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Introduction

As a rehabilitation technique for neurological 
injury diseases, electrical stimulation therapy 
has garnered extensive attention and research 
in recent years due to its ability to help patients 
rebuild or restore some motor functions [1, 2]. 
Currently, various forms of electrical stimula-

tion instruments are available on the market. 
Most of these devices adjust treatment inten-
sity based on subjective pain perception of 
patients, lacking capability to record the phys-
iological information, such as bioimpedance, 
surface electromyography [3]. This kind of phys-
iological information is essential for guiding role 
in the treatment of patients [4-7].
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Abstract

Objectives: To investigate how impedance values and sensory thresholds at various human upper limb sites af-
fect the parameter settings of electrical stimulation equipment in low and medium frequency envelope electrical 
stimulation therapy. Methods: The study involved testing different upper limb sites on 22 healthy subjects (ages 
21-25, 11 males and 11 females) by adjusting the modulation wave frequency, carrier frequency, and current in-
tensity of the output. Five types of electrodes of various sizes were used in the tests. Results: The impedance test 
results for the human upper limb showed a wide range of impedance values across electrodes of different sizes. 
A new impedance model of the human upper limb was proposed, which accurately fits the relationship between 
frequency and impedance values. In electrical stimulus sensory experiments, the voltage perception threshold 
(VPT) introduced in this study was identified as a novel metric for electrical stimulus sensation. Unlike the current 
perception threshold, VPT does not consider the effects of current magnitude and output frequency. The range of 
sensory thresholds was 6-8 V, while the suprathreshold was 9-11 V. Neither experiment showed gender differenc-
es. Conclusions: Determining the value of the power supply and the output intensity of device power amplification 
circuitry based on the VPT can provide a more precise therapeutic dose for electrical stimulation therapy.

Keywords: Electrical stimulation, human impedance, voltage perception threshold, envelope

Highlights
● This study introduces a novel impedance model for the human upper limb, providing a highly accurate fit be
   tween frequency and impedance values.
● The newly proposed Voltage Perception Threshold (VPT) method offers a more reliable measure of electrical 
   stimulus sensation, independent of current magnitude and output frequency, compared to the traditional Cur-    
   rent Perception Threshold (CPT).
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The electrical model of the human body is high-
ly complex, and the biological passive imped-
ance model contains complex domains, neces-
sitating the consideration of both direct current 
and alternating current in waveform selection 
[8-12]. YinQimin noted an issue when com-
paring square waves with differential waves in 
experiments: square waves induce the human 
body to produce differential waves, making it 
impossible to evaluate the effect of the two 
waveforms by comparing two different differen-
tial waves [13-15]. One key point we propose 
is that a patient’s sensation to a stimulus does 
not necessarily indicate that the waveform is 
undistorted. Many studies lack the measure-
ment of relevant physiological information be-
fore setting electrical stimulation parameters 
[15]. Zhou et al. did not account for measuring 
human body impedance before designing the 
boost voltage source [16]. Boosting the power 
supply to a certain value without determining 
the impedance value can lead to excessive 
circuit power consumption or cause output 
waveform distortion in electrical stimulation 
equipment.

Pain and tolerance threshold can also be con-
sidered as a form of physiological information, 
providing valuable clinical insights for evaluat-
ing neurological defects, selecting appropriate 
treatments, and monitoring sensory recovery 
after injury [17]. Electrical stimulation is a sim-
ple method for measuring pain sensation [17-
20]. Previous studies have predominantly used 
current perception threshold (CPT) as a criteri-
on [21-25]. Hiremath SV et al. showed that the 
receptive intensity increases with the higher 
pulse amplitude and frequency [26]. However, 
there is limited research on the reasons for the 
differences in CPT across different genders 
and ages. This is because the adjustment of 
electrical stimulation intensity is usually based 
on subjective verbal feedback, and information 
about the stimulation waveform, electrode size 
and other parameters is often incomplete or in-
consistent. Thus, relying on a patient’s subjec-

tive experience to determine stimulation dose 
is unreliable, highlighting the need for methods 
to objectively quantify pain. Seno SI et al. mea-
sured CPT with five electrode sizes, finding that 
the CPT values increased with electrode size 
[18]. After adjusting for body fat percentage or 
body water content, the logarithmic conversion 
values showed no gender differences between 
electrode pairs.

The impedance value of the human upper limb 
directly affects the supply voltage required 
by stimulation equipment, while the sensory 
threshold affects the parameter setting of the 
electrical stimulation and the therapeutic ef-
fect. This study was conducted to investigate 
the influence of human upper limb impedance 
and electrical stimulation sensory threshold on 
the parameter setting of electrical stimulation 
equipment using a controlled variable method 
to obtain relevant physiological information. The 
variables examined included five different sizes 
of hydrogel electrodes, modulating waveforms 
ranging from 2-150 Hz, carrier waveforms with 
output frequencies from 1-10 kHz, and output 
currents ranging from 0-20 mA.

Methods and materials

Theory background

Figure 1A illustrates a model of a constant cur-
rent source circuit used in electrical stimulation 
equipment. The current magnitude is given by 
(1):             

where Id represents the current flowing through 
the human body (with RLoad as the impedance 
of the human upper limb), Uin is the input volt-
age signal, and VDD (voltage drain drain) is 
the power supply for the power amplifier circuit 
in the device. Uref is referenced to ground, the 
output current is solely determined by the input 
voltage Uin, and is independent of the load im-

Figure 1. Electrical stimulation circuit block diagram. (A) Constant-current source model of the electrical 
stimulation device; (B) Functional block diagram of electrical stimulation module; (C) The relationship between the 
impedance of human body and the power supply of power amplifier circuit. VDD,voltage drain drain; VSS,voltage 
source and sink; DAC,digital-to-analog converter; MCU,microcontroller unit.
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pedance RLoad.

The relationship between the power supply of 
the power amplifier module and the impedance 
amplitude of the human body can be simplified 
to the model shown in Figure 1B. Previous stud-
ies have shown that the intensity of electrical 
stimulation is typically determined by the cur-
rent magnitude [27]. When the output current 
I is fixed, the power supply voltage U should be 
set according to the maximum impedance Z. If 
U < Z * I, the output waveform will be distorted; 
if U is too large, it will increase the power con-
sumption of the entire circuit. Therefore, before 
setting the power supply value, it is crucial to 
determine the range of the human impedance 
values. To prevent the output waveform dis-
tortion or excessive U values during the mea-
surement, this study first measured the human 
impedance using the circuit shown in Figure 
1B. A transformer was added between the con-
stant-current source power amplifier circuit and 
the human body load. The transformer isolates 
the human body from the circuit board and acts 
as an impedance transformer. By converting 
the high impedance on the load side to a lower 
impedance on the output side, a lower supply 
voltage can be utilized without increasing cir-
cuit power consumption. In this study, the pow-
er supply U1 was set to 15 V, and the number 
of turns on the transformer’s secondary coil 
was chosen to be 20, allowing for a maximum 
undistorted voltage of 300 V to be measured 
on the load side of the human body. The power 
supply voltage can be adjusted at a later stage 
according to the measured impedance values.

Instrument design 

This device utilizes a constant-current source 
for the electrical stimulation output, ensuring 
that the output current remains unaffected by 
changes in the impedance of the human upper 
limb. Figure 1C presents a functional block 
diagram of the electrical stimulation module, 
including MCU (microcontroller unit), modula-
tion module, constant-current source output 
and power amplification modules. The DAC1 
(digital-to-analog converter) output of the MCU 
provides the modulating waveform, which can 
be selected as either a sinusoidal waveform 
or square waveform. Given the complex im-
pedance characteristics of the human body, a 
square wave output will result in a differential 
wave, so DAC2 is configured to output only 
alternating current signals. The waveform fre-
quency can be modulated by adjusting the tim-
er settings. To enhance bandwidth capacity, the 
outputs from the MCU’s two DACs are followed 
by a voltage follower. It is necessary to convert 

the DAC1 output to 0-1 V and the DAC2 output 
to -1 -1 V. These outputs are then fed into the 
AD835 multiplier, where they are modulated 
to produce the two waveforms depicted in the 
modulation module. Finally, the electrical stim-
ulation is delivered to the human body through 
electrode pads via a constant current source 
and power amplification circuit.

Before conducting the experiment, it is essen-
tial to evaluate the output capability of the con-
stant current source. This evaluation was per-
formed using a 100 Hz sinusoidal modulating 
waveform and a 2 kHz sinusoidal carrier wave-
form while outputting a constant current. The 
voltage across the resistive loads, with varying 
resistance values, was measured. The output 
current strength was set in increments ranging 
from 5 to 25 mA, divided into 5 steps. The nom-
inal resistance value of the loads were between 
1 and 5 KΩ (with a power rating of 50W and an 
accuracy of 1%), and each load was measured 
individually. Table 1 presents the measurement 
results, including the average value and stan-
dard deviations. The maximum standard devi-
ation observed was 0.17 mA, which basically 
meets the requirements for a constant current 
source.

Results

The experiment used five hydrogel electrode 
pads in different sizes, as shown in Figure 2, 
to perform the following two tests: 1) A fixed 
current was output, while the modulating wave 
frequency and carrier frequency were adjusted. 
The impedance value of different upper limb 
sites was then determined using Ohm’s law by 
measuring the voltage at various points on the 
upper limb. 2) Currents of varying sizes and 
frequencies were output to quantify the pain 
perception threshold. The study involved 11 
healthy male subjects (age: 23±2 years, height: 
173.2±5.1 cm, weight: 70.8±13.2 Kg) and 
11 healthy female subjects (age: 22±2 years, 
height: 163±4.7 cm, weight: 52±8.6 Kg). All 
subjects participated voluntarily and were in-
formed of the purpose of the experiment. They 
were also made aware that they could withdraw 
from the experiment at any time.

Human Upper Limb Impedance Measurement

The measurement of human upper limb imped-
ance considered several factors: different parts 
of the human upper limb, modulating wave fre-
quency, carrier frequency and electrode size. As 
shown in Figure 3, the positive electrode of the 
differential electrode pair was fixed on the left 
brachioradialis muscle, and the negative elec-
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trode was placed on the following four different 
sites: (A) left brachioradialis muscle, (B) left 
biceps brachii muscle, (C) right brachioradialis 
muscle, and (D) right biceps brachii muscle. 
The electrodes used were Ag/AgCl disposable 
cardiac electrode sheets. The modulating wave-
form was a 10 Hz sine wave, and the carrier 
waveform was a 1000 Hz sine wave. During the 
experiment, the modulating wave frequency 
was varied in 1 Hz increments within the range 
of 2-150 Hz, with results consistently around 

19.2 V. This consistency indicates that varying 
the electrode position on the upper limb or 
changing the modulating wave frequency had 
negligible effects on the measured impedance 
values. Consequently, this experiment primarily 
focused on examining the relationship between 
carrier frequency, electrode size, and the im-
pedance of the upper limb.

Measurement result

Table 1. Output current corresponding to different resistance loads and their average value and SD
    Current intensity / mA
5 10 15 20 25

Load/Ω

1K 5.10 10.8 15.20 20.40 25.40
2K 5.15 10.2 15.00 20.20 25.20
3K 5.00 9.98 14.96 19.96 24.88
4K 4.10 10.10 15.10 20.10 25.12
5K 5.08 10.20 15.20 20.28 25.26

Statistics
mv 5.08 10.18 15.09 20.19 25.17
sd 0.05 0.14 0.10 0.15 0.17

Note: MV, mean value; SD, standard deviation.

Figure 3. Impedance measurements were performed on different positions of the upper limb. (A) left brachiora-
dialis-left brachioradialis; (B) left brachioradialis-left biceps brachii; (C) left brachioradialis-right brachioradialis; (D) 
left brachioradialis-right biceps brachii.

Figure 2. Hydrogel electrode size. The size of each electrode sheet: 3.53cm2 (a), 9.82cm2 (b), 16 cm2 (c), 25 cm2 

(d), 50 cm2 (e).
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The carrier frequency was adjusted in incre-
ments of 100 Hz within the 100-1000 Hz 
range, 500 Hz within 1-3 kHz range, and 1000 
Hz for adjustments within 3 -10 kHz range. 
Measurements were made sequentially using 
five electrode pads. Tests were conducted sep-
arately on 11 males and 11 female subjects. 
Figure 4A shows the test results for the male 
group, and Figure 4B shows the test results 
for the female group. The data indicate that 
the impedance values varied significantly with 
different electrode sizes, although the over-
all trend remained consistent. As the carrier 
frequency increased, the impedance initially 
peaked before decreasing as the frequency 
continued to rise. Additionally, larger electrode 
sizes corresponded to lower carrier frequencies 
at which peak impedance occurred. When the 
carrier frequency exceeded 5 kHz, the imped-
ance plateaued. No significant differences were 
observed between genders. Table 2 lists the 
three impedances for both test groups: the im-
pedance minima, maxima, and peak frequen-
cies corresponding to the impedance maxima 
measured for each electrode size. The peak 
frequencies were identical, and the impedance 
values did not differ significantly by gender.

Human Upper Limb Impedance Model

Analysis of the experimental data reveals a 
maximum impedance peak at a specific fre-

quency [28]. The three-element equivalent 
circuit model proposed by Cole is widely used 
in analyzing human impedance. In an RC (Re-
sistance-capacitance) circuit model, impedance 
peaks are not possible; therefore, the tradition-
al human impedance model is not suitable for 
electrical stimulation involving the envelope 
waveform formed by modulating and carrier 
waveforms. For low- and medium- frequency 
envelope waveform electric stimulation, a suit-
able passive circuit model can be used to fit the 
data, and the values of the parameters related 
to the impedance of the upper limb of the hu-
man body can be further analyzed. Based on 
the impedance variation pattern of the human 
upper limb shown in Figure 5, it is suggested 
that the upper limb exhibits not only capacitive 
characteristics but also possibly inductive char-
acteristics. The combination of inductance and 
capacitance may result in a resonance frequen-
cy where the impedance peaks. The expression 
for the impedance value Z is:

To achieve a peak frequency in this model, as-
suming , the expression of Z is:

Table 2. The impedance minima, maxima, and peak frequencies corresponding to the impedance maxima mea-

sured for the two test groups in the carrier frequency range of 100-10000 Hz (standard deviation in parentheses)
Electrode (cm2) Male (n=11) Female (n=11)

3.53 9.82 16 25 50 3.53 9.82 16 25 50
Min/KΩ 0.51

(0.05)
0.45

(0.04)
0.39

(0.04)
0.34

(0.05)
0.27

(0.02)
0.51

(0.04)
0.44

(0.03)
0.42

(0.03)
0.38

(0.04)
0.31

(0.02)
Max/KΩ 21.80

(3.52)
10.98
(3.53)

8.06
(0.89)

6.18
(0.56)

3.79
(0.32)

19.80
(3.18)

11.68
(2.82)

8.16
(0.79)

5.56
(0.57)

3.29
(0.29)

Peak frequency/
Hz

2000 1500 700 500 400 2000 1500 700 500 400

Figure 4. Carrier frequency (100-10000 Hz) corresponded impedance value of five electrode sizes. (A) Male sub-
jects; (B) Female subjects.Increments of 100 Hz within the 100-1000 Hz range, 500 Hz within 1-3 kHz range, and 
1000 Hz for adjustments within 3-10 kHz range.
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When , the impedance value Z reached 
its maximum, and the maximum value zm≈L/
(R2C). The corresponding peak frequency zm≈L/
(R2C) . Table 3 presents the relevant data mea-
sured in the experiment.

Figure 6 shows the fitting result of formula (3) 
to the impedance value and its corresponding 
frequency. Twenty-one discrete points were ob-
tained from each electrode, with the solid line 
representing the fitted curve. Table 4 shows the 
fitted values of the components in the circuit 
model and the theoretical peak frequencies 
and maxima impedance calculated from the 
fitted values. The analysis reveals that the in-
ductance L remains nearly constant, while the 
fitted capacitance C increases with electrode 
size, and the fitted resistance R2 decreases 
with electrode size. A linear relationship was 
observed between electrode area (Area), capac-
itance C, and resistance R2. The relationship 
between C and electrode size (Area) is defined 
by equation (4) and the relationship between 
R2 and C is defined by equation (5). Based on 
the fitted values, the peak frequency calculated 
by the formula fpeak=1/(2π√LC) closely matches 
the original measured peak frequency. Similar-
ly, the theoretical impedance value calculated 
by zm≈L/(R2C) is consistent with the measured 
value. In summary, the circuit model accurately 
fits to the measured impedance of the human 
upper limb, providing a robust model for obtain-
ing various physiological information in medical 
research involving low and medium frequency 
envelope electrical stimulation.

Pain perception threshold measurement

The relationship between pain perception, 
current intensity, and carrier frequency was in-
vestigated by adjusting these variables during 

experiments conducted with five electrodes of 
different sizes. Pain perception was assessed 
based on patient feedback, where the current 
intensity and carrier frequency were varied, and 
the patient’s reactions were observed. When 
electrical stimulation was present, adjustments 
were made until the sensation disappeared, 
though current output remained—this point 
was recorded as the subsensory threshold. The 
sensory threshold was recorded when electri-
cal stimulation was felt, and the supra-sensory 
threshold was recorded when there was notice-
able electrical stimulation and numbness [29].

According to these three sensory criteria, the 
carrier frequency was adjusted within the 6-10 
kHz, where the impedance changes slowly. The 
current intensity was varied from 0-20 mA, with 
a increment about 1 mA.

During measurement, as the carrier frequency 
increased, the voltage amplitude decreased, 
resulting in reduced electrical stimulation expe-
rienced by the subjects. Increasing the current 
at this point raised the voltage amplitude and 
enhanced the electrical stimulation. Table 5 
shows the test results for one subject. For each 
type of electrode, the standard deviation of the 
voltage measured at the three sensation levels 
was less than 1V across different frequencies. 
The results indicated consistent voltage thresh-
olds for electrical stimulation among subjects. 
In summary, the voltage at both ends of the 
stimulation site can replace CPT as a measure 
of pain perception, namely voltage perception 
threshold (VPT).

Figure 7 shows the VPT values obtained from 
each electrode, separated by sex. Figure 7a 
shows the perceptual threshold corresponding 
to the five electrodes. The measured sensory 
threshold values for males were 11.04, 9.20, 
6.97, 7.17 and 6.92 V, while the values for fe-
males were 12.75, 9.25, 6.68, 7.13 and 6.15 
V, respectively. There were significant differenc-
es between sexes when using 3.53 cm2 (P < 
0.001) and 50 cm2 (P < 0.01) electrodes, while 
the VPT values were similar for other three 
electrodes. Figure 7b shows the measurement 
results above the sensory threshold. The mea-
sured supra-sensory threshold values for males 
were 16.54, 11.36, 8.49, 8.89, and 8.51 V, 
whereas for females, the values were 18.58, 
12.74, 8.61, 9.12, and 8.17 V. Significant dif-
ferences between males and females were 
found when using the 3.53 cm2 (P < 0.001) 
and 9.82 cm2 (P < 0.001) electrodes, while VPT 
values remained consistent for the other three 
electrodes. For both sensory and supra-sensory 

1R
2R L

C

Figure 5. Passive circuit model of human imped-
ance.
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Table 3. Human body impedance obtained from five electrodes
Electrode Zmin/KΩ Zmax/KΩ fpeak/Hz

EL 1 0.51 20 2000

EL 2 0.45 11 1500

EL 3 0.4 8 700

EL 4 0.39 6 500

EL 5 0.29 3.5 400

Note: Zmax: the maximum impedance value measured for each electrode; fpeak: the peak frequency corresponding 
to Zmax.

Table 4. Fitted values for each electrode in the circuit model
Electrode/ cm2 L/H C/nF R2/Ω fpeak/Hz Zmax/KΩ

EL 1(3.53) 0.6817 10.41 3178 1890 20.60

EL 2(9.82) 0.6839 22.27 2238 1290 13.72

EL 3(16) 0.7719 75.75 1204 659 8.46

EL 4(25) 0.7306 121.50 934.4 534 6.43

EL 5(50) 0.6777 261.30 659.7 378 3.93

Table 5. Pain perception value of subjects by adjusting electrode sizes and different carrier frequencies
Electrode Perception Carrier frequency/KHz MV SD

6 7 8 9 10

EL 1
subthreshold 8.4 8 9.4 8.4 8 8.44 0.51

Readout 
(Vpp)

threshold 11 10.4 11 11.2 10.2 10.76 0.39

suprathreshold 20 20.8 21.6 22 20 20.88 0.82

EL 2
subthreshold 9.2 9.8 9.2 10 9.2 9.48 0.35

Readout 
(Vpp)

threshold 11 10 10.6 10 10.5 10.42 0.38

suprathreshold 15.8 15.6 14.4 13.4 16 15.04 0.99

EL 3
subthreshold 6.8 6.8 7.68 7.6 6.72 7.12 0.42

Readout 
(Vpp)

threshold 7.44 7.6 8 8.12 7.12 7.66 0.37

suprathreshold 9.68 9.68 10.2 9.68 9.84 9.82 0.20

EL 4
subthreshold 7.12 6.4 7.2 8.12 6.72 7.11 0.58

Readout 
(Vpp)

threshold 7.92 7.12 7.92 8.6 7.44 7.80 0.50

suprathreshold 9.68 9.6 10.6 10.7 9.6 10.04 0.50

EL 5
subthreshold 6.16 5.84 6.4 6.72 7.44 6.51 0.55

Readout 
(Vpp)

threshold 7.2 6.4 7.12 7.44 7.92 7.22 0.49

suprathreshold 9.68 10.2 9.52 10.1 9.52 9.8 0.29

Note: Vpp, voltage peak-peak; MV, mean value; SD, standard deviation.
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threshold measurements, there was no signif-
icant difference in VPT values between the 16 
cm2 and 25 cm2 electrodes. This indicates that 
the sensation of pain from electrical stimula-
tion is determined by the voltage applied across 
the electrodes. In traditional electrical stimula-
tion, a constant current source circuit is sued 
to achieve therapeutic effect by controlling 
parameters such as current intensity and fre-
quency. However, individuals have different 
thresholds for current perception, meaning a 
unified current intensity standard may have dif-
ferent therapeutic effects for different individu-
als. As a new quantitative standard, VPT value 
can reflect the pain of electrical stimulation 
more simply and accurately, thereby achieving 
a consistent therapeutic effect across different 
individuals.

Discussion

This study aimed to investigate the maximum 
impedance of the human body during low-fre-
quency envelope electrical stimulation and 
determine the appropriate voltage for the 
power amplifier circuit of electrical stimulation 
equipment. The measured impedance of the 
human body depends on the electrode size 
and the carrier frequency of the output. When 
using electrode EL1 for electrical stimulation, 
the impedance range is about 0.4 to 21.6 KΩ. 
According to Figure 2a, achieving a peak out-
put current of 1mA requires a power supply of 
216 V, while an output current of 2 mA would 
require 432 V, and so on. Such high voltage 
levels are impractical to achieve. The results of 
the electrical stimulation measurement show 
that the voltage perceived by the human body 
is much lower than the above-mentioned power 
supply value. As shown in Figure 7, when the 

Figure 6. Fitting result of equation (3) for impedance value and its corresponding frequency. The solid dot is the 
measured data, and the solid line is the fitting curve. (A) Electrode 1; (B) Electrode 2; (C) Electrode 3; (D) Electrode 
4; (E) Electrode 5.

