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Abstract: Inpatient falls from beds in hospitals are a common problem. Such falls may result in severe injuries. This problem can be addressed by continuous monitoring of patients using cameras. Recent advancements in deep learning-based video analytics have made this task of fall detection more effective and efficient. Along with fall detection, monitoring of different activities of the patients is also of significant concern to assess the improvement in their health. High computation-intensive models are required to monitor every action of the patient precisely. This requirement limits the applicability of such networks. Hence, to keep the model lightweight, the already designed fall detection networks can be extended to monitor the general activities of the patients along with the fall detection. Motivated by the same notion, we propose a novel, lightweight, and efficient patient activity monitoring system that broadly classifies the patients’ activities into fall, activity, and rest classes based on their poses. The whole network comprises three sub-networks, namely a Convolutional Neural Networks (CNN) based video compression network, a Lightweight Pose Network (LPN) and a Residual Network (ResNet) Mixer block-based activity recognition network. The compression network compresses the video streams using deep learning networks for efficient storage and retrieval; after that, LPN estimates human poses. Finally, the activity recognition network classifies the patients’ activities based on their poses. The proposed system shows an overall accuracy of approx. 99.7% over a standard dataset with 99.63% fall detection accuracy and efficiently monitors different events, which may help monitor the falls and improve the inpatients’ health.
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1  Introduction

Inpatient falls in hospitals from the beds are a serious problem and sometimes lead to severe injuries like bone fractures and soreness, eventually resulting in worsening patients’ health conditions. These events are commonly observed in the psycho-geriatric wards and mental health hospitals, where patients suffering from vertigo, dizziness, and cognitive impairment are admitted. Such events may bother the medical staff associated with them and result in guilt, anxiety, and sometimes litigation. However, the hospital staffs have their protocols to avoid or prevent these falls. The advancements in intelligent systems in generating timely alerts may aid in serving better and improved healthcare.

Several modern hospitals use deep learning and computer vision-based non-invasive in-clinic patient monitoring systems to monitor and observe patient behaviour. Such vision-based monitoring systems have performed well in monitoring different poses and behaviour of the patients, like breathing disorders [1], epileptic patients [2], sleeping postures [3], walking activity [4], and infant motions. The recent advancements in fall detection using camera-captured video streams and fall prediction systems [5] (detecting a fall when it happened rather than predicting before when it was about to happen) have significantly improved their performance over standard synthetic libraries or simulated datasets.

However, the estimation of human poses for the inpatient analysis has gained much attention, but its usage for patient fall prevention from beds is less explored. Many systems have been designed to detect the patient’s lying position relative to the edge of the bed. Some systems focused on seeing the patient’s behaviour during bed exits. For predicting falls in such scenarios, the in-clinic monitoring systems continuously monitor the patient’s essential motion or pose. Some systems employ pressure pads to detect patients on/off bed position [6], but their applicability shows several false alarms, resulting in alarm fatigue. The vision-based monitoring systems detect the action regarding exit from the bed or sitting position from the images or video stream captured by the cameras. Though several patients’ falls also happen when they try to get out of bed, such falls are also associated with additional risks like restless sleep, uncontrolled motions, or unusual dreams that may trigger them to jump out of bed for protection. Such activities also add to the more patient falls and are considered in this paper.

The non-invasive fall detection or gait recognition systems may be broadly classified into two categories, i.e., vision or camera-based systems or wearable sensor-based systems. Pressure sensors, gyroscopes, accelerometers, microphones, etc., are used as wearable sensors to detect the change in acceleration or location of the patient. Then, these parameters are used for fall detection. Recent developments led to performance improvement in fall detection or gait recognition systems using wearable sensors [7–9]. Several sensor-based applications have also been developed. But the patients are unwilling or feel uncomfortable wearing those sensors all day.

Moreover, the factors like noise or some routine activities like sitting or lying hampered the performance of these devices and resulted in false alarms. These limitations attracted the attention of researchers toward vision-based monitoring systems as they are free from inconvenience. The recent advancements in computer vision using deep learning approaches have led to the exploration of many vision-based patient monitoring systems. The accuracy of such systems has improved over the years, but some challenges, like complex backgrounds, lighting variation, etc., which may lead to false alarms, also need to be addressed or explored more. Moreover, deep learning-based vision systems have high computation costs, which limit their real-time performance. Achieving high accuracy with lower computation costs is the avenue of research in this domain.

