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ABSTRACT 
 
Fall accidents are a common cause of critical injuries among older adults. Therefore, 
fall detection systems have garnered considerable attention in research and 
industry. Feature extraction is the key for detecting falls, but it is time-consuming 
and tedious process. Deep learning can autonomously extract features from raw 
sensor data. In this study, we proposed a fall detection algorithm for wearable 
devices using a convolutional neural network (CNN) to differentiate falls from 
activities of daily living. The proposed model achieved over 99% metrics (sensitivity, 
specificity, precision, accuracy, and F1 score) by evaluating two different public 
datasets and provided better classification performance compared to other fall 
detection models in the same dataset. The higher CNN performance was 
recognized without requiring complex data preparation and manual feature 
extraction. Results from this study could induce CNN through the application of 
classification problems in technological environments. 
 
Keywords: classification algorithms; convolutional neural network; deep learning; machine 
learning; wearable fall detection systems 
 
 

1. INTRODUCTION                                    
 
The rapidly increasing aging populations in developed and 
developing countries amplify the demand for assisted living 
in elderly care (Hadjadji et al., 2022). Statistics indicate that 
older people over 65 years are prone to falls, resulting in 
severe health problems (Chen et al., 2019; Ren and Peng, 
2019). Among various issues that affect the daily safety of the 
elderly, falls are a major problem affecting their health (Ren 
and Peng, 2019). Many elderlies tend to live alone. Automatic 
fall detection systems can serve as a solution to provide 
timely assistance to those who fall (Mubashir et al., 2013). 
Simply stated, fall detection devices can improve the quality 
of life and reduce the cost of medical care for people with fall 
risk (Özdemir and Barshan, 2014). 
       In the last two decades, owing to the availability of 
wearable devices, wearable-based fall detection systems 
have become popular and are extensively researched (Al 

Rakhami et al., 2021; Tucker et al., 2015). Several findings 
indicate that the accelerometer and gyroscope have been 
extensively used for detecting falls in wearable-based devices 
(Mubashir et al., 2013). Furthermore, the use of only one 
accelerometer utilizes less computational resources and 
energy than multi-sensors (Pires et al., 2020). This can 
increase the acceptance of fall detection devices as the 
frequency of recharging batteries is reduced (Özdemir and 
Barshan, 2014). 
       A critical challenge of wearable fall detection systems is 
to differentiate actual falls from other fall-like activities 
(Kwolek and Kepski, 2014). Unfortunately, the ineffective 
classification algorithm of the fall detection system makes the 
system unreliable and can pose a danger to the user (Xu et al., 
2018). The threshold-based method is a basic wearable fall 
detection algorithm in which features are calculated from 
raw sensor data and evaluated to determine whether a fall 
has occurred (Razum et al., 2018). The use of only a 
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threshold-based algorithm can result in many false alarms 
(Kwolek and Kepski, 2014). 
       Machine learning (ML) is a part of artificial intelligence 
in which mathematical algorithms (e.g., artificial neural 
network (ANN) and logistic regression (Abouzari et al., 
2020) are used to improve performance by analyzing the 
existing data. ML methods extract features from the 
acquired data and classify the data to detect a fall (Panahi 
and Ghods, 2018). ML methods provide better 
performance than threshold-based methods for 
differentiating falls from activities of daily living (ADLs) 
(Khojasteh et al., 2018). However, ML performance relies 
on the quality of handcrafted features, which is a time-
consuming process to develop and select the appropriate 
features for achieving optimal performance (Hossain et al., 
2018). 
       Deep learning (DL) is a type of ML method that can 
extract features from the raw data (Souza et al., 2021), 
known as non-handcrafted features (Vernikos et al., 2019). 
Convolutional neural network (CNN) is a type of 
feedforward neural network in DL that uses convolution in 
place of matrix multiplication in at least one of the layers, 
inspired by how the human visual cortex processes 
information (Gao et al., 2021). CNN methods, which are 
well-known for their promising performance in human 
activity recognition (Gao et al., 2021), could be developed 
to classify falls and ADLs (He et al., 2019) using a 3-axis 
accelerometer and gyroscope for RGB bitmap. 
       The objective of this study was to develop a fall detection 
algorithm using CNN methods based on raw data from a single 
accelerometer. The performance of the proposed algorithm 
was compared to that of conventional ML algorithms using 
the same two datasets. The findings could be implemented 
into a wearable fall detection device as a conceptual model, 
which was presented in the conclusion section. 
 
