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Abstract

Sleep mode detection is a significant power management and green computing feature.
However, it is difficult for televisions and smart TVs to detect deactivation events because we
can use these devices without the assistance of an input device. In this paper, we propose a
robust method for smart TVs to detect deactivation events based on a visual combination of
face and motion detection. The results of experiments conducted indicate that the proposed
method significantly reduces incorrect face detection and human absence by means of motion
detection. The results also show that the proposed method is robust and effective for smart
TVs to reduce power consumption.

Keywords: Sleep mode detection, smart TV, face detection, motion detection, green
computing

http://doi.org/10.3837/1iis.2018.07.018 ISSN : 1976-7277



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 12, NO. 7, July 2018 3323

1. Introduction

For a long time, the primary methods for electricity generation have been fossil fuels, nuclear

energy, and renewable power. Among these, fossil fuels such as coal and gas are the
predominant means for electricity generation.

Most scientists agree that emissions of pollutants and greenhouse gases from fossil
fuel-based electricity generation account for a significant portion of the world’s greenhouse
gas emissions.

For this reason, green computing has received much attention in various research fields
during recent years. Green computing technologies utilize human-centric and eco-friendly
techniques. In the drive to advance green computing technology, many researchers focus on
effective, energy-saving usage of electronic appliances. Reduction of energy consumption is
accomplished by lowering electric power usage, or by utilizing effective software algorithms
to eliminate unnecessary consumption.

Sleep mode detection is one of several green computing technologies for electronic devices
such as personal computers, smartphones, and smart TVs. With personal computers and
smartphones, it is easy to detect deactivation events because these devices allow input from
peripherals such as keyboards, mice, and touchscreens. However, with respect to televisions
and smart TVs, it is difficult to detect a deactivation event because the user can interact with
these devices without the assistance of an input device.

In this paper, we propose a robust method for smart TVs to detect deactivation events based
on a visual combination of face and motion detection. The human face is the key feature when
detecting a deactivation event. However, current face detection technologies are not intended
for commercial products due to shortcomings in the detection rate and number of false alarms
when used in such applications. To tackle this problem, we adopt skin color filtering and
background verification schemes. Additionally, we use motion detection to enhance the ability
to find humans missed through face detection.

We organized the remainder of this paper as follows: Section 2 describes the background of
our research and Section 3 describes the algorithm used in our proposed technigue, as well as
aspects of the system design. Sections 4 and Section 5 present the details of color-filtering
based face detection and motion detection. Section 6 discusses the experiments conducted to
ascertain the effectiveness of our algorithms. Section 7 concludes this paper.

2. Background

Since 1980, the primary methods for generation of electricity have been fossil fuels, nuclear
energy, and renewable power, as shown in Fig. 1. Among these, power generation using fossil
fuels is the predominant means by which energy is obtained. Coal and gas are the primary
types of fossil fuels used for the generation of electricity. Most scientists agree that emissions
of pollutants and greenhouse gases from fossil fuel-based electricity generation account for a
significant portion of the world’s greenhouse gas emissions.

As a result, green computing has received much attention in various research fields during
recent years. Green computing technology, also referred to as low power technology, utilizes
human-centric and eco-friendly techniques. In the drive to advance green computing
technology, many researchers focus on effective, energy-saving usage of electronic appliances.
Reduction of energy consumption is accomplished by lowering electric power usage, or by
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utilizing effective software algorithms to eliminate unnecessary consumption. Efforts to
reduce energy consumption in smart TVs, spotlighted as the next generation of televisions, is
closely linked to face detection algorithms. The goal of these algorithms is to ascertain the
intention of the television users [1-3]. However, this technique has disadvantages related to the
effectiveness of the algorithms used. First, the technique requires real-time face detection for
continuous verification of a human presence. Additionally, this technique suffers from false
alarms that prevent the smart TVs from reacting appropriately to deactivation events. To solve
these problems, this paper proposes an effective method for detection of deactivation events.
In our proposed technique, face detection is not required in every frame. As a result, relatively
few frames are required for image analysis. Furthermore, when there are false alarms, it can
remove incorrect information by comparing previously stored background images. In addition,
motion detection in front of the smart TV complements the face detection system. If motion is
detected in front of the smart TV, no deactivation event occurs.
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Fig. 1. Annual electricity net generation in the world (from EIA)

3. Overview

In this section, we describe the procedure followed by our proposed method. We present the
complete deactivation detection procedure in Fig. 2. We check the deactivation event n times
during waiting time w. The sampling number n is a design parameter that determines the
power consumption level and the deactivation detection accuracy. At every detection step, the
proposed method analyzes the image acquired at time ¢ for face detection, and analyzes image
sequences from t — & to t 4+ & for motion detection. If either face or motion is detected, the
deactivation timer (DT) is initialized to zero. If neither a face nor motion is detected, the DT is
increased by w/n. Once the timer becomes larger than w, a deactivation event is triggered and
the system goes into sleep mode.