Figure 7. Comparison of the voltage perception threshold obtained from male (gray) and female (white) sub-
jects using five electrodes of different sizes. (A) sensory threshold; (B) supra-sensory threshold. The box plot 
frames represent the 25th and 75th percentiles, while the whiskers indicate outliers. The small box within the 
plot represents the mean, the notch indicates the median, and * denotes significant differences between sexes 
(***p<0.001, **p<0.01).
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VPT exceeds about 10 V, the human body has 
an obvious sensation of electrical stimulation. 
The effect of varying electrode sizes is mini-
mal; the sensory threshold ranges from 6-8 V 
for electrodes of 16 cm2, 25 cm2 and 50 cm2, 
while the supra-sensory threshold ranges from 
9 to 11 V.

In addition to differentiating the test subjects 
by gender, we analyzed the factors affecting 
the impedance values of the human body using 
four parameters: different parts of the upper 
limbs, modulating wave frequency, carrier fre-
quency, and electrode size. Only the electrode 
size and the output carrier frequency signifi-
cantly affected the measured value. Notably, 
the impedance ranges measured by different 
sizes of electrodes varied significantly. The 
human impedance circuit model shown in Fig-
ure 6 accurately represents the relationship 
between carrier frequency and human imped-
ance. Skin impedance model was first devel-
oped by Cole, and since then, various imped-
ance models have been proposed [30]. Table 6 
summarizes five common impedance models 
for the human body [31-33]. The differences in 
the studies may come from two main factors: 
1) Most previous models used single waveform
measurement, while this study focuses on the
effect of human impedance on electrical stimu-
lation parameters without comparing modulat-
ed waveforms to single waveform. 2) This study
utilized five different electrode sizes for the
measurement of human upper limb impedance,

whereas most of the previous studies used a 
single electrode with unspecified dimensions 
and inconsistent electrode material. 3) In the 
previous research, when the frequency range 
used in the experiment was close to the peak 
frequency, the relationship between impedance 
and frequency was typically monotonous - ei-
ther increasing steadily in the low-frequency 
range or decreasing steadily in the high-fre-
quency range.

For the measurement of electrical stimulation 
perception, previous studies have suggested 
that the factors affecting CPT include current 
intensity, frequency and electrode size [26]. It 
is difficult to quantify so many variables. Com-
pared with CPT, the VPT proposed in this study 
provides a better quantification of pain percep-
tion. As shown in Figure 7, the sensory thresh-
old and supra-threshold values obtained from 
electrodes EL3 (electrode), EL4, and EL5 are 
comparable. The larger differences observed 
with EL1 and EL2 are due to their sensitivity 
to the measured values. As shown in Figure 
6, within the 6-10 kHz range, the impedance 
values for EL1 and EL2 differ by approximately 
1.5 KΩ and 500 Ω, respectively, despite the 
slower rate of change. This sensitivity is evident 
in that small currents and frequency changes 
cause significant voltage changes. While this 
study does not specifically explore the relation-
ship between human impedance and electrical 
stimulation perception, the results suggest a 
positive correlation between these two physio-

Table 6. Five common impedance models for human body
Definition Model References
Montague R1

R2

C
false

[31]

Tregear R

C

R

C
... false

[31]

CPE_based R1
R2

Z
false

[31]

Three-element R1

R2C
false

[32]

FOIM
R1 LCPE

R2

L
C

false

[33]

Note: CPE, constant phase element; FOIM, fractional-order impedance models.
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logical parameters.

One of the major limitations of this study is that 
the output intensity of electrical stimulation 
was not fully measured. Clinically, the output 
dose of electrical stimulation therapy is typical-
ly determined based on the patient’s sensory 
or muscle response [29]. To avoid causing 
discomfort or pain to the subjects during the 
experiment, we did not use muscle response 
as a basis for measuring VPT. In addition, the 
measurement of human body impedance does 
not decisively determine the power required 
for the electrical stimulation power amplifier 
circuit. The final results show that the output 
current is not the primary factor affecting the 
perception of electrical stimulation. Instead, 
perception is solely related to the voltage 
across the stimulation site. Regardless of the 
current output, when the VPT exceeds 10 V, 
the human body experiences obvious electrical 
stimulation, which is far less than the product 
of the current and body impedance. Therefore, 
this finding suggests a potential shift towards 
using a constant voltage source circuit instead 
of constant current source circuit to achieve the 
desired stimulation effect in future electrical 
stimulation device. Additionally, we considered 
whether the inductive characteristic of human 
upper limb impedance is related to the material 
of hydrogel electrodes. To verify this, we con-
ducted preliminary experiments with sponge 
electrodes and observed the same trends, 
thereby excluding the hydrogel material’s influ-
ence on impedance values.

In summary, the purpose of this study was to 
measure the range of human impedance and 
electrical stimulation sensation to determine 
the appropriate power supply and output in-
tensity for electrical stimulation devices. The 
results show that these two parameters should 
be set based solely on electrical stimulation 
sensation. A new impedance model proposed 
in this study accurately fits the measured val-
ues. For measuring electrical stimulus percep-
tion, this study proposes a new method using 
the VPT. focuses exclusively on the voltages 
across the stimulation site, excluding factors 
such as current intensity and frequency, which 
significantly simplifies the measurement crite-
ria. Compared to CPT, VPT offers a more pre-
cise method for electrical stimulation therapy.

In the next step of the research, the device de-
veloped in this study will be refined by adding 
the voltage detection function to monitor the 
voltage across the patient’s stimulation site 
in real time. Additionally, the method of mea-
suring the upper limb impedance in this study 

relies on Ohm’s law and collects the voltage at 
both ends of the electrode, including a part of 
electrode contact impedance. Future improve-
ments in the measurement method will aim to 
exclude the influence of electrode contact im-
pedance to provide more accurate results.
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Abstract

To enhance the adaptive learning, self-organization, and fault tolerance capabilities of gait pattern recognition 
in intelligent knee prostheses, an online walking pattern recognition method based on the convolutional neural 
networks (CNN)-long short term memory (LSTM) model is proposed. Five test subjects wore the intelligent knee 
prostheses and performed four walking modes: level walking, uphill walking, downhill walking, and stair descent. 
The preprocessed gait data were fed into four neural network models: CNN, LSTM, CNN-LSTM, and CNN-bidirec-
tional LSTM. Through hyperparameter tuning, the recognition accuracy of these models was compared. Real-time 
indicator, gait recognition delay, was also measured. Experimental results showed each model had its strengths 
and weaknesses. Overall, the CNN-LSTM model achieved the best recognition performance with accuracy rates 
of: level walking 89%±2.5%, uphill 72.8%±3.2%, downhill 71%±3.2%, and stair descent 96%±2.5%. When switch-
ing from level walking to downhill, gait recognition delay was 51.7%±15.6%, and vice versa it was 75.8%±11.5%; 
when switching from level walking to stair descent, gait recognition delay was 47.1%±17.1%, and vice versa it was 
38.6%±10.5%. In summary, the application of the CNN-LSTM model for walking pattern recognition in unilateral 
intelligent knee prostheses is feasible, with accuracy and real-time performance meeting the control requirements 
of the prostheses.

Keywords: Neural network, walking pattern, gait recognition, recognition delay rate

Introduction

Traditional electronically controlled knee pros-

theses require the user to pre-select the cur-
rent walking mode, such as level walking, up-
hill, downhill, or stairs. Once the walking mode 

Highlights
● In prosthetics, using AI algorithms to identify the fused sensor data as known walking patterns has extremely 
   strong expandability. Moreover, as the learning data continues to expand, the robustness of the model itself also 
   increases accordingly. 
● There are numerous AI algorithms currently available. The effective utilization of algorithm combination 
   techniques to learn from each other’s strengths can significantly improve the accuracy of identification. The 
   combined model of convolutional neural networks (CNN) and bidirectional long short term memory (LSTM) 
   attempted in this paper has witnessed a significant improvement in its comprehensive recognition rate. 
● In the practical application of prosthetics, the real-time performance during the mode switching transition period 
   is particularly important as it can reflect the flexibility of the prosthetics. In this paper, the algorithm optimized by 
   the AI model has controlled the delay rate within one gait cycle, greatly enhancing the safety and reliability of pro-  
   sthetics in actual use. 
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is set, the prosthesis follows this predefined 
mode, and switching modes mid-walk can lead 
to control failure and an increased risk of falls. 
Currently, some advanced prostheses world-
wide are transitioning from basic electronic 
control to intelligent systems. For example, the 
Genium X3 by Ottobock in Germany can intelli-
gently and dynamically respond to various walk-
ing modes such as slow walking, fast walking, 
stair climbing, slope walking, and even obstacle 
crossing [1]. This indicates that intelligence is 
the future direction of knee prosthesis develop-
ment.

Walking modes are classified based on daily 
human activities, which can be identified by 
collecting motion information using advanced 
sensors and extracting multiple features for 
classification. With the development of artificial 
intelligence and big data analysis, these tech-
nologies will undoubtedly excel in areas such as 
human-computer interaction, behavior analysis, 
rehabilitation, exoskeletons, and prosthetics.

Currently, there are two mainstream methods 
for human activity recognition: image-based 
and sensor-based [2]. The former relies on 
fixed cameras to track target subjects and uses 
frame sequences to determine walking modes. 
However, this method has several limitations, 
such as being susceptible to environmental  
factors (e.g., poor lighting, background noise), 
complex image analysis algorithms, difficulty 
in long-term cross-environment monitoring, 
and the large, non-wearable nature of the 
equipment. In contrast, sensor-based methods 
benefit from advancements in microelectronics, 
with smaller and more affordable micro inertial 
measurement unit (MIMU) sensors entering the 
field of human activity recognition [3]. Due to 
their compact size and wearability, these sen-
sors have garnered significant attention from 
researchers and have been widely applied in 
various fields [4-6].

This paper aims to use a multi-sensor fusion 
framework (combining MIMU sensors and thin-
film pressure sensors) to collect multi-feature 
variables during the walking process of knee 
prostheses. Various neural network algorithms 
are utilized to classify and recognize the walk-
ing modes (level walking, uphill, downhill, 
and stairs) of the intelligent knee prostheses 
online. The goal is to achieve higher accuracy 
and stronger real-time performance, enabling 
intelligent multi-scenario applications for knee 
prostheses.

Intelligent knee prosthesis prototype

The intelligent knee prosthesis prototype shown 
in Figure 1 was developed by the Rehabilitation 
Engineering and Technology Research Institute 
of the University of Shanghai for Science and 
Technology. The prototype mainly consists of a 
knee prosthesis and a damping control unit. It 
uses multiple sets of inertial sensors and foot 
pressure sensors to detect the prosthesis’s 
motion state, enabling intelligent recognition 
of various walking modes (e.g., level walking, 
uphill, downhill, stairs). The knee prosthesis 
achieves swing phase speed-following con-
trol during level walking through a particle 
swarm-optimized backpropagation algorithm, 
as detailed in recent publications [7].

This prototype is still in a development and de-
bugging stage. For safety considerations, the 
prototype intelligent knee prostheses were test-
ed in healthy individuals simulating above-knee 
amputees. Since healthy individuals have intact 
knees and lower legs, a special support brack-
et is designed to bind the lower leg and knee, 
eliminating their respective movement func-

Figure 1. Intelligent above-knee prosthetic proto-
type.

Figure 2. Alternative bracket for prosthetic socket.
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tions. The structure of the lower leg support 
bracket is shown in Figure 2. The lower end of 
the bracket is equipped with a pyramidal inter-
face, which connects to the knee prosthesis. 
The front and rear of the bracket have straps 
that secure it to the thigh, forming a unified 
structure that acts as a thigh prosthetic socket.

As shown in Figure 3, based on the characteris-
tics of human walking and different road condi-
tions, the selected lower limb kinematic param-
eters include thigh swing angular velocity, lower 
leg swing angular velocity, knee joint angle, 
heel pressure, and toe pressure. The thigh and 
lower leg angular velocities were collected us-
ing MIMU sensors (model MPU6050). The knee 
joint angle was obtained by integrating the dif-
ferences between the angular velocity sensors 

of the thigh and lower leg. The foot pressure 
information was collected by thin-film pressure 
sensors Force Sensing Resistor [8, 9]. The main 
control unit operates using an STM32F407 
embedded microcontroller [10, 11], and com-
munication between the main control unit and 
the upper computer is achieved via a wireless 
Bluetooth serial port (model HC-05). The upper 
computer processes the data using a neural 
network model algorithm and returns the final 
recognition results. The hardware configuration 
of the upper computer includes a CPU (Intel i3-
4160®), GPU (GeForce GT430®), 8GB RAM, 
and runs on a 64-bit Ubuntu 18.04 operating 
system with a Python-Anaconda 3.6, Tensor-
Flow 1.7.0 neural network learning environ-
ment.

Figure 3. Main control unit framework.

Table 1. Information of test subjects

No. Gender Age Height (m) Weight (Kg) Thigh length (m) Lower leg length (m) Stride length (m)

1 Male 53 1.70 70 0.42 0.48 0.63

2 Male 43 1.65 61 0.40 0.47 0.61

3 Male 29 1.78 75 0.44 0.51 0.66

4 Female 41 1.52 55 0.37 0.43 0.56

5 Female 55 1.60 57 0.39 0.46 0.59

Mean 44.2 1.65 63.6 0.404 0.47 0.61

Standard Deviation 10.45 0.098 8.59 0.027 0.029 0.038
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Experimental methods

Experimental subjects

The gait data collection involved 5 healthy vol-
unteers whose specific physical parameters 
are shown in Table 1. All participants were 
informed about the details of the experiment 
and the intended use of the collected data, and 
they signed informed consent forms.

Experimental conditions and procedure

1. The length of the lower leg section of the
knee prosthesis was adjusted according to the
height and leg length of the test subjects to en-
sure that both lower limbs were of equal height

2. Since the test subjects were healthy individu-
als (not above-knee amputees), they underwent
a period of adaptive training to get used to
wearing the prosthesis. However, during actu-
al testing, subjects were allowed to hold onto
handrails to prevent accidental falls.

3. The walking sequence for the test subjects

Figure 4. Gait testing in different walking modes. (A) Testing scenario; (B) Uphill and Downhill; (C) Downstairs. 

Figure 5. Gait data of test subjects. (A) Level Walking; (B) Uphill; (C) Downhill; (D) Downstairs. 
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was level walking, uphill and downhill walking 
(Figure 4B), and stair descent (Figure 4C). To 
ensure an adequate sample size, each walking 
mode required at least 30 steps.

4. There were no specific requirements for the
walking speed; subjects could walk at their pre-
ferred pace.

5. The testing environment is shown in Figure
4A, with a slope angle of 7°. The stairs had a
width of 110 mm and a height of 120 mm, with
handrails on one side.

6. There were no restrictions on which leg the
prosthesis was worn on, so either the left or
right leg could be used.

Data collection and analysis

Figure 5 shows the gait data from the prosthet-
ic side of the test subjects, collected at a fre-
quency of 50 Hz. It can be seen that different 
walking modes exhibit distinct gait characteris-
tics, including the swing angular velocity of the 
thigh and lower leg, foot pressure, and the flex-

ion-extension angle of the knee joint [14, 15]. 
All gait data from the test subjects were first 
normalized and then imported into GraphPad 
Prism 8.4 for statistical analysis. The mean and 
variance distributions are shown in Figure 6.

Neural network models

In this study, we utilized various neural network 
models to classify and recognize the four differ-
ent walking modes: convolutional neural net-
works (CNN), long short-term memory (LSTM), 
CNN-LSTM, and Convolutional Neural Net-
work - Bidirectional Long Short-Term Memory 
(CNN-BiLSTM) hybrid [16-19]. The classification 
performance of these models was compared 
through iterative learning.

Training set and test set

During the learning process of the neural net-
work model, 80% of the data from each test 
subject in every walking pattern is used as the 
training set, while 20% is reserved as the test 
set. See Table 2.

Figure 6. Statistical analysis of gait data.

Table 2 Gait Data Samples of Test Subject (#1)
Samples (N) Toe force (kgf) Heel force (kgf) Knee angle (deg) Thigh velocity (deg/s) Leg velocity (deg/s) Label

1 0 0 6 -25 -26 WE
596 0 0 18 3 -42 UR
929 0 0 1 -22 -32 DR
1,232 0 0 68 0 -29 DS

Note: WE, walking on even ground; UR, uphill walking; DR, downhill walking; DS, stair descent.
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Parameter settings

Hyperparameter optimization included the 
number of LSTM layers and nodes, the size of 
CNN convolution kernels, dropout rates, and 
learning rates [20]. The walking modes were 
recognized using four neural network models: 
CNN, LSTM, CNN-LSTM, and CNN-BiLSTM, with 
the Mini SGD optimizer [21]. To balance the 
real-time performance and accuracy of recog-
nition, a CNN convolution kernel size of 1×3 
was chosen, and the test results are shown in 
Figure 7. Table 3 presents the final optimized 
values for the convolution kernel size, the num-
ber of LSTM layers, and the learning rates for 
the CNN-LSTM model.

Model evaluation results

To evaluate the performance of the walking 
mode recognition algorithm, accuracy was used 
as the performance metric [22]. The formula is 
as follows:

where true positive is the correctly identified 
positive samples, true negative is the correctly 
identified negative samples, false positive is 
the incorrectly identified positive samples, and 
false negative is the incorrectly identified nega-
tive samples. Using this formula, the confusion 
matrices for the four neural network algorithms 
in recognizing the four different walking modes 
were plotted, as shown in Figure 8 [23].

The recognition accuracies for the four different 
walking modes of all test subjects were im-
ported into GraphPad Prism 8.4 for statistical 
analysis. The final statistical results are shown 
in Figure 9.

Testing the four neural network models re-
vealed that the CNN-BiLSTM model had a rec-
ognition rate of 94.8%±1.6% for level walking 
and 98.6%±1.3% for stair descent, but only 
37%±4.2% for downhill walking, leading to its 
exclusion. The remaining three neural network 
models have their own advantages and disad-
vantages:

• The CNN model achieved a recogni-
tion accuracy of 99%±1.4% for stair
descent but only 78.6%±3.6% for level
walking and 47%±6.8% for downhill
walking.

• The LSTM model improved the down-
hill recognition rate to 60.2%±1.9%
compared to the CNN model.

• The CNN-LSTM hybrid model further
increased the downhill recognition rate
to 71%±3.2%, although the recognition
rates for other walking modes de-
creased slightly.

Overall, the CNN-LSTM model was determined 
to be the most advantageous compared to the 
other models.

Table 3. CNN-LSTM related parameters
Category Subcategory Parameter Optimized value
Model LSTM Layers 2

Conv1D Units 64
Kernel size 13
Filters 64

MaxPooling1D Pool size 1
Hyper Batch size 25

parameter Epochs 500
Dropout 0.2
Learning rates 0.001

Note: CNN, convolutional neural networks; LSTM, long short-term memory.

Figure 7. The Impact of CNN Convolution Kernel Size 
on Gait Pattern Recognition. CNN, convolutional neu-
ral networks
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Calculation of online recognition delay rate

The CNN-LSTM model, trained 
offline, has preliminary walking 
mode recognition capabilities. 
When one walking mode transi-
tions to another, the online gait 
recognition system can prompt-
ly send the recognition results 
to the main control unit, identi-
fying the current walking mode 
in real-time.

The formula for calculating the 
recognition delay rate is as fol-
lows:

where GRD represents the 
recognition delay rate, GC rep-
resents the gait cycle, and Ts 
represents the system’s recog-
nition time, i.e., the time from 
when the gait data are sent to 
when the recognition result is 
returned [24].

There are 12 possible combina-
tions for the transitions between 
the four walking modes: WE-UR, 
WE-DR, WE-DS, UR-DR, UR-DS, 
DR-DS. Considering the daily 
usage scenarios of the knee 
prosthesis prototype, this exper-
iment only measured the delay 
rates for transitions between 
level walking (WE) and downhill 
(DR), and between level walking 
(WE) and stair descent (DS). The 
results, shown in Table 4, indi-
cate that the recognition delay 
meets the usage requirements, 
allowing mode transitions to be 
recognized within one gait cycle. 
Among the four transitions, the 
delay is greatest when switching 
from downhill to level walking. 
The system can only recog-

nize the mode transition near the end of the 
downhill step, further indicating that these two 
walking modes have less distinct features and 
require more classification time. In contrast, 
the delay is smallest when switching from stair 
descent to level walking, suggesting that these 
two walking modes have more distinct features 
and are easier to classify.

Conclusion

Figure 8. Accuracy evaluation of neural network models. A. CNN (accuracy); 
B. LSTM (accuracy); C. CNN-LSTM (accuracy); D. CNN-BiLSTM (accuracy).
CNN: convolutional neural networks; LSTM: long short term memory; CNN-
LSTM: convolutional neural networks-long short term memory; CNN-BiL-
STM: convolutional neural networks-bidirectional long short term memory.

Figure 9. Statistical results of recognition accuracy. WE, walking on even 
ground; UR, uphill walking; DR, downhill walking; DS, stair descent.

Table 4. Delay Rate Test Results
Walking mode transition state GRD
WEDR 51.7%15.6%
DRWE 75.8%11.5%
WEDS 47.1%17.1%
DSWE 38.6%10.5%

Note: WE, walking on even ground; DR, downhill walk-
ing; DS, stair descent; GRD, gait recognition delay.
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This paper proposes an exploratory solution 
to the problem of real-time walking mode rec-
ognition faced in fields such as prosthetics, 
exoskeletons, rehabilitation engineering, and 
behavior analysis [25]. By utilizing a unilateral 
knee prosthesis walking mode recognition sys-
tem constructed with MIMU and Force Sensing 
Resistor sensors, we successfully collected gait 
data for level walking, uphill, downhill, and stair 
descent. The gait data for these four walking 
modes were classified using CNN, LSTM, CNN-
LSTM, and CNN-BiLSTM models. Comprehen-
sive evaluation confirmed that the CNN-LSTM 
model provided the best recognition results, 
with the highest relative accuracy. To verify the 
real-time performance of online recognition, 
we calculated the recognition delay rates for 
transitions between level walking and stair de-
scent, and between level walking and downhill. 
The results showed that the delay time was 
less than one gait cycle, meeting the real-time 
requirements for knee prosthesis control.

Currently, the walking mode recognition system 
still uses a master-slave architecture, where 
unilateral lower limb gait data are sent via a 
wireless Bluetooth serial port to a more power-
ful PC for processing by neural network models. 
The processed classification results are then 
returned to the main control unit via the serial 
port. Future research will involve porting the 
code to the main control unit, eliminating the 
master-slave architecture, and facilitating the 
independent application of the prosthesis [26]. 
Additionally, the experiment did not include 
stair ascent testing because the current knee 
prosthesis prototype is still a passive type 
(unable to provide additional assistive power), 
making it difficult to achieve such a walking 
mode [27].

Author contributions: Yibin Zhang was respon-
sible for the hardware design of the prosthetic 
prototype and the construction of the experi-
mental scenario. Yan Wang undertook the hard-
ware design of the data acquisition system and 
also carried out the gait data collection and 
organization of the prosthetic during the testing 
process. Meanwhile, Hongliu Yu focused on the 
algorithm optimization of the road condition 
recognition model.
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Introduction

Simultaneous localization and mapping (SLAM) 
is a computational process of simultaneously 
constructing or updating maps of unknown en-
vironments while tracking an agent’s position 
within them. It is a key concept in robotics and 
autonomous driving, with a development his-
tory spanning several decades. Early research 
focused on fundamental SLAM, such as de-
termining a robot’s position and mapping the 
environment without prior knowledge, primarily 
relying on probabilistic methods and estimation 
theory [1].

