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Abstract 
This article explores the interference estimation problem of human body mass changes 
and shaking in the sitting posture of medical transport nursing robots in medical 
scenarios. Due to the significant time-varying and uncertain load characteristics caused 
by patients' vital signs and behaviors, including strong randomness and non-linearity, 
high requirements are placed on the speed tracking accuracy and anti-interference 
ability of the robots. When developing high-performance decision-making and control 
algorithms for transport robots, the estimation of the mass of the seated human body 
and the shaking angle are basic parameters that must be considered. Due to the fact that 
the shaking of the seated human body can cause changes in the mass of the seated human 
body, there is a tight coupling problem, and the existing recognition algorithms for the 
shaking angle of the seated human body have insufficient adaptability to working 
conditions, which affects the accuracy and convergence speed of the estimation 
algorithm. However, existing research on incomplete wheeled robots mainly focuses on 
the analysis methods represented by Newton vector mechanics systems and Lagrange 
equations. However, there are still shortcomings in analyzing the uncertainty of the 
robot's internal dynamics model and external disturbances, especially in dealing with 
parameter mismatch and nonlinear oscillation problems. To address this issue, this 
paper proposes a dynamic modeling method based on the Lagrangian equation of the 
dissipation function. By incorporating threshold switching to improve the adaptive 
recursive least squares method and combining it with the adaptive unscented Kalman 
filtering algorithm, real-time adaptive estimation of human sitting posture mass and 
difficult to measure human body sway pitch angle is performed using drive wheel torque 
data. Through comparison between the pre - and post improvement algorithms, the 
improved estimation algorithm improves speed and accuracy. 

Keywords 
Medical Transfer Nursing Robot; Human Sitting Posture; Parameter Estimation; 
Adaptive Unscented Kalman Filter. 

 

1. Introduction 

With the rapid development of intelligent manufacturing and logistics automation technology, the 
application of transport robots in warehousing logistics, flexible production lines and other scenarios 
is becoming increasingly widespread[1]. In actual operation, transport robots often need to handle 
objects of different masses and volumes (such as irregular packages, components, etc.), resulting in 
significant time-varying and uncertain load characteristics. In the field of smart healthcare, medical 
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transportation and nursing robots are gradually replacing traditional manual transportation methods 
and becoming the core equipment for patient transportation in hospitals.[2] Unlike industrial scenarios, 
robots in medical transportation carry patients with vital signs, and their modeling has three special 
characteristics: (1) strong randomness of load: patient sitting posture adjustment, limb movement 
(such as coughing, sneezing, etc.), etc. can cause random changes in the load mass of the 
transportation robot; (2) Strong nonlinearity of load: Changes in the mass of the load and the shaking 
of the patient can disrupt the superposition of the robot's linear system. For example, when the patient 
rapidly shakes their body, the centrifugal force generated is proportional to the square of the angular 
velocity and has quadratic nonlinearity. (3) Strict safety restrictions: The hospital environment is 
complex, and any dynamic instability may cause secondary injuries. This requires the robot to 
maintain millimeter level trajectory accuracy and anti-interference ability under variable load 
conditions. 

With the continuous development of estimation theory, researchers are increasingly focusing on using 
existing robot sensors to obtain partial robot state information, and fusing these sensor data through 
kinematic or dynamic methods to estimate state parameters that are difficult to measure directly. At 
present, the estimation methods for human body mass and body sway in sitting posture are mainly 
based on dynamic models and sensor data fusion methods. It relies on the precise establishment of 
the model and the calculation of the controller, taking into account coupling effects such as vehicle 
speed, acceleration, torque, sitting posture and human body shaking. However, due to the close 
coupling relationship between the mass of the sitting human body and the shaking of the sitting human 
body on the tires, a distributed modular strategy is usually used for estimation [3]. For example, Li[4] 
et al. proposed a two-step estimator combined with a dynamical model. Hu[5] et al. used the recursive 
least squares method with adaptive forgetting factor and the extended Kalman filter algorithm for 
quality estimation. Mattila[6] et al. proposed a method to judge the motion stability of mobile 
manipulators by combining the stability domain and pressure sensor data. Wang[7] et al. proposed a 
sensor-based mass estimation algorithm, and established methods for road slope compensation and 
mass estimation error compensation. Cai[8] et al. used the recursive least square method to estimate 
the road slope based on sensor data, and used it as the algorithm observation to estimate the quality 
of the extended Kalman filter algorithm. Chen[9] et al. used the Kalman filter theory to propose an 
estimator with two-step measurement update to estimate the yaw Angle and roll Angle through the 
acceleration and angular velocity signals of the IMU sensor.However, the traditional Kalman filter is 
mainly suitable for linear systems. For systems with nonlinear characteristics, the use of the classical 
Kalman filter method will be limited. In order to deal with this challenge, the extended Kalman filter 
came into being, Li[10] et al. linearized the system by the Jacobian matrix, so as to be suitable for the 
state estimation of nonlinear systems. He[11] et al. designed unscented Kalman filter (UKF) to estimate 
vehicle parameters in real time. The probability distribution of the original system is represented by 
a set of Sigma points, which can preserve the mean and covariance of the original system, so as to 
avoid the error accumulation problem caused by the linearization of high-order small terms in Taylor 
expansion. Zhang[12] et al. proposed an estimation method based on enhanced adaptive Unscented 
Kalman filter for vehicle state estimation under unknown noise conditions.  

