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Existing methods have extensively addressed the issue of detecting abnormal events
in a smart home environment through wearable sensors in the past years. However, the
limitations of wearable sensors include the limited battery power as well as the use and
adoption challenges of wearable activities on a daily basis. The use of non-wearable and
non-intrusive sensors is necessary for providing better user experiences and achieving a
sustainable and reliable detection model. However, it is still very challenging to analyze
such non-wearable sensor data with a high level of accuracy. In this paper, we present a
continuous deep learning model which receives a set of consecutive images for classify-
ing posture types using a Microsoft Kinect as our non-wearable sensor. We adopt a deep
learning technique called the recurrent neural network (RNN) using the long short-term
memory (LSTM) architecture to construct our detection model by identifying human pos-
tures in fall detection. Furthermore, we investigate the inputs for our model by extracting
the features from the pre-processed high-resolution RGB images, including body shape,
depth and optical flow. As a result, the body shape with genuine motion and depth in-
formation are considered. Finally, we present the experimental results to demonstrate the
performance and novelty of our approach.

Keywords: posture analysis, convolutional neural network, long short-term memory net-
work, deep learning, fall detection

1. INTRODUCTION

In recent years, the population aged 60 and above has increased significantly, with
the number now exceeding 600 million worldwide [1]. Because of the explosive growth
in the elderly population, the financial burden and pressure on the younger and middle-
aged population (from age 15 to 64) has become extremely heavy. Due to the deteriorat-
ing physical health of the elderly, one of the critical issues is to monitor their daily activ-
ities to ensure their safety. In the event of accidents, they must be assisted; otherwise, it
may lead to serious injury or even death. One feasible way to ensure the safety of the
elderly is to accommodate them in a nursing home. However, the cost is high and relo-
cating to such an unfamiliar place might be traumatic for many. On the other hand, if a
senior adult lives at home alone, it is difficult to receive immediate assistance in the
event of an emergency. Therefore, a low-cost, light-weight system to address this issue is
presented in this paper. To reduce the time in which senior adults can receive help when
accidents happen in the home environment, we have implemented a real-time abnormal
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event detection system based on the posture analysis to precisely detect such events.

Several studies have worked on fall detection in the home environment. Some of
these approaches have adopted a wearable sensor such as a smart watch, which has be-
come popular in recent years. Although a smart watch is now low-cost and easy to obtain,
it still presents numerous problems. For example, the battery life is limited, and seniors
often resist using new high-tech products. In this paper, we propose to automatically
detect abnormal events at home without wearable sensors. For those who need to work in
the daytime, one of their most significant concerns is what will happen to their senior
relatives at home. The feature of instant notification is essential when a senior is in sud-
den danger so that they can receive the necessary assistance as soon as possible. Based
on the above-mentioned issues, we have created a method based on deep learning to
construct an abnormal event detection model. We mainly focus on the posture analysis in
fall detection to automatically recognize abnormal events in the home. If any abnormal
event happens, one can be informed immediately by the system.

Deep Learning has become a popular method in machine learning in recent years
and has been extensively used in many studies [6-24]. It is an architecture incorporating
a multi-layer neuron network. In 1989, LeCun ef al. used a backpropagation algorithm in
a deep neural network [10] which made a huge step forward in machine learning. Alt-
hough the algorithm had achieved good performance, the training processes took a con-
siderable amount of time. Fortunately, due to the advanced hardware and algorithms, the
performance has been greatly improved during the past two decades. Furthermore, the
restricted Boltzmann machine (RBM) and deep learning networks have been combined
to achieve unsupervised learning. Deep learning with high classification accuracy and
efficiency is now widely used, for example, by YouTube and Facebook. In this study, we
used a Kinect as the sensor to collect the data in the environment, because it can capture
three major data streams. First, the skeletal joint stream is used for collecting data on 26
joints in the body. Second, the depth stream is used for measuring the depth between an
object and a sensor. Third, the RGB image stream is used for recording the activities of
the seniors.

In this paper, we use both RGB images and depth images collected by a Kinect. We
preprocess the RGB images which are subsequently input to the deep learning model so
that the depth images are used directly. We apply a convolutional neural network and
long short-term memory to labeled images, and evaluate the trained model for posture
classification. For the experiments described in Section 5, we first compare the detection
results using the inputs of fusion images with various features including body shape,
depth, and optical flow for our model with the same layers and neurons. Second, we
evaluate the results by varying the layers and neurons for the same inputs. Finally, we
analyze the results using the inputs with various features extracted from the RGB images
for our model to show that our proposed method outperforms existing methods. The ex-
periment results show that our proposed method has achieved better accuracy.