As SLAM research evolved towards more prac-
tical solutions—particularly in handling large-

scale environments and managing the increas-
ing computational complexity of accumulating 
data—sensor fusion approaches gained prom-
inence, with Visual-inertial navigation system 
(VINS) attracting significant attention [2]. VINS 
employs cameras and inertial measurement 
units (IMUs) as sensors to measure displace-
ment and attitude changes. Visual SLAM 
(VSLAM), an integrated technology combining 
localization and mapping, relies on extracting 
feature information or pixel grayscale from 
image sequences captured by visual sensors 
to infer the camera’s pose. VSLAM provides 
rich environmental information and avoids drift 
when static, delivering strong localization and 
mapping performance in static environments. 
In contrast, IMUs, independent of external sig-

Overview of the current development in Visual-Iner-
tial Systems
Mingxia Wei, Qingyun Meng

School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, 
China.

Corresponding author: Qingyun Meng.

Declaration of conflict of interest: None.

Received May 15, 2024; Accepted June 25, 2024; Published December 31, 2024

Abstract

The Visual-inertial navigation system (VINS) integrates visual and inertial sensors, providing advanced navigation 
capabilities. Recent improvements in these sensors have made VINS widely applicable in areas such as robotic 
navigation and autonomous driving, due to its complementary functionality and decreasing sensor costs. This pa-
per reviews the latest developments in VINS, introducing visual simultaneous localization and mapping and its role 
in VINS. Key technologies, including direct and indirect methods for image processing in visual odometry and Iner-
tial Measurement Unit preintegration for robot motion estimation, are discussed. Both filter-based and optimiza-
tion-based state estimation methods in VINS are examined. Filter-based methods, like the Extended Kalman Filter, 
offer real-time state updates for attitude tracking and map construction, while optimization-based methods focus 
on minimizing reprojection or other error metrics to improve localization accuracy and robustness. The application 
of dynamic simultaneous localization and mapping, which addresses dynamic objects in complex environments, 
is also explored. This paper summarizes current research challenges and proposes future directions in the field of 
dynamic simultaneous localization and mapping.
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nals and with a high sampling rate, capture rap-
id motion and determine the carrier’s position 
and orientation through double integration.

VINS leverages the complementary strengths of 
visual sensors, which provide detailed environ-
mental information, and IMUs, which measure 
motion. VSLAM helps correct IMU drift and per-
forms loop closure detection, while IMUs assist 
VSLAM in addressing localization challenges 
in scenes with sparse textures or rapid motion, 
thereby enhancing the accuracy of visual-iner-
tial systems in diverse settings [3]. VINS has 
broad applications in fields such as autono-
mous driving, drone navigation, augmented re-
ality, and robotics. With advances in hardware 
and algorithm optimization, VINS continues to 
evolve, with ongoing research focusing on im-
proving localization accuracy, enhancing map 
quality, and achieving more effective data fu-
sion, particularly in dynamic environments. The 
following sections will elaborate on the current 
state of VINS development.

Key Technologies

Visual Sensors

With the advancement of computer technology, 
visual sensors have seen significant improve-
ments in resolution, pixel density, and focus. 
Based on their operational mode, they can be 
categorized into monocular cameras, stereo 
cameras, and RGB-D cameras [4]. Monocular 
cameras are known for their simple design, low 
cost, and high computational efficiency, but 
they lack depth perception. Stereo cameras, on 
the other hand, derive depth information from 
the baseline distance between two monocular 
cameras, enabling depth estimation in both 
indoor and outdoor settings. However, stereo 
cameras require more complex configuration 
and calibration, as well as significant com-
putational resources. RGB-D cameras, which 
became popular around 2010, capture both 
color and depth information directly, making 
them suitable for various routine visual tasks 
[5]. Figure 1 shows the timeline of classic VINS 
algorithms based on filtering and optimization.

Visual odometry

Nister introduced the concept of visual odom-
etry (VO), which involves analyzing image se-
quences to estimate the pose (position and 
orientation) of a moving robot in real-time using 

Figure 1. Classic filtering based and optimization based VINS algorithms. VINS, Visual-inertial navigation system.

Figure 2. ORB-SLAM3 Algorithm Framework. ORB-SLAM3, Oriented FAST and Rotated BRIEF-Simultaneous Local-
ization and Mapping 3.
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computer vision techniques [6]. This method 
overcomes the limitations of traditional odome-
try methods, providing more accurate localiza-
tion. There are three main types of algorithms 
for processing images captured by visual 
sensors: feature-based methods, optical flow 
methods, and direct methods. According to the 
residual model definition, feature-based and 
optical flow methods are collectively referred 
to as indirect methods. Figure 2 is ORB-SLAM3 
Algorithm’s Framework.

Feature-based methods extract sparse features 
from images through detection or general-pur-
pose operations. These features are tracked 
between consecutive frames by matching fea-
ture points and adding descriptors to enhance 
robustness. Prominent feature-based methods 
include MonoSLAM, proposed by Davison et 
al. in 2007, which was the first real-time mon-
ocular visual SLAM system; ORB-SLAM, ORB-
SLAM2, and ORB-SLAM3 [7-10]. Features in 
images may have specific structures, such as 
corners, edges, or block objects. It is general-
ly easier to match corners or edges between 
images than block objects. To improve robust-
ness, line feature extraction has gained atten-
tion in recent research. In 2016 , Meier et al. 
proposed an algorithm using Bezier curves as 
static landmark primitives instead of point fea-
tures, combining curve landmarks for mapping 
to generate continuous curve-based maps [11]. 
Experiments demonstrated that line features 
improved computational efficiency compared to 
point features.

Gomez-Ojeda et al. proposed the PL-SLAM, 
which combines point and line features for 
robust performance, especially in scenarios 
where point features are sparse or unevenly 
distributed [12]. PL-SLAM does not assume line 
endpoint positions, enabling its tracking fron-
tend to handle partially occluded lines. He et al. 
introduced the PL-VIO monocular visual-inertial 
odometry system, which tightly couples point 
and line features [13]. It optimizes system 
state by minimizing IMU preintegration con-
straints and point and line reprojection errors 
in a sliding window. Fu et al. improved the LSD 
algorithm from OpenCV by using Plucker coordi-
nates to represent spatial lines as infinite lines 
and modeling line reprojection residuals based 
on point-to-line distances [14-16]. Integrated 
with VINS-Mono, the improved LSD algorithm 
significantly increased speed and introduced 
the first complete VINS framework for point-
line feature fusion [17]. Xu et al. developed the 
EPLF-VINS algorithm, which enhances tradition-
al line feature detection by fusing short lines, 
ensuring uniform line feature distribution, and 

using adaptive threshold extraction methods 
[18]. Teng et al. presented a tightly coupled ste-
reo visual-inertial SLAM system with point-line 
features, improving line feature detection by 
introducing new criteria for curvature detection 
and minimum line segment length [19]. Zheng 
et al. proposed the LRPL-VIO visual-inertial 
odometry algorithm, which assumes invariant 
luminance values between endpoints and 
midpoints of consecutive frames for fast line 
matching and to address localization challeng-
es in complex environments [20].

Direct methods minimize photometric errors, 
while indirect methods minimize geometric 
displacements. Direct methods, with smaller 
attraction regions, require good initial guesses, 
whereas indirect methods consume additional 
computational resources for feature extraction 
and matching. Indirect methods are more wide-
ly used in practical applications due to their 
robustness and maturity. However, direct meth-
ods, based on photometric consistency, require 
good initial guesses and high frame rates for 
accurate image alignment and are more suit-
able for dense mapping, showing potential in 
textureless scenes. SVO, introduced by C. For-
ster et al. in 2014, is a semi-direct monocular 
VO algorithm [21]. It uses semi-sparse direct 
methods for pixel-level matching and features 
for stable tracking and employs image pyra-
mids for scale-space feature extraction and 
tracking. Engel et al. introduced direct sparse 
odometry, which minimizes photometric errors 
while jointly optimizing all model parameters, 
making it one of the few systems to compute 
VO purely through direct methods [22]. Zhao 
et al. enhanced monocular direct VO by de-
veloping deep direct sparse odometry, a new 
architecture that improves scale consistency in 
the trajectory network TrajNet using geometric 
constraints [23].

Direct methods minimize photometric errors, 
while indirect methods minimize geometric dis-
placements. Direct methods require good initial 
guesses due to their small attraction regions, 
while indirect methods require additional com-
putational resources for feature extraction and 
matching. Indirect methods are more robust 
and widely used, but direct methods are more 
adaptable for dense mapping and show prom-
ise in textureless environments [17].

IMU preintegration

IMU preintegration is a crucial step in VINS for 
estimating a device’s displacement, velocity, 
and attitude over time by integrating linear ac-
celeration and angular velocity measurements 
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from the IMU. This process addresses challeng-
es such as repeated integration of IMU mea-
surements, which occur at a higher frequency 
compared to visual sensor data, and error 
accumulation during prolonged IMU motion 
[24-27]. IMU preintegration typically involves 
preprocessing raw IMU data to remove noise, 
performing coordinate transformations, esti-
mating attitude, velocity, and position using fil-
ters like the Kalman or Extended Kalman filters, 
and predicting motion using physical models. 
The predicted values are then integrated using 
a mathematical model to reduce error accumu-
lation.

IMU preintegration is essential for improving 
pose estimation accuracy in visual-inertial 
SLAM systems. By accounting for the correla-
tion between IMU measurements and errors, it 
provides more accurate pose information, thus 
enhancing the overall performance of SLAM 
systems.

State Estimation Optimization

State estimation in VINS is an optimization 
problem where camera pose variations are 
computed through iterative image alignment 
[3]. Solutions are primarily divided into fil-
ter-based methods and optimization-based 
methods. Below is an introduction to these two 
types of approaches.

Filter-based methods

Filter-based methods are a class of state esti-
mation techniques that utilize sensor data to 
predict and update a system’s state. Based on 
Bayesian filtering theory, these methods com-
bine sensor data with the system’s dynamic 
model to perform recursive state estimation. 
Common filter-based approaches include the 
Kalman filter, extended kalman filter (EKF), un-
scented kalman filter, and particle filter. These 
methods typically estimate the state by recur-
sively predicting and updating the probability 
distribution of the system’s state.

Previously, filter-based methods were the prima-
ry approach for the back-end of V-SLAM, with 
the core objective of iteratively updating the 
state using Bayesian filtering. In VINS, EKF and 
unscented kalman filter, extensions of the Kal-
man filter, are commonly used to handle nonlin-
ear systems. EKF achieves state estimation by 
linearizing the state transition and observation 
models, followed by applying standard Kalman 
filter methods. Although simple to implement, 
EKF may introduce errors when linearizing 
nonlinear functions and requires computing 

Jacobian matrices, reducing convergence and 
accuracy in highly nonlinear systems.

On the other hand, unscented kalman filter 
offers higher accuracy and stability, as it does 
not require Jacobian matrices and avoids lin-
earization errors, making it more efficient in 
highly nonlinear systems. In 2007, Mourikis et 
al. proposed the Multi-State Constraint Kalman 
Filter, an extension of EKF, which improves ro-
bustness and accuracy by introducing multiple 
state constraints [1]. Multi-State Constraint Kal-
man Filter handles multiple state variables and 
observation constraints, fusing them through 
nonlinear optimization, making it suitable for 
complex VINS applications.

In 2015, Bloesch et al. introduced the ROVIO 
algorithm, a VIO based on the direct EKF meth-
od [28]. It enhances the state estimation of 
visual and inertial measurements by incorpo-
rating outlier suppression and preintegration 
techniques, achieving strong performance in 
dynamic environments. SR-ISWF is an exten-
sion of Multi-State Constraint Kalman Filter 
that uses a single-precision representation in 
square root form, avoiding numerical instability 
[29]. It employs an inverse filter for iterative 
linearization, similar to optimization-based al-
gorithms, batch graph optimization, or bundle 
adjustment techniques, to optimize all mea-
surement data for the best state estimation.

Optimization-based methods

Optimization-based methods adjust camera 
poses or 3D point clouds by minimizing repro-
jection error, photometric error, or other cost 
functions. The primary goal is to improve pose 
estimation accuracy, with reprojection error be-
ing a common metric. Reprojection error mea-
sures the Euclidean distance between predict-
ed and observed image feature point positions. 
Optimization techniques like the Newton-Gauss 
method or the Levenberg-Marquardt algorithm 
are often employed. Levenberg-Marquardt, an 
algorithm for nonlinear least squares problems, 
combines the strengths of gradient descent 
and Newton’s method, offering good conver-
gence and robustness.

Another widely used optimization approach 
is pose graph optimization, which minimiz-
es the error between consecutive poses and 
constraints from loop closures or sensor mea-
surements. This method is frequently applied 
in real-time visual SLAM systems, where new 
sensor data is continuously processed, and in-
cremental optimization is required.
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In 2016, Engel et al. introduced direct sparse 
odometry, a direct VO method that estimates 
camera motion by minimizing brightness error 
between consecutive frames, without relying 
on feature extraction and matching [22]. It em-
ploys sliding window optimization, marginaliz-
ing out old camera poses and points that leave 
the field of view. In 2018, Qin et al. proposed 
VINS-mono, which features a robust initializa-
tion process [17]. By optimizing only a fixed 
number of recent IMU poses and velocities, 
VINS-mono reduces computational complexity. 
It also introduces a tightly coupled relocaliza-
tion module that minimizes drift by establishing 
feature-level connections between loop closure 
candidates and the current frame, integrating 
them into the monocular VIO module.

In 2021, Campos et al. presented ORB-SLAM3, 
a tightly integrated visual-inertial SLAM system 
that builds upon its predecessors, ORB-SLAM 
and ORB-SLAM2 [10]. ORB-SLAM3 fully utilizes 
maximum a posteriori estimation during IMU 
initialization, resulting in significantly higher 
accuracy in both indoor and outdoor environ-
ments, with improvements up to tenfold over 
previous versions. Additionally, ORB-SLAM3 
introduced the first multi-map system, lever-
aging short-term, medium-term, and long-
term data associations to reuse information 
from high-parallax co-visible keyframes across 
all stages of the algorithm. This system per-
forms loop closure and relocalization using the 
DBoW2 vocabulary library.

Chen et al. analyzed the application of the first 
estimate jacobian in VINS [30]. When imple-
mented correctly in a nonlinear optimization 
framework, first estimate jacobian addresses 
information error caused by marginalization 
during linearization of fixed points, ensuring 
estimation consistency and improving system 
accuracy.

Overall, optimization-based methods provide 
a flexible and powerful framework for state 
estimation, allowing for the incorporation of 
complex sensor models and system dynamics. 
These methods are particularly well-suited for 
scenarios requiring accurate estimates and 
where computational resources are available 
for solving large-scale optimization problems.

Dynamic SLAM

Most visual SLAM algorithms assume a static 
scene, leading to poor performance in dynamic 
environments. Dynamic objects can introduce 
outliers that significantly affect the accuracy 
and stability of these algorithms. Dynamic 

SLAM methods are generally categorized into 
geometric-based and semantic-based ap-
proaches. Below is an overview of the principles 
and recent research achievements in these two 
categories.

Geometric-based dynamic SLAM

Geometric-based dynamic SLAM methods rely 
on matching key feature points extracted from 
consecutive image frames to provide geometric 
constraints for SLAM. These methods remove 
outliers from dynamic objects by analyzing mo-
tion models or applying geometric constraints. 
In 2017, Wang et al. proposed an end-to-end 
monocular VO framework based on deep re-
cursive convolutional neural networks [31]. Re-
cursive convolutional neural networks combine 
convolutional neural networks to extract spatial 
features from images with recurrent neural net-
works to capture temporal dynamics, enabling 
simultaneous feature extraction and sequential 
VO modeling. The model estimates new poses 
by inputting consecutive image frames.

In 2018, DeTone et al. introduced SuperPoint, 
a method unrelated to visual-inertial navigation 
but relevant for automatically detecting interest 
points in images and describing them using 
deep learning techniques [32]. SuperPoint can 
be used for keypoint detection and description 
in VINS. Bian et al. published a study on unsu-
pervised learning of depth and camera motion 
from monocular videos [33]. They proposed 
geometric consistency losses for scale-consis-
tent prediction and introduced self-discovery 
masks to handle moving objects and occlu-
sions, addressing the issue of frame scale 
ambiguity in geometric image reconstruction. In 
2022, Liu et al. presented lightweight feature 
tracking based on RGB-D sensor depth images 
and IMU inertial data. They divided images into 
grids, padded grid boundaries to prevent edge 
features from being ignored, and performed 
feature detection only on grids with insufficient 
feature matching [34]. By integrating geometric 
and depth information, they achieved dynamic 
feature recognition comparable to semantic 
segmentation.

Geometric-based methods offer good stability, 
providing reliable localization and mapping with 
high precision in various environments. They 
are computationally efficient and can achieve 
real-time localization. However, these methods 
perform poorly in feature-scarce environments 
and may cause instability in localization and 
mapping during scene changes. Additionally, 
their robustness in dynamic scenes is lower 
than that of semantic-based methods, as they 
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lack semantic information.

Semantic-based dynamic SLAM

Semantic segmentation is a crucial task in 
computer vision that uses deep learning 
models to classify each pixel in an image into 
different semantic categories. This process 
generates a semantically rich segmentation 
map, where each pixel is labeled with a specif-
ic category, such as road, car, pedestrian, or 
building. Semantic segmentation is typically 
modeled using deep convolutional neural net-
works, with popular architectures including fully 
convolutional networks, U-Net, DeepLab, and 
SegNet. These networks perform convolution 
and deconvolution operations on images, pro-
gressively upsampling feature maps to gener-
ate segmentation maps of the same size as the 
original image, assigning each pixel to its most 
probable semantic category.

Sünderhauf et al. proposed a method to inte-
grate semantic information into vision-based 
SLAM, utilizing feature-associated semantic 
data within a factor graph framework to im-
prove outlier/inlier computation, based on a 
pre-trained deep learning network [35]. Niko 
et al. introduced a semantic mapping method 
by combining ORB-SLAM2 with a deep learn-
ing-based object detector, performing three-di-
mensional unsupervised segmentation using 
planar information from the object detector 
[36]. Bavle et al. extended this approach to de-
velop a more complete SLAM framework, using 
landmark covariance to improve Mahalanobis 
distance calculations, optimizing the overall 
process [37].

Parkhiya et al. proposed using deep networks 
to build class-specific models for monocular 
object SLAM, estimating the relative 3D pose 
of semantic objects and integrating these with 
the robot’s VO poses into a graph optimization 
framework [38]. Mccormac et al. introduced 
Fusion++, an online object-level SLAM system 
that constructs accurate 3D models of objects, 
using Mask- recursive convolutional neural 
network instance segmentation for initializing 
compact volumetric signed distance fields and 
incrementally improving them via depth fusion 
for tracking, relocalization, and loop detection, 
while optimizing pose graphs [39].

Some research combines geometric and se-
mantic methods to enhance system under-
standing and environmental processing. Yan et 
al. proposed DGS-SLAM, which combines geo-
metric and semantic information through a mo-
tion segmentation detection module based on 

a multi-residual model and semantic segmen-
tation techniques, designed to identify potential 
moving targets in dynamic scenes [40]. Cheng 
et al. introduced SG-SLAM, a real-time seman-
tic visualization system built on the ORB-SLAM2 
framework, which adds two parallel threads for 
target detection and semantic segmentation 
[41]. These threads provide dynamic object 
information for feature rejection strategies and 
integrate 2D keyframe information and 3D 
point clouds into a semantic object database, 
generating an intuitive semantic metric map in 
the ROS system. Sun et al. proposed a method 
for classifying dynamic objects based on their 
motion states, using IMU data and geometric 
constraints to identify and verify temporarily 
static features [42]. Additionally, a new adap-
tive weight loss function based on BA dynamic 
factors is used in the backend to refine camera 
poses and spatial point positions.

Semantic methods accurately classify each pix-
el into specific semantic categories, providing 
high-quality information for subsequent image 
analysis and addressing issues with object 
detection bounding boxes. However, semantic 
methods heavily depend on neural network 
quality, making it difficult to balance speed and 
accuracy simultaneously. Combining geomet-
ric and semantic methods will be essential for 
enhancing the robustness of VINS in dynamic 
environments.

Conclusion

VINS remains a prominent research topic in 
fields like robot navigation and autonomous 
driving. This paper provides a review of the cur-
rent state of visual-inertial systems, highlight-
ing the continuous advancements in filtering/
optimization-based methods and geometric/
semantic-based methods in dynamic SLAM. 
While significant progress has been made over 
the past decade, several challenges remain:

Data Association: Many methods based on 
IMU and VO rely on prior assumptions, such as 
normal distribution and stationary noise, or the 
accuracy of sensors.

Sensor Fusion: Integrating additional sensors, 
such as LiDAR, can provide richer information 
for visual SLAM algorithms.

Deep Learning: Incorporating deep learning 
methods offers a learnable strategy for SLAM, 
enabling the use of past SLAM experiences 
to improve performance in unknown environ-
ments.
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Introduction

Amidst the intensifying trend of global pop-
ulation aging, the incidence of neurological 
disorders precipitated by factors such as trau-
matic brain injury, spinal cord injury, stroke, 
and Freezing of Gait has been on the rise [1-4]. 
Exoskeleton robot is a kind of intelligent me-
chanical structure worn on the outside of the 
user ‘s body. By combining sensing, control, in-

formation, fusion, mobile computing and other 
technologies, the human body’s feeling, think-
ing, movement and other organs are combined 
with the machine’s perception system, intelli-
gent processing center and control execution 
system, so as to improve and strengthen the 
human body ‘s physical function or for medical 
rehabilitation [5]. It is a new type of electro-
mechanical integration device, which has the 
functions of support, movement and protection. 

Review of gait prediction of lower extremity exoskel-
eton robot
Haonan Geng1, Xudong Guo1, Haibo Lin1, Youguo Hao2, Guojie Zhang3

1School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, 
China. 2Shanghai Putuo District People’s Hospital, Shanghai 200060, China. 3LingYuan Iron and Steel CO., LTD, 
Lingyuan 122500, Liaoning Province, China.

Corresponding authors: Xudong Guo and Youguo Hao.

Declaration of conflict of interest: None.

Received September 8, 2024; Accepted November 6, 2024; Published December 31,2024

Abstract

In recent years, gait prediction has gradually become a cutting-edge research direction in the fields of biomechan-
ics and artificial intelligence. Gait prediction technology, which analyzes an individual’s walking patterns to predict 
future changes, is crucial for the precision of rehabilitation and exoskeleton robot control. This paper reviews the 
recent research progress in the field of gait prediction, focusing on the multimodal information acquisition meth-
ods based on physical sensors and bioelectric signals, as well as the application of machine learning and deep 
learning algorithms in gait prediction. By analyzing different sensor data fusion strategies, the importance of mul-
timodal information fusion for improving the accuracy of gait prediction is emphasized. Furthermore, this paper 
introduces the performance of traditional machine learning algorithms such as Support Vector Machine, Random 
Forest, and Back Propagation Neural Network, as well as deep learning models such as Long Short-Term Memory, 
Convolutional Neural Network, and Transformer in gait prediction, highlighting the advantages of deep learning in 
feature extraction and adaptability to complex scenarios. Finally, this paper explores future directions for the de-
velopment of gait prediction technology, emphasizing improvements in timeliness, accuracy, and personalization 
to advance exoskeleton robotics and related fields. 

