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To address high cloud delay, large switching impact, lagging safety response, and insufficient hierarchical
protection in traditional bed-chair systems, this paper constructs an edge-computing-based home intelligent
nursing bed-chair architecture, establishes a kinematic model and trajectory planning for multi-mode switching,
and proposes an adaptive fuzzy PID smooth switching control algorithm with a load-adaptive tuning mechanism
and synchronization strategy, along with a hierarchical safety decision method using improved fuzzy evaluation.
Test results show that across six common modes, maximum angle error is below 0.35°, The peak acceleration
is only 0.22 m/s?, and impact acceleration stays within 0.25 m/s?. Under edge deployment, average safety
response time is 147 ms, protection success rate 99.2%, false alarm rate below 0.8%, and no fault shutdown
after 72 hours. The system maintains excellent stability and robustness under varying loads and scenarios,
significantly outperforming traditional PID and cloud-based systems. This study provides a feasible technical
path for low-latency control and intelligent upgrading of home rehabilitation aids, suitable for home-based

elderly care, community healthcare, and home hospital beds.
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1. Introduction

With global population aging accelerating, demand for
home care of disabled /semi-disabled elderly is growing,
making intelligent bed-chair integrated equipment a re-
search hotspot. Rao et al. [1] built an intelligent monitoring
system for wheelchair-bed integration but only achieved
basic shape switching and single-dimensional data collec-
tion, without optimizing motion smoothness or multi-scene
safety. Bai et al. [2] focused on comfort in static bed rest,
not dynamic multi-mode switching control. Wang et al.
[3] reviewed home intelligent robots for bedridden elderly,
identifying poor dynamic adaptability and limited safety
mechanisms but offered no practical solutions. Zhang et
al. [4] emphasized multi-mode switching and active safety

as future breakthroughs yet noted large switching impacts
and lagging responses, without developing control algo-
rithms. Nunes et al. [5] developed a wireless monitoring
patch for vital signs but lacked closed-loop linkage with
motion control. Menon et al. [6] evaluated smart furniture
design for hospital beds, not home-based multi-mode con-
trol. Kumari et al. [7] created an IoT-based smart seat with
only physiological monitoring, no posture adjustment or ac-
tive safety. Fritz et al. [8] proposed a health event detection
system for home care but focused on post-event alarms, not
real-time risks. Sarkar et al. [9] developed a deep-learning
fiber-optic sensor bed but only optimized sensing, not the
full perception-decision-execution loop. Sawyer et al. [10]
defined a design framework for multi-mode products but
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Fig. 1. Overall architecture of household intelligent curing bed and chair system based on edge computing

not customized for home care beds/chairs. Kumar et al.
[11] developed an adaptive LPWAN/WiFi edge network
for low-latency communication but not for bed-chair real-
time control. Recmanik et al. [12] reviewed vital sign sen-
sors for hospital beds without addressing multi-sensor fu-
sion or risk quantification. Mohammed et al. [13] proposed
a federated learning-based edge-cloud wheelchair system
for outdoor navigation, not home bed-chair switching. Liu
et al. [14] developed a proximity/pressure dual-mode sen-
sor but lacked system-level closed-loop control. Pomante
and Salice [15] built a monitoring system for sleep and fall
detection only in static rest, not dynamic mode switching.
Jeung et al. [16] developed an Al-driven hospital bed safety
system focused on risk warning, not hierarchical protec-
tion execution. Zhang et al. [17] proposed inherent safety
design for nuclear plants, which has not yet been applied
to home intelligent bed-chair systems.

In summary, current research on intelligent nursing beds
and wheelchairs still faces three bottlenecks: lack of smooth
trajectory planning and load-adaptive control for bed-chair
switching, reliance on cloud-based processing with high la-
tency and offline failure, and single emergency-stop safety
mechanisms without hierarchical protection. To address
these, this paper proposes an edge-computing-based multi-
mode switching and safety protection system. It designs a
four-layer perception-edge-control-cloud architecture, es-
tablishes a kinematic model with fifth-degree polynomial
trajectory planning for impact-free switching, adopts an
adaptive fuzzy PID controller for high-precision control,
and constructs a graded safety decision model using im-
proved fuzzy comprehensive evaluation for comprehensive

risk identification and active protection.

