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Abstract: Many applications involve humans in the loop, where continuous and accurate
human motion monitoring provides valuable information for safe and intuitive human-machine
interaction. Portable devices such as inertial measurement units (IMUs) are applicable to
monitor human motions, while in practice often limited computational power is available locally.
The human motion in task space coordinates requires not only the human joint motion but
also the nonlinear coordinate transformation depending on the parameters such as human limb
length. In most applications, measuring these kinematics parameters for each individual requires
undesirably high effort. Therefore, it is desirable to estimate both, the human motion and
kinematic parameters from IMUs. In this work, we propose a novel computational framework
for dual estimation in real-time exploiting in-network computational resources. We adopt the
concept of field Kalman filtering, where the dual estimation problem is decomposed into a
fast state estimation process and a computationally expensive parameter estimation process.
In order to further accelerate the convergence, the parameter estimation is progressively
computed on multiple networked computational nodes. The superiority of our proposed method
is demonstrated by a simulation of a human arm, where the estimation accuracy is shown to
converge faster than with conventional approaches.

Keywords: human motion estimation, dual estimation, Kalman filtering, networked system,
progressive algorithm, IMU

1. INTRODUCTION

In many human-machine interaction applications, the ac-
curate estimation of human motion plays an important
role. In most cases, portable sensors – in particular inertial
measurement units (IMUs) – are preferred, due to their
flexibility (Vargas-Valencia et al. (2016); Joukov et al.
(2017); Yi et al. (2021)).

In the literature, most of the methods transform the
human motion estimation problem into the orientation
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estimation problem of IMU sensors. In Mahony et al.
(2005), a complementary filter is proposed based on the
comparison of the measurement with the gravity field
and earth magnetic field. However, this filter is applicable
only to static or quasi-static scenarios. In order to deal
with dynamic cases, in Alatise and Hancke (2017), an
approach based on the extended Kalman filter (EKF) is
applied using the raw data from the accelerometer and
gyroscope. Yet, in this approach, the drift error suffers
from the gyroscope, which can be significantly reduced by
introducing motion constraints, e.g. human structure. To
this end, there are works that introduce motion constraints
by exploiting the human structure in order to improve the
accuracy of human motion estimation from IMU measure-
ment data. For example, Lin and Kulić (2012) consider a
serial kinematics model for human with motion constraints
described by Denavit–Hartenberg parameters. However,
the works above only focus on the estimation accuracy of
joint motion, ignoring the effect of uncertain human kine-
matic parameters, e.g., forelimb length, on human motion
estimation in task spaces. Obtaining accurate human kine-



matic parameter information in advance for each individ-
ual is often infeasible or at least, and reduces usability of
the system. Motivated by this observation, in the present
paper we consider the dual estimation of human motion
and the unknown human kinematic parameters, without
any additional effort for additional individual kinematic
parameter measurements.

In the context of Kalman filter, dual estimation is inves-
tigated. Based on the vanilla Kalman filter, the constant
parameters are treated the same as the hidden state vari-
ables but with a lower changing rate, see e.g. Berkane
and Tayebi (2017); Bloesch et al. (2013). However, the
changing parameters may deteriorate the state estimation
accuracy especially with poor choices of the noise variance
for parameters. Bania and Baranowski (2016) proposes a
field Kalman filter (FKF) from Bayesian view, decompos-
ing the dual estimation problem into computationally fast
state estimation and slow parameter estimation. In their
work, a moving horizon-based approximation method is
presented to accelerate the parameter estimation part by
using only a sub set of the data, yet this comes at the
cost of reduced estimation accuracy. Given the ubiquity of
communication and computation, we ask how to exploit
available distributed computational resources in the net-
work in order to improve the convergence speed of dual
estimation. Our aim is to facilitate accurate and real-time
human motion estimation in the presence of uncertain
kinematic parameters.

The main contribution of the present work is the proposal
of a progressive in-network algorithm for dual estimation,
providing both the real-time performance of state esti-
mation and fast convergence of parameter estimation. In
particular, we leverage the progressive principle in Wu
et al. (2021); Wu et al. (2022), and exploit external com-
putational resources to accelerate parameter estimation.
In our setting, the external computational resources are
represented by connected computing nodes in the network.
With progressively increasing data set at the subsequent
nodes, the accuracy of the parameter estimation is pro-
gressively improved. The performance of our method is
illustrated by a numerical evaluation. In the evaluation,
in-network computation structures with different number
of intermediate nodes are simulated for a human arm
with 2 degrees of freedom. The results show that the
proposed progressive in-network dual estimation method
significantly reduces the computation time for parameters
by 40% without losing any estimation accuracy compared
with FKF using the entire data set.

The remainder of this paper is structured as follows. First,
the kinematics model and the output model based on
IMUs are introduced in Section 2. In Section 3, the state
and parameter dual estimation method is proposed and
a progressive in-network algorithm is introduced for the
reduction of the computation latency. Section 4 covers
the numerical evaluation and result discussions. Finally,
Section 5 concludes the contribution.

