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Abstract: There are two famous function decomposition methods in math: the Taylor series and the Fourier series.
The Fourier series developed into the Fourier spectrum, which was applied to signal decomposition and analysis.
However, because the Taylor series function cannot be solved without a definite functional expression, it has rarely
been used in engineering. We developed a Taylor series using our proposed dendrite net (DD), constructed a
relation spectrum, and applied it to decomposition and analysis of models and systems. Specifically, knowledge
of the intuitive link between muscle activity and finger movement is vital for the design of commercial prosthetic
hands that do not need user pre-training. However, this link has yet to be understood due to the complexity
of the human hand. In this study, the relation spectrum was applied to analyze the muscle–finger system. One
single muscle actuates multiple fingers, or multiple muscles actuate one single finger simultaneously. Thus, the
research was focused on muscle synergy and muscle coupling for the hand. The main contributions are twofold:
(1) The findings concerning the hand contribute to the design of prosthetic hands; (2) The relation spectrum
makes the online model human-readable, which unifies online performance and offline results. Code is available at
https://github.com/liugang1234567/Gang-neuron.
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1 Introduction

Myoelectric prosthetic hands, where amputees
control the prosthetic hand by voluntarily contract-
ing their residual muscles, are attracting consider-
able critical attention (Zhuang et al., 2019). To our
knowledge, they are classified into four types accord-
ing to electromyography (EMG) decoding methods:
(1) Type 1 is that two electrodes are attached to the
residual muscles, and then the corresponding joint
movement is actuated in proportion to the EMG
amplitude (Farina et al., 2014). (2) The function
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where the user can switch the active joint by a co-
contraction of both muscle groups or other heuris-
tics is added to type 1 to produce type 2 (Parker
et al., 2006). (3) To control more degrees of free-
dom (DOFs), intensive research is focused on motion
classification that assigns EMG features to a dis-
crete set of motions (Kuzborskij et al., 2012; Atzori
et al., 2016). (4) Recently, an approach that maps
muscle activation to force or motion by training a
complex “black-box” neural network (NN) has been
investigated for simultaneous and proportional my-
oelectric control (Ngeo et al., 2014; Zhuang et al.,
2019). Without a doubt, type 1 is the most con-
venient and intuitive. Its intended function corre-
sponds to the physiologically appropriate muscles.
Today, most commercial devices use this method.

www.jzus.zju.edu.cn
engineering.cae.cn
www.springerlink.com


146 Liu and Wang / Front Inform Technol Electron Eng 2022 23(1):145-157

However, these devices usually use a two-recording-
channel system to control a single DOF, because the
intuitive link between the muscle activity and finger
movement is unclear.

The key to the intuitive link is to parse mus-
cle synergy and muscle coupling for the hand, and a
white-box model of the muscle–finger system is the
basis for the analysis. Jiang et al. (2009) presented a
DOF-wise nonnegative matrix factorization (NMF)
algorithm to extract the wrist’s neural control infor-
mation from EMG. However, it has not yet been used
for finger movement, probably because the hand is
much more complicated than the wrist. In addition,
it is worth emphasizing that although many machine
learning models have been used for proportional non-
linear myoelectric control, they do not show the intu-
itive link due to their nature (Oskoei and Hu, 2007;
Zhuang et al., 2019). An early study proved that
mechanical coupling and muscle coupling limit finger
independence (Lang and Schieber, 2004). Both me-
chanical coupling and muscle coupling are useful for
the design of myoelectric prosthetic hands (Brown
and Asada, 2007), but the muscle coupling of the
finger has not been systematically investigated.

This paper presents the relation spectrum in
engineering based on the dendrite net (DD), the
first white-box machine learning algorithm (Liu and
Wang, 2021). DD can be found in Liu and Wang
(2021), who gave a proof-of-principle of similarity be-
tween the relation spectrum and Taylor series. From
the Fourier-like perspective (Bracewell, 1978), DD is
akin to the Fourier transform and the relation spec-
trum is similar to the Fourier spectrum. However,
the Fourier spectrum is the decomposition of the sig-
nal, and the relation spectrum is the decomposition
of the model or system. For the specific engineering
problem, this study aims to explore the intuitive link
between the muscle activity and finger movement.
The framework of this engineering problem is shown
in Fig. 1. Also, this paper is the first application of
DD.

2 Materials and methods

This section describes the relation spectrum
in engineering based on DD by solving the spe-
cific engineering problem of the muscle–finger
system.

Issue: the intuitive link between the muscle activity and finger 
movement is unclear

Propose and design a dendrite net of the muscle finger system

Dendrite net

Conventional
multiple regression

Approach the 
muscle finger

system

10-fold cross-
validation

Relation spectrum

Muscle synergies for a single finger
(Multiple muscles actuate one single finger)

Muscle coupling for the hand
(One single muscle actuates multiple fingers)

Solve 

vs.