* Methodological innovation in control algorithm: Pro-
posed an adaptive fuzzy PID algorithm with a load-
adaptive parameter tuning mechanism. This differs
from conventional fuzzy PID by introducing real-time
load identification and multi-actuator synchroniza-
tion control, achieving a peak acceleration of only
0.22 m/s* and a 75% reduction in angle control error
compared to traditional methods.

¢ Architectural innovation in edge computing: De-
signed a heterogeneous edge computing architecture
utilizing an STM32H743 and a Raspberry Pi 4B for
real-time control and safety decision-making, achiev-
ing a 98% reduction in security protection response
time compared to cloud-based architectures.

e Theoretical innovation in safety protection: Con-
structed a three-level hierarchical safety protection
model with an improved fuzzy comprehensive eval-
uation. This introduces the entropy weight method
for objective weight optimization and establishes clear
trigger thresholds for different risk scenarios.

These innovations represent methodological advance-
ments beyond mere system integration, providing new
technical approaches for the field of home intelligent reha-
bilitation equipment.
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Fig. 2. Multi modal Perception Unit Structure of Intelligent Maintenance Bed and Chair

2. Theory and formula

2.1. Architecture design of intelligent curing bed and
chair system based on edge computing

2.1.1. Owverall layered architecture of the system

The home intelligent maintenance bed and chair system
designed in this article adopts a four layer architecture, in-
cluding terminal perception layer, edge control layer, cloud
service layer, and user interaction layer. The overall struc-
ture is shown in Figure 1.

The edge control layer uses STM32H743 for real-time
tasks (trajectory planning, fuzzy PID, motor control, safety,
interrupts, CAN/RS485/PWM) and Raspberry Pi 4B for
preprocessing, fusion, HCI, cloud communication, and
monitoring. They communicate via 50 Mbps SPI with 1 s
timestamps from STM32. Sensor data is timestamped, sent
to Pi for processing, returned to STM32 for control, syn-
chronized within a 1 ms window. Measured latencies: SPI
0.12 ms, preprocessing 1.85 ms, control 3.5 ms, end-to-end
below 10 ms.

2.1.2. Multimodal Perception Unit Structure

The multimodal perception unit serves as the system’s data
foundation for precise mode switching control and active
safety decisions, requiring full-dimensional sensing of bed-
chair operation status, human posture, and environmental
risks. This unit adopts a distributed master-slave node
structure [18, 19], as shown in Figure 2.

2.1.3. Multi-mode switching actuator and drive system structure

The system supports six core modes (lying flat, sitting,
lifting, leg bending, assisted standing, wheelchair travel),

switched via electric push rods and motors [20, 21]. A
closed-loop drive structure of edge controller, driver, actua-
tor, and feedback unit is designed for smooth and precise
control, as shown in Figure 3.

2.1.4. Hierarchical safety protection closed-loop control structure

To address passive protection and delayed response in tra-
ditional bed-chair systems, this paper designs a three-level
safety protection system (pre-alarm, active intervention,
emergency braking) and constructs a fully closed-loop
safety protection control structure [22, 23], as shown in
Figure 4.

The system has three safety levels. Level 1 pre-alarm (F
0.25-0.5) handles minor risks like 5-10 cm offset or +20%
heart rate change with yellow light and alert, no motion in-
tervention. Level 2 active intervention (F 0.5-0.75) handles
moderate risks like 10-15 cm offset or 110-130% current by
reducing speed 50% and auto-correcting posture. Level 3
emergency braking (F 0.75-1) handles severe risks like over
15 cm offset or over 130% current by cutting power within
10 ms, locking brakes, and requiring manual reset.

2.2. Multi-mode switching and core algorithm design for
security protection
2.2.1. Modeling of Kinematics and Trajectory Planning for Multi-
mode Switching of Bed and Chair
The multi-mode switching involves coordinated motion
of the backrest, seat, and leg rest as rigid bodies. Using
the D-H parameter method, a kinematic model is estab-
lished to map each plate’s posture to actuator stroke. The
three components are defined as rigid links connected by
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Fig. 3. Structure of bed chair multi-mode switching actuator and drive system

revolute joints, with coordinate systems built accordingly
[24]. The homogeneous transformation matrix is given in
formula (1).

switching is ¢, the target time is ¢ s the starting joint an-
gle is 0y, and the target joint angle is 0y, the fifth-degree
polynomial trajectory planning equation for joint angles is
shown in formula (2):

cos; —sinf;cosa; sinf;sina;  ajcos; 2 3 4 5
i-1p _ | sinfj cosf;cosa; —cosfsina; a;sinf; 0(t) = a+art +apt" + ast” + agt” + ast @
i 0 sina; Cos u; d; In formula (2), a1 — a5 are coefficients of a fifth degree
0 0 0 1 ) polynomial obtained by solving boundary conditions [26].

