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Abstract: A fall detection module is an important component of community-based care for the
elderly to reduce their health risk. It requires the accuracy of detections as well as maintains energy
saving. In order to meet the above requirements, a sensing module-integrated energy-efficient
sensor was developed which can sense and cache the data of human activity in sleep mode,
and an interrupt-driven algorithm is proposed to transmit the data to a server integrated with ZigBee.
Secondly, a deep neural network for fall detection (FD-DNN) running on the server is carefully
designed to detect falls accurately. FD-DNN, which combines the convolutional neural networks
(CNN) with long short-term memory (LSTM) algorithms, was tested on both with online and offline
datasets. The experimental result shows that it takes advantage of CNN and LSTM, and achieved
99.17% fall detection accuracy, while its specificity and sensitivity are 99.94% and 94.09%, respectively.
Meanwhile, it has the characteristics of low power consumption.
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1. Introduction

According to the report issued by the World Health Organization (WHO), around 30% of people
aged over 65 fall every year, and it leads to more than 300,000 people dying from falls each year [1].
Data from emergency department visitors were evaluated and identified; they indicated that 22.6%
of the elderly fall victims suffered at least one new fall in six months [2]. Falling has been one of the
leading causes of injuries to the elderly. It not only causes serious trauma to the brain, fractures, etc.,
but also causes psychological fear and brings great psychological trauma to the elderly [3]. If the
elderly cannot be found and rescued in time when they fall, the fall will often cause serious injury or
even death [4]. Therefore, the study of fall detection techniques is of great significance in reducing the
mortality from falls in the elderly.

At present, the common fall detection systems [5] are as follows: the system with which the
user actively initiates the alarm, the microphone-based fall detection system, the video-based fall
detection system, and the fall detection system based on wearable sensors. For example, Cheffena used
a support vector machine (SVM)-based method on collected microphone sounds to classify sounds of
different activities [6]. The shortcomings of Cheffena’s research are that the fall detection needs to be
in a quiet home environment, and the analysis of large amounts of audio data requires high energy
consumption. Similarly, Harrou et al. adopted an SVM-based method to classify falls on video datasets,
and achieved a high precision of 97.2% [7]. Debard et al. proposed a video detection method that was
based on the static characteristics of the human body [8]. Although the video-based fall detection
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systems can achieve high accuracy, these systems often require a large amount of computing resources
to process video data and are criticized for exposing user privacy. With the quick development
of MEMS (microelectromechanical systems), the inertial sensor is becoming smaller and cheaper,
and it has been widely used in wearable devices [9]. Researchers have developed a variety of fall
detection technologies based on wearable devices [10–12]. For example, Qu et al. determined falls by
analyzing the characteristics of the combined acceleration and differential acceleration of the sensor
data [13,14]. The fall detection system developed by Qu et al. has a low accuracy of 90%. Salgado
and Afonso introduced an extended Kalman filter to identify a real-time pose body model described
by the accelerations from the tri-accelerometer sensor of a smartphone, and then an SVM performed
a binary classification to detect falls [15]. Salgado and Afonso’s fall detection method has an accuracy
of 96%, which is not accurate enough. The sensor-based mainstream fall detection technologies can be
summarized into the following categories:

• The sensors collect human motion data and directly transmit them to the server for processing,
and the server has powerful computing capabilities to run the fall detection algorithm. For example,
Luo et al. designed a fall detection system that uses three-axis acceleration sensors to sense the
acceleration data of the head, waist, and ankle in real time, and sends the data to the server in real
time to detect the fall using a decision tree [16]. Since the module needs to continuously transmit
data to the server, great energy consumption is the main shortage of this approach. In addition,
the network will have a large delay when a large amount of data is to be transmitted.

• The fall detection algorithm runs on the wearable device without wireless transmission to the
server. For example, S. Khojasteh et al. developed a wrist-worn sensory module, which was
embedded with a three-axis accelerometer to collect wrist motion data. A decision tree and
a rule-based algorithm were used to analyze the peaks of motion data for fall detection. Due to
the limited computing power of wearable devices, only some simple fall detection algorithms can
run on these devices [17]. As a result, the fall detection results are not accurate enough.

• Human motion data is pre-processed on the sensing device, and then a small amount of
pre-processed data is wirelessly transmitted to the server for fall detection. For instance,
Huynh et al. designed a cloud-based fall detection system that uses a threshold for fall detection.
The information features of daily activities from sensor data are extracted and uploaded to a cloud
server periodically for later analysis and daily activities classification [18]. This method can not
only save the energy of the wearable device, but also use a high-precision algorithm to improve
the fall detection accuracy. Hence, there are many studies using this method. However, there are
still many problems to be solved with this method, including simplifying the pre-processing
algorithm and improving battery life.

To solve the problems of high energy consumption and insufficient accuracy of the fall detection
technology, this paper introduces a novel wearable module to sense motion data by using the low-power
chips and the MUP6050 sensor integrated with the three-axial accelerometer and the three-axial
gyroscope. Based on the interrupt function of MPU6050, a low-power algorithm is developed to control
the module’s data sensing process and the data transmission process. Furthermore, the six-dimensional
(3D acceleration and 3D angular velocity) data are received through a sliding window at the receiving
end (namely, the server), and a deep neural network (FD-DNN) based on a convolutional neural
network (CNN) and long short-term memory (LSTM) for fall detection is designed to run on the server,
so as to distinguish between falls and activities of daily life (ADL). The paper is structured as follows:
The methodology of sensing and transmitting human motion data with low power consumption is
introduced in Section 2. The architecture of FD-DNN and the way to train and implement FD-DNN
are presented in Section 3. Section 4 describes the experimental process and analyzes the experimental
results. Section 5 summarizes the full text and introduces future research directions.
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2. Sensing Motion Data

The module of sensing human motion data is firstly introduced, and then an interrupt-driven
control algorithm of the module is introduced. Based on the purpose of low power consumption,
a variety of low-power chips and sensors are selected comprehensively, combined with a control
algorithm to achieve low power consumption of the fall detection module.

