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Abstract: With the widespread use of Internet of Things (IoT) technology in daily life and the considerable safety risks of falls for elderly individuals, research on IoT-based fall detection systems has gained much attention. This paper proposes an IoT-based spatiotemporal data processing framework based on a depthwise separable convolution generative adversarial network using skip-connection (Skip-DSCGAN) for fall detection. The method uses spatiotemporal data from accelerometers and gyroscopes in inertial sensors as input data. A semisupervised learning approach is adopted to train the model using only activities of daily living (ADL) data, which can avoid data imbalance problems. Furthermore, a quantile-based approach is employed to determine the fall threshold, which makes the fall detection framework more robust. This proposed fall detection framework is evaluated against four other generative adversarial network (GAN) models with superior anomaly detection performance using two fall public datasets (SisFall & MobiAct). The test results show that the proposed method achieves better results, reaching 96.93% and 92.75% accuracy on the above two test datasets, respectively. At the same time, the proposed method also achieves satisfactory results in terms of model size and inference delay time, making it suitable for deployment on wearable devices with limited resources. In addition, this paper also compares GAN-based semisupervised learning methods with supervised learning methods commonly used in fall detection. It clarifies the advantages of GAN-based semisupervised learning methods in fall detection.
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1  Introduction

Fall events are nothing more than a common occurrence in everyday life, but for elderly individuals, there are significant safety risks following a fall, and it is one of the major risk factors for injury or death in elderly individuals. According to the World Health Organization, falls are the second leading cause of unintentional injury deaths worldwide, with an estimated 684,000 deaths worldwide each year due to falls. The largest proportion of fatal fall injuries occurs in people over the age of 60; even if not fatal, there are still approximately 37.3 million fall injuries serious enough to require medical treatment each year [1]. Additionally, the higher fall mortality rate does not come entirely from falls but more from the inability of loved ones and medical care centers to detect and rescue elderly adults in time after a fall, resulting in missing the best time to help. In addition, noninjurious falls can be fatal. Studies have found that elderly people lying on the floor for more than 12 h after a fall may suffer from pressure sores, dehydration, hypothermia, and pneumonia [2]. In this context, Internet of Things (IoT)-based fall detection technology plays an important role in the daily life of elderly individuals, which can ensure that the elderly individuals receive timely assistance after a fall and avoid serious consequences and secondary injuries caused by the fall.

At present, the basic methods of fall detection as part of medical monitoring systems can be divided into three categories based on different technical means: image-based (video) methods [3], environmental information-based methods [4], and wearable sensor-based methods [5]. The image-based method determines whether a fall has occurred by images taken by cameras, and the scene needs to be fixed, usually in a room for detection, which has certain limitations. Additionally, environmental and scene factors have a great impact on detection system accuracy. The environmental information-based method determines whether a fall is caused by monitoring changes in the surrounding environment. The accuracy of this method is influenced by uncontrollable factors such as weather and geographic location. The wearable device, which is less influenced by noise and convenient to carry, automatically detects whether the wearer has fallen by applying deep learning algorithms through spatiotemporal data such as accelerometer and gyroscope data collected by inertial sensors. As an important part of IoT technology applications with ubiquitous applicability and practicality, wearable devices are the most widely used technical means in fall detection today.

The incidence of fall events in daily life is relatively low, and it is very difficult to obtain fall data in elderly individuals. Thus, the sample data for falls are usually small, but the sample data for activities of daily living (ADL) are usually large, which leads to data imbalance problems. In this case, the implementation of fall detection by supervised learning classification methods is often disadvantageous. For these reasons, this paper proposes a semisupervised learning method that uses only ADL samples for training and defines fall events as abnormal events. This paper designs a lightweight fall detection model based on the ideas of Skip-GANomaly [6], GANomaly [7], and MobileNet [8], which uses spatiotemporal data from the accelerometer and gyroscope in the inertial sensor and meets the requirements for deployment on wearable devices. The main contributions of this paper are summarized as follows:

(1) An IoT-based spatiotemporal data processing framework based on a depthwise separable convolution generative adversarial network using skip-connection (Skip-DSCGAN) for fall detection is proposed, which still has good detection performance while maintaining low latency and a small size for wearable devices.

(2) In model training, only ADL data need to be used for training, which avoids the impact of the data imbalance problem on the model.

(3) The quantile method is used in the division of the fall threshold, which largely avoids the influence of noisy samples in the training data on the algorithm.

(4) The proposed method is tested using the SisFall [9] and MobiAct [10] public datasets, and the experimental results show that Skip-DSCGAN not only has good generalization ability but also has better detection performance than four other generative adversarial network (GAN) models that have superior performance in anomaly detection.

2  Related Work

With the development of deep neural networks, researchers have proposed several fall detection algorithms based on deep learning. The main networks are convolutional neural networks (CNNs) [11–13], long short-term memory (LSTM) [3,14–16], and gated recurrent units (GRUs) [14,15,17]. Li et al. [17] proposed a combined model based on the temporal convolutional network and gated recurrent unit (TCN-GRU) architecture, which used neural networks to extract features automatically and perform classification, avoiding the tedious preprocessing procedure. A GRU network is introduced to solve the long-term dependence problem of complex time series. TCN solves the concurrency problem in the GRU network and improves the flexibility of the model architecture. The expansion and causal convolution in the network make the model structure suitable for complex computations with a large quantity of spatiotemporal data.