In formula (1), i:*lT is the homogeneous transformation
matrix of link i relative to link i1, 6; is the joint angle of link
iaround the z-axis, a; is the torsion angle of link i around
the x -axis, 4; is the length of link i , and d; is the offset
distance of link i along the z -axis.

Multiplying the homogeneous transformation matrix
gives the end-effector pose relative to the base, solving
the mapping between joint angles and push rod stroke as
the kinematic basis for mode switching trajectory planning
[25].

The mapping relationship between actuator strokes and
assistive postures was verified through three steps: theo-
retical inverse kinematics calculation for 100 target pos-
tures, prototype measurement using high-precision en-
coders (£0.1 mm), and error analysis comparing theoretical
and measured values.

To ensure the smoothness of the mode switching pro-
cess and avoid the impact of sudden changes in speed and
acceleration, this paper uses a fifth-degree polynomial to
plan the trajectory of mode switching, ensuring continuous
changes in position, speed, and acceleration during the
switching process. Assuming the starting time for mode

The boundary conditions for mode switching are: the veloc-
ity and acceleration at the starting and target times are both
0, thatis, (t) = 0,8(t) = 0,0 (tf> =0,and @ (tf> =0.

The fifth-degree polynomial was selected because home
care scenarios prioritize user comfort over speed, and
its 25% time overhead remains acceptable within the 12-
second mode switching window. Its computational com-
plexity is well within the STM32H743’s capabilities, while
continuous acceleration eliminates mechanical resonance,
reduces wear, and provides the superior smoothness criti-
cal for elderly and disabled users.

2.2.2. Adaptive Fuzzy PID Smooth Switching Control Algorithm

To solve the problems of fixed parameters, poor load adapt-
ability, and weak anti-interference in traditional PID con-
trol during bed-chair switching, this paper proposes an
adaptive fuzzy PID algorithm that adjusts PID parameters
online via fuzzy inference, improving control accuracy and
switching smoothness [26].

The basic control rate of PID control is shown in formula

3):

de(t)
dt

u(t) = Kpe(t) + K; /(:e(r)dT+Kd 3)
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Table 1. Bed-Chair Connecting Rod D-H Parameter Table

Link i 0; (°) «; (°)  a; (mm) d; (mm) Joint Range
1 (Seat Base) 61 (0-90) 0 450 0 Fixed base
2 (Backrest) 0, (0-75) 0 650 0 0° (flat) — 75° (sitting)
3 (Leg Support) 63 (0-45) 0 400 0 0° (flat) — 45° (leg curl)
4 (Footrest) 04 (0-90) 0 300 0 0° (horizontal) — 90° (vertical)

Joint Angle - Actuator Stroke Mapping Relationship:
For backrest electric push rod (Link 2):L, = /8002 + 1502 — 2 x 800 x 150 x cos(f, + 15°)
For leg support electric push rod (Link 3):L3 = 1/5002 + 1002 — 2 x 500 x 100 x cos(f3 + 10°)

Table 2. Performance Comparison of Three Trajectory Planning Methods (1 = 50 switching tests)

Fifth-Degree

Performance Metric Polynomial Trapezmdal. Velocity S-Curve Planning
Planning
(Proposed)
Smoothness
Maximum Jerk (m/s?) 0.85 12.6 2.15
Acceleration Continuity Continuous Discontinuous at segment boundaries Continuous
I t Level Very Low (no High (significant Low (minor
mpact Leve perceptible vibration) vibration) vibration)
Time Efficiency
Average Switching Time (s) 11.5 9.2 10.8
Time Overhead vs. Trapezoidal +25% 0% (baseline) +17%
Computational Complexity
Floating-Point Operations 128 32 96
STM32H743 Execution Time (ps) 42 8 28
Memory Footprint (KB) 25 0.8 1.8
User Comfort Score (1-10) 9.2 5.8 7.6
Table 3. Differences from Other Adaptive Control Methods
Parameter Load Computational Implementation

Control Method Adaptation Robustness Cost Complexity

AF-PID Online f tuni Excellent Low (STM32 Medi

(Proposed) nine uzzy tuning (verified 0-100 kg) executable) edium

Model Reference

Adaptive Control ~ Modelbased Good High High

(MRAC) p

Gain Offline gain

Scheduling table Moderate Very Low Low

gléiltr;gll\(/éﬁé) Fixed structure Excellent Medium High i(scsktla;)t erng

Model Predictive Optimization- . .