2.1. Energy-Efficient Data Sensing Module

According to the research results from Gia et al. [19], the area above the human waist has a small
range of motion, which is more suitable to collect acceleration and angular velocity data so as to
distinguish falls from ADLs. Taking system reliability and wearing comfort into account, we place the
motion sensing module at the waist position through a specific vest and model the human motion
according to the placement position in a Cartesian coordinate system [20]. Figure 1 shows the human
motion model, in which αx, αy, and αz are accelerations along the X, Y, and Z axes, respectively, and ωx,
ωy, and ωz are angular velocities along the X, Y, and Z axes, respectively.
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Figure 1. The model of human motion.

Based on the above model of human motion, we designed a module to sense human motion data,
and Figure 2 shows its layout. The module uses the MPU6050 integrating with a three-axial MEMS
gyroscope and accelerometer to capture the acceleration and angular velocity data. The acceleration
range that MPU6050 can measure is −16 g to +16 g, and the angular velocity range that it can measure is
−2000 degrees per second to +2000 degrees per second. The CC2530 from Texas Instruments is used as
the central processing unit, and its frequency is 16 MHz. By controlling the sleep and wake-up states of
CC2530, energy consumption can be saved. The low-power ZigBee chip built in the CC2530 unit is used
as the transceiver. Its maximum transmitting distance is about 100 m, and its data transmission rate is
up to 250 kb/s. According to Bet et al. [21], the sensors used in most fall detection studies have sampling
frequencies between 40 Hz and 200 Hz. To ensure that high-frequency components are not discarded
and the amount of data generated is not too large, the sampling frequency of the designed sensing
module is set to 100 Hz. In addition, the LP2992 lithium battery control chip, the MAX1555 charge
controller, the LP2992 micro-power voltage stabilization chip, and the FT232RQ serial port management
chip are selected to form the data sensing module. Low-power microcontrollers, low-power ZigBee,
MEMS sensors, cache, and micro-power power management were comprehensively integrated to
achieve the low-power goal of the data sensing module.
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2.2. Energy-Efficient Data Sensing and Transmission Algorithm

According to the instructions of the MPU6050 [22], the free fall interrupt will be triggered when
the absolute values of all three accelerometer axes are less than the prescribed threshold in the FF_THR
register and the duration of the free fall reaches the prescribed threshold in the FF_DUR register.
The motion interrupt will be triggered when the absolute value of any accelerometer axis exceeds the
prescribed threshold in the MOT_THR register and the duration reaches the prescribed threshold in
the MOT_DUR register. The zero motion interrupt will be triggered when the absolute values of all
three accelerometer axes are less than the prescribed threshold in the ZRMOT_THR register and the
duration reaches the prescribed threshold in the ZRMOT_DUR register.

When the human body falls, there will be a period of weightlessness, and the acceleration will
quickly decrease to 0, which will trigger the free fall interrupt of the MPU6050. When the angle between
the direction of gravity and the three axes of the accelerometer are the same, the maximum value of the
component of gravity on the three axes reaches a minimum of 0.57735 g. If the threshold is set greater
than 0.57735 g and the accelerometer is placed in the special way, it will always be misjudged as the
free fall interrupt. Thus, the FF_THR is set to 0.563 g. Because weight loss during human fall lasts less
than 20 ms according to reference [18], the FF_DUR is set to 20 ms. Hence, when a free fall interrupt
is captured by the system and it lasts longer than 20 ms, the CC2530 will be activated to control the
ZigBee to transmit the data in the FIFO buffer to the server, in order that the judgment could be made
by the fall detection algorithm. When the accelerometer is placed at rest and placed in the special way,
the acceleration on the three axes of the accelerometer is 0.57735 g. The larger the threshold setting
of the ZRMOT_THR, the looser the requirements for triggering the zero motion interrupt. In order
to make the accelerometer sensitive enough to detect zero motion and distinguish it from free fall,
the ZRMOT_THR is set to 0.5 g and the ZRMOT_DUR to 1000 ms. Namely, when the acceleration
sensor’s value is less than 0.5 g and the delay is more than 1 s, a zero motion interrupt will be triggered
and the module will run into sleep mode. In this case, acceleration and gyroscope data are sampled
and stored into the FIFO through by the MPU6050 in low-power mode. In addition, the data sampling
frequency of the sensor module is set to 100 Hz, and each piece of data produced by the MPU6050
sensor is 16 bits, occupying 2 bytes, so the FIFO_CNT is set to 600 bytes to store 0.5 s of data from the
accelerometer and gyroscope. As a result, when the data stored in the FIFO reaches 600 bytes, the FIFO
interrupt will be triggered.

Based on the MPU6050 interrupt system, the data sensing algorithm is designed, and Figure 3
shows its flowchart. A finite state machine is used to model the algorithm. The state machine has
3 states. The tasks and the relationships between the states are as follows:

F0: initial state. The thresholds of FF_THR, FF_DUR, MOT_THR, MOT_DUR, ZRMOT_THR,
ZRMOT_DUR, and FIFO_CNT are configured. The free fall interrupt, the motion interrupt, and the
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FIFO interrupt are enabled and the zero motion interrupt is disabled. The data rate of MPU6050 is set
to 100 Hz. At last, the CC2530 enters low-power mode and the state machine enters F1.