In the computer vision domain, one of the fundamental tasks is human pose estimation, and it deals with localizing the critical points of human position in a 3D space or an image. Human pose estimation substantially contributes to applications like animation, computer interaction, action recognition, etc. Recent advancements in 2D pose estimation [10–12] have significantly improved the accuracy of these systems over massive datasets. Moreover, some notable performance improvements were also observed in 3D human pose estimation systems [13,14]. The complex background or lighting variations also significantly impact the accuracy of fall detection tasks. But using human poses has substantially improved these systems’ generalization ability and accuracy by addressing these challenges to some extent.

Although the recent advancements in vision-based systems have achieved detection accuracy up to a remarkable level but with the enhanced computation cost [15], the extracted features are not robust enough to deal with complex or challenging conditions. Also, the fall period varies for different patients or age groups [16]. Generally, the fall of aged persons lasts longer than younger ones, and activities like lying on the bed differ from falls. Such challenges are needed to be addressed. The input must comprise more video frames, as some works [17] based on short video streams resulted in false detections.

The developments in vision based-detection tasks during the last few years have been discussed above. Vision-based systems with deep learning approaches have high computation costs. Hence wearable systems are designed to monitor and observe the patient’s behaviour, for example, fall detection, breathing disorders, etc. Wearable-based monitoring approaches require the patient to wear sensors or other monitoring equipment on their body or clothing, which can be invasive [9,18,19]. Sometimes, it can be uncomfortable for the patient. There is no general-purpose non-invasive monitoring system that identifies the general activities of the patients to monitor their well-being and improvements without their direct contact. Hence, a lightweight video-based design is required, which will detect or monitor the general activities of the patients along with fall detection. Motivated by the same notion, a lightweight patient activity monitoring system has been proposed, which broadly monitors the patients’ events in three categories: falls, rest, and activity. It is the expansion of the existing detection networks for monitoring tasks without incurring additional high computational costs by sharing the same network with rest and activity detection tasks. For the classification task, Classical K-Nearest Neighbors (KNN), Random Forest (RF), and Decision Tree algorithms, in addition to a You Only Look Once (YOLO), the researchers offered neural networks and several others. Scientists used machine learning techniques, CNN, and deep algorithm development to create methods for recognizing, classifying, and differentiating various poses [20]. The proposed network may also provide accounting information by installing corresponding counters.

The main focus of this work is to improve the solution’s value by expanding the activity detection without impacting the accuracy of fall detection and increasing computational costs. The whole process is carried out in three significant steps. Firstly, a video compression network efficiently stores the raw video frames in compressed format. Its sub-networks frame autoencoder, flow autoencoder, and motion extension networks comprise deep learning layers. Secondly, 3D poses are estimated from the video. Then, falls are recognized from these poses. 3D pose estimation is formulated as 2D and then lifted to 3D. And to keep the system lightweight and less computative, a 2D pose estimator and a lifting network are employed. Thirdly, a 3D pose of each frame is given as input to the activity recognition network.

The main contributions of this work are listed below:

•   Firstly, the proposed system consumes the encoded video streams to classify a patient’s poses into fall, activity and rest classes.

•   Secondly, it is a lightweight patient activity monitoring system because the already designed fall detection network has been extended to monitor the activity, rest events, and fall events. It will help in monitoring the general well-being of the patients. Moreover, rest and activity time can also be accounted for by using corresponding counters.

•   Thirdly, the system is an amalgamation of three networks: a CNN-based video compression network, an LPN for human pose estimation, and a ResNet Mixer block-based activity recognition network. The experiment uses a standard Nanyang Technological University’s Red Green Blue (NTU RGB) dataset. The performance values show that the system delivers an overall accuracy of 99.77% with 99.63% fall detection accuracy.

The rest of the paper is organized as follows: Section 2 elaborates on the related works in fall detection and patient monitoring systems. In Section 3, the proposed system’s details are described step-wise. The details of the dataset and the evaluation parameters used in the implementation are also defined. The experiment design and performance results of the proposed system are covered in Section 4. A comparative analysis of the proposed method and existing approaches has also been presented. The conclusion of this research work is given in Section 5.

2  Literature Review

The various techniques of vision-based fall detection, fall risk assessment systems, and human pose estimation have been thoroughly reviewed and analyzed. Several fall detection systems based on sensors have been proposed and experimented. They have employed diverse classification algorithms [21,22]. Some techniques also differ in the sensors used, like infrared cameras, Kinect, depth cameras, and RGB cameras. One prominent approach to fall detection using Red, Geen and Blue (RGB) frames has been proposed by Lu et al. [23]. It comprises Long Short Term Memory (LSTM) and 3D CNN to deal with insufficient fall information. In another approach, a depth camera is used to attain the 3D coordinates of the patient’s key points, and then the fall is detected by classifying these poses [24]. Thermal sensors are also used in the multi-occupancy space to provide an end-to-end solution within the environment [25]. Nowadays, the easier retrieval of 3D data led to the wide use of Kinect in these fall prediction systems. But as the Kinect’s depth camera has limited coverage, it is suitable for only small spaces.