Keywords: Gait prediction, multimodal information acquisition, machine learning, deep learning

Highlights
● Gait prediction relies on multimodal sensor data, and the acquisition of multimodal information, such as physical 
   sensors and bioelectrical signal sensors, is introduced in order to monitor and analyze the lower limb movement  
   in real time, and provide a data basis for prediction.
● The application of machine learning algorithms in gait prediction technology, such as Support Vector Machine, 
   Random Forest, and Back Propagation Neural Network, is reviewed to construct an optimized gait prediction 
   model, which provides effective support for the intelligent control of exoskeleton.
● Compared with machine learning algorithms, the article summarizes the researchers’ efforts to extract and un
   derstand the hidden patterns in gait data by constructing neural network models related to different deep learn
   ing algorithms, which are used to improve the accuracy and robustness of gait prediction.
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Combined with key technologies such as me-
chanical structure, control, driving mode and 
human-computer interaction, it enables the 
wearer to perform tasks that would otherwise 
be impossible [6].

Gait prediction is a frontier research direction 
in the fields of biomechanics and artificial intel-
ligence, involving the analysis and prediction of 
human walking patterns [7]. It has numerous 
applications in lower limb exoskeleton robots, 
with real-time gait monitoring and adjustment 
being the primary application. This technology 
integrates various sensors (accelerometers, gy-
roscopes, pressure sensors, etc.) and computer 
vision to capture the lower limb movement 
data of users, and analyzes and identifies the 
trends of gait changes. Based on these data, 
predictive models trained by machine learning 
and deep learning algorithms can monitor the 
gait patterns of users in real-time and predict 
changes in gait. Exoskeleton robots can adjust 
the amount of assistance, motion synchroniza-
tion, and movement patterns according to the 
predicted results, helping users walk more nat-
urally. This is particularly important for patients 
with neuromuscular diseases, those with sports 
injuries, or those who have been bedridden for 
a long time, as it provides personalized gait as-
sistance to help them regain the ability to walk.

Furthermore, gait prediction technology can sig-
nificantly enhance the motion stability and fall 
prevention capabilities of exoskeleton robots. 
By analyzing the gait characteristics and load 
distribution of users, predictive models can 
identify unstable states in advance, allowing 
the exoskeleton system to react preemptively, 
such as increasing support force when the user 
is about to lose balance. This is especially suit-
able for the elderly, patients with balance disor-
ders, or users in the rehabilitation phase, effec-
tively reducing the secondary injuries caused 
by falls.

In the field of rehabilitation, gait prediction 
offers the possibility of personalized rehabilita-
tion training programs for exoskeleton robots. 
By collecting and analyzing the gait data of 
patients over the long term, predictive mod-
els can assess the progress of rehabilitation, 
identify problems in gait, and adjust the reha-
bilitation plan. For example, assistance can be 
adjusted according to the patient’s recovery, 
and help the patient to gradually regain the 
ability to walk independently [8]. This not only 
accelerates the rehabilitation process but also 
improves the effectiveness of rehabilitation.

Gait prediction technology can also help 

healthy individuals enhance their athletic per-
formance. For professions that require long 
periods of walking or walking with loads, such 
as soldiers and firefighters, exoskeleton robots 
can optimize movement through gait predic-
tion models, adjust energy output, and allow 
users to complete longer walking tasks with 
less physical exertion. This feature can also be 
applied to outdoor activities such as hiking and 
mountaineering, helping users maintain stable 
walking on complex terrains and reducing the 
risk of injury [9].

Currently, gait prediction, as a key technology in 
lower limb exoskeleton robots, integrates sen-
sors, computer vision, machine learning, and 
deep learning to achieve high-precision capture 
and analysis of gait [10]. By learning from a 
vast amount of gait data, predictive models can 
identify specific patterns in individual gait and 
forecast potential trends of change, providing a 
scientific basis and decision support for related 
fields, thereby further advancing the develop-
ment of lower limb exoskeleton robots.

Acquisition of multi-modal information for gait 
prediction

In the process of gait prediction, the acquisition 
of multimodal information is necessary, and 
methods based on sensor data play a crucial 
role in gait prediction research. Different types 
of sensors, such as Inertial Measurement Units 
(IMUs), surface electromyography (sEMG), and 
plantar pressure sensors, are widely used for 
the collection, analysis, and prediction of gait 
data [11-14]. These sensor data allow for re-
al-time monitoring and analysis of the state of 
human lower limb movement, providing a solid 
foundation for the prediction of gait patterns. 
The commonly used multi-modal information 
acquisition methods for gait prediction are 
shown in Figure 1.

Signal acquisition based on physical sensors

During the acquisition of sensor data, IMUs 
are widely used for capturing gait information 
due to their high precision and portability. An 
IMU is a device that integrates accelerometers, 
gyroscopes, and magnetometers, capable of 
measuring and reporting the specific forces, 
angular velocities, and magnetic fields sur-
rounding an object’s attitude. In gait analysis, 
IMUs are typically attached to the lower limbs 
or feet to capture data such as angular veloci-
ties and accelerations of various human joints 
during walking. By combining these data with 
deep learning models, such as long short-term 
memory (LSTM) networks, high-accuracy gait 



163

Progress in Medical Devices 2024; 2 (4): 161-173. PMD24090341

Progress in Medical Devices

classification and prediction can be achieved 
[15]. Zhang and colleagues have mentioned 
that fusing IMU sensor data with data from 
other sensors can significantly enhance the 
effectiveness of gait feature extraction, thereby 
improving the accuracy of gait recognition [16]. 
Additionally, there is literature introducing the 
embedding of IMU sensors within waist control 
components to obtain real-time joint angle in-
formation, combined with an LSTM model aug-
mented with an attention mechanism for gait 
prediction [17].

Plantar pressure sensors provide detailed 
gait information by measuring the force and 
distribution of pressure as the foot contacts 
the ground during walking [8]. These sensors 
are usually embedded in the insole or dedicat-
ed pressure measurement board, which can 
capture the pressure distribution of the foot 
in the support phase, the movement path of 
the pressure center, and the pressure peak. 
By analyzing the pressure distribution across 
different regions of the foot, subtle changes in 
gait can be inferred. A study has introduced a 
method for analyzing human motion by collect-
ing pressure data from four specific locations 
on the plantar surface, based on the pressure 
variation patterns observed at different foot 
positions during movement [18]. Four sets of 
sensors were placed at different locations on 
the left and right feet to detect signal varia-
tions in the corresponding regions. This setup 
assists the exoskeleton robot’s perception 
system in detecting changes in foot gait signals 
during walking at a constant speed of 1.5 m/s. 
Through these signals, the sample data of the 
human body during exercise can be obtained to 
facilitate subsequent research. In addition, the 

plantar pressure sensor can also be used to 
detect gait events such as standing phase and 
swing phase, providing important input data for 
gait prediction algorithms [19].

Signal acquisition based on bioelectric signal 
sensors

Bioelectrical signals from surface sEMG and 
electroencephalogram (EEG) can reflect the 
state of muscle activity and brain neuron 
activity in a very short time. sEMG and EEG 
commonly utilize sensors that are affixed to 
the muscular and cerebral surfaces, thereby 
providing significant portability. The integra-
tion of sEMG signals with data from additional 
sensors enables the effective identification of 
gait patterns and the prediction of lower limb 
movement intentions [20]. Liu used a special 
double-sided tape to attach the sEMG sensor 
to three muscles closely related to joint move-
ment, namely rectus femoris, vastus lateralis 
and biceps femoris, combined with an angle 
sensor to record the coordinated motion data 
of the subjects. Their study established an at-
tention-based Convolutional Neural Network 
(CNN)-LSTM model for generating personalized 
gait trajectories of affected limbs [21]. Some 
researchers combined electromyography (EMG) 
signals with EEG signals [22]. The feature-level 
fusion method was used to fuse EEG and EMG 
for lower limb motion intention recognition, with 
accuracy rate reached 90.23%. Compared with 
the single EEG feature, the feature fusion meth-
od improved the recognition accuracy by 2.73%.

Multi-sensor data fusion

Multiple studies have shown that relying on a 

Figure 1. Multi-modal information acquisition methods for gait prediction.
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single sensor often fails to achieve sufficient 
accuracy [23-25]. The fusion of data from mul-
tiple sensors is a key strategy for improving the 
accuracy of gait prediction. By integrating data 
from various sensors, such as accelerometers, 
gyroscopes, and pressure sensors, more com-
prehensive and precise gait characteristic infor-
mation can be obtained. A multimodal neural 
network model, which combines sEMG signals 
with inertial sensor data, can effectively predict 
gait patterns. These methods leverage the tem-
poral continuity and spatial complementarity of 
multi-sensor data, significantly enhancing the 
stability and accuracy of gait prediction [26].

In a study, researchers combined plantar pres-
sure sensors and attitude angle sensors to 
identify and predict gait [23]. The plantar pres-
sure sensors were primarily distributed across 
three key load-bearing areas: the heel, the 
forefoot, and the toes, allowing simultaneous 
collection of pressure values from these re-
gions during movement. Attitude angle sensors 
were affixed to the thigh, calf, and foot to ob-
tain real-time posture angles. The study further 
combined least mean squares and recursive 
least squares algorithms, resulting in minimal 
error between the original and predicted data, 
demonstrating effective prediction perfor-
mance. Multi-sensor data fusionprovides more 

accurate, more comprehensive, and more ro-
bust recognition capabilities in gait prediction, 
which helps to improve performance and user 
experience in various application scenarios 
[27].

Classification of gait prediction algorithms

Machine learning algorithms

In gait prediction for intelligent lower limb exo-
skeleton robots, machine learning methods 
have shown significant potential, particularly 
in processing sensor data to recognize and 
predict gait phases and trajectories [28]. By in-
tegrating and analyzing data collected from var-
ious sensors, optimized gait prediction models 
can be developed, providing effective support 
for the intelligent control of exoskeletons.

Traditional machine learning algorithms, such 
as Support Vector Machines (SVM), Random 
Forest (RF), Backpropagation (BP) Neural Net-
works, and Linear Regression models, play a 
crucial role in the field of gait prediction.

SVM

SVM is a supervised learning method that 
offers significant advantages, particularly in 
handling high-dimensional data. It possesses 
strong generalization capabilities and robust 
pattern recognition abilities, making it well-suit-
ed for nonlinear problems. Due to these unique 
optimization objectives and classification abili-
ties, SVM holds potential for important applica-
tions in the field of gait analysis and prediction 
[29]. The research team led by Wu employed 
a Particle Swarm Optimization (PSO)-SVM ap-
proach, which uses PSO to optimize the SVM 
parameters C and G, to develop a predictor for 
gait phase prediction based on spatial features. 
The specific algorithm flow is shown in Figure 2.

In terms of input, the exoskeleton robot is 
equipped with four angular sensors that cap-
ture the hip and knee joint angles during 
walking, forming a sensor network. Finally, 
according to the plantar pressure distribution, 
four gait phases of heel-contact, foot-flat, heel-
off and toe-high are determined. The experi-
mental results show that the PSO-SVM method 
can predict the gait phase well [30]. In another 
study, Luo and colleagues proposed using SVM 
to train the mapping relationship between EMG 
signals and motion, aiming to classify lower 
limb gait patterns and predict the continuous 
movements of the hip, knee, and ankle joints 
in the sagittal plane [31]. When performing 
regression predictions on joint angles, the 

Figure 2. Flowchart of PSO-SVM algorithm. This fig-
ure was cited from [30]. PSO, Particle Swarm Optimi-
zation; SVM, Support Vector Machines.
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best-performing subject exhibited a minimum 
prediction error of 7.02° for the knee joint, 
7.97° for the hip joint, and 5.11° for the ankle 
joint. For all subjects, during walking at a com-
fortable speed, the root mean square errors 
(RMSE) for the predicted hip, knee, and ankle 
joint angles were 9.35°, 10.82°, and 6.87°, 
respectively, with percentage errors of 20.63%, 
15.95%, and 17.11%.

To predict continuous lower limb movements, 
Duan et al. also employed SVMs to develop a 
model for each gait phase [32]. In their study, 
an SVM classifier was first used to identify the 
corresponding phase model, and then SVM was 
employed to predict the joint angles. They also 
compared SVM with the traditional joint angle 
prediction method using the whole segment 
motion data for modeling, and found that the 
effect of joint angle prediction was significantly 
improved, especially the correlation coefficient 
of the ankle joint with smaller amplitude and 
more complex motion increased from about 
0.9 to more than 0.99, and the average RMSE 
decreased from 1.5°- 3.0° to 0.2°- 1.0°. In 
addition, Qin et al. proposed a prediction algo-
rithm based on least squares support vector re-
gression (LS-SVR) using human lower limb gait 
sample data to predict the next human lower 
limb movement, with an accuracy rate of 99.6% 
[19].

RF

RF can be applied for gait prediction to en-
hance both accuracy and generalization capa-
bilities [33]. As a powerful ensemble learning 
method, RF constructs multiple decision trees 
and combines their predictions to effectively 
handle nonlinear problems and reduce the risk 
of model overfitting. It is well-suited for direct-
ly processing high-dimensional datasets and 
can significantly shorten training time through 

parallel processing. Ren et al. proposed a gait 
pattern prediction method based on anthropo-
metric features, using the RF algorithm to de-
sign personalized gait trajectories for different 
patients [34]. Finally, the prediction accuracy of 
the RF model was evaluated by 5-fold cross-val-
idation, and the RMSE and Pearson correlation 
coefficient were used as evaluation criteria. The 
study also compared the prediction results with 
those of the Multilayer Perceptron Neural Net-
work (MLPNN) model, finding that the RMSE of 
MLPNN exhibited greater volatility. Due to the 
need to apply gait prediction to some hemiple-
gic rehabilitation patients in daily life, Lu and 
others proposed a gait prediction algorithm 
based on RF and Probabilistic Movement Prim-
itives (ProMPs) to solve the problem of single 
gait and poor adjustability in passive training 
of hemiplegia rehabilitation, and the specific 
process is shown in Figure 3 [35]. The algo-
rithm takes normal human gait data and the 
specified gait speed V as inputs, trains the RF-
ProMPs, and outputs the predicted angles y1

*… 
ym

* for m knee gait keypoints, and then updates 
the trajectory model according to the predicted 
angle values y1

* of the gait key points to predict 
the trajectory. Using the mean absolute error 
(MAE) as well as the correlation coefficient 
ρ, the errors were found to be at a low level. 
For active training of hemiplegic patients, the 
study suggests that it was feasible to use only 
hip and knee angles for gait phase prediction. 
After testing, the Pearson-RF model was used, 
combining the variable importance of RF and 
the Pearson’s correlation coefficients for the 
input feature filtering. Compared with the SVM 
using all the features, the average precision 
rate of the RF with feature filtering increased by 
10.04%, and the average recall rate increased 
by 10.24%.

BP neural network

Figure 3. Structure of the passive training gait prediction algorithm combined with ProMPs. This figure was cited 
from [35]. ProMPs, Probabilistic Movement Primitives.



166

Progress in Medical Devices 2024; 2 (4): 161-173. PMD24090341

Progress in Medical Devices

In addition, BP neural networks have been 
widely used in gait prediction, and have shown 
great potential in gait prediction and analysis 
with their powerful nonlinear mapping ability. 
By correctly selecting the network structure, 
activation function, loss function, and reason-
able optimization algorithm, the accuracy and 
efficiency of gait prediction can be effectively 
improved. Niu’s research team used plantar 
pressure data to predict lower limb gait cycle 
characteristics (hip and knee angle curves), 
and obtained gait trajectories by querying the 
database. The database is constructed by BP 
neural network used to predict the gait data 
of the subjects [36]. The experimental results 
showed that the average error of the hip angle 
curve was 0.247° and the average error of the 
knee angle curve was 0.435°, which illustrates 
the effectiveness of the gait prediction method. 
In order to predict the gait to be able to offset 
the problems such as sluggishness of the exo-
skeleton robot that may be caused by the delay 
of the system, so that the exoskeleton robot 
can follow the human behavior in real time and 
control, Ma et al. designed two algorithms, in-
terpolation and BP neural network, to predict 
the gait data, and found that the BP neural net-
work exhibited better prediction [37].

Other machine learning algorithms

In addition to the common machine models 
mentioned above, there are other machine 
modeling algorithms that have fetched good re-
sults. Tanghe et al. proposed a real-time meth-
od for predicting future joint angles, velocities, 
accelerations, and acuteness during walking 
with a wearable exoskeleton device, as well 
as the timing of gait events such as the initial 
contact, foot flat, heel off and toe off [38]. The 
core of the approach is to utilize gait patterns 
learned from normal walking using probabilistic 
principal component analysis, which are then 
used in the online phase for state estimation 
and prediction.

Then, cross validation was used to prove the 
effectiveness of this method for trajectory and 
event prediction. Another team of researchers 
proposed a gait prediction method based on 
Deep Gaussian Processes (DGP) to estimate 
the operator’s gait intention in real time and to 
compensate for the measurement delay of the 
IMU. In order to deal with the problem of gait 
prediction accuracy under small-scale training 
data, the study again used the Dual Stochastic 
Variational Inference (DSVI)-DGP model [39]. 
DSVI-DGP improves the prediction performance 
of the model by simplifying the intra-layer cor-
relation while maintaining the inter-layer cor-

relation. The method is effective in predicting 
the operator’s gait and has a high prediction 
accuracy that keeps the error within acceptable 
limits.

In order to develop a personalized gait pattern 
prediction model for gait planning of lower limb 
exoskeleton robots, Shen et al. proposed a gait 
parameter extraction based on Fourier trans-
form and a gait parameter prediction model 
based on Multilayer Perceptron Neural Network 
(LASSO) regression [40]. Fourier transform is 
used to convert the sagittal angle curves of an-
kle, knee and hip joints at different speeds into 
discrete gait parameters, which are used as in-
put and trained in the regression algorithm [40]. 
LASSO regression can select variables during 
model training by adding L1 norm penalty term, 
so as to simplify the model and reduce the risk 
of over-fitting. Comparing this model with the 
SVR model and Gaussian Process Regression 
model constructed by scikit-learn packaged in 
python, the LASSO regression model showed 
better prediction performance with higher cor-
relation coefficients and lower mean absolute 
errors. Table 1 presents gait prediction studies 
related to machine learning algorithms.

Deep learning algorithms

Deep learning is a type of machine learning 
that uses data for learning and prediction, but 
puts more emphasis on modeling and pre-
dicting complex data through deep feature ex-
traction and representation learning [41]. Deep 
learning plays a central role in gait prediction, 
which significantly improves the accuracy and 
robustness of gait prediction by constructing 
complex neural network models to extract and 
understand hidden patterns in gait data. Spe-
cifically, deep learning can automatically learn 
complex features from large amounts of data, 
reducing the need for manual feature engineer-
ing and improving the model’s ability to gener-
alize to complex scenes.

The classical deep learning algorithms com-
monly applied to gait prediction are LSTM 
Network, CNN, Transformer and so on [8]. The 
application of these deep learning algorithms in 
gait prediction not only improves the accuracy 
of recognition, but also enhances the model’s 
ability to adapt to complex scenes.

LSTM

LSTM networks excel in processing time-series 
data and capturing long-term dependencies. 
The hierarchical features obtained from training 
on large-scale datasets have the ability to inte-
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grate data from different sensors, strong gen-
eralization ability, and the robustness to factors 
such as occlusion, change of view angle, and 
change of clothing in real application scenari-
os. Su et al. used the LSTM network to predict 
the future trajectory (angular velocity) and five 
gait stages (loading response, mid-stance, 
terminal stance, preswing and swing) of the 
thighs, shanks, and feet through the collected 
IMU data [42]. All predicted trajectories exhibit 
a strong correlation with the measured trajec-
tories, with correlation coefficients exceeding 
0.98. Additionally, the prediction accuracy for 
gait phases reaches 95%. Sun et al. used iner-
tial assessment platform sensors to collect gait 
information, which was then preprocessed to 
form input features [43]. These features, along 
with the corresponding assistive force cycles, 
were fed into an LSTM model to predict gait 
patterns, including uniform walking, variable 
walking, upstairs, and uphill. The final mean 
squared error (MSE) values were all below 0.1, 
and the proposed method achieved an average 

prediction accuracy of 97.23%. This demon-
strates the high accuracy and reliability of the 
method in predicting assistive force cycles. 
Moosavian et al. proposed using LSTM net-
works to predict future trajectories and classify 
walking phases for RoboWalk (a weight support 
assist device) [44]. The accuracy of the predic-
tion is about 98.5%, and the overall error of all 
gait patterns is less than 5 degrees. In addition, 
Lu et al. used the deep neural network of LSTM 
architecture to accurately predict gait phase 
through thigh and calf inertia data. During the 
test, the gait data of two healthy participants 
were calibrated. Through the classification and 
prediction of the LSTM model, a stable gait 
phase prediction was achieved using the time 
history data of 40 sample points. During walk-
ing experiences in structural and over-ground 
environments, the algorithm achieved an aver-
age accuracy of 85.6% and 73.3%, respectively. 
The lowest RMSE was 0.143, achieved during 
the identification of 40 consecutive gait phase 
estimates for the current gait phase [45].

Table 1. Related studies based on machine learning algorithms
Researcher Prediction Method Predictive Accuracy
Wu et al.[30] PSO-SVM Average simulated gait pattern pattern success rate: 87.19%

Luo et al.[31] SVM Hip angle prediction: 20.63%； 
Ankle angle prediction: 17.11%;
Knee angle prediction: 15.95%;

Duan et al.[32] SVM Correlation coefficient between predicted and measured 
values: > 0.99
Average Root Mean Squared Error (RMSE): 0.2°–1.0°

Qin et al.[19] LS-SVR Accuracy: 99.6%

Ren et al.[34] RF Compared with MLPNN, the RMSE volatility of MLPNN is 
relatively larger.

Lu et al.[35] Hemiplegic passive rehabilita-
tion training：RF-ProMPs 
Hemiplegia active rehabilitation 
training：Pearson-RF

Hemiplegic passive rehabilitation training: The adjustment 
error of gait trajectory is less than 0.3 °. 
Hemiplegia active rehabilitation training: Compared with 
the SVM using all features, the average precision rate of the 
random forest after feature selection is increased by 10.04 %, 
and the average recall rate is increased by 10.24 %.

Niu et al.[36] BP Neural Network Average error for hip joint angle curve: 0.247°
Average error for knee joint angle curve: 0.435°

Ma et al.[37] BP Neural Network Compared with the interpolation algorithm, the prediction 
effect is better.

Tanghe et al.[38] Probabilistic principal compo-
nent analysis

Using cross-validation, it is proved that this method is effec-
tive for trajectory and event prediction.

Chen et al.[39] DSVI-DGP Comparison with K-Nearest neighbors, support vector, back-
propagation neural network, gaussian process, bayesian neu-
ral network, and DGP: The DSVI-DGP model has the smallest 
RMSE, indicating the best prediction performance.

Shen et al.[40] LASSO Comparison with SVR and Gaussian Process Regression: The 
LASSO regression model has a higher correlation coefficient 
and lower MAE.