F1: motion state. The DMP reads data from the three-axial accelerometer and gyroscope and
stores them into FIFO. When the data in the FIFO are full, the FIFO interrupt will be triggered and the
data will be updated according to the FIFO principle. When the free fall interrupt or motion interrupt
is triggered, the CC2530 will be activated to control the ZigBee to transmit the data in the FIFO buffer
to the server, and the zero motion interrupt will be enabled. If the FIFO interrupt is not captured by the
system, the data in FIFO will be continuously updated based on the FIFO principle. Else, if the FIFO
interrupt is captured, the data in the FIFO buffer will be continuously transmitted to the server until
a zero motion interrupt is triggered. After the zero motion interrupt is triggered, the state machine
enters F0.
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Through the data sensing and transmission algorithm, the sleep and wake-up modes of CC2530
and ZigBee can be controlled, and the conditional transmission of data can be realized instead of
constant transmission. Therefore, the low-power scheduling algorithm in this section and the low-power
hardware in Section 2.1 jointly realize the system-level low-power consumption of the system.

3. Deep Neural Network for Fall Detection

Since the convolutional layer of CNNs can extract features from the input data that cannot be
acquired manually [23], and the LSTM is suitable for processing important events with temporal
dynamics [24], we developed a novel framework (FD-DNN) for fall detection which combines
convolutional and recurrent layers. The convolutional layers extract features and provide abstract
representations (feature maps) of the human activity data. The recurrent layers model the temporal
dynamics of the activation of the feature maps.

The architecture of the FD-DNN model is shown in Figure 4. It consists of one input layer,
four convolution layers, four max-pooling layers, two LSTM layers, one fully connected layer, and one
output layer, which are labeled as Input, Conv, Max-pooling, LSTM, Dense, and Output.
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Since the duration of a human fall often does not exceed two seconds, our application uses
a two-second sliding window to process the received six-dimensional (3D acceleration and 3D angular
velocity) data, the rate of which is 100 Hz. Namely, the sliding window contains totally 200 sets of
six-dimensional data. Hence, the input of the network is 200 sets of six-dimensional sensing data.

The first layer (C1) is a 1D convolutional layer with 32 filters, each 3 × 6, using a stride of 1.
The filters are used to extract the features in the sensing data. The required filters are obtained by
self-learning parameters of the filters during FD-DNN training. When a certain filter filters the input
data matrix, the filter slides along the length of the input matrix. Each time the filter slides to a position,
the filter performs a dot product on the input matrix area of the same size as the filter, and then
sums the values of the dot products to obtain the filtered eigenvalue. The SAME padding is used
for edge padding to avoid information loss. The filter filters all regions along the length of the input
matrix to generate a 200 × 1 matrix. Each of the outputs is activated by a rectified linear unit (ReLU).
Since C1 has 32 filters, layer C1 generates a 200 × 32 output matrix, and it contains 608 (32 × 3 × 6 + 32)
trainable parameters.

The following layer (S1) is a max-pooling layer, which uses a pool size of 2 × 1 with a stride of
2 × 1 and the SAME padding. It reduces the data in half in the temporal dimension. The max-pooling
layer has no trainable parameter [25].

Next, the similar structure (a 1D convolutional layer followed by a max-pooling layer) is repeated
three times: the convolutional layer (C2) with 64 filters, each 5 × 32, using a stride of 1 is followed by
the max-pooling layer (S2); the 1D convolutional layer (C3) with 128 filters, each 7 × 64, is followed
by the max-pooling layer (S3); and the 1D convolutional layer (C4) with 200 filters, each 9 × 128,
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is followed by the max-pooling layer (S4). The output shape of S4 is (batch, 13, 200), which is reshaped
and split into 13 (batch, 200) matrices as the input of the next layer (L1).

Layers L1 and L2 are two LSTM layers; each has 200 units. Karpathy et al. proved by experiment
that the depth of at least two recurrent layers is beneficial when processing sequential data [26], so the
network is set up as two LSTM layers. Overfitting often occurs during neural network training, resulting
in models that usually do not achieve the best performance. The specific performance of overfitting is
that the model has a small loss function on the training data and a high prediction accuracy, but the
model has a large loss function on the test data and the prediction accuracy is low. When training
neural networks, overfitting is a frequent problem. Therefore, a dropout mechanism [27] has been
added to the cells of each LSTM layer, in order to prevent overfitting and improve performance.
Dropout makes each LSTM cell work normally with a certain probability when data flows in; otherwise,
the LSTM cell outputs a value of 0. The tanh (hyperbolic tangent) function is used as the activation
function of recurrent units. The reason for using tanh function is that its second derivative of the
hyperbolic tangent function can sustain for a longer range before going to zero, which can overcome
the disappearing gradient problem. At the same time, the LSTM layer with tanh as the activation
function has the advantages of faster convergence and simpler gradient calculation in practice. L1 and
L2 share 320,800 trainable parameters. The output of the last cell of L2 will be used as the input of the
next layer (Fc).

Fc is a fully connected layer with 8 units (one for each label “walking”, “jumping”, etc.).
Each neuron in the fully connected layer is connected to all neurons in the previous layer to synthesize
the extracted features. Softmax shown in Formula (1) was added to the Fc layer to calculate the
probability of each class. The softmax function shown in Equation (1) plays the role of classifier.
The calculation result si of Formula (1) is the probability of each class. The sum of the probabilities of all
classes is 1. The class with the highest probability will be selected as the prediction result. x1, x2 . . . x j
are the original inputs of the full connection layer, and n is the number of categories of the classification.

so f tmax(xi) = si =
exi∑n

j=1 ex j
(1)

4. Experiments and Evaluation

This section describes the setup of the experimental environment, the construction of the
dataset (including collection from the experimental environment), model training methods, results,
and discussion.

