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Abstract - The goal of this work is to achieve a small model which have huge possibilities to implements on small 
embedded system. We use convolutional neural network (CNN) to classify human’s 3D skeleton information as falling 
cases. After deploying several simple rules, the network is small enough to execute without CUDA support platform and 
retains the accuracy over 99% on NTURGB+D dataset. 
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I. INTRODUCTION 
 
The aging of the population and the elders living 
alone have become a major problem in modern 
society. How to develop and improve the products of 
elderly care is also an important issue in today's 
health care system. For the elders, falling would often 
cause serious injuries, especially those who live alone 
or whose family members have to go out to work. 
The lack of contact with family members is likely to 
cause regret because the injuries cannot be detected in 
time.[1] 
 
As a result, there are a variety of fall detection 
surveillance systems for 24-hour care. Surveillance 
devices can be divided into two categories by their 
install location, wearable devices and non-wearable 
devices. Wearable devices systems receive various 
signals by means of sensors which are attached to the 
elder’s body in order to determine if it is an 
emergency situation. A non-wearable devices system 
is usually set up in corner of the home, and its 
information is obtained through one or more video 
and depth cameras, and then an image-processing 
algorithm is used to determine whether it is a 
dangerous situation or not. Compared with wearable 
system, non-wearable system is more convenient to 
set up and less burdensome for the elders. 
Compared with the traditional algorithm, the deep 
neural network model has higher robustness and can 
accurately distinguish the positive and negative 
samples for various complex cases, but when 
increasing complexity of the input and output, the 
number of parameters and computation required from 
deep neural network model will also have a 
significant increase, it is difficult to achieve real-time 
implementation in small embedded systems. 
 
II. RELATED WORKS 
 
In our previous work, we have implemented a real-
time fall detection system [2], which used multiple 
foreground segmentation algorithms to segment 
various objects and label the characters before 

performing a fall detection calculation. However, 
these methods would have a significant effect only on 
situations where the background is simple and is not 
updated frequently. 

 
Fig.1 skeleton tracker sequence of a fallingcase in NTURGB+D 

dataset 
 
Through the method of deep learning model, using 
NTURGB+D dataset [3], which is captured by 
Microsoft Kinect v2 module to retrieve 25 skeleton 
joints, fig.1 shows a sequence of a falling data in 
NTRGB+D dataset, and then train a one-dimensional 
convolutional neural network model, let the network 
self-learning features to determine whether the 
specified situation. As long as the dataset already 
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contains all kinds of complex situations, the deep 
learning model has a fairly good robustness. [4] 
For determining all types of pose [5][6], we need to 
take into account the interaction of multiple people. 
Even if it does not exist, the input still needs to 
contain multiple body information. There are 60 
poses in the NTURGB dataset, but the fall detection 
model only needs to identify one class, and it just 
have to consider the individual behavior of each 
targets, and the other categories no matter what pose 
it is, are considered negative. So, there is no need to 
include the interaction of multiple characters in the 
training. 
 
If using the model trained by the full dataset to pre-
train the network for a better initial training point, it 
would be difficult to reduce the number of parameters 
later on, so begin with training very small models 
directly to meet the requirements, by the same 
requirements, we do not adopt complex network 
architectures, such as RESNET or LSTM. 
 
III. DETAILS EXPERIMENTAL  
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Fig.2.  Model Structure 
 

Fig.2 shows the basic structure of the network which 
the experiments in this paper will use, in order to 
minimize the computation time and memory usage, 
we chose the simple model. 
 
3.1. Affecting factors and Procedures 
Table.1 reveals a simple model of pose estimation, 
which is designed for 60 types of poses. In order to 
decrease the parameter and computation time, we 
considered the following factor. 
1. Decrease the filter unit of each layer. 
2. Increase the pooling layer numbers. 
3. Decrease the input frame numbers. 
4. Decrease the convolution kernel size. 
5. Balanced the amount of parameter and 

computation among all layers. 
 