2. PRELIMINARIES

Before introducing our proposed algorithm for dual esti-
mation, in this section, the human model is discussed. In
particular, the forward kinematics is introduced in Sub-
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Fig. 1. The human arm model includes planar shoulder
and elbow movement, with the generalized coordinate
q = [q1, q2]

T , where q1 and q2 are the relative rotation
angle of shoulder and elbow along y-axis, respectively.
There are 2 IMUs attached on the upper limb (IMU
1) and forearm (IMU 2). The length 1r

1,2 of the upper
limb is described as an unknown parameter θ.

section 2.1 using the minimal coordinate method. Further-
more, the output model based on the measurements from
the IMUs is derived in Subsection 2.2.

2.1 Forward Kinematics

For human motion modeling, a serial kinematic chain
composed of links connected only by rotational joints along
a relatively fixed axis is employed, e.g., the human arm
model in Fig. 1. The generalized coordinate q ∈ Rn is
chosen as the rotation angle of each joint, where n ∈ N+

represents the number of degrees of freedom (DoF). The
state xk of the system at time tk is a concatenation of
the generalized coordinate qk, generalized velocity q̇k and
generalized acceleration q̈k, i.e.,

xk = [qT
k , q̇

T
k , q̈T

k ]
T ∈ R3n. (1)

The motion of the links includes both the translational
part and the rotational part, and is calculated through
forward kinematics.

1) Forward Rotational Kinematics In the present work,
the axis-angle representation as in Gao et al. (2021) is
used to express the rotation vector φ ∈ R3 to avoid the
singularity. The corresponding rotation matrix R ∈ R3×3

is calculated through Rodrigues’ formula in Kovács (2012)

R(φ) = I3 +
sin θ

θ
φ× +

1− cos θ

θ2
φ×φ×, (2)

where θ = ∥φ∥ ∈ R. The function (·)× : R3 → R3×3 is
defined as the mapping that associates any vector a =
[a1, a2, a3]

T ∈ R3 with a corresponding skew-symmetric
matrix a× ∈ R3×3, which is expressed as

a× =

[
0 −a3 a2
a3 0 −a1
−a2 a1 0

]
.

The Rodrigues’ formula for axis-angle representation has
only a continuous undefined point with R(03×1) = I3.
For a serial kinematics chain, the motion of link (i+ 1) is
only related to the motion of its predecessor i and relative
rotation qi+1, q̇i+1, q̈i+1 along the axis in ∈ R3, which is
fixed in the local coordinate i,∀i = 1, · · · , n. The rotation
matrix Ri+1 representing the pose of the (i+1)-th link is

Ri+1 = RiR(inqi+1) = RiRq,i+1 (3)



with Rq,i+1 = R(inqi+1). The angular velocity iω
i and

acceleration iω̇
i are

i+1ω
i+1 =RT

q,i+1iω
i + inq̇i+1,

i+1ω̇
i+1 =RT

q,i+1iω̇
i + i+1ω

i+1
× inq̇i+1 + inq̈i+1, (4)

where jc
i represents the variable c for the i-th link in the

local coordinate of body j. The rotational properties for
the initial body are set as R0, 0ω

0 and 0ω̇
0, which are

based on the environment and the motion of the human
trunk. Note that the rotation axis in of human joints, e.g.,
elbow or wrist, is almost identical even for different people,
and thus can be pre-defined and fixed.

2) Forward Translational Kinematics Since only the
rotational freedom is considered, the origin of the (i+ 1)-
th link is considered as one fixed point connected on the
predecessor link i. The relative position between the origin
of the link i and i+1 is given as a constant ir

i,i+1 defined
in the local coordinate i. The translational motion of the
origin of the (i+ 1)-th link then is computed through the
motion of link i and ir

i,i+1 as

Ir
i+1 = Ir

i +Riir
i,i+1,

I ṙ
i+1 =I ṙi +Riiω

i
×ir

i,i+1, (5)

I r̈
i+1 =I r̈i +Riiω

i
×iω

i
×ir

i,i+1 +Riiω̇
i
×ir

i,i+1,

where the left subscript I represents the inertial coor-
dinate. The translational motion of link i = 0 is based
on the pre-defined constants Ir

0, I ṙ
0 and I r̈

0. With the
above recursive update method, the translational kinemat-
ics properties for each link in the serial chain are obtained.

From the above analysis, a strong relationship is observed
between the translational motion and kinematic param-
eters reflected by ir

i,i+1. Considering the different kine-
matic parameters of each individual, vectors ir

i,i+1,∀i =
1, · · · , n − 1 are not fixed and thus regarded as unique
constant parameters for each human model. For the human
model, e.g., the human arm, with N bodies, the overall
parameters are concatenated as

θ = [1r
1,2T , · · · ,N−1r

N−1,NT
]T ∈ R3(N−1), (6)

which will also be estimated in Subsection 3.1.

