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Abstract

Counting (identical) objects in images is a simple yet
fundamental recognition task that requires exhaustive hu-
man effort. Automation of this task would reduce the hu-
man load significantly. In this paper, we propose a sta-
tistical method to automatically count objects in an image
sequence by using Higher-order Local Auto-Correlation
(HLAC) based image features and Multiple Regression
Analysis (MRA). This method is based on a simple com-
putation, which enables fast and automatic object counting
in real time. We propose several methods that have differ-
ent preprocessing and image features and conduct compar-
ative experiments of counting objects (ducks in this paper)
in images captured by outdoor monitoring cameras. The
experimental results demonstrated the effectiveness of the
proposed methods.

1. Introduction

Counting objects in images is necessary in various ap-
plications, such as counting people on roads or birds in the
sky. It is a fundamental procedure for understanding a scene
in which many objects exist. Although object counting is a
simple task, exhaustive human efforts are required. In order
to reduce the human loads associated with object counting,
automation of the counting procedure using computer vi-
sion methods is desired.

The researches which are related to the task of counting
objects have been based mainly on the detection of target
objects [2, 11, 8]. In the object detection, detectors are con-
structed based on the model of predefined target patterns [8]
or obtained by statistical learning [2, 11]. The detector gen-
erally consists of feature extraction from a small image re-
gion (called the detection window), e.g., HOG [2], and the

classifier of the extracted features, e.g., SVM [10]. By slid-
ing the detection window over the entire image, the detector
responds at the positions where the target objects would be
located, and the number of existing objects is then counted.
Due to the exhaustive search over the entire image, the de-
tection process is usually time-consuming. Moreover, for
training the classifier in the detector, these methods require
clipped images of the target objects including possible vari-
abilities in terms of their appearances. Practically speaking,
it is difficult to collect a large number of these images.

On the other hand, by using effective image features
extracted from the entire image, even a simple statisti-
cal approach gives sufficiently favorable results. Otsu and
Kurita [6] proposed Higher-order Local Auto-Correlation
(HLAC) image features and applied them to the task of
counting objects. Here, the number of objects in the im-
age is estimated by means of multiple regression analy-
sis (MRA), which is applied to HLAC feature vectors ex-
tracted from the given image. Unlike the object detection
method described above, this method requires only pairs of
an image and the correct number of objects in the image.
Recently, Cubic Higher-order Auto-Correlation [3, 4] has
been proposed for motion images and has been applied to
the counting of moving objects in the motion images [3, 9].
These methods, however, have been applied only to con-
trolled scenes, not to natural scenes.

In this paper, we propose a statistical method for count-
ing identical objects in an image (sequence) by using an
effective image feature extraction method based on HLAC
and a statistical method by MRA, in a manner similar to [6].
Since the proposed method requires neither detection of ob-
ject positions nor extraction of object figures, little compu-
tational time is required for automatic counting. We deal
with natural color images captured by outdoor monitoring
cameras, unlike in [6]. By taking into account the property
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Figure 1. Overview of the proposed scheme.
choices (denoted by the items below the box).

of time sequencing in the image sequence, a regularization
can be incorporated into the MRA. We propose several sta-
tistical methods that utilize different preprocessing and fea-
ture extraction in the configuration of the methods. In a
comparative experiment involving the counting of ducks in
natural color images, the proposed methods yield favorable
results.

2. Proposed Method

An overview of the proposed scheme is shown in Fig. 1.
The proposed scheme consists primarily of three steps: pre-
processing, feature extraction, and linear regression, the co-
efficients of which are obtained by multivariate analysis.
Each step is described in detail in the following sections.