There are two typical problems in the existing systems, especially when transferring patients with 
mobility and sudden convulsions or emergency obstacle avoidance: (1) Parameter mismatch: the 
inertia change exceeds 200% due to the weight difference of patients (50-100kg for adults), and the 
fixed parameter PID control overtakes; (2) Nonlinear oscillation: the flexible shaking of the human 
body and the driving wheel cause low-frequency flutter. We refer to the above problem as the variable 
load problem. Since the UKF avoids the complexity of the linearization step and the possible 
inaccuracy introduced, it is able to provide more precise and reliable state estimates when dealing 
with complex nonlinear systems. This advantage enables it to provide more accurate state information 
for speed tracking control of medical transport care robots, thus ensuring the stability and safety of 
the control system under various driving conditions. Aiming at the above problems, this paper 
proposes a dynamic modeling and variable load state estimation method considering sitting human 
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body. The dynamic model of robot considering variable load is established based on the Lagrange 
equation of dissipation function. The variable load disturbance and unmodeled disturbance are 
estimated and compensated online by driving wheel sensor data and state observer, so that the state 
information fed back to the controller is more rapid, smooth and close to the true value. 

2. Overall Structure of Medical Transport Nursing Robot 

2.1 Whole Machine Structure 

The structure of the medical transport nursing robot includes an open-and-close rotating seat, a lifting 
electric push rod, a front and rear laser radar, two servo driving wheels in front, and two driving 
wheels in back. The robot body adopts a differential drive mode, and the open-and-close rotating seat 
for the patient is located above the transport robot, as shown in Figure 1. 

 

 
Figure 1. Model of medical transport care robot 

 

Table 1. Medical transport nursing machine system variable table 

System variable definition Symbol 

Robot quality(kg) m 

Sitting body mass(kg) mh 

Drive wheel radius(m) r 

wheel spacing(m) L 

Robot angular velocity(rad/s) ω, θ̇ 

Robot speed(m/s) v 

Left/right wheel linear speed(m/s) vl / vr 

Left/right wheel drive torque(Nm) τl / τr 

Left/right wheel angular velocity(rad/s) φl / φr 

The length of the upper body of the human body(m) h 

Pitch Angle of the human body(rad) φx 

Tilt Angle of the human body(rad) φy 

The moment of inertia of the human body(kg m2) Ih 

The steering torque of the robot's center of mass(Nm) τc 
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The variable load of medical transfer care robots includes two situations. One is that the mass of the 
robot load changes, and the patient and his items are the loads of the robot. With the difference of no-
load, on-load and the weight of the patient and his items, the overall mass of the robot load will also 
be different. The other is that the robot load is randomly sloshing. 

In order to clearly define the robot parameter variables, the variable table of medical transport nursing 
machine system as shown in Table 1 is constructed. 

2.2 Kinematic Model of Medical Transport Care Robot 

The medical transfer care robot is composed of a chassis structure with two servo-driven wheels at 
the front and two swivel wheels at the back. The world coordinate system satisfies the right-hand rule 
as {O, XI, YI, ZI}}. In the robot's own coordinate system, the center of the robot's shape is defined as 
the origin of the coordinate system, its forward direction is the X-axis, the left side of the robot is the 
Y-axis, following the right-hand rule, and the direction perpendicular to the robot's plane is the Z-
axis, thus obtaining the robot's coordinate system as {C, XR, YR, ZR}. The kinematic model of the 
medical transfer care robot is shown in Figure 2. 
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Figure 2. Histogram equalization 

 

In the world coordinate system,it is denoted as (x,y,θ), where x and y denote the coordinates of the 
robot center in the world coordinate system.θ represents the robot heading Angle,Its value is the 
Angle between the X-axis of the local coordinate system and the X-axis of the global coordinate 
system,The initial heading Angle can be set to 𝜃0, and when the robot turns, its steering heading 
angular velocity is ω, which is positive counterclockwise. 

The generalized coordinate vector ξI, the local coordinate vector ξR, and the orthogonal rotation matrix 
between the global coordinate system and the local coordinate system is R(θ) 

 

ξI= ൥

xI
yI

θ
൩ , ξR,= ൥

xR
yR

θ
൩ , ξR=R(θ)ξI , R(θ)= ൥

  cos θ sin θ 0
- sin θ cos θ 0
     0    0 1

൩                           (1) 

 

Among them, ξI is the generalized coordinate vector, ξR is the local coordinate vector, R(θ) is the 
orthogonal rotation matrix between the global coordinate system and the local coordinate system, x 
and y are the global coordinate positions, xc and yc are the positions of the robot coordinate system, 
and 𝜃 is the robot heading angle. 

The differential robot is a non-holonomic constrained mobile robot. The non-slip motion of the robot 
perpendicular to the forward direction is expressed in the following equation 

 

ẋ sin θ -ẏ cos θ =0                                                            (2) 



International Core Journal of Engineering Volume 11 Issue 10, 2025
ISSN: 2414-1895 DOI: 10.6919/ICJE.202510_11(10).0017

 

144 

Where ẋ, ẏ is the velocity along the X-axis and Y-axis of the global coordinate system, and 𝜃 is the 
heading Angle of the robot. 

The linear velocity direction of the driving wheel is related to the linear velocity direction of the robot 
as follows 

 

ẋc=
(φ̇r+φ̇l)r

2
,ẏc=0,θ̇=

(φ̇r-φ̇l)r

L
                                   (3) 

 

where φ̇l and φ̇r represent the angular velocities of the left and right driving wheels respectively, r 
is the radius of the driving wheel, and L is the distance between the left and right driving wheels. 