Control (MPC) based Good Very High Very High
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Fig. 4. Classification safety protection closed-loop control structure of household intelligent maintenance beds and chairs

In formula (3), u(t) is the output of the controller, e(t) is
the tracking error of the joint angle, which is the difference
between the target angle and the actual angle, K, is the
proportional coefficient, K; is the integral coefficient, and
K, is the differential coefficient.

The adaptive fuzzy PID controller designed in this ar-
ticle takes angle error e and error change rate ec as in-
puts, and the adjustment amounts AK,, AK;, and AKy of
the three PID parameters as outputs. The parameters are
adjusted online through fuzzy inference rules [28]. The
adjusted PID parameters are shown in formula (4):

Kp = Kpo + AKp
Ki = Kjp + AK; (4)
Kj = Ko + AKy

In formula (4), Kpo, Kjp, and Ky, are the initial val-
ues of PID parameters, which are tuned using the criti-
cal proportionality method. The fuzzy reasoning system
adopts a structure of two inputs and three outputs. The
fuzzy subsets of input variables e and ec are {NB,NM,
NS, ZO, PS, PM, PB}, representing negative large, nega-
tive medium, negative small, zero, positive small, median,
and positive large, respectively, with a domain of [—6, 6];
The fuzzy subsets of output variables AKp, AK;, and AKy
are consistent with the input variables, with domains of
[—3,3],[—0.06,0.06], and [—0.3,0.3], respectively.

This algorithm can adjust PID parameters in real time
based on the error changes and load interference during the
mode switching process, greatly improving the system's
response speed, control accuracy, and anti-interference abil-
ity, ensuring smooth switching under different modes and
loads [27].

The proposed AF-PID offers three innovations: load-
adaptive tuning using FSR sensors for 0-150 kg, multi-
actuator synchronization control with cross-coupling keep-
ing position error below 0.5°, and an anti-windup mech-
anism that resets the integral term at trajectory inflection
points to eliminate overshoot. These enable load awareness,

precise synchronization, and improved transient response.

2.2.3. Hierarchical Security Protection Decision Algorithm Based
on Improved Fuzzy Comprehensive Evaluation
Firstly, normalize the multi-source perception data to elimi-
nate the influence of different dimensions on the evaluation
results. Use the extreme value normalization method [28],
as shown in formula (5):
/ Xi — Xmin

= o S ®

In formula (5), x; is the original collected value of the i
-th perceptual indicator, xpin and xmax are the minimum
and maximum values of the indicator, x; is the normalized
indicator value, and the range is [0, 1].

Subsequently, construct a set of factors and comments
for security risk assessment. The factor set consists of 12
core indicators that affect system security, divided into
four categories: institutional operation safety factors, hu-
man posture safety factors, environmental risk factors,
and vital sign factors, denoted as U = uy,uy, ..., uyp; The
comment set is classified into four levels of security risk:
safe, low-risk, medium risk, and high-risk, denoted as
V = v1,v3,03,v4, with corresponding risk value ranges
of [0,0.25),[0.25,0.5), [0.5,0.75), and [0.75, 1].

Construct the membership matrix of each evaluation
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indicator using a trapezoidal membership function, and
calculate the membership degree of each indicator corre-
sponding to different risk levels. The membership function
is shown in formula (6):

0 x<a
= a<x<b
pat) =4 1 b<x<c ®)
d=x o x<d
d—c
0 x>d

In formula (6), u 4 (x) is the membership degree of the
fuzzy set A corresponding to indicator x, and a, b, ¢, and
d are the inflection point parameters of the membership
function, determined according to the safety thresholds of
different indicators. By calculating the membership func-
tion, the membership degrees of 12 indicators correspond-
ing to 4 risk levels are obtained, and a membership matrix
R € R'>*% s constructed.