Jeong et al. [18] proposed a fall detection system combining a simple threshold method (STM) and an LSTM network, which can learn the potential relationship between time series. Additionally, the possible overfitting problem is solved. The appropriate number of hidden layer nodes and regularization rate are selected to improve the efficiency of fall detection. When modeling sequential data, many scholars have recently favored the use of CNNs. It has been shown that CNNs can achieve better performance than recurrent neural networks (RNNs) in many tasks while avoiding the common drawbacks of RNNs, such as gradient explosion and gradient disappearance problems [11]. The model may also face problems such as lacking memory retention in the case of wearable devices. In addition, using CNN instead of RNN can improve performance because it allows parallel computation of the output [12].

All of these approaches use supervised learning with both fall and ADL data for model training, which suffers from data imbalance and thus results in potentially inflated accuracy. In such a case, it is often unfavorable to achieve fall detection by supervised learning classification methods. The semisupervised learning-based approach in fall detection algorithms mainly uses an autoencoder (AE) and some variants [19,20]. Jin et al. [20] proposed a fall detection system (mmFall) that uses millimeter-wave radar sensors to collect point clouds and the center of mass of the human body and then calculates the anomaly degree of body movement through a hybrid variational recurrent neural network autoencoder (HVRAE). To avoid the difficulties of fall data collection, HVRAE is built on an autoencoder architecture with a semisupervised approach, which is trained only on normal ADL. A fall event is judged when a spike in the anomaly level and a drop in the height of the center of mass occur simultaneously.

The design idea for these algorithms is to treat a fall event as an abnormal event and perform anomaly detection, but among the algorithms for fall detection, GAN-based fall detection has been less studied [21,22]; however, the existing studies show that GAN-based models exhibit superior performance in anomaly detection [6,7,23,24]. Nho et al. [22] proposed a GAN-based fall detection method based on local user initial information features (UI-GAN), which uses a heart rate sensor and accelerometer. The method achieves better results when compared with other common anomaly detection GAN models; the study also fully estimated that the inference latency of UI-GAN on the smartwatch is satisfactory. However, it is not clear how the size of the model is considered to meet the deployment requirements of the wearable device.

Therefore, our manuscript proposes a GAN-based fall detection lightweight model (Skip-DSCGAN) that uses spatiotemporal data from the accelerometer and gyroscope in the inertial sensor, which are some of the most common sensors used in wearable devices. A semisupervised learning approach is adopted to train the model using only ADL data, which can avoid data imbalance problems. The use of depthwise separable convolution allows the model to have a smaller size and reduce the number of computations. Skip connections enable the feature information extracted by the model to be better reconstructed. Meanwhile, Skip-DSCGAN’s anomaly score calculation does not calculate the error between the input data and the reconstructed input data but rather the error between the coded features of the input data and the coded features of the reconstructed input data, which makes the model more robust to noisy data. In addition, the Skip-DSCGAN model is compared with four other GAN models that have superior performance in anomaly detection, and the experimental results show that Skip-DSCGAN still has better detection performance while maintaining its low latency and small size.

3  Materials and Methods

Accelerometers and gyroscopes are some of the most common sensors used in wearable devices; they are usually integrated into inertial sensors, and ADL and fall events cause certain changes in acceleration and angular velocity. It is possible to determine whether a fall has occurred by capturing the changes in these spatiotemporal data. Here, we propose a lightweight fall detection model using Skip-DSCGAN based on both accelerometer and gyroscope data collected by inertial sensors. The model is inspired by the ideas of Skip-GANomaly [6], GANomaly [7], and MobileNet [8]. To solve the problem of data imbalance, the method uses only ADL data for model training.

The Skip-DSCGAN fall detection framework is shown in Fig. 1. The framework contains four main parts: data acquisition and preliminary threshold judgment, data preprocessing, Skip-DSCGAN model inference, calculating anomaly scores, and classification.
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Figure 1: A fall detection framework using Skip-DSCGAN

3.1 Data Acquisition and Preliminary Threshold Judgment

Human motion data are collected using the accelerometer and gyroscope, which are placed at the same locations as the open dataset collection locations used for Skip-DSCGAN training. After the sensors acquire data, the sum magnitude vector (SMV) of the current time-stamped acceleration data is calculated and compared with the set model inference threshold. If the SMV reaches the model inference threshold, further data processing is performed; otherwise, the data acquisition continues. The calculation formula of the SMV and the comparison process of the model inference threshold are shown below:

SMV=ax(t)2+ay(t)2+az(t)2(1)

{SMV≥ThresholdSMV,next step for fall judgingSMV< ThresholdSMV,continue to collect data(2)

In Eq. (1), ax(t), ay(t), az(t) are the acceleration values in the direction of the X, Y, and Z axes of the 3D coordinate system for the current sampling timestamp, respectively. Since the human body falls or performs some large movements, the SMV will appear at a peak at some point, which is usually a larger value, while the possibility of a fall event is small if the SMV is a small value [25]. Based on this understanding, the fall detection framework proposed in this paper determines whether further inference is needed by setting an SMV threshold. Such an approach cannot only reduce the computational complexity of the wearable device but also effectively reduce its power consumption.

To determine the SMV threshold, this paper computes the publicly available dataset used for Skip-DSCGAN training, calculates the maximum SMV for each sample in the dataset, and then selects the smallest of these calculated SMV as the threshold.