2.2 Measurements from IMU Sensors

In our setting, the motion of the human is reconstructed
based on the measurements from IMU sensors. The j-
th IMU is attached to link i with fixed relative position

ir
i,j
s and fixed rotation iφ

i,j
s , where the right subscript

s indicates the variable defined for sensors. Due to the
low reliability of magnetic field measurements because
of external disturbances, only the measurements from
the gyroscope and the accelerometer are used for motion
estimation.

The gyroscope returns the angular velocity jω
j in the local

coordinate of the IMU j, which is expressed as

jω
j = RT

j Riiω
i + vω,j ,

Rj = RiR(iφ
i,j
s ).

The vector vω,j is the measurement noise from the gy-
roscope satisfying independent, identical and zero-mean
Gaussian distribution, i.e., vω,j ∼ N (03×1,Qω,j) and
Qω,j = diag(σ2

ω,1,j , σ
2
ω,2,j , σ

2
ω,3,j). The rotation matrix

Ri and angular velocity iω
i of the link i are iteratively

obtained through (3) and (4).

The accelerometer records not only the translational ac-
celeration from the motion, but also the earth gravity

Ig ∈ R3. Moreover, the recorded acceleration ja
j is ex-

pressed in the IMU local coordinate j with

ja
j = RT

j

(
I r̈

i +Ri(iω̇
i
× + iω

i
×iω

i
×)ir

i,j
s + Ig

)
+ va,j ,

where va,j ∈ R3 represents the measurement noise
from the accelerometer, which is assumed to follow
the independent, identical and zero-mean Gaussian dis-
tribution, i.e., va,j ∼ N (03×1,Qa,j) with Qa,j =
diag(σ2

a,1,j , σ
2
a,2,j , σ

2
a,3,j). The motion properties I r̈

i and

iω̇
i are obtained from (5) and (4), respectively. According

to the analysis in Subsection 2.1, the translational accel-
eration ja

j is also related to the kinematic parameters θ
defined in (6).

Concatenate the measurements from M ∈ N+ IMUs, the
output of the system is expressed as y ∈ R6M with

y =

 y1

...
yM

 =

 h1(x,θ)
...

hM (x,θ)

+

 v1

...
vM

 = h(x,θ) + v, (7)

yj =

[
ja

j

jωj

]
= hj(x,θ) + vj ∈ R6,

where the concatenated measurement noises vj ∼ N (06×1,
Qj),∀j = 1, · · · ,M and v ∼ N (06M×1,Qv). The co-
variance matrix of measurement noise Qv is written as
Qv = blkdiag(Q1, · · · ,QM ) ∈ R6M×6M , where Qj =
blkdiag(Qa,j ,Qω,j) ∈ R6×6 for all j = 1, · · · ,M .

3. PROGRESSIVE IN-NETWORK DUAL
ESTIMATION

In this section, our method of progressive in-network state
and parameter dual estimation method is introduced. In
Subsection 3.1, the Bayesian principle based dual estima-
tion method with IMUs is first derived. Then the progres-
sive in-network algorithm is proposed in Subsection 3.2, to
reduce the computation latency from the dual estimation
and maintain the estimation accuracy.

3.1 Dual Estimation of Motion and Kinematic Parameters

The estimation problem of both motion and kinematic
parameters is formulated using the Bayesian principle as
the joint probability of states xk in (1) and parameters θ
in (6), i.e.,

p(xk,θ|Yk) = p(xk|Yk,θ)p(θ|Yk), (8)

where Yk = {yκ}kκ=1 is the data set containing the pre-
vious measurements and available at time tk,∀k ∈ N, in
which yκ means the measurement (7) at time tκ. From the
expression of (8), the dual estimation problem is decom-
posed into two parts: state estimation from p(xk|Yk,θ)
and parameter estimation from p(θ|Yk).

1) Motion Estimation Motion estimation is regarded as
the state estimation by solving the posterior distribution
p(xk|Yk,θ). To obtain p(xk|Yk,θ), the state transmission
function is established based on near constant acceleration



model (NCAM) in Jazwinski (2007) assuming the constant
acceleration of each joint, which is formulated as

xk+1 = Fkxk +wk, Fk =

1 ∆tk
1

2
∆t2k

0 1 ∆tk
0 0 1

⊗ In, (9)

where the time interval ∆tk is defined as ∆tk = tk+1 −
tk ∈ R+, which can be different for each time instances.
The operator ⊗ represents the Kronecker product. The
3-rd time derivative of generalized coordinate q, i.e.,
the jerk, is considered as the process noise wk ∈ R3n,
which is modeled as an independent, identical and zero
mean Gaussian distribution, i.e., wk ∼ N (03n×1,Qw). By
assuming the independence of the jerk in each freedom,
Qw ∈ R3n×3n is written as

