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The Viola and Jones algorithm is one of the most well-known methods of object
detection in digital images. Over the past 20 years since the ﬁrst publication, the method
has been extensively studied, and many modiﬁcations of the original algorithm and its
individual parts have been proposed by researchers and engineers. Some ideas popularized
by Paul Viola and Michael Jones became the basis for many other algorithms of object
localization in images. This paper presents a description of Viola and Jones algorithm, the
history of its development and modiﬁcations in the context of various problems of object
localization in images, as well as a description of the current state of aﬀairs: the method’s
place in the era of convolutional neural networks extensive application.
Keywords: Viola–Jones algorithm; pattern recognition; machine learning; object
classiﬁcation; object localization; object detection.

Introduction
Almost every resident of a modern metropolis encounters computer vision
systems [1–3]. For example, facial recognition systems [2, 4] are one of the most widely
known practical applications of computer vision algorithms today. One of the problems
solved by such systems is the problem of object localization in an image. Despite signiﬁcant
progress in the development of localization methods achieved by the end of the 20th
century, the algorithms back then [5, 6] could hardly be called a solution to the problem:
the quality characteristics (the ratio of correctly detected objects to all detections and
the number of falsely detected objects) and performance were a signiﬁcant obstacle to the
industrial-scale application. The milestone at which object detection systems began their
widespread use was reached in 2001. Paul Viola and Michael Jones published an object
detection framework, which was used to obtain a high-quality detector of frontal upright
faces [7] suitable for real-time face detection in images. The concepts laid down by Viola
and Jones in their original work have been independently researched and developed by
many scientists around the world, and the method itself has become de facto one of the
main tools for building high-performance object detectors.
The Viola and Jones method [7] is a combination of four approaches in a single design:
computationally lightweight features; boosting classiﬁers; a cascade of classiﬁers that
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provides high performance; and the sliding window method to locate objects. The Viola–
Jones detector belongs to the family of sliding window methods, where rectangular areas
of an image are “scanned” with some step by the classiﬁer for the content of the target
object. In the Viola–Jones method, the classiﬁer is binary, and the positive responses
of this classiﬁer are aggregated and form the parameters of one or more rectangles –
the result of the object localization algorithm. Intuitively, with this approach, especially
when considering the detection of objects at multiple scales, the number of classiﬁer runs
for a single image can reach millions of times. To ensure extreme performance, Viola
and Jones proposed the use of eﬃciently computed Haar features, the concept of an
integral image, and a cascade structure of the classiﬁers. Viola and Jones method itself is
a scheme for building such detectors using the classical machine learning algorithm based
on AdaBoost [8] training. AdaBoost was used both to select the most eﬃcient features and
to build the binary classiﬁers. For this, the authors associated each feature with a so-called
weak classiﬁer, a decision stump classiﬁer. A set of such weak classiﬁers is subsequently fed
to the AdaBoost algorithm, which forms a so-called strong classiﬁer. The last important
part of the Viola and Jones method is a way to combine a set of strong classiﬁers into a
cascade structure, which provides high detector performance on “empty” sub-windows of
images that do not contain the target object. The successful combination of these ideas
allowed for the building of the face detector capable of “processing” up to 15 images per
second on a publicly available general-purpose processor in 2001. Below, we take a closer
look at each fundamental part of this method.

1. Original Viola and Jones Algorithm
1.1. Rectangular Haar Features and Integral Image
In the original Viola and Jones paper, each weak classiﬁer is associated with a Haar
feature, which is based on the Haar wavelets [9]. This choice is primarily due to the fact
that Haar features allow for the determining of the characteristic features associated with
local brightness variations within the object. For example, with Haar features, it is easy to
reﬂect the fact that the eye area is darker than the nose area in an image of a human face
(Fig. 1). The original Viola–Jones approach uses three types of features: two-rectangle
features, three-rectangle features, and four-rectangle features. The value of Haar features
is computed as the diﬀerence between the sum of pixels within black and white rectangles
of equal size within the image areas (Fig. 1). Two-rectangle and three-rectangle Haar
features can be oriented either vertically or horizontally. An integral representation of the
image is proposed to calculate the value of Haar features eﬀectively.