 
2. MATERIALS AND METHODS    
 
2.1 Architecture of CNN 
CNN transformed the input data into an output answer 
using a stack of different layers. Figure 1 shows that the 

CNN architecture contains convolutional layers, a rectified 
linear unit (ReLU) activation function, pooling layers, fully 
connected layers (FCL), and a softmax activation function. 
Convolutional layers comprise a series of convolution 
kernel, that extract local features from raw input data. 
Parameters of convolution kernels are size, number of 
kernels, padding, and stride, which should be customized 
and optimized according to input data and the architecture 
of the model (Patil and Rane, 2021). 
       The activation functions transformed the value of the 
input into the output. ReLU was used for all convolutional 
layers that allow more efficient training of deeper 
networks (Chen and Ho, 2019). Additionally, ReLU had 
fewer vanishing gradient problems as compared to 
sigmoidal activation functions (Ide and Kurita, 2017). 
ReLU is represented as follows: 
 

 𝑓𝑓 �𝑧𝑧𝑙𝑙(𝑖𝑖.𝑗𝑗) �  =  max{0, 𝑧𝑧𝑙𝑙(𝑖𝑖.𝑗𝑗)},                 (1) 

where 𝑓𝑓(. ) is the activation function. 
       A pooling layer could reduce the dimensions of the 
extracted feature maps. Having few parameters enables 
the neural network model to train and run faster. 
Maxpooling is the most common function employed to 
reduce the data size from the convolution layer and 
accelerate the computing process (Souza et al., 2021). 
       FCL was the last layer in the network that has a multi-
layer perceptron (MLP) neural network. The output data 
from the last convolution and pooling layer was flattened 
into a single dimension and sent to FCL. The model results 
were classified by FCL, where the number of output nodes 
was the same number of labeled data classes (Al Nahian et 
al., 2020).  
       The softmax activation function has been used in 
various classification methods to calculate the final output 
from the last FCL (Souza et al., 2021). This activation 
function represents the probability distribution of the 
targeted class over different classes (Rodríguez et al., 
2018). This function provided the output of the class range 
of 0–1 and the sum of the outputs from all classes, which 
was 1.

 

 
Figure 1. Typical CNN architecture 

 
2.2 Datasets 
The development of a wearable-based fall detection 
algorithm with CNN (FD-CNN) is based on the public fall 
datasets comprising tFall (Medrano et al., 2014) and SisFall 
(Sucerquia et al., 2017). This study utilized two public 
datasets of falls to evaluate their performance. The 

datasets were separated for training (60%), validating 
(10%), and testing (30%) to optimize the performance of 
the CNN model. Training data was used during the learning 
process for fitting weights of the CNN. Validation data was 
utilized to tune the hyperparameters of the CNN. Testing 
data was employed to assess the performance of the 
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trained and validated CNN. The proposed model focused 
on the binary classification that detects falls and ADLs 
using the raw data from an accelerometer. All fall and ADL 

types were grouped into falls and ADL classes. Figures 2 
and 3 show examples of acceleration data for fall and ADLs, 
respectively.

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Fall acceleration data 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. ADL acceleration data  

 
2.2.1 tFall dataset 
The tFall dataset contained 7816 activities (503 falls and 
7313 ADLs) (Medrano et al., 2014). The data were gathered 
from a 3-axis accelerometer located in the pouches of 10 
subjects. The data length was 6 s with a sampling frequency 
of 50 Hz. The synthetic minority oversampling technique 
was employed on the fall data to prevent imbalanced 
classification and overfitting due to the minority class of an 
imbalanced dataset (Wang et al., 2019).  
 
2.2.2 SisFall dataset 
The SisFall dataset consisted of 4505 activities (1798  
falls and 2707 ADLs) (Sucerquia et al., 2017). The data 
were gathered from two 3-axis accelerometers and a  
3-axis gyroscope installed at the waists of the subjects (23 
young adults and 15 older adults). The data length was 
between 10 and 18 s with a sampling frequency of 200 Hz. 

2.3 Data pre-processing 
For wearable-based fall detection systems, there is no 
significant benefit in using human motion data with a 
sampling frequency higher than 25 Hz (Liu et al., 2018). 
Therefore, the original data of the two datasets was first 
down-sampled to 25 Hz. The impact point-based method 
was then used because a fall causes an impact (Wang et al., 
2019). The acceleration magnitude (AM) (Equation 2) with 
a threshold of 1.6 g (Kau and Chen, 2015) and a window of 
6 s (Hosseinian et al., 2019) was used to segment the down-
sampled data at the peak of impact. 