2.1. Preprocessing

Image sequences captured by monitoring cameras gener-
ally contain a static background. In this case, the method of
background subtraction (BS) performs well and can elimi-
nate the cluttered background. After such processing, the
target objects are roughly cut out' and the image features
of target objects can be effectively extracted, excluding the
features of background. As preprocessing, we apply the fol-
lowing two types of the background subtraction method.
One type is simple subtraction, in which the background
image is estimated by calculating a median image from an
image sequence at each pixel (Fig. 2(b)) and then is sub-
tracted from each image. The pixels in the resulting im-
age are the sum of the absolute difference values of RGB
color channels, which form the gray-scale image, as shown
in Fig. 2(c). We call this processing Scalar Background
Subtraction (Scalar BS). The other type is a method sim-
ilar to [7], which utilizes Graph Cuts [1] for definitely cut-
ting out objects. The (foreground) object and backgrounds
are represented by pixel values of 1 and 0, respectively, and
the resulting image is binary (Fig. 2(d)). We call this Bi-
nary Background Subtraction (Binary BS).

Ordinary methods of object detection use these prepro-
cessings. The proposed method based on HLAC-based im-
age features and MRA, however, does not necessarily re-
quire these preprocessings, as described later, although, for
the sake of comparison, they are applied in this paper.

'In the case that the preprocessing is applied, we assume that the target
objects are moving, e.g., animals.

Each processing (denoted by boxes) has several

(c) Scalar BS

(d) Binary BS

Figure 2. Background subtraction

2.2. Feature Extraction

We employ the feature extraction methods based on
Higher-order Local Auto-Correlation (HLAC) [6].

The N-th order HLAC is calculated by following auto-
correlations:

Ry(ai, - ,an) :ZI(T)I(T+01)'-~I(T+GN), (D)

where I is the gray-scale image, » = (x,y)’ (the dash de-
notes the transpose) is a position vector, and a; are the
displacement vectors. Since Eq.(1) takes so many forms
by varying the parameter values a and NN, these param-
eter values are restricted to vary as follows: a;,,a;, €
{£Ar,0} and N € {0,1,2}. The displacement intervals
(Ar) are the same in both the horizontal and vertical direc-
tions due to the isotropy of the image. The configuration
(r,7+ai, - ,7+ ay) is reduced to 35 (local mask) pat-
terns, as shown in Fig. 3, by eliminating duplicates that arise
from shifts. Thus, the HLAC feature for the gray-scale im-
age is a 35-dimensional vector, called Scalar HLAC. In the
case of binary images (I(r) € {0, 1}), the mask patterns are
further reduced to 25 mask patterns (No.1~25 in Fig. 3).
This is because, by considering I(r) = I(r)? = I(r)3,
the mask patterns No.26~35 become equivalent to any of
the other patterns. The HLAC feature for the binary image
is a 25-dimensional vector, called Binary HLAC. Binary



HLAC extracts morphological characteristics in the image
and has a linear relationship with the Euler number, as de-
scribed in [6].

For color images, the Scalar HLAC extends to Color
HLAC [5]. Let the RGB color image be I =(Ig, I, I5),
in a manner similar to Eq.(1), the N-th order Color HLAC
is calculated as follows:
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where ¢; are color indices (¢; € {R, G, B}) of I. The pa-
rameter values are also restricted in the same manner as
HLAC: the configurations of the displacement vectors are
described by the 35 mask patterns shown in Fig. 3. The
difference from Scalar HLAC is that color vectors I () are
dealt with and all combinations of color indices (compo-
nents) are taken in the auto-correlations of Eq.(2). The di-
mensionality of Color HLAC is 739, which is much higher
than that of HLAC. Color HLAC has been successfully ap-
plied to an image retrieval task using human impression [5].

The HLAC-based features described above have the fol-
lowing desirable properties:

Shift-invariance to data: This is because the features are
based on integral (summation). It is noteworthy that the
shift-invariance renders the method segmentation-free.