3.2 Data Preprocessing

To consider the computational cost of the edge device, the input of the model is in the form of a data window. The acquisition duration of the data is set to 3 s. Since the whole action of a fall is often less than 3 s, a data window of 3 s is sufficient for the fall judgment. The selection of the data window is achieved by calculating the SMV of the current timestamp. If the SMV meets the threshold in Section 3.1, the accelerometer and gyroscope data are intercepted for the first 1.5 s and the last 1.5 s of the current SMV timestamp.

The sampling frequency of the accelerometer and gyroscope used in this paper is 50 Hz, so there will be 900 data points in one data window. Then, we normalize the intercepted window data by mapping the values between [−1, 1]. The normalization formula is shown below:

xinput=xstd=xraw/Range(3)

In Eq. (3), xraw is the data without normalization, Range is the measurement range of the accelerometer or gyroscope, and xstd is the data obtained after normalization. The data from one data window are then converted to a shape that can be input to Skip-DSCGAN, and the algorithm can infer it automatically.

3.3 Network Structure and Theory of Skip-DSCGAN

GANomaly is an encoder-decoder-encoder-based model for anomaly detection. Research has demonstrated that this method has superior performance in anomaly detection [22], which determines whether abnormal events occur by calculating the error between the coded features of the input data and the coded features of the reconstructed data, while the model is robust to noisy data. Skip-GANomaly uses the encoder-decoder approach for anomaly detection with the idea of U-Net by adding a skip-connection to each layer of features corresponding to the encoder and decoder of the model, which gives the model a more powerful reconstruction ability to reconstruct features and input data. The anomaly score is obtained by calculating the error between the input data and the reconstructed input data and the error between the coded features of the generator network and the latent representations of the discriminator network. However, both the GANomaly and Skip-GANomaly models are large memory consumers, and they cannot be well deployed on wearable devices.

In these cases, we propose a GAN model (Skip-DSCGAN) for fall detection based on the ideas of Skip-GANomaly and GANomaly. To achieve a lightweight model and reduce the computational complexity, the encoder is implemented using the depthwise separable convolution in MobileNet while using a skip connection between the first encoder and the decoder. The network structure diagram of Skip-DSCGAN, which consists of two main parts: the generator network and the discriminator network, is shown in Fig. 2. x and x^ are the input data and reconstructed data, respectively. z1 and z2 are the encoding features and reconstructed encoding features, respectively.
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Figure 2: Skip-DSCGAN network architecture diagram

The generator network: The generator network of Skip-DSCGAN is similar to GANomaly, which adopts the encoder-decoder-encoder structure. The input data are passed through the first encoder to extract the deep encoding features, then the decoder is used to reconstruct the input data, and finally, the deep encoding features of the reconstructed data are extracted by the second encoder. Theoretically, the same encoding vector representation can reconstruct the original input, and similar data usually have similar encoding vector representations, which are just encoding features. When we adopt a semisupervised learning approach to train the model using only ADL data, the model will have the ability to reconstruct the ADL data, but the model will fail to reconstruct when it encounters fall data. In this way, it is possible to determine whether a fall event has occurred by calculating the error between the deep feature encoding features of the input data and the deep encoding features of the reconstructed data. Compared to this method of calculating the error between the input data and reconstructed input data, the former has better noise immunity. Depthwise separable convolution is used in the implementation of the encoder to minimize the parameters and computation of the model. In the implementation of the decoder, transposed convolution and upsampling are used to reconstruct the features and input data, and skip-connection in Skip-GANomaly is used between the first encoder and decoder of the generator network to fuse the feature information, which makes the model have stronger reconstruction capability, where the relevant modules and theories are as follows:

Depthwise separable convolution modules: The depthwise separable convolution modules are divided into two parts: depthwise convolution and pointwise convolution. Its schematic diagram is shown in Fig. 3.
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Figure 3: Depthwise separable convolution schematic

One convolution kernel of depthwise convolution is responsible for one channel, and one channel is convolved by only one convolution kernel. Using such a process produces the same number of feature map channels as the number of input channels, where a filter contains only one kernel of size Wk × Hk. If the shape of the input is Winput × Hinput × Cinput, the computation of the depthwise convolution is as follows:

(Winput−Wk+1)×(Hinput−Hk+1)×Wk×Hk×Cinput(4)

Since the number of feature maps after depthwise convolution is the same as the number of channels in the input layer, it is not possible to expand the feature maps. Meanwhile, this operation performs the convolution operation for each channel of the input layer independently and does not effectively use the feature information of different channels at the same spatial location. Therefore, pointwise convolution is needed to combine these feature maps to generate a new feature map.

The pointwise convolution operation is very similar to the regular convolution operation. The size of its convolution kernel is 1 × 1, and the number of kernels is the same as the number of feature maps output from the previous layer. The convolution operation here will combine the maps obtained by depthwise convolution in the depth direction to generate a new feature map. The number of filters is the same as the number of output feature maps. If the input shape is Wfeature×Hfeature×Cfeature and the number of output channels is Coutput, then the computation of pointwise convolution is as follows:

Wfeature×Hfeature×1×1×Cfeature×Coutput(5)

Depthwise separable convolution with depthwise convolution and pointwise convolution reduces the number of parameters and the complexity of computation compared with conventional convolution, which is very suitable for the requirements of edge devices in the number of model parameters and the complexity of computation.

Transposed convolution modules: Transposed convolution is mainly used for upsampling, but it does not use a predetermined interpolation method; it has learnable parameters and can be used to obtain the optimal upsampling parameters by allowing the neural network to learn. The transposed convolution schematic is shown in Fig. 4.