4.1. The Experimental Environment

The experimental environment shown in Figure 5 was used for fall detection experiments, and the
configuration of the serve is shown in Table 1. The MUP6050 and Zigbee-integrated sensing module was
fixed to the front waist of the wearable vest. The sensing module collected the data of human activities
and stored them in the FIFO or sent them to the server according to the data sensing algorithm described
in the second section. The server appended the received data to the sliding window, which was about
two seconds long and followed the FIFO principle. The data were normalized by Formula (2) on the
server and then filtered by the moving average filter. Meanwhile, the FD-DNN was utilized to classify
the data in the sliding window. The system will automatically alert the guardian by phone, or by
sending text messages with the GPS location as soon as a fall is detected.
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The data of daily activities—including walking, jumping, jogging, going upstairs, going downstairs,
standing up, sitting down, and falling—were collected by the experimental environment shown in
Figure 5. Motion data for each activity were collected to build the dataset, which will be described in
detail in the next section.

Table 1. Platform configuration of the server.

Platform Configuration

Operating system Ubuntu 16.04.1 LTS
CPU Intel(R) Xeon(R) CPU E5-2620 v4 @ 2.10 GHz
GPU NVIDIA Tesla M40 12 G
RAM 125 G

Data processing Pandas, Numpy
Deep learning framework TensorFlow 1.3.0

4.2. Datasets

As the basis for training and testing our FD-DNN model, we construct a new Joint-Dataset.
Firstly, we cleaned up and extracted some data from two open datasets—SisFall [28] and MobiFall [29],
respectively. Furthermore, through our well-designed experimental environment described in the
previous section, we collected 1600 extra samples for eight different activities.

The SisFall dataset includes 19 types of ADLs and 15 types of falls. The experiment was performed
by 38 adults, among whom 14 healthy and independent elderly subjects over 61 years old only
performed 15 types of ADLs, and one elderly subject of 60 years old and 23 young subjects aged
from 19 to 30 performed both ADLs and falls. The dataset was recorded with a self-developed device
integrated with a three-axial accelerometer and a gyroscope. During the experiment, the device was
fixed to the waist of a subject, which is demonstrated in Figure 6. It can be seen that its coordinate is
slightly different from the human motion model.
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The MobiFall dataset directly collected the motion data of three-axial acceleration and angular
velocity from a Samsung Galaxy smartphone, which was placed in the subject’s trouser pocket in
a random orientation. The MobiFall dataset also included the orientation data about the subject’s
smartphone. Twenty-four volunteers (22 to 42 years old) performed nine types of ADLs and four
types of falls. Among them, nine subjects performed both falls and ADLs, and 15 other subjects only
performed falls.

First, the coordinates of the SisFall dataset and the MobiFall dataset are transformed into the
coordinate system shown in Figure 1. In addition, the sampling frequency of both datasets is 200 Hz,
while the sampling frequency proposed in this paper is 100 Hz. Hence, both SisFall and MobiFall
datasets were downsampled to 100 Hz. Taking the different ranges and precision of the sensors used
in the SisFall and MobiFall datasets into account, the two datasets were normalized by Formula
(2) according to the range specification of each sensor.

yi =
xi −

min
1≤ j≤n

{
x j
}

max
1≤ j≤n

{
x j
}
− min

1≤ j≤n

{
x j
} (2)

Since the noises among the motion data always have significant effect on fall detection accuracy,
it is necessary to filter the noises [30]. Xiao et al. [31] used the mean filter, the moving average
filter, and the Prewitt horizontal edge-emphasizing filter to filter noise in the swimming recognition.
The experiments proved that the moving average filter has the best effect on filtering noise. Therefore,
the moving average filter depicted in Formula (3) is introduced to filter noise. In Formula (3), G is the
original data, M is the size of the sliding window, and G f ilter is the filtered data.

G f ilter(n) =
1
M

(G(n) + G(n− 1) + · · ·+ G(n−M + 1)) (3)

After filtering the noise, we extracted 1000 samples for each activity from the SisFall dataset
and the MobiFall dataset. Among them, the samples of walking, jumping, jogging, going upstairs,
and going downstairs were extracted from the MobiFall dataset. The samples of standing up and
sitting down were extracted from the SisFall dataset. The samples of falling consisted of 500 copies
from MobiFall and 500 copies from SisFall. Overall, there were 8000 samples. Among them, each kind
of ADLs and falls had 1000 samples, respectively.

Furthermore, the experimental environment in Section 4.1 was used to collect some motion data as
part of the Joint-Dataset. Twenty volunteers aged 24 to 50 participated in the data collection. 17 of them
were male and three were female. There were eight activities, including walking, jogging, jumping,
going upstairs, going downstairs, standing up, sitting down and falling. Each volunteer repeated each
activity 10 times, so 1600 data samples were collected.

The 1600 sets of data collected by the experiment were combined with the 8000 sets of data
extracted from the public datasets into a new dataset called the Joint-Dataset. The composition of
Joint-Dataset is shown in Table 2. The Joint-Dataset was used for network training and testing. 80% of
the Joint-Dataset was used for training, and the remaining 20% was used for testing. Table 3 shows the
training data, validation data, and test data from the Joint-Dataset.
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Table 2. The composition of the Joint-Dataset.

Activity

Joint-Dataset

Samples from
SisFall Dataset

Samples from
MobiFall Dataset

Samples Collected by
the Designed Module

Walking 0 1000 200
Jogging 0 1000 200
Jumping 0 1000 200

Going upstairs 0 1000 200
Going downstairs 0 1000 200

Standing up 1000 0 200
Sitting down 1000 0 200

Fall 500 500 200

Total 2500 5500 1600

Table 3. The Joint-Dataset for experiment.

Activity Training Data Validation Data Test Data

Walking 840 120 240
Jogging 840 120 240
Jumping 840 120 240

Going upstairs 840 120 240
Going downstairs 840 120 240

Standing up 840 120 240
Sitting down 840 120 240

Fall 840 120 240

Total 6720 960 1920

4.3. Methodology

The FD-DNN was implemented with the TensorFlow framework. The training and classification
of the model were carried out using the server shown in Figure 5. Data were read and processed using
the Pandas and Numpy libraries. Before training, the activity tags were one-hot encoded to simplify
the logic and speed up the network calculation. The model was trained in a fully-supervised way,
back propagating the gradients from the fully connected layer to the convolutional layers.