 𝐴𝐴𝐴𝐴 �𝑎𝑎[𝑛𝑛] = �𝑎𝑎[𝑛𝑛]𝑥𝑥2 + 𝑎𝑎[𝑛𝑛]𝑦𝑦2 + 𝑎𝑎[𝑛𝑛]𝑧𝑧2�                  (2) 
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2.4 Proposed CNN model  
In this study, we proposed the FD-CNN model to 
differentiate falls from ADLs. This model used only a 3-axis 
accelerometer data as input vectors for training, validation, 
and testing, similar to previous studies (Torti et al., 2019; 
Wang et al., 2019). The FD-CNN model structure is 
presented as a flowchart in Figure 4. The input layer 
received segmented data from a 3-axis accelerometer. A 
batch normalization layer followed the input layer to make 
the data distribution consistent (Wang et al., 2022). Three 
convolution layers consisted of 16, 32, and 64 kernels, with 
a ReLU activation function connected to the batch 
normalization layer (Gadaleta and Rossi, 2018). Each 
kernel size was set to 1 × 3 with a stride of 1. 

       The maxpooling layer followed each convolution layer 
to reduce data dimension (Yadav et al., 2022). A dropout 
rate of 0.05 was used to avoid overfitting problems and 
gradient vanishing (Xu et al., 2021; Yadav et al., 2022). Two 
FCLs comprised 512 and 32 neurons, with a softmax 
activation function appended at the end of the model. In the 
development process, the hyperparameters of the model 
were manually adjusted and trained for 85 epochs with 
early stopping. The TensorFlow framework with Keras 
was used for developing CNN architectures on a computer 
equipped with Intel(R) Core(TM) i7-6700 at 3.40 GHz, 16 
GB of RAM, and a GeForce GTX 1060 GPU with 6 GB of 
memory.

 

Figure 4. Structure of the FD-CNN model 
 
 
3. RESULTS 
 
The performance of the FD-CNN model was validated and 
compared to that of previous studies. Two datasets were 
used to test the FD-CNN model.  
 
3.1 Experiments on tFall dataset 
The proposed FD-CNN model was tested and validated on 
the tFall dataset. Figures 5(a) and 5(b) illustrate the 
accuracy and loss plots on the tFall dataset, respectively, 

achieving a steady state in 8 epochs. In the training process, 
the accuracy showed continual improvement, whereas the 
loss showed normal convergence. Thus, it could be implied 
that the model is reliable and valid (Zhang et al., 2022). The 
confusion matrix of this dataset is presented in Figure 6, 
where very few falls and ADLs were misclassified to other 
classes. The results of the testing set indicated that 
accuracy was 99.15%, precision was 99.15%, sensitivity 
was 99.06%, specificity was 99.25%, and the F1-score was 
0.9915. The running time of the tFall dataset was 2 ms.
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Figure 5. Training and validation using the tFall dataset: (a) accuracy plot, (b) loss plot 

Figure 6. Confusion matrix for testing the data of the tFall dataset 

 
3.2 Experiments on SisFall dataset 
The proposed model was tested and validated for the SisFall 
dataset. Figures 7(a) and 7(b) illustrate the accuracy and 
loss plots, respectively, achieving a steady state in 11 epochs. 
The confusion matrix of this dataset is presented in Figure 8.  
 

The findings of the tFall dataset described in Section 3.1  
are shown in Figures 7 and 8. In the testing phase, the 
results indicated accuracy (99.10%), precision (99.09%), 
sensitivity (98.54%), specificity (99.81%), and F1-score 
(0.9909). The running time of SisFall dataset is 2 ms.  

Figure 7. Training and validation using the SisFall dataset: (a) accuracy plot, (b) loss plot  

(a) (b) 

(a) (b) 
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Figure 8. Confusion matrix for the testing data of the SisFall dataset  
 
 
4. DISCUSSION 
 
Fall can cause death and injury among the elderly. Fall 
detection is critical and has gained more attention among 
researchers. ML models are commonly used for 
recognizing falls among ADLs of the elderly, e.g., SVM 
(Carletti et al., 2017; Medrano et al., 2014), Kmeans + ANN 
(Medrano et al., 2014), MLP (Nguyen et al., 2018), k-
nearest neighbor (KNN) (Nguyen et al., 2018), decision 
tree (DT) (Badgujar and Pillai, 2020), gradient boosting 
(GB) (Zurbuchen et al., 2020), and bidirectional long short-
term memory (BiLSTM) (Waheed et al., 2021). The 
mentioned models have unsatisfactory performance and 
rely on the quality of handcrafted features. They are time-
consuming and tedious (Hossain et al., 2018; Ronao and 
Cho, 2016) owing to the requirement of extensive human 
labor and knowledge of manual feature designs (Souza et 
al., 2021). The handcrafted features are calculated and fed 
into the ML model for training and testing. Examples are 