The trapezoidal membership function parameters (a, b,
¢, d) were determined based on three sources: industry
safety standards (ISO 13482 for personal care robots and
IEC 60601 for medical electrical equipment), expert knowl-
edge elicitation through a three-round Delphi survey of 15
rehabilitation engineering experts and clinicians achieving
over 85% consensus, and empirical calibration using 2,400
safety scenario test samples with ROC curve optimization
and Youden’s index maximization to set optimal thresholds
(Table 4).

In response to the problem of fixed weights in traditional
fuzzy comprehensive evaluation, this paper introduces the
entropy weight method to achieve adaptive adjustment
of weights, and combines it with the analytic hierarchy
process to obtain the comprehensive weight matrix [29].
The objective weights of the indicators calculated by the
entropy weight method are shown in formula (7):

oo TH
] 12
o2, (1-H))
In formula (7), w;? is the objective weight of the j th indi-

@)

cator, and H; is the information entropy of the jth indicator,
reflecting the information content of the indicator. The
smaller the information entropy, the higher the discrim-
inability of the indicator and the greater the weight.

By combining the subjective weights w]5 obtained from
the Analytic Hierarchy Process, the comprehensive weight
matrix W = [wq,wy, ..., wyp] is calculated, as shown in
formula (8):

w; = aw; +(1- zx)w;’ 8)
In formula (8), « is the coefficient of subjective weight.

In this paper, « = 0.4 is taken to balance the objective infor-

mation of expert experience and data itself, and improve
the rationality of weight allocation.

The coefficient « = 0.4 was chosen based on literature
review of 42 papers with « ranging 0.3-0.6 and mean 0.42,
and 78% of studies using « between 0.35 — 0.45. Sensitivity
analysis on 2,400 samples showed « = 0.4 gave the lowest
false negative rate of 0.8%, false positive rate of 0.7%, and
highest accuracy of 99.2%. It balances 40% expert knowl-
edge with 60% datadriven learning for individual home
environments. Statistical validation confirmed « = 0.4
significantly outperforms & = 0.5 with p < 0.05 while
matching values in 0.35 — 0.45 with p > 0.05.

Through the fuzzy synthesis operation of the weight ma-
trix and membership matrix, the comprehensive evaluation
result vector B is obtained, as shown in formula (9):

B =WoR = [by,b, b3, by ©)

In formula (9), is the fuzzy synthesis operator. In this
paper, a weighted average operator is used, and by — by are
the membership degrees of the four risk levels correspond-
ing to the evaluation results.

Finally, the comprehensive security risk value F is calcu-
lated by weighted summation, as shown in formula (10):

4
F=Y b fi (10)
k=1

In formula (10), f is the quantitative score correspond-
ing to each risk level. In this article, fi = 0.1,f, =
0.35, f3 = 0.65, and f; = 0.9 are taken. According to the
size of the comprehensive risk value F , match the corre-
sponding three-level security protection strategy: when
F € [0,0.25), the system is in a secure state and no protec-
tive action is taken; When F € [0.25,0.5), trigger the first
level pre alarm protection; When F € [0.5,0.75), trigger sec-
ondary active intervention protection; When F € [0.75,0.1),
trigger the third level emergency braking protection.

3. Result discussions

To verify the comprehensive performance of the system
and algorithm designed in this article, a prototype and test-
ing platform of the home intelligent maintenance bed and
chair principle were built, and the system mode switching
control performance benchmark test, multi scenario safety
protection performance test, and long-term operation sta-
bility test were completed. The performance differences
between the proposed solution and the traditional solution
were compared and analyzed.
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Table 4. Typical Indicator Membership Parameters

Indicator a (Safe) b (Start Risk) ¢ (Full Risk) d (Extreme)
Center of Gravity Offset (cm) 0 5 15 20
Obstacle Distance (cm) 50 30 15 5
Motor Current (% rated) 80 100 130 150
Heart Rate Deviation (%) 10 20 30 50

3.1. Test environment and benchmark parameter settings

The prototype hardware is shown in Table 5. The edge
controller uses STM32H743 for real-time control and safety
decisions, and Raspberry Pi 4B for preprocessing, inter-
action, and cloud communication. The sensing unit uses
the distributed multimodal architecture, and actuators use
high-precision DC push rods and servo drives for accuracy
and stability.

3.2. System Mode Switching Control Performance Bench-
mark Test

To verify the proposed adaptive fuzzy PID control perfor-
mance in mode switching, the most common "lying down
— sitting posture” switch in home scenarios was tested,
comparing traditional PID, conventional fuzzy PID, and
the proposed adaptive fuzzy PID. Results are shown in
Tables 6, 7

The attitude angle tracking curve and acceleration
change curve of different control algorithms during mode
switching are shown in Figure 5.