2. RELATED WORK

A number of researchers have focused on fall detection by utilizing environmentally
mounted sensors, such as infrared sensors, conventional cameras, and depth imaging
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sensors. A Microsoft Kinect has an infrared sensor, a depth image sensor, and a camera
all in one. The detection range of a Kinect is from 0.5 to almost 7 meters, which is an
ideal range for home detection. A number of technologies [2-5] exist for the purpose of
event detection using a Kinect. In [2], the researchers used a Kinect for monitoring in-
take gestures on a dining table. Parra-Dominguez et al. [2] proposed a fall detection
model that monitors the indoor stairs to capture the skeletal joint data for measurement.

There have been intensive studies on developing the architectures in deep learning.
The four most popular methods are deep neuron networks (DNNs), convolutional neural
networks (CNNs), deep belief networks (DBNs), and convolutional deep belief networks
(CDBNSs). DNN is a multi-layer neuron network, and is the most original method. How-
ever, it incurs significant computational time [6]. CNN [8-13, 20] is a multi-layer NN, in
which every layer consists of multiple two-dimensional figures. There are two types of
layers in CNN, the convolutional and the subsampling layers. Every subsampling layer is
implemented after a convolutional layer. Images are used to strengthen the features and
reduce the noises after every convolutional layer. On every subsampling layer, the imag-
es can be narrowed, but they still retain the useful features. Deep belief networks (DBNs)
are deep neuron networks with a restricted Boltzmann machine (RBM) in the first layer,
while the other layers are Bayesian networks. Hayat et al. presented a DBN structure on
image reconstruction [6] for the incomplete picture of a person’s face, which further
identifies the face image. Lee, Honglak, ef al. presented CDBN, a deep learning archi-
tecture for unsupervised two-dimensional image classification [7].

Since 2012, deep learning has drawn extensive attention after Krizhevsky et al. [8]
presented a deep convolutional neural network with a new activation function and a par-
allel implementation training process on multiple GPUs to enhance its efficiency. The
proposed approach outperformed most of the existing machine learning techniques and
showed the power of deep learning in object recognition. The approaches in [10-12]
have modified the convolutional neural network and obtained higher accuracy. A famous
event in 2016 was that the artificial intelligence model, AlphaGo, achieved great success
in beating a human professional Go player. Tian et al. [13] applied a combination model
of CNN and the Monte Carlo search tree to improve the accuracy of determining the best
prediction of all the choices. Deep learning has also accomplished great success in audio
inputs. Hinton et al. [15] implemented a deep recurrent neural network for speech recog-
nition. In [16, 17], a CNN was used to estimate various types of postures. Donahue, Jef-
frey, et al. [20] demonstrated a combined deep learning model based on a CNN for visu-
al feature extraction and long short-term memory for continuous classification. Unlike a
traditional CNN which can only detect a single object in an image, image segmentation
[23, 24] is an extension of CNN and is also known as R-CNN which is used to detect
multiple objects in the images and is more powerful than the traditional CNN.

3. PRELIMINARY

3.1 Deep Neural Networks (DNN5s)

Deep learning has drawn extensive attention in recent years and has been widely
used in many fields. The deep learning method is also referred to as deep neural net-
works (DNNG), as it consists of multiple layers, each of which consists of multiple neu-
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rons that compute a specified activation function. Deep learning achieves high accuracy
because of the modularization of the model. When a DNN has only one layer and is giv-
en insufficient training data, the model might not achieve good results. In this paper, we
therefore first train the model by using the inputs of fusion images with features retrieved
from a large training data set, and similarly, use the fusion images with the features re-
trieved from the small training data set for the next layer so that the model can achieve
better results.

Deep neural networks were the earliest method presented in deep learning. In recent
years, deep learning has become a huge trend in artificial intelligence. Much research has
implemented different types of structures, all of which are based on deep neural net-
works.