Fig. 1. Haar features

Deﬁnition 1. Let a grayscale image f (y, x) be of the size M × N. If (y, x), an integral
representation of the image f (y, x) be a digital image of the size (M + 1) × (N + 1), where
pixel values are calculated as follows:
6
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Using the integral representation of an image, the sum of the pixel intensities of an
image within a certain rectangular area can be calculated in four arithmetic operations,
regardless of the size of that area, by the following formula:
X
X
f (y, x) = If (y2 , x2 ) − If (y1 , x2 ) − If (y2 , x1 ) + If (y1 , x1 ).
(2)
y1 6y6y2 x1 6x6x2

Therefore, the concept of integral image allowed the authors to construct an extremely
eﬃcient algorithm for calculating the feature description of localizable objects.
1.2. Training Strong Classiﬁer by AdaBoost Algorithm
Each weak classiﬁer is represented by a decision tree with the root and two leaves, a
decision stump, which compares the numerical value of Haar feature to a threshold value:

+1, if h(x) < t
b(x) =
(3)
−1, if h(x) ≥ t,
where t is the threshold value, h(x) is a value of Haar feature. Viola and Jones
use the AdaBoost algorithm [8] to determine optimal thresholds and select the most
eﬀective features. In its original form, the AdaBoost learning algorithm was proposed
to improve classiﬁcation eﬃciency by multiple simple (sometimes called weak) classiﬁers.
The algorithm constructs a composition of such weak classiﬁers (a strong classiﬁer) as a
linear combination of weak classiﬁers:
S(x) =

J
X

αj · bj (x),

(4)

j=1

where αj is the weight of the classiﬁer, bj (x) is the response of the classiﬁer. Besides
theoretical estimates of generalizability and convergence [8], an important property is the
ability of the algorithm to construct “very quickly” a composition that exhibits much
better classiﬁcation performance than individual weak classiﬁers. In [7], it is claimed
that it is possible to consrtuct a strong classiﬁer consisting of 2 weak classiﬁers, which
correctly classify 100% of face images and yield false positives for 40% of non-face images.
The number of computed features required for classiﬁcation closely correlates with the
performance of the detector.
1.3. Cascade of Strong Classiﬁers
The object localization process is based on the scanning window method, a hypothesis
on the presence of the target object within this window is tested across all parts of the
image at several scales. To ensure high detector speed, Viola and Jones suggested using
a cascade of strong classiﬁers. The strong classiﬁers are used sequentially, and the next
strong classiﬁer is applied only if the previous one yielded a positive response. The classical
cascade of strong classiﬁers can be represented as a conjunction of the responses of strong
classiﬁers:
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N 
Y
Cascade(x) =
Si (x) > 0 .

(5)

n=1

The intuition behind this idea is the property of object localization by the scanning
window method: the number of regions containing the target object is orders of magnitude
smaller than the number of windows that do not contain it. Therefore, the ﬁrst strong
classiﬁers in the cascade are trained in such a way as to provide 100% correct answers
on the windows containing an object and minimize false positives on the set of “simple”
windows that do not contain the object, by calculating the smallest possible number of
weak classiﬁers. The subsequent strong classiﬁer is trained on examples that have “passed”
all previous strong classiﬁers: on false positives “that have reached” this stage, and on
the remaining correctly classiﬁed true positive windows containing object. As the learning
process progresses and another strong classiﬁer is added to the cascade, the classiﬁer
includes more and more features. The ﬁnal cascade consists of 32 strong classiﬁers with
4297 features. Evaluated on the MIT+CMU test set, an average of 8 features are computed
per sub-window.

2. Further Development of Viola and Jones Algorithm Ideas
Viola and Jones revolutionized the methods of object localization in images and
provided a high-quality solution to the relevant problem of facial detection. In fact, it
was the ﬁrst method to provide industrial quality recognition at a rate close to the video
camera frame rate. The method yielded similar or better detection quality on the widely
used MIT+CMU set of real data compared to previously proposed methods while being
15 times faster.
The approach proposed by Viola and Jones to construct object detectors could not
go unnoticed by the scientiﬁc community. The researchers proposed many modiﬁcations
to each basic element of the original algorithm: in order to improve the qualitative
characteristics and to adapt the approach to the detection of objects of other nature.
2.1. Weak Classiﬁers Feature Space Modiﬁcations
The original Haar rectangle feature space describes the objects with local brightness
variations along the vertical and horizontal directions well. However, there are object types
in which the contrast structure is signiﬁcantly more complex. To construct high-quality
detectors for such objects, many modiﬁcations of the original feature space were proposed
by various researchers.
Lienhart and Maid [10] proposed expanding the feature space by additional 45-degree
rotated Haar features (ﬁrst row in Fig. 2). To compute these new features quickly, Lienhart
and Maid suggested using an additional rotated integral image representation (Rotated
Summed Area Table), which is deﬁned as follows:

0,
if y = 0 or x = 0
r
If (y, x) = P
(6)
′
′
f
(y
,
x
),
if
x > 0 and y > 0.
x′ <x−|y−y ′ |
The rotated integral representation of an image can be quickly computed by two passes
over the pixels of the original image. Using the pre-calculated image Ifr (y, x), the sum of
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pixels inside a rotated rectangle can be calculated in 4 arithmetic operations regardless
of the size of the rectangle. The proposed features were later used to detect birds [11],
cars [12], people and cars in aerial images [13].

Fig. 2. Extended Haar features

To improve the arbitrarily located faces localization performance, [14] proposes to
extend the feature space with so-called “non-contiguous” Haar features (second row in
Fig. 2). The only diﬀerence between these features and ordinary Haar ones is that the
rectangles can be at some distance from each other. This accounts for asymmetric contrast
structure inherent in arbitrarily placed (rotated, in proﬁle, etc.) faces in the image.
In 2003, Viola and Jones developed and published [15] an extension of their original
work, which deals with the same problem of poor localization quality of randomly situated
faces. One of the contributions of this work is a new type of feature that targets the
diagonal contrast structure of target objects. A feature consists of 4 overlapping rectangles
that together form blocky diagonal regions. The feature value is still eﬀectively computed
in 16 operations of an integral image reading at the corner points of all rectangles
which contribute to the feature. Viola and Jones later employed these features to detect
pedestrians [16].
Messom and Barczak further developed the concept of rotated Haar features by
proposing a way to calculate feature values at arbitrary angles [17]. However, this type of
features was rarely used in other works. This is most likely due to the low quality of the
rotated features pixel coordinates approximation during feature value calculation.
In [18], the asymmetric Haar features (third row in Fig. 2) were proposed. These
features increase the accuracy of the classiﬁer and reduce the total number of features in the
ﬁnal classiﬁer. Unlike in the original Haar features, the rectangles that form an asymmetric
Haar feature may have diﬀerent widths or heights from each other. The asymmetry of the
feature-forming rectangles signiﬁcantly expands the feature space and allows the learning
algorithm to select a single feature, which is approximated by the combination of the
original features.
In [19], it is proposed to optimize the values of weights of rectangles forming the
feature. Experimental results for problems of facial recognition on digital images and of
human hearts localization in magnetic resonance images are presented. Three methods
for values of the weights optimization were investigated: full search on the ﬁxed grid,
genetic algorithm, and linear Fisher discriminant. The detectors that used features with
optimized rectangular weights showed signiﬁcantly better accuracy and speed, and the
best gain in detector quality performance was demonstrated by the optimization using the
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genetic algorithm. The disadvantage of this approach is that the detector training time
increase by 10 times.
The work [20] describes the concept of polygonal features. To compute polygonal
feature values eﬀectively, the paper presents a generalization of the integral image
concept for image integration along polygonal integrals of a general form. Also, the paper
demonstrates a way to represent the integral image as a weighted sum of precomputed
right-triangular integrals.
The main disadvantage of Haar features is the instability in the case of uneven
illumination of the object to be localized, i.e. when one rectangular region has illumination,
which is physically diﬀerent from another. Diﬀerent researchers proposed various solutions
to this problem. For example, in their original work [7], Viola and Jones normalize the
variance of pixel intensities in the studied image area. However, there are families of
features that are robust to irregularities in illumination. One such family of features is the
LBP family [21], which was originally proposed as one of the ways to represent textures.