(a) Angle Tracking Performance
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—— Adaptive Fuzzy PID
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Fig. 5. Comparison of angle tracking and acceleration
changes during the switching process between lying down
and sitting modes

As shown in Figure 5(a), traditional PID has large over-

shoot, oscillation, and tracking error with slow conver-
gence; conventional fuzzy PID improves but still has slight
overshoot; the proposed adaptive fuzzy PID accurately
tracks the target with no overshoot, small error, and fast
response. In Figure 5(b), traditional PID shows severe accel-
eration fluctuations up to 0.68 m/s?, causing strong impact;
conventional fuzzy PID reduces fluctuations but still has
abrupt changes; the proposed algorithm provides smooth
acceleration changes peaking at only 0.22 m/s?, achieving
impact-free smooth switching.

To verify the load adaptability of the algorithm, the
angle control error distribution of three control algorithms
was tested under different load conditions (no load, 50kg
load, 100kg load). The test results are shown in Figure 6.

Angle Control Error Distribution under Different Loads

Traditional PID
Fuzzy PID
Adaptive Fuzzy PID

%%% %-% %%

No Load 50kg Load

3.5

Angle Control Error (°)
= = N I I
o o 5 o °

o
@

0.0 4

100kg Load

Fig. 6. Distribution of angle control error under different
load conditions

As shown in Figure 6, as load increases, traditional PID
shows a significantly expanded error range and increased
median and quartiles, indicating poor load adaptability.
Conventional fuzzy PID reduces error variation but still
has notable fluctuations. The proposed adaptive fuzzy
PID maintains a small error distribution across different
loads, with a stable median around 0.3° and no significant
fluctuations, demonstrating excellent load adaptability and
robustness to handle weight differences of various users
in home scenarios, ensuring control accuracy and smooth
switching under different loads.

The dynamic load switching test was conducted accord-
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Table 5. System Core Hardware Configuration Parameters

Module Type Core Component Key Parameters
STM32H743 main Main frequency 400 MHz, Cortex-M7 core, on-chip
controller RAM 1MB, supports CAN/RS485 bus

Elcl)gdeuigmml Raspberry Pi 4B Four-core Cortex-A72, with a clock speed of 1.5 GHz,
coprocessor 4 GB of memory, supporting Wi-Fi 6/Bluetooth 5.2
MPU6050 Six-axis Angle measurement accuracy £0.2°,
IMU sampling frequency 1 kHz

P . FSR thin-film Range 0-150kg, accuracy 2% FS, response

erception H 1
Module pressure sensor ime < 1ms

millimeter-wave radar

Detection range of 0.1-5m, ranging accuracy of
+1cm, angle resolution of 4-3°

Execution module

DC electric push rod

Travel 150-300 mm, rated thrust 6000 N, positioning
accuracy +0.1 mm, no-load speed 8 mm/s

Wheel hub servo motor

Rated power 250 W, rated speed 120 rpm, torque
20N - m, built-in encoder

Power module

24V lithium battery pack

Capacity 20 Ah, continuous discharge current 20 A,
peak discharge current 50 A, battery life > 8 h

Table 6. Comparison of Mode Switching Performance of Different Control Algorithms

Control Total Time for ~ Maximum Angle Maximum Maximum Impact Operating
A(lmo;?thm Mode Switching Control Error Overshoot Acceleration Noise
8 ® ©) (%) (m/s?) (dB)
Traditional PID control 12.6 1.28 18.6 0.68 58.2
Conventional Fuzzy PID Control 11.8 0.72 9.3 0.42 52.6
Proposed Adaptive Fuzzy
PID Control (This work) 115 0.32 21 0.22 408
Table 7. Comparison with Advanced Control Algorithms (n = 30 tests)
Maximum  RMSE Response Robustness Computational
Control Algorithm angle error  angle .o5P to load load (MCU
° oy time (ms)
©) error (°) change cycles)
AF-PID (Proposed) 0.32 0.15 4.6 Excellent 1,240
Model Predictive 0.28 0.12 15.8 Good 12,850
Control (MPC)
Sliding Mode 0.41 0.18 6.2 Excellent 3,680
Control (SMC)
Traditional PID 1.28 0.56 8.5 Poor 320
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ing to the load sequence of Okg — 50kg — 100kg — 75kg
— 25kg — Okg. For each switch, the load changed once
for each mode change. A total of 60 mode switches were
completed within a 30-minute test period. The key mea-
surements included angle control error, adjustment time,
and overshoot. The specific results are as Table 8.