Additivity for data: Suppose that regions A and B are dis-
joint (AN B = ¢) in an image. Then, the feature vector
from the entire image is given as

Rynote = Z g(r) = Zg("‘) + ZQ("‘) = Ra+ Rp,

re(AUB) rcA rcB

where g(r) = I(r)I(r + a1)---I(r + ay). This holds
because auto-correlations are almost limited to each region
(A or B) due to their locality. This property also makes it
possible to simultaneously identify multiple objects [3].

These properties are well-suited to subsequent linear
methods, and, in particular, are desirable for the task of
counting object by eliminating the need for detecting and
extracting objects from cluttered backgrounds.

2.3. Multivariate Analysis

In the training phase, the pairs of the feature vectors x;
and the correct numbers of target objects (teacher signals)
¢; for the i-th image are given. We apply Multiple Regres-
sion Analysis (MRA), which determines the optimal linear
coefficients a, to estimate ¢ from =: ¢ ~ a’x + b = a’'z,
where b is constant, @ = [a’,b)', & = [z',1]’. a is obtained
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Figure 3. Mask patterns. The numbers in the
cells indicate duplicated positions for auto-
correlations.

by minimizing the following regression error:
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where X = [Z1, - ,&N],c = [c1, - ,cen]. Given the
image feature x extracted from the test image, the number
of objects in the image can be estimated by ¢ = a’x + b.

In this study, we deal with successive images captured
by monitoring cameras. For these images, which have the
property of time sequencing, the estimation results for suc-
cessive frames should be smooth along the time axis. The
MRA incorporating this constraint can be defined as fol-
lows:
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where )\ is the balancing parameter. We call this the Regu-
larized MRA (R-MRA). The second term in Eq.(4) plays
the role of a penalty for drastic changes of the estimated
numbers and possibly smoothes (or stabilizes) the results.
It is also expected that regularization enhances the general-
ization performance by avoiding overfitting of the model.
Due to the property of additivity in HLAC, the MRA can
be applied to the estimation of the number of objects with-
out even the preprocessing of the background subtraction.



Table 1. Configurations of the proposed
methods

Preprocessing Feature Analysis
Col MRA None Color HLAC MRA
Col R-MRA None Color HLAC | R-MRA
Sca MRA Scalar BS Scalar HLAC MRA
Sca R-MRA Scalar BS Scalar HLAC | R-MRA
Bin MRA Binary BS Binary HLAC MRA
Bin R-MRA Binary BS Binary HLAC | R-MRA

Table 2. Mean Error in each sequence

Method Seql | Seq2 | Seq3 | Seq4 | Seq5

Total

Col MRA | 349 | 453 | 469 | 2.73 | 401 | 3.89

Col R-MRA | 346 | 453 | 479 | 2.65 | 3.97 | 3.88

Sca MRA | 554 | 525 | 575 | 648 | 936 | 648

ScaR-MRA | 526 | 548 | 570 | 6.59 | 9.16 | 6.44

Bin MRA | 286 | 547 | 6.36 | 7.85 | 599 | 5.70

Bin R-MRA | 2.17 | 3.59 | 6.71 | 843 | 594 | 5.37

In the case that the objects are cut out by the preprocessing,
the constant term b derived from the constant background is
not required in MRA, i.e., b = 0.

2.4. Configuration of the Proposed Meth-
ods

In each step described in Fig. 1, we have several choices,
as described above. The configurations of the six proposed
methods are shown in Table 1. These methods have dif-
ferent preprocessing and feature extraction methods for the
two types of MRA. Col MRA is similar to [6], which ex-
tends from HLAC to Color HLAC. Bin MRA also utilizes
the method of [6] by binarizing the input color images.
While Sca MRA and Bin MRA utilize BS methods, Col
MRA does not include BS and is purely segmentation-free.

3. Experimental Result

We apply the proposed methods to the task of count-
ing ducks (identical objects) outdoors (Fig. 4). The images
were successively captured (at approximately 0.5 fps) by
cameras monitoring rice paddies, and five image sequences
were obtained. The number of ducks is counted (estimated)
at each frame. For evaluating the performances of the pro-
posed methods, a leave-one-out scheme is applied to these
sequences. The linear coefficients are obtained by MRA
applied to four sequences and the methods are tested on the
remaining sequence, and the mean error (of the number of
ducks) is then calculated.