3.2 Convolutional Neural Networks (CNNs)

Convolutional neural networks (CNNs) are one of the most well-known types of
architecture in DNNs. CNNs mostly process two-dimensional data such as images, and
use these data to train a model. CNNs include two components: feature maps and multi-
ple layers in the neural network. Feature maps are divided based on the input data. These
feature maps are used in the convolutional layers to output more important features, and
in the subsampling layers to enlarge the features after the processes in every convolu-
tional layer are completed. The second part of CNNs is the multi-layer of a neural net-
work which is used to predict the final results. Convolutional neural networks are known
for their powerful visual feature extraction. Unlike deep neural networks, CNNs use
fewer weighting factors and increase the pixel correlation of the images in the network,
thus obtaining good performance. In our method, we use a CNN for video feature extrac-
tion, where the inputs are fusion images, and the outputs are multiple feature maps.

3.3 Recurrent Neural Networks (RNNs)

Recurrent neural networks utilize the internal memory to “remember” the previous
results and compare them with the inputs. The final neurons maintain the information of
the entire network. Although RNNs have been proven to be effective in many studies, it
is difficult to train a model to learn long-term dynamics, as they may suffer from the
vanishing and exploding gradients problem. Long short-term memory networks (LSTMs)
[15] are an extension method for the vanishing gradient descent problem in recurrent
neural networks. A solution was provided by incorporating memory units which can
learn when to ignore a previous state or when to update the state. Each LSTM neuron
contains three gates: an input gate, a forget gate and an output gate. Each gate learns
when to open or close by using the sigmoid function during the training process. The
memory cell unit focuses on two things: the previous memory unit and the current input
as well as the previous hidden state. The input gate and the forget gate are sigmoidal,
which means their values fall within the range [0,1]. Therefore, the RNNs can selectively
forget the previous memory or consider the current input. The output gate learns the
number of the memory cells to transfer to the hidden state. With these gates, LSTMs are
able to learn long-term and extremely complicated information. The only shortcoming is
that LSTMs incur significant training time because one unit requires intensive calcula-
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tions. Because of the huge improvement in the recurrent neural network by LSTM, RNN
has become a powerful method to build a model with sequential inputs. Therefore, in our
model, we implement RNNs that receive the flattened CNN outputs of video inputs.

4. DEEP ABNORMAL POSTURE DETECTION MODEL

We used a Microsoft Kinect version 2 as our sensor, because it has a high resolution
RGB camera and better detection range from 0.5 to 7 meters than version 1. A Kinect
can take three types of images: RGB images, depth images, and infrared images. A Ki-
nect can also record audio data and show up to 6 people with 25 joint points.

Our system structure of this research is shown in Fig. 1. The first part is the image
processing layer where the inputs are videos and the outputs are black and white body
shapes. We collect RGB images and transform them into body-shaped and optical flow
images. The depth images are received simultaneously along with the RGB images. The
second part is a deep learning structure, which consists of a convolutional neural net-
work (CNN) for visual feature extraction and a recurrent neural network (RNN) for
keeping track of the information of the previous outputs. Finally, the deep learning mod-
el is built to classify the postures in fall detection.
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Fig. 1. System architecture.

4.1 Training Images

The Gaussian mixture model (GMM) RGB images are processed by our image pro-
cessing algorithm after we obtain the image streams from a Kinect. GMM is a probabil-
istic model for presenting the presence of subpopulations. In our work, several back-
ground images are used to build a GMM model. A Gaussian mixture model has three
parameters, namely mixture weights (w;), mean vector () and covariance matrix (2;). M
means the amount of Gaussian distribution and A is the GMM for each pixel. If our data
Xy=1{X1, X5, ..., X,} is distributed in D dimensions, the probability of GMM is given by:

A={w, p, 25, i=1,2, ..., M,
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As a result, we can subtract the foreground from the background images. Subse-
quently, we further implement a sequence of image processing procedures to acquire a
fixed-resolution body shape for each image. During the image processing procedures, we
apply the erosion and dilation filters to fill the empty holes in the foreground first. Next,
shadow elimination is implemented to conserve the body shape. In order to keep the fea-
tures in the image, we apply the body shape detection. Finally, we shrink each output of
the detected body shape into a fixed resolution and shift it to the center of the image. Fig.
2 shows the results of the GMM model and the image shifting and shrinking. We have
tested our GMM given both a simple and a complex background. For both situations, the
GMM model results in high-quality extraction of the human body shapes.
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Fig. 2. (a) Original image [1920x1080]; (b) The result of background subtraction using the GMM
model [1920x1080]; (c) The output of image shrinking and shifting [64x64].