To reduce the number of false alarms and the computation cost, we adopt skin color filtering
and background verification schemes as proposed in [4]. Efficient filtering is accomplished by
means of sparse region scanning based on the facial color density in a given region. To handle
color variations from the user, we enhance the facial color model by adding faces in difficult
lighting conditions to the training dataset. Although we reduce false detections by using facial
color filtering, false face detection still occurs in real environments. Therefore, we adopt
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background verification, in which detected faces are further verified through comparisons
with the same region in the background image; this leads to more robust face detection.

I Iis ~Liss
Fac.lal Color MHI
Filtering
Adaboost Noise
Face Detector | : : Reduction
Background
Verification | .

DIr=0 DT += w/n

Fig. 2. Overall procedure followed by our proposed algorithm

To detect motion from image sequences, we adopt the representation of the motion history
image (MHI) with the image set comprisingt — 8 to t + 8. The MHI collapses an image
sequence into a 2D image that captures spatial and temporal information pertaining to motion
[5]. The MHI is known for its fast processing speed and its ability to represent short-duration
motion. To reduce noise arising from a vision sensor or an illumination condition, we perform
a morphology operation [6]. Next, we utilize connected component labeling (CCL) to find
motion blobs that exceed a certain size.

4. Color-Filtering Based Face Detection

In this section, we review color-filtering based face detection [4]. To enhance the conventional
face detector, we adopt a color-filtering based region scanning approach with a face/non-face
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classifier. We base the classifier on facial color density at the face detection preprocessor. To
use facial color density, we obtain a facial color filtered image and its integral image [7] to
quickly obtain the density of the sub-window. We obtain a facial color filtered image using a
facial color membership function that can reflect facial colors under various illumination
environments:

maxlieface(pi(comr))

M(color) = Ceolor)

, M)

where p(color) is the color probability distribution of all images, and p; (color) refers to the
color probability distribution of an image /;. If we use the traditional facial color likelihood
model obtained from a Bayesian rule, some exceptional face colors taken in difficult lighting
conditions will have a relatively low likelihood of matching. This condition manifests because
these colors occur sparsely in the sample space. By taking the maximum value of the merged
color probability distributions of facial images, rare facial colors in the sample space may have
a high likelihood of matching. Thus, by inserting some sample face images containing difficult
lighting conditions, we can easily include that color into the space of the facial color. To obtain
M (color), all facial and non-facial images are represented in the HSV color coordinate and a
histogram over hue. Saturation is calculated to obtain p(color) and p;(color). M(color) is
stored in a lookup table indexed by hue and saturation, and is convolved with a 2D Gaussian
function for generalization. Using M (color), the facial color membership value of each pixel
can be obtained.

Using this membership information, we obtain a facial color filter image, whose pixel value
is 1 when its color belongs to a facial color. To calculate facial color information efficiently,
we adopt the integral image to this facial color filtered image. Using this facial color integral
image, we can calculate the facial color density of a region with a relatively light
computational load. From this density information, we determine the scan interval, which
denotes the position of the next face candidate sub-window:

. { if density(r) =1 »
Sth = (1 — density(r)/®) if density(r) <1’ 2)

where sij, is the horizontal scan interval, y is the minimum scan interval, T is the width of the
rectangular region r, and @ is the minimum facial color density. We determine the color
density value as 0.55 through experimentation. The proposed detector skips regions that have
a lower density than the lower bound of the facial color density by changing the scan interval.
We can apply a similar method to the vertical direction. By passing the scan interval, the
detector can avoid assessing non-candidate regions. We then adopt a face/non-face classifier
using facial color density that quickly rejects non-faces with a high rejection rate at the initial
stage of the AdaBoost face detector. If the region density is lower than a certain threshold, we
reject that region. The proposed method reduces the overall face detection computation time
and eliminates false alarms.

