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Abstract. In this paper we show a methodology for bodies classification
in lying state using HOG descriptor and pressures sensors positioned in
a matrix form (14 x 32 sensors) on the surface where bodies lie down. it
will be done in real time. Due to current technology a limited number
of sensors is used, wich results in low resolution data array, that will
be used as image of 14 x 32 pixels. Our work considers the problem
of human posture classification with few information (sensors), applying
digital process to expand the original data of the sensors and so get more
significant data for the classification, however, this is done with low-cost
algorithms to ensure the real-time execution.

1 Introduction

Monitoring of leaning people is often used in a variety of hospital process as geri-
atrics, rehabilitation, orthopedics and even used in psichology and sleep stud-
ies [10]. Although patients monitoring is usually doctors and nurses activity, this
can be automated to have better control of the patients in any time [4] doing
human intervention only to rate different positions for which patient has passed,
the time spent in each posture and incurred transitions. This automatization
process is not new, as there are many attemps to recognize the position of a
body in a given surface [4,14,8,1,19], most of the systems for posture recognition
are based on the detection of the posture of patients on the bed, using presence
sensors, digital cameras, thermal cameras or mattress pressure sensors [9,4,16].
Digital and thermal cameras achieve high resolution. However, they are affected
by environment illumination, temperature conditions and occlusions. Mattress
pressure sensors are invariant to illumination and temperature conditions, all the
same these sensors have a limited resolution and accuracy. Commercial pressure
sensors are available with resolutions from 4 to 1024 sensor units, higher resolu-
tion are prohibitively expensive for many applications. Recent developments in
the fabrication of low cost pressure matrix sensors are base in organic devices.
In [17] a flexible 32× 32 array of pressure sensors have been developed for skin
sensitivity with a density of 10 units per inch, it is based on organic field-effect
transistors. However, it is limited to small areas and are mostly used in applica-
tions such as tactile displays and mobile devices. In [13] pressure sensors based
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on organic thin film transistors was developed and applied to wearable electron-
ics, textiles and skin for robots. On the other hand, proposed pressure sensors
using resistive devices have been tested at highly sensitivity and very short re-
sponse times that can be inexpensively fabricated over large areas [12,15]. Thus,
given the high cost in the fabrication of array pressure sensors, is neccesary a
methodology that use the few data to solve the classification issue.

We choose four basic positions according to the famous study by professor
Chris Idzikowski [10], who classified the most common sleeping positions in six
classes, that is, foetus, log, yearner, soldier, freefaller and starfish. These positions
can be grouped in four basic classes: left lateral decubitus position or foetus, right
lateral decubitus position of which the log and yearner positions belong to this
class, supine position of which the soldier and starfish belong to this class, and
prone position or freefaller.

We use a flexible array pressure sensor with 448 units distributed in an area
of 1860× 886 mm. The pressure sensors are based on variable resistive sensors
at 4096 pressure levels and normal resistance from 1 to 50 kiloOhm [18]. We
construct a database with pression levels (scaled to 0-255 range) transformed
by a normalization process and apply it the HOG algorithm [7], the database
contain samples of four postures showed in Figure 1. With this database, we
can construct a classification model using a support vector machine (SVM)
classifier [3].

The organization of this article is as follows: in section 2 the HOG is intro-
duced, in section 3 we describe the digital image processing for normalize and get
an invariant image, in section 4 SVM classifier is given, in section 5 experiments
for posture classification are shown and in section 6 the conclusions.

Table 1. Simulated basic posture positions

a) Left lateral decubitus (class 1) b) Right lateral decubitus (class 2)

c) Supine (class 3) d) Prone (class 4)
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2 Image Descriptors

A descriptor is a representation of an image, it characterizes the most important
features of interest. Descriptors are used in many applications such as image
classification and recognition. For these tasks, the desired properties of an image
descriptor are the invariance with respect to rotation, scaling, perspective and
illumination,several descriptors exist as SIFT [11], SURF [2], DENSE-SIFT [20]
and others, but given the features of our image (low quality and gray scale) and
manly due their low computational cost, we decide to use the HOG descriptor,
in experiments, HOG showed superior results at runtime compared to SIFT,
Dense-SIFT and SURFT; commonly used in posture recognition works [6].