Optical flow In order to detect human movement, we obtain optical flow images in our
research. We compare the difference between two continuous frames, and calculate the
optical flow images based on the method in [14]. Lucas et al. [14] presented a method
which can calculate optical flow using multiple pyramids. Two different images are pro-
cessed as outputs with grey scale: one for the motion on the x axis, the other for the mo-
tion on the y axis. Each pixel presents the motion between the previous frame and the
current frame. We transform the values in the matrix and store them in a grayscale image.
An example output of the optical flow calculation is shown in Fig. 3. A darker pixel rep-
resents a negative value while the lighter one represents a positive value. Finally, we
implement body shape detection to extract the body shape and shrink the optical flow
images into a fixed size.

Depth image We use a Microsoft Kinect version 2 as our sensor, and Kinect APIs to
capture both RGB images and depth images at the same time. The resolution of the depth
images is 512x424. Depth images are shown in gray scale, where the closer to the sensor,
the darker the pixel. We can therefore know the distance between the sensor and the ob-
jects. Similar to the body shape images and optical flow images, we also apply body de-
tection to capture the depth images with only the body shape. Fig. 4 shows an example of
a depth image.
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Fig. 3. (a) Original image [1920x1080]; (b) The output of the optical flow calculation [1920x1080];
(c) The output of image shifting and shrinking [64x64].

(a) (b)
Fig. 4. (a) Original depth image [512x424]; (b) The result of image shifting and shrinking [64x64].

Finally, based on the above-mentioned procedures, we obtain the inputs of fusion
images with three features: the body shape, optical flow and depth. All these images are
shrunk into 64x64 pixels. We reposition each of these images into a 64x64 fusion image.

Fig. 5 shows the output image after merging these three types of features.
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Fig. 5. An example of a fusion image.

4.2 Model Architecture and Configurations

Fig. 6 shows the structure of our model. We combine the convolutional neural net-

works (CNNs) and the recurrent neural networks (RNNs). As the image processing pro-
cedures are described in Section 4.1, we transform the RGB images into body shape and

optical flow images. Given these images as inputs, the CNN extracts the visual features
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from these images after multiple layers of convolutional layers and subsample layers are
performed. In our model, we use multiple RNN layers that receive the flattened CNN
outputs of the feature maps. The RNN layers consist of multiple LSTMs, which remem-
ber the previous results to compute the current results. All the weights and bias in the
model are shared to avoid increasing weights. We assume that this model is spatially and
temporally deep. Because the system sequential receives the input images, we can only
build one model. Every input leads to updating the variables while training a model.
When testing our proposed model, we use the inputs of the RGB and depth images and
perform the processes described in Section 4.1 to obtain fusion images. The goal of the
model is to identify a type of posture in a given fusion image.

Input Feature Extraction Continuous Learning Predictions

I

:
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Fig. 6. Our proposed deep learning structure.

We setup a room to simulate a smart home environment for the experiments. A Ki-
nect was installed on a table at a height that can capture the user’s head and feet clearly.
We captured 7,500 RGB and depth images in total for training our model. Because both
the RGB and depth images were too large to train, we resized the RGB images from
1920*1080 to 64*64 and the depth images from 512*424 to 64*64 as described in Sec-
tion 4.1. We defined an eight-layer deep learning model to detect the postures in fall de-
tection, as shown in Fig. 7. The first convolutional layer contains 32 filters with 3x3 fil-
ter size and sets the stride as 1. The 32 feature maps are the next inputs for maxpooling
to reduce dimensions with the same stride. For the second convolutional layer and the
maxpooling layer, we implemented 64 3x3 filters and set the stride as 1. We used 64
filters to obtain 64 feature maps and also used a maxpooling layer to reduce the number
of dimensions. The third layer is also the convolution layer and maxpooling layer with
128 filters. The flattened layer was implemented after the three layers of convolution and
maxpooling. In the last five layers, we implemented one layer of LSTMs in the seventh
layer. Finally, we classify the inputs into four categories, namely background (i.e., no-
body in the image), walking, lying and falling. The details of the experimental results are
described as follows.
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Fig. 7. Deep learning model.