Although we reduce false alarms, false detection of faces still occurs in real environments.
To avoid deactivation of the TV when a false detection occurs, we adopt background
verification, in which all detected regions are further verified by means of comparison with the
same region in the background image. We verify the last background image against other
periodically archived background images taken during sleep mode or when the power is off.
To judge that the region is a real face or background we adopt face verification protocol.
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The most common process of face verification includes face representation as a main step.
Each face image is represented as a vector format; a similarity score is then computed between
vectors to make a decision. To represent a face image in vector format, the intensity magnitude
of each pixel is not directly used because its value is very sensitive to environment changes,
such as illumination, shadowing, and noise. Instead, the value is encoded into the other one by
considering the relations between each pixel and its neighboring pixels. As encoding method,
local binary patterns (LBP) [8], which encode micro-structures of images as invariant to
monotonic photometric changes have been often used. The encoded images are then divided
into a grid of patches to preserve certain spatial information between grids. A histogram vector
is then computed on each patch, and all histogram vectors are concatenated into a
high-dimensional vector to form the representation of the whole face image. Because the face
images are represented in a single vector format, it is intuitive and efficient to compare two
face images (e.qg., face verification) or train classifiers such as support vector machines (e.g.,
face identification). However, the current histogram vector completely ignores the importance
of each code in the face image because the histogram vector is computed by only counting
each of the codes in the corresponding bin of the histogram. This degrades the discriminative
power of the final representation. To address this problem, we applied the inverse document
frequency (idf) weighting scheme to the face representation. In information retrieval and text
mining, idf is used as a weighting factor to reflect a word’s degree of importance to the corpus.
It measures how much information the word provides, which helps to control for the fact that
some words are generally more common than others. Idf weighting is typically used with term
frequency (tf), which reflects the raw frequency of a term in a document, or so-called tf—idf
weighting. With tf-idf weighting, documents are compared with consideration of both the
frequency and importance of each word. The tf—idf weighting scheme is often used by search
engines and has been recently proven effective in computer vision tasks, such as image
retrieval [9].

A simplified outline of our method is illustrated in Fig. 3. First, the idf vector is trained on
training samples. N face images are given for training; then, through the basic face
representation process, they are represented as a D -dimensional vector (called the base vector)
while forming an N-by-D matrix, where D is defined by the code number of the local encoder
and the grid density (e.g., D = 256 codes x 120 patches = 30,720). From the matrix, the D
-dimensional idf vector is calculated as follows:

. N\
idf; = log (arni), i=0,-,D—-1, 3

where n; is the number of face images (in our context) in which the term i appears (i.e., i -th
element is not zero), and « is a constant smoothing factor, which is introduced to control the
relative impact of a particular term compared with the other terms. The base of the log function
mathematically constitutes a constant multiplicative factor, which means it does not affect the
overall result. Once the idf vector is calculated, any base vector can simply be weighted by the
idf vector in a post-processing step only if the base vector is represented in the same way it was
used in the training step (i.e., the same local encoder, code number, and grid density). Because
each value of D elements in the idf vector connotes the importance of the corresponding code
in relation to the other codes, base vectors are weighted by a per-element scaled product with
the idf vector. By the weighting, each value of D elements in the weighted vector reflects the
importance of the corresponding code, and the weighted vector becomes a final representation
of our method.
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Top: training the idf vector; bottom: applying the idf vector to face representation

Fig. 4 shows some examples of face representations. Fig. 4 (a) shows the facial region in the
real environment and its histogram representation. Fig. 4 (b), Fig. 4 (c), and Fig. 4 (d) show
the sample background regions in the background image and their respective histogram
representations. This example shows that the false alarm region in the background image is
distinguishable from a real face. Hence, we can eliminate false alarms by means of
background verification.

Fig. 4. LBP histogram samples
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5. Motion Detection

To compensate for the probability of humans being missed by the face detector, we need to
detect human motion in front of the TV. To detect motion from image sequences, we adopt a
representation of the MHI [5] with difference images from ¢t — § to t + §. First, we use the
difference image to ascertain the changes between the current frame and the previous frame.
We calculate the difference between the current and previous frames by finding the intensity
difference between each pixel in each image. The difference image is a binary image whose
pixel value is 1 when its intensity difference is greater than the difference threshold value, as
follows:

It = {1, if |15, y) —1""1(x,y)| > 6 @)
d 0, otherwise '

where It(x,y) is the input image at time t, and @ denotes the intensity threshold. The
proposed system then adopts a representation of the MHI to the difference image for archiving
motion datum from ¢t — & to t + §. The MHI collapses an image sequence into a 2D image that
captures spatial and temporal information about motion. The MHI is known for its fast
processing speed and ability to represent short duration movement. The MHI at time t is
updated as follows:

t/y if I5(x,y)#0

t _
M = {M HIL™'(x,y) otherwise ’ (5)

where y is the number of images used for the collapse, and 1§ (x, y) is the difference image at
time t.