The different fall actions can be classified using Support Vector Machine (SVM) or decision trees. But the, Deep Neural Networks (DNNs) have more accuracy than these techniques with fewer feature engineering chores. One such CNN-based fall detection approach has been proposed, recognizing fall events and daily life activities using the CNN network. Furthermore, 3D CNN-based networks are designed to improve the accuracy of these systems by exploiting temporal and spatial information. 3D CNN, in combination with Variational Auto-encoder and region extraction approach, is also used for performance enhancement in fall detections. One promising traditional algorithm-based technique has also been proposed by Tsai et al. [24]. This approach transforms the depth information into 3D poses, and the fall events are detected using 1D CNN. The depth cameras are employed in this technique, and the 3D poses are recognized directly by the human pose estimator from the RGB frames. This approach makes the system free from limited distance coverage. Several experiments have also been conducted to assess the performance of different neural networks over fall detection tasks [26,27].

The human pose estimator localizes the human key points. Based on the output requirements, they can be categorized into 3D or 2D pose estimation. Deep learning evolved as a potential tool for 2D pose estimation. Several machine learning-based techniques have been developed to identify and classify human gait [19]. Joint heatmaps are used to train the signals for performance improvement. A U-shaped network is also proposed to refine the prediction by integrating diverse hourglass modules. Cao et al. [11] proposed a system that works for real-time multi-person pose estimation. Firstly, this system identifies the human key points and then integrates them into a person using corresponding part affinity fields. HRNet, a multi-scale fusion network with high-resolution feature maps and a top-down pipeline, performs better.

The 3D human poses estimation deals with localizing human vital points from the videos or images in 3D space. The earlier 3D estimation methods used deep neural networks to predict 3D coordinates directly. Though the feature sets about a particular task are well learned in these systems but with enhanced complexity and high computation cost. After introducing 2D pose estimation, the approaches based on 2D estimates become more prevalent. The complexity of these models is reduced to an extent by direct depth prediction of each key point. The depth information is predicted by taking the concatenation of 2D poses as input. Weakly supervised learning is used to train the 3D models by employing the re-projection method to deal with insufficient data in 3D estimations. The human poses are modified using video information to avoid false pose estimations [28], and the occlusion problem is avoided using multi-view images. One of the efficient pose-based detection works using the videos has been proposed by Chen et al. [29], but this work is limited to fall detection tasks only. The outcomes discussed above are also summarised in below Table 1.
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The various Kinect-camera-based datasets widely used in fall detection and activity recognition works are summarised in Table 2.
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Classifier models are a type of machine learning model used to classify or categorize data into different classes or categories. These models learn from labelled training data and use that knowledge to make predictions or assign labels to unseen or unlabeled instances. In addition to medical imaging, classifier models are widely used in domains such as image recognition, natural language processing, fraud detection, sports, and many others [36–38]. Some widely used classifier models are as follows:

•   Logistic Regression: Logistic regression is a popular linear classifier that models the relationship between the input features and the probability of belonging to a particular class. It works well when the decision boundary is linear or can be approximated by a linear function.

•   Naïve Bayes: Naïve Bayes classifiers are based on Bayes’ theorem and assume that features are conditionally independent given the class. Despite the naive assumption, they often perform well and are particularly effective in text classification and spam filtering tasks.

•   Decision Trees: Decision trees are hierarchical structures that recursively partition the data based on feature values. Each internal node represents a test on a particular feature, and each leaf node represents a class label. Decision trees are intuitive, easy to interpret, and can handle categorical and numerical data.

•   Random Forest: Random forest is an ensemble learning method that combines multiple decision trees. It constructs a set of decision trees using random subsets of the training data and features, and the final prediction is made by aggregating the predictions of individual trees. Random Forests are robust, handle high-dimensional data well, and can capture complex interactions between features.

•   K-Nearest Neighbors (KNN): KNN is a non-parametric classifier that classifies instances based on their proximity to labelled examples. It assigns the class label of most of the k nearest neighbours in the training data. KNN is simple to implement but can be computationally expensive for large datasets.

•   Neural Networks: Neural networks, profound learning models, have gained significant attention in recent years. They consist of multiple interconnected layers of nodes (neurons) that learn hierarchical representations of the data. Neural networks can handle complex patterns and large amounts of data and are particularly effective for image and speech recognition tasks.