The expression for the left and right driving wheels doing pure rolling motion is as follows 

 

ቊ
ẋ cos θ +ẏ sin θ +Lθ̇-ṙφ1=0

ẋ cos θ +ẏ sin θ -Lθ̇-ṙφ1=0
                                                          (4) 

 
Integrating the above equation), the forward kinematics model of the medical transport nursing robot 
in the global coordinate system with the speed control quantities and as input quantities can be 
obtained as follows 

 

ξ̇I=R(θ)-1ξ̇R= ൥

ẋ
ẏ

θ̇
൩ = ൥

cos θ 0
sin θ 0

0 1
൩ ቂ

v
ωቃ =SV                                           (5) 

 

where S is the coordinate transformation matrix, V represents the velocity matrix. 

The forward kinematic model of a medical transportation and care robot that uses speed as the control 
input quantity can be expressed as 

 

ξ̇I=R(θ)-1ξ̇R=R(θ)-1 ൦

rφ̇r

2
+

rφ̇l

2

      0
rφ̇r

L
+

-rφ̇l

L

൪ =

⎣
⎢
⎢
⎢
⎡
r cos θ

2

r cos θ

2
r sin θ

2

r sin θ

2

   
r

L
 -

r

L ⎦
⎥
⎥
⎥
⎤

ቈ
φ̇r

φ̇l
቉ =Pφ̇                                (6) 

 

where P is the driving wheel angular velocity input transformation matrix, φ̇ represents the matrix 
of the angular velocity of the driving wheel 

 

ቈ
φ̇l

φ̇r
቉ = ቎

2

r sin θ
-

1

r cos θ
  

L

4r
2

r sin θ
-

1

r cos θ
-

L

4r

቏ ξ̇I                                                       (7) 

 

During the transfer operation, the inertial force generated by the swaying of a seated human body can 
disrupt the robot's linear system, posing higher requirements for speed tracking control. It is necessary 
to establish a robot dynamics model considering a seated human body to compensate for the impact 
of variable load disturbances on the robot's speed tracking. 
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2.3 Human Dynamics Analysis in Sitting posture 

The two-degree-of-freedom model of the sitting human body is not coupled laterally with vertically 
[13]. Therefore, the human dynamic model reflecting the transverse-longitudinal direction only needs 
to satisfy the human dynamic characteristics under uniaxial excitation and reasonably design the 
topology. Medical transport nursing robot adopts non-slip cushion and backrest, at low speed 
operation, the interface between human and chair does not slip, that is, the robot's lateral and 
longitudinal motion input is directly transmitted to the human upper body, considering its body 
coordination ability is generally weak, the armrest and backrest may not be fully utilized when riding, 
so the armrest and backrest model is adopted. The influence of the sitting human body on the robot 
motion is amplified, and the coupled dynamics model is established. The longitudinal sitting human 
model and the lateral sitting human model are shown in Figures 3 and 4. 
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Figure 3. Longitudinal sitting mannequins    Figure 4. Lateral sitting mannequin 

 

The mechanism of human body dynamics in sitting posture is analyzed, which is divided into 
longitudinal and transverse models. Pitch Angle is used for the longitudinal rocking Angle 𝜑௬,Use 
the roll Angle for the left and right shaking Angle 𝜑௫,The body rocking back and forth in the sitting 
posture will directly affect the load resistance moment of the driving wheel of the medical transfer 
nursing robot and the sum of the mixed resistance of the left and right driving wheels, and affect the 
speed stability of the left and right driving wheels.  

The transverse and longitudinal sitting human body consists of spring damping and two mass blocks. 
When calculating, the upper body of the sitting human body is regarded as a homogeneous rod, and 
the transverse and longitudinal elastic potential energy of the sitting human body is obtained Vmk, 
According to the energy dissipation principle [14], the dissipation function can be obtained D 

 

൞
Vmk =

1

2
kxφx

2+
1

2
kyφy

2

D=
1

2
cyφ̇y

2+
1

2
cxφ̇x

2       

                                                       (8) 

 

where kx and cxare the stiffness and damping values of the upper body and lower body of the 
longitudinal sitting human body, ky and cy are the stiffness and damping values of the upper body and 
lower body of the transverse sitting human body.  

The human body coordinate system {H, Xm, Ym, Zm} is established, and the human body horizontal 
and vertical coordinate system coincides with the robot coordinate system, which conforms to the 
right-hand rule. 

Assuming that the vertical distance from the center of mass of the sitting human body to the center 
of mass of the seat is h, and the height of the car seat is hc, the height of the center of mass of the 
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sitting human body is hm=hc+h, and the position of the center of mass of the sitting human body in 
the robot coordinate system can be expressed as 

 

rh0= ൥
 0
 0
hm

൩                                                                      (9) 

 

where hm represents the height of a person's sitting position. 

Given the coordinates of the center of mass of the car, the pitch Angle, roll Angle and height of the 
sitting human body, the position of the human body center in the world coordinate system can be 
obtained as follows 

 

rh= ൦

x+h( cos θ sin φy cos φx + sin θ sin φx )

y+h( sin θ sin φy cos φx - cos θ sin φx )

                 hc+h cos φy cos φx

൪                                         (10) 

 

where x and y represent the position of the robot, θ represents the heading angle of the robot, φx 
represents the lateral tilt angle of the human sitting posture, and φy represents the pitch angle of the 

human sitting posture. 