Fig. 1 Framework for solving the engineering problem
of unclear intuitive link between the muscle activity
and finger movement

2.1 Subjects

The data analyzed in this paper are from scien-
tific intramuscular electromyography (iEMG) data
related to the isometric hand muscle contractions of
14 subjects (Malesevic et al., 2020). These subjects
were divided into two protocols: the first focused on
the muscles available within a short residual forearm
(SRL), and the second focused on fingers and thumb
muscles (LRL).

The 12 subjects had six pairs of fine-wires in-
serted regardless of the protocol. However, an-
other two subjects were recorded with nine electrodes
whose positions met both SRL and LRL. Thus, the
two subjects provided four groups of data and were
regarded as four subjects. We obtained eight SRL
subject data and eight LRL subject data. Accord-
ing to the preliminary test and the introduction in
Malesevic et al. (2020), we selected the LRL subject
data that focused on fingers and thumb muscles and
named subjects 1–8. The LRL protocol targeted
the following muscles: flexor digitorum profundus
(FDP), extensor digitorum communis (EDC), ab-
ductor pollicis longus (APL), flexor pollicis longus
(FPL, responsible for thumb flexion), extensor pol-
licis longus (EPL, responsible for thumb extension),
and extensor indicis proprius (EIP, responsible for
index finger extension) (Malesevic et al., 2020).



Liu and Wang / Front Inform Technol Electron Eng 2022 23(1):145-157 147

2.2 Acquisition setup and protocol

2.2.1 Acquisition setup

Multiple sensors were used to record hand forces
and corresponding muscular activities during the
experiments. Hand forces were measured using a
custom-made force measurement device (Malesevic
et al., 2020). The intramuscular EMG signals were
recorded using the Quattrocento (OT Bioelettron-
ica, Torino, Italy) biomedical amplifier system. All
iEMG signals were sampled with 16-bit amplitude
resolution at 10 240 Hz. A high-pass filter at 10
Hz and a low-pass filter at 4400 Hz were used dur-
ing recordings. The intramuscular electrodes were
paired fine-wire electrodes from Chalgren, Gilroy,
USA.

The positioning of the fine-wire electrodes was
performed by a medical specialist in clinical neuro-
physiology using the guidelines from the Anatomi-
cal Guide for the Electromyographer: the Limbs and
Trunk (Perotto, 2011; Malesevic et al., 2020).

2.2.2 Acquisition protocol (Malesevic et al., 2020)

Fig. 2 shows the acquisition protocol. The sub-
ject sat on a chair comfortably and was instructed
to place the hand in the force measurement device.
The whole measurement protocol was controlled and
guided automatically by the custom-made software
developed in Labview. The subject was asked to pro-
duce force/torque that matched the cue presented
on the screen. Sinusoidal waveforms were provided
as visual cues. The rationale behind the sinusoidal
tracking task was to generate a gradual force increase
and provide iEMG and force data that described the
muscle–finger system. Concretely, the repetition fre-
quency was set to 0.1 Hz to enable a gradual and
controllable force increase.

2.3 Data processing

2.3.1 Pre-processing

The following steps were executed for all sub-
jects. To obtain the iEMG data without 50 Hz noise
and its harmonics, iEMG data were filtered with a
10 Hz high-pass filter, a 450 Hz low-pass filter, and a
notch filter at 50 Hz (Kuzborskij et al., 2012). The
root mean square (RMS) is one of the most common
EMG signal features and represents the signal en-

velope. In this study, as in Malesevic et al. (2020),
the RMS was calculated using a 250-ms-wide win-
dow (MATLAB command: square, smooth). Then
we obtained the iEMG data and force data after re-
moving obvious noise for further analysis.

Fig. 2 Acquisition protocol. Reprinted from Male-
sevic et al. (2020), Copyright 2020, with permission
from the authors, licensed under CC BY 4.0

2.3.2 Muscle–finger system models

We should tune the model that we select to sim-
ulate the real system and then analyze it through
the trained model for modeling and analyzing the
muscle–finger system. Implementing these concerns
requires a white-box algorithm that can resolve vari-
able relationships between dependent variables and
multiple explanatory variables. As far as we know,
the current generalized white-box algorithm is only
multiple regression. Traditional multiple regression
is usually converted into linear regression through
linear processing. Then, the typical least square
method is used to obtain the preset parameters (Pog-
gio, 1975; Schielzeth, 2010; Liu and Wang, 2021).
Thus, multiple regression is essentially a linear re-
gression. In the EMG interface, there are too many
EMG electrodes, which leads to too many items
and high computational complexity (Poggio, 1975;
Schielzeth, 2010; Liu and Wang, 2021). There-
fore, multiple regression generally contains only first-
order terms in the EMG interface according to Hahne
et al. (2014). This paper compares DD with first-
order multiple regression, also known as multiple lin-
ear regression (LR). A 10-fold cross-validation (10-
FCV) strategy was used for both LR and DD to
evaluate the overall performance. Note that this pa-
per focuses on the relation spectrum that “reads” the
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trained model of DD. For poorly performing sim-
plified models (LR), this paper just compares the
performance.