2.1 HOG Descriptor

HOG (Histogram of Oriented Gradients) descriptor is used in computer vision
and image processing for object detection. This descriptor is based on the number
of occurrences of the gradient directions in specific parts in an image. The main
idea behind the HOG descriptor is that the local shape and appearance can
be described as the distribution of gradient intensities. Based on that fact, an
image is divided in several overlapping blocks, and for each block a histogram of
gradient directions is computed. Thus, the HOG descriptor is the composition
of all histograms for each block.

Figure 1 shows an example of a simulated pressure image and its gradient
directions. The size of the HOG descriptor depends on the size of the blocks and
on the number of bins in which the interval from 0 to 180 degrees is divided.

We use the HOG descriptor to characterize each pressure image. Therefore,
for each pressure map, a vector of gradient directions is constructed. We consider
that the histogram of gradient directions can be used for image classification,

Fig. 1. From left to right: simulated pressure map and image gradient directions
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since that small changes in the pressure images are easily detected as changes in
gradient directions.

3 Methodology for Posture Recognition

The proposed methodology takes the raw data of sensors and trasform it into
HOG image, this representation as HOG image will be used as input in one SVM
classificator, the final output is the classificator prediction about the position.
Our system receives as input one array of 448 elements, with pression levels (0-
4096 units of pression), each of wich represents one sensor in the surface where
a person is lying down, these sensors are distributed in 32 rows and 14 columns.
Figure 2 shows the main blocks of the proposed methodology for posture recog-
nition. In the initial stage, the pressure distribution is obtained from the pressure
sensor array, data obtained of the sensors is in range of 0 to 4096 levels of pres-
sion, where 0 is the maximun pression possible and 4096 is null pression. Then,
in the second block we transform raw data taking three considerations, first, the
pression applied by human body (considering weight between 40 to 150 Kg) is
between 2500 to 4096 in the scale of pressures (see Figure 3), then we can cut
the range only to human body requeriments and gain definition. Second consid-
eration is an array scalation from 2500-4096 scale to 0-255 scale for process the
array as gray scale image in the next block. The final consideration of the sec-
ond block is applying a scale algorithm for images to obtain interpolated image
of raw prresure data. In third stages, we use a feature extraction using HOG
descriptor and applying it to the pressure distributions that are considered as
gray scale images. In the stage delimited with broken line, we make the SVM
model, the first three stages are repited several times with one human body in

Fig. 2. Main blocks of methoology for posture recognition



Real-Time Classification of Lying Bodies by HOG Descriptors 215

Fig. 3. Pression levels obtained of one person

different positions (We consider the positions described in Table I), and we make
a data base with this, after we use this data base for make a SVM model, how we
know the position in the wich was taken each measurement, we have a pression
interpoled and classified data base, then we can construct a SVM model that
predict the four positions of the Table I. When SVM model is ready, we can use
it in order to monitor person movements, the fourth stage implies to take this
SVM model and to use it as input the first three stages output, then the fifth
stages have an accuratte prediction.

4 Classification

4.1 Support Vector Machines

Classification is a supervised learning technique which uses models (classifiers)
from data to predict the category of previously unseen instances. Given a data
set, it is split into training and testing subsets to develop a classifier. Each
instance in the training set contains one target value (i.e., the class attribute
or the label of the instance) and one or more attributes (i.e., the features or
observed variables).

As a preprocessing step, data sets are cleaned and normalized. Cleaning usu-
ally involves deciding what to do with unknown values or with repeated in-
stances. Normalization makes all values of attributes to be within a specific
range, generally [−1, 1] or [0, 1].

Support Vector Machine (SVM) is one powerful classification method [5,3]
that has been successfully applied in many applications. This classifier uses an
optimal separating hyperplane to predict the label of instances. In order to com-
pute the hyperplane, SVM require to solve the following optimization problem:
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min
w,b,ξ

1

2
wTw+ C

l∑

i=1

ξi (1)

subject to yi(w
Tφ(xi) + b) ≥ 1− ξi,

ξi ≥ 0.

where xi ∈ R
n is an instance of data set (xi, yi) with i = 1, . . . , l.

yi ∈ {1,−1} is the label of instance xi.
C > 0 is a penalty parameter to allow some misclassification.
For non-linearly separable data sets, instances xi are mapped from in-

put space into a higher dimensional space by using a function φ, called the
kernel. Two common kernel functions are linear, which is a function of the
form K(xi,xj) = xT

i xj ; and radial basis function (RBF), which has the form
K(xi,xj) = exp(−γ‖xi−xj‖2) with γ > 0. Kernels are usually non-linear func-
tions, these must satisfy the Mercer’s conditions.