Considering that the slog torque generated by the lateral leaning of the sitting human body has no 
direct effect on the driving force of the robot, only the position of the robot's center of mass and the 
rolling resistance of the driving wheel are changed, and the linear velocity of the human body's center 
of mass is simplified after ignoring the high-order small quantity and the roll Angle 

 

vh=rḣ≈

⎣
⎢
⎢
⎢
⎡ẋ+h ቀ- sin θ θ̇φy+ cos θ φ̇yቁ

  ẏ+h ቀcos θ θ̇φy+ sin θ φ̇yቁ

              h ቀ-φyφ̇yቁ ⎦
⎥
⎥
⎥
⎤

                                                (11) 

 

where ẋ  represents the speed in the X-axis direction of the robot's world coordinate system, ẏ 
represents the speed in the Y-axis direction of the robot's world coordinate system, θ̇ represents the 
heading angle speed of the robot's world coordinate system, and 𝜑̇௬ represents the pitch angle speed 
of the human body's sitting posture. 

Expression of human kinetic energy 

 

Tm=
1

2
𝑚௛||vh||2+

1

2
Ih ቀφ̇x

2+φ̇y
2ቁ                                                        (12) 

 

where 𝑚௛ represents the body weight in a sitting position, and vh represents the speed of the body 
in a sitting position. 

Human body potential energy expression 

 

Vm=𝑚௛gh cos φx cos φy +
1

2
kxφx

2+
1

2
kyφy

2                                        (13) 
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where φx  represents the lateral inclination angle of the human body in a sitting position, φy 

represents the pitch angle of the human body in a sitting position, kx represents the coefficient of the 
lateral spring, and ky represents the coefficient of the pitch spring, g represents the acceleration due 
to gravity. 

2.4 Dynamic Model of Medical Transport Nursing Robot Considering Variable Load 

The motion of the driving wheel relative to the ground is a composite motion of forward rolling and 
lateral sliding. The active torque of the driving wheel edge acting on the ground is T, and the force of 
the ground acting on the wheel can be decomposed into the forward tire rolling force Fw. When the 
wheel is affected by the driving torque (T>0), that is, clockwise direction, the driving force direction 
is forward (Fw>0), which is the driving force of the wheel. When the wheel is subjected to the braking 
torque (T<0), that is, the counterclockwise direction and the driving force direction is backward 
(Fw<0), which is the braking force of the wheel. The expression of the force and torque acting on the 
wheel is 

 

൜
𝑚𝑤𝑋𝑐̈=FW-X
I0𝜑̇=T-rFW

                                                          (14) 

 
where mw  represents the tire quality, Xc̈  represents the acceleration of the robot's forward 
movement, Fw represents the driving force, X represents the rolling resistance, I0 represents the 
rotational inertia of the driving wheel, φ̇ represents the angular velocity of the driving wheel, T 
represents the motor driving torque, and r represents the radius of the driving wheel. 

The above formula always holds when the driving wheel is accelerating or slowing down. 

 

T

FN

mg

r Mf

Fw

X

 
Figure 5. Force and torque analysis of driving wheel 

 

The reason of rolling obstacle moment is as follows: when the wheel rolls forward, the ground 
supporting reaction point moves forward a deviation distance due to the deformation at the contact 
point between the wheel and the ground, then the ground supporting reaction force FN produces an 
obstacle moment 𝑀௙ relative to the wheel center, that is, rolling obstacle moment. As long as the 
wheel is moving forward, regardless of the acceleration rotation or deceleration rotation, the direction 
of the rolling obstacle torque is counterclockwise as shown in the figure, which always plays the role 
of hindering the wheel rotation. The rolling resistance 𝐹௙ can be expressed as follows 

 

Ff=
Mf

r
                                                                           (15) 

 

where 𝑀௙ represents the obstructive moment, r represents the radius of the driving wheel. 
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The robot design process considers the force distribution of the chassis tire, that is, the weight of the 
robot body is evenly distributed on the four wheels, then the sitting posture of the human body of 
each wheel is 

 

Z=
1

4
mg                                                                    (16) 

 

where m represents the mass of the robot. 

The force analysis of the wheel shows that the wheel is subjected to the downward body of the vertical 
ground plus its own gravity and the upward ground support force of the vertical ground. The wheel 
mass is 1/100 of the body mass, so the ground support force to each wheel is 

 

FN=Z+mwg=
13

50
mg                                                           (17) 

 

Engineering tests show that the coefficient of rolling resistance is defined as the ratio of rolling 
resistance to the ground support reaction force 

 

f=
Ff

FN
                                                                         (18) 

 

Among them, 𝐹௙ represents rolling resistance and 𝐹ே represents the ground reaction force. 

The rolling resistance coefficients f  between different materials have been measured through 
engineering experiments and their range of values has been determined. 

The rolling obstacle force of the driving wheel on each side is the sum of the rolling obstacle force of 
one driving wheel and one universal wheel on one side. Here, the sum of the rolling obstacle force of 
two driving wheels and twenty universal wheels of the robot is set as 

 

Ff=Ffr+Ffl=2frFN+2flFN=
26

25
fmg                                              (19) 

 

where 𝐹௙௟ and 𝐹௙௥ represent the rolling resistance of the left and right wheels respectively, while 
𝑓௟ and 𝑓௥ represent the rolling resistance coefficients of the left and right wheels respectively. 