Some potential research gaps observed in the above-discussed research works are listed as under:

•   Unobtrusiveness and user acceptance: Wearable fall detection devices should be discreet and comfortable to encourage long-term use and user acceptance. More research is needed to develop non-intrusive solutions that users are willing to adopt willingly.

•   False alarm reduction: One of the challenges in fall detection systems is minimizing false alarms, as they can lead to user dissatisfaction and reduced trust in the system. Further investigation into advanced algorithms and sensor fusion techniques may help improve the accuracy of detecting actual falls while reducing false positives.

•   Privacy and data security: As fall detection systems often collect sensitive health data, ensuring robust privacy and data security measures is crucial. Research should focus on developing methods to protect user data while maintaining system performance.

•   Cost-effectiveness and scalability: Commercially available fall detection systems can be expensive, limiting their accessibility to a broader population. Future research should focus on developing cost-effective solutions that can be easily scaled for widespread adoption.

•   Integration with healthcare systems: Investigate how fall detection systems can seamlessly integrate with healthcare providers’ systems to provide timely alerts and support, leading to more efficient and effective healthcare interventions.

•   Long-term monitoring and outcomes: Assess the impact of fall detection systems on overall fall rates, fall-related injuries, and healthcare outcomes over extended periods to understand their effectiveness and benefits in the long run.

Considering the various challenges and limitations of different fall detection networks, as discussed above, a lightweight and efficient video-based patient activity monitoring system for detecting inpatient fall and other activities has been proposed in this paper. The activity recognition network of the system sees inpatient falls using pose estimation and then timely alert the staff if a fall is detected. This network has also been extended to monitor the patient’s activity and rest time based on their different body positions.

3  Proposed Patient Monitoring System

The proposed patient monitoring system for inpatient fall reduction comprises a video compression network, a human pose estimator, and an activity recognition network. The video streams are compressed using the compression network and then stored in the compression format. The system fetches and regenerates the video frames and feeds them as input to the human pose estimator. It identifies the respective 3D human poses and provides them to the activity recognition network to further classify the actions into fall detection and activity and rest time estimation. If the network detects any imminent patient fall, instant alerts are made. The high-level structure of the proposed system is given in Fig. 1.
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Figure 1: Various steps in the patients’ activity monitoring system

3.1 Video Compression

The input video stream is compressed using an already-designed end-to-end video compression network [39]. The video compression network of the model is designed to compress the video frames so that classification can be made efficiently from the compressed format. It primarily comprises three sub-networks: Flow Autoencoder, Motion Extension Network, and Frame Autoencoder. The Frame Autoencoder is employed to compress the video frames. The input video frames are given as input to the encoder of the frame autoencoder, and it encodes them into binary format. The encoder comprises one Convolutional Gated Recurrent Unit (ConvGRU) layer and four 2D-CNN layers. ConvGRU layer is incorporated to enhance the compression quality as it encompasses the properties of both CNN and Recurrent Neural Networks (RNN). The binary format is quantized and then fed into the decoder for reconstruction. The difference between the original and the reconstructed frames gives the residual frame. The residual frame is then provided iteratively to the autoencoder to obtain the compressed format of the required compression quality. The network exploits multiple emissions to produce frames of varying compression quality. The structure of the compression network is given in Fig. 2.
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Figure 2: The video compression network

The frame autoencoder employing recurrent ConvGRU-based encoder and decoder networks has been used to reconstruct the frames with varying degrees of compression quality. A ConvGRU-based encoder network encodes the frames in binary format, and then, after quantization, the corresponding decoder network regenerates the video frames according to the varying degree of compression. The motion information among the consecutive frames is computed efficiently using the Farneback-based flow estimation method. The calculated flow vector is fed into the flow encoder network for compression. The Frame Reconstruction Network is designed to reconstruct the current video frame. This network uses three inputs, i.e., regenerated structure, regenerated flow vector, and the previous frame, to estimate the current video frame. This network comprises convolutional layers only, and Rectified Linear Units are used as the activation functions. The detailed structure of this network is given in Fig. 3.
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Figure 3: Video frame reconstruction network

The intermediate representation is merged on the decoded middle frame, producing a high-quality current structure. The same has been represented by Eq. (1).

 Idecoded=fdecoder(Iencoded, Fencoded, Idecodedprev)(1)

where “Iencoded  and Fencoded are binary encoding of current frame and flow vectors, Idecodedprev is previously decoded frame and fdecoder is a representation of decoder neural network.”

