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Abstract

Understanding the activities of hospitalized patients is important for hospital administra-
tors in terms of preventing accidents and improving the efficiency of nursing care. To solve
this problem, we have developed a technology to detect 10 types of patient activities from
images. Since this image recognition technology operates on edge devices, it simultane-
ously understands the activities of several hundred beds of patients in a large hospital
without being limited by network bandwidth due to video transmission, as is the case with
server-based Al In the experiment, 10 different behaviors of residents of an elderly care
facility were detected, and logs of the residents’ behaviors were collected. Analysis and
utilization of the logs will be considered in future research.

Keywords: action recognition; life-log; image processing; elderly care

1. Introduction

The problem of falls and tumbles by elderly people living in hospitals and elderly
care facilities has been the subject of various studies to date, including methods using
pressure sensors [1], air spring mattresses and focal loss convolutional neural networks [2],
wireless channel state information [3], three accelerometer sensors attached to the trunk
of a person [4], and a method to analyze information from a thermopile sensor array
(TPA) using a convolutional neural network-recurrent neural network (CNN-RNN) [5].
Conversely, research on fall prevention through image analysis has advanced significantly
in recent years. One approach involves estimating a patient’s condition from a single image
by integrating bed position and posture estimation results to identify various postures,

i

such as “getting out of bed,” “lying down,” “getting up,” and “sitting on the edge of the
bed” [6]. Additionally, a method has been proposed for condition estimation using video
footage, in which bed position data and time-series posture estimations are analyzed via
long short-term memory networks to detect the precise moment a patient begins to rise
from the bed [7].

Various hospitals are introducing technologies that combine cameras installed in
hospital rooms with image analysis. However, the introduction of products and systems
equipped with image recognition technology into hospitals poses a major challenge in
terms of data transmission volume. As an example, we considered the introduction of an
image analysis system in a hospital with 100 beds. Assuming that the image size of the

camera is w (horizontal), h (vertical) (in pixels), the number of image channels is c, the
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color tone of each channel is n[bit], and the number of images taken per second is f, the
data volume a[bps] per second can be expressed by Equation (1).

a=wxhxcxnxf (1)

As an operational example, if the camera image resolution is high definition
(1280 x 780 pixels), the number of channels is 3, the color gradation is 8 bits, and the
number of frames shot per second is 10 frames per second, the amount of data received
from the camera per second is 239 megabytes per second (Mbps). If the image processing
unit is located on a server, 239 Mbps of data transmission is required per camera, which
means that a 100-bed hospital needs to secure a communication bandwidth of approxi-
mately 24 gigabytes per second.

One way to reduce the communication bandwidth is to compress the transmitted
images, but there is concern that the recognition accuracy will be degraded due to the
deterioration of image quality. To avoid these problems, we developed a method in which
images are processed at the edge and only the processed results are sent to the server. The
developed method is appropriate for detection on edge devices, but also detects 10 types of
patient behaviors. The 10 detection behaviors and the definitions of the behaviors are listed
in Table 1.

Table 1. The 10 types of detection actions we propose and their definitions.

Behavior Definition of Behavior
Sit up Change from lying down on the bed to sitting up on the bed.
Bed-exit Change from sitting on the bed to standing on the floor.
Get into the bed Change from standing on the floor to sitting on the bed
. Change from sitting in the middle of the bed to sitting on the edge of the bed.
Sit on the edge of the bed Change from lying on the edge of the bed to sitting on the edge of the bed.
Lay down Change from sitting position on bed to lying position on bed.
. Change from lying on the edge of the bed to lying on the floor.
Slip off the bed Change from sitting on the edge of the bed to sitting on the floor.
Climb up the bed rail Change from lying on the bed to lying on the railing.

Stand up in the bed
Leave the room
Enter the room

Change from a sitting position on the bed to a standing position on the bed.
The number of people detected standing on the floor changes from 1 to 0.
The number of people detected standing on the floor changes from 0 to 1.