The rolling obstruction force finally acts on the forward motion of the robot, mapping it to the world 
coordinate system as 

 

E(ξI)Ff ,E(ξI)
T=[cos θ   sin θ     0 ]                                            (20) 

 

The robot consists of two differential driving wheels as the actuator of the control system, and the left 
and right driving wheels form a resultant force in the form of differential speed, namely the robot 
centroid driving force 𝐹௖.The robot controls the steering force through the difference in torque at the 
wheel edges of the left and right wheels, and the expression is as follows 

 

ቐ
𝐹௖ = 𝑇௥+𝑇௟ =

ఛೝାఛ೗

௥

𝐹ఏ =
(ఛೝିఛ೗)௅

ଶ௥
            

                                                         (21) 
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where 𝑇௟ , 𝑇௥represents the driving torque of the left and right wheels, and 𝜏௟, 𝜏௥represents the torque 
of the left and right motors, and L represents the distance between the left and right wheels 

In the global coordinate system, the driving force of the two wheels of the robot is decomposed into 
the X axis, Y axis and the rotation direction around the Z axis of the global coordinate system, which 
are expressed as follows 

 

Fw= ቎

Fx

Fy

Fθ

቏ =Bτ=

⎣
⎢
⎢
⎢
⎡
cos θ

r

cos θ

r
sin θ

r

sin θ

r
L

2r
-

L

2r ⎦
⎥
⎥
⎥
⎤

ቂ
τr
τl

ቃ                                                   (22) 

 

Where B is the driving force transformation matrix, τ represents the torque matrix of the drive motor. 

The nonholonomic constraint equations of robot without lateral motion are listed as follows 

 

f1=ẋ sin θ -ẏ cos θ =0                                                         (23) 

 

where ẋ  represents the speed in the X-axis direction of the robot's world coordinate system, ẏ 
represents the speed in the Y-axis direction of the robot's world coordinate system, and θ represents 
the heading angle of the robot's world coordinate system. 

The system generalized coordinate of the medical transport nursing robot considering the sitting 

posture of the human body is selected as q=ൣx y θ φx φy൧
T
, and the position of the robot on the 

X axis and Y axis of the global coordinate system and the heading Angle between the forward 
direction and the X axis are selected in turn. The derivative of the generalized coordinate generalized 

velocity is q̇=ൣẋ ẏ θ̇ φẋ φẏ൧
T
, and the constraint term matrix can be obtained by calculating the 

partial derivative of q୧ for the constraint equation 

 

A(q)T=
∂fi
∂qi

=[sin θ    - cos θ    0     0     0]                                  (24) 

 

where A(q)T obtained in this way makes the matrix equation A(q)Tq̇ = 0, satisfy the nonholonomic 
constraints of the robot. 

The transformation matrix S of robot forward kinematics equation sub (7) in generalized coordinates 
is extended to the generalized form, and can be obtained 

 

ST(q)=

⎣
⎢
⎢
⎢
⎡
r cos θ

2
      

r sin θ

2
     

r

L
     0     0

r cos θ

2
 

r sin θ

2
    -

r

L
    0    0

   ⎦
⎥
⎥
⎥
⎤

,ST(q)A(q)=0                                (25) 

 

where S represents the forward kinematics transformation matrix. 

The Lagrangian method with dissipation function is used to construct the dynamic equation of the 
robot 
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d

dt
ቆ

∂L

∂q̇i

ቇ -
∂L

∂qi

+
∂D

∂qj

=B(q)τ+A(q)λ-E(q)Ff  
 

  BT(q)=

⎣
⎢
⎢
⎢
⎡

 

cos θ

r
 

sin θ

r
     

L

2r
     0    0

cos θ

r

sin θ

r
    -

L

2r
    0    0

   

 

⎦
⎥
⎥
⎥
⎤

                                           (26) 

PT(q)=

⎣
⎢
⎢
⎢
⎡
r cos θ

2

r sin θ

2
     

r

L
     0    0

r cos θ

2

r sin θ

2
    -

r

L
    0    0

   ⎦
⎥
⎥
⎥
⎤

  

 

Where 𝒒௜ is the generalized vector, B(q) is the driving force term matrix, A(q) is the binding force 
term matrix, 𝑷்(q) is the driving angular velocity transformation matrix. 

According to the planar motion characteristics of the rigid body system, that is, the potential energy 
of the robot system is zero, and only the potential energy of the human body in the sitting posture is 
considered, the Lagrangian function L=Tc+Tm-Vm of the system is substituted into equations (26) , 
and the Lagrangian function L equation is written 

 

L=
1

2
m൫ẋ2+ẏ2൯+

1

2
Izθ̇

2
+

1

2
I0൫φ̇r

2+φ̇l
2൯+Tm-Vm                                           (27) 

 

where m represents the mass of the robot, ẋ and ẏ are the velocities of the robot's x and y axes in 
the global coordinate system, Iz is the moment of inertia of the robot, I0 is the moment of inertia of 
the driving wheels, φ̇

௟
 and φ̇

௥
 are the angular velocities of the left and right driving wheels 

respectively, Tm is the kinetic energy of the human sitting posture, and Vm is the potential energy 
of the human sitting posture. 

Substitute equations (6) and (27) into the Lagrangian equation and formula together 

 

M(q)q̈+V(q,q̇)q̇+E(q)Ff+G(q)+τd=B(q)τ+A(q)λ                                   (28) 

 

Where M(q) is a symmetric and positive definite generalized inertia matrix, V(q,q̇) is the centriatic 
and Cauchy force matrix, 𝐹f is the rolling obstacle force, MT is the steering sliding friction torque, 
G(q) is the gravity matrix, τd is the external disturbance. 

This is the dynamic model of the variable load medical transport nursing robot studied in this paper. 
According to the above matrix, there is a close coupling relationship between the pitch Angle velocity 
of the sitting human body and the robot motion, and the rocking of the human body will significantly 
affect the robot motion. The control system should be designed considering the disturbance caused 
by the pitch Angle of the human body on the robot. 