1. Linear regression

A linear regression is an algorithm that models
the linear relationship (Kutner et al., 2005). For
all subjects, we built the LR models about a single
finger as follows:

f(x) = LR(Alr,E(t)), (1)

where f(x) represents the finger force of a single fin-
ger, E(t) represents the iEMG RMS of muscles, and
Alr represents the regression coefficients.

2. Dendrite net

Various NNs have been employed to model the
relationship of the input space and the output space
(Hornik et al., 1989). However, traditional NNs,
called cell body nets (Liu and Wang, 2021), are like
a black-box and provide an unreadable model.

The dendrite net, which imitates biological den-
drites in brains, is another novel basic machine learn-
ing algorithm (Liu and Wang, 2021). Unlike machine
learning algorithms that search for an appropriate
classification curve or surface, DD aims to design
the logical extractor with controllable precision and
is a white-box algorithm with lower computational
complexity.

Here, we built a DD model of the muscle–finger
system using three modules for each subject. The
overall DD architecture is shown in Fig. 3. The
architecture can be represented by the following

1

EFDP

EEDC

EAPL

EFPL

EEPL

EEIP

W10

W21

W32

Fthumb F-E

Fthumb A-A

Flittle

Fring

Fmiddle

Findex

Fig. 3 Dendrite net architecture of the muscle–finger
system. EFDP, EEDC, EAPL, EFPL, EEPL, and EEIP

denote the iEMG RMS of FDP, EDC, APL, FPL,
EPL, and EIP, respectively

formula:
⎧
⎪⎨

⎪⎩

A1(t) = W 10E(t) ◦E(t),

A2(t) = W 21A1(t) ◦E(t),

F (t) = W 32A2(t),

(2)

where W 10, W 21, and W 32 are the weight matri-
ces (strength of synaptic connections), and A1(t)

and A2(t) are the outputs of the DD modules.
F (t) = [Fthumb F-E(t) Fthumb A-A(t) Flittle(t) Fring(t)

Fmiddle(t) Findex(t)]
T represents the matrix of finger

forces. E(t) = [1 EFDP(t) EEDC(t) EAPL(t) EFPL(t)

EEPL(t) EEIP(t)]
T represents the matrix of bias and

iEMG RMS of muscles. ◦ denotes the Hadamard
product. The weight matrices are optimized by er-
ror backpropagation.

2.4 Relation spectrum

2.4.1 Fourier series (Tolstov, 2012)

We start from trigonometric functions. Given
the period T = 2l, consider the harmonics

akcos

(
πkx

l

)

+ bksin

(
πkx

l

)

, k = 1, 2, · · · (3)

with frequencies wk = πk/l and periods Tk =

2π/wk = 2l/k. Since T = 2l = kTk, and an integral
multiple of a period is again a period, the number
T = 2l is simultaneously a period of all the harmon-
ics. Thus, every sum of the form can be represented
as

sn(x) = A+
∑

k=1

(

akcos

(
πkx

l

)

+ bksin

(
πkx

l

))

,

(4)

where A is a constant and
∑

k=1

(
akcos

(
πkx
l

)
+ bksin

(
πkx
l

))
is a function

of period 2l, because it is a sum of functions of pe-
riod 2l. The function sn(x) is called a trigonometric
polynomial of order n (and period 2l). Then, the
infinite trigonometric series can be expressed:

A+
∞∑

k=1

(

akcos

(
πkx

l

)

+ bksin

(
πkx

l

))

. (5)

Any function f(x) can be decomposed into the
sum of trigonometric functions:
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f(x) = A+

∞∑

k=1

(

akcos

(
πkx

l

)

+ bksin

(
πkx

l

))

.

(6)

These coefficients of the trigonometric polyno-
mial form the Fourier spectrum. Later, the advent of
the fast Fourier transform greatly extends our ability
to implement the Fourier spectrum on digital com-
puters (van Loan, 1992). Today, it has become an
essential tool for decomposing signals.

2.4.2 Taylor series

Taylor series of a real- or complex-valued func-
tion f(x) infinitely differentiable at a real or complex
number a is the power series (Abramowitz and Ste-
gun, 1972):

f(a) +
f

′
(a)

1!
(x − a) +

f
′′
(a)

2!
(x− a)2

+
f

′′′
(a)

3!
(x− a)3 + · · · .

(7)

In the more compact sigma notation, this can
be written as

f(x) =

∞∑

n=0

f (n)(a)

n!
(x− a)n, (8)

where f (n)(a) denotes the nth derivative of f evalu-
ated at point a.