Qw =

∆t5k/20 ∆t4k/8 ∆t3k/6
∆t4k/8 ∆t3k/3 ∆t2k/2
∆t3k/6 ∆t2k/2 ∆tk

⊗Qε, (10)

with Qε = diag(σ2
ε,1, · · · , σ2

ε,n) ∈ Rn×n. Then using
the results in Bania and Baranowski (2016), we get the
posterior distribution of the states xk|Yk,θ and prior
distribution of the measurements yk|Yk−1,θ, i.e.,

p(xk|Yk,θ) = N (xk|x̂k(θ),Pk|k(θ)), (11)

p(yk|Yk−1,θ) = N (yk|h(Fk−1x̂k−1,θ),Wk|k−1(θ)),

with

x̂k(θ) = Fk−1x̂k−1(θ) +Kk(θ)(yk − h(Fk−1x̂k−1,θ)),

Pk|k(θ) = (In −Kk(θ)Hk(θ))Pk|k−1(θ),

Wk|k−1(θ) = Hk(θ)Pk|k−1H
T
k (θ) +Qv,

in which

Kk(θ)=Pk|k−1(θ)H
T
k (θ)(Hk(θ)Pk|k−1(θ)H

T
k (θ)+Qv)

−1,

Pk|k−1(θ) = Fk−1Pk−1|k−1(θ)F
T
k−1 +Qw.

The output of function Hk(·) : R3(N−1) → R6M×3n is
defined as the Jacobian matrix between the output yk and
the system states xk at time tk,∀k ∈ N, whose detailed
expression is shown in Appendix A.

The initial values of the estimated states x̂0 are usually
chosen as the initial states x0. Under the assumption of
known kinematic parameters θ, the computation for state
estimation in (11) has a low computation load with the
complexity of O(1). The estimated state uses the mode
of p(xk|Yk,θ), i.e., x̂k(θ), while the prior distribution of
the output, i.e., p(yk|Yk−1,θ), will be used for kinematic
parameter estimation later.

2) Kinematic Parameter Estimation Kinematic param-
eter estimation is conducted through obtaining the distri-
bution of parameters θ by given previous measurements
Yk, i.e., θ|Yk, whose probability is written as

p(θ|Yk) =
p(θ)

p(Yk)

k∏
κ=1

p(yκ|Yκ−1,θ), (12)

where p(θ) is the prior distribution of the parameter θ,
which is manually chosen as p(θ) = N (θ0,Σθ,0). The
probability p(yκ|Yκ−1,θ) is the prior distribution of the
measurement, and is calculated from (11). However, (12)
is hard to be calculated due to the multiplication of the
Gaussian distributions. Hence, a maximum a posteriori
probability (MAP) is used to obtain the mode of the

distribution in (12) as the estimated parameter θ. MAP
converts a problem of obtaining the distribution to an opti-
mization problem for getting the mode of the distribution,

mode(p(θ|Yk)) = argmax
θ

p(θ|Yk) = argmin
θ

Sk(θ), (13)

where the scalar function Sk(θ) : R3(N−1) → R is from
negative log-likelihood, i.e., − log p(θ|Yk), without some
constant terms and scaling irrelevant to the optimization.
The function Sk(θ) is then written as

Sk(θ) = log |Σθ,0|+ (θ − θ0)
TΣ−1

θ,0(θ − θ0) (14)

+

k∑
κ=1

(
log |Wκ|κ−1|+∆yT

κW
−1
κ|κ−1∆yκ

)
,

∆yκ = yκ − h(Fκ−1x̂κ−1,θ),∀κ = 1, · · · , k.
Note that the evaluation of Sk(θ) requires x̂κ with κ =
1, · · · , k, which are related to the initial states x0 and
the parameters θ. This means all the estimated states
should be updated when the parameters change, i.e., k
times of state estimation in (11). Hence, the computa-
tion complexity of Sk(θ) is O(k), which enlarges with
the growing data set Yk w.r.t time. For some nonlinear
optimizers, Sk is evaluated many times, which causes a
larger computational delay.

Note that, the motion (state) estimation should be in real-
time due to the safety consideration in human-machine
interaction, which means it always occupies limited local
computation resources. This blocks the implementation of
parameter estimation on the same computation node. In
our algorithm, the time-consuming parameter estimation
is distributed into a serial network for a progressive im-
provement of its estimation accuracy, and conducted paral-
lel to the state estimation. The parameter estimation accu-
racy is progressively improved through these computation
nodes. This progressive in-network algorithm for dual esti-
mation is introduced and discussed in the next subsection.

3.2 Progressive In-network Dual Estimation

To reduce the computation latency and keep the estima-
tion accuracy by using the full data set, the decomposed
dual estimation is distributed in multiple computation
nodes with the structure in Fig. 2(b).