Fig. 3. An example of LBP operator calculation

The original LBP feature calculation operator works up a 3×3 neighborhood of the
considered pixel. The pixel intensities values of the neighborhood are mapped to 1 if the
brightness value is not less than the intensity value of the central pixel, otherwise, they are
mapped to 0 (see Fig. 3). The resulting binary sequence characterizes the neighborhood
of the central pixel and encodes an 8-bit number, a feature over which a classiﬁer can be
constructed. LBP-like features are used in [22–25].
Another widely used family of features resistant to the uneven illumination of objects
includes features based on histograms of oriented gradients. This type of feature was
proposed based on the hypothesis that some classes of objects are fully described in the
form of a characteristic distribution of boundary and contour directions for this class.
Therefore, if the image area containing the object is divided into small areas, and if
a histogram of directional gradients for each such area is plotted, the combination of the
obtained histograms can describe the object well. Initially, this type of features was actively
used for image matching and became popular due to the SIFT method [26], but later such
features was used to build a pedestrian detector [27]. Unlike Haar features, histograms of
Oriented Gradients (HOGs) themselves are not capable of describing the spatial structure
of the object. The work [28], using the example of the cat heads recognition, proposes a
new kind of features, which combines the ability of Haar features to describe local contrasts
and invariant description of the boundary features distributions to illumination in the form
of a histogram of oriented gradients (Haar of Oriented Gradients (HoOG)).
10
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One of the most widely known series of works on the modiﬁcation of the Viola and
Jones method is the work [29] and the consequential work [30]. The latter describes a way
to build a pedestrian detector, which demonstrated state-of-the-art localization quality at
that time, since the method was 1-2 orders of magnitude faster than previously proposed
methods. The key concept behind the claimed high quality of localization is the integral
channel-wise features. The classiﬁer takes into account features of diﬀerent nature. For
this purpose, the input image is subjected to various linear and nonlinear transformations
(splitting into color channels, mapping to another color space, gradient norm image, Gabor
ﬁlter, etc.), and the so-called map of registered transformations of the original image
is formed. For each transformed image, an integral image is calculated, which enables
eﬀective calculation of such features as local sums of pixel intensities, histograms, Haar
features, etc. Each feature is also associated with a weak classiﬁer (the best quality was
demonstrated by the depth-2 decision tree), and the soft cascade [31] is employed as a
detection classiﬁer. Note that the classiﬁer is trained to take into account the mutual
relations between features of diﬀerent nature.
2.2. Modiﬁcations of the High-Level Classiﬁer Structure
The original cascade structure of the classiﬁer allows for a signiﬁcant improvement of
the performance of object detection and running AdaBoost on a pseudo-balanced training
set. However, this architecture has several disadvantages. First, according to the cascade
architecture, the information obtained at the current cascade level is not passed to the next
levels in any form. Accordingly, the decision to reject or to perform further image region
recognition at the current cascade level does not depend on how well the image region was
recognized at the previous levels. This approach can lead to the construction of a fragile
cascade, which yields rejection for small changes in the feature description of the target
objects. To pass information from the previous level of the cascade, the papers [32, 33]
suggest using a decision stump over the value of the linear combination of the previous
level as the ﬁrst weak classiﬁer in each strong classiﬁer. Such a high-level structure is called
a Nesting-Structured cascade.
The detectors proposed in [32, 33] demonstrated better facial detection quality
compared to the classical Viola and Jones cascade [7] while having signiﬁcantly fewer
features.
Another disadvantage of the classical cascade is the absence of an optimal learning
algorithm. The ﬁnal qualitative characteristics of the cascade are inﬂuenced by the training
parameters of each strong classiﬁer, which in their turn correlate with each other. The
detection speed of the ﬁnal cascade is another performance indicator that should be taken
into account during the training phase. In [7], Viola and Jones use the average number of
computed features per window on a given set of images to estimate the detection speed.
Viola and Jones do not provide an exhaustive explanation on how to limit the number of
features in the strong classiﬁer. However, they provide data on the number of features they
used for the ﬁrst 5 levels of the ﬁnal cascade. Therefore, the training of the classical cascade
essentially takes place in “manual” mode: usually by adjusting the training parameters of
each strong classiﬁer.
A widely known high-level architecture of the Viola and Jones classiﬁer is
SoftCascade [31]. The image region classiﬁcation algorithm combines the concepts of a
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strong classiﬁer and classical cascade. In terms of the classical cascade, it is still a tree
with one terminal positive leaf and many negative leaves. In fact, SoftCascade is a large
strong classiﬁer, which is able to give a negative answer after computing another successive
weak classiﬁer. The classiﬁcation rule can be represented as follows 7:
Sof tCascade(x) =