Suppose we have determined m points of f(x).
The Taylor expansion at each point is as follows:

⎧
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(9)

Then, f(x) can be expressed as including a Tay-

lor expansion with all sample points:
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Eq. (10) can be generalized to functions of more
than one variable:
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(11)

where (xd − aid)
nd , i ∈ {1, 2, · · · ,m} can be simpli-

fied as the form that contains constant items and
items containing xj , j ∈ {1, 2, · · · , d}. The expres-
sion in the generalized matrix form can be expressed
as follows:

f(X) = T (WTaylor,X), (12)

where X = (x1, x2, · · · , xd), and WTaylor represents
the coefficient matrix of polynomial. Note that
WTaylor contains the derivatives at sample points in
Eq. (11). These are similar to those in DD using
backpropagation and the chain rule. The dendrite
module is expressed as follows (Fig. 4):

Al = W l,l−1Al−1 ◦X, (13)
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where Al−1 and Al are the inputs and outputs of the
module, respectively, X denotes the inputs of DD,
and W l,l−1 is the weight matrix from the (l − 1)th

module to the lth module.

Wl, l 1Al 1 XAl 1 Al

Fig. 4 Generalized dendrite module

We set Zl = W l,l−1Al−1. Then, Eq. (13) can
be expressed as follows:

{
Zl = W l,l−1Al−1,

Al = Zl ◦X.
(14)

The error backpropagation of the DD module
based on the chain rule can be expressed as follows:

dAl−1
pe =

dAl

dAl−1
dAl

le

=
dZ

dAl−1

dAl

dZ
dAl

le

= (W l,l−1)TX ◦ dAl
le .

(15)

Note that X denotes the inputs of DD. Thus,
it is seen as a constant inderivation of the single DD
module (Eq. (15)).

Eq. (15) can be expressed in the following form:
{
dZl = X ◦ dAl

le ,

dAl−1
pe =

(
W l,l−1

)T
dZl,

(16)

where dAl−1
pe and dAl

le denote the errors of the front
module and later module, respectively.

The weight adjustment can be expressed as
follows:

⎧
⎨

⎩

dW l,l−1 =
1

m
dZl

(
Al−1

)T
,

W l,l−1(new) = W l,l−1(old) − αdW l,l−1,
(17)

where m denotes the number of training samples in
one batch, and α is the learning rate.

In backpropagation, every time through one DD
module, the adjusted weight of the corresponding
module is obtained by the first derivative. The order
of the derivative contained in the weight of the mod-
ule gradually increases according to the position of
the module (from back to front).

In essence, DD can be expressed in the general-
ized form:

f(X) = DD(WDD,X), (18)

where WDD represents the weight matrix (strength
of synaptic connections). Note that WDD contains
the derivatives at sample points in Eq. (11). Mean-
while, DD calculations contain only matrix multipli-
cation and the Hadamard product. Therefore, WDD

of the trained DD can be translated into the relation
spectrum about inputs and outputs by formula sim-
plification with software (e.g., MATLAB or Python).
The relation spectrum with a large number of coef-
ficients can be expressed using a figure and a table,
such as Fig. 8 and Table 1. The item index and co-
efficients are the abscissa and ordinate, respectively,
and the items can be found in the table automatically
generated by a computer. The relation spectrum ex-
presses the effects of the inputs on outputs, and the
impacts contain independent and interaction effects
to different degrees. It may become an essential tool
for decomposing a system or an online model. In
fact, before this strategy, we had to use different
models for offline analysis and online operation due
to the black-box nature of online models, such as
the traditional NN model or support vector machine
(SVM) model. DD and relation spectrum can in-
tegrate offline analysis into the online operation or
take an online model into offline analysis. Addition-
ally, an orthogonal basis in signal decomposition of
signal processing avoids repeated extraction of the
same power. The result of DD is shown as “addi-
tion.” Therefore, no repeated extraction is present.

2.5 Muscle synergies for the hand

We can solve the relation spectrum by formula
simplification with software for the muscle synergies
mechanism on the fingers. In this study, we calculate
each subject’s relation spectrum, which represents
muscle synergies for a single finger and then deter-
mine the items with the same contribution. These
items with the same contribution are useful in design-
ing prosthetic hands with intended functions that
correspond to the physiologically appropriate mus-
cles. The proportion of items with the same contri-
bution is defined as

C =
1

n
max

{
n∑

i=0

(co(i) > 0),

n∑

i=0

(co(i) < 0)

}

×100%,

(19)

where n is the number of subjects, co(i) is the co-
efficient of the corresponding item of the model for
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subject i, and
n∑

i=0

(b) represents the number of sub-

jects that meet condition b.

2.6 Muscle coupling for the hand

Because DD has been transformed into the re-
lation spectrum, we can analyze the muscle coupling
for a hand, which has not been done before. Combin-
ing the relation spectra of all subjects, we calculate
the correlation coefficient of the relation spectrum
between pairwise fingers. These correlation coeffi-
cients represent the muscle coupling of five fingers
and are calculated using the following formula (De-
vore, 2011):

Rrf1rf2 =

n∑

i=1

(rf1i − rf1)(rf2i − rf2 )

√
n∑

i=1

(rf1i − rf1)2

√
n∑

i=1

(rf2i − rf2 )2

, (20)

where Rrf1rf2 represents the correlation coefficient
between fingers f1 and f2, rf1 and rf2 represent the
relation spectra of f1 and f2 respectively, rf1i and rf2i
represent the ith relation items of f1 and f2 respec-
tively, rf1 and rf2 represent the mean values of the
relation spectra of f1 and f2 respectively, and n is
the number of items.

