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Abstract
Fall detection is a very important application in surveillance systems. Therefore, it is very
important to build a complete fall detection system. However, this is not suitable for
environments with weak light sources since the most of the detection lenses are in a sufficient
light source. Thus, in this paper, we introduce a fall-detection system based on the fusion
image. It can not only solve the problem that the human cannot be detected under a dim
background, but also locate the human more accurately. We use an open source deep
convolutional neural network (CNN)-based approach named OpenPose to extract the
discriminant features which let us to build the human centerline. Since OpenPose will detect
and focus on the human activity, the other heat sources cannot be detected. In other words,
OpenPose can help us remove the things that we do not interested. Finally, we define the human
falls by detecting the variation of centerline. The experimental result shows that the proposed
system can be applied in both bright and dark environments. Besides, the detection of the fall
has 99% accuracy, higher than the other methods which use the visible image and the infrared
image. The accuracy can guarantee the performance.
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1.

Introduction

Falls are considered to be the most dangerous behavior among the elderly. The report
indicates that falls are the second leading cause of accidental death among the elderly, with as
many as 424,000 deaths in 2007. However, if appropriate countermeasures are taken, such as
fall detection or fall prevention, it is considered to have positive help for the quality of life of
the elderly [1]. Therefore, this study focuses on the former, responding as soon as possible when
the elderly fall, so that they can get the assistance they deserve more quickly.
The fall accident might occur anytime and anywhere, especially in the dark environment.
Most of the detect method base on the visible images singly [2], [3], [4]. However, they cannot
detect in both bright and dark environments.
In the light of this, thermal sensors and IR sensors are good candidates [5], [6]. The above
method is not limited to the strength of the light source. However, the detection area must be
kept as empty as possible. It can’t allow the additional heat source simultaneously.
Consider the above situation, using fusion images to detect can combine the advantages of
visible images and thermal images. The message in the fusion images can let us catch the human
body in the dark environment, and help us to remove the target that we don’t interested.
Therefore, developing fall detection systems with fusion images becomes a promising research
direction.
This paper proposes a novel detection method for human falls. This method processes every
frame captured by monitoring, which is to use the OpenPose skeleton extraction algorithm to
obtain the discriminant features data of people on the screen. According to the human body
centerline angle with the ground, these determine the conditions to identify falling behavior.
The remainder of this paper is organized as follows: Section II reviews the current methods
of fall detection. Section III details the approach. Section IV presents the results of an
experiment. Section V points to conclusion.

2.

Related works

Non-wearable detection is the use of sensors to detect factors in the environment to
understand whether someone has fallen around, such as sound sensing [7], position tracking
[8], vibration sensing [9], visible image [10], infrared image [11]. The first three items are
susceptible to interference from non-target objects or the environment itself, which can lead to
false detection or classification. Therefore, it is often necessary to set a special environment
during the experiment; visible light images are limited by the human body and the environment,
which may cause overlap effect, the body contour is more difficult to extract; although infrared
thermal images can improve this problem, it is impossible to determine that the detected object
is the target to be measured, and it is necessary to have the ability to exclude the remaining
objects.
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In 1983, Burt and Adelson proposed Laplacian pyramid as a multi-resolution representation
for images, which is commonly used in image fusion [12], [13]. First, we extract the details of
the visible images. Next, we use the Laplacian pyramid transform to decompose the infrared
images at multiple scales. The decomposed bottom layer image and the detailed image of the
visible will fuse together. Finally, we reconstruct the image successfully.
To locate the position of the human body in the lens effectively and quickly, OpenPose [14]
can be an appropriate option. It was developed in Carnegie Mellon University in 2017. It is a
library used for multi-person key point detection in real-time. It can also efficiently detect hand
and facial key points in images.

3.

Methodology

In this work, we first do the image fusion, and then extract the body discriminant features by
using OpenPose library. Finally, by detecting the variation of the angle, the system defines the
occurrence of the fall event. The procedure of implementation of our proposed approach is as
shown in Fig. 1.

3.1 Image fusion
For the same target scene, use visible light CCD sensor and infrared focal plane array IRFPA
detector to collect YUV format original visible light image and 14bits original infrared image.
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Figure 1: Fall Detection Block Diagram.