Choosing the kernel is a key step when using an SVM. Linear kernels are
preferred when the data are expected to be linearly separable, or when there
is a strong evidence that the data can be easily discerned of their correspond-
ing classes. Otherwise, a non-linear kernel, such as RBF function, is selected.
Kernel’s parameters are chosen using a grid search method. It consists in an
exhaustive searching through a specified interval of values.

4.2 Cross-Validation

In order to evaluate the performance of a classifier, the cross-validation technique
is commonly used. A classifier is build from training set, and then its accuracy
is measured on testing set. The classification accuracy obtained from the testing
set reflects the performance on unseen instances.

In v-fold cross-validation, the training set is divided into v subsets of equal size.
Sequentially, one subset is tested using the classifier trained on the remaining
v − 1 subsets. Thus, each instance of the whole training set is predicted once
so the cross-validation accuracy is the percentage of data which are correctly
classified.

5 Experiments

5.1 Pressure Maps Database

The pressure sensors array consists of two independently modules with a reso-
lution of 16× 14 units in an area of 930× 886 mm. Each pressure sensor has a
response between 0 to 25 kg/cm

2
. We develop an interface to synchronize the

two modules at a frequency of 100 measurements per second.
We construct four different pressure map data set for classification: Each data

set consists of four classes, for every posture position (see table 1). For each class
we generated 501 instances. We choose this number of instances according to
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study in [21]. Each data set has a number of 2004 instances and each data set
in stored as individual data base, only after of apply the methodology described
in section 3.

The data sets are described as follows:

1. Data set interpolated to 640 x 640:
2. Data set interpolated to 320 x 320:
3. Data set interpolated to 100 x 100:
4. Data set in raw format (32 x 14):

Figure 4 shows some examples of interpolated pressure maps. We normalize
the range of values of each attribute vector, this was done in order to improve
the performance of the classifier (see section 4). As we see in figure 4 the pressure
maps obtained are more intuitive than the showed in figure 3.
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Fig. 4. Interpolated pressure maps corresponding to the four basic posture positions
(see table 1) before of apply the proposed methodology

5.2 Posture Classification Using Pressure Maps

We use the LibLINEAR and LibSVM toolbox to perform the posture classifica-
tion. The table 2 shows the results of the classification using the three databases
with the proposed methodology. The classification results was obtained using
10-fold cross-validation. As can be seen the SVM with a linear kernel obtains
good results using the raw and interpolated data. Using image descriptors, how-
ever, has a better performance with a RBF kernel. The advantage of using image
descriptors is that the time to construct the model of the classifier is slower than
using raw and interpolated data.
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Table 2. Percentage of correctly classified instances

Linear-SVM RBF-SVM

640× 640 51.05 % 54.10 %
320× 320 96.21 % 98.57 %
100× 100 98.54 % 99.01 %
32× 14 84.32 % 85.89 %

We need not only the percentage of correctly clssified instances, for a real-
time process we need to verify the computing time, logically the data sets with
many elements will take longer time, but we need to found the balance between
assetiveness and runtime. Table 3 shows the time that take each dataset for
be processed by cross-validation in one computer with processor Intel pentium
T4500 (2.3GHz).

Table 3. Percentage of correctly classified instances

Time (seconds)

640× 640 5412
320× 320 977
100× 100 72
32× 14 17

Results in Table 3 are obtained of cross-validation algorithm that process
35,000 sensor arrays inputs, then in the table 4 we can show the number of
sensor arrays what can be processed per second.

Table 4. Percentage of correctly classified instances

Arrays per second

640× 640 6
320× 320 34
100× 100 486
32× 14 2058

Taking th results of tables 3 and 4, we can see that the better performance is
obtained by 100× 100 interpoled data set, that has 99.01% of assertiveness and
can process 486 data arrays per second (although the hardware only give 100
per second).

6 Conclusions

This work presents a complete methodology which is useful to classificate the
human bodies lying for real-time execution, the percentage of assertiveness is
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high, 99.01%, this ensuring correct monitoring in the majority of cases, also in
the section of experiments, we show the correct size of interpolated arrays to get
the best results, so that the system is able to process the 100 arrays per second
that hardware is able to deliver.
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