By detecting ten distinct types of patient behaviors, it becomes possible to infer approx-
imate daily activity patterns, such as wake-up and sleep times, as well as periods of physical
activity. The collection and analysis of large-scale behavioral data are anticipated to yield
novel insights, including correlations between activity trends and patient-specific attributes,
as well as early indicators of potential incidents. Accordingly, this research not only seeks
to prevent accidents through real-time behavior monitoring but also aims to establish a
comprehensive data platform for analyzing risk factors and patient characteristics.

2. Methods

Recent research has used Transformer-based methods [8] for behavior detection, but
incorporating a processor that executes the Transformer into an edge device requires a
high-performance CPU, a graphics processing unit, or other computing devices, which
leads to an increase in the unit cost of the device. Therefore, we propose an action detection
method that reduces the overall system cost by combining image processing algorithms
before using the Transformer, while still operating on edge devices. The method consists of
five processes to detect human actions from input images. The first process is bed detection.
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Detection of the bed position is necessary because most of the patient’s actions, such as
leaving and getting up, need to be interpreted relative to the bed. The second process
is person detection. It identifies the presence or absence of a patient in a hospital room
and provides a rough idea of the patient’s location within the room. The third process is
skeleton estimation, which takes the image area around the YOLO-X detection rectangle as
input and extracts the skeleton of the person from the image area. The fourth process is the
estimation of the person’s posture and position.

We used a discriminator that simultaneously estimates posture, which outputs the
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posture of the detected person in three classes, “standing,” “seated,” and “supine,” and
position, which outputs the position of the detected person in two classes, “in bed” and
“on the floor. For position and posture estimation, we use the visual attention (VA)-CNN
proposed in Zhang et al.’s Skeleton-based Human Action Recognition [9]. In previous
studies, VA-CNNs have been used for motion detection using coordinate information from
multiple frames as input.

In this study, we used VA-CNNSs as a function for estimating a person’s posture at an
arbitrary time. The reason for this is that when using a discriminator with a single frame
as input, if the previous detector, such as person detection or posture estimation, fails to
detect a person, the previous and next frames are used to estimate the person’s posture
at the current frame. The developed method inputs coordinate information for 20 frames.
The fifth stage involves behavioral judgment, wherein changes in the patient’s position and
posture at a given time are analyzed to identify specific behaviors. A behavior is flagged
when the detected posture change aligns with the criteria defined in Table 1. The overall
detection process is illustrated in Figure 1.

- Person Detector Skeleton Detector - Pose/Position Estimation — Decision Logic =

v
\

— Bed Area Detector =

{stand. sit. lie}. {bed. floor}

N consecutive skeletons

MobileNetV2

Figure 1. Developed detection process.

3. Results

The architecture employed for human detection is YOLOX-Tiny, comprising 5.06 million
parameters. For skeletal estimation, the pose_hrnet w32 model is utilized, containing
28.5 million parameters. Position and posture estimation is performed using MobileNet-
V2, which consists of 3.504 million parameters. The experimental setup incorporates
a hospital-grade camera. Specifically, the NLX-CA camera manufactured by Aiphone Co.,
Ltd. (Nagoya-city, Japan) is used, a device marketed for hospital security applications.
This camera offers a wide horizontal field of view of 175 degrees and is equipped with
near-infrared illumination, enabling continuous image capture under low-light conditions,
including nighttime environments.

The experimental data were collected in a laboratory designed to simulate a hospi-
tal room. As this study represents an early stage of research, volunteers were recruited
to mimic patient behaviors, such as leaving the bed or sitting on its edge. The evalu-
ation dataset comprises 120 video scenes depicting various movements. For instance,
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among these scenes, the supine position appears 36 times, while slipping and falling occur
30 times. A detailed breakdown of behavior occurrences is presented in Table 2.

Table 2. Detection rate and false positive rate for target actions. The numbers in parentheses for the
detection rate are the number of detected actions in the denominator and the number of detections in
the numerator. The numbers in parentheses for the false positive rate are the number of scenes in the
denominator and the number of false positives in the denominator.