Figure 4. Example images

The results are shown in Table 2. The average number
of ducks is 17.5. In all of the methods, the regularization
in R-MRA slightly improves the performance of MRA by
stabilizing the results of the estimation.

The method combining Scalar Background Subtraction
and Scalar HLAC was the least effective. In this method,
the objects are roughly cut out, but the resulting pixel values
within object regions in the processed images are affected
by background pixel values due to simple subtraction. This
results in large variabilities of features of objects (ducks),
and the linear regression cannot capture these large varia-
tions.

The method of Binary Background Subtraction and Bi-
nary HLAC avoid this problem by definitely extracting ob-
jects and constructing binary images (Fig. 2(d)). This yields
favorable results on several sequences, such as Seq 1 and
Seq 2, as shown in Table 2. However, this sophisticated
preprocessing has significant effects on the results. If the
objects were missed by this preprocessing, they could not
be recovered in subsequent processes. Thus, this method
does not work well for images in which background sub-
traction fails to cut out objects (e.g., Seq 4) and the Binary
HLAC can no longer extract efficient features of objects.
Moreover, BS methods extract noises derived from, e.g.,
swinging grasses, etc.

The method of Color HLAC yielded favorable results for
all sequences and appears to be the most effective method,
despite being quite simple in that it does not require prepro-
cessing. The properties of additivity and shift-invariance
in (Color) HLAC features are suited to linear regression
of MRA such that there is no need for preprocessing such
as object detection or even background subtraction, which
would affect the results. The reason for this is as follows.
Let the feature vectors of the object, constant background,
and the other variations be f, b, n;, and let the number of
the objects be ¢; for the i-th image. Due to the additivity of
HLAC features, the feature vector x; extracted from the (-
th) whole image can be decomposed as x; = ¢; f + n; + b.
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Figure 5. Estimated number of objects on the image sequences of Seq3 (a) and Seq4 (b).

Suppose that the vector a is orthogonal to all the variations
n;, i.e., @ L m; Vi. The counting number ¢; can be re-
trieved by ¢; = a/%‘f_b) = a/(x; — b), which is the same
formulation as the linear regression model in (3). Even if we
do not know the actual object features f, the vectors a, b
can be statistically obtained by MRA from many sample
pairs of the features x; and the correct numbers ¢;. Thus,
the linear models of MRA together with the additivity prop-
erty of Color HLAC features is quite effective in terms of
not only the accuracy of the estimation, but also computa-
tional cost.

Finally, we present examples of the estimated numbers
on several image sequences in Fig. 5. As shown in Fig. 5(b),
the methods of Sca R-MRA and Bin R-MRA utilizing BS
preprocessing failed, and the estimation results were far
from the ground truth.

4. Conclusion

We have proposed statistical methods for counting ob-
jects in image sequences. The methods comprise HLAC-
based image features and Multiple Regression Analysis
(MRA). The properties of additivity and shift-invariance in
HLAC are well suited to the linear model of MRA, and thus
do not require complicated processings, such as the detec-
tion of objects and their locations or the extraction of object
figures. By taking into account the continuity of time se-
quencing, we also propose Regularized MRA. In the com-
parative experiments of counting ducks in the images cap-
tured by outdoor monitoring cameras, the results demon-

strated the effectiveness of the proposed methods. In partic-
ular, the method combining Color HLAC and Regularized
MRA yielded the most favorable results. Unlike the conven-
tional methods, the method are completely segmentation-
free.

In this paper, we assume that the target objects are iden-
tical throughout image sequences. The proposed methods,
however, can naturally deal with several kinds of objects to
be counted by converting the (scalar) number c to the vector
c consisting of the numbers of each kind of object.
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