[image: images]

Figure 4: Transposed convolution schematic

Transposed convolution has some similarities to regular convolution in that the number of output channels is the same as the number of filters. The mathematical formula for the output size of the transposed convolution is expressed as:

f(i,k,s,p)=s(i−1)+k−2p(6)

In Eq. (6), i is the input size, k is the convolution kernel size, s is the convolution stride, and p is the padding size. The computation of transposed convolution is similar to that of pointwise convolution. If the input shape of the transposed convolution is Wfeature×Hfeature×Cfeature, the kernel size is Wk×Hk, and the number of output channels is Coutput, then the computation is as follows:

Wfeature×Hfeature×Wk×Hk×Cfeature×Coutput(7)

Skip-connection: There are two skip-connection operations in Skip-DSCGAN: copy and crop splicing. In crop splicing, the feature dimensionality needs to be consistent. Skip-connection improves the reconstruction capability of the model by fusing the deep and shallow feature information of the input data.

The discriminator network: The implementation of the discriminator network uses the same encoder as the generator network; the difference is that the discriminator network adds a classifier in the last layer. The inputs to the discriminator network are the original data and the reconstructed data from the generator network. Fall detection can be achieved without using the discriminator network for adversarial training. The purpose of introducing the discriminator network and adversarial training is to improve the model training efficiency, which can find the optimal parameters of the model faster and make the model perform better.

Training objective: The training objective of Skip-DSCGAN consists of generator loss and discriminator loss. There are three generator losses as follows:

(1) Contextual loss:

ℒcon=Ex∼px‖x−GE1,D(x)‖1(8)

(2) Encoder loss:

ℒenc=Ex∼px‖GE1(x)−G(x)‖2(9)

(3) Adversarial loss:

ℒadv=minGEx∼px[log⁡D(x)]+Ex∼px[log⁡(1−D(GE1,D(x)))](10)

Finally, the total training objective of the generator is the weighted sum of the above three losses. The objective function is as follows:

ℒG=λconℒcon+λencℒenc+λadvℒadv(11)

In this paper, the weight of each loss is set to 1, λcon=λenc=λadv=1.

The loss function of the discriminator is the same as the basic GAN, which is specifically defined mathematically as:

ℒD=maxDEx∼px[log⁡D(x)]+Ex∼px[log⁡(1−D(GE1,D(x)))](12)
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The pseudocode of the Skip-DSCGAN training process is shown in Algorithm 1. In the training process, the training set uses only ADL data, and the final fall detection is performed only to obtain the trained G-Net. First, the data in the training set are sampled to obtain a small batch of samples XM. Then, the G-Net is forward computed, and the encoded features Z1 are obtained after the first encoder, X^M after the decoder, and Z2 after the second encoder. Next, the discriminator is trained, and the original samples XM and reconstructed samples X^M are input to the discriminator to obtain yreal and yfake, respectively. The discriminator should distinguish the real sample from the generated sample as much as possible, calculate the loss ℒD between the classification result and the real label, and then backpropagate to update the discriminator parameters. After reaching the epochs K for each round of D-Net training, the loss of G-Net ℒG is calculated. Then, the parameters of G-Net are updated by back-propagation ℒG, which makes D-Net unable to distinguish between the input sample XM and the X^M generated by G-Net as much as possible. Finally, iterative adversarial training is repeated until the set loop T, and we obtain the G-Net.

3.4 Fall Threshold Delineation Based on Quantile

Skip-DSCGAN obtains the anomaly score of the input samples by calculating the error between the encoding features of the input data and the encoding features of the reconstructed data, which is similar to the encoder loss function introduced in Section 3.3, which determines whether a fall event occurred. Denote the anomaly score as F(x), and the specific function is defined as:

F(x)=‖GE1(x)−G(x)‖2(13)

After obtaining the anomaly scores of the samples, we need to classify them. Since the model is trained using only normal (ADL) data, the anomaly scores obtained are usually small when normal data are input to the model. In contrast, when abnormal (fall) data are input into the model, it is difficult for the model to reconstruct their encoding features without training, so the anomaly scores are usually larger. In an ideal situation, it is easy to distinguish normal samples from abnormal samples by selecting the maximum anomaly score of the training samples as the threshold. However, in real situations, the model is affected by noisy samples, and there are outliers in the anomaly scores obtained from normal samples. For this situation, in some anomaly detection methods, clustering algorithms [26,27] or training classifiers by supervised learning [28,29] are usually used for automatic classification, which can effectively avoid the influence of outliers on classification; however, the computational complexity is very high, and the classifier also occupies a certain storage space of the device, which is inefficient for application on wearable devices. There are also some methods to categorise anomaly scores by setting thresholds in anomaly detection field [30–32], which have lower computational complexity than the above methods. But these existing methods can not fully consider the balance between noise values and normal samples when setting thresholds, which means that there is still some space for improvement in accuracy. Therefore, this paper adopts the quantile-based fall threshold delineation method to overcome the above drawbacks. This method is not only simple to calculate but also occupies little storage space and is suitable for application on wearable devices.
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In this paper, the percentile method is used to determine the fall threshold, and its pseudocode is shown in Algorithm 2. The specific process is as follows: first, the anomaly scores of normal samples AN are obtained from the training data, and then each sample in AN is sorted in ascending order to obtain the sorted anomaly scores AN′. Next, the corresponding percentile in AN′ is calculated by the exhaustive method as the test fall threshold vi. Then, the samples in the test set are classified according to vi, and the corresponding test accuracy is calculated simultaneously. Finally, the corresponding threshold at the highest test accuracy is selected as the fall threshold v in the detection system. When the anomaly score of the sample exceeds the set fall threshold, the algorithm predicts that a fall occurred; otherwise, the algorithm predicts that it is an ADL. The judgment process is shown as follows:

{F(x)≥Thresholdfall, fallF(x)< Thresholdfall, ADL(14)

Since the noise values in the normal samples usually obtain anomaly scores that are very similar to the abnormal samples. The approach of using the maximum anomaly score directly in the normal samples as a threshold would cause the algorithm to misclassify a large number of fall samples as ADL samples. Instead, we used the percentile approach to mathematically count the training data’s anomaly scores based on the algorithm’s results on the test set. It is possible to calculate the approximate position of the noise values in the percentile of the ADL samples, a relatively balanced threshold can be found between the normal and noise values in the ADL samples. Compared to using the maximum anomaly score of a typical sample as the threshold in an ideal environment, using the percentile to classify the anomaly threshold accounts for the noise values or outliers in the normal samples and minimizes the impact of noise samples on the algorithm.

4  Experiments

Three main experiments are conducted to evaluate the performance of Skip-DSCGAN, which are described as follows: (1) Skip-DSCGAN is trained on public datasets SisFall and MobiAct, and the test sets are designed to evaluate the performance of Skip-DSCGAN. (2) Percentile-based fall threshold delineation method is compared with other anomaly scores classification methods to verify the classification effects. (3) Skip-DSCGAN is compared with four other GAN models that have superior performance in anomaly detection on the SisFall and MobiAct datasets. (4) The semisupervised learning methods, such as Skip-DSCGAN, and four other GAN models that have superior performance in anomaly detection are compared with the supervised learning methods commonly used in fall detection to evaluate the respective advantages and disadvantages of these two types of methods in fall detection.

4.1 Dataset

To objectively evaluate the performance of Skip-DSCGAN, two public datasets for falls, SisFall and MobiAct, are used for testing in this paper; their details are as follows.

The SisFall [9] dataset has 4,505 samples, which are divided into two main categories: fall and ADL. There are 15 types of falls and 19 types of ADL. SisFall uses an accelerometer and gyroscope to collect human motion data, and the sensors are placed on the waist of the human body for data acquisition with a frequency of 200 Hz.

The MobiAct [10] dataset has 3,066 samples and is divided into two main categories, which are the same as the SisFall dataset; specifically, there are 4 types of falls and 9 types of ADLs. It uses inertial sensor modules (accelerometer, gyroscope, and orientation sensors) on the smartphone to collect human motion data, and the smartphone is placed in the pocket of the pants to collect the data with a sampling frequency of 200 Hz.

From the above, we know that the sampling frequencies of SisFall and MobiAct are different from the sampling frequency of the proposed method, which is 200 Hz for the former two and 50 Hz for Skip-DSCGAN. Therefore, it is necessary to downsample the data in SisFall and MobiAct to convert them into a uniform data format that is suitable for input into Skip-DSCGAN. We downsample the SisFall and MobiAct sample data by taking the mean value. In each sample, the sensor data were averaged every 4 time stamps. The downsampled data were then preprocessed in the same way as the method introduced in Section 3.2. Additionally, we note that there is an imbalance between fall data and ADL data in the open dataset, so the feasibility of the proposed method in this paper can be further evaluated.

In the experiments, every dataset is divided into a training set and a test set, the training set is used for training Skip-DSCGAN, and the testing set is used to evaluate the performance of Skip-DSCGAN after training. The datasets are divided as shown in Table 1, and the two types of samples are balanced in our test set, which can objectively reflect the model’s metrics.
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4.2 Experimental Environment and Parameter Settings

The specific experimental environment is shown in Table 2, and the relevant parameters are configured as shown in Table 3.
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4.3 Evaluation Metrics

To objectively evaluate the performance of the proposed algorithm, some evaluation metrics commonly used for model evaluation are used in this paper [17]. The specific evaluation metrics are as follows:

Accuracy=TP+TNTP+FP+TN+FN×100%(15)

Specificity=TNTN+FP×100%(16)

Sensitivity=TPTP+FN×100%(17)

Precision=TPTP+FP×100%(18)

F1 Score=2×Precision×SensitivityPrecision+Sensitivity(19)

5  Results and Discussion

In this paper, the performance of Skip-DSCGAN is evaluated using two public datasets, SisFall and MobiAct. Skip-DSCGAN distinguishes ADL and fall events by calculating the error between the encoded features of the input data and the encoded features of the reconstructed data. The coding features and the reconstructed coding features of ADL and fall are shown in Fig. 5.
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Figure 5: Coding features and reconstructed coding features of Fall and ADL

It can be seen that the error between the original coded features and the generated coded features in the ADL will be smaller compared to the fall. Because Skip-DSCGAN training only uses the ADL data, the ADL reconstruction error will be smaller, while when a fall event is encountered, Skip-DSCGAN has not trained the fall data, so it will fail to reconstruct and thus, obtain a larger reconstruction error.

The scatter plots of anomaly scores for ADL and fall events obtained by Skip-DSCGAN on the test set are shown in Fig. 6. Although the anomaly scores of the vast majority of ADL are smaller than that of the fall event, there are still some noisy samples with larger anomaly scores, so it is necessary to exclude the interference of these outliers in the division of the fall threshold. Determining the threshold by percentile can effectively reduce the impact of noisy samples on the algorithm’s performance, making the algorithm more robust and accurate.