(1) sum vector magnitude on the horizon plane, (2) 
maximum peak to peak AM, (3) angle between the z-axis 
and vertical, (4) orientation change in the horizontal plane, 
and (5) jerk (rate of acceleration change) (Badgujar and 
Pillai, 2020). 
       We developed the FD-CNN model for a fall detection 
algorithm utilizing the raw accelerometer data. The 
proposed algorithm was based on DL techniques, which 
could extract features from raw data. The performance of 
the FD-CNN model was tested on two public datasets (tFall  
and SisFall) using five metrics (sensitivity, specificity, 
precision, accuracy, and F1 score). Tables 1 and 2 show the 
comparisons between the previous and current studies 
with conventional ML methods in the same datasets. The 
performance metrics in Tables 1 and 2 were obtained from 
the original publications. FD-CNN was the model that 
archives the highest accuracy for detecting falls and ADLs 
on each dataset. The accuracy of the FD-CNN model 
reached more than 99% on both datasets.

 
Table 1. Comparison of the tFall dataset results of previous studies and current study 
 
Method Sensitivity (%) Specificity (%) Precision (%) Accuracy (%) F1 score 
SVM (Medrano et al., 2014) 95.40 92.40 - 93.90 - 
Kmeans + ANN (Medrano et al., 2014) 91.00 90.30  90.70  
SVM (Carletti et al., 2017) 95.20 95.40 - - - 
This study 99.06 99.25 99.15 99.15 0.9915 
 
Table 2. Comparison of SisFall dataset results of previous studies and this study 
 
Method Sensitivity (%) Specificity (%) Precision (%) Accuracy (%) F1 score 
MLP (Nguyen et al., 2018) 98.26 99.62 - 99.05 - 
KNN (Nguyen et al., 2018) 97.06 97.89 - 97.54 - 
SVM (Nguyen et al., 2018) 99.73 97.70 - 98.55 - 
DT (Badgujar and Pillai, 2020) - - - 96.00 - 
GB (Zurbuchen et al., 2020) 98.06 99.21 - 98.70 - 
BiLSTM (Waheed et al., 2021) 100 95.45 94.28 97.41 - 
CNN (He et al., 2019) 98.62 99.80 - 98.61 - 
This study 98.54 99.81 99.09 99.10 0.9909 
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       In this study, the raw data of one accelerometer was 
used as the input for the FD-CNN model, which provided 
higher classification performance. In accordance with the 
research of Souza et al. (2021), we found that DL could 
work with raw data to avoid the transformation of raw 
data to vectors and statistical parameters needed in other 
models. The selection of statistical parameters is difficult 
because it significantly impacts the performance of the 
classification models (Souza et al., 2021; Jia et al., 2020). 
Moreover, the lowered number of motion sensors can 
reduce computational resources and energy consumption 

when implementing the model into the device (Pires  
et al., 2020). The proposed model focused on binary 
classification to identify falls and ADLs. It achieved higher 
performance compared to multi-class classification, as 
reported by He et al. (2019), by feeding the RGB bitmap 
of accelerometer and gyroscope data into the CNN model. 
The result agrees with the previous research findings of 
Kerdjidj et al. (2020), indicating that binary classification 
has better performance than multi-class classification. 
The hyperparameters of the FD-CNN model are shown in 
Table 3.

 
Table 3. Hyperparameters of the FD-CNN model 
 

Hyperparameters Value 

Number of Batch Normalization Layer 1 
Number of Convolutional and Maxpooling Layers 3 
Number of Filters of Conv2D 1 16 
Pool Size of Maxpooling 1 16 
Number of Filters of Conv2D 2 32 
Pool Size of Maxpooling 2 32 
Number of Filters of Conv2D 3 64 
Pool Size of Maxpooling 3 64 
Dropout Rate 0.05 
Number of Dense Layers 2 
Dense Neurons 1 512 
Dense Neurons 2 32 

 
 
5. CONCLUSION 
 
In this study, we developed a fall detection model based  
on wearable sensors. The findings demonstrated the 
effectiveness of using CNN-based methods on the raw data 
of an accelerometer to detect falls and ADLs. Complex  
data preparation and manual feature extraction were  
not necessary for this model. Overall, the detection 
performance of the FD-CNN model is suitable and 
demonstrates that CNN with the raw data of a single 

accelerometer could be implemented in a realistic fall 
detection system. The limitation of this study was the use of 
only two public datasets for evaluating the performance of 
the model. In the future, the proposed methods can be 
implemented into a real-time system to detect falls based on 
TensorFlow Serving and IoT platforms. The raw data from  
the accelerometer is sent to the FD-CNN model, which is 
implemented on a cloud service. When a fall is detected, the 
fall detection device will send an alert message to caregivers 
and healthcare services, as demonstrated in Figure 9.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 9. Conceptual model of the IoT-fall detection system
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