Noise from a vision sensor or an illumination condition in the MHI may exist. To reduce
this noise, we perform the morphology operation, opening [6]. Opening is the composite
operation of erosion and dilation. In other words, dilation follows erosion. Opening is a basic
workhorse of morphological noise removal. Opening removes small noise from the
foreground of an image, placing them in the background. The basic effect of the erosion
operator is to erode away the boundaries of foreground pixels. Thus, the areas of the
foreground pixels shrink in size, resulting in efficient elimination of small noise from MHIs.
The basic effect of dilation is to enlarge the areas of foreground pixels at their borders. The
areas of foreground pixels thus grow in size, so the object shrunk by the erosion operator can
be similarly restored. Thus, the opening operator can effectively remove small or thin noise
from the image. The equations of the erosion and dilation operator are as follows:

dst(x,y) = MaX(y’ y"):element(x’,y')20 sre(x+x",y+y"), (6)

dst(x,y) = ming, oSrc(x+x",y +y), (7)

' ):element(x’,y" )=
where src and dst refer to the source and destination images, respectively, and element refers
to the structuring element, which is the shape used to interact with the given source image. In
this paper, we use a 3x3 rectangular shape as the structuring element.
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After noise removal, CCL is performed to find motion blobs. CCL scans an image and
groups its pixels into components based on pixel connectivity. All pixels in a connected
component share similar pixel intensity values and are in some way connected to one other.
Once all groups have been determined, we label each pixel according to its component
assignment.

L
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i

Fig. 5. Sample images from the Caltech dataset

6. Experimental Results

6.1 Face Detection Experiment

In this experiment, we evaluate our proposed face detection approach. To verify the
facial-color-filtering based face detector with a large dataset, we used the Caltech 10,000 web
faces dataset [10] as the test set. The Caltech dataset contains 7,092 color images and has
10,524 human faces of various resolutions and complexions in different settings as shown in
Fig. 5. In addition, the coordinates of the eyes, nose, and the center of the mouth for each
frontal face are provided to define ground truth. The test set consists of only color images from
the database. This test set includes 5,525 color images and 8,382 faces. We applied our
proposed method to an AdaBoost face detector, which is state-of-the-art in terms of detection
rate and computational time. OpenCV supports the AdaBoost face detector used in this
experiment. To detect both frontal and profile faces, we combined one frontal classifier and
two profile classifiers sequentially.
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Fig. 6. Face dete ples: (left), Facial color filtered image (middle), Proposed
method (right)

Fig. 6 shows face detection examples. Blue rectangles signify the ground truth, red
rectangles signify detected faces (true positives), and green rectangles signify false alarms
(false positives). As shown in Fig. 6, we eliminated numerous false alarms using our proposed
method.
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We compared our proposed method with the AdaBoost face detector using detection ratio
(DR), false alarm (FA) per image, and computation time. We conducted the experiment on a
Pentium 4 2.4 GHz single-core PC. As shown in Table 1, a 61% reduction in the overall false
alarm rate is achieved. The detection rate of our proposed approach was slightly higher than
that of the AdaBoost face detector, as some false alarms led to missed detections. Moreover,
the computational time reduced significantly, which may affect power consumption.

Table 1. Face detection results using the Caltech dataset

AdaBoost Proposed method
DR (%) 86.77 86.95
FA per image 2.13 1.31
Time (s) 2.473 1.684