[image: images]

Figure 6: Scatterplot of anomaly scores for fall and ADL

5.1 Evaluation Results of Skip-DSCGAN on the SisFall and MobiAct Datasets

In this paper, the Skip-DSCGAN performance is evaluated using two public datasets, SisFall and MobiAct, and the evaluation results are shown in Fig. 7. In our experiment, the ADL samples and fall samples are balanced, so there is no need to consider the problem of falsely high accuracy. The confusion matrix of the test can be seen in Fig. 8. Among the 1,400 test samples in the SisFall dataset, Skip-DSCGAN predicted a total of 43 samples with errors, including 20 ADL samples and 23 fall samples, achieving 96.93% accuracy, 97.14% specificity, 96.71% sensitivity, 97.13% precision, and 96.92% F1 score. Among the 800 test data in the MobiAct dataset, a total of 58 samples were predicted incorrectly by Skip-DSCGAN, including 32 ADL samples and 26 fall samples, achieving 92.75% accuracy, 92% specificity, 93.5% sensitivity, 92.12% precision, and 92.8% F1 score.
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Figure 7: Performance of Skip-DSCGAN on SisFall and MobiAct
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Figure 8: Skip-DSCGAN’s confusion matrix tested on SisFall and MobiAct

The experimental results show that fall detection using Skip-DSCGAN proposed in this paper can effectively distinguish fall events from ADL by calculating the error between the input data coding features and the reconstructed data coding features. Moreover, it can be seen from Fig. 7 that the method achieves good evaluation results on both SisFall and MobiAct, which indicates that the proposed method in this paper has a strong generalization capability for fall detection. Meanwhile, the performance of the proposed method on MobiAct is degraded compared to SisFall. This might be related to the different locations of the inertial sensor data acquisition, which have an impact on the performance of the model. To further investigate how well Skip-DSCGAN and other anomaly detection GAN models perform on fall detection, this paper designs experiments to compare Skip-DSCGAN with the other four GAN models that have superior performance in anomaly detection.

5.2 Comparison with Other Classification Methods for Anomaly Scores

In order to verify the classification effect of the percentile-based fall threshold delineation method on anomaly scores, this paper compares the commonly used methods for anomaly score classification in anomaly detection field, and the experimental results are shown in Table 4. In the table, maximum value [30], median absolute deviation (MAD) [31], box plot [32], and percentile method used in this paper, these methods complete the classification by setting the threshold. The last four methods achieve classification by training the classifiers.
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Among four methods for setting thresholds [30–32], except for the maximum value method, the other three methods achieve satisfactory results. The percentile method proposed in this paper achieves the best results, reaching 96.93% accuracy, 97.14 specificity and 96.71 sensitivity. We analyze the results and know that there are some noise values in the normal sample, which have a greater impact on the maximum value method, while the other three threshold setting methods take into account the noise values in the actual situation, thus reducing the impact of noise values on the algorithm. Therefore, using the percentile method to set the fall threshold will be more comprehensive. Among the four methods using classifiers [26–29], the first two are clustering algorithms based on unsupervised learning and the last two are classification algorithms with supervised learning. From the comparison of these two types of algorithms, it can be seen that the classification algorithms with supervised learning achieve better results. We analyze that this is due to the different training methods, and the clustering algorithms based on unsupervised learning are more affected by the noise values. Compared to the other methods in Table 4, KNN achieved the best results in all metrics, reaching 97.14% accuracy, 97.29% specificity, 97% sensitivity and 93% accuracy, 92.5% specificity, 93.5% sensitivity on SisFall and MobiAct, respectively. Overall, the training classifier method achieves better results compared to the threshold delineation method, but the threshold method requires less data and makes calculation more efficient. Although the proposed method in this paper is about 0.2% and 0.25% lower than KNN in accuracy on SisFall and MobiAct, respectively. The training classifier method needs higher computational complexity, and the classifier also occupies a certain more storage space of the device, which is inefficient for application on wearable devices. Therefore, considering both the efficiency and lightweight characteristics of wearable devices, a slight performance sacrifice is worthwhile.

5.3 Comparison with Other GAN Models in Anomaly Detection

In this section, to investigate the performance difference between Skip-DSCGAN and the same type of model, this paper conducts comparison experiments between Skip-DSCGAN and the high-performing anomaly detection GAN on the public datasets SisFall and MobiAct. Furthermore, the results of the comparison experiments are expressed using ROC curves, and the performance between the models can be compared by the area under the curve (AUC) values. The experimental results are shown in Fig. 9 and Table 5.

[image: images]

Figure 9: ROC curve of the models tested on SisFall and MobiAct
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Fig. 9 and Table 5 show that the GAN models participating in the test on the SisFall dataset all achieved good results except AnoGAN. The proposed algorithm in this paper achieved the highest AUC value of 0.9693, but Skip-GANomaly achieved the highest 97.57% and 97.51% in specificity and precision, respectively, which indicates that Skip-DSCGAN is stronger in comprehensive performance, while Skip-GANomaly has stronger detection performance on ADL. To analyze the reasons, first, we think that Skip-GANomaly not only calculates the error between input data and reconstructed data but also calculates the error between the encoding features of the input data and the latent representations of the discriminator network in anomaly score calculation. Such an approach makes the network robust in the detection of ADL, while Skip-DSCGAN is targeted at wearable devices to reduce as much computational complexity as possible, but the subtle performance loss is worthwhile. Second, we also study the latent representations of the Skip-GANomaly discriminator network that are used for both classification and reconstruction and may not have consistent representations with the encoding features obtained by the generator network. Therefore, we simplify the anomaly score calculation by only calculating the error between the encoded features and the reconstructed encoded features, which are the same as GANomaly. On the MobiAct dataset, the performance of all the GAN models involved in the test degraded to some extent. Compared with other GAN models, Skip-DSCGAN achieved the highest results in all the evaluation metrics. For model size, Skip-DSCGAN has the smallest model size of 1.11 Meanwhile, Skip-DSCGAN has the lowest inferred latency of 29.85 ms. In contrast, AnoGAN has a good model size, but its inference latency and test results are poor. AAE has satisfactory inference latency, but the model size is too large for deployment on wearable devices. These experimental results show that Skip-DSCGAN maintains a smaller size than other GAN models while still having good detection performance, which meets the requirement of small size and low latency for deployment on wearable devices.