Most of joint motion is linear in the small scale, so 
we sampled all input batches to a certain value. Since 
NTURGB+D dataset vary from 60 to 240 frames per 
data, the input is sampled to 1/4 to 1/16 times of the 
original FPS. 
 

 
Table.1: Network Details of Original Design 

 
 

3.2. Training Environment 
The experiment environment is employed on a Nvidia 
GeForce GTX 1080ti graphic card using TensorFlow 
library.The falling categories of the NTURGB+D 
dataset are taken out separately, and the other actions 
are taken out randomly for each category, for a total 
of approximately twice as much as falling categories 
during training.The total number of positive falls was 
946, of which 246 were used as samples for the 
validation set. 
 
In order to avoid overfitting and optimizing the 
classification, we add l1 regularizer, the scalar 
multiplier is set to 1e-5 and l2 regularizer, the scalar 
multiplier is set to 1e-5. The gradient descent 
optimizer is Stochastic Gradient Descent, with 
learning rate is set to 0.0005, and batch size is 200, all 
situations were trained 50,000 iterations.We use 
SoftMax cross entropy as loss function (1), and ReLU 
as activation function to all layers,yigt is the labeled 
data which represented falling or not, yiis the network 
output, i is the data count in a batch, because they 
have better performance on classification problems. 

cross entropy loss   =   y ∗ log y       (1) 

We adjusted the coefficient of all factors until the 
network goes unstable and wouldn’t converge. The 
final result is revealed on Table 2. Since the 
maximum computation amount is occurred in first 
layer, and maximum parameter’s amount is occurred 
in first fc layer, we particularly adjust them until the 
layerhas no significant effect. 
All training situation has to result in 99% F1 score (2). 
Table 2 reveals the model details after the reduction 
of all parameters. The model is much smaller than the 
original non-specific pose estimation model. 

F1score =
2 ∗ Precision ∗ Recall

Precision + Recall                (1) 
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Table.2: Network Structure after final reduction and balance 
parameters 

 
 
IV. RESULTS AND DISCUSSION 
 
The result from experiment construct a model which 
parameters are 606 in total and FLOPS is 4434 in 
total, it is small enough to implement to an ASIC chip 
or on a low-cost microcontroller. The two major issue 
are listed below. 
 
4.1. Model size and the training period 
Smaller the model, the unstable the training process, 
because we can’t use pretrained model as a better 
starting point to train, the optimizer is hard to find the 
right ways to lower the loss value.But trying multiple 
starting points, it will always generate a accurate 
model eventually. 
The fig.3 fig.4 shows the loss and accuracy curve 
during training, it reveals that all models converge at 
a satisfied point without precision loss. 
 
4.2. Factors which won’t affect parameters 
The 3D coordinate has already been normalized, so 
we take no account ofdata normalizing. Since the 
falling detection with skeleton tracker is a 
classification problem, we use l1 regularizer to 
improve the classifier works. The dropout layer cause 
network much unstable during training, so we didn’t 
use it, using l2 regularizer instead. 
 

 
Fig.3. different model loss curve. 

(x-axis: 100 iteration, y-axis: loss value) 

 
Fig.4. different model F1-score curve. 

(x-axis: 1000 iteration, y-axis: F1-score value) 
 
CONCLUSIONS 
 
In this paper, we verify the possibilities of decreasing 
the weight parameters and the amount of 
computations of the falling detection deep learning 
model. The main problem is decomposed to 
following two parts. 
1. Which factor of network and input stream could 

be operated. 
2. Which assistant method such as regularizer, 

batch normalization and maxpooling,  
 
We adopt CNN to classify the skeleton joint data 
from Kinect v2 module, then decreased different 
factor to minimized parameter and computation times. 
Based on this work, we are able to design a small 
model for low cost embedded chips. 
 
FUTURE WORKS 
 
With a small model without trading with accuracy, 
we can further implement pruning [7] and model 
approximations [8][9]. This could help the model 
become more efficient in both memory usage and 
computation time. 
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