved image scanning patterns that can benefit even more from the
neighborhood suppression.
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