3. Model Building for Sitting Human Mass Estimation and Swaying 
Recognition 

3.1 Longitudinal Dynamics Model of the Robot 

In the design of trajectory tracking controller for most nonholonomic mobile robot, generally based 
on the kinematic equation, the velocity control quantity u(t) is obtained, so that the mobile robot can 
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track the desired trajectory under the action of u(t). Considering the strong nonlinear disturbances 
such as variable load and unknown disturbance during the operation of the robot, the speed tracking 
control system based on the kinematic model is not enough to meet the operation needs of the medical 
transport nursing robot. Therefore, the speed tracking control based on the dynamic model is added, 
and the speed control quantity u(t) is introduced into the torque control quantity τ(t). So that the robot 
can sense the torque changes of human body disturbance in sitting posture. 

Based on the Lagrange multiplier method modeling of the dissipation function, the dynamic equation 
considering the mass change and swish of the sitting human body can be expressed as 

 

mhhv̇+ ቀmhh2+mhh2φ̇y
2+Ihቁ φ̈y+2mhh2φyφ̇y

2-mhφy ቀh2θ̇
2
+h2φ̇y

2ቁ +mhgh sin φy -kyφy-cyφ̇y=0       (29) 

 

where mh  represents the human sitting posture mass,v̇ represents the speed of a person's sitting 
posture, h represents the height of the human upper body, φy represents the human sitting posture 

pitch angle, φ̇y  represents the human sitting posture pitch angle velocity, and ky  and cy 

respectively represent the spring coefficient and damping coefficient of the human sitting posture 
lateral sway. 

Considering the actual sampling frequency and speed command as constant, the above equations are 
simplified to obtain the shaking disturbance force of the human body as follows 

 

Fφ=-m
h
hv̇= ቀmhh2+mhh2φ̇y

2+Ihቁ φ̈y+mhh2φyφ̇y
2+mhgh sin φy -kyφy-cyφ̇y             (30) 

 

where Fφ represents the human body's shaking disturbance force. 

Considering that the actual operation site of the robot is flat and the running speed is low, the ground 
slope and wind resistance are set to 0, the ground friction coefficient f is measured by the engineering 
test, and the longitudinal dynamic model of the robot can be expressed as 

 
(τr+τl)N

r
=Ff+Fa+Fφ                                                          (31) 

 

where τ୰  is the right wheel drive torque, τ௟  is the left wheel drive torque, N  is the drive 
transmission efficiency, 𝑟 is the radius of the drive wheel, Ff=f(m+mh)g is the rolling resistance of 

the overall robot mass, Fa=(m+mh)δ
dv

dt
 is the acceleration resistance of the overall robot mass, δ is 

the rotation mass conversion coefficient, and other parameters have been mentioned above. 

3.2 Structure of the Compensation Algorithm for Human Mass and Sway Estimation in 
Sitting Posture 

During the driving process, the robot's own mass can be regarded as a constant parameter. At the 
beginning of the operation, the driving torque is large, and the error of estimating the mass of the 
whole vehicle using the data at this stage is small. Therefore, the overall mass of the robot can be 
estimated accurately within the first few seconds of the robot running. It can be used for speed 
tracking control of robots. The sitting body mass is also used as an input parameter of the body sway 
disturbance estimator to compute and compensate the body sway pitch Angle in real time. 
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Figure 6. Estimation algorithm structure diagram 

4. Algorithm for Estimating Human Body Mass and Posture-Based on Sit-
Down Position 

4.1 Improved FFRLS for Seated Human Mass Estimation 

recursive least squares (RLS) method updates and corrects the estimated value of old data in real time 
by continuously collecting the latest data, so as to improve the real-time accuracy. However, with the 
continuous acquisition of data, the amount of data accumulates, and the influence of old data on new 
data increases, which reduces the effectiveness of newly acquired data and causes the problem of 
"data saturation" [15]. Forgetting factor is often used to adjust the weight of newly acquired data to 
solve this problem. However, in FFRLS, the forgetting factor is usually set as a fixed constant value, 
which cannot effectively meet the real-time requirements such as speed and accuracy of the system 
when dealing with dynamic systems with varying load. In addition, the forgetting factor has a 
significant impact on the convergence and stability of the algorithm. In order to solve this problem, 
this paper introduces the adaptive forgetting factor of threshold switching into the traditional RLS 
algorithm to form the threshold adaptive recursive least squares (TAFFRLS). Through the error 
threshold as the judgment bound, the system dynamically adjusts the value, so that the algorithm can 
more effectively balance the weight of the old and new data, thereby improving the speed and 
accuracy of parameter identification. The design idea of the adaptive forgetting factor is to 
dynamically adjust the size of the forgetting factor according to the absolute difference between the 
output value of the current theoretical model and the actual model. When the robot just starts, the 
driving torque is the largest and the influence of sitting body shaking on the motor torque is the 
smallest, so it is a better choice to estimate at this time. In the starting stage, the influence of sitting 
body shaking is ignored, and it is transformed into a least square problem. 

 
τ௖N

r
=(m+mh)(

dv

dt
+fg) , EF=

τN

r
 , Ea=δ

dv

dt
+fg                                  (32) 

where EF is the system output, Ea is the observable data vector, m is the known mass of the robot 
body, and mh is the predicted mass of the sitting human body. 

The estimation error at time k is given by 

 

ε(k)=EF(k)-Ea(k)mh(k-1)                                               (33) 

 

where EF(k) represents the system output at time k, Ea(k) represents the observable data vector at 
time k, and mh(k-1) represents the mass of the robot at time k-1. 
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The proposed adaptive forgetting factor function for threshold switching at time k is as follows 

 

λ(k)=

⎩
⎨

⎧
λmin, |ε(k)|>εmax 
λmax, |ε(k)|<εmin 

λmin+(λmax-λmin)
εmax-|ε(k)|

εmax-εmin
, otherwise 

                     (34) 

 

where λmin∈(0,1) is the fast tracking mode and λ୫ୟ୶∈(λmin,1], is the steady state mode. 