The video frames are then fed to the human pose estimator for further computations.

3.2 3D Human Pose Estimation

The proposed activity recognition network has been trained in a step-wise manner. For the 3D human pose estimation, firstly, 2D poses are predicted, which are then lifted to 3D. An example of a 2D pose and its corresponding 3D pose is given in Fig. 4.
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Figure 4: An example of the 2D and 3D pose

As Lightweight Pose Network (LPN) is well-tuned with the taken NTU RGB + D dataset [30] and already trained on the Common Objects in Context (COCO) dataset [31], we have used LPN for 2D pose estimation from the video stills. Moreover, LPN achieves good accuracy with lesser complexity. According to the annotations, the joint heatmaps are produced, and the corresponding 2D coordinates are obtained by directly calculating the centre of mass of those heatmaps. These 2D poses are then normalized and scaled before lifting to 3D.

The 2D and 3D human poses are represented by x and y, respectively. 2D human poses, x € R2J, are given as input to the lift network, which computes the corresponding 3D poses, y € R3J. The following functions, (2) and (3), minimize the prediction error.

f∗: R2J→R3J(2)

f∗=minf1N∑i=1NL(f(xi)−yi)(3)

The mapping function f uses a 2 J vector for 2D pose x as input and a 3 J vector for 3D pose y as output. A depth dimension of J points is added to the 2D pose. ‘i’ represents the ith pose among N poses.

The prediction error between the ground truth and the predicted pose is computed by using the following function:

L(y^i,yi)=||y^i−yi||2(4)

where y^i and yi represents the ground truth position and prediction of the ith pose.

The structure of the lift network is given in Fig. 5. Along with convolutional layers, Batch Normalization (BN) layers are used for regularisation, and Dropout layers with a 0.5 value are used for more robustness.
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Figure 5: The structure of the lift network

3.3 Activity Recognition Network

The activity recognition network primarily detects or recognizes three activities: patient fall detection, rest, and action. The fall detection class recognizes the occurred fall and buzzers the associated alarm if a fall is detected. Similarly, the activity and rest poses are also identified based on their 3D poses. The whole process has been presented in Figs. 6 and 7. The counters associated with these classes may be used to monitor their corresponding metrics, i.e., for how long a patient has taken rest or performed any activity.
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Figure 6: Recognition of patient fall and different activities by the proposed system
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Figure 7: The joint aggregations corresponding to different activities

Earlier works utilize either LSTM or CNN-based modelling approaches for activity recognition networks. LSTM networks typically get current frame input at a time and need to remember it for long-term association. It makes long-term learning and feature association difficult. CNN networks address this issue by performing convolution on multiple frames windows. With a typical kernel, size ranges between 3 to 5, and one layer of CNN can form an association in a 3–5 frame window. This receptive field of the layer increases as the depth increases. It allows the final assimilation of all frames in deeper layers. The receptive field can be improved faster by increasing the convolution kernel size in the time step direction. However, this significantly increases learning parameters and makes the model prone to overfitting.

We propose an activity recognition network with a novel ResNet Mixer block to address the above issue. ResNet Mixer block comprises two 1D convolution layers, a BatchNorm layer, and a residual connection. It takes feature input of size − batch * pose dimension * the number of frames. We have kept the dimension and frame dimension to 148 to simplify the network. ResNet Mixer block takes out both temporal and spatial features from the input data to more effectively capture the relationships and patterns present in the data. The Mixer block operates by first processing the input data in the pose dimension, which involves applying the first 1D convolution layer to extract features from all joint position features of each frame. The Mixer block then processes the input data in the time dimension by applying a second 1D convolution to compute a new feature value for each feature based on its association in all 148 frames. BatchNorm and residual connection adds gradient stability to the network, allowing better training of deeper layers. It will enable the Resnet Mixer block to have a receptive field of all 148 frames. Multiple blocks allow iterative complex feature computation for activity detection with few parameters.

The Conv1D-based model employs a novel ResNet Mixer block as its core building block. The ResNet Mixer block comprises two 1D convolution layers, a BatchNorm layer, and a residual connection. The model processes the input data in pose and time dimensions to capture spatial and temporal features effectively. It aims to improve feature association and long-term learning, overcoming some limitations of traditional LSTM-based models. The ResNet Mixer block operates in two steps. Firstly, it processes the input data in the pose dimension, applying the first 1D convolution layer to extract features from all joint position features of each frame. It helps in capturing the spatial characteristics of the poses. Next, the ResNet Mixer block processes the input data in the time dimension, applying a second 1D convolution layer to compute a new feature value for each feature based on its association in all frames. This step captures temporal patterns and relationships among different structures. The architecture uses Multiple ResNet Mixer Blocks with Batch Normalization and Residual Connection and is designed to have a receptive field of all 148 frames.

