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Abstract. In this paper we explore an application of the pyramid HOG (His-
tograms of Oriented Gradients) features in image recognition problem with
small samples. A sequential analysis is used to improve the performance of
hierarchical methods. We propose to process the next, more detailed level of
pyramid only if the decision at the current level is unreliable. The Chow’s reject
option of comparison of the posterior probability with a fixed threshold is used
to verify recognition reliability. The posterior probability is estimated for the
homogeneity-testing probabilistic neural network classifier on the basis of its
relation with the Bayesian decision. Experimental results in face recognition are
presented. It is shown that the proposed approach allows to increase the
recognition performance in 2—4 times in comparison with conventional classi-
fication of pyramid HOGs.
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1 Introduction

Nowadays the recognition of complex images (faces, gestures, medical objects) [1]
becomes all the more acute. Several sufficiently reliable descriptors has been recently
proposed, e.g., SIFT (Scale-Invariant Feature Transform) [2], HOG (Histograms of
Oriented Gradients) [3], SURF (Speeded-Up Robust Features) [4], etc. However,
though image recognition technology has reached a certain level of maturity [5], many
researchers try to improve the recognition quality by exploiting the hierarchical pro-
cessing of analyzed objects. Such processing is known to be one of the known char-
acteristic of human intellect [6, 7]. As a result, several hierarchical image recognition
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methods have been presented, e.g., pyramids of features (in particular, PHOG (Pyramid
HOG) descriptor [8]), hierarchical temporal memory [6], wavelet-analysis [9], deep
convolution neural networks [10], etc.

The majority of these methods include the comparison of features of query image and
models from the given database at each level of hierarchy (pyramid). Hence, their
recognition performance is much worse in comparison with conventional
non-hierarchical approach. For instance, the matching of the PHOG descriptors [7] is
usually 1.5-3 times slower than the matching of the state-of-the-art HOGs [3]. Thus, most
popular hierarchical methods usually cannot be implemented in real-time applications
[11], e.g., in video-based face recognition [12]. In this paper we propose to perform
sequential analysis of query image to overcome this drawback. Namely, more detailed
representation of the query image is analyzed at the next level of pyramid only if it is
impossible to obtain a reliable solution at the current level [13, 14]. To reject unreliable
solution, we use the Chow’s rule and compare the maximal posterior probability with the
fixed threshold [13]. This probability is estimated on the basis of the asymptotic prop-
erties of the homogeneity-testing probabilistic neural network (HT-PNN) which was
proved to be a good classifier in several pattern recognition tasks [15].

The rest of the paper is organized as follows: Sect. 2 briefly presents the classifi-
cation of conventional HOG and PHOG features with the HT-PNN. In Sect. 3, the
sequential hierarchical approach is introduced. In Sect. 4, we present the experimental
results of the proposed method in the face recognition task [12]. Finally, concluding
comments are given in Sect. 5.

2 Classification of the PHOG with the HT-PNN

Let a training set of R > I model images {X,}, r € {1,..., R} with height U, and width
V, be specified. It is assumed that the class ¢(r) € {1, ..., C} of the rth model image is
known. Here C is the total number of distinct classes. The task is to assign a query
image X with height U and width V to one of C classes [16]. We assume the practically
important case of small training sample C ~ R [17]. Let’s the objects of interest (say,
faces in face recognition) are preliminary detected in either query or model images,
hence, each of them contains only one object.

Let every image to be associated with a set of PHOG features [8]. At first, the
whole image is divided into a regular squared grid of KV x K1) blocks where K() is
the number of rows and columns in the lowest level of pyramid with the most rough