Note: PSO, Particle Swarm Optimization; SVM, Support Vector Machines; LS-SVR: least squares support vector 
regression; RF, Random Forest; BP, Backpropagation; SVM, Support Vector Machines; ProMPs, Probabilistic Move-
ment Primitives; MLPNN: Multilayer Perceptron Neural Network; RMSE, root mean square errors; DSVI, Dual Sto-
chastic Variational Inference; DGP, Deep Gaussian Processes; LASSO, Multilayer Perceptron Neural Network; MAE, 
mean absolute error.
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CNN

The majority of researchers tend not to use one 
model alone, but build gait prediction models 
combing models such as CNN, Deep Neural 
Network (DNN), Conformer and others. CNN are 
outstanding in feature extraction and image 
processing. Ren et al. constructed a gait trajec-
tory prediction model based on CNN, LSTM and 
attention mechanism gait trajectory prediction 
[46]. The model achieved low MSE and MAE 
values for the tasks of predicting right knee, 
left knee, right hip, and left hip angles, indi-
cating that the model was able to accurately 
predict gait trajectories. In addition, Zhu et al. 
also used a CNN-LSTM model for the prediction 
of joint angles [47]. In order to obtain the eigen-
values reflecting the gait characteristics, they 
introduced an improved principal component 
analysis (PCA) method during data preprocess-
ing for dimensionality reduction, effectively 
removing redundant information. Finally, by 
comparing with traditional machine learning 
methods such as BP neural network, RF, SVR, 
etc., it is found that the improved PCA algorithm 
outperforms the traditional BP neural network 
and SVM in terms of convergence time and 
prediction accuracy, with better final prediction 
performance. Liu et al. also used the collabora-
tive gait prediction model of CNN-LSTM network 
based on attention mechanism to predict the 
gait trajectory of the affected limb according 
to the sEMG signal of the healthy lower limb 
and the knee joint angle [21]. Coordinated gait 
trajectories with low MAE and high Pearson cor-
relation coefficient were generated.

Transformer

Using traditional Recurrent Neural Networks or 
LSTM networks, it is difficult to capture long-
term dependencies in time-series data through 
the mechanism of self-attention, whereas this 
can be effectively realized in the Transformer 
model. Through its parallel processing capabili-
ties and positional coding, Transformer not only 
improves processing efficiency, but also en-
sures chronological accuracy. Its flexible mod-
eling structure allows for adaptation to data of 
varying complexity, while the encoder-decoder 
architecture is particularly well suited for pre-
dicting future points in time. Therefore, some 
researchers have constructed a transform-
er-based network to predict the angle of the 
hip and knee joints. They adjusted the Trans-
former architecture while retaining the ‘se-
quence-to-sequence’ structure, and proposed 
a gait prediction model (Transformer-Based 
Neural Network: TFSformer) to integrate infor-
mation in plantar pressure data and predict 

joint angles [48]. The experiments compared 
TFSformer with CNN, Transformer and CNN 
Transformer. In the single-step prediction task, 
the average MSE of TFSformer was reduced 
by 10.83%, 15.04% and 4.74% compared to 
CNN, Transformer and CNN Transformer, re-
spectively. The average MAE was reduced by 
20.40%, 29.09% and 10.43%, respectively. 
In the multi-step prediction task, TFSformer 
achieved the lowest MAE. TFSfomer showed 
strong robustness and stability in this study. 
Regardless of the individual gait diversity, it can 
predict the gait trajectory of different people 
with a small error. Zhao et al. proposed a novel 
gait prediction method that combines LSTM 
networks with Conformer models [49]. Among 
them, the Conformer model is a Seq2Seq (se-
quence-to-sequence) model that combines 
the CNN and Transformer models, utilizing the 
CNN to enhance the ability of extracting local 
features and retaining the Transformer model’s 
adeptness at capturing content-based global 
interaction capabilities. The temporal charac-
teristics of the gait data are initially extracted 
using LSTM, and the depth temporal and spa-
tial characteristics in the lower limb gait data 
are further mined using Conformer. The results 
also show that the accuracy of the model pro-
posed in this paper is greatly improved, with an 
average accuracy of 0.9489, which is 3.17% 
higher than the average accuracy of LSTM, and 
4.56% higher than the average accuracy of Re-
current Neural Networks.

Multi-model fusion strategy

In the field of gait prediction, multi-model fu-
sion strategy can significantly improve the ac-
curacy and robustness of prediction. Since gait 
data usually contain complex biomechanical 
characteristics and variable walking patterns, 
a single model may be difficult to capture the 
full picture. Multi-model fusion can understand 
and predict gait patterns more comprehensive-
ly by combining the advantages of different 
algorithms. In addition, the fusion strategy can 
reduce the risk of overfitting a specific data 
subset and improve the generalization ability of 
the model in different populations and under 
different conditions. Guo et al. proposed a new 
method of fusing multimodal signals-trans-
ferable multi-modal fusion (TMMF), which 
achieves continuous prediction of knee joint 
angle and corresponding gait phase by fusing 
multimodal signals [50]. The architecture is 
shown in Figure 4. In the process of collecting 
data, virtual reality tracker, EMG signal acquisi-
tion equipment, and gyroscope are fixed on the 
left leg of the subject to obtain virtual reality 
data, EMG data, and gyroscope data. The data 
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were preprocessed to generate three-channel 
data inputs into the TMMF to predict knee an-
gles and gait phase profiles. In particular, the 
TMMF consists of a multimodal signal fusion 
module (three FC layers (fully connected layers) 
and a cascade operation to extract distribu-
tional features), a time-series feature extractor 
(consisting of three LSTM layers, each contain-
ing 40 hidden units), a regressor (consisting of 
two FC layers), and a classifier (consisting of 
two FC layers and a softmax layer). The TMMF 
achieved a RMSE of 0.090 ± 0.022 for knee 
angle prediction, indicating that the predictions 
were very close to the actual values. In terms 
of gait phase prediction, TMMF achieved an 
accuracy of 83.7% ± 7.7%, showing high clas-
sification accuracy. Finally, the classifier was 
used to predict the corresponding gait phase.

some researchers have applied generative 
adversarial networks (GANs) to the field of gait 
prediction. Wang et al. enhanced human gait 
data through GANs and attention mechanisms, 
and input the collected real gait data and syn-
thetic gait data into the two-stage attention 
model (LSTM based baseline prediction model 
and attention model) that was constructed for 
gait trajectory prediction [51]. The two-stage 
attention model performed better, with the 
attention mechanism showing a higher ability 
to learn the dependencies between historical 
gait data, which help to accurately predict the 
current values of hip angle and knee angle in 
the gait trajectory. The predicted gait trajecto-
ries based on historical gait data can be further 
used in gait trajectory tracking strategies. A 
study has described a method called GaIn to 

Figure 4. The visualization of the proposed TMMF architecture configured with LSTMs and FC layers. This figure 
was cited from [50]. LSTM, long short-term memory; FC, fully connected; TMMF, transferable multi-modal fusion.
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control non-invasive robotic prostheses and to 
predict leisure walking-related activities (such 
as walking, taking stairs, and running) through 
Galn’s thigh-based exercise [52]. The user’s 
activity intention can be recognized by sEMG 
sensors, while in the gait inference component 
recurrent neural networks Recurrent Neural 
Networks and LSTMs are used. Based on the 
angular and angular velocity data of the thighs, 
the patterns learned by the network are used 

to infer the motion of the calves and feet. The 
system has high prediction accuracy, with an 
average prediction error for calf motion of 4.55. 
Table 2 presents gait prediction studies related 
to deep learning algorithms.

Conclusion and future prospects

Summary

Table 2. Related research based on deep learning algorithms
Researcher Prediction Method Predictive Accuracy
Su et al.[42] LSTM Correlation coefficient between predicted and mea-

sured trajectories: >0.98
Prediction accuracy for gait phases: 95%

Sun et al.[43] LSTM MSE for gait pattern prediction: <0.1
Average prediction accuracy: 97.23%

Moosavian et al.[44] LSTM Prediction accuracy for trajectories: ~98.5%

Lu et al.[45] LSTM Average accuracy in structured and over-ground 
environments: 85.6% and 73.3%

Ren et al.[46] CNN-LSTM Prediction of right knee, left knee, right hip, and left 
hip joint angles: Achieved low MSE and MAE (Mean 
Absolute Error) values

Zhu et al.[47] CNN-LSTM Prediction error: 1.34 ± 0.25 degrees
Comparison with traditional machine learning meth-
ods (BP Neural Network, RF, SVR): The improved 
PCA algorithm outperformed traditional BP Neural 
Networks and Support Vector Machines in both 
convergence time and prediction accuracy.

Liu et al.[21] CNN-LSTM Based on Attention 
Mechanism

Convergence time and prediction accuracy: Outper-
formed traditional BP Neural Networks and Support 
Vector Machines
Generated gait trajectories: Exhibited lower MAE 
and higher Pearson Correlation Coefficient

Chereshnev et al.[52] GaIn Average prediction error: 4.55

Wang et al.[51] GANs+LSTM+ Attention Mecha-
nism

Hip joint angle prediction:
RMSE: 0.0031–0.0129
MAE: 0.0027–0.0112
Knee joint angle prediction:
RMSE: 0.0069–0.0280
MAE: 0.0051–0.0236

Guo et al.[50] TMMF Knee joint angle prediction:
RMSE: 0.090 ± 0.022

Gait phase prediction:
Accuracy: 83.7% ± 7.7%

Ren et al.[48] TFSformer Single-step prediction task:
Average MSE: TFSformer reduced MSE by 10.83%, 
15.04%, and 4.74% compared to CNN, Transformer, 
and CNN Transformer, respectively.
Average MAE: TFSformer reduced MAE by 20.40%, 
29.09%, and 10.43% compared to CNN, Transform-
er, and CNN Transformer, respectively.
Multi-step prediction task:
MAE: TFSformer achieved the lowest MAE.

Zhao et al.[49] LSTM-Conformer Average Accuracy: 94.89%
Note: LSTM, long short-term memory; CNN, Convolutional Neural Network; MSE, mean squared error; MAE, mean 
absolute error; RF, Random Forest; BP, Backpropagation; SVR: least squares support vector regression; PCA, prin-
cipal component analysis; RMSE, root mean square errors; GANs, generative adversarial networks; TMMF, trans-
ferable multi-modal fusion; TFSformer, Transformer-Based Neural Network.



171

Progress in Medical Devices 2024; 2 (4): 161-173. PMD24090341

Progress in Medical Devices

The wearable lower extremity exoskeleton robot 
shows great potential in the field of rehabilita-
tion treatment and assisted walking. This arti-
cle introduces some of the current cutting-edge 
robots (BLEEX, BaiHong, ReWalk, HAL, etc.), 
focusing on their assistance and rehabilitation 
functions in lower extremity exoskeleton robot-
ics. Additionally, the acquisition methods of 
multi-modal data are introduced, including ac-
quisition based on physical sensors and physi-
ological electrical signal sensors. The fusion of 
multi-modal data provides a more comprehen-
sive and accurate understanding of gait char-
acteristics. Gait prediction has attracted much 
attention as a key technology for improving the 
control accuracy and adaptability of exoskele-
ton robots. Researchers have constructed bio-
mechanical models by combining multimodal 
sensor data such as IMUs, plantar pressure 
sensors, and accelerometers, and have applied 
methods such as SVMs, RFs, BP neural net-
works, LSTMs, and CNNs, to achieve gait phase 
recognition and prediction. Future research di-
rections include combining multimodal sensor 
data and advanced algorithms to improve the 
timeliness, accuracy, and robustness of predic-
tion, while also developing personalized gait 
prediction methods. Gait prediction technology 
holds great potential in the fields of rehabilita-
tion therapy, assisted walking, and sports train-
ing, driving the evolution of exoskeleton robots 
towards intelligence and personalization.

Challenges of gait prediction technology

The challenges of gait prediction techniques 
include the following:

1. Complexity of data acquisition and process-
ing: Gait prediction needs to utilize multimodal 
sensor data, such as IMU, force sensitive re-
sistor, and acceleration sensors, but the acqui-
sition and processing of these data are more 
complex. The fusion, synchronization, and cal-
ibration of different sensor data are technical 
challenges, and the collected raw data often 
have noise and uncertainty, and requires effec-
tive signal processing and filtering to accurately 
reflect the user’s gait information.

2. Selection and optimization of machine learn-
ing algorithms: Gait prediction involves various 
machine learning algorithms, such as SVM, RF, 
BP, probabilistic principal component analysis, 
and DGP. In practical applications, it is essen-
tial to select the appropriate algorithm based 
on the characteristics of the specific task and 
the nature of the data, followed by optimizing 
the algorithm’s parameters to enhance both 
prediction accuracy and efficiency.

3. Handling of long-term dependency rela-
tionships: Gait, as a complex motor process, 
involves time series data with long-term depen-
dency relationships. Traditional machine learn-
ing algorithms have limitations when dealing 
with such extended temporal sequences. There-
fore, more specialized deep learning methods, 
such as LSTM networks and DNN, are required 
to better capture time-series information and 
improve prediction accuracy and robustness.

4. Implementation of personalized gait predic-
tion: There are significant individual differenc-
es among users, including variations in body 
structure and gait habits. Accurately predicting 
personalized gait and adjusting prediction mod-
els based on individual differences are critical 
challenges that need to be addressed in future 
gait prediction technologies.

Future gait prediction technologies should 
focus on timeliness, accuracy, and personal-
ization. By integrating multimodal sensor data 
with advanced machine learning algorithms, 
these technologies can further enhance the 
control precision and adaptability of lower limb 
exoskeleton robotics, providing greater support 
in fields such as rehabilitation, assisted walk-
ing, and movement training. The continuous 
development and refinement of gait prediction 
technology will open up broader prospects and 
opportunities for research and applications in 
the field of biomedical engineering.

Future research directions

Several key development directions are antici-
pated for future research in gait prediction for 
lower limb exoskeleton robots. First, integrating 
multimodal sensor data with advanced ma-
chine learning algorithms will significantly en-
hance the timeliness, accuracy, and robustness 
of gait prediction, thereby improving the control 
and adaptability of exoskeleton robots. Second, 
the study of personalized gait prediction meth-
ods is expected to become a focal point. By an-
alyzing individual differences such as physiolog-
ical characteristics and movement habits, more 
precise and adaptive models can be developed, 
leading to customized rehabilitation outcomes 
and optimized athletic performance. Finally, 
the application of gait prediction holds great 
promise in fields such as rehabilitation therapy, 
assistive walking, and athletic training, offering 
more effective treatment and support solutions 
for both rehabilitative and healthy populations, 
ultimately improving human health and quality 
of life.
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Introduction

Protein biomarkers play a critical role in medi-
cal research and clinical diagnostics. They are 
indicators that can reflect biological states or 
conditions, capable of detecting biological ac-
tivities and processes [1-4]. The significance of 
protein biomarkers is evident in areas such as 
disease diagnosis, monitoring, and personal-
ized medicine. For example, the abnormal ex-
pression of Programmed death ligand-1 (PD-L1) 
protein is associated with the prognosis and 
clinical pathological features of non-small cell 
lung cancer; abnormal deposition of amyloid 
beta protein, forming amyloid beta plaques, is 
one of the main pathological features of Alzhei-
mer’s disease [5, 6]. Such protein biomarkers 
can be detected through traditional methods 

like Enzyme-Linked Immunosorbent Assay 
(ELISA) and Polymerase Chain Reaction (PCR). 
However, in early disease diagnosis, patholog-
ical changes in protein biomarkers may not be 
significant enough, which can lead to unde-
tectable increases in protein expression. These 
traditional methods have long detection cycles, 
complex operations, and limited sensitivity and 
specificity, which are insufficient for rapid and 
precise detection [7]. Biosensors, with high 
sensitivity, selectivity, and the ability for quick 
detection, can better address these issues.

A biosensor is an analytical tool consisting of 
a biological recognition element (such as en-
zymes, antibodies, and nucleic acids) and a sig-
nal transducer, capable of converting the recog-
nition of biological molecules into measurable 
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Abstract

In the field of bioanalysis, the integration of magnetic beads and biosensors provides a protein detection platform 
with high separation efficiency and sensitivity. The superparamagnetism of magnetic beads, combined with sur-
face functional modifications, forms the basis for selectively capturing and effectively separating target proteins. 
Additionally, the high sensitivity and specificity of biosensors ensure precise quantitative analysis of captured 
proteins. This article systematically reviews the synthesis strategies of functionalized magnetic beads, detection 
methods for proteins and nucleic acids, as well as the current technical challenges and future development direc-
tions.
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Highlights
● In the field of bioanalysis, a new biosensor technology based on functionalized magnetic beads is leading a new 
  direction in protein detection. With its excellent separation efficiency and sensitivity, it provides a powerful tool
   for early disease diagnosis and biomarker monitoring.
● This article explores the latest advancements in this technology, including innovative magnetic bead designs, di-
   verse detection strategies, and the technical challenges and future development directions. It reveals the poten
   tial and application prospects of biosensor technology in biomarker detection.
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signals. Therefore, biosensors can specifically 
identify target molecules, improving detection 
specificity, and, due to the presence of trans-
ducers and signal amplifiers, they can detect 
extremely low concentrations of biomarkers, 
enhancing sensitivity. Specifically, the working 
principle of a biosensor is based on the recog-
nition and binding of a specific target molecule 
by the biometric element. This binding alters 
the physical or chemical properties of the bio-
sensor, such as conductivity, light absorption, 
or mass change. These changes are converted 
by the signal transducer into measurable elec-
trical or optical signals, which are then used to 
detect the presence and quantity of the target 
based on signal changes and their intensity [8-
11]. Common biosensors include electrochem-
ical biosensors, optical biosensors, terahertz 
metamaterial biosensors, and giant magnetore-
sistance biosensors, etc.

Magnetic beads are superparamagnetic micro-
particles with particle size distribution ranging 
from micrometers to nanometers. They can play 
multiple roles and perform various key func-
tions in biosensor systems. For example, due to 
their excellent molecular dynamics and the in-
herent magnetism of the magnetic bead mate-
rial, they can achieve precise magnetic separa-
tion, targeted positioning, and delivery through 
the application of an external magnetic field, 
allowing for the rapid and efficient separation 
of biomolecules from other components in a 
solution and signal modulation for signal trans-
duction via their magnetic properties [12]. The 
core of the magnetic beads is mainly composed 
of magnetite (Fe₃O₄), while the outer material 
may include silica, agarose, or polymers, which 
minimizes their biological toxicity, making them 
suitable for binding various biomolecules [13, 

14]. Additionally, the small size and large spe-
cific surface area of the magnetic beads allow 
for the binding of more biomolecules, enhanc-
ing the sensitivity of the biosensor. This makes 
them suitable for detecting trace amounts of 
samples, reducing reagent consumption, and 
promoting the development of portable and 
automated detection systems. Surface modifi-
cation techniques are used to introduce various 
functional groups, such as carboxyl, amino, bi-
otin, and avidin, to the outer layer of the beads, 
serving as solid-phase carriers to provide stable 
interfaces for biomolecules [15, 16].

This article explores the latest advancements 
in magnetic bead-based biosensor detection of 
proteins, including innovative magnetic bead 
designs, diverse detection strategies, and cur-
rent challenges and future directions. It reveals 
the potential and application prospects of bio-
sensor technology in biomarker detection (Fig-
ure 1).

Functionalized magnetic beads

Functionalized magnetic beads offer unique 
structures, controllable preparation methods, 
and diverse functional modifications. By select-
ing appropriate magnetic core materials, coat-
ing layers, and functionalization techniques, 
efficient capture and detection of target mol-
ecules can be achieved, providing a powerful 
tool for bioanalysis.

Structure

Magnetic beads can be classified into three 
types based on their physical composition: 
core-shell structure, hollow structure, and com-
posite structure. Among them, the core-shell 
structure is the most common and widely used, 
which uses magnetic nanoparticles as the core, 
with outer layers typically made of materials 
such as silica, polymers, or gold. This core-shell 
structure significantly enhances the chemical 
stability of the beads and provides a larger spe-
cific surface area for further functional modifi-
cations. By directly modifying functional groups 
or biomolecules on the shell, a monolayer sur-
face modification can be achieved. This simple 
monolayer structure is suitable for the rapid 
capture and separation of biomolecules. For 
example, Mao et al. used a supramolecular lay-
er-by-layer self-assembly strategy to construct 
immunomagnetic beads, which significantly 
increased the number of functional sites on the 
beads, improving both capture efficiency and 
specificity [17].

Hollow structure magnetic beads have high spe-

Figure 1. Detection of target proteins using function-
al magnetic beads combined with various biosen-
sors.



176

Progress in Medical Devices 2024; 2 (4): 174-186. PMD2409362

Progress in Medical Devices

cific surface areas, light weight, good magnetic 
responsiveness, and strong drug loading capac-
ity. Their internal cavities can be used to load 
drugs or other active substances, with adjust-
able pore sizes. Ding et al. developed a hollow 
cellulose/carbon nanotube composite microbe-
ad with a patterned porous structure [18]. As 
the concentration of carbon nanotubes and cel-
lulose increases, the diameter of the composite 
magnetic beads grow, effectively adsorbing 
methylene blue. Composite structure magnetic 
beads combine the advantages of different 
materials, offering multifunctionality and high 
efficiency. Their design enables the integration 
of various functions such as magnetism, fluo-
rescence, and catalysis, providing broader ap-
plication possibilities. The composite structure 
enhances the stability and biocompatibility of 
magnetic beads, improving their targeting and 
specific capture ability. Chen et al. assembled 
signal probes based on gold nanoparticles onto 
the surface of magnetic beads by the specific 
binding between the target and the aptamer, 
creating functional composite structure mag-
netic beads for colorimetric detection [19].

In target molecule capture, efficient separa-
tion methods are crucial for improving capture 
efficiency. To achieve separation between the 
target and biological samples, several magnet-
ic separation methods have been developed 
based on the inherent magnetism of magnetic 
beads, all of which have shown promising re-
sults. These methods can be categorized into 
dynamic magnetic separation, static magnetic 
separation, gradient magnetic separation, auto-
matic magnetic separation, magnetic fluidized 
bed, and magnetic microsphere aggregation, 
depending on the application of the magnetic 
field and the separation mechanism. These 
methods are selected based on sample size 
and experimental design, and they have been 
proven to enhance detection efficiency and 
accuracy in nucleic acid and protein detection 
[20-22].

Preparation methods

In recent years, core-shell structure magnetic 
beads have been most used in biological de-
tection processes, such as nucleic acid and 
protein assays [23]. Magnetite (Fe₃O₄) is often 
chosen as the core material due to its simple 
synthesis, superparamagnetism, controllable 
magnetization, and low biological toxicity. In 
protein and nucleic acid detection, the stability 
and dispersion of magnetic beads are crucial, 
necessitating the modification and protection of 
magnetic core material. This can be achieved 
by using polymer stabilizers or coatings of inert 

metals. Additionally, functionalized magnetic 
beads should be equipped with target-specific 
ligands or functional groups on their surface 
to ensure stronger binding forces during target 
capture, improving the success rate and speed 
of the binding process [24].

The preparation methods for superparamag-
netic beads mainly include physical, chemical, 
and microbial methods. Physical methods of-
ten require harsh conditions and are difficult 
to control the size and shape of the beads 
[25]. Microbial methods are hindered by long 
preparation times and low productivity, making 
them less suitable as high-priority methods for 
magnetic bead preparation. However, chem-
ical methods can overcome these problems 
and produce more uniform magnetic beads 
with consistent size and shape due to their 
high controllability, making it more suitable for 
large-scale production [26]. The most common 
chemical synthesis methods include co-precipi-
tation, microemulsion, and hydrothermal meth-
ods.