6.2 Face Verification Experiment

We evaluated our face verification method through a face verification test on the labeled faces
in the wild (LFW) dataset [11, 12]. The LFW database contains a collection of annotated faces
gathered from news articles on the Internet using Viola-Jones face detection [7]. Each face in
the database is labeled with the name of the person pictured; it is the only label information the
database provides. Therefore, because researchers cannot perform experiments on specific
conditions, they must simultaneously address all conditions mentioned above. This makes use
of the database extremely challenging. The LFW dataset provides four different versions of
face images, including the original and three different types of aligned images according to
different alignment methods, as shown in Fig. 7. Of these methods, we used the aligned
version of the LFW dataset [13] in all experiments. For face representations, face images were
encoded by LBP; histogram vectors were then computed on 120 non-overlapping patches (i.e.,
8 x 15) that were concatenated, which resulted in a 30,720-dimensional vector.
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We evaluated our method by comparing it to the baseline features. By following the
standard training and evaluation protocols specified in [11], the mean classification accuracy
was calculated using ten-fold cross-validation. For the cross-validation, five sets were used to
compute the idf vector, and four sets were used to compute the global threshold of cosine
similarity for the two-class problem (i.e., determining whether it was the same person in two
face images). The remaining one was used for the evaluation. As shown in Fig. 8, compared
with the baseline features, the idf weighting scheme produced significant gain in accuracy.
The final performance was heavily influenced by the smoothing factor. This is because the
smoothing factor controls the relative impact of a particular term compared to the other terms.
The best-performing parameter, which differed according to the encoding method, was 0.66
and we used that parameter configuration for our system.

76.0

accuracy (%)

s P --- LBP
—— LBP+idf
72.0 . . . . . . . . :

05 055 06 065 07 075 08 08 09 095 1

smoothing factor, a

Fig. 8. Face verification experiment results

6.3 Power Consumption Experiment

To measure power consumption, we conducted simulation tests. We used an LG 27-inch LCD
TV, and a Logitech webcam. To simulate a smart TV and process our proposed algorithm, we
used a 2.4 GHz single-core PC. To measure the power consumption, we attached a watt-hour
meter to the both TV and the PC. Fig. 9 shows the equipment used in the experiment.
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We measured the power consumed by the TV before the experiment to determine whether
our proposed system can reduce power consumption. We subsequently measured the power
consumed over a two-hour period. We also measured the power consumption of the TV with
our proposed sleep mode detection system active over another two-hour period. The waiting
time w was set at 10 min, and with the sampling number n set at five. In our scenario, two
users watched the TV for 50 minutes in a room, and then went outside. Ten minutes after the
users left the room, the TV turned off automatically. Table 2 shows the results of this
experiment.

Table 2. TV power consumption results

Without sleep mode detection With sleep mode detection
Watts (W) 74 35
Watt-hours (Wh) 146 70

As shown in Table 2, our proposed system reduced power consumption by half, compared
to the standard case. Although we used a small LCD TV in this experiment, if we had used a
PDP TV or a larger TV, the proposed system would have reduced power consumption by
much more. In this experiment, we used a relatively short waiting time for convenience. By
changing the waiting time and sampling number, the provider can adjust the parameters of the
proposed method between efficiency and robustness.

We also measured the power consumed by the PC while running our proposed algorithm to
account for any increase in power consumption. First, we measured the power consumed by
the PC over a two-hour period, without the proposed algorithm. We then measured power
consumption over a subsequent two-hour period, while running the proposed algorithm.
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Finally, we computed power consumption with the proposed algorithm by subtracting the
former from the latter. Table 3 shows the results obtained.

Table 3. Power consumption of the proposed algorighm

PC without algorithm PC with algorithm
Watts (W) 140 142
Watt-hours (Wh) 280 284

As shown in Table 3, the power consumption due to the proposed algorithm was 2W per hour,
which is negligible when compared with the power saved.

Fig. 10 shows sample face and motion detection results. In this figure, the red rectangles
signify detected faces and green rectangle signify detected motion.

"

Fig. 10. Sample face (red) and motion (green) detection result

7. Conclusion

In this paper, we proposed a vision-based method to detect deactivation events for sleep mode
detection for smart TVs. To detect deactivation events, we use a vision-based approach that
combines facial and motion detection. To reduce the false alarm rate of the face detector, we
adopted facial color filtering and background verification schemes. To enhance discovery of
human faces missed through face detection, we adopted a motion detection scheme.

We presented face detection and power consumption experiments. We conducted a face
detection experiment using a large dataset with real environments. The proposed approach
significantly reduces the false alarm rate of face detection and compensates for the probability
of humans missed by means of motion detection. The results of the power consumption
experiment show that our proposed approach can significantly reduce the power consumed by
smart TVs.
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Our proposed method can only detect upright faces; therefore, we are currently expanding
the proposed method to cover faces that appear at an angle.
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