image approximation. The histogram H,gl)(kl,kz) = [h,(ll) (k1,k2), . . .,hﬁ;l,z,(kl,kz)} of
gradient orientation is evaluated for each block (ki k»), ki, ky € {1,..., KV} of the rth
model image. Here N is the number of bins in the histogram. Next, according to the
PHOG method [8], the image is divided into a squared grid K® x K blocks where
K® > KW and its histogram H@(kl,kz),kl,kz €{l,...,K®} is evaluated. This
procedure is repeated for L = const pyramid levels. Similarly, the histograms
HO (ky ko) = [0 (k1 ko), .. B (ki ko)), 1 = T, L ki ky € {1,..., KO} for the query
image are estimated.
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The second part is classifier design [16]. If C ~ R, the nearest neighbor rule is
applied as it usually outperforms other more complex state-of-the-art machine learning
techniques (MLP, SVM, etc.) in this particular case [17]. Though several conventional
classifiers (e.g., CNN) can be applied in this task to select the features [18], the final
decision is usually done with simple nearest neighbor rule. In view of the small spatial
deviations due to misalignment after object detection, the following similarity measure
with mutual alignment of blocks and comparison of the histograms in A-neighborhood
of each block is used [19]

KO g0
PIX) =303 min py (HO Kk + Ak A), HO (k1 ko) ). (1)
k=l k=1 |A1] <A,

|Ax] <A

Here pjy is any distance between HOGs. In this paper, we explore the square of
Euclidean distance and our HT-PNN [15]:
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is the convolution of the HOGs with the Gaussian Parzen kernel K;; [20] and indexes
(ki1, k2) are missed for clarity.

In general case (L > 1) the outputs (1) at each level are aggregated [8] and X is
assigned to the class of the closest model in terms of the following similarity measure

3)

L
prroc (X, X;) ZW X;), (4)
=1

Here weights of every pyramid level w”) > 0 are usually chosen experimentally.
Unfortunately, though the accuracy of the PHOG is usually higher than the accuracy of
the HOG [8], performance of the nearest neighbor rule with similarity measure (4) is

quite low as it requires . (K(l) -K<l)) /KW . K(_times more calculations in
I=1
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comparison with conventional HOG [3] (L = 1). Hence, in the next section we present s
way to improve the PHOG’s performance by sequential analysis at each level.

3 Sequential Classification of the PHOG

The key idea of our paper is to perform recognition at each level independently and
terminate the classification procedure if the decision was assumed to be reliable [21].
Otherwise, the next level of the hierarchy is analyzed in the same way. To verify the
decision’s reliability, let’s use the statistical approach [16]. It is known [15, 22] that if
the hypothesis W,w for homogeneity of query X and model objects X, at Ith level are
tested and it is assumed that the prior probabilities of each class are equal, then the
nearest neighbor rule with the HT-PNN (1)—(3)

v(l) = argmin p¥ (X, X,) (3)

is equivalent to the maximal likelihood decision. In such case, an optimal Bayesian
criterion for rejection of unreliable decision is achieved with the Chow’s rule [13]

P(W‘% ’X) < po = const, (6)

where P(W‘(,Z) ‘X ) is the posterior probability of hypothesis Wé% and threshold

HIO - Hro

=, 7
HOI +H10 - Hro ( )

Po

Here I1j, is the losses of incorrect decision (5), which has not been rejected (6),
Iy, is the losses of rejection (6) of correct decision (5) and IT,, is the cost of reject
option (6) (obviously, I1,, <IIj).

Hence, the task is to estimate the posterior probability P(W‘(,Z> ‘X ). If the classes are

equiprobable, the Bayes theorem can be used

. P (X |W§2)>
‘X) =—7 (8)
S p (xiw)
r=1 '
Here P(X \Wfl)) is the conditional probability (likelihood) of the rth class. For-

tunately, given the relationship of the HT-PNN and maximal likelihood [15], we get the
final estimation of the posterior probability:
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. —Uv - pW(X,X,

P(WV%‘X) _ ‘;XP( P (z))) . (9)
3 exp(~UV - pO(X, X,))
r=1

Our sequential recognition process is represented in Fig. 1. At first, the most rough
approximations of images with small number of blocks K(!) are analyzed. If in this case
it is possible to obtain a reliable solution with high posterior probability (9), the process
is terminated and c(v(l)) (5) becomes the resulted class. Otherwise the description of
the query object is detailed and the process is repeated until obtaining the reliable
solution ¢(v() at the Ith level.