The FD-DNN network was trained by the training dataset shown in Table 3. During the training,
data were segmented into mini-batches of a size of 128 data segments, and the Adam algorithm was
used to update the weights of the network. Since there were 200 data per sample, the step size of the
network was set to 200. The learning rate was set to 0.001 and the number of epochs was set to 300.

In the convolutional layers and the max-pooling layers, the parameters such as the number of
filters, the size of the convolution kernel, the sliding stride, and the edge padding method were set
according to Section 3. In the two LSTM layers, the biases of the forget gate was set to 1.0 in order to
reduce the scale of forgetting in the beginning of the training. The cell state and the hidden state of
each LSTM layer were all initialized to zero. A dropout mechanism was added to each LSTM layer,
and the activation of each randomly selected unit of each LSTM layer was set to zero with a probability
of 0.5. In the full connection layer, the loss was calculated according to Formula (4). Based on the loss,
the parameters were optimized.

loss = −
1
n

∑n

i=1
y
′

i log (yi) (4)

The Adam optimizer, which combines the ability of AdaGrad [32] to handle sparse gradients and
the ability of RMSProp [33] to handle non-stationary targets, was selected to optimize the network
parameters [34]; it calculated the adaptive learning rates for different parameters based on the estimates
of the first and second moments of the gradient. For the sake of effect, the parameters were optimized
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with a learning rate of 1 × 10−3 and a numerical stability variable of 1 × 10−8. The parameters were
updated according to the Adam method after each mini-batch.

Based on the above settings, the training was carried out. Training loss and training accuracy
were computed every five iterations. Validation loss and validation accuracy were computed at every
25 iterations. The trained model is saved every 10 epochs. At the beginning of training, the accuracy of
the FD-DNN network improved very quickly and fluctuated greatly. At the end of training, the accuracy
improved slowly and fluctuated slightly. After 136-epochs training, the network accuracy (tested by
the verification dataset) reached 99.28%, and no longer improves when training continues. Thus,
the network training was stopped and the FD-DNN network model was saved. Since the FD-DNN
was implemented using the TensorFlow framework, the saved model is a file with the suffix ‘.ckpt’,
which can be used for various tests.

After training, the trained and saved FD-DNN model was used for offline tests. First, the test
data were read and the trained model was loaded. Then, the test data were input to the loaded
model. Finally, the test loss, test accuracy, and confusion matrix of the test are output. In addition,
the specificity and sensitivity were calculated according to the confusion matrix. The test results were
combined with the verification results during training to evaluate the performance of the network.

4.4. Results and Discussion

The test dataset was used to test the trained FD-DNN network offline. After testing, the accuracy
of FD-DNN was 99.17%, and the sensitivity and specificity were 94.09% and 99.94%, respectively.
In addition, the CNN and LSTN algorithms were also used to do an offline experiment with the same
training and test samples. Table 4 shows the comparison of accuracy, sensitivity, and time consumption.
As shown in Table 4, the accuracy of the FD-DNN is about 1% higher than that of the CNN and about
2.3% higher than that of LSTM, the sensitivity is increased by about 7%, and the specificity is also
improved. In addition, it only takes about 1.05 s to classify 1920 samples. It proves that FD-DNN takes
advantages of CNN and LSTM.

Comparative experiments between FD-DNN and traditional classification algorithms were also
performed. The Weka software integrates many traditional algorithms [35], so the dataset shown
in Table 3 was imported into Weka to test the performance of different algorithms. Table 5 shows
the experimental result. Among the traditional classification algorithms in Table 5, SimpleLogistic
algorithm got the lowest accuracy, while it took about 0.19 s to test the model on testing data.
The accuracy of FD-DNN is 19.44% higher than that of the SimpleLogistic algorithm, although the
test speed of FD-DNN is 0.86 s slower than that of the SimpleLogistic algorithm. The Random Forest
algorithm got the high accuracy, while it took about 1.57 s to test model on the test dataset. The accuracy
and test time of FD-DNN are 4.67% higher and 0.52 s shorter than the Random Forest algorithm,
respectively. The specificity of FD-DNN is higher than the other algorithms except Bayes Net, although
the sensitivity is lower than the other algorithms except the Random Tree algorithm. While ensuring
specificity and testing speed, the FD-DNN improved the accuracy significantly compared with the
traditional classification algorithms.

Table 4. Performance comparison on FD-DNN, CNN, and LSTM.

Algorithm Accuracy (%) Sensitivity (%) Specificity (%) Test Time(S)

FD-DNN 99.17 94.09 99.94 1.05
LSTM 96.88 81.47 99.57 3.87
CNN 98.13 87.50 99.88 0.65
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Table 5. Performance comparison on different algorithms.

Algorithm Accuracy (%) Sensitivity (%) Specificity (%) Test Time (S)

FD-DNN 99.17 94.09 99.94 1.05
Naive Bayes 90.10 95.65 99.93 8.87

Bayes Net 94.07 97.58 100.00 3.98
Random Forest 94.50 99.03 99.93 1.57
Random Tree 80.32 92.27 98.51 1.21

Bagging 91.29 97.58 99.73 0.04
J48 84.65 95.65 99.26 1.12

LogitBoost 81.80 99.65 99.80 0.05
SimpleLogistic 79.73 98.07 99.80 0.19

The confusion matrix on the test dataset for the fall detection task is illustrated in Table 6 for the
FD-DNN approach. According to the data in Table 6, the accuracy, sensitivity, and specificity of the
fall detection can be calculated. It can be seen from Table 6 that the FD-DNN tends to misclassify
Sitting down and Standing up. In the case of activity Sitting down, four Sitting down samples were
misclassified as Standing up. Similarly, there were six Standing up samples that were misclassified as
Sitting down. It may be because the misclassified samples of Sitting down and Standing up are not
standard, resulting in the similarity of the two kinds of misclassified samples.