For clarity, a flow diagram of analysis using DD
is shown in Fig. 5.

Muscle–finger system model

Dendrite net

Same-contribution items

Effect of same-contribution 
items for a single finger

iEMG data

Band-pass filtering (10–450 Hz
Notch filtering (50 Hz)

Pre-processing

Force data

Sliding window: 250 ms

Relation spectrum of the muscle–finger system

Muscle synergies Muscle coupling

Correlation coefficients of the
relation spectrum across fingers

Correlation of muscles across
fingers

iEMG data–RMS
Force data–mean

Fig. 5 Flow diagram of analysis using the dendrite
net

3 Results

3.1 Muscle–finger system models

Fig. 6 shows that the DD models outperform
the LR models in 10-FCV accuracy for the muscle–
finger system, in terms of both R2 and MSE. As an
example, the results of subject 3 are shown in Fig. 7.
For thumb F-E, the data from subjects 2 and 4 are
suspected outliers due to the electrode quality and
are discarded (Malesevic et al., 2020) (R2: thumb F-
E: 0.771± 0.108 (LR) < 0.827± 0.084 (DD); thumb
A-A: 0.608 ± 0.230 (LR) < 0.653 ± 0.234 (DD); lit-
tle: 0.777± 0.064 (LR) < 0.780± 0.053 (DD); ring:
0.757 ± 0.114 (LR) < 0.780 ± 0.111 (DD); middle:
0.505 ± 0.292 (LR) < 0.618 ± 0.237 (DD); index:
0.734± 0.067 (LR) < 0.770± 0.079 (DD)).

1.0
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0

R
2

Thumb F-E Thumb A-A Little Ring Middle Index 

R2
LR R2

DD

                                    (a)                            
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Thumb F-EThumb A-ALittle Ring Middle Index 

0.004
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M
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                               (b)  

*
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Fig. 6 The 10-FCV accuracy of LR and DD mod-
els: (a) R2; (b) MSE. P -values were calculated using
paired samples t-tests. ∗P < 0.05, ∗∗P < 0.01, R2

or MSE: mean± SD. References to color refer to the
online version of this figure

3.2 Muscle synergies for a single finger

Since the advent of the NN, it has been seen
as a black box. For several decades, an NN that can
explain the relationship between the input space and
output space has been intensively sought.

The muscle–finger system cannot be analyzed
intuitively due to its complex structure. This pa-
per shows the relation spectrum of the muscle–finger
system (Fig. 8). The relation spectrum can be read
by way of a checklist. The item index is referred
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Fig. 7 Results of the DD model for the muscle–finger system. As an example, the top figure shows results for
testing data of subject 3 in the 10-fold cross-validation, in which (1)–(6) represent thumb F-E, thumb A-A,
little, ring, middle, and index, respectively. References to color refer to the online version of this figure

to Table 1. Despite some differences across sub-
jects, a lot of the same-contribution items exist in
subjects.

3.3 Muscle coupling for a single finger

The knowledge of muscle coupling for the hand
is useful in the design of bionic prosthetic hands. Al-
though the rough relationship between muscle and
finger has been found through anatomy and physiol-

ogy, there was no method for analyzing muscle cou-
pling using online models prior to this study. This
paper shows the muscle coupling of the human hand.
Despite differentiated coupling strength across sub-
jects due to evolution, the common muscle coupling
is shown in Fig. 9. The results are interesting and
can be verified using our own hands. Note that we
move only the active finger in Fig. 9 and keep others
relaxed when verifying the muscle coupling.
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Fig. 8 Relation spectrum of the muscle–finger system in DD models. The definition of the same-contribution
proportion can be found in Section 2 (Eq. (19)). The same-contribution proportion: In the above eight
subjects, the proportion is the number of positive/negative correlations (in the number of positive and
negative correlations, the correlation with the largest number is regarded as the correlation of the item)
divided by eight and then multiplied by 100%, which is the proportion of the item’s same contribution in all
subjects. As an example, same-contribution items across subjects are marked. Refer to Table 1 for the index
of the item. References to color refer to the online version of this figure

4 Discussion

4.1 Specific engineering: the muscle–finger
system

As mentioned in the literature review, the
knowledge of the intuitive link between the muscle
activity and finger movement is conducive to the de-
sign of commercial prosthetic hands with no need of

user pre-training. However, this link is unclear. The
present study was designed to explore the intuitive
link.