Next, preprocess the collected original visible image and infrared image respectively. The
original infrared image preprocessing includes two-point correction, blind element
compensation and median filtering. In order to improve the contrast of the infrared image, after
the preprocessing, the platform histogram equalization method is used to enhance it. After the
enhancement process is completed, the maximum and minimum linear mapping method is used
to convert the infrared image pixel value from 14 bits data to 8 bits data. Due to the difference
in the size of the visible image and the infrared image, after the infrared image enhancement
processing is completed, the bilinear interpolation algorithm is used to set their sizes to be
consistent. In the actual processing process, the processing of the visible image is only
performed on the Y component (that is, the brightness component), and the following steps are
the same.
Afterwards, register the visible image and the infrared image. Image registration is a necessary
part of image fusion, which directly affects the quality of the final fused image. The visible
image and the infrared image adopt a coarse registration method. Through the guarantee of
optical and structural design, the imaging field of view of the visible CCD sensor and the
infrared focal plane array IRFPA sensor is close to the same, that is, the coarse registration of
the visible light image and the infrared image is completed.
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Then, use the fusion method based on Laplacian pyramid decomposition to perform image
fusion on the registered image. The process of this method is as follows: (1) Extract the details
of the visible image, (2) Multi-scale decomposition of the Laplacian pyramid of the infrared
image, (3) Combine the bottom layer image of the Laplacian pyramid of the infrared image
with the visible image, (4) The fused image is reconstructed. Finally, display the fused image
of pseudo-color.
In view of the fact that the human eye can distinguish only dozens of gray levels, but can
distinguish as many as thousands of colors, this technology performs pseudo-color processing
on the image after the fusion of the visible light image and the infrared image to further enhance
it. Visual effects. Pseudo-color processing uses a grayscale-color conversion method, which
converts the grayscale image into a color image by establishing the mapping relationship
between the grayscale of the grayscale image and various colors in the color space. Fig. 2 shows
the result of the image fusion.
Figure 2: The example of image fusion: (a) visible; (b) infrared; (c) fusion.
(a)

(b)

(c)
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3.2 Extract the discriminant data with OpenPose
The raw data are extracted from the video through OpenPose. However, we just care about the
nose, left ankle, and right ankle, as shown in Fig. 3.

Figure 3: Extract the discriminant data with OpenPose.

For the convenience of representation, S = {S0, S1, ⋯, S13} represents the joint position set. We
define the position of the node j at time t as Sj(t) = (xtj, ytj), j ∈ {0, 1, ⋯, 13}.
3.3 Define the centerline
In the process of falling, the most obvious feature of the human body is the body tilt, and tilt
degree will continue to increase. In order to reflect the characteristics of the body’s continuous
tilt in the process of human fall, a human centerline F is defined in this paper. Let the midpoint
of left ankle S13 and right ankle S10 be S, and the connection of midpoint S and nose S0 is the
centerline F of the human body. Fig. 4 shows these defined elements.
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Figure 4: The discriminant features. The white point is S (nose), and the black line is F (centerline).

3.4 Determine human falls
As shown in Fig. 5, θ is the angle between the centerline of the human and the ground. Through
OpenPose, the data of feature points 0, 10 and 13 are S0 (t) = (xt0, yt0), S10 (t) = (xt10, yt10) and S13 (t)
= (xt13, yt13) respectively. So
S=

S10 +S13

,

(1)

S(t) = (xt, yt) .

(2)

2

At time t, the angle between the centerline of human body and the ground is
tan-1 |

yt - yt
0
xt0 - xt

|.

(3)
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when θ < 45° or θ > 120°, C = 1. Otherwise, C = 0. It can be considered as satisfying the
occurrence of the fall event.
CC = {

1; θ < 45° or θ > 120°
}.
0; otherwise

(4)

Figure 5: (a) the angle between the centerline of the body and the ground; (b) the falling process
(a)

(b)
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4.

Experimental result

In this section, some experimental results will be provided to prove the effectiveness of the
proposed fall detection method. This experiment was performed on a classroom aisle using
visible images and thermal images as input images. 40 videos (including 50 human falls in the
bright environment and 50 human falls in the dark environment) were used to evaluate the
effectiveness of the method. The final results are summarized in Table I. As shown in Table 1,
the accuracy in bright environment is very high. However, the performance of the detection
base on the visible image in the dark environment is poor. It is only 4%. When we use fuse
image, the final average detection rate is 99%, which illustrates the effectiveness of the
proposed method applied to fall detection methods.
Table 1: Final detection rate
Source of feature extraction
Human falls
In bright
environmet
(50 videos)
In dark
environmet
(50 videos)
Average

5.

Visible image

Infrared image

Fused image

76%
(38/50)

86%
(43/50)

100%
(50/50)

4%
(2/50)

64%
(32/50)

98%
(49/50)

40%

75%

99%

Conclusion

In this study, we introduce a fall-detection system based on discriminant features of fuse
image. We use these extracted features to easily identify the behavior of falling. The
experimental results confirmed that the proposed method was better than a single infrared
thermal image or visible image. The proposed method performs better than the others, and it
gets the high accuracy by 99%, proving the effectiveness of discriminant features applied to fall
detection methods, especially in the dark environment.
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