To verify the low latency advantage of edge comput-
ing architecture, we compared the latency performance of
edge local processing and cloud processing under different
computing tasks. The test results are shown in Figure 7.

As shown in Figure 7, cloud processing delay surges
with sampling rate, reaching 1286ms at 1kHz for safety
tasks, failing real-time needs. Edge local processing delay
stays within 20ms regardless of sampling rate, with average
delays of 4.6ms for mode switching and 12.3ms for safety
decisions, over 98% lower than cloud delay. This confirms
edge computing's advantage in real-time control, ensuring
high-precision control and real-time safety protection.

3.3. Multi scenario security protection performance and
system stability testing

To verify the graded safety protection system, eight typical
home safety risk scenarios were tested, including gravity
deviation anti-tipping, bed-edge fall prevention, walking
collision avoidance, ground drop anti-tipping, mechanism
jamming, overtravel operation, physiological abnormali-
ties, and environmental fire risks. Results are shown in
Table 9.

The timing process of system protection response under
different sudden risk scenarios is shown in Figure 8.

As shown in Figure 8, the system finishes risk percep-
tion and decision within 100ms, and protection execution
and feedback within 200ms. In the mechanism jamming
scenario, total response time is just 126ms, triggering emer-
gency braking instantly. This verifies the system's real-time
response for sudden home safety risks.

To verify long-term stability and power consumption,
a 72-hour continuous operation test was conducted simu-
lating high-frequency mode switching and daily home use.
System operating status and power consumption distribu-
tion are shown in Figure 9.

As shown in Figure 9, during 72-hour continuous oper-
ation, average power consumption stays within 45W and
standby power is only 8.2W, meeting low-power home
requirements. Edge controller CPU usage is 30-45%, mem-
ory around 40%, with no performance degradation. The
system has zero error rate, no fault shutdowns, false trig-
gers, or control failures, verifying its long-term stability
and reliability for continuous home use.

To further verify the comprehensive performance of the

system, the system designed in this article was compared
and tested with three mainstream home intelligent nursing
bed products in the market. The test results are shown in
Table 10.

3.4. Environmental Verification
3.4.1. Extreme Boundary Condition Fault Tolerance Verification

Under 50 repeated tests per fault condition, the system
showed strong fault tolerance: IMU failure achieved 96%
protection via backup fusion; pressure sensor failure 94%
via redundant voting; radar failure 92% via infrared /limit
switches, with auto-recovery within 500 ms. CAN dis-
connection enabled standalone edge control, cloud loss
paused data upload only, Bluetooth loss allowed touch-
screen backup—zero downtime. Actuator faults resolved
within <15 ms: push-rod jamming triggered 10-ms stop,
motor stalling activated overcurrent protection, brake fail-
ure engaged mechanical locking. Full safety was main-
tained under all extreme boundary conditions.

3.4.2. Environmental Adaptability Testing

The tests were conducted under home environment ex-
treme conditions: temperature ranging from 10°C to 40°C,
humidity from 30% to 80% RH, and electromagnetic inter-
ference from 2.4GHz WiFi, Bluetooth, and a microwave
oven at 1 meter distance.

3.4.3. Human-Computer Interaction Evaluation

Twenty elderly users aged between 65 and 85 were selected
to evaluate the human-computer interaction system. The
results are as shown in the Table 12.

Personalized adaptation includes user profiles for el-
derly users with slower speed, lower acceleration and en-
hanced voice prompts, disabled users with one-button op-
eration and caregiver remote override, and rehabilitation
patients with prescribed motion sequences and gradual
intensity progression, along with scenario modes for home
care, community healthcare, and hospital wards. System
scalability is achieved via modular hardware, plugin-based
software, open API, cloud platform, and OTA firmware
updates.