Co-precipitation is a commonly used meth-
od for preparing micron to nanometer-sized 
magnetic beads. This method involves adding 
a precipitant to a solution containing soluble 
salts, forming insoluble hydroxides or oxides, 
which are then decomposed by heating to pro-
duce nanomaterials. This method is simple, 
cost-effective, and allows for control over the 
morphology and size of magnetic nanoparticles 
by adjusting factors such as the solution pH 
and reaction time. While it is possible to control 
particle size by regulating conditions, achieving 
precise control may be more difficult compared 
to other methods, such as the microemulsion 
method. Additionally, without proper stabilizers, 
the particles produced may agglomerate, nega-
tively affecting their performance in biomedical 
applications [27, 28].

Therefore, the preparation of magnetic beads 
using the microemulsion method has been 
a focus in the field of biomaterials. Zhi et al. 
proposed a new method for the in-situ prepa-
ration of magnetic chitosan/Fe₃O₄ composite 
nanoparticles in microaqueous pools of oil-in-
water microemulsions by adding NaOH as an 
alkaline precipitant and using the oil-in-water 
microemulsion containing chitosan and ferrous 
salts as a microreactor [29]. Marija et al. used 
a microemulsion system with cetyltrimethylam-
monium bromide as the surfactant, butanol 
as the auxiliary surfactant, hexanol as the oil 
phase, and an aqueous solution as the water 
phase to prepare magnetic beads [30]. The mi-
croemulsion method allows for precise control 
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over the size and shape of magnetic beads, as 
the size and morphology of the microemulsion 
droplets directly affect the properties of the 
resulting nanoparticles. Therefore, magnetic 
beads prepared using the microemulsion meth-
od typically exhibit high monodispersity, and 
this method allows for direct surface modifi-
cation during particle formation, which is ben-
eficial for improving the biocompatibility and 
functionality of the magnetic beads. However, 
the process is more complex and requires pre-
cise control of reaction conditions. Additionally, 
beads prepared by the microemulsion method 
may require extra purification steps to remove 
residual surfactants and other organic solvents, 
which increases the overall cost. Nonetheless, 
microemulsion method is a versatile and effec-
tive technique for synthesizing monodisperse 
magnetic beads with controlled size, micro-
structure, and properties [29].

The hydrothermal method is a more classical 
method for synthesizing magnetic nanoparti-
cles. Typically carried out in a high-pressure 
autoclave, this method uses water or alcohol 
as solvents, transforming iron precursors into 
magnetic nanoparticles under elevated tem-
perature and pressure. This method is simple 
to operate, easy for mass production, and 
produces magnetic nanoparticles with good 
dispersion, uniform particle size, and complete 
crystal structure. Hemauer et al. synthesized 
Fe₃O₄ nanoparticles using the hydrothermal 
method, employing various crystal growth con-
trol agents to control the morphology of iron 
oxide nanoparticles [31].

Functional modification

Surface functionalization and modification 
of magnetic beads is a key aspect in various 
biomedical applications. Magnetic beads have 
gained attention for their diagnostic and ther-
apeutic capabilities, allowing for simultaneous 
diagnosis and treatment of diseases [32]. 
Functionalized magnetic beads typically consist 
of a magnetic core and a surface functional 
layer. The magnetic core is primarily made of 
magnetic materials such as iron oxide, while 
the surface functional layer is modified through 
chemical or biological methods to impart 
specific biological recognition abilities to the 
beads. For example, antibodies, nucleic acids, 
enzymes, and other biomolecules can be im-
mobilized on the surface of magnetic beads 
by covalent bonding, physical adsorption, or 
bio-affinity. Under the influence of an external 
magnetic field, the functionalized beads can 
rapidly bind to and separate target molecules. 
By employing appropriate functional groups 

and surface modification techniques, mag-
netic beads can be customized with various 
biometric elements or functional groups tai-
lored to specific detection needs, significantly 
enhancing their capabilities [28]. There are 
various types of functionalized magnetic beads, 
commonly categorized based on their surface 
modifications. For example, carboxyl-functional-
ized magnetic beads are suitable for chemically 
cross-linking and immobilizing proteins or other 
biomolecules; amino-functionalized magnetic 
beads can undergo various chemical reactions 
for further functionalization; streptavidin-func-
tionalized magnetic beads specifically bind 
biotin-labeled molecules; and antibody-func-
tionalized magnetic beads are used to capture 
corresponding antigens [33-36]. In practical 
applications, such as in Chen et al.’s research, 
multifunctional carboxylated magnetic beads 
were prepared, allowing bovine serum albumin 
to be immobilized on the particle surface [37]. 
Overall, the surface functionalization of mag-
netic beads plays a pivotal role in enhancing 
their performance in various biomedical ap-
plications, ranging from drug delivery systems 
to diagnostic tools. With the fast and specific 
binding of streptavidin and biotin, coupled with 
their strong binding affinity, researchers have 
conducted extensive studies. For example, 
Zhao et al. used streptavidin-modified magnetic 
beads to specifically capture biotin-containing 
peptides [38]. In the field of antibody magnetic 
beads, Wang et al. developed a high-sensitivity 
sandwich assay method using antibody mag-
netic beads and aptamers to detect C-reactive 
protein (CRP) [39]. In conclusion, these func-
tionalized magnetic beads, due to their unique 
surface chemistry and biocompatibility, provide 
diverse tools and methods for protein detection 
in biomedical research, with immense poten-
tial to drive technological advancements in the 
field.

Protein detection strategies based on magnet-
ic beads and biosensors

In the ever-evolving field of biochemical di-
agnostics, magnetic bead-based detection 
technology has become a promising frontier. 
These technologies offer a range of advantag-
es that redefine the possibilities for biomarker 
detection. At the core of their effectiveness 
are features such as a high surface-to-volume 
ratio, rapid response, and high throughput, 
positioning these technologies at the forefront 
of cancer research. The ability to achieve simul-
taneous multi-channel detection, automate the 
processing of large sample volumes, and main-
tain high sensitivity and specificity has made 
magnetic bead-based biosensors indispensable 
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tools in both research and clinical settings. In 
protein detection, biosensors are of particular 
interest due to their superior accuracy and 
sensitivity. In recent years, with the rapid de-
velopment of nanotechnology, magnetic beads, 
as excellent biomaterials, have been combined 
with biosensors to give rise to various efficient 
protein detection strategies. In the following 
section, some of the popular methods are intro-
duced.

Electrochemical biosensors

The principle of this method involves transfer-
ring magnetic beads that are bound to the tar-
get protein onto the surface of an electrochem-
ical sensor. Electrochemical techniques, such 
as cyclic voltammetry and differential pulse 
voltammetry, are used to detect the presence 
and concentration of the target protein. The in-
tensity of the electrochemical signal is propor-
tional to the concentration of the target protein, 
allowing for quantitative analysis through cali-
bration curves. Compared to traditional meth-
ods, electrochemical sensor-based methods 
offer advantages in terms of detection speed, 
sensitivity, specificity, and ease of operation. 
Specifically, methods based on magnetic beads 
and electrochemical biosensors enable rapid 
detection, often completing the process within 
minutes to hours. This is because magnetic 
beads can quickly capture the target protein, 
and electrochemical biosensors can monitor 
the reaction signals in real-time. In contrast, 
traditional detection methods such as ELISA 
and Western blot typically require longer times 
for sample preparation, reaction, and detection, 
often taking hours to days.

In terms of sensitivity and specificity, the 
method based on magnetic beads and electro-
chemical biosensors offers high sensitivity and 
specificity, allowing for the detection of low con-
centrations of target proteins. The high specific 
surface area of the functionalized magnetic 
beads enhances the binding efficiency to the 
target protein, while electrochemical biosen-
sors can detect even the slightest changes in 
electrochemical signals, enabling the detection 
of trace proteins. On the other hand, traditional 
methods often have lower sensitivity and spec-
ificity, particularly when detecting low-concen-
tration proteins, which may require more com-
plex sample processing and signal amplification 
steps, thus increasing detection difficulty.

Methods based on magnetic beads and elec-
trochemical biosensors generally have a higher 
degree of automation, are easy to operate, and 
require fewer sample processing steps, with 

no need for complex equipment. Due to the 
magnetic properties of the beads, the separa-
tion and enrichment of the target protein can 
be controlled by a magnetic field, reducing the 
need for time-consuming procedures like cen-
trifugation or filtration. In contrast, traditional 
methods often involve more complicated steps, 
especially when multiple sample processing 
and detection stages are involved, requiring 
skilled technicians and more reagents and con-
sumables.

Based on these characteristics, Zhang et al. 
developed an electrochemical biosensor for the 
sensitive detection of human epidermal growth 
factor receptor 2 (HER2) protein by utilizing 
DNA aptamers and peptide nucleic acids as 
recognition probes, combined with magnetic 
FeO/α-FeO@Au nanocomposites [40]. The ap-
tamers captured large HER2 protein molecules 
and released single-stranded DNA, resulting 
in sensitive changes in the electrochemical 
signal. Peptide nucleic acids then captured the 
released single-stranded DNA chain, converting 
the electrochemical signal changes induced by 
HER2 into the changes driven by the quantity 
of short-chain single-stranded DNA, thereby ex-
panding the detection range.

Roy et al. developed a compact, yet highly 
sensitive electrochemical sensor based on mi-
cropores [41]. This sensor features a densely 
packed microelectrode array, which utilizes the 
structure to precisely control the position and 
quantity of magnetic beads on the working and 
counter electrodes, resulting in different bead 
distributions on the working electrode. This 
configuration reduced variations in the biosen-
sor signal, enabling stable and highly sensitive 
detection of amyloid proteins.

Gutierrez-Galvez focused on the study of ex-
haled gas electrochemical sensing and devel-
oped an electrochemical immunosensor for 
detecting the Severe Acute Respiratory Syn-
drome Coronavirus 2 (SARS-CoV-2) (Figure 2) 
[42]. This figure was cited from [42].The sensor 
consists of two parts: an exhaled gas collection 
module and a detection module. This immuno-
sensor demonstrated high selectivity for both 
the SARS-CoV-2 spike protein and the SARS-
CoV-2 nucleocapsid protein.

Optical biosensors

Optical biosensors achieve their detection func-
tionality by interacting an optical field with bio-
logical recognition components. They are one 
of the most widely used biosensors due to their 
minimal sample requirements, high sensitivity, 
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and specificity. Generally, optical biosensors 
can be divided into two categories: label-free 
and labeled. Label-free sensing means that 
the signal is directly generated by the interac-
tion between the sample and the sensor. In 
contrast, labeled methods requires the target 
analyte to be tagged with a reporter molecule 
to enable detection via fluorescence, chemilu-
minescence, or colorimetric signals [43].

Luo et al. developed an integrated magnetic-flu-
orescent exosome nanosensor for the rapid 
and sensitive detection of cancer-derived pro-
teins [44]. First, magnetic beads were coated 
with DNA tetrahedron lipid probes to effectively 
capture exosomes. A well-designed bifunctional 
aptamer specifically recognized the exosome 
PD-L1 protein, initiating catalytic hairpin as-
sembly, which converted the protein signal 
into a double-strand signal. Finally, the dou-
ble-strand body activated CRISPR-associated 
protein 12a, which cleaved substrate reporter 
molecules, amplifying the fluorescence signal. 
By integrating magnetic separation and fluo-
rescence signal amplification, this nanosensor 
exhibited excellent specificity and sensitivity for 
PD-L1-positive exosomes.

Fluorescence-based optical biosensor detec-
tion is another highly efficient strategy. Wu et 
al. proposed a ratio-fluorescence method for 
one-step, label-free protein detection [45]. 
The method uses a fixed protein-reactive dye, 
Cy5-labeled Cluster of Differentiation 63 hair-

pin aptamer (Cy5-Apt) on the surface, along 
with a dual-color streptavidin magnetic bead to 
recognize the protein. The Cy5-Apt stem is em-
bedded with the green SYBR Green I to detect 
the protein. After successful capture, the Cy5-
Apt undergoes a conformational change and 
releases the encapsulated SYBR Green I, allow-
ing the exosome to be measured based on the 
fluorescence ratio of Cy5 and SYBR Green I.

Additionally, surface plasmon resonance (SPR) 
is an optical phenomenon occurring on a metal 
surface. When light hits the metal surface, free 
electrons in the metal interact with photons, 
generating surface plasmon waves, which are 
electromagnetic waves propagating along the 
metal-medium interface. SPR occurs when 
the propagation speed of the surface plasmon 
wave matches the speed of the incident light. 
This phenomenon can also be combined with 
magnetic beads to construct optical biosensors 
for protein detection. For example, Sun et al. 
established an SPR biosensor system for im-
munoassays, where magnetic microbead con-
jugates coupled with antibodies were captured 
firmly on the Au film by magnetic forces [46]. 
They used magnetic microbeads as solid sup-
ports for Heat Shock Protein 70 (Hsp 70) anti-
bodies, with antibody-functionalized magnetic 
microbeads replacing single antibody assays to 
detect Hsp 70.

Wang et al. developed a grating-coupled sur-
face plasmon resonance sensor by combining 

Figure 2. An electrochemical biosensor based on magnetic beads for the detection of SARS-Cov-2. This figure 
was cited from [42].
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SPR biosensor technology with magnetic bead 
assays (Figure 3) [47]. This figure was cited 
from [47]. This system utilizes a metal diffrac-
tion grating sensor chip, to recognize target 
analytes after functionalization with specific 
antibodies. Magnetic beads, coupled with 
specific antibodies, not only serve as signal 
amplifying markers to enhance refractive index 
changes caused by target molecule capture but 
also act as carriers to rapidly deliver analytes 
to the sensor surface. The efficient collection 
of magnetic beads was achieved by applying a 
magnetic field gradient to the grating-coupled 
surface plasmon resonance sensor chip. The 
role of the movement speed of magnetic beads 
in the presence of the magnetic field in enhanc-
ing the sensitivity of grating-coupled surface 
plasmon resonance biosensors was investigat-
ed. Additionally, the validity of the technique 
was confirmed in an immunoassay modeled on 
β-Human Chorionic Gonadotropin.

Terahertz metamaterial biosensors

Terahertz (THz) metamaterial biosensors 
combine the detection principles of biological 
magnetic beads with the strong localized field 
enhancement effects of THz metamaterials. By 
integrating the high specific surface area and 
magnetic separation characteristics of biolog-
ical magnetic beads, these biosensors enable 
high-sensitivity detection of biomolecules. In 
the detection process, biological magnetic 
beads, acting as solid-phase carriers, can cap-
ture and enrich target biomolecules through 
functional modifications on their surface, such 
as the attachment of antibodies or specific 
molecules. When these magnetic beads are 
combined with THz metamaterials, the local-
ized field enhancement effect of the THz waves 
significantly boosts the sensitivity for detecting 
changes in the biomolecules on the magnetic 
bead surface [48]. Furthermore, under the 

influence of an external magnetic field, the 
magnetic beads can quickly separate from the 
solution, simplifying the operation process and 
shortening the reaction time.

For instance, Bi et al. proposed a THz meta-
material biosensor for detecting the SARS-
CoV-2 spike protein antigen [49]. By utilizing 
the positioning of magnetic beads in the sensor 
(resonant metamaterial unit cell), the target 
molecules induced response signals within the 
domain. The sensor successfully detected trace 
concentrations of the SARS-CoV-2 spike protein 
antigen, with a detection range of 0.005 ng/mL 
to 1000 ng/mL and a detection limit of 0.002 
ng/mL. However, challenges remain, including 
technical complexity, sample preparation and 
processing issues, biocompatibility and stability 
concerns, as well as data standardization and 
analysis.

To address these challenges, researchers are 
working on optimizing design and manufactur-
ing processes to reduce costs and enhance the 
accessibility of THz metamaterials. They are 
also applying advanced signal processing algo-
rithms and machine learning techniques to im-
prove the analytical capabilities and accuracy 
of the signals. Additionally, efforts are focused 
on standardizing sample processing protocols 
to reduce variability during sample preparation 
and improve reproducibility, conducting more 
biocompatibility studies to ensure the safety of 
THz metamaterials and magnetic beads in bio-
medical applications, and developing validated 
data analysis workflows to improve the accura-
cy and reliability of the detection results [50].

Giant magnetoresistance biosensors

Giant magnetoresistance (GMR) biosensors 
combine the detection principles of biological 
magnetic beads with the giant magnetoresis-

Figure 3. Plasmon resonance biosensor based on magnetic bead. This figure was cited from [47].
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tance effect, where the electrical resistance 
of a material changes significantly as its mag-
netization state varies. These sensors consist 
of immune magnetic beads, a highly magnet-
ic-sensitive GMR sensor, and associated read-
out circuitry.

In the detection process, a biological probe 
specific to the target molecule is first equipped 
on the surface of the GMR sensor. The sample 
containing the target molecules is then passed 
over the sensor surface, where the target mol-
ecules are captured by the probe. Immune 
magnetic microspheres are added, which inter-
act with the target molecules to complete the 
labeling process. An external gradient magnetic 
field is applied to separate the unmarked ex-
cess immune magnetic microspheres, reducing 
background noise and improving detection ac-
curacy. Finally, an alternating magnetic field is 
applied to magnetize the magnetic labels. The 
resulting alternating magnetic field generated 
by the magnetic labels causes changes in the 
sensor’s magnetoresistance, which are then 
read out to determine the presence and con-
centration of the target molecules in the sam-
ple [51, 52].

For example, Gupta et al. proposed a highly 
sensitive and specific technique based on the 
principle of GMR sensors for early tuberculosis 
diagnosis [53]. This GMR biosensor assay used 
monoclonal antibodies specific to the early se-
creted antigenic target-6 (ESAT-6) secreted by 
M. tuberculosis antigen, with magnetic beads
serving as the labels. In the presence of ESAT-
6, the magnetic beads bind to the GMR sensor,
and the binding is proportional to the concen-

tration of the ESAT-6 protein. This causes a 
change in the overall resistance of the GMR 
sensor, and the resistance variation corre-
sponds to the ESAT-6 concentration, achieving 
the detection goal.

Trends and challenges in protein detection 
based on magnetic beads and biosensors

As discussed above, the combination of mag-
netic beads and biosensors for protein detec-
tion is an efficient analytical method, which 
leverages the rapid separation capabilities of 
magnetic beads and the high-sensitivity de-
tection characteristics of biosensors (Table 1). 
This technology is advancing toward higher sen-
sitivity, faster detection speeds, and improved 
user-friendliness. Below are some key trends 
and challenges in this field.

Improving sensitivity and selectivity

Background noise is one of the main factors 
that affect the sensitivity of protein detection. 
For instance, when fluorescent probes are used 
to label target analytes, low concentrations of 
the target molecule often result in very weak 
signal, which can be easily obscured by back-
ground noise. In fluorescence-based analyses, 
common sources of background noise include 
Raman scattering from the solvent, residual 
fluorescence from unbound fluorescent mole-
cules, and autofluorescence from the capture 
surface. Although washing steps can help re-
duce background noise, they add complexity 
and time to the detection process [55].

Additionally, some magnetic bead and biosen-

Table 1. Detection performance of various magnetic bead-based biosensors

Sensor type Magnetic bead type Test object LOD

Zhang’s Electrochemistry [40] Gold nanocomposite magnetic 
beads HER2 4.1 fg/mL

Roy’s Electrochemistry [41] Antibody magnetic bead Amyloid proteinβ <10 fg/mL
Gutierrez-Galvez’s Electrochemistry 
[42] Antibody magnetic bead SARS-CoV-2 Spike 

protein 1 ng/mL

Luo’s Optics [44] DNA tetrahedral functionalized 
magnetic beads PD-L1 1.71 × 103particle/μL

Wu’s Optics [45] Fluorescent magnetic bead Exosome 4.0×104 particle/μL
Sun’s Optics [46] Antibody magnetic bead Hsp 70 0.30 μg/mL

Wang’s Optics [47] Antibody magnetic bead βHuman chorionic 
gonadotropin 0.45 pM

Bi’s Terahertz [49] Gold nano antibody composite 
magnetic beads SARS-CoV-2 0.002 ng/mL

Gupta’s GMR [53] Antibody magnetic bead ESAT-6 12 pg/mL

Ding’s Electrochemistry [54] DNA functionalized magnetic 
beads protamine 80 pM 

Note: LOD, limit of detection; HER2, Human Epidermal growth factor Receptor 2; PD-L1, programmed death-ligand 
1; Hsp 70, Heat Shock Protein 70; SARS-CoV-2, Severe Acute Respiratory Syndrome Coronavirus 2; ESAT-6, Early 
Secretory Antigenic Target 6 kDa.



182

Progress in Medical Devices 2024; 2 (4): 174-186. PMD2409362

Progress in Medical Devices

sor systems may have limited dynamic detec-
tion ranges, which restricts their ability to de-
tect proteins over a wide concentration range. 
Developing sensors with a broader dynamic 
range is crucial for enhancing their clinical ap-
plicability.

In terms of selectivity, due to the large specific 
surface area and numerous active sites of mag-
netic beads, they tend to have some degree of 
adsorption to biomolecules. The non-specific 
binding of magnetic beads to biomolecules can 
lead to false positive signals, affecting the ac-
curacy of detection [56]. To reduce non-specific 
binding, the surface of the magnetic beads can 
be appropriately functionalized to enhance the 
specificity of binding between the bead surface 
and the target protein, thereby minimizing the 
occurrence of false positive signals.

Additionally, in practical operations, most re-
searchers use blocking strategies for the active 
sites to reduce the generation of false positive 
signals. This is typically done by adding excess 
target protein aptamers or sufficient bovine se-
rum albumin to block the non-specific binding 
sites on the magnetic beads.

Multi-target detection capability

In the field of protein detection using magnetic 
beads and biosensors, despite rapid technolog-
ical advancements, there are still challenges 
and limitations in achieving multi-target detec-
tion. These challenges are particularly evident 
in areas such as the selection of biological 
recognition elements, signal amplification and 
detection technologies, as well as sample sepa-
ration and processing techniques [57].

First, the complexity of multi-target detection 
is a key issue. Interactions between different 
proteins can lead to cross-reactivity, which 
may compromise the accuracy of the detection 
results. For example, the concentration of cer-
tain disease biomarkers may be much lower 
than that of more common proteins, requiring 
extremely high sensitivity and a broad dynamic 
range of the sensors. Furthermore, the selec-
tivity of the biological recognition elements is 
another important consideration. It’s essential 
to choose an appropriate recognition element 
for each target protein, especially when the tar-
get proteins are highly similar, which remains 
challenging in practical applications [58]. To 
address these challenges, one approach is to 
develop and screen highly specific antibodies 
or aptamers to ensure accurate recognition of 
the target proteins. Additionally, bioinformatics 
methods can be employed to predict and de-

sign biological recognition elements that specif-
ically bind to the target proteins, enhancing the 
precision of multi-target detection [49].

Furthermore, sample processing and separa-
tion techniques are necessary steps before 
conducting multi-target detection to reduce 
interference from sample matrices. Magnetic 
beads are widely used in sample preparation 
due to their high separation efficiency, but in 
multi-target detection, effectively separating 
and enriching different targets remains a chal-
lenge. Additionally, data interpretation and 
analysis also present difficulties in multi-target 
detection. Detection generates large amounts 
of data, which requires sophisticated data pro-
cessing and analysis methods to distinguish 
and interpret signals from different targets [59]. 
To address these challenges, researchers have 
implemented strategies such as using nano-
materials to enhance signals and developing 
new signal transduction methods. Specifically, 
the optical or electrochemical properties of 
nanomaterials, such as gold nanoparticles and 
quantum dots, are utilized to amplify signals, 
while enzyme-catalyzed reactions or the plas-
monic resonance effects of nanostructures are 
employed to further enhance signals [49].