N X
N
Y

n=1

n=1



αn · hn (x) > tn ,

(7)

where αn is the weight of the classiﬁer, bn (x) is the response of the classiﬁer, tn is the
value of the partial sum cutoﬀ threshold for the n-th classiﬁer.
The SoftCascade training algorithm is divided into 2 stages: 1) training the strong
classiﬁer, which potentially contains an excessive number of features, and 2) calibration,
i.e. selection of the highest quality features and threshold cutoﬀs of partial sums, providing
the set indicators of detection completeness and performance, minimizing false positives.
To avoid a signiﬁcant imbalance in the distribution of positive and negative samples during
the training of the strong classiﬁer, the authors use a variant of bootstrapping and then
iteratively update the negative samples set after training the next weak classiﬁer. The
calibration algorithm is based on the ROC-surface model, which, unlike the classical ROCcurve, uses the detection speed as an additional dimension.
In [34], another algorithm for SoftCascade training and calibration was introduced.
This paper proposes the training algorithm which requires signiﬁcantly less parameter
tuning and uses weight-trimming [35] to form a negative subset in addition to
bootstrapping. The authors performed a direct comparison with the original Soft
Cascade [31] learning algorithm. They ﬁxed the true positive rate training parameter, ran
both of the mentioned methods, and compared the performance of the resultant detectors.
One of the important features required for industrial recognition systems is the
possibility of “retraining” and tuning considering the constant expansion of the training
samples set. The cascade classiﬁer training method and the modiﬁcations of the high-level
classiﬁer structure described above are based on the assumption that the set of training
samples is ﬁxed. Since the procedure of training the classiﬁer “from scratch” is quite time
consuming (depending on the complexity of the object and the size of the training sample,
it can take from several hours to several dozens of days), the task of building a high-level
structure of the classiﬁer and developing an algorithm for its training, providing a fast
procedure of additional training when expanding the training set is in high demand. The
work [36] proposes a tree structure and an algorithm for its construction, which allows for
a relatively “cheap” retraining.
The proposed decision tree of strong classiﬁers is a binary decision tree. A tree node
contains a strong classiﬁer, which sends the sub-windows classiﬁed as positive to the right
edge, and negative ones to the left one. The ﬁnal tree verdict is given only in the leaves.
Fig. 4 illustrates an example of a decision tree containing 3 nodes and 4 leaves.
2.3. Boosting Algorithm Variations for Constructing Composition of Weak
Classiﬁers
In the original paper of Viola and Jones, the training of a strong classiﬁer is performed
using the AdaBoost algorithm [8], which was called Discrete AdaBoost later. Boosting later
turned out to be not only an algorithm but a methodology for constructing a high-quality
12
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algorithm that solves various problems by a composition of low-quality algorithms. A
detailed theoretical justiﬁcation and experimental results can be found in the works [37,38].
Subsequently, many “boosting algorithms” were proposed, which mainly diﬀer by loss
functions. In this paper, we consider two of the most popular boosting algorithms used for
object localization: Real AdaBoost and Logit Boost.

Fig. 4. Tree classiﬁer

A large study of the family of AdaBoost algorithms, which is characterized by an
exponential loss function, was presented in the work [39]. The Real AdaBoost algorithm
for binary classiﬁcation problems proved to be successful in the Viola–Jones framework.
The Real AdaBoost algorithm represents a generalization to the case when the response
of the weak classiﬁer is a real valued number, rather than a binary one from the set {0, 1}.
RealAdaBoost for the Viola and Jones method was employed in [14,15,34]. One section of
the work [39] considers the case where the range of values returned by the weak classiﬁer
is discretized into a ﬁxed number of periods. For this case, Vector Boost [40] was proposed
using the rotated faces localization problem as an example. Vector Boost was also used in
[18, 33].
Another popular boosting algorithm for the object localization problem is Logit
Boost [35], which treats boosting as additive logistic regression. The main features of
this algorithm are that the trained classiﬁers are optimal according to the Bayesian
classiﬁcation theory, and the value returned by the classiﬁer represents a numerical
estimate of the probability that the input belongs to a certain class. Moreover, the
optimized logistic function is less “aggressive” than the exponential one. This means that
the distribution of the weight over the training set is less subjected to potential bias to the
“more complex” examples, which are often outliers (labeling mistakes). Therefore, Logit
Boost is less prone to overﬁtting than AdaBoost in cases of the noisy training set. Logit
Boost is quite actively used for object localization [29, 41–43].
2.4. Speciﬁcs of Training Cascade of Strong Classiﬁers
The original strong classiﬁer training algorithm [7] adds weak classiﬁers until the target
false negative rate F NR and false positive rate F P R for that particular strong classiﬁer
on a separate validation dataset are achieved. This approach does not consider the speed of
the detector and potentially yields a slow detector unsuitable for use in real-time systems.
The paper [44] proposes a greedy algorithm for searching training parameters of a strong
classiﬁer to optimize the cascade accuracy and speed. The optimization of the following
functional was suggested:
F (E1 , E2 , D) = β1 × log(E1 + δ1 ) + β2 × log(E2 + δ2 ) + β3 × D,
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where E1 is the false negative rate, E2 is the false positive rate, D is the average number
of Haar features calculated to classify an image sub-window; the parameters β1 , β2 , β3 are
the weights of the corresponding characteristics, δ1 and δ2 are used for regularization. The
total weight of positive training samples w and the number of weak classiﬁers N are the
strong classiﬁer training parameters. To search for the parameter w, a grid of weights is
ﬁxed based on the exponential nature of the optimization function:

1 − m × (1 − wi ), if wi > 0, 9,
wi+1 =
(9)
wi − δ,
if wi ≤ 0, 9,
which remains unchanged as strong classiﬁers are added to the cascade. The search for
the parameter N depends on the level of the cascade since the ﬁrst several levels of the
cascade usually contribute the most to the value of the functional F . Therefore, a grid Ni ∈
1, 2, ..., min(C, C0 × 2i ) is formed for the i-th strong classiﬁer. The training is performed
until the value of the characteristic E2 on the separate validation set falls below a given
threshold value. The experimental results presented in [44] indicate that the use of a
validation set can signiﬁcantly improve the quality of the resulting detectors. In addition,
the detector produced by involving a highly experienced expert to select the training
parameters for each strong classiﬁer showed performance, which is only slightly better
than the detector trained by the proposed algorithm in a fully automatic mode.
The ﬁrst decade of the 21st century can be fairly called the decade of the Viola and
Jones method. During this period most of its most important modiﬁcations were proposed,
and its eﬀectiveness in many diﬀerent tasks of object detection was demonstrated.
The Viola and Jones method de facto set the bar for qualitative characteristics and
performance for other algorithms, and its individual basic elements were used for many
other methods [45–47].

3. Place of the Viola and Jones Method in Era
of Convolutional Neural Networks
The landmark when the Viola and Jones method began to gradually step aside
was the revival of the era of neural network methods for classiﬁcation problems [48].
Many researchers, impressed by the signiﬁcant classiﬁcation quality increase compared to
previously proposed methods, began to develop convolutional neural network architectures
for object localization. This was achieved in 2014, when on the well-known dataset
PASCAL VOC [49] the purely neural network approach [50] demonstrated much better
quality than many ensemble methods proposed previously. One year later, a cascade
scheme of the convolutional neural network [45] was proposed for facial detection. Recall
that the original method of Viola and Jones was presented on the example of detection
frontal faces. Remarkably, the speed of the method is equivalent to 14 fps on a modern
2012 server processor, while the speed of the Viola and Jones method was equal to 15 fps
on a consumer processor of 2000.
Therefore, 10 years after the publication of the Viola and Jones method, the vector
of research on object detection methods was changed signiﬁcantly. Due to the signiﬁcant
increase in the performance of personal computers and deep learning technologies as well
as the availability of many open data sets, most research in the last decade addresses the
problems of multiclass object localization. It turned out that convolutional neural networks
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are ﬂexible enough to be conﬁgured and scaled for simultaneous detection of several dozens
of diﬀerent object types [51–55]. However, this approach, unlike many traditional methods,
including the Viola and Jones method, has some signiﬁcant limitations.
The paper [56] compares modern convolutional network architectures and “traditional”
algorithms, including the Viola and Jones method, in terms of the memory consumption
and computational eﬃciency on a well-known dataset for facial detection FDDB [57]. The
numerical characteristics of the required computational resources are presented in Table.
Table
Computational eﬃciency comparison
(reprinted from [56])
Detector

Time,
GFLOPS,

Viola–Jones
HeadHunter DPM
SSD
Faster R-CNN
R-FCN 50
R-FCN 101
PVANET
Local RCNN
Yolo 9000