The activity recognition network expands the number of pose features from 48 to 148 in the first convolution. It reduces the number of frames from 296 to 148 to make it compatible with the ResNet Mixer block. Following this, ten ResNet Mixer blocks are used. The advantage of using this network is that it has more depth and is less prone to overfitting. This network has 4,80,411 parameters, comparatively less than earlier developed networks (4.2 M parameters in the CNN model proposed by Cheng et al. [29]). The other details of the activity recognition network are as follows: 0.05 MB of Input size, 10.53 MB of Forward and backward pass size, 1.83 MB of Params size, and the anticipated Total size of 12.42 MB. The design of the individual component and the activity recognition network is given in Figs. 8a and 8b, respectively.
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Figure 8: (a) Design of individual ResNet Mixer block. (b) The activity recognition network

4  Experiments and Analysis

In this section, the details of the experimentation have been covered. The datasets used and the training strategy of the designed network has been explained in detail.

4.1 Dataset

The video-based standard dataset NTU RGB+D has been used to train the network and assess the performance of the proposed system. This dataset comprises a total of 56,880 videos having 60 different action classes. The video sequences containing more than one person or missing poses or frames have been ignored, so only 44,372 video samples are used. Among them, 1490 video samples include fall events and resting events. Three cameras are used to obtain the videos of the dataset with angles, i.e., −45∘, 0∘, and +45∘. This data set also contains their infrared videos and 3D skeletal data, and each sample’s depth map sequences and RGB videos. The 3D skeletal data comprises 3D coordinates of twenty-five joints. 1920 × 1080 is the resolution of RGB frames with a speed of 30 per second (FPS).

The video sequences containing more than one person or missing poses or frames have been ignored in the data preprocessing step. The dataset provides 890 videos for the fall category. We used 600 videos from the reading and writing category for the resting event with the person sitting on the chair. The division of skeleton data with its Frobenius norm is used for scaling purposes, and centring to its root joint gives its normalization. We used the standard weighted loss function to address the imbalance issue in the dataset. We use a large batch size (320) to ensure that positive samples are stochastically present in every batch.

Loss Function: The goal of the network is to reduce the structural distortion between the input video and the output. We also used the mean squared error (MSE) loss function to minimize colour distortion in decompressed images.

L=Lssim+αLmse(5)

where MSE error is evaluated as:

Lmse(y,y′)=1N∑0n(y−yi′)2(6)
and SSIM error is evaluated based upon three comparison measurements, luminance (l), contrast (c) and structure (s):
Lssim(y,y′)=[ l(y,y′)⋅c(y,y′)⋅s(y,y′)](7)

4.2 Implementation Details

For the implementation purpose, a single T4, K80, or P100 GPU has been used to train the network on the Google Colaboratory platform. The frames have been kept to the size of 64 × 64. Adam Optimizer prepares the neural network, with 10e-4 being the learning rate. [image: images]1 is taken as one, and [image: images]2 be 10. The first frame encoder is trained for 100 epochs. Then the complete network is trained end-to-end for 70 epochs. During the training of the frame encoder with 100 epochs, the learning rate was divided by ten at the 50th, 70th, and 90th epoch. For the whole model training, only 70 epochs have been used after stacking the pre-trained framer encoder first, and the learning rate has been altered by dividing by ten at the 35th and 55th epochs.

4.3 Training Details

The proposed activity recognition network has been trained in a step-wise manner. For the 3D human pose estimation, firstly, 2D poses are predicted, which are then lifted to 3D. LPN is well-tuned with the taken NTU RGB + D dataset [40] and already trained on the COCO dataset [41], so we have used LPN for 2D pose estimation from the video stills. According to the annotations, the joint heatmaps are produced, and the corresponding 2D coordinates are obtained by directly calculating the centre of mass of those heatmaps. These 2D poses are then normalized and scaled before lifting to 3D. 0.0001, the Adam optimizer uses a learning rate to train the lifting network. The generated 3D poses are also normalized before being passed to the detection network. As the different video samples contain diverse frames, all samples have been extended to 300 by adding null frames to maintain uniformity. The fall detection network has been trained with Cross Entropy Loss with Adam Optimizer taking the same learning rate with exponential decay. This network has been trained on one Azure Nvidia V100 GPU for 50 epochs.

4.4 Performance Comparison Analysis

In this section, the performance evaluation and comparative analysis of the designed network have been covered. Firstly, the performance of the individual components has been discussed, and then the performance of the whole network has been analyzed.