Considering that the piecewise function may cause a step jump, the adaptive forgetting factor function 
is smoothed based on threshold switching 

 

൜
λ(k)=λmin+(λmax-λmin)eβ

𝛽 = −𝛼 max(0,|ε(k)|-εmin) 
                                           (35) 

 

where α>0 is the error sensitivity coefficient, and the larger is α, the more drastic is the response of 
the forgetting factor to the error. 

The estimated masses at time k-1 and k are defined as m(k-1) and m(k), the output of the system at 
time k is (k), the observable data vector is (k), and the estimation model is as follows 

 

⎩
⎪
⎨

⎪
⎧

mh(k)=mh(k-1)+K(k)ε(k),      

K(k)=
H(k-1)Ea(k)

λ+Ea
T(k)H(k-1)Ea(k)

,   

H(k)=
1

λ
[I-K(k)Ea(k)]H(k-1).

                                        (36) 

 

where λ is the forgetting factor and mh(k) is the vehicle quality at each sampling time; K(k) is the 
least-squares gain; I is the identity matrix. H(k) is the covariance matrix, and the error covariance 
is carried out for updating. 

The initial value of the algorithm is 

 

ቊ
H(0)=ൣEa

T(0)Ea(0)൧
-1

,   

mh(0)=H(0)Ea
T(0)EF(0).

                                               (37) 

 

where H(0),mh(0),Ea(0), and EF(0) are their initial values. 

When the robot starts, the velocity starts to change, and subsequently the estimation of the body mass 
in the sitting posture is carried out according to the above recursive formula. 

4.2 Establishment of Sloshing Disturbance Estimation Model for Sitting Human Body 

Combined with the analysis of human body dynamics, the expression of rocking disturbance of sitting 
human body can be derived, and its magnitude is related to the body's upper body mass, pendulum 
length, pitch Angle acceleration and damping coefficient. In order to realize the real-time estimation 
of the disturbance τd, it is necessary to take the human pitch Angle φy and its change rate φẏas the 

observation state variables, collect the robot speed, acceleration, driving force and other information 
through the robot drive system in real time, and use the Unscented Kalman Filter (UKF) algorithm to 
estimate and predict the human pitch Angle and its change rate. Combined with the dynamic model 
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of the robot considering the swish of the sitting human body, the state equation and the observation 
equation are constructed. And the human body sloshing disturbance τd is estimated and compensated. 

The state space equation of the system is established, and the robot velocity and the pitch Angle of 
the sitting human body are selected as the system state vector x=[v  𝜑௬]T. The differential equation 
of the system is given by 

 

⎩
⎨

⎧
dv

dt
=

τN

rδ(m+mh)
-
gf

δ
-

Fఝ

δ(m+mh)
d𝜑y

dt
=0                                    

                                               (38) 

 
where v represents the robot's speed, τ is the motor torque, N represents the driving transmission 
efficiency, g represents the gravitational acceleration, f represents the rolling resistance coefficient, 
Fఝ represents the human disturbance, m and mh represent the robot's mass and the human sitting 
mass, and δ represents the acceleration coefficient. 

The discrete state space equation of the system is given by 

 

ቐ
vk=vk-1+Δt ൬

τN

rδ(n+mh)
-
gf

δ
-

Fఝ

δ(n+mh)
൰

𝜑௬ೖ
=𝜑௬ೖ-1                                           

                                   (39) 

 

Since the system quality parameters vary, the system equation cannot fully reflect the real physical 
process, and there are sensor errors in the observation, independent white Gaussian noise with zero 
mean should be introduced as the process noise and observation noise, which are represented by 
vector W(k) and V(k) respectively, and their covariance matrices are Q and R respectively. The 
following relationship can be obtained 

 

E[W(k)]=0   

E[V(k)]=0   

E[W(k)WT(k)]=Q                                                        (40) 

E[V(k)VT(k)]=R  

E[W(k)VT(k)]=0    

 

The state equation of the system under the influence of random noise can be derived as 

 

൤
vk
φyk

൨ = ቎
vk-1+Δt ൬

τN

rδ(m+mh)
-
gf

δ
-

Fφ

δ(m+mh)
൰

φyk-1

቏ +W(k)                           (41) 

 

where vk represents the robot's speed at time k, φyk
 represents the human body's sitting pitch angle 

at time k, Δt represents the system sampling time interval, and W(k) represents the process noise at 
time k. 

The observation equation of the system is given by 
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Y(k)=[1 0] ൤
vk
φyk

൨ +V(k)                                                     (42) 

 

where V(k) represents measurement noise at time k. 

The state space equation of the system is obtained as 

 

൜
X(k)=f(X(k-1))+W(k-1)
Y(k)=HX(k)+V(k)           

                                                     (43) 

 

where H represents the covariance matrix, and f(X(k-1)) represents the state variable for the time 
prediction. 

It is introduced into the UKF calculation step. 

1)Weight value calculation. For an n-dimensional state variable, the weight values of 2n+1 mean and 
covariance are calculated as 

 

⎩
⎪
⎨

⎪
⎧Wm

(0)=
λ

n+λ
,                                 

Wc
(0)=

λ

n+λ
+1-α2+β,                  

Wm
(i)=Wc

(i)=
1

2(n+λ)
, i=1,⋯,2n

                                            (44) 

 

where Wm and Wc are the weight values of the mean and covariance, respectively; λ, α, β are Kalman 
filter parameters. 