The last open question here is the final processing if decisions at all L levels are
unreliable. In this case it is necessary to obtain the best solution from the set of
candidates {c(v(")},1 € {1,...,L}. The most evident way here is to perform fusion of
classifiers (1) for each level. The most complex fusion methods (bagging, boosting,
etc.) [16] require the large training set and cannot be used if C ~ R. Thus, in this paper
we propose to use conventional principle of maximum posterior probability [16] - the
final decision is taken in favor of class c(vm), where

Ir= argmaxf’(Wfé%‘X). (10)
le{1,...,.L}
Query image X
Level 1
Nearest neighbor Check if decision is unrelia-
classifier (5) [} ble (6), (9) >
I
v
v
y Level J
Nearest neighbor Check if decision is unrelia-
classifier (5) ble (6), (9) >

Classifier fusion (10)

Vo

Resulted class c¢(v)

Fig. 1. Proposed sequential hierarchical procedure of image recognition
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Thus, in the proposed method (5), (6), (9), (10) we implement an approach widely
used in hierarchical image recognition [6, 16], namely, the build of the pyramid of
features for various image resolution [8]. However, unlike the known similar
PHOG-based methods (4) with simultaneous comparison of the union of features for all
levels, we perform sequential analysis (compare with [14]) of detailed approximations
of the query object and move to the next pyramid level only if the solution at the current
level is not reliable (6). As a result, the performance of our approach should be much
better in comparison with conventional nearest neighbor rule with similarity measure
(4). The next section experimentally supports this claim.

4 Experimental Results

Our experimental study deals with the face recognition task. We combined 3 datasets,
namely, AT&T [23], Yale [24] and JAFFE [25], into one set to demonstrate the
flexibility of hierarchical recognition system (Fig. 1). AT&T dataset contains 400
images of 40 different people varied in pose. Yale database (165 photos of 15 persons)
is used to test recognition with various light conditions. JAFFE dataset contains 213
images of 10 Japanese female persons varied in facial expressions. In total, our dataset
consists of 778 photos of C = 65 persons. The faces were detected with the LBP
cascade classifier [26] from OpenCV library [27] which was proved to be one of the
best known face detection algorithms [28]. The median filter with window size (3 x 3)
was applied to remove noise in detected faces. The number of bins in the HOG N = 8.
Threshold py for posterior probability in the Chow’s rule (6) is equal to 0.85. The
neighborhood size in (1) is equal to A = 1 [19].

We compared the performance of the proposed sequential recognition with the
PHOG (4) and conventional HOG (number of levels L = 1). We use hierarchies with 2
and 3 levels. In the first case, K = 10 and K® = 20. In the second case, K() = 10,
K® =15 and K® = 20. Weights in (4) were found experimentally to obtain the
higher accuracy.

We evaluate the error rate (in %) and the average time (in ms) to recognize one test
image with a modern laptop (4 core i7, 6 Gb RAM) and Visual C++ 2013 compiler and
optimization by speed. We use multithreading to make brute-force search (1), (5) faster.
Each thread is implemented with Windows ThreadPool API and operates only on a subset
of the database. The whole training sample is divided into 8 distinct parts, i.e., we look for
the nearest neighbor (5) in 8 parallel threads. The recognition performance was estimated
by the following cross-validation procedure. At first, the number of photos per one person
n, = const is fixed. For each person, we randomly choose 7, photos and put them into the
model database {X, }. Other photos are put into the test set. Then we estimate the error rate
of test set recognition. This experiment is repeated 20 times. Finally, we estimate the
mean of the error rate and recognition time for all experiments. The error rate and average
recognition time for the HT-PNN (1)—(3) distance in dependence on the size of the
training set R are shown in Figs. 2 and 3, respectively. Here “10 x 10” bar stands for
the HOG with 10 x 10 grid (i.e., L=1, KU = 10), “20 x 20” bar represents the results of
the HOG with 20 x 20 grid (L = 1, K() = 20), “PHOG (10 x 10 + 20 x 20)” and “PHOG
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Fig. 2. Dependence of the error rate on the size of the training set R, HT-PNN (2), (3).
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Fig. 3. Dependence of the average recognition time (ms.) on the size of the training set R,
HT-PNN (2), (3).