Action Detect Rate [%] False Detect Rate [%]
Sit up 97.61 (41/42) 1.67 (2/120)
Bed-exit 100.0 (19/19) 3.33 (4/120)
Get into the bed 93.33 (14/15) 6.67 (8/120)
Sit on the edge of the bed 86.05 (37/43) 7.50 (9/120)
Lay down 100.0 (21/21) 2.50 (3/120)
Slip off the bed 93.33 (28/30) 0.83 (1/120)
Climb up the bed rail 100.0 (6/6) 2.50 (3/120)
Stand up in the bed 100.0 (6/6) 1.67 (2/120)
Leave the room 88.89 (24/27) 2.50 (3/120)
Enter the room 91.30 (21/23) 2.50 (3/120)

The training dataset varies by task. For human detection and skeletal estimation, the
MS COCO 2017 dataset is used (training: 118,278 images; evaluation: 5000 images), supple-
mented with images of volunteers in the simulated environment (training: 58,131 images;
evaluation: 15,605 images). For position and posture estimation, only the volunteer images
from the simulated environment are used.

Detection performance is evaluated using the aforementioned architectures and train-
ing data. The system processes input at 5 frames per second (fps). During evaluation,
a total of 23,726 images are analyzed, comprising the 15,605 training images and additional
frames captured before and after each scene to account for system output latency. The
proposed method exhibits a delay of 15 frames between the completion of a movement
and the generation of the evaluation result. To ensure accurate performance assessment,
a temporal margin is incorporated into the evaluation video. Consequently, each scene
contains approximately 200 frames, corresponding to a duration of roughly 40 s.

The evaluation method involves flagging each scene with the frame in which the target
behavior occurs. A detection is considered successful if the system identifies the correct
behavior within 4 s of the flagged frame. If the detection occurs outside this window or
the identified behavior does not match the flagged action, it is classified as undetected.
Additionally, any detection without a corresponding flag within 4 s is regarded as a false
positive. The detection rates for volunteer behaviors are analyzed and summarized.

4. Discussion

We evaluate the relevance of the ten behavioral categories targeted for detection in the

e

experiment. Four specific actions—*“sitting up,” “sitting on the edge of the bed,” “exiting
the bed,” and “slipping off the bed”—were identified as essential for reducing the risk
of indoor accidents among patients. Additionally, the action of “leaving the room” was
included to address potential hazards that may occur outside the patient’s room, such as in
hallways or restrooms.

Based on a preliminary survey conducted in hospitals and nursing homes, two addi-
tional behaviors—"climbing onto the bed rail” and “standing up in the bed”—were judged
to pose significant safety risks and were therefore added to the detection targets. The
survey involved unassisted elderly individuals and focused on the diversity of movements

performed around their beds. Observations revealed that participants frequently engaged
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in daily activities such as “getting up” and “exiting the bed,” as well as more hazardous
actions like climbing onto bed rails and standing upright on the bed. Given the ele-
vated risk associated with these behaviors, their inclusion in the detection framework was
deemed necessary.

an

To monitor patient activity, we incorporated the behaviors “lying down,” “getting into

bed,” and “entering the room.” These actions were selected as symmetrical counterparts to

o

“getting up,” “exiting the bed,” and “leaving the room,” thereby enabling a more complete
understanding of movement patterns and transitions. The video segments capturing
“entering” and “leaving” the room were insufficient in duration, limiting the system’s
ability to accurately assess these behaviors. The absence of footage immediately before
and after these transitions hindered reliable classification. Furthermore, as illustrated
in Figure 2, the postures associated with “sitting on the edge of the bed” and “slipping
off the bed” were highly similar, leading to misclassification. This overlap in posture

representation highlights a challenge that warrants further refinement in future iterations

of the detection system.

(b)

Figure 2. Examples of difficult posture judgments: (a) Sitting on the edge of the bed; (b) Sitting on
the floor.

5. Conclusions

We developed a method for detecting 10 types of patient behavior and understanding
patient activity trends. The method can be implemented on edge devices, considering
the burden of video transmission when installed in a large-scale hospital. In the future,
demonstration experiments will be conducted on the accuracy of detection in nursing
homes and hospitals, and investigate the acquisition of patient activity trends and the
usefulness of the acquired activity trends.
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