In terms of muscle synergies for a single finger,
we present the relation spectrum of the muscle ac-
tivity and finger movement. Some relations of the
findings are consistent with those in Perotto (2011)
and Malesevic et al. (2020). Nevertheless, our results
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Fig. 9 Muscle coupling of the hand: (a) correlation coefficient; (b) visualization. The results are interesting
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Table 1 Items in the relation spectrum

Index Item Index Item

1 E2
FPL 15 EEDCEEPL

2 EFPLEFDP 16 EEDCEEIP

3 EFPLEEDC 17 EEDCEAPL

4 EFPLEEPL 18 EEDC

5 EFPLEEIP 19 E2
EPL

6 EFPLEAPL 20 EEPLEEIP

7 EFPL 21 EEPLEAPL

8 E2
FDP 22 EEPL

9 EFDPEEDC 23 E2
EIP

10 EFDPEEPL 24 EEIPEAPL

11 EFDPEEIP 25 EEIP

12 EFDPEAPL 26 E2
APL

13 EFDP 27 EAPL

14 E2
EDC 28 1

The 28th item is a constant term, thus not shown in Fig. 8

were more precise. For example, previous research
showed only that index finger movement has a pos-
itive correlation with activation of EIP. Our study
showed similar results, but also revealed that the in-
dex finger movement is negatively correlated with
the activation of FPL (Fig. 8 and Table 1). One
unexpected finding was that the index finger move-
ment is negatively correlated with the square of ac-
tivation of EIP and positively correlated with the
square of FPL activation. This suggested that the
intensity of the same muscle activation may affect
the corresponding finger’s movement direction. In

addition, this showed that the relationship between
muscle activation and finger movement is nonlinear,
which explains why the DD models outperform the
simplified LR models. Because this study is focused
on the technology itself, the medical information is
not discussed in more detail. Details can be found
in Fig. 8 and Table 1. Additionally, because of the
noise associated with the electrode character and en-
vironment, the difference in signal strength, and each
individual’s specificity, there were some differences in
the coefficient magnitude. Nevertheless, the relation
spectrum is similar across subjects.

Prior studies have noted the coupling phe-
nomenon of the hand (Wu et al., 2001; Lang and
Schieber, 2004; Brown and Asada, 2007). The cou-
pling of the hand can be divided into passive me-
chanical coupling and active muscle coupling. Pas-
sive mechanical coupling was measured using a mea-
suring implement (Lang and Schieber, 2004) and has
been used to design bionic hands (Brown and Asada,
2007). This study assessed active muscle coupling.
These muscle coupling results agreed with those ob-
tained in an earlier study (Lang and Schieber, 2004).
However, our results were more precise because our
method provides a quantitative analysis of iEMG DD
models instead of an analysis by which the indices ob-
tained in the passive condition are subtracted from
those obtained in the active condition (Lang and
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Schieber, 2004). Details can be found in Fig. 9.
These were particularly useful for prosthetic hands.
Specifically, using the results of muscle coupling of
human fingers (Fig. 9), in future research we can
design prosthetic hands that have a coupling rela-
tionship similar to human hands. Looking at Fig. 8,
for future research we can refer to muscle synergy
results and imitate the muscle synergy of human
hands to drive prosthetic hands with fewer power
sources. Additionally, the muscle–finger system’s re-
lation spectrum provides a reference for commercial
myoelectric prosthetic hands with no need of user
pre-training.

4.2 Relation spectrum

In our previous study, we presented the general-
ized DD (Liu and Wang, 2021). This paper demon-
strated the similarity between the Taylor series and
the generalized DD by proof-of-principle and pre-
sented the relation spectrum. The muscle–finger sys-
tem’s logical relationship is relatively simple, and we
do not need more dendrite modules. However, for
a more complex model, we may use more dendrite
modules. To solve the vanishing gradient problem, a
residual strategy can be used (He et al., 2016). The
residual dendrite (ResDD) module is expressed as
follows (Fig. 10) (Liu, 2020):

Al = W l,l−1Al−1 ◦X +W l,l−1Al−1, (21)

where Al−1 and Al are the inputs and outputs of
the module, respectively, X denotes the inputs of
the residual DD, and W l,l−1 is the weight matrix
from the (l − 1)th module to the lth module.

Wl, l 1Al 1 XAl 1 Al

Fig. 10 Residual dendrite module

We set Zl = W l,l−1Al−1. Then, Eq. (21) can
be expressed as follows:

{
Zl = W l,l−1Al−1,

Al = Zl ◦X +Zl.
(22)

The error backpropagation of the ResDD mod-
ule based on the chain rule can be expressed as

follows:

dAl−1
pe

=
dAl

dAl−1
dAl

le =
dZ

dAl−1

dAl

dZ
dAl

le

= (W l,l−1)T
(
X ◦ dAl

le + dAl
le
)
.

(23)

Note that X denotes the inputs of the residual
DD. Thus, it is seen as a constant in the derivation
of the single ResDD module (Eq. (23)).