In conclusion, while magnetic beads and bio-
sensor technology show great potential in pro-
tein detection, achieving effective multi-target 
detection still requires overcoming the chal-
lenges outlined above. Future research needs 
to focus on improving the selectivity of bio-
logical recognition elements, developing new 
signal amplification strategies, refining sample 
processing and separation techniques, and 
advancing data processing methods to enable 
more efficient and accurate multi-target detec-
tion.

Portability and real-time monitoring

With the development of wearable devices 
and mobile health technologies, portable and 
real-time protein detection techniques have 
garnered increasing attention. This requires 
magnetic bead and biosensor technologies to 
not only offer high sensitivity but also be porta-
ble and easy to operate, for better meeting the 
demands of various monitoring environments. 
For example, wearable devices can monitor 
proteins in sweat, saliva, or tears in real time, 
providing dynamic data for disease diagnosis 
and health management [60]. Furthermore, 
the ability to monitor protein biomarkers in 
real time will significantly enhance the level of 
precision medicine. Current technologies, such 
as ELISA and Lateral Flow Immunoassays, can 
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only provide single-time measurements with 
time delays, limiting timely responses to rapidly 
changing life-threatening conditions [61].

However, achieving multi-target detection is still 
challenging. For example, interactions between 
different proteins may lead to cross-reactivity, 
affecting the accuracy of the detection results. 
Additionally, sample preparation and separa-
tion are necessary steps before multi-target 
detection to reduce interference from sample 
matrices. Magnetic beads are widely used in 
sample pre-processing due to their high sepa-
ration efficiency, but in multi-target detection, 
effectively separating and enriching different 
targets remains a challenge [62].

Future research needs to focus on improving 
the selectivity of biosensors, developing new 
signal amplification strategies, refining sample 
processing and separation techniques, and ad-
vancing data processing methods. With these 
advancements, magnetic beads and biosensor 
technologies are expected to exert more pro-
found influences in wearable devices and mo-
bile health, providing more accurate and conve-
nient protein detection solutions for individuals 
and clinical healthcare.

Conclusion

This review summarizes the research progress 
and applications of functionalized magnetic 
beads in protein detection. Functionalized mag-
netic beads, as a novel tool for bio-separation 
and detection, exhibit significant advantages in 
biomolecule capture, separation, and detection 
due to their unique physical structure and sur-
face modification capabilities. The article first 
introduces the three main physical structures 
of magnetic beads: core-shell, hollow, and 
composite structures, and discusses in detail 
the characteristics of each structure and their 
specific applications in protein detection. Core-
shell magnetic beads, with their high stability 
and large specific surface area, are widely used 
in various bio-detection platforms, while hollow 
and composite magnetic beads, by providing 
more functional sites and enhanced capture 
ability, further improve the sensitivity and spec-
ificity of detection.

In practical applications, functionalized mag-
netic beads, when combined with electro-
chemical biosensors, demonstrate numerous 
advantages over traditional detection meth-
ods. Through surface functionalization of the 
magnetic beads, target proteins can be rapidly 
and efficiently captured, and electrochemical 
biosensors can be used for real-time detection 

of reaction signals. This method not only accel-
erates the detection speed but also enhances 
sensitivity and specificity, simplifies the opera-
tion process, reduces sample processing time, 
and is well-suited for multiplex detection and 
on-site applications. Furthermore, the cost-ef-
fectiveness of functionalized magnetic beads 
in high-throughput detection makes them an 
indispensable part of modern bio-detection 
technologies.

Overall, this article thoroughly discusses the 
key technological advancements of function-
alized magnetic beads in protein detection, 
highlighting their broad application prospects in 
fields such as biomedicine, environmental mon-
itoring, and food safety. Future research will 
continue to optimize surface functionalization 
techniques for magnetic beads, further improv-
ing their detection performance and promoting 
their wider practical application.

In future bio-detection, the synergistic applica-
tion of magnetic beads and biosensors is ex-
pected to make significant progress in several 
areas, particularly in technological innovations, 
the development of multimodal detection plat-
forms, and the creation of portable detection 
devices.

Future research is likely to explore novel mag-
netic materials and surface modification tech-
niques to enhance the magnetic properties 
and biocompatibility of magnetic beads. For 
instance, by introducing rare earth elements or 
transition metals, magnetic nanoparticles with 
higher magnetic saturation and superior mag-
netic responsiveness can be synthesized. Addi-
tionally, advancements in surface modification 
techniques, such as dopamine polymerization 
or silanization reactions, will further improve 
the stability and functionality of magnetic 
beads. These innovations will make magnetic 
beads more efficient in biomolecule capture 
and separation while reducing non-specific 
binding and improving the specificity and sensi-
tivity of detection.

Integrated biosensors combining multiple de-
tection modes will be developed for multipa-
rameter analysis of proteins. This multimodal 
platform will combine electrochemical, optical, 
and magnetic resonance technologies to pro-
vide a more comprehensive analysis of protein 
characteristics. For example, electrochemical 
biosensors will allow monitoring of protein re-
dox states, while optical biosensors will detect 
interactions between proteins and fluorescent 
markers. The application of magnetic reso-
nance technology will provide detailed informa-
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tion about protein structure and dynamics. This 
integrated detection strategy will significantly 
enrich our understanding of protein functions 
and behaviors.

To meet the demand for rapid on-site detection, 
the development of portable and on-site detec-
tion devices will become an important direc-
tion. These devices will integrate miniaturiza-
tion technologies, wireless communication, and 
user-friendly interfaces, making protein detec-
tion more convenient and accessible. With the 
advancement of microfluidic technologies and 
nanomanufacturing, future detection devices 
will be capable of performing complex biochem-
ical analyses on smaller platforms. Additionally, 
by integrating with smartphones or other mo-
bile devices, these systems will provide instant 
detection results and data analysis, greatly ex-
panding the application scope of bio-detection 
technologies.

In conclusion, future research will continue to 
drive the development of magnetic beads and 
biosensor technologies to enable faster, more 
accurate, and cost-effective protein detection. 
These technological advancements will not only 
provide powerful tools for biomedical research 
but also bring revolutionary changes to fields 
such as clinical diagnostics and environmental 
monitoring.
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Abstract

Finite element analysis (FEA) is a computer-aided tool widely employed in the field of prosthodontics, offering a 
comprehensive understanding of biomechanical behavior and assisting in the design and evaluation of dental 
prostheses. By dividing a model into finite elements, FEA enables accurate predictions of stress, strain, and dis-
placement of structures. This review summarizes recent research developments in the application of FEA across 
various aspects of prosthodontics, including dental implant, removable partial denture, fixed partial denture and 
their combinations. FEA plays a significant role in selecting restoration materials, optimizing prosthetic designs, 
and examining the dynamic interactions between prostheses and natural teeth. Its computational efficiency and 
accuracy have expanded its application potentials for preoperative planning in custom-made prosthodontics. 
Upon the physician’s assessment of the repair requirements tailored to the individual patient’s condition, FEA 
can be employed to evaluate the stress distribution, displacement, and other relevant outcomes associated with 
the proposed restoration. When integrated with clinical expertise, it facilitates assessing design feasibility, iden-
tifying necessary adjustments, and optimizing prosthetic solutions to mitigate the risk of failure. Additionally, FEA 
helps identify potential complications arising from long-term prosthetics use, allowing for the implementation of 
preventive strategies. Presenting FEA results to patients enhances their understanding of the scientific basis and 
rationale behind the design, thereby bolstering patient confidence in the proposed intervention. Despite its ongo-
ing limitations, FEA underscores the importance of integrating computational findings with clinical judgment and 
supplementary diagnostic tools. This review emphasizes the growing role of FEA in advancing prosthodontics by 
offering computational analysis and design optimization, ultimately improving treatment outcomes and patient 
satisfaction.

Keywords: Finite element analysis, dental implant, removable partial denture, fixed denture, fixed partial denture

Highlights
● This paper presents a comprehensive review of the advancements in finite element analysis (FEA) within the field 
  of prosthodontics over the past five years.
● It examines the role of FEA in aiding the selection of restorative materials, enhancing prosthetic designs, and in
  vestigating the dynamic interactions between prostheses and natural dentition.
● Integrating FEA findings with clinical practice enhances treatment outcomes and patient satisfaction.

Introduction

Dental caries, a prevalent oral disease, can 
develop at any stage of life, potentially leading 
to tooth damage and eventual tooth loss [1]. 
Clinically, dental caries progression can be cat-
egorized into three stages: tooth defect, denti-
tion defect, and edentulousness. Tooth defect 

refers to damaged or abnormal tooth morphol-
ogy. As the condition worsens, multiple tooth 
extractions may become necessary, leading 
to a dentition defect. In severe cases, edentu-
lousness - complete loss of teeth in the upper 
and (or) lower jaw, occurs. These conditions 
significantly impact dental aesthetics and func-
tionality, potentially causing anxiety, diminished 
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self-esteem, and other negative emotions that 
affect patients’ physical and mental well-being.

Prosthodontics offers a range of treatment op-
tions tailored to varying tooth defects, including 
inlays, implants, removable dentures, fixed den-
tures, and combination treatments, as shown 
in Figure 1. Compared to onlays that sit partial-
ly above the tooth surface, inlays are complete-
ly embedded within the crown, which restore 
tooth shape and function while preventing 
further loss of tooth substance. As for dentition 
defects, removable partial dentures (RPDs) are 
commonly employed due to their wide range of 
applications and cost-effectiveness. However, 
RPDs rely on a dual support system that may 
compromise retention and stability, particularly 
with multiple missing teeth or posterior tooth 
loss, where rotation during chewing can affect 
chewing function [2, 3].

In contrast, fixed dentures, also known as fixed 
bridges, are securely attached to neighboring 
teeth or implants, providing greater stability. 
However, their application often requires re-
moving more healthy tooth material, and they 
are more challenging to clean thoroughly, po-
tentially leading to infection. For patients with 
edentulousness, traditional complete dentures, 
removable appliance, share similar drawbacks 
to RPDs [4]. Implant dentures, on the other 
hand, have rapidly evolved, demonstrating high 
success rates (89-100%) across various indi-
cations and therapies, making them a viable 
and increasingly popular solution [5, 6]. Fur-
thermore, the integration of implants with other 
restoration methods has emerged as a new 

direction for prosthodontics.

Despite the availability of various treatment op-
tions, determining the most appropriate repair 
methods tailored to the specific requirements 
of each individual case remains a significant 
challenge. In vitro testing is generally accepted 
in dentistry, notwithstanding its inherent lim-
itations concerning precision and intricacy [7]. 
The integration of digital technologies, such 
as computer-aided design (CAD) and comput-
er-aided manufacturing, virtual reality, additive 
manufacturing (3D printing) and finite element 
analysis (FEA), is transforming the field [8-23]. 
Such technologies hold promises in enhanc-
ing diagnostic precision, tailoring treatments 
to individual needs, streamlining operational 
efficiency, promoting patient experiences, and 
fostering clinical excellence in dentistry.

Simulating the complex human biomechani-
cal system such as bone and soft tissue is a 
challenging task in the medical field, and FEA 
emerges as an effective solution to address 
these complexities [24, 25]. It is a widely used 
numerical method that uses CAD to construct 
and analyze mathematical models of engineer-
ing or physical systems [25, 26]. Introduced 
by Courant in 1943, FEA found application in 
orthopedics in the 1970s, where it was used 
to evaluate stress and deformations in human 
bones under functional loading [27-29]. Since 
its introduction to dentistry in 1973, FEA has 
been extensively used to simplify complex oral 
systems into manageable data models [26, 30, 
31]. FEA is used in dentistry for various purpos-
es, including analyzing soft tissue changes be-

Figure 1. Healthy teeth and common treatment modalities. Schemes of (A) healthy teeth and various aspects of 
treatment modalities within the field of prosthodontics. Specifically, the schemes encompass: (B) inlays, with the 
gray area denoting the inlay component; (C) removable dentures, depicted as situated above the natural teeth; 
(D) fixed dentures, which are also represented in gray; and (E) dental implants, where the pulp is highlighted in 
yellow, alongside the incorporation of implants and screws within the dental architecture.
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fore and after operations, simulating craniofa-
cial bone anatomy, customizing optimal surgical 
strategies by evaluating stress distribution and 
displacement in reconstruction components, 
and assessing bone conditions and load-carry-
ing capacity around implants [32-36].

The aim of this review is to summarize the 
recent advancements in the application FEA 
in prosthodontics. The paper is structured as 
follows: Chapter 2 introduces the literature 
search method, establishing a foundation for 
the subsequent research. Chapter 3 describes 
the fundamental steps of FEA, offering theoret-
ical and technical framework. Chapters 4 to 6 
constitute the core of this paper, covering the 
application of FEA to the analysis of restorative 
materials, the design of restorative structures, 
and the analysis of the interaction between the 
restoration and the teeth. Finally, Chapter 7 
concludes the review by summarizing current 
trends and proposing potential future directions 
in this field.

Literature search

This review systematically searched the exist-
ing literature in databases including PubMed, 
Web of Science, and Google Scholar, from 
2019 to 2024. The search terms included 
“dental implant,” “removable partial denture,” 
“fixed denture,” “fixed partial denture,” and 
“finite element,” used alone or combined with 
Boolean operators (e.g. AND, OR). References 
from the identified articles were also examined 

to ensure a comprehensive 
collection. Figure 2 shows the 
process of article screening. The 
retrieved literature was import-
ed into EndNote to remove du-
plicates. Initially, a preliminary 
screening based on article titles 
was performed, selecting those 
explicitly referencing the speci-
fied keywords. Articles unrelated 
to FEA, such as purely biological 
research or descriptions of clin-
ical procedures, were excluded. 
Subsequently, the abstracts of 
the selected articles were ex-
amined to ascertain the clarity 
of the study’s purpose and a 
concise summary of the main 
findings. Abstracts incorporating 
keywords pertinent to prostho-
dontics and presenting novel 
methods, models, or insights 
were prioritized. Following this 
initial screening, full-text articles 
were thoroughly evaluated. The 

assessment focused on the validity of the study 
design, including the development of finite el-
ement models, the appropriate application of 
boundary conditions and loads. Inclusion crite-
ria stipulate that studies should be published in 
English, specifically address FEA in the context 
of prosthodontics, and provide comprehensive 
descriptions of the models and analyses of 
the results. Articles lacking adequate model 
validation, employing outdated methodologies, 
or unrelated to prosthodontics were excluded. 
Finally, the obtained literature was analyzed in 
detail.

General procedure of finite element analysis

As a computer-based approach, FEA employs 
mathematical models to analyze practical prob-
lems in various fields. The primary objective 
of FEA is not to achieve an exact result, but to 
offer approximate solutions that include some 
fundamental information, such as displace-
ment, force, temperature. Figure 3 presents the 
general analysis process of FEA. The first step 
is to construct an overall geometric model. This 
model is then divided into a finite number of 
small elements for generating meshes, which is 
termed discretization. FEA focuses on the anal-
ysis of these individual elements. Mechanical 
properties and material characteristics of indi-
vidual elements are analyzed independently, 
constructing the corresponding stiffness matrix. 
Following this step, the mechanical properties 
of the entire model are calculated, allowing for 
the estimation of stress, strain, displacement 

Figure 2. Review flow chart. The methodology involves utilizing specific da-
tabases and search terms to conduct an initial screening based on titles 
and abstracts. This is followed by a more comprehensive evaluation of the 
full-text content, guided by established inclusion and exclusion criteria.
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and other response outcomes [25, 29]. The key 
steps in the FEA procedure are briefly described 
below. For interested readers, more detailed 
tutorials may be found in these reviews [37-39].

Construction of geometric model

The construction of a geometric model is the 
first step in FEA for prosthodontics, including 
multiple components, such as prosthesis, bone, 
and tooth. The prosthesis geometry is usually 
based on the design data provided by manufac-
turers.

The bone models are categorized into simple 
and complex structures [25]. For simple struc-
tures, the bone is represented through an array 
of 2D or 3D shapes, while both cortical and 
trabecular components are retained. Complex 
structures are typically obtained using medical 
imaging techniques, such as intraoral scanners 
and cone beam computer tomography [10, 40]. 
FEA can be performed directly on the geomet-
ric model obtained from medical images [37]. 
However, the bone model to be analyzed must 
first be segmented, typically through image pro-
cessing software like Mimics or Amira. The seg-
mented images are then converted into finite 
element models using CAD tools (e.g. Geomag-
ic, SolidWorks).

Tooth models typically consist of enamel, den-
tin, and pulp. The modeling process is similar to 
that of bone models (i.e. images are obtained 
through medical imaging technology, processed 
and modeled using CAD). In some cases, ex 
vivo test models are used, where a physical 
tooth model is created from extracted teeth [41, 
42]. Alternatively, finite element models may 
be directly generated from existing image data 
[43].

Discretization and assignment of material 
properties

Meshing, or discretization, is a crucial step in 
finite element analysis. This process involves 
dividing the geometric model into smaller com-
putational elements. To ensure accuracy and 
efficiency of the analysis, the mesh size must 
be sufficiently fine so that the results are inde-
pendent of the mesh size. Additionally, it is im-
portant to strike a balance between geometric 
complexity and computational efficiency, as the 
choice of element type significantly influences 
the analysis. In 2D finite element modeling, 
structures are commonly divided into triangular 
or quadrilateral elements, while tetrahedral or 
hexahedral elements are typically employed in 
3D modeling. Tetrahedral elements are more 
frequently used compared to hexahedral ones, 
not only due to more convenient meshing auto-
mation, but also better fitting to complex geom-
etries [44]. Researchers often use pre-process-
ing software, such as Hypermesh, HyperWorks, 
and VR Mesh Studio, to improve mesh quality 
and analysis productivity [42, 45-49].

To meet specific application requirements, it 
is necessary to assign appropriate material 
properties for all model components, as these 
properties significantly influence the accuracy 
of FEA results. The mechanical properties of 
bone, teeth, and restorative materials, such as 
elastic modulus, shear modulus, and Poisson’s 
ratio, can be obtained experimentally or refer-
enced from previous reports.

FEA simplifies the model’s complexity by ad-
justing the quantity and nature of elements 
and specifying material properties to ensure 
precision. However, clinical validation remains 
essential to confirm the accuracy of the ap-
proximate outcomes [50]. Despite the inherent 
complexity of biological structures, models are 
commonly simplified with material properties 
often assumed to be homogeneous, isotropic 
and linear elastic for reducing computation 
time. This does not mean that important details 

Figure 3. FEA procedure. The pre-processing phase encompasses several critical steps, including the develop-
ment of a model, the creation of a mesh, and the specification of material parameters. Subsequently, appropriate 
load and boundary conditions are established, followed by the analysis of results utilizing finite element calcula-
tions. FEA, Finite element analysis procedure.
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should be left out or omitted. Oversimplification 
may lead to the exclusion of essential charac-
teristics, resulting in inaccurate representation. 
Hence, it is imperative to achieve a delicate 
balance between computational efficiency and 
model accuracy.

To better simulate real-life scenarios, some 
researchers adjust material properties to 
better match actual conditions. For instance, 
Chakraborty modeled the mandible as a hetero-
geneous material, considering different bone 
conditions to evaluate the implant’s biome-
chanical potential for promoting osseointegra-
tion at the peri-implant bone [51]. This method 
can simulate the implant process based on the 
patient’s bone condition, which aids in select-
ing suitable implants and creating personalized 
treatment plans. Meanwhile, Ortiz-Puigpelat 
developed a methodology utilizing a nonlinear 
geometric model and material properties spe-
cific to the periodontal ligament to predict its 
mechanical response during occlusion [52]. 
This approach closely replicate actual clinical 
conditions, offering enhanced precision and re-
liability in FEA results, which can inform clinical 
assessments and therapeutic interventions.

Boundary conditions

After discretization, boundary conditions and 
loads should be appropriately assigned based 
on different experimental purposes. The bound-
ary conditions can be fixed, free, periodic, or 
other types. Most studies assume that the con-
nections between the prosthesis, abutments, 
and bone interfaces are tightly coupled, with 
nodes constrained in all directions to prevent 
translation or rotation. Previous studies have 
shown that fixed boundary conditions are com-
monly used to simulate tooth roots fixed in the 
bone when the periodontal ligament model is 
neglected [41, 53, 54]. This involves fixing the 
tooth from the enamel-cementum junction to 
the apical region. Additionally, masticatory forc-
es are typically simulated by applying vertical 
and/or oblique loads. To simulate the actual 
chewing force, some studies incorporate food 
clumps or spherical objects on the tooth con-
tact surface to represent food and apply loads 
accordingly [48, 55, 56].

Solution and analysis

The accuracy of FEA depends on the above 
steps. With the help of software specialized 
FEA, a large amount of data can be obtained for 
the solution of the finite element model which 
has been set up. After obtaining the solution, 
the results may be analyzed and displayed by 

post-processing, which involves calculating ad-
ditional physical quantities (e.g. stress, strain, 
displacement) and visualizing the results. In 
the following chapters, FEA results are analyzed 
from three application perspectives.

Analysis of restoration materials

The selection of a restoration material signifi-
cant influences the magnitude and distribution 
of stress in teeth [57]. Various materials are 
available to dentists, including zirconia, lithi-
um disilicates, ceramics, amalgam, and res-
in-based composites. Figure 4 provides a com-
parative illustration of clinically used restorative 
materials based on relevant literature [58-61]. 
However, selecting the most suitable material 
for a given situation can be challenging [49]. 
FEA enables the creation of restoration models 
using different materials, simulate bite forces 
with varied directions and magnitudes, and 
evaluates the resulting stress and strain under 
maximum load conditions (Table 1) [43]. The 
primary focus of material analysis is to evaluate 
the modulus of elasticity (MOE).

FEA studies demonstrate that significant dis-
crepancies between the MOE of dental restor-
ative materials and dental tissues can lead 
to extremely large stress values. Therefore, a 
comparable MOE between materials and den-
tal tissues reduces stress transmitted to the 
dental tissues [43]. Kim et al. utilized FEA to 
analyze optimal materials for mitigating residu-
al crack propagation, finding that materials with 
lower MOE exhibited deformation due to stress 
absorption, while those with higher MOE exert-
ed increased stress and stress concentration in 
the teeth, potentially enhancing aesthetic qual-
ity and fracture resistance [48]. Darwich et al. 
came to the similar conclusion when evaluating 
the material of the inner crown [40]. Therefore, 
it is recommended to use hard materials with 
high MOE to reduce the displacement of the 
tooth structure.