4.4.1 Performance of Compressed Video Streams

The video compression network has been designed and implemented in incremental order. The reconstructed images’ qualitative performance, i.e., visual quality, is measured using Structural Similarity Index Measure (SSIM) and Peak Signal to Noise Ratio (PSNR). Flow End Point Error and TPF, Time Per Frame, measure the quantitative performance. A random emission step strategy is used to train the network. The number of emission steps is taken randomly from one to ten. The performance values of the compression network have been measured for each emission step, and their average has been given in Table 3.
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It is observed that the visual quality of the frame is improved with the addition of each emission. Flow End Point Error measures the error in motion information among subsequent frames, and Time Per Frame (TPF) represents the frame reconstruction time. The obtained values show that the error gradually decreases with each new emission step. The obtained values infer that including multiple emission steps improves the images’ visual quality and reduces the flow error but with some nominal increment in frame reconstruction time. The detection quality from encoded frames will improve; after that, the activity recognition results will improve.

4.4.2 Pose Estimation

Some earlier works on pose estimation directly utilize 3D annotations of the chosen dataset. Still, we have used predicted poses to assess the performance and feasibility of the proposed system. Joint Detection Rate (JDR) indicates the pose estimation accuracy. The percentage of successful joint detections is termed JDR. Any joint is considered a successful detection when the difference between ground truth and estimation is less than the threshold taken. The half distance between the head and neck is the threshold here.

Table 4 shows the JDR results of our network on some joints, including the wrist, elbow, spine, and head. The joints having more than 90% JDR are taken as accurate predictions. The JDR of the thumb and ankle is lower than the elbow and wrist due to inaccuracy in 2D poses or frequent occlusion. The same has also been reflected in the last row of the above table.
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The skeleton information of the chosen data set contains 25 joints. However, to keep our system lightweight and less computative, we have also selected the aggregation of 16 joints for our convenience and computed the mean JDR for both joint structures. The mean JDR of 16 joints is greater than 25 points, as depicted in Fig. 9.
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Figure 9: Skeleton structure and mean JDR of 25 joints and 16 joints as computed by our network

4.4.3 Activity Recognition

The performance of the proposed system has been assessed in terms of the accuracy of events detected. The proposed network achieves a fall accuracy of 99.21% and overall accuracy of 99.72% for all three classes. The comparative results with some other networks have been given in Table 5. The graphical comparison is shown in Figs. 10 and 11. The table also infers that earlier networks focused only on detection tasks, but we extended our network to monitor other events, i.e., rest and activity, efficiently.
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Figure 10: Accuracy comparison of fall detection of the proposed system with some state-of-art works

[image: images]

Figure 11: Accuracy comparison of activity recognition of the proposed system with some state-of-art works

4.4.4 Discussion

This work contributes towards making video-based patient monitoring more practical and less computation intensive. In addition, to fall detection, it provides patient activity and rest time monitoring, which can be utilized in routine to improve patient well-being. It also provides an approach to achieving high-accuracy fall detection with lower computation costs by sharing the network with rest and activity detection tasks. Compared to earlier works, rather than scientific advancement in specific activity detection, we expand the current fall detection methods to more activity detection without increasing the computational cost and with detection accuracy comparable to existing works. This network may also provide accounting information by installing corresponding counters. This experimentation is carried out on the generalized dataset. Its performance can be further evaluated on varied and specific datasets in the extended version of this work. Moreover, using ResNet Mixer blocks in activity recognition networks classifies the given input efficiently with an accuracy of 99.77%, but several factors of real-time scenarios have not been considered. This work may be further extended for its more practicality.

4.4.5 Limitations

One of the significant limitations of this work is the lack of real-world evaluation. The dataset captures various individual actions and steps from different angles and viewpoints. This diversity provides some mitigation. Other associated challenges are complex background or lighting variation, which affects the accuracy, and must be addressed. Moreover, diverse situations that may lead to imminent falls and the impacts of various factors like loss function or input joints, which may affect the performance of these systems, may also be explored.

5  Conclusion

A lightweight compressed video stream-based patient activity monitoring system has been proposed in this paper. The main focus of this work is to improve the value of the existing network by expanding fall detection to activity recognition without impacting the accuracy of fall detection and increasing computational costs. The whole system is an integration of three sub-networks. A CNN-based video compression network, an LPN for human pose estimation, and a ResNet Mixer block-based activity recognition network are used collectively to accomplish the task.