Eq. (23) can be expressed in the following form:
{
dZl = X ◦ dAl

le + dAl,

dAl−1
pe =

(
W l,l−1

)T
dZl,

(24)

where dAl−1
pe and dAl

le denote the errors of the front
module and later module, respectively. The weight
adjustment can be expressed as follows:

⎧
⎨

⎩

dW l,l−1 =
1

m
dZl

(
Al−1

)T
,

W l,l−1(new) = W l,l−1(old) − αdW l,l−1,
(25)

where m denotes the number of training samples in
one batch and α is the learning rate. Similarly, the
residual DD can be expressed in a generalized form,
essentially

f(X) = DD(WRDD,X), (26)

where WRDD represents the weight matrix (strength
of synaptic connections). Note that WRDD contains
the derivatives at sample points in Eq. (11). These
derivatives in the residual DD using backpropagation
and the chain rule are similar to those in the Taylor
series. Meanwhile, the residual DD calculations con-
tain only matrix multiplication, matrix addition, and
the Hadamard product. Thus, WRDD of the trained
ResDD can be translated into the relation spectrum
of inputs and outputs by formula simplification with
software (e.g., MATLAB or Python).

Additionally, traditional machine learning algo-
rithms (e.g., NNs, SVM, or decision tree) generate
only a black-box model. Therefore, there are usu-
ally differences between the algorithms used in of-
fline analysis and online applications. Sometimes, in
traditional methods, offline analysis shows promising
results but online analysis shows poor performance.
According to our present experiments in the appli-
cations of the muscle–finger system, the proposed
DD and relation spectrum showed potential advan-
tages in analyzing the reasons for poor online perfor-
mance. Further investigations and experiments will
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be conducted to apply them in other fields in the
future. However, theoretical results show that the
relation spectrum demonstrates the trained/online
model using DD. The online model can be “read” in
offline analysis, which unifies online performance and
offline results.

5 Conclusions

This paper demonstrated the similarity between
the Taylor series and DD using backpropagation and
the chain rule, and then presented a relation spec-
trum. It is widely known that a functional relation-
ship can be expressed by the sum of some trigonomet-
ric or power items. For the expression of a trigono-
metric polynomial, the typical example is the Fourier
frequency spectrum. Here, the relation spectrum is
the spectrum of the power series. The relation spec-
trum expresses the impact of inputs on outputs, and
the impacts contain independent and interaction ef-
fects to different degrees. The relation spectrum and
DD unify online performance and offline results.

In terms of specific engineering, we have solved
a significant problem—the unclear link between the
muscle activity and finger movement—through DD
and relation spectrum. Our contribution lies in the
relation spectrum of the muscle–finger system and
the knowledge of muscle coupling, which may provide
a reference for commercial prosthetic hands.

Before concluding, note that this paper has
shown the concept of the relation spectrum of DD
from a proof-of-principle for the first time systemat-
ically, and the relation spectrum complemented DD
in general engineering. Although this relation spec-
trum and DD, like SVM, are very basic, they may be
applied in most engineering fields. One can imagine
their impacts in the future (Table 2).

Contributors
Gang LIU presented the relation spectrum and drafted

the paper. Jing WANG offered advice on this study. Gang

LIU and Jing WANG revised and finalized the paper.

Compliance with ethics guidelines
Gang LIU and Jing WANG declare that they have no

conflict of interest.

References
Abramowitz M, Stegun IA, 1972. Handbook of Mathematical

Functions with Formulas, Graphs, and Mathematical
Tables. National Bureau of Standards, Washington,
DC, USA, p.1076.

Atzori M, Cognolato M, Müller H, 2016. Deep learning with
convolutional neural networks applied to electromyogra-
phy data: a resource for the classification of movements
for prosthetic hands. Front Neurorob, 10:9.
https://doi.org/10.3389/fnbot.2016.00009

Bracewell RN, 1978. The Fourier Transform and Its Appli-
cations. McGraw-Hill, New York, USA.

Brown CY, Asada HH, 2007. Inter-finger coordination and
postural synergies in robot hands via mechanical imple-
mentation of principal components analysis. IEEE/RSJ
Int Conf on Intelligent Robots and Systems, p.2877-
2882.
https://doi.org/10.1109/IROS.2007.4399547

Devore JL, 2011. Probability and Statistics for Engineering
and the Sciences (8th Ed.). Cengage Learning, p.768.