5.4 Comparison with Supervised Learning Models Commonly Used in Fall Detection

To further validate the performance of the proposed model and the feasibility of semisupervised learning methods in fall detection, we compare them with supervised learning models commonly used in fall detection. Table 6 contains the evaluation results of various models and frameworks in fall detection, which may have some small differences in the methods of data preprocessing among different frameworks, but still reflect the performance strengths and weaknesses of a model or a framework in general. They were both evaluated using the SisFall dataset. Moreover, the compared models are lightweight and meet the requirements for deployment on wearable devices.
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It can be seen from the table that common supervised learning methods inevitably suffer from data imbalance, and the accuracy of these models is inflated, but the performance of these models can be objectively reflected by considering several other metrics (e.g., Spe, Sen). Among the common supervised learning methods, BiLSTM achieves better results on SisFall with 97.41% accuracy, 95.45% specificity, and 100% sensitivity, although there is some degree of test data imbalance. Next is CNN; its test data are balanced, and it has comprehensive detection capabilities, reaching 96.97% accuracy, 95.44% specificity, and 96.34% sensitivity. The test data of LSTM and GRU are unbalanced, there is an inflated accuracy, and by comparing Spe and Sen metrics, it can be seen that they are weaker in detecting fall events. Furthermore, the method using deep learning is slightly better than the method using machine learning because deep learning methods have a more powerful fitting ability when the data volume is larger. In machine learning methods, the KNN method can reach 97% specificity but only 87% sensitivity, which indicates that the performance is not sufficiently comprehensive. In comparison, XGBoost has a more comprehensive performance, reaching 93% specificity and 97% sensitivity. Moreover, the proposed semisupervised learning method is compared with the commonly used supervised learning methods. The comparison from the table shows that the semisupervised methods and supervised methods have their strengths in some evaluation metrics, and the overall difference is not significant. The above illustrates that the performance of these two types of methods is similar in fall detection. Supervised methods need to address the data imbalance problem, which may cause the algorithm to be overstated in some evaluation metrics. In contrast, semisupervised approaches avoid such a problem and tend to have much lower data requirements than supervised approaches. A semisupervised learning approach is more appropriate and effective for fall detection, which also provides a solution to the difficulty of obtaining data on elderly falls to provide data for model training.

6  Conclusions

We propose an IoT-based spatiotemporal data processing framework based on a generative adversarial network for fall detection, which adopts a semisupervised learning approach and uses only ADL samples for training, avoiding the data imbalance problem faced by supervised learning for fall detection. We choose GAN models with superior performance in the anomaly detection field, Skip-GANomaly, and GANomaly, as the main reference models and improve them for their shortcomings. Thus, this research proposes a fall detection method using Skip-DSCGAN, which combines the advantages and usage scenarios of the two methods for wearable devices. The method automatically extracts features with the model, reducing computation and latency. When detecting ADL data, the anomaly score obtained is typically small. However, in the case of fall data, Skip-DSCGAN fails to reconstruct, resulting in a higher anomaly score. As a result, setting a fall threshold enables ADL and fall events to be distinguished.

The research also proposed a percentile-based method for delineating fall thresholds in wearable devices to categorize anomaly scores and minimize the impact of noise values. Table 4 shows the comparison experiments of this method. The results indicate that the percentile-based method achieves high classification accuracy and efficient computational performance. Skip-DSCGAN has good fall detection performance and strong generalization ability, achieving 96.93% and 92.75% accuracy on the SisFall and MobiAct datasets, respectively. Table 5 shows the comparison experiments of Skip-DSCGAN. Skip-DSCGAN achieves better results than Skip-GANomaly, GANomaly, AnoGAN, and AAE. Compared with Skip-GANomaly and GANomaly on SisFall, the accuracy is improved by 0.5% and 2.5%, respectively. Moreover, satisfactory results are achieved in both model size and inference delay.

When comparing these GAN models with seven commonly used supervised learning algorithms for fall detection, the results indicate that the performance of semi-supervised learning methods using GAN models is comparable to that of supervised learning methods. However, the semi-supervised methods offer the advantage of mitigating data imbalance issues and generally require less data than supervised methods. Therefore, it is still worthwhile to investigate the application of semisupervised learning approaches in the fall detection field. In future research, we will study the relationship between the encoding features and the distribution of ADL samples to optimize the feature extraction method. Furthermore, we plan to explore the application of the proposed fall detection method on wearable devices and investigate the integration of multiple information sources, such as sound, to enhance the accuracy and robustness of the system.
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Table 1: Dataset splitting

Name Number of falls Number of ADL  Train set Test set
ADL falls Total

SisFall 1,798 2,707 2,000 (ADL) 700 700 1,400

MobiAct 767 2,299 1,800 (ADL) 400 400 800
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Table 3: Training parameter settings