1) Design Principle We consider a structure shown in
Fig 2(b) with totally (L + 1) nodes and L ∈ N+. The
decomposed state estimation and parameter estimation
are distributed into different nodes in the network. The last
node (L+1), also called the server, mainly implements the
state estimation immediately receiving new measurement
data using the parameters from its predecessor nodes.
Since the state estimation requires few calculations, the
server provides the current estimated state almost in real
time. Each intermediate node l = 1, · · · , L consists of a
router and a virtual network function (VNF). The router
is mainly used for data transmission of both measurements
y and parameters θ, while the VNF is mainly used for
the parameter estimation by minimizing (14). In the each
node l = 1,· · ·, (L− 1), only a subset of measurements

YKl
={yκ}Kl

κ=1 is used for parameter estimation. The entire
data set is used in node L for final parameter estimation.

To accelerate the parameter estimation through the net-
work, the growing strategy and greedy strategy are intro-
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(b) Decoupling of Dual Estimation in different Computation Nodes

Fig. 2. (a) The dual estimation is implemented only on
one node, i.e., the server; (b) The dual estimation is
decomposed and distributed to different nodes. Nodes
1, · · · , L are the intermediate computation nodes for
parameter estimation. The newly updated parameters
θ from each intermediate node are transmitted to
its successors and eventually reach the server. The
server implements the state estimation using currently
available parameters. Note that (a) can be regarded
as a special case of (b) with L = 0.

duced. The growing strategy progressively increases the
size of data subset at subsequent nodes in the network
for a better estimation accuracy of the parameters. The
greedy strategy allows the parameter estimation to exit
earlier when the marginal gain is too small in one node.
Hence, our algorithm is named as progressive in-network
dual estimation and shown in Algorithm 1.

Algorithm 1 Algorithm on node l

Input : βl, YKl
, θ∗

l−1
1: if Kl < βl then
2: Wait
3: else
4: θl,0 ← θ∗

l−1
5: p← 0
6: while True do
7: p← p+ 1
8: θl,p+1 ← (15) based on θl,p, YKl

9: if o∆l,p ≤ o∆ OR o∆l,p ≤ o∆ then
10: βl+1 ← Kl + α
11: θ∗

l ← θl,p+1

12: return
13: end if
14: end while
15: end if

To evaluate the marginal gain in each optimization itera-
tion, the optimizer will be discussed first. Then the greed
strategy and the growing strategy are introduced in detail.

2) Optimization Solver To evaluate the marginal gain
in each optimization iteration, the optimizer based on a
gradient descent algorithm for (14) is used on the node
l with the initial guess θl,0. Defining θl,p as the result of
parameters in node l after p optimization iterations, the
result after the next iteration p+ 1 is calculated through

θl,p+1 = θl,p − γ∆θl,p, γ = λ/Kl, (15)

where λ is a fixed constant and the learning rate γ
is varying with the size of the data set Kl. Parameter
estimation with a smaller data set may not be accurate,
and therefore the parameters can be quickly adjusted in
a coarse range with a higher learning rate. Estimation

with a larger data set produces a more accurate result
with a lower learning rate but a slower convergence speed.
Considering that nodes closer to the server have a larger
data set, a gradually decreasing learning rate is reasonable
and computationally efficient.

The vector ∆θl,p−1 is the approximation of the gradient
dSKl

(θ)/dθ at θl,p. For low computational complexity, the
approximated gradient ∆θl,p−1 is obtained via single-side
finite differential approximation, which is written as

∆θl,p =
1

ϵ

 SKl
(θl,p + ϵs1)− SKl

(θl,p)
...

SKl
(θl,p + ϵs3(N−1))− SKl

(θl,p)

 ,

where si,∀i = 1, · · · , 3(N − 1) is the i-th column of
the identical matrix I3(N−1) and ϵ ∈ R is a predefined
small value. Then, the computation complexity of each
optimization iteration is fixed by O((3N − 2)Kl).

The iteration times of (15) on node l depend on the design
of the greedy strategy, which is discussed later.

3) Greedy Strategy Since the intermediate node l has
only a subset YKl

of the whole measurement data, the
intermediate result from node l is not necessary final and
will be optimized with increasing data at next node. Hence,
the termination criteria are designed to indicate whether
the local marginal gain of an iteration round becomes too
small. The local marginal gain is evaluated through the
parameters’ change using the infinity norm ol,p and the
approximated gradient using the Euclidean norm o∆l,p, i.e.,

ol,p = ∥θl,p+1 − θl,p∥∞, o∆l,p = ∥∆θl,p∥.
If ol,p is smaller than a predefined error bound o, i.e.,
ol,p ≤ o, then the parameter θl,p+1 is accurate enough
and further iterations are unnecessary. If the current o∆l,p
appears too small, i.e., o∆l,p ≤ o∆, further iterations will
not improve the θl,p+1 significantly anymore. Parameter
estimation terminates when one of the above criteria is
met, i.e., ol,p ≤ o or o∆l,p ≤ o∆. The last parameters
after satisfying one of the above termination criteria are
regarded as the quasi-optimal parameters θ∗

l from node l.
The parameters θ∗

l are used as the initial guess for the next
node, i.e., θl,0 = θ∗

l−1,∀l = 1, · · · , L with θ∗
0 = θ0. Note

that the server also receives the intermediate result θ∗
l

and conducts the state estimation based on these updated
parameters.