The major limitation of this research work is the lack of real-world evaluation. The actions in the dataset are captured from different angles and viewpoints. This diversity provides some mitigation. Moreover, some challenges associated with such vision-based systems are complex background or lighting variation, which affects the accuracy, and need to be addressed. The diverse situations that may lead to imminent falls must be explored. The impacts of various factors like loss function or input joints, which may affect the performance of these systems, may also be studied in future works.

The system has been trained and tested over a standard dataset, resulting in an overall accuracy of approx. 99.77% with a detection accuracy of 99.63%. The performance analysis of the obtained results shows the efficient detection of different events by the proposed system, which may help monitor the improvements in inpatient falls. Future enhancements can include integrating activities such as detecting seizures or critical events, multi-camera setups, real-time alerts, data privacy measures, and validation in natural healthcare settings.
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Table 1: Summary of some of the prominent works on fall detection and activity recognition

Paper  Network/Techniques used Specifications
[11] U-shaped network Refine the prediction by integrating
diverse hourglass modules
[19] Machine Learning Methods (K-Nearest For identification and classification of
Neighbour (KNN), SVM, Extreme Learning human gait
Machines (ELM), Multi-Layer Perceptron
(MLP))
[21] LSTM Neural Networks Fall detection only
[22] AlphaPose, Random Forest (RF), SVN, Vision-based Fall detection and Activity
MLP, KNN Recognition using Human Pose
Estimation
[23] LSTM, along with 3D CNN Fall detection using RGB frames
[24] Highly robust deep convolution neural Uses a pruning method to reduce
network parameters and calculations of the fall
detection network
[25] The vision-based approach of Thermal vision-based discrimination
multi-occupancy fall detection between a fall or no-fall
(MoT-LoGNN)
[26] CNN Fall detection only
[27] Multi-Scale Skip Connection Segmentation Detect fall or no fall
Network (MSSkip), LSTM
[28] Multi-stride Temporal Convolutional Assess whether the predicted pose forms
Networks (TCNs) a valid posture and a valid movement
[29] Pyroelectric Infrared Sensors (PIR), Random Detection of regular motions and patient

Forest (RF), Decision Tree (DT), Support
Vector Machine (SVM), Naive Bayes (NB),
and AdaBoost (AB)

fall events
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Table 3: Average performance values

Avg. SSIM  Avg. PSNR  Avg. EPE  Avg. TPF

Video compression network  0.9036 26.22 0.3199 0.02662
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Table 4: Joint detection accuracy of some major joints

Joint type JDR
Head 98.01
Base Spine (BS) 99.28
Left Elbow (LE) 98.15
Left Wrist (LW) 97.51
Right Elbow (RE) 94.17
Right Wrist (RW) 91.73

Right Ankle (RA) 71. 02
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Table 2: The datasets widely used for fall detection tasks

Reference Dataset Fall/Activity ML technique Accuracy/F1-score

[30] SDU Fall Fall to the floor, Sitting, walking,  Bag of words model built upon Accuracy: 79.91%
squatting, lying, bending curvature scale space feature

[31] EDF-OCCU Falls in 8 different directions,

Laying, picking up, sitting (floor),
tying shoelaces, plank exercise

[32] UR Fall From standing, sitting on a chair, ~ Support vector machine, Accuracy: 94.99%,
Lying, walking, sitting down, k-nearest neighbour
crouching down

[33] TST v2 From the front, backwards, to the  Depth frame

side, Sitting, grasping an object
from the floor, walking, lying

[34] PKU-MMD Drinking, waving hands, putting Regression RNN Regression Fl1-score: 52.6%
on the glassed, hugging, shaking SVM Bidirectional LSTM S-T  13.1%
attention LSTM 33.3%
31.6%

[35] NTU RGB-D Fall to the floor and 120 actions S-T LSTM Accuracy: 57.9%
Part-Aware LSTM 26.3%
RNN 44.9%
CNN 61.8%

FSNet 62.4%
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Table 5: Accuracy measurements of the proposed system with some other networks

Methods Network Event Input  Feature Fall accuracy Overall
accuracy
Tsai et al. [24] Conv (1D) Fall Depth  Pose 99.20% 99.20%
Shojaei-Hashemi et al. [21] LSTM Fall Depth  Pose 96.12% 96.12%
Xuetal. [22] Conv (2D) Fall RGB  Pose 91.70% 91.70%
Chen et al. [29] Conv (1D) Fall RGB  Pose 99.83% 99.83%
Sykes [26] DNN Fall RGB  Pose 92.59% 92.59%
Proposed system Conv (ID) Rest, RGB  Pose 99.63% 99.77%

activity, fall
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