Parameters Value
Epochs 200
Batch size 128
Optimizer Adam
Learning rate Ix10*
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Table 6: Comparison between Skip-DSCGAN and other models of fall detection

Frameworks Models SisFall
Acc (%) Spe (%) Sen (%) Pre(%) F1 (%)
Alizadeh et al. [33] SVM 93.00 96.00 89.00 — —
KNN 92.00 97.00 87.00 — —
Cahoolessur et al. [34] XGBoost 96.00 93.00 97.00 - -
Casilariet al. [11] CNN 96.97 95.44 96.34 — —
Lung- LSTM 96.30 96.40 88.20 69.50 72.60
Perejon et al. [14] GRU 96.70 96.80 87.50 68.10 73.00
Waheed et al. [15] BiLSTM 97.41 95.45 100.00 94.28 —
Ours AAE [23] 94.14 94.86 93.43 94.78 94.10
AnoGAN [24] 89.29 89.86 88.71 89.74 89.22
GANomaly [7] 94 .43 94.71 94.14 94.68 94.41
Skip-GANomaly [6] 96.36 97.57 95.14 97.51 96.31
Skip-DSCGAN 96.93 97.14 96.71 97.13 96.92

(proposed)
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Table 4: Comparison with other classification methods for anomaly scores

Methods SisFall MobiAct

Acc (%) Spe (%) Sen (%) Pre (%) F1 (%) Acc (%) Spe (%) Sen (%) Pre (%) F1 (%)
maximum 88.43  90.14 86.71 89.79 88.23 83.13  82.00 84.25 82.40 83.31
value [30]
MAD [31] 96.07 96.29 95.86 96.27 96.06 90.38  90.00 90.75 90.07 90.41
box plot [32] 96.43  96.57 96.29 96.56 96.42 91.88 91.75 92.00 91.77 91.89
percentile 96.93 97.14 96.71 97.13 96.92 92.75 92.00 93.50 92.12 92.80
(proposed)

K-Means [26] 87.86 8829 87.43 88.18 87.80 84.383  84.00 84.75 84.12 84.43
DBSCAN [27] 88.86  89.43 8829 89.31 88.79 84.63 84.75 84.50 84.71 84.61
KNN [28] 97.14 97.29 97.00 97.28 97.14 93.00 9250 93.50 92.57 93.03
SVM [29] 96.57 96.86 96.29 96.84 96.56 91.63 91.25 92.00 91.32 91.66






OEBPS/Images/CMC_45008-fig-10.png
Algorithm 1: Skip-DSCGAN training process

Input: The training set D = {x““}iv:l, adversarial training epochs are T, epochs for each round of

D-Net training are K, the minibatch sizeis M, 1 < M < N
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Xy <{xm™ }M: .» where x® is random minibatch sampling
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Z,<Gp, (i’ M), where G, (x) is the second encoder in the G-Net

for k<1 to K do
Viea <D (Xy)
Viake <D (XM)
Calculate £, > evaluate Eq. (12)
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Calculate £ > evaluate Egs. (8)—(11)
Update G-Net’s parameters by backpropagating L
end for
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Table 2: Experimental environment

Type Configuration

Operating system Windows 10

CPU Intel (R) Core (TM) i7-7700HQ
RAM 8 GB

Deep learning framework
Programming language

TensorFlow2.4.1
Python 3.8
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Table 5: Performance of GAN-based fall detection models with Skip-DSCGAN

Models Size (MB) Delay (ms) SisFall (%) MobiAct (%)

Acc Spe Sen Pre Fl Acc Spe Sen Pre Fl
AAE [23] 57 31.09 94.14 94.86 93.43 94.78 94.10 84.50 86.25 82.75 85.75 84.22
AnoGAN [24] 5.53 202.68 89.29 89.86 88.71 89.74 89.22 85.88 87.25 84.50 86.89 85.68
GANomaly  31.3 84.48 9443 9471 94.14 94.68 94.41 85.50 86.00 85.00 85.86 85.43
[7 (G-Net)
Skip-GA 76.4 62.42 96.36 97.57 95.14 97.51 96.31 91.25 90.25 92.25 90.44 91.34
Nomaly [6]
Skip- 1.11 29.85 96.93 97.14 96.71 97.13 96.92 92.75 92.00 93.50 92.12 92.80
DSCGAN (G-Net)

(proposed)






OEBPS/Images/copy.png





OEBPS/Images/CMC_45008-fig-1.png
Collect data

Data preprocessing

Sensor acquisition
[ q H Calculate SMV |Data interception| Normalization

data

"""""""""" —— N
4 Skip-DSCGAN
Calculate anomalyé Encoder | Decoder | Encoder
score ]
| [ ;

Fall detection framework
using Skip-DSCGAN






OEBPS/Images/CMC_45008-fig-6.png
00 e ;..?.’
o&. .w,

O,
'

Py
(]

[
o’

200 300 400 500 600 700

100

® ADL
e Fall

200 300 400 500 600 700

100

T T
n o n

$9100G Alewouy

Samples

Samples

(b) Local detail picture

(a) Global picture





OEBPS/Images/CMC_45008-fig-8.png
True label

Test on Siskall dataset

600
ADL L 500
- 400
- 300
Fall -

-200

- 100

Predict label

True label

ADL

Fall -

Test on MoblIAct dataset

Predict label

350

300

- 250

- 200

- 150

- 100

-50