Table 6. Confusion matrix of offline test.

Predicted Activity

Falling Standing Up Walking Jogging Jumping Going
Upstairs

Going
Downstairs

Sitting
Down

Actual
Activity

Falling 239 0 0 0 0 0 0 1
Standing up 0 234 0 0 0 0 0 6

Walking 0 0 240 0 0 0 0 0
Jogging 0 0 0 239 0 1 0 0
Jumping 0 0 0 0 240 0 0 0

Going upstairs 0 0 0 0 0 238 2 0
Going downstairs 0 0 0 0 0 2 238 0

Sitting down 0 4 0 0 0 0 0 236

10 students aged 22–30 were invited to participate in online experiments. They wore the vest
and repeated each of the eight activities 10 times. The server real-time received and classified the
data sent from the sensor board in the vest. The accuracy of the online fall classification reached
98.25%, while the sensitivity and specificity were 87.72% and 100.00%, respectively. This shows that the
proposed algorithm and system have good performance and can meet the requirements of real-time
fall detection.

In order to verify the fall detection effect of the system for people over 65 years old, eight volunteers
over 65 years old were invited to participate in the experiment. Their information is shown in Table 7.
Each subject tried 10 times for each activity, so a total of 640 samples were collected. To the best of our
knowledge, there are no studies to conduct fall experiments for elderly people over 65 years old due to
the relatively high risk. Some emergencies also appeared during the experiments. Subject 1 suddenly
had difficulty breathing during the experiments, which was relieved after taking the drug. Subject 3
sweated too much during the experiments, and the experiments had to be suspended several times.
In spite of the emergencies, the volunteers persisted in completing the experiment.
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Table 7. Information for volunteers over 65.

ID Age Gender

1 65 male
2 65 female
3 66 male
4 67 male
5 68 female
6 68 male
7 69 female
8 69 female

The elderly data (the data of the subjects over the age of 65) were input into the previously trained
FD-DNN model for testing, and the accuracy was only about 20%. The reason of low accuracy is
that the motion of the elderly is slower and smaller than that of the young, and the data features are
inconsistent with the features that can be recognized by the FD-DNN model trained on the young
subjects’ data.

In order to enable the model to recognize the motion data of the elderly, 3/4 of the elderly data
were mixed with the Joint-Dataset to retrain the model. After 140-epochs training, the accuracy and
loss of FD-DNN no longer changed significantly, and the training was stopped. The test accuracy
of the model was 99.22%, the specificity was 99.88%, and the sensitivity was 94.82%. In addition,
the remaining 1/4 of the elderly data was used to test the newly trained model. The accuracy, specificity,
and sensitivity of the test were 94.38%, 100%, and 81.63%, respectively. Too few elderly data is the
reason for the low accuracy. If there are more elderly data to train the model, the test accuracy will be
further improved.

Other research showed that increasing the number of convolutional layers may be beneficial
for activity recognition [36]. Experiments were performed on the proposed FD-DNN with different
number of convolutional layers. As can be seen from Figure 7, the accuracy has a large increase when
the number of convolution layers grows from one to four, and the growth rate is smaller when the
number of convolution layers is greater than four. In particular, the accuracy of six convolution layers is
a little smaller than that of five convolution layers. Furthermore, the growing number of convolutional
layers leads to a sharp increase of trainable parameters and computational resources consumption.
For example, adding a C5 layer the same as C4 will increase the parameters by 460,000 and increase
the RAM consumption by 304 M when training. Therefore, the number of convolutional layers in
FD-DNN is set to four.
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Two experiments were designed to verify the energy saving of the sensing module. A 600 mAH
battery was used to power the sensing module, and an experiment was designed to make the sensing



Sensors 2020, 20, 4192 14 of 16

module continuously send the data in the cache to the server every 0.8 s. The experimental results
showed that the sensing module can work in this way for more than 30 h. In another real-world
experiment, two experimenters wore the vests embedded with the sensing module (powered by
a 600 mAH battery) to work normally in the laboratory for eight hours a day. The experimental
results showed that the sensing module can work continuously for 140 h on a full charge.
The power experiments show that the interrupt-driven, ZigBee-based activity sensing module has the
characteristics of low power consumption and can meet the needs of elderly people to detect falls.

5. Conclusions

This paper presents a novel low-power fall detection workflow for the elderly.
Firstly, an interrupt-driven low-power motion sensing module was designed to sense and transmit
the data of human activities. Secondly, the server-side FD-DNN was carefully designed to distinguish
between falls and ADLs. Finally, experiments were carried out both on the offline dataset and online
datasets. The experimental results show that the FD-DNN can effectively distinguish falls from daily
activities. The FD-DNN takes advantages of CNN and LSTM, which achieved higher accuracy of fall
detection than those of traditional classification algorithms. In addition, the method introduced in
this paper can achieve the battery life of more than 140 h in real life. Besides, its low-power feature is
practically available for fall detection in the elderly. The future work will focus on the ways to simplify
the network and improve the speed for fall detection.

Author Contributions: Conceptualization, L.L., J.H., and R.D.; methodology, L.L., J.H., and R.D.; software, L.L.;
validation, L.L. and J.H.; formal analysis, J.H. and R.D.; investigation, L.L. and J.H.; resources, L.L. and J.H.; data
curation, L.L. and J.H.; writing—original draft preparation, L.L.; writing—review and editing, L.L., Y.H., J.H., J.L.,
and R.D.; visualization, L.L.; supervision, Y.H. and J.H.; project administration, Y.H. and J.H.; funding acquisition,
Y.H. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Acknowledgments: The authors would like to thank all the students who participated in the experiments.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. World Health Organization. World Report on Ageing and Health; World Health Organization: Geneva,
Switzerland, 2015.