5. EXPERIMENTAL EVALUATION

In this research, we used an Intel Core 17-2600 CPU and NVIDIA GeForce GTX
970 with CUDA version 7.5 to speed up the training of the convolutional neural network
and the long short-term memory network. For the image processing procedures, we used
openCV on C++. Theano and Keras were used as the toolkit for training and testing all
of the data. The training time was one minute per epoch and we trained 100 epochs.

In this section, we present the experimental results of our deep learning model. In
this experiment, four types of images are used as our inputs. That is, body shape, depth,
optical flow, and fusion images with all of these three features. Specifically, the body
shape, depth and optical flow images are 64x64 images with only one channel; the fu-
sion images are also 64x64 images with three channels. We used an eight-layer deep
model with one dropout layer after every maxpooling layer. The parameters used
throughout the experiments are shown in Table 1. The dropout rate is the probability of
the neurons used in the model dropping out while training. For the activation function,
we chose ReLU instead of sigmoid. For loss function and optimizer we adopted cross
entropy and RMSprop, respectively, in this model. The dataset contains 7,500 RGB and
depth images, respectively, and among them, 500 of the images are background images
where no one is present. We used these images to build the GMM model. We used 4,900
images (70% of the data set) to train our model, and 2,100 images (30% of the data set)
to test the model. The last 7,000 images contain four categories, namely walking, falling,
lying and background as shown in Fig. 8. Optical flow image shows the motion between
two frames. If the user does not move, the optical flow value us zero. The left side of the
figure represents the walking category, the middle represents the falling category, and
the right side represents the lying category.
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Table 1. Experimental settings.

Activation Loss . .
Dropout Function function Optimizer Batch size Epoch
0.4 ReLU Cross entropy RMSprop 128 100
-
RGB =, —

i} | e
(a) (©)
Fig. 8. (a) Walking; (b) Falling; (c) Lying.

L\

5.1 Input Comparison

In this section, we compare the inputs of fusion images with various features. As we
describe in Section 4, we design an algorithm to receive a 64x64, three-channel input of
a fusion image with three features including body shape, optical flow and depth. Optical
flow is the pattern of motion of an object in two vector matrixes. These vector matrixes
describe the moving vector on the x axis and the y axis. We compare these two features
of the images, and the results are shown in Fig. 9. As we can see from the figure, the
optical flow on the y axis outperforms the optical flow on the x axis. This consequence is
expected as the moving on the y axis is likely to represent the falling event better than
the x axis.

Next, we examine our inputs of fusion images with various features. We compare
inputs including body shape, the optical flow of the y axis and depth images with the
inputs of RGB images. The results are shown in Fig. 10. As we can see from the figure,
the fusion images used as inputs achieve the best accuracy. The result indicates that fu-
sion images containing the features extracted from the RGB images facilitate the classi-
fication processes for our model so as to achieve better accuracy than the original RGB
images.

5.2 Model Comparison

In this section, we compare our deep learning model with LSTM in the seventh lay-
er with the pure convolutional neural network (CNN) of an existing model called /mage-
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Fig. 10. Effect of inputs of fusion images vs. original RGB images.

net in [8]. The difference between our model and the CNN model of imagenet is that in
the seventh layer, we use LSTM instead of a neural network to capture the correlation
from the consecutive image inputs. Because the falling action is continuous, we consider
the value from the previous iteration to classify the current state. Fig. 11 shows the re-
sults of Imagenet and our proposed model. As we can see from the figure, our deep
learning model with LSTM outperforms Imagenet. The result shows that the LSTM
model is able to capture the motion pattern from the consecutive images so as to achieve
better classification results.

In terms of the CPU performance, the training time for /magenet is 25 seconds per
epoch and our proposed model is 60 seconds per epoch. The average testing time per
input is 1.42 milliseconds for /magenet and 2.38 milliseconds for our proposed model.
Our performance is slightly slower than that of /magenet; however, the running time is
still efficient enough to support real-time detection.
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6. CONCLUSION

In this paper, we present a deep learning classification model for postures in fall
detection by using a Kinect as the sensor. Our deep learning model utilizes the convolu-
tional neural network for visual feature extraction and the long short-term memory net-
work for classification.

We investigate the inputs of fusion images for our model by extracting the features
from the pre-processed high-resolution RGB images including the body shape, depth,
and optical flow. The experimental results show that our proposed model is efficient and
achieves better classification results than the existing model. Therefore, our model can
support real-time posture recognition in fall detection.
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