Parameter estimation on the L-th node only exists when
oL,p ≤ o, which guarantee the final accuracy of the
parameter estimation.

4) Growing Strategy Smaller input data sets provide less
information to obtain the optimized parameters from (14),
leading to a larger parameter estimation error. Therefore,
a progressively growing data set is necessary at subsequent
nodes. It is easy to see, that node closer to the server uses a
larger data set, i.e., if l2 > l1 then Kl2 > Kl1 , because the
node receives more data when its predecessor implement
the parameter estimation. However, the size of the data
subset may vary slightly between two nodes, especially
if the parameter estimation is completed quickly in the
previous node. However, it is desirable to have enough
new measurements to start a new optimization on the next



node. Motivated by the above, a dynamical adjustment of
the necessary data set size βl is proposed to ensure that
enough new data is added to the next node. To quantify
the change in the data size, a controlling parameter αl is
introduced. Specifically, the necessary data set size βl+1 at
the next node becomes

βl+1 = Kl + αl.

The proper choice of αl depends on the distribution of
input data and the convergence rate of the centralized
iteration algorithm. In this way, the size of input data
progressively increased to provide more information for
parameter estimation to achieve higher accuracy. Note
that the optimization starts on the l-th node only when
the collected data set reaches the required minimum size,
i.e., Kl ≥ βl. The last node for parameter estimation, i.e.,
node L, always uses the entire data set. Since most of the
jobs for optimizing θ have been done on previous nodes,
little additional effort is required in node L.

Remark 1. The reduction in computation latency by
using the progressive in-network dual estimation arises
from two aspects. First, the parameter estimation starts
before the transmission of the whole set of measured data,
so the overlap of data transmission time and parameter
estimation time is the time we save. Second, we first
perform the parameter estimation with a smaller data set
and use the intermediate results for the next node with a
larger data set. Additional with the greedy strategy, this
avoids the enormous amount of computation on the server
caused by directly using the entire data set and initial
values far from the optimal value. Moreover, since the
entire data set is eventually used, the estimation accuracy
is not reduced by our algorithm.

4. EVALUATION

In this section, a numerical evaluation with shoulder-elbow
movement is performed to illustrate the performance of
progressive in-network dual estimation. The detailed eval-
uation setup is given in Subsection 4.1, and the conver-
gence time and estimation accuracy using the proposed
algorithm are analyzed in Subsection 4.2 and Subsection
4.3, respectively.

4.1 Evaluation Setup

In the numerical evaluation, the planar movement of the
human arm with shoulder and elbow movement is consid-
ered, which has 2 degrees of freedom, i.e., q1 represents the
relative rotation of the upper arm and q2 of the forearm
in Fig. 1. An IMU sensor is attached to each link, for a
total of 2 IMUs. Due to the evaluation setting, only the
kinematic parameters for the link between the shoulder
and elbow play a role, i.e., the parameters for upper arm.
The kinematic parameter of the upper arm is divided
into the nominal part 1r̃

1,2 (same for all people) and the
individual part θ, i.e., 1r

1,2 = 1r̃
1,2 + θ. The detailed

information is shown in Table 1. The units in this section
are based on International System of Units (SI).

The designed trajectory in time period [0, te] with te = 1 of
the joints angle q follows a fifth order polynomial function,
where q(t = 0) = q0 and q(t = te) = qe and the first
order and second order of time derivative are 0. After

Table 1. Evaluation Setting

n N M ∆tk, ∀k ε λ

2 2 2 0.01 10−6 10−4

σ2
a,i,j σ2

ω,i,j σ2
ε,i θtrue θ0 Σ0

0.005 0.002◦ 0.5 [0.05; 0; 0.03] [0; 0; 0] I3

q0 q̇0 q̈0 qe q̇e q̈e
[0; 0] [0; 0] [0; 0] [π/4;π/2] [0; 0] [0; 0]

0r0,1
1r̃1,2

0n 1n Ir
0 R0

[0; 0; 0] [0.2; 0; 0] [0; 1; 0] [0; 1; 0] [0; 0; 0] I3

1φ
1,1
s 2φ

2,2
s 1r

1,1
s 2r

2,2
s

[0;π; 0] [0;π; 0] [0.1; 0; 0.05] [0.1; 0; 0.05]

te, the human arm remains in its final pose with zero
velocity and acceleration. The data set is generated as the
concatenation of the IMU measurements at each time.

In our simulation, evaluations with a different number of
intermediate nodes L are considered, L = 1, · · · , 6. The
error bounds for the greedy strategy are set as o = 2×10−4

and o∆ = 30. For each structure with L intermediate
nodes, the simulation runs 50 times to exhibit the sta-
tistical characteristic of the performance. For comparison,
the dual estimation without the in-network computation
proposed in Bania and Baranowski (2016) is chosen with
no intermediate node, i.e., L = 0. For each setup, the
convergence time To for given o and the error of parameters
eθ are analyzed, which are defined later.