FEA can also be applied to study the fatigue 
properties of restoration materials. As high 
stress or stress concentration can potentially 
lead to cracks, Kim et al. evaluated crack prop-
agation by assessing residual stress beyond 
the lower edge of the crack surface after treat-
ment, identifying gold crown combined with 
resin filling as the most effective treatment 
method [48]. Demirel et al. compared the fa-
tigue properties of various ceramic materials by 
simulating crack generation and propagation 
in repair materials through FEA, and found that 
polymer-infiltrated ceramic networks exhibited 
greater brittleness due to their lower MOE com-
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Table 1. Material types and material properties analyzed in the different studies

A p p l i c a -
tions Materials

Properties
Load direction & magni-
tude Conclusion Ref.MOE

(MPa)
Poisson’s 
ratio

Endocrown

Translucent zirco-
nia 210,000 0.307

Constant load: 600 N
Direction: 
-Axial load: perpendicular 
to the occlusal surface 
of the crown
-Oblique load: tilted by 
45° with respect to the 
tooth axis

Translucent zirconia is 
considered the optimal 
m a te r i a l  fo r  i n te r n a l 
crowns to preserve the 
dental restoration com-
plex.
Both l i thium disi l icate 
glass ceramic and zirco-
nia-reinforced lithium sili-
cate ceramic are appropri-
ate materials to produce 
internal crowns, but resin 
nanoceramics may not be 
the most suitable option.

[40]

Zirconia-reinforced 
lithium silicate ce-
ramic

102,900 0.208

Lithium disilicate 
glass ceramic 83,000 0.210

Polymer-infiltrated 
network ceramic 30,000 0.230

Resin nanoceramic 12,700 0.470

Inlay, Onlay, 
Overlay

Lithium disilicates 
(LS) 98,000 0.230 Constant load: 600 N

Direction: perpendicular 
to the occlusal surface 
of the crown

LS exhibits superior prop-
erties relative to PICN ma-
terials.

[41]Polymer-infiltrated 
ceramic network 
(PICN)

35,000 0.230

Inlay

Direct composite 
resin (Filtek Z350) 9,800 0.250

Constant load: 1,000 N
Sliding-type contact: the 
contact points of a 6 mm 
diameter sphere* placed 
in the fovea

A gold crown filled internal-
ly with resin is an advanta-
geous method to prevent 
further crack propagation 
in cracked teeth.

[48]
Indirect composite 
resin (Tescera ATL) 14,200 0.250

Ceramic (Emax) 94,100 0.250

Gold 85,000 0.250

RPD

Zirconia 210,000 0.300

Constant load: 100 N
Direction: perpendicular 
to the bottom surface of 
the small connector

Zirconia occlusal rests, 
derived from conventional 
occlusal rest designs, are 
regarded as occlusal sup-
ports capable of enduring 
repeti t ive masticator y 
forces. The limited fatigue 
resistance of PEEK may 
render it unsuitable for 
extended clinical use as a 
dental scaffold material.

[97]Polyether-ether-ke-
tone (PEEK) 4,100 0.400

RPD

Zirconia (3Y-TZP) 200,000 0.300

Constant load: 600 N 
perpendicular  to the 
occlusal surface of the 
crown

PEEK demonstrates en-
hanced biomechanical 
characteristics when uti-
lized as the primary crown 
within a double-crown at-
tachment system, but its 
effectiveness still needs 
additional validation.

[98]
Titanium (Ti-6Al-4V) 110,000 0.300

CoCr 220,000 0.300

PEEK 5,100 0.400

FPD

Zirconia 220,000 0.300 Constant load: 300 N
Direction: perpendicular 
to the occlusal surface 
of the crown

Zirconia material can be 
utilized to fabricate im-
plants-assisted FPD.

[50]
Titanium 110,000 0.300

FPD Zirconia 210,000 0.260

Constant load: 1,000 N
Direction: 
-Axial load: three vertical 
force vectors
-Oblique load: tilted by 
60° with respect to the 
tooth axis

The first principal stress 
at the inlay fixator and 
the connector is affected 
differently by the stiffness 
variation of the support 
structure.

[99]

Note: *A 6 mm diameter sphere was used to simulate food clump.
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pared to lithium disilicate glass ceramic [41].

Zirconia fixed partial dentures (FPDs) are 
known for their exceptional fracture resistance 
and superior fatigue properties compared to 
other dental ceramics, as demonstrated by 
recent FEA studies [50]. The fatigue resis-
tance of zirconia FPDs is significantly higher 
than that of lithium disilicates FPDs, making 
them particularly suitable for cases involving 
molar replacement [62]. It is worth noting that 
suitable core materials can help reduce the 
fracture risk of zirconia FPDs. Canipaner et al. 
compared sound dentin, resin composite cores, 
and metallic cores, finding that while resin com-
posite cores are less strong than metal cores, 
their flexibility helps disperse stress, thereby 
reducing fracture risk [63]. This underscores 
the importance of prosthesis design when se-
lecting zirconia materials. However, Ceddia et 
al. recently compared crowns made of ceramic 
and zirconia with natural enamel to assess 
their mechanical properties under different 
loading conditions [64]. Vertical, oblique (45°), 
and horizontal loads were applied to simulate 
chewing. While ceramic crowns exhibited inferi-
or mechanical properties and were more prone 
to fracture or fragmentation, zirconia crowns 
displayed higher stress levels under vertical 
and horizontal loads. This suggests that zirco-
nia crowns may not be ideal for patients with 
oral dysfunction. Therefore, clinicians should 

choose appropriate materials according to the 
patient’s specific dental condition.

In addition to repetitive functional loading, hu-
man teeth are subject to thermal stress from 
lifelong temperature fluctuations [65]. FEA 
simulations have shown that both hot and cold 
loads result in elevated stress levels in the in-
lays.

Structural designs of the dental prosthesis

Figure 5 shows the general procedure of den-
tal restoration, from the beginning of clinical 
diagnosis to the final prosthesis installation, 
including material selection and shape. The ef-
fectiveness of restorative treatments depends 
not only on the properties of the restorative 
material but also on the design of the prosthe-
sis structures. FEA provides a virtual platform 
to simulate various design iterations, enabling 
the identification of potential issues without the 
need for physical prototype.

Proper cavity designs are essential for inlays, 
as they can make use of residual tooth tissue 
while ensuring adequate fracture resistance 
and retention force, thereby reducing the risk of 
fracture. Cheng et al. used EFA to demonstrate 
that a concave design significantly improves 
the fracture resistance of ceramic inlays com-
pared to flat designs [45]. Similarly, Babaei 

Figure 4. Comparison of performance of restoration materials. Six commonly used repair materials, i.e. (A) amal-
gam, (B) resin-based composites, (C) ceramics, (D) nanoceramic resin, (E) glass carbomers and (F) titanium, are 
evaluated relative to hardness (H), abrasion resistance (AR), aesthetics (A), service time (ST) and scope of appli-
cation (SA).
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et al. analyzed the effects of occlusal cavity 
depth and internal cavity angle (α) on the bio-
mechanical stability of treated molars [7]. They 
demonstrated that as the occlusal cavity depth 
increases, the pressure level of the restoration 
also increases, resulting in reduced fracture re-
sistance. Conversely, increasing α and reducing 
occlusal cavity depth lowers the pressure levels 
within the restoration, thereby improving stabil-
ity and fracture resistance. This conclusion is 
consistent with the results reported by She et 
al. [66].

The design of the pier abutment and connec-
tor plays a crucial role in determining repair 
effectiveness and service life of FPD [67, 
68]. Recent FEA studies have shown that the 
connector volume is a key factor affecting the 
maximum principal stress of dentures [10]. 
Smaller connector volumes result in higher 
maximum equivalent stress. Additionally, FEA 
has demonstrated that the area surrounding 
the connector experiences the highest stress 
levels, regardless of the design or material 
used [11, 12]. To compensate for differences 
in movement between implants and natural 
teeth, both rigid and non-rigid connectors can 
be utilized depending on the specific cases [69]. 
FEA results indicate that the non-rigid connec-
tors reduce stress concentration in the bone 
surrounding the implant but increase stress 
levels in the alveolar bone [70]. In the design 
of a 5-element FPD, non-rigid connector was 
found to be more suitable [67, 68]. However, 
Naguib et al. observed through FEA that rigid 

connectors generate lower stress 
values than non-rigid connectors 
[69]. Therefore, when designing 
a three-element FPD, it is recom-
mended to consider the optimal 
implant diameter and length and 
choose a rigid connection design 
to minimize stress on both the 
prosthesis and supporting bone.

Numerous studies have investi-
gated the application of FEA in 
implant dentures. As for implants, 
Falcinelli et al. provided a com-
prehensive review of FEA applica-
tion in implant dentures over the 
past 20 years [25]. Most studies 
focused on evaluating stress 
distribution in implants and sur-
rounding bone, demonstrating 
that factors such as implant 
geometry, connection design, im-
plant material, and properties of 
the bone-implant interface signifi-
cantly influence the stress field. 

Key factors affecting load transfer and stress 
distribution include diameter of the implant, the 
length of the bone-implant interface, and the 
spacing, shape, and depth of the threads. The 
dimensions of an implant, specifically its diame-
ter and length, directly impacts the stress distri-
bution in the surrounding bone [71]. Increasing 
implant diameter reduces bone stress near the 
implant [72]. By optimizing the geometric con-
figuration of the implant, it is possible to miti-
gate bone resorption around the implant, there-
by enhancing both implant stability and the 
likelihood of long-term success. Furthermore, 
design of the implant-abutment connection 
also plays a critical role in stress transfer mech-
anisms, influencing stress distribution at the 
interface between the bone and the implant. 
An appropriately designed connection can alle-
viate stress concentration, lowering the risk of 
implant loosening and failure [73, 74]. Addition-
ally, implant material selection, as discussed 
in Chapter 4, is vital for achieving optimal bio-
compatibility and mechanical compatibility with 
adjacent bone tissue. Selecting materials with 
an appropriate MOE minimizes bone resorption 
and mitigates implant failure risks. The nature 
of the implant connection exerts a more signifi-
cant influence on the stress experienced by the 
implant and abutment than the diameter of the 
components. Tissue-level connections demon-
strate a more advantageous stress distribution 
compared to bone-level connections. Lee rec-
ommends tissue-level connections for patients 
with low-density cancellous bone [75]. Addition-
ally, bone strain is influenced by bone mineral 

Figure 5. General procedures for dental restoration. Following the den-
tist’s diagnosis, the selection of the prosthesis is determined based on 
the patient’s specific condition. Subsequently, the design of the shape 
and structure is undertaken, after which the most suitable material for 
the fabrication and installation of the prosthesis is chosen.
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density, with higher bone mineral density levels 
correlate with reduced stress on both the bone 
and the implants [76].

Implant-supported dentures are a reliable 
and predictable treatment option with high 
survival rates and long-term stability, owing 
to the advancements and widespread adop-
tion of implant technology [77]. Studies using 
FEA have demonstrated consistent results for 
implant-supported dentures. For instance, Gü-
zelce et al. compared the stress effects of vari-
ous implant types for overdentures on support-
ing bone, implants, and frame materials under 
masticatory forces [78]. The study revealed 
that overdentures supported by conventional 
implants are more stable than those supported 
by micro-implants.

It is worth noting that traditional implant-sup-
ported fixed complete dentures typically require 
6-8 implants and involve a long recovery time. 
The concept of All-on-4®, a clinical plan for im-
plant-supported and immediate restoration of 
edentulous jaws proposed by Maló, has been 
extensively studied in clinical practice [79-84]. 
Similar to findings in implant dentures and 
implant-supported FPDs, FEA analyses of the 
All-on-4® system indicate that modifying the 
implant design in complete fixed denture sup-
ported by four implants has minimal impact on 
bone stress and strain. Therefore, altering the 
implant design may have little effect on implant 
bone remodeling.

Analysis of the interaction between the resto-
ration and the tooth

Despite the material selection and structural 
design, the long-term stability and success of 
dental restorations also rely on the interaction 
between the prosthesis and the tooth. FEA can 
accurately simulate this interaction, delivering 
objective and comprehensive evaluations of 
prosthesis performance that are invaluable for 
clinical decision-making. By simulating forces 
under various conditions, FEA examines how 
the prosthesis influences stress distribution, 
displacement, and other parameters in the 
tooth. This analytical approach aids in uncover-
ing the inherent principles governing the pros-
thesis - tooth interaction and elucidating the 
reciprocal mechanisms.

The integrity of the adhesive interface is im-
portant for the success of inlay repairs [85]. 
Previous studies have shown that the thickness 
of the adhesive layer affects the stress distri-
bution and wear, though the ideal thickness re-
mains debated [56]. Restorative materials also 

play a crucial role in the stress distribution and 
damage degree at the enamel-inlay bonding 
interface. He et al. conducted FEA to analyze 
the stress distribution of the inner crown and 
cement layers using different restoration ma-
terials and resin cements [55]. Their findings 
revealed that higher material hardness reduced 
stress on the cement layer because high-
MOE materials concentrated the stress within 
themselves, thereby lowering peak stress on 
the cement layer. Therefore, high-MOE material 
is beneficial for bonding. Ceramic inlays bear 
the stress primarily on the ceramic structure, 
minimizing damage to the enamel. In contrast, 
resin composite inlays release shrinkage stress 
at the interface with the tooth structure, pro-
moting crack propagation towards the inner 
enamel. Therefore, ceramic inlays offer superi-
or protection residual dental tissue compared 
to resin composite inlays, which is consistent 
with the findings in Chapter 4.

Implant-assisted RPDs (IARPDs) enhance reten-
tion force and stability through both direct ef-
fects of the implant and indirect effects on the 
bone. Additionally, they also help maintain bone 
levels around the implant, particularly in cases 
of posterior tooth loss [86]. In a review of FEA, 
Ichikawa et al. analyzed the strain distribution 
across the metal frame, tooth root, and other 
components, focusing on the impact of implant 
positioning on the load distribution of IARPDs 
supporting elements [87]. Their results indicate 
that the position of implants in IARPDs can af-
fect the load distribution of abutment teeth and 
implants. Implant support and/or retention in 
IARPDs can prevent wobble motion along the 
rotation axis of the prosthesis, thereby reducing 
the risk of abutment teeth loss. Comparative 
studies between in vitro experiments and FEA 
highlight that FEA can simulate not only vertical 
loads but also tilted or horizontal loads, offering 
more accurate experimental results that closely 
mimic real bite force and masticatory force.

For fixed bridges, the distribution of stress is 
highly dependent on the number and place-
ment of implants. FEA studies has shown that 
optimal bone stress distribution and prevention 
of bone resorption caused by stress concen-
tration can be achieved by using at least three 
implants to support a four-unit implant-support-
ed FPD [47, 77, 80]. FEA has shown that the 
highest stress concentration occurs in the con-
tact area between the abutment and implant, 
regardless of the abutment type [88]. Naguib 
et al. found through FEA that using implants 
with a larger width is more conducive to stress 
propagation, aligning with prior FEA research 
on implant dentures [71, 89]. Furthermore, FEA 
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also identified a proportional relationship be-
tween implant length and stress: increasing the 
length of the distal implant while maintaining a 
fixed diameter may result in higher torque and 
stress [71].

Researchers have increasingly focused on tilted 
implants in complete denture restoration. FEA 
was used to evaluate the maximum von-Mises 
stress experienced by the implant and the ad-
jacent cortical bone. Studies have shown that 
stress and strain exerted on the surrounding 
bone tissue are significantly influenced by the 
positioning of the load, whereas the implant’s 
design has minimal impact [35]. Elevated bone 
stresses and strains were observed when the 
load was positioned near the tilted posterior 
implant. Similarly, Ibrahim et al. utilized FEA in 
their investigation and confirmed that stress 
levels increased with the angle of posterior 
implant tilt, suggesting that optimizing the im-
plant’s tilt angle can mitigate deformation and 
enhance performance [90].

While most FEA studies focus on mechanical 
factors, they may not fully account for biologi-
cal responses, such as bone remodeling and 
tissue healing, which are critical to clinical out-
comes. FEA provides valuable insights into the 
influence of prosthetic design on the healing of 
adjacent tissues. Implant designs that induce 
localized stress concentrations may disrupt the 
normal healing process, potentially delaying or 
impairing recovery. The adaptation of bone tis-
sue in response to mechanical loading, known 
as bone remodeling, is a critical determinant of 
the long-term stability of implants. FEA models 
can incorporate bone remodeling processes to 
forecast alterations in bone density surrounding 
the implant and assess the long-term effects 
of prosthetic design. For instance, Poovarodom 
developed a bone remodeling algorithm based 
on FEA to simulate changes in bone density 
in response to mechanical stimulation, such 
as bite force [74]. Strain induced by mechan-
ical loading influences bone density changes 
over time. By implementing a 12-month bone 
remodeling algorithm, the study optimized 
key parameters, including implant placement 
depth, abutment taper, and gingival height 
of the titanium abutment. Findings indicated 
that both implant placement depth and taper 
significantly affect bone remodeling, with the 
optimized model improving bone density unifor-
mity. Rajaeirad employed the same theoretical 
framework of bone remodeling algorithms to 
forecast the impact of functionally graded ma-
terials on the process of bone remodeling [91].  
FEA results indicated that the bone density 
and mechanical properties of titanium-hydroxy-

apatite (Ti-HAP) implants were influenced by 
the volume fraction of hydroxyapatite within 
functionally graded materials, consequently en-
hancing osseointegration and remodeling.

Current trends and future directions

FEA continues to play a pivotal role in advanc-
ing biomechanical research in prosthodontics 
and offers substantial potential for clinical 
application. While FEA is currently employed in 
prosthetics under static and ideal conditions, 
it has significant advantages in scientific re-
search, including short experimental duration, 
good repeatability, and the ability to test a wide 
range of complex working conditions without 
causing damage. These attributes make it an 
invaluable predictive tool for clinical perfor-
mance [85].

In clinical practice, the selection of an ap-
propriate repair method should consider the 
patient’s specific needs, oral condition, an-
ticipated outcomes, and financial resources. 
FEA aids clinicians by providing critical insights 
into the properties of various materials and 
techniques, thereby facilitating more informed 
clinical decision-making. Inlays are frequently 
employed for small to medium-sized defects in 
posterior teeth, particularly when the remaining 
tooth structure is sufficiently robust to support 
the restoration [43, 85]. RPDs are indicated in 
scenarios involving multiple missing teeth, par-
ticularly when fixed prostheses or implants are 
not financially viable [92]. RPDs are relatively 
easy to clean and maintain and effectively re-
store functionality [2]. Nevertheless, their sta-
bility and comfort are generally inferior to other 
options and they may exert stress on adjacent 
natural teeth and surrounding soft tissues [2, 
93]. FPDs are ideal for the restoration of one 
or more adjacent missing teeth, particularly 
in cases where the neighboring teeth are in 
good health [77]. They offer excellent stability, 
comfort, and functional and aesthetic out-
comes resembling natural dentition. However, 
the preparation often involves the removal of 
a substantial amount of dental tissue from 
supporting teeth [94]. Implants are ideal for 
the restoration of one or more missing teeth, 
particularly for patients seeking a restoration 
that closely resembles natural dentition. They 
offer optimal stability and support, while also 
preserving alveolar bone structure without re-
lying on adjacent teeth. However, implants are 
cost-intensive and may require an extended 
treatment timeline [90].

In terms of biomechanical properties, dental 
implants generally outperform other restorative 



197

Progress in Medical Devices 2024; 2 (4): 187-202. PMD24110394

Progress in Medical Devices

methods, with fixed dentures ranking second 
and removable dentures exhibiting the least 
favorable characteristics. Implants exhibit the 
highest rates of survival and success, followed 
by fixed dentures, whereas removable dentures 
may compromise long-term outcomes due to 
various factors, including inadequate stability 
and challenges in maintenance. While remov-
able dentures are the most economical option, 
fixed dentures and inlays follow, with implants 
representing the most expensive but delivering 
superior functional and aesthetic results.

Continuous technological innovation have en-
abled the combination of various restorative 
methods. For example, inlay-retained FPD pro-
vides a viable alternative for patients who de-
cline implant treatment or traditional FPD due 
to aesthetic or other reasons [95]. The design 
of the bridge and connector is critical in such 
cases. FEA focuses on examining the stress 
levels and fracture resistance of bridges. For 
single missing tooth, a two-element resin-bond-
ed FPD offers a feasible and minimally invasive 
treatment option [42]. Dental implant FPD is 
also a feasible and predictable treatment [69]. 
Additionally, for patients who have undergone 
root canal treatment, the use of internal crowns 
can help retain more tissue and reduce the 
risk of FPD fracture or debonding failure [9]. A 
hybrid prosthesis known as a fixed- removable 
denture combines a fixed component attached 
to abutment teeth with a removable compo-
nent. Retention between the two is achieved 
through mechanical mechanisms, including 
friction, spring force, locking force, or magnetic 
retainers. Future research in FEA can focus on 
combined restoration technology. Simulation 
analysis can provide valuable insights into op-
timizing clinical strategies to meet aesthetic 
requirements while minimizing patient discom-
fort.

Nonetheless, there are notable limitations in 
the application of FEA to clinical practices. The 
accuracy of predictive FEA depends on various 
factors, including the geometric details of the 
object, boundary conditions, loads, and mate-
rial properties [29]. FEA is frequently employed 
to model and simplify intricate biological sys-
tems, including the mechanical behavior of 
bone structures at both microscopic and mac-
roscopic levels, the nonlinear characteristics 
of soft tissues, and the interactions between 
prosthetic materials and host tissues. This 
modeling process abstracts the actual biologi-
cal environment, aiming to capture the primary 
mechanical features and response behaviors 
of the system through numerical calculations. 
When studying oral structures, it is also crucial 

to consider their deformation dynamics. Ex-
isting computer simulations often fall short of 
fully capturing the complexity of human biolog-
ical behaviors. Most FEA studies assume that 
the properties of bone, teeth, and restoration 
materials are homogeneous, isotropic, and lin-
early elastic [40, 41, 88]. As stated in Section 
3.2, while these assumptions enable reason-
ably accurate FEA results, clinical validation 
remains essential to ensure their applicability 
in real-world scenarios.

When developing FEA models, simplifying ma-
terial properties is an essential step. Given the 
variety and complexity of biomaterials—such 
as the heterogeneity of bone, the viscoelastic 
nature of soft tissue, and the varying mechan-
ical properties of prosthetic materials—models 
typically rely on average or idealized values for 
these properties. While this approach simplifies 
calculations, it may not accurately represent 
the true variability of material properties in 
clinical settings, particularly when accounting 
for individual differences, disease conditions, 
or age-related changes. Additionally, accurately 
simulating the biological characteristics of the 
occlusion process also presents challenges 
[96]. Loads settings in FEA are generally sim-
plified to a single force, with only vertical or 
oblique load directions, fixed boundary condi-
tions, and without considering the influence of 
multi-point forces. These limitations also do not 
invalidate the value of FEA as a predictive tool 
[50]. These limitations emphasize the necessity 
of thoughtful evaluation when using FEA in clin-
ical scenarios, underscoring the significance of 
integrating FEA findings with clinical expertise 
and additional diagnostic methods. Further 
laboratory and clinical studies, including in vitro 
studies and long-term follow-ups, are necessary 
to validate the outcomes suggested by FEA [96]. 
For example, Ye et al. conducted a long-term 
follow-up study to assess the individual cases 
analyzed through FEA [47]. The findings showed 
no significant reduction in bone level or bone 
resorption around the implants, indicating that 
the implant design scheme was satisfactory in 
terms of function and denture stability.

The purpose of FEA is to provide dentists with 
an efficient tool for mechanical analysis and 
a reliable theoretical basis for studying the 
mechanical properties of restorations. In the 
future, developing new methods for the auto-
matic generation and analysis of finite element 
models, potentially leveraging machine learn-
ing, will be essential for expanding its practical 
applications. In clinical practice, such advance-
ments must focus on speed, high automation, 
and the ability to deliver accurate reference 
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indices tailored to individual patient needs.
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