0,6
5,0
45,8
223,9
132,1
186,6
40,1
1206,8
34,9

Memory
consumption,
GB
0,1
2,0
0,7
2,1
2,4
3,1
2,6
2,1
2,1

According to the experimental data presented in Table 1, the Viola and Jones method
shows 7 times greater eﬃciency in terms of the required memory and more than 8 times
greater computational eﬃciency than the closest method based on “traditional” machine
learning [58, 59]. As for the comparison with convolutional neural networks, the “closest”
universal architecture in terms of computational eﬃciency requires almost 60 times faster
performance and requires 21 times more memory. From the above comparison, it can be
concluded that among the listed algorithms, the Viola and Jones method is the most
preferable in cases when strict energy eﬃciency requirements are imposed. Therefore, the
research direction for the Viola and Jones method has shifted towards solving localization
problems on energy-eﬃcient devices [60–62].
Another signiﬁcant limitation of the convolutional neural network approach is the
inevitable requirement for a large amount of training data. Therefore, more than 25
thousand images of faces were used to train the neural network [45]. However, there are
many tasks for which such amounts of data are not available not only for tuning and
training the algorithm but also for its testing. For example, the localization tasks related
to identity documents [63]. In contrast to convolutional neural networks, the Viola and
Jones method requires a much smaller amount of data, and with some modiﬁcations,
it demonstrates the industrial quality of recognition. In [64], various Viola and Jones
classiﬁers were trained to detect several types of identity documents in images obtained
with a scanner, and the positive training set for each class consisted of several hundred
examples. Pre-rectiﬁcation of the document plane by a separate algorithm allowed for the
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Viola and Jones method to recognize signiﬁcantly projectively distorted documents [65],
and in [66], the Viola and Jones classiﬁer was trained to localize seals in Russian passports.

4. Future Directions and Discussion
In this section, we point out some areas of further development of the Viola and
Jones method, which still have many unsolved problems and are of interest to modern
researchers. In addition, we discuss the current place of the Viola and Jones method in
the modern context of object detection problems.
4.1. Cascade Architecture Issues
In general, the cascade architecture of algorithms is motivated by performance in
some “average scenario”. Usually, in the case of object localization by the scanning-window
method, the number of windows without objects is greater than the number of windows
containing the object by orders of magnitude. The task of the cascade, in this case, is to
yield the fastest “refusal” and ﬁnish the computation on the windows that do not contain
an object. However, in the Viola and Jones method, cascade also solves another, equally
important problem, which relates to the learning process. The unbalance of the positive
and negative sub-windows is also inherent in the training phase. But due to its design, each
new level of the cascade is trained by the AdaBoost algorithm not on the entire negative
training set, but only on a limited subset of errors from previous levels of the cascade. And
the iterative nature of the cascade structure allows for looking through the entire negative
sample, the number of negative examples in which can reach tens of billions of examples.

Fig. 5. An example of a set of samples not separable by a single linear classiﬁer