The proposed algorithm is implemented in Python, which
can be directly deployed as microservices later. The simu-
lation is conducted on a Commercial off-the-shelf (COTS)
server with an M1 Pro CPU with 16GB RAM using macOS
Monterey version 12.6.

4.2 Convergence Time for Dual Estimation

In this subsection, the convergence time To for the pro-
posed progressive in-network dual estimation with dif-
ferent intermediate nodes is compared with the original
method with L = 0. The convergence time To is counted
from the generation of the first measurement data to the
end of whole dual estimation, i.e., the parameters’ change
oL,p converge into o (oL+1,p ≤ o). The result is shown in
Fig. 3.

First, it is observed using our algorithm To decreases
significantly compared to the original method with L = 0.
Besides, To gradually decreases from 7666 ms to 4588 ms
as the number of intermediate nodes increases, i.e., L from
0 to 6, which is a 40% acceleration of dual estimation.
Moreover, the simulation results also show that the accel-
eration efficiency exhibits a limit as L increases. In this
case, adding more intermediate nodes can only improve
To little and thus economically inefficient, by considering
the additional investment on the hardware.

4.3 Parameter Estimation Error

Besides the convergence time, the accuracy trends of
the intermediate results are also important, since the
intermediate results will also be used to improve the
accuracy of motion estimation. In this subsection, the
parameter estimation error defined as eθ = ∥θ − θ∗

L∥ is
analyzed with different L.
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Fig. 3. This figure shows the convergence time of our
algorithm with L intermediate nodes. The mean value
of the convergence time is marked as a triangle. The
bottom and top box edges indicate the 25th and 75th
percentiles, respectively. In comparison, L = 0 indi-
cates the original method without any intermediate
node.
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Fig. 4. Accuracy of the intermediate parameters with
different intermediate nodes L representing by the
parameter error eθ. Besides, it also shows the time,
when the intermediate parameters θ are available for
the server. Line with L = 0 shows no intermediate
results with original method.

Fig. 4 shows the optimization process of the parameters
θ with different number of intermediate nodes L. For
our algorithm L > 0, the estimation error eθ decreases
from 0.53 to 0.08 at about 800 ms in the earliest. With
terminal criterion and progressively increasing sub data
set, the error eθ continues to decrease with high speed. And
with more intermediate nodes, more accurate parameters
θ are available for the state estimation in the server.
This evaluation confirms the convergence speed in terms
of available time of intermediate results by using our
progressive in-network algorithm.

Fig. 5 also shows the final estimation error e = ∥θ∗
L−θtrue∥

for the parameter with different number of intermediate
nodes L. It turns out that there are no significant dif-
ferences between the final estimation errors for different
for different L = 0, · · · , 6, i.e., e ≈ 0.02 comes from an
insufficiently large overall data set. This finding suggests
that the proposed progressive in-network algorithm does
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Fig. 5. Final parameter estimation error with 95% confi-
dence interval. The final estimation error of parame-
ters by using our algorithm with different intermedi-
ate nodes L > 0 is similar to the original method with
L = 0, yet with much faster convergence.

not introduce extra estimation error while accelerating the
parameter estimation. This is a result of the fact that the
final termination condition of the proposed method does
not change in any way that ensures all data are used for
the final iteration, thus guaranteeing the accuracy of the
parameter estimation.

Therefore, all effects discussed in the previous sections
are observed, which demonstrate the effectiveness of the
proposed method.

5. CONCLUSION

In this paper, we develop the progressive in-network algo-
rithm for dual estimation of human motion and uncertain
kinematic parameters simultaneously based on the IMU
sensors. By distributing the decoupled dual estimation
into different nodes, the algorithm guarantees the real-
time performance of the human motion estimation and fast
convergence of the kinematic parameter estimation, which
is vital for human safety in human-machine interaction.
In the simulation, the convergence time is significantly
reduced by using our algorithm without any loss of es-
timation accuracy.
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Appendix A. ITERATIVE COMPUTATION FOR
JACOBIAN MATRICES

In this section, we derive the Jacobian matrix Hk(θ)
between the system outputs yk in (7) and system states xk

in (1) at time tk,∀k ∈N. For notational convenience, the
index k representing the time stamp is neglected. Then,
the Jacobian matrices between the motion properties and
the system states are shortened as

Tr,i =
∂I r̈

i

∂q̈
=

∂I ṙ
i

∂q̇
=

∂Ir
i

∂q
, Ṫr,i =

∂I ṙ
i

∂q

Ṫ ∗
r,i =

∂I r̈
i

∂q̇
, T̈ ∗

r,i =
∂I r̈

i

∂q
,

Tω,i =
∂iω̇

i

∂q̈
=

∂iω
i

∂q̇
=

∂φi,∗

∂q
, Ṫω,i =

∂iω
i

∂q

Ṫ ∗
ω,i =

∂iω̇
i

∂q̇
, T̈ ∗

ω,i =
∂iω̇

i

∂q
,

where φi,∗ represents the integral of the iω
i, which is

usually different as φi = inqi.