Farina D, Jiang N, Rehbaum H, et al., 2014. The extrac-
tion of neural information from the surface EMG for
the control of upper-limb prostheses: emerging avenues
and challenges. IEEE Trans Neur Syst Rehabil Eng,
22(4):797-809.
https://doi.org/10.1109/TNSRE.2014.2305111

Hahne JM, Bießmann F, Jiang N, et al., 2014. Linear and
nonlinear regression techniques for simultaneous and
proportional myoelectric control. IEEE Trans Neur
Syst Rehabil Eng, 22(2):269-279.
https://doi.org/10.1109/TNSRE.2014.2305520

He KM, Zhang XY, Ren SQ, et al., 2016. Deep residual
learning for image recognition. Proc IEEE Conf on
Computer Vision and Pattern Recognition, p.770-778.
https://doi.org/10.1109/CVPR.2016.90

Hornik K, Stinchcombe M, White H, 1989. Multilayer feed-
forward networks are universal approximators. Neur
Netw, 2(5):359-366.
https://doi.org/10.1016/0893-6080(89)90020-8

Jiang N, Englehart KB, Parker PA, 2009. Extracting simul-
taneous and proportional neural control information for
multiple-DOF prostheses from the surface electromyo-
graphic signal. IEEE Trans Biomed Eng, 56(4):1070-
1080. https://doi.org/10.1109/TBME.2008.2007967

Table 2 Comparison of typical algorithms

Algorithms Readability Classification or regression (online) Analysis (offline)

SVM, traditional NN, etc. Black box Yes No
Fourier transform and Fourier White box No Yes (decomposing signal)

spectrum
Dendrite net and relation White box Yes Yes (decomposing system/model)

spectrum



Liu and Wang / Front Inform Technol Electron Eng 2022 23(1):145-157 157

Kutner MH, Nachtsheim CJ, Neter J, et al., 2005. Applied
Linear Statistical Models (5th Ed.). McGraw-Hill, New
York, USA, p.716.

Kuzborskij I, Gijsberts A, Caputo B, 2012. On the chal-
lenge of classifying 52 hand movements from surface
electromyography. Annual Int Conf of the IEEE Engi-
neering in Medicine and Biology Society, p.4931-4937.
https://doi.org/10.1109/EMBC.2012.6347099

Lang CE, Schieber MH, 2004. Human finger indepen-
dence: limitations due to passive mechanical coupling
versus active neuromuscular control. J Neurophysiol,
92(5):2802-2810.
https://doi.org/10.1152/jn.00480.2004

Liu G, 2020. It may be time to improve the neuron of
artificial neural network.
https://doi.org/10.36227/techrxiv.12477266

Liu G, Wang J, 2021. Dendrite net: a white-box module
for classification, regression, and system identification.
IEEE Trans Cybern, early access.
https://doi.org/10.1109/TCYB.2021.3124328

Malesevic N, Björkman A, Andersson GS, et al., 2020. A
database of multi-channel intramuscular electromyo-
gram signals during isometric hand muscles contrac-
tions. Sci Data, 7(1):10.
https://doi.org/10.1038/s41597-019-0335-8

Ngeo JG, Tamei T, Shibata T, 2014. Continuous and si-
multaneous estimation of finger kinematics using inputs
from an EMG-to-muscle activation model. J Neuroeng
Rehabil, 11(1):122.
https://doi.org/10.1186/1743-0003-11-122

Oskoei MA, Hu HS, 2007. Myoelectric control systems—a
survey. Biomed Signal Process Contr, 2(4):275-294.
https://doi.org/10.1016/j.bspc.2007.07.009

Parker P, Englehart K, Hudgins B, 2006. Myoelectric signal
processing for control of powered limb prostheses. J
Electromyogr Kinesiol, 16(6):541-548.
https://doi.org/10.1016/j.jelekin.2006.08.006

Perotto AO, 2011. Anatomical Guide for the Electromyo-
grapher: the Limbs and Trunk (5th Ed.). Charles C
Thomas Publisher.

Poggio T, 1975. On optimal nonlinear associative recall.
Biol Cybern, 19(4):201-209.
https://doi.org/10.1007/BF02281970

Schielzeth H, 2010. Simple means to improve the inter-
pretability of regression coefficients. Methods Ecol Evol,
1(2):103-113.
https://doi.org/10.1111/j.2041-210X.2010.00012.x

Tolstov GP, 2012. Fourier Series. Courier Corporation,
North Chelmsford, MA, USA.

van Loan C, 1992. Computational Frameworks for the Fast
Fourier Transform. SIAM.
https://doi.org/10.1137/1.9781611970999

Wu Y, Lin JY, Huang TS, 2001. Capturing natural hand
articulation. Proc 8th IEEE Int Conf on Computer
Vision, 426-432.
https://doi.org/10.1109/ICCV.2001.937656

Zhuang KZ, Sommer N, Mendez V, et al., 2019. Shared
human–robot proportional control of a dexterous myo-
electric prosthesis. Nat Mach Intell, 1(9):400-411.
https://doi.org/10.1038/s42256-019-0093-5


	Introduction
	Materials and methods
	Subjects
	Acquisition setup and protocol
	Acquisition setup
	Acquisition protocol malesevic2020database

	Data processing
	Pre-processing
	Muscle�finger system models

	Relation spectrum
	Fourier series tolstov2012fourier
	Taylor series

	Muscle synergies for the hand
	Muscle coupling for the hand

	Results
	Muscle�finger system models
	Muscle synergies for a single finger
	Muscle coupling for a single finger

	Discussion
	Specific engineering: the muscle�finger system
	Relation spectrum

	Conclusions