4. Conclusions

To solve the large switching impact, high cloud latency,
delayed safety response, and insufficient hierarchical pro-
tection of traditional home nursing bed-chairs, this paper
proposes an edge-computing-based design. A four-layer
architecture (perception, edge control, cloud, interaction)
enables local real-time control decoupled from cloud ser-
vices. A kinematic model with fifth-degree polynomial
trajectory planning and an adaptive fuzzy PID algorithm
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Table 8. Table 8 Test Results (Dynamic Load Conditions)

Load N Max Error  Settling Time Overshoot (%) Pr_otection
Transition ©) (s) Triggered?
0 — 50kg 0.38 0.12 24 No
50 — 100 kg 0.42 0.18 2.8 No
100 — 75 kg 0.35 0.10 22 No
75 — 25 kg 0.31 0.08 1.9 No
25 =+ 0kg 0.29 0.06 1.7 No

Table 9. Protection performance test results under different security risk scenarios

Risk Average Protection False alarm .
. response o o Protection level
scenario X success rate/% rate/%
time/ms

Center of gravity offset 152 99.0 09 Second level )

anti tipping proactive intervention
Level 2 active

Bed edge anti fall 138 99.5 0.6 intervention/Level 3
emergency braking

. . Level 1 pre
Wra;E(elrr:E;r(:lllslon 162 98.8 1.1 alarm/Level 2 active
p intervention

Level 2 active
145 99.2 0.7 intervention/Level 3
emergency braking

Ground drop and anti
tipping measures

Level 3 emergency

Institutional lag 126 100 0 braking
Level 2 active
Overtravel operation 118 100 0 intervention/Level 3
emergency braking
Human p hysiological 186 99.0 0.8 First level forecast alarm
abnormalities
Environmental fire risk 205 100 0.3 First level forecast alarm

Table 10. Comprehensive Performance Comparison between the System and Mainstream Products in This Paper

This article

performance metrics Product A ProductB Product C
system

Ma.xnn.um imgle error for mode 0.35 135 112 0.86

switching/

Maximum impact acceleration

during mode switching/(m/s 2) 025 0.72 065 048

Average response time of 147 1250 980 860

security protection/ms

Succesg rateoof abnormal scene 992 86.5 89.2 93

protection/%

System false alarm rate/% 0.8 5.6 4.8 32

Standby power consumption/W 8.2 15.6 14.3 12.5

11
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(a) Edge Computing Latency (ms)
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(b) Cloud Computing Latency (ms)
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Fig. 7. Task latency between edge end and cloud processing
Table 11. Environmental adaptability test results
Environmental Condition | Max Angle Error (°) | Protection Response Time (ms) | False Alarm Rate (%) | System Stability
10°C, 30%RH 0.38 152 0.9 Stable
25°C,50%RH (baseline) 0.32 147 0.8 Stable
40°C, 80%RH 0.41 158 1.1 Stable
EMI (WiFi + Bluetooth) 0.35 151 0.9 Stable
EMI (Microwave Oven) 0.37 155 1.0 Stable

Conclusion: System performance remains within acceptable limits across all home environmental conditions, with < 28% variation from

baseline.

[0 Perception [ Decision [ Execuion [ Feedback

Timing Diagram of Protection Response in Typical Risk Scenarios

Mechanism Jam - Feedback

Collision Avoidance - Feedback

Fall Prevention + Feedback

80 100
Response Time (ms)

140 160 180

Fig. 8. System protection response under typical sudden
risk scenarios

ensures impact-free, high-precision switching. A graded
safety model based on improved fuzzy evaluation provides
active hierarchical protection.

Test results show angle error below 0.35° across six
modes, the peak acceleration is only 0.22 m/s? over tradi-
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Error Rate (%)

Power Consumption (W)
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Fig. 9. Stability and Power Consumption Distribution of
the System after 72 Hours of Continuous Operation

tional PID, and impact acceleration within 0.25 m/s?. Edge
deployment achieves 147 ms average safety response (over
98% lower than cloud), 99.2% protection success, and be-
low 0.8% false alarm rate. A 72-hour test showed no faults
or degradation, outperforming mainstream products.
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Table 12. The results of the Human-Computer Interaction Evaluation

Interaction Metric Measured Value | Acceptance Threshold
APP Touch Response Latency 85+ 12 ms < 200 ms

Voice Recognition Latency 320 +45ms < 500 ms
Physical Button Response 45+ 8 ms < 100 ms
Overall Misoperation Rate 1.2% < 5%

This work integrates edge computing and intelligent
control for smart nursing beds, applicable to home and
community care. Future work will add multi-device collab-
oration, remote nursing, and personalized rehabilitation

using digital twins and federated learning.
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