Another important aspect of the cascade architecture of classiﬁers is their conjunctive
form. Conjunctive classiﬁers have more expressive power than, for example, a single linear
classiﬁer. Fig. 5 illustrates an example where the feature description element of an object
consists of a pair of numeric values, and positive and negative objects are highlighted in
green and red, respectively. Obviously, there is no single linear classiﬁer that splits the
presented sample without errors. However, it is possible to build a cascade that includes 4
levels. Such a cascade is able to divide this sample without errors. Therefore, in addition
to increasing the speed of the localization step and balancing the distribution of training
samples, the cascade architecture provides more expressive power with fewer features than
16
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a single linear classiﬁer. This aspect is crucial when the number of computable features is
limited.
Unfortunately, the scientiﬁc community does not paid suﬃcient attention either to
the expressiveness of cascade architectures or to the learning algorithms for them. The
works [31, 32, 44] consider applied problems of the computationally eﬃcient classiﬁer
training, but, to our best knowledge, there are no works devoted to the cascade classiﬁers
expressive ability speciﬁcity and algorithms that take the latter into account.
4.2. Stability with Respect to Diﬀerent Distortion Models
Another important area of further research is the issue of robustness to various
distortions. To improve the completeness of localization on prospectively distorted objects,
several “engineering solutions” concerning Haar features [14,18,33] were proposed, and the
task of choosing “stable” features was delegated to a learning algorithm using a training
sample containing such distortions. However, the question of creating a feature space and
deriving a mathematical proof of its invariance to a certain class of distortions, such as
rotations, allows for signiﬁcant progress in improving the quality of arbitrarily situated
objects localization.
Intuitively, it is clear that the classical Haar features, which characterize the level of
local contrast, are unstable in terms of local changes in object illumination. However,
the question of stability of other eﬃciently computed features used in the Viola and
Jones method to other distortions, for example, related to the speciﬁcity of the digital
imaging [67], remains open.
4.3. Feature Space Issues
Even though many modiﬁcations of the feature space and a method of aggregating
information from heterogeneous features in a single classiﬁer were proposed [29, 30], the
question of choosing the feature space that characterizes a certain class of objects in the
best way remains open.
4.4. Energy Consumption of Computation
Another direction of the Viola and Jones method development is computational
optimization for diﬀerent processor architectures. In [68], an example of vectorization
of two-rectangle Haar feature calculation for Elbrus VLIW design is introduced, but it can
hardly be claimed that any signiﬁcant part of the Viola and Jones method optimization
in terms of calculations on modern processor architectures is investigated. The issues
of various computational optimization for such processor architectures as ARM, x86-64,
MIPS, Elbrus, etc. are still not addressed.
4.5. Scope of the Viola and Jones Method Application
in Current Time
Summing up the review, the Viola and Jones method plays an important role in solving
many classes of object detection problems today.
First, due to its computational eﬃciency, the method is highly demanded in edge
computing, autonomous robotic devices, computing on smartphones, and other compact
devices with low battery capacity, i.e. areas where energy eﬃciency plays a critical role.
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Secondly, there is a huge layer of object detection tasks in which the complexity
of the detected objects is low. In such cases, it is often unnecessary to train complex
computational recognition models. To ensure high quality detection and recognition of
such objects in practice, it is enough to apply the Viola and Jones method right out of
the box, which is usually included in many image processing and analysis libraries (for
example, OpenCV).
Finally, the Viola–Jones method occurs to be indispensable in object detection in
multispectral images. The multispectrality of the input data signiﬁcantly increases their
dimensionality, which becomes an almost insurmountable obstacle for the algorithms which
train feature extraction functions (ﬁlters) in an end-to-end manner, e.g. the CNN approach
does. Due to the greedy nature of the AdaBoost algorithm, the algorithm trains and
selects the most informative features from a set of semi-handcrafted features considering
the distribution of various spectral characteristics of the detected class of objects.

Conclusion
This paper reviewed the most signiﬁcant studies of the Viola and Jones method over
the past 20 years since its publication. The Viola and Jones method [7] undoubtedly
revolutionized the ﬁeld of pattern recognition: for the ﬁrst time, a high-quality method
of complex objects localization was introduced, which on a widely available generalpurpose central processor demonstrated the performance close to the frame rate of a video
camera. For a long time, the concepts described in the original paper, the construction of
such detectors captured a large part of the scientiﬁc community and were independently
researched and developed. However, with the increase in computing power of personal
computers and the development of deep learning methods, in particular, convolutional
neural networks, the research vector and area of applicability of the Viola and Jones
method shifted towards power-eﬃcient devices and embedded systems, and towards tasks
for which it is not possible to collect representative data in the quantities required for
deep learning methods. Important future research also lies within the area of cascade
architecture of classiﬁers, stability of the method with respect to diﬀerent distortion
models, and choice of feature space that best characterizes the objects to be localized.
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Метод Виолы и Джонса является одним из самых известных методов локализации
объектов на цифровых изображениях. За минувшие 20 лет со дня первой публикации
метод был существенно изучен, исследователями и инженерами было предложено множество модификаций оригинального алгоритма и отдельных его частей. Отдельные
популяризованные Полом Виолой и Майклом Джонсом идеи встали в основу множества других алгоритмов локализации объектов на изображениях. В этой работе представлено описание метода Виолы и Джонса, история его развития и модификаций в
контексте различных задач локализации объектов на изображениях, а также описание
современного состояния дел – какое место метод занимает сейчас, в эпоху обширного
применения сверточных нейронных сетей.
Ключевые слова: метод Виолы и Джонса; распознавание образов; машинное обучение; классификация объектов; локализация объектов; детектирование объектов.
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