Then, we first derive the Jacobian matrix between the
measurements from the j-th IMU attached on the i-
th body. Considering that the measured translational
acceleration of the IMU ja

j includes the gravity and is
expressed in its local coordinate, the Jacobian matrix
between yj and x = [q, q̇, q̈]T is written as

Hj(θ) =

[
RT

j T̈r,j RT
j Ṫ

∗
r,j − jω

j
×RjTr,j RT

j Tr,j

Ṫω,j Tω,j 03×n

]
,

T̈r,j = T̈ ∗
r,j + Ig×RjTω,j −Rjjω

j
×R

T
j Ṫr,j . (A.1)

For the IMU j, the Jacobian matrices are calculated
through the Jacobian matrices of the attached body i,
where the rotational part of the Jacobian matrices is
computed through

Tω,j = RT
s,i,jTω,i, Ṫω,j = RT

s,i,jṪω,i,

Ṫ ∗
ω,j = RT

s,i,jṪ
∗
ω,i +Λi,j

ω Tω,i,

T̈ ∗
ω,j = RT

s,i,jṪ
∗
ω,i +Λi,j

ω Ṫω,i,

in which Rs,i,j = R(iφ
i,j
s ) and jω

j = Tω,j q̇ and

Λi,j
ω = RT

s,i,j iω
i
× − jω

j
×R

T
s,i,j .

And for the translational part, the Jacobian matrices are
updated from the attached body i as

Tr,j =Tr,i −Riir
i,j
× Tω,i,

Ṫr,j =Ṫr,i −Ri(iω
i
×ir

i,j
× Tω,i + ir

i,j
× Ṫω,i),

Ṫ ∗
r,j =Ṫ ∗

r,i −Ri(ir
i,j
× Ṫ ∗

ω,i +Λi,j
r Tω,i),

T̈ ∗
r,j =T̈ ∗

r,i −Ri(ir
i,j
× T̈ ∗

ω,i +Λi,j
r Ṫω,i + iω

i
×iω

i
×ir

i,j
× Tω,i),

where

Λi,j
r = (iω

i
×ir

i,j)× + 2iω
i
×ir

i,j
× .

Therefore, the Jacobian matrix H(θ) between the mea-
surements from all IMU sensors y and system states x
is the concatenation of Hj(θ), j = 1, · · · ,M , which is
written as

H(θ) =

H1(θ)
...

HM (θ)

 . (A.2)

Furthermore, the Jacobian matrices for the i-th body
are iteratively obtained from the Jacobian matrices of
its predecessor body i − 1. For notational simplicity, we
consider the Jacobian matrices of body i+1 from body i,
whose rotational part is iteratively updated through

Tω,i =RT
q,iTω,i−1 + i−1nt

T
i , ,

Ṫω,i =RT
q,iṪω,i−1 + i−1ω

i−1
× i−1nt

T
i ,

Ṫ ∗
ω,i =RT

q,iṪ
∗
ω,i−1 +Λi−1,i

ω Tω,i−1 + iω
i
×i−1nt

T
i ,

T̈ ∗
ω,i =RT

q,iṪ
∗
ω,i−1 +Λi−1,i

ω Ṫω,i−1 + i−1n×iω
i
×i−1nt

T
i q̇i,

where ti is the i-th column of identical matrix In, the
angular velocity is iω

i = Tω,iq̇ and

Λi−1,i
ω = RT

q,ii−1ω
i−1
× − iω

i
×R

T
q,i − i−1n×R

T
q,iq̇i.

The iteration computation of the Jacobian matrices for the
translational motion is expressed as

Tr,i+1 =Tr,i −Riir
i,i+1
× Tω,i,

Ṫr,i+1 =Ṫr,i −Ri(iω
i
×ir

i,i+1
× Tω,i + ir

i,i+1
× Ṫω,i),

Ṫ ∗
r,i+1 =Ṫ ∗

r,i −Ri(ir
i,i+1
× Ṫ ∗

ω,i +Λi,i+1
r Tω,i),

T̈ ∗
r,i+1 =T̈ ∗

r,i −Ri(ir
i,i+1
× T̈ ∗

ω,i +Λi,i+1
r Ṫω,i

+ iω
i
×iω

i
×ir

i,i+1
× Tω,i),

where

Λi,i+1
r = (iω

i
×ir

i,i+1)× + 2iω
i
×ir

i,i+1
× .

The Jacobian matrices of the pedestal (human trunk), i.e.
i = 0, are set to 0, i.e. we assume that the motion of the
human trunk is independent of joint motions.