2. Sri-On, J.; Tirrell, G.P.; Bean, J.F.; Lipsitz, L.A.; Liu, S.W. Revisit, subsequent hospitalization, recurrent fall,
and death within 6 months after a fall among elderly emergency department patients. Ann. Emerg. Med.
2017, 70, 516–521. [CrossRef] [PubMed]

3. Young, W.R.; Williams, A.M. How fear of falling can increase fall-risk in older adults: Applying psychological
theory to practical observations. Gait Posture 2015, 41, 7–12. [CrossRef] [PubMed]

4. Angal, Y.; Jagtap, A. Fall detection system for older adults. In Proceedings of the 2016 IEEE International
Conference on Advances in Electronics, Communication and Computer Technology (ICAECCT), New York,
NY, USA, 2–3 December 2016.

5. Lapierre, N.; Neubauer, N.; Miguel-Cruz, A.; Rincon, A.R.; Liu, L.; Rousseau, J. The state of knowledge
on technologies and their use for fall detection: A scoping review. Int. J. Med Inform. 2018, 111, 58–71.
[CrossRef] [PubMed]

6. Cheffena, M. Fall detection using smartphone audio features. IEEE J. Biomed. Health Inform. 2015, 20,
1073–1080. [CrossRef]

7. Harrou, F.; Zerrouki, N.; Sun, Y.; Houacine, A. Vision-based fall detection system for improving safety of
elderly people. IEEE Instrum. Meas. Mag. 2017, 20, 49–55. [CrossRef]

8. Debard, G.; Mertens, M.; Deschodt, M.; Vlaeyen, E.; Devriendt, E.; Dejaeger, E.; Milisen, K.; Tournoy, J.;
Croonenborghs, T.; Goedemé, T.; et al. Camera-based fall detection using real-world versus simulated data:
How far are we from the solution? J. Ambient Intell. Smart Environ. 2016, 8, 149–168. [CrossRef]

http://dx.doi.org/10.1016/j.annemergmed.2017.05.023
http://www.ncbi.nlm.nih.gov/pubmed/28688769
http://dx.doi.org/10.1016/j.gaitpost.2014.09.006
http://www.ncbi.nlm.nih.gov/pubmed/25278464
http://dx.doi.org/10.1016/j.ijmedinf.2017.12.015
http://www.ncbi.nlm.nih.gov/pubmed/29425635
http://dx.doi.org/10.1109/JBHI.2015.2425932
http://dx.doi.org/10.1109/MIM.2017.8121952
http://dx.doi.org/10.3233/AIS-160369


Sensors 2020, 20, 4192 15 of 16

9. Ciuti, G.; Ricotti, L.; Menciassi, A.; Dario, P. MEMS sensor technologies for human centred applications in
healthcare, physical activities, safety and environmental sensing: A review on research activities in Italy.
Sensors 2015, 15, 6441–6468. [CrossRef]

10. Casilari, E.; Oviedo-Jiménez, M.A. Automatic fall detection system based on the combined use of a smartphone
and a smartwatch. PLoS ONE 2015, 10, e0140929. [CrossRef]

11. Wu, F.; Zhao, H.; Zhao, Y.; Zhong, H. Development of a wearable-sensor-based fall detection system. Int. J.
Telemed. Appl. 2015, 2015, 2. [CrossRef]

12. Özdemir, A. An analysis on sensor locations of the human body for wearable fall detection devices: Principles
and practice. Sensors 2016, 16, 1161. [CrossRef]

13. Qu, W.; Lin, F.; Wang, A.; Xu, W. Evaluation of a Low-Complexity Fall Detection Algorithm on Wearable Sensor
Towards Falls and Fall-Alike Activities, Proceedings of the 2015 IEEE Signal Processing in Medicine and Biology
Symposium (SPMB), Philadelphia, PA, USA, 12 December 2015; IEEE: Piscataway Township, NJ, USA, 2015;
pp. 1–6.

14. Qu, W.; Lin, F.; Xu, W. A Real-Time Low-Complexity Fall Detection System on the Smartphone. In Proceedings
of the 2016 IEEE First International Conference on Connected Health: Applications, Systems and Engineering
Technologies (CHASE), Washington, DC, USA, 27–29 June 2016; IEEE: Piscataway Township, NJ, USA, 2016;
pp. 354–356.

15. Salgado, P.; Afonso, P. Body Fall Detection with Kalman Filter and SVM. In Proceedings of the 11th Portuguese
Conference on Automatic Control (CONTROLO), Porto, Portugal, 21–23 July 2014; pp. 407–416.

16. Luo, K.; Li, J.; Wu, J.; Yang, H.; Xu, G. Fall detection using three wearable triaxial accelerometers and
a decision-tree classifier. Biomed. Eng. Appl. Basis Commun. 2014, 26, 1450059. [CrossRef]

17. Khojasteh, S.; Villar, J.; Chira, C.; González, V.; De La Cal, E. Improving fall detection using an on-wrist
wearable accelerometer. Sensors 2018, 18, 1350. [CrossRef] [PubMed]

18. Huynh, Q.T.; Nguyen, U.D.; Tran, B.Q. A Cloud-Based System for In-Home Fall Detection and Activity
Assessment. In Proceedings of the International Conference on the Development of Biomedical Engineering
in Vietnam, Ho Chi Minh, Vietnam, 27–29 June 2018; pp. 103–108.

19. Gia, T.N.; Sarker, V.K.; Tcarenko, I.; Rahmani, A.M.; Westerlund, T.; Liljeberg, P.; Tenhunen, H. Energy
efficient wearable sensor node for IoT-based fall detection systems. Microprocess. Microsyst. 2018, 56, 34–46.