2)Sigma point sampling. Calculate 2n+1 sample points from the mean and covariance 

 

Xk|k-1
(i)

൞

xොk|k-1,                              i=0;              

xොk|k-1+൫ඥ(n+λ)Pk|k-1൯
i
,   i=1,⋯,n;      

xොk|k-1-൫ඥ(n+λ)Pk|k-1൯
i-n

, i=n+1,⋯,2n.

                      (45) 

 

where xොk|k-1 and Pk|k-1 are the state variables and the state estimation error covariance matrix at 
time k-1, respectively. Xk|k-1 is the Sigma point. 

3) State prediction. Through the state transition function, measurement function and weight value, 
the state variable, the state estimation error covariance matrix and the prior value of the measurement 
variable are calculated according to the formula. 
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⎩
⎪
⎪
⎪
⎪
⎨

⎪
⎪
⎪
⎪
⎧ Xk|k-1

(i) =f൫Xk-1|k-1
(i) ,uk-1൯                                                                

xොk|k-1= ෍Wm
(i)

2n

i=0

Xk|k-1
(i)                                                                      

Pk|k-1= ෍Wc
(i)

2n

i=0

൫xොk|k-1-Xk|k-1
(i)

൯൫xොk|k-1-Xk|k-1
(i)

൯
T
+Qk-1                    (46)

Zk|k-1
(i) =h൫Xk|k-1

(i) ,uk൯

ẑk|k-1= ෍Wm
(i)

2n

i=0

Zk|k-1
(i)

                                                                                

 

 

where Xk|k-1  and 𝒁k|k-1  are the prior Sigma points after state transition and measurement, 
respectively. xොk|k-1, Pk|k-1, and 𝒛ොk|k-1 are the prior state variables, the prior state estimation error 
covariance matrix, and the prior measurement variables, respectively. 

4)Status updates. The gain matrix is calculated, and the state variables and the state estimation error 
covariance matrix are updated to finally obtain the estimated value. 

 

⎩
⎪
⎪
⎪
⎨

⎪
⎪
⎪
⎧ Pzz,k|k-1= ෍ Wc

(i)

2n

i=0

൫ẑk|k-1-Zk|k-1
(i)

൯൫ẑk|k-1-Zk|k-1
(i)

൯
T
+Rk-1       

Pxz,k|k-1= ෍ Wc
(i)

2n

i=0

൫xොk|k-1-Xk|k-1
(i)

൯൫ẑk|k-1-Zk|k-1
(i)

൯
T
                

Kk=Pxz,k|k-1Pzz,k|k-1
-1                                                              

xොk|k=xොk|k-1+Kk൫zk-ẑk|k-1 ൯                                     

Pk|k=Pk|k-1-KkPzz,k|k-1Kk
T                                     

                 

             (47) 

 

where Pzz,k|k-1 and Pxz,k|k-1 are the observed covariance matrix and the cross-correlation covariance 
matrix of the estimation error, respectively. Kk  is Kalman gain matrix; xොk|k  and Pk|k  are the 
posterior state variables and the state estimation error covariance matrix, respectively. 

The above is the specific process of the algorithm, which uses Sigma points to calculate the 
continuous prediction mean and covariance, and inputs the results into the Kalman framework to 
generate the information matrix and the cross-covariance matrix. Finally, the Kalman gain is 
calculated and the system state is updated. The proposed adaptive process noise state estimation 
enables the system to predict the human sitting posture quality faster, which is added to the UKF to 
further predict the human swaying pitch Angle. 

5. Simulation Analysis 

By building an algorithm model, the mass estimation algorithm and the human body sway estimation 
algorithm are tested. The physical parameters of the medical transfer nursing robot used in the test 
are shown in Table 2, and the data are based on the actual measurement results of the medical transfer 
nursing robot. 
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Table 2. Physical parameters of medical transport nursing robot 

Physical parameters Numerical value 

Robot mass m(kg) 160 

Drive track L(m) 0.7 

Wheel rolling radius r(m) 0.0825 

Rated torque of the drive wheel T(Nm) 21 

Rated driving force of differential wheel Fdrive(N) 533 

The moment of inertia of the driving wheel Iw(kg m2) 0.0004 

Drive wheel mass m0(kg) 1.7 

The moment of inertia of the robot around the Z-axis Ic(kg m2) 20 

 

The driving condition is set as 0-5km /h on the horizontal road, and the starting threshold of the mass 
estimation algorithm is set as 0.5km/h. The human body mass estimation in sitting posture and human 
pitch Angle estimation under the robot torque control are shown in Figures. 7 and 8. 

 

 
Figure 7. Human body mass estimation in sitting posture 

 

 
Figure 8. Human pitch Angle estimation in sitting posture 

 

According to the analysis of the simulation results, in Figure 7, by comparing the estimation algorithm 
before and after improvement, it can be seen that the improved method proposed in this paper reaches 
a stable state in the second second, and can estimate the human mass in the sitting posture faster. In 
Figure 8, by comparing the estimation algorithm before and after improvement, it can be seen that 
the improved method proposed in this paper quickly tracks the estimated value of the sitting human 
body pitch Angle to the initial sitting human body pitch Angle at about 5 to 6 seconds, which can 
track the pitch Angle faster. 
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6. Conclusion 

In this paper, aiming at the problem of sitting human body mass change and shaking interference 
faced by medical transport nursing robot in the transport process, the global dynamic model of 
medical transport nursing robot is established based on the dissipation function Lagrange equation. 
The improved adaptive recursive least squares method and adaptive Unscuted Kalman filter were 
used to estimate the unknown and changing sitting posture human body mass parameters and the 
unmeasurable shaking pitch Angle respectively. Through simulation verification, the tracking 
rapidness and accuracy of the robot in human sitting posture mass and pitch Angle change were 
effectively improved. 
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