(10 x 10 + 15 x 15 + 20 x 20)” stand for conventional PHOG (4) with L = 2 (grids
K" =10and K® = 20) and L = 3 (grids K" = 10, K@ = 15 and K©®) = 20) levels,
respectively. The results of proposed sequential analysis (Fig. 1) are represented by the
bars “Sequential PHOG (10 x 10 + 20 x 20)” and “Sequential PHOG (10 x 10 +
15 x 15 + 20 x 20)” for L = 2 and L = 3 hierarchical levels with the same grid size,
respectively.

Here one can notice that the accuracy of hierarchical approach is higher than the
accuracy of the state-of-the-art HOG. It is especially true for small size R of the training
sample. The difference in error rates of the PHOG (4) and our approach (Fig. 1) is not
statistically meaningful (Fig. 2). However, the average recognition time (Fig. 3) for the
proposed method is 1.5-3.5 times lower in comparison with conventional aggregation
(5) as in most cases (especially for large R) the reliable solution (6) was found at the
first level (K1) = 10).
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Fig. 4. Dependence of the error rate on the size of the training set R, Euclidean metric.
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Fig. 5. Dependence of the average recognition time (ms.) on the size of the training set R,
Euclidean metric.

In the second experiment we used conventional Euclidean distance to compare
HOGs in (1) instead of the HT-PNN (2), (3). Error rates and average recognition time
are shown in Figs. 4 and 5.

Based on these results, it is possible to draw the following conclusions. First, the
error rate of Euclidean distance is 1-3.5 % higher than the HT-PNN’s error rate. Second,
comparing Figs. 2 and 4, the losses in the accuracy of conventional non-hierarchical
approach (HOG [3]) in the experiment with Euclidean distance are much more
noticeable than for the HT-PNN. Third, as the Euclidean distance is much more simple
than the HT-PNN in computational sense, in some cases (with low R) the 1-ms gain in
performance of our approach over aggregation (4) is not practically noticeable. Finally,
though it is reasonable to use L = 3 levels for the HT-PNN with low values of the size
R of the training set (Fig. 2), there is no reason to prefer it to the simple case of L = 2
levels of the hierarchy for Euclidean metric.
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5 Conclusion and Future Work

It is well-known that the hierarchical approach allows increasing the accuracy of image
recognition (Figs. 2 and 4) [7, 8]. Unfortunately, the performance of such methods is
usually insufficient for many practical applications. Hence, engineers have to apply
more simple nonhierarchical methods. It seems that the improvement of performance of
hierarchical methods is one of the most crucial tasks in this field.

Thus, in this paper we introduced a hierarchical image recognition algorithm based
on statistical approach and the Chow’s rule (6) with the estimate of the posterior
probability (9) on the basis of the properties of the HT-PNN [15]. We significantly
decreased the average recognition time by using the sequential analysis of the images
with different level of granularity. At first, the roughest approximations are analyzed to
speed-up the recognition procedure. The images are analyzed in detailed way if the
current decision is not reliable (7). The proposed approach (Fig. 1) showed its effi-
ciency in the practically important face recognition problem. In some cases (Fig. 4) our
approach is even able to increase the recognition accuracy over the PHOG (4). Though
the posterior probability (9) is estimated based on the HT-PNN, this expression can be
used with other similarity measures. Really, expression (9) is very similar to the output
of widely used probabilistic neural network [20]. For instance, in our experiment we
have shown the possibility to combine our approach with the state-of-the-art Euclidean
metric. It is important to emphasize that the accuracy of proposed solution is even 0.4—
0.8 % higher in comparison with the PHOG.

The further research of our approach (Fig. 1) can be continued in the following
directions. First, it is an application of approximate nearest neighbor methods [11] to
speed-up recognition at each level of hierarchy. Another possible direction is the
application of our sequential hierarchical method in various tasks of classification of
complex objects, e.g., speech recognition.
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