20. Hosseini, M.; Hassanabadi, H.; Hassanabadi, S. Solutions of the Dirac-Weyl equation in graphene under
magnetic fields in the Cartesian coordinate system. Eur. Phys. J. Plus 2019, 134, 6. [CrossRef]

21. Bet, P.; Castro, P.C.; Ponti, M.A. Fall detection and fall risk assessment in older person using wearable sensors:
A systematic review. Int. J. Med Inform. 2019, 130, 103946. [CrossRef] [PubMed]

22. MPU-6050 Six-Axis (Gyro + Accelerometer) MEMS MotionTracking™ Devices. Available online: https:
//www.invensense.com/products/motion-tracking/6-axis/mpu-6050/ (accessed on 9 January 2020).

23. Santos, G.L.; Endo, P.T.; Monteiro, K.H.d.C.; Rocha, E.d.S.; Silva, I.; Lynn, T. Accelerometer-Based Human
Fall Detection Using Convolutional Neural Networks. Sensors 2019, 19, 1644. [CrossRef] [PubMed]

24. Welhenge, A.M.; Taparugssanagorn, A. Human activity classification using long short-term memory network.
Signal Image Video Process. 2019, 13, 651–656. [CrossRef]

25. Hamker, F.H. Predictions of a model of spatial attention using sum-and max-pooling functions.
Neurocomputing 2004, 56, 329–343. [CrossRef]

26. Lanchantin, J.; Singh, R.; Wang, B.; Qi, Y. Deep motif dashboard: Visualizing and understanding genomic
sequences using deep neural networks. Pac. Symp. Biocomput. 2017, 22, 254–265.

27. Krizhevsky, A.; Sutskever, I.; Hinton, G.E. Imagenet classification with deep convolutional neural networks.
Adv. Neural Inf. Process. Syst. 2012, 25, 1097–1105. [CrossRef]

28. Sucerquia, A.; López, J.; Vargas-Bonilla, J. SisFall: A fall and movement dataset. Sensors 2017, 17, 198.
[CrossRef] [PubMed]

29. Vavoulas, G.; Pediaditis, M.; Spanakis, E.G.; Tsiknakis, M. The Mobifall Dataset: An Initial Evaluation of Fall
Detection Algorithms Using Smartphones. In Proceedings of the 13th IEEE International Conference on
BioInformatics and BioEngineering, Chania, Greece, 10–13 November 2013; IEEE: Piscataway Township, NJ,
USA, 2013; pp. 1–4.

30. Tian, T.; Sun, S.; Lin, H. Distributed fusion filter for multi-sensor systems with finite-step correlated noises.
Inf. Fusion 2019, 46, 128–140. [CrossRef]

http://dx.doi.org/10.3390/s150306441
http://dx.doi.org/10.1371/journal.pone.0140929
http://dx.doi.org/10.1155/2015/576364
http://dx.doi.org/10.3390/s16081161
http://dx.doi.org/10.4015/S1016237214500598
http://dx.doi.org/10.3390/s18051350
http://www.ncbi.nlm.nih.gov/pubmed/29701721
http://dx.doi.org/10.1140/epjp/i2019-12429-1
http://dx.doi.org/10.1016/j.ijmedinf.2019.08.006
http://www.ncbi.nlm.nih.gov/pubmed/31450081
https://www.invensense.com/products/motion-tracking/6-axis/mpu-6050/
https://www.invensense.com/products/motion-tracking/6-axis/mpu-6050/
http://dx.doi.org/10.3390/s19071644
http://www.ncbi.nlm.nih.gov/pubmed/30959877
http://dx.doi.org/10.1007/s11760-018-1393-7
http://dx.doi.org/10.1016/j.neucom.2003.09.006
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.3390/s17010198
http://www.ncbi.nlm.nih.gov/pubmed/28117691
http://dx.doi.org/10.1016/j.inffus.2018.05.002


Sensors 2020, 20, 4192 16 of 16

31. Xiao, D.; Yu, Z.; Yi, F.; Wang, L.; Tan, C.C.; Guo, B. Smartswim: An infrastructure-free swimmer localization
system based on smartphone sensors. In Proceedings of the International Conference on Smart Homes and
Health Telematics, Wuhan, China, 25–27 May 2016; pp. 222–234.

32. Duchi, J.; Hazan, E.; Singer, Y. Adaptive subgradient methods for online learning and stochastic optimization.
J. Mach. Learn. Res. 2011, 12, 2121–2159.

33. Dauphin, Y.; De Vries, H.; Bengio, Y. Equilibrated adaptive learning rates for non-convex optimization.
Adv. Neural Inf. Process. Syst. 2015, 1, 1504–1512.

34. Kingma, D.P.; Ba, J. Adam: A method for stochastic optimization. arXiv 2014, arXiv:1412.6980. Available online:
https://arxiv.org/pdf/1412.6980v1.pdf (accessed on 27 July 2020).

35. Hall, M.; Frank, E.; Holmes, G.; Pfahringer, B.; Reutemann, P.; Witten, I.H. The WEKA data mining software:
An update. ACM SIGKDD Explor. Newsl. 2009, 11, 10–18. [CrossRef]

36. Ordóñez, F.; Roggen, D. Deep convolutional and lstm recurrent neural networks for multimodal wearable
activity recognition. Sensors 2016, 16, 115. [CrossRef]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

https://arxiv.org/pdf/1412.6980v1.pdf
http://dx.doi.org/10.1145/1656274.1656278
http://dx.doi.org/10.3390/s16010115
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Sensing Motion Data 
	Energy-Efficient Data Sensing Module 
	Energy-Efficient Data Sensing and Transmission Algorithm 

	Deep Neural Network for Fall Detection 
	Experiments and Evaluation 
	The Experimental Environment 
	Datasets 
	Methodology 
	Results and Discussion 

	Conclusions 
	References

