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Abstract—MEMS (Micro Electromechanical System) sensors 
have been increasingly used to detect human movements in 
health monitoring applications. Usually, a full cycle of design and 
fabrication of a MEMS sensor such as an accelerometer requires 
highly professional understanding of device functions and 
expertise in microfabrication process. However, the advent of 
internet of things (IoT) brings a large demand for low-cost and 
highly customizable sensors, which requires fast fabrication and 
flexible design, even by the customers with limited background 
knowledge in the device itself. In this work, we present the 
development of a rapid design and fabrication workflow for 
accelerometers by combining an artificial neural network (ANN) based inverse design method and a one-step 3D 
printing fabrication technique. The one-step 3D printing fabrication approach is based on a conductive composite 
material, a polylactic acid (PLA) polymer with carbon black. In device design, trained bidirectional ANNs were designed 
to predict the device performance from given design parameters and retrieve the design parameters from the customer 
requirements of the device performance. A capacitive accelerometer was then designed based on the retrieved 
geometric parameters and fabricated by an integrated 3D printing process without using any additional metallization 
and assembly processes. With a sensitivity of 75.2 mV/g and a good dynamic response, the 3D printed accelerometer 
was shown to be capable of detection and monitoring of human movements. The proposed rapid design and fabrication 
workflow provides an effective solution to customized and low-cost MEMS devices suitable for IoT applications.  
 

Index Terms—Conductive composite material, integrated 3D printing, machine learning, sensor. 

 

 

I.  INTRODUCTION 

N recent years, MEMS (Micro Electromechanical System) 

sensors such as accelerometers, gyroscopes and pressure 

sensors have been widely used in smart phones and smart 

watches. These mobile devices are not only capable of 

providing a communication function, but also can be utilized to 

monitor human health or track body motions in real time. 

Although MEMS devices manufactured using the traditional 

microelectronic production technologies have excellent 

performances [1-3], a complete manufacturing cycle usually 

takes several months making it inefficient to the increasing 

scenarios of personalized and customized applications. 

Machine learning (ML) enables computers to learn from 

datasets and find relations between inputs and outputs without 
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being explicitly programmed. As one of the most exciting 

breakthroughs in ML methods, deep learning (DL) or artificial 

neural networks (ANNs) has made a significant impact in the 

areas of computer vision, speech recognition, natural language 

processing [4]. More recently, DL also starts to prevail in other 

domains, such as material science, computational chemistry, 

biology and photonics [5-15], where it exhibits the ability to 

solve the inverse problems whose exact analytical formulas are 

usually difficult to find. The inverse networks are able to learn 

the complex non-linear relationships between the variables 

from the datasets, with which the goal of design-on-demand 

can be achieved easily [16-18]. 

The three-dimensional printing (3DP) is one of the 

distributed manufacturing methods, which is another important 

technique in intelligent manufacturing [19]. In the 3D printing 

process, the three-dimensional solid object is created from a 

digital 3D model file by additive manufacturing methods. 3D 

printing is not only an effective method to reduce time and save 

materials, but also has the ability to fabricate geometrically 

complex structures [20]. In addition, the 3D printing technique 

provides a convenient method for customized production, 

especially when various 3D printers are shared via a cloud 

platform [21]. Compared with other 3D printing methods, fused 

deposition modeling (FDM) is one of the most widely applied 

printing schemes due to its simple principle, relatively low cost 
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and a wide variety of printing materials [20,22-25]. Among the 

FDM 3D printing materials, polylactic acid (PLA) is one of the 

most popular thermoplastic polymers since it is a biodegradable 

polymer and has good mechanical properties [26-30]. Although 

many electronic devices have been fabricated using 3D printing 

[31-42], the electrically insulating properties of most of the 3D 

printed polymers restrict the applications of 3D printing in 

fabrication of electronic devices. Additional metallization and 

assembly processes have to be employed to fabricate the 

electrodes and interconnections for the 3D printed devices [43]. 

Recently, it is found that the PLA filaments exhibit electrical 

conducting properties when they are doped with carbon black, 

carbon nanotubes or graphene as conductive fillers [44-46]. 

Thus, the electrically conductive PLA filaments are compatible 

with the normal 3D printing process and provide a convenient 

method for the fabrication of the electrodes. Another limitation 

of 3D printing is the assembly process. Since 3D printing is a 

bottom-up process, the MEMS devices with suspended 

structures cannot be directly 3D printed. To solve this problem, 

there are two methods usually employed. In the first method, 

the suspended structures were 3D printed with supporters [43]. 

The supporters were fabricated using the same material as the 

suspended structures and needed to be removed manually. In 

the second method, the components of the devices were 

fabricated separately and then assembled together [42]. Hence, 

the efficiency will be affected by the material removal process 

and the assembly process. 

In this paper, by combining an ANN inverse design model 

with 3D printing, we demonstrate a rapid design and fabrication 

workflow for a capacitive accelerometer. The accelerometer 

was designed by employing the bidirectional ANNs, which was 

composed of a forward network and an inverse network. After 

training, the forward network was able to predict the results for 

the given geometric parameters and the inverse network was 

able to retrieve the geometric parameters for the desired results 

within seconds. Then a 3D digital model of the capacitive 

accelerometer was built based on the retrieved geometric 

parameters. With a multi-extruder FDM 3D printer, a 

non-conductive PLA filament was used to print the structural 

frame, a carbon black-based conductive PLA filament (C-PLA) 

was used to print the electrodes and a soluble HIPS (high 

impact polystyrene) filament was used to print the sacrificial 

layers. The accelerometer was fabricated by the integrated 3D 

printing process in approximately one hour without using any 

additional metallization and assembly processes. Therefore, a 

rapid design and manufacturing process for MEMS devices has 

been realized by combining the ANN-assisted design method 

and the integrated 3D printing fabrication approach. 

II. MATERIALS AND METHODS 

A. Materials 

The 3D printer Creatbot® DX was provided by Suwei 

Electronic Technology Co., Ltd. The diameter of the nozzle 

was 0.4 mm. The HIPS filament and the D-Limonene solvent 

were obtained from RS Components. The carbon black-based 

conductive PLA filament had a resistivity of 15 Ω·cm and was 

purchased from Proto-Pasta. The diameter of the filament was 

1.75 mm. The capacitive readout IC MS3110 (Universal 

Capacitive ReadoutTM IC MS3110) was obtained from Irvine 

Sensors and had a capacitance resolution of 4.0 aF/rtHz. The 

supply voltage of the MS3110 was 5 V and the reference 

voltage was 2.25 V. 

B. Bidirectional ANNs 

Figure 1a shows the workflow of the proposed rapid 

design-on-demand and manufacture-on-demand methodology 

for the capacitive MEMS accelerometer. The datasets for 

training of the ANNs can be produced using a FEM (finite 

element method) based simulation method. Then the 

bidirectional ANNs are trained using the datasets. Both the 

FEM simulation procedure and the ANNs training procedure 

can be carried out on a remote computing platform, which has a 

strong computing ability and a great storage capacity. Once the 

ANNs are trained, the customers only need to input their 

personalized requirements into the inverse ANN, the 

corresponding geometric parameters can be retrieved in one 

second. After that, the 3D devices can be produced in a one-step 

3D printing process without using any additional metallization, 

unloading-reloading filament, alignment and assembly steps. 

As an application of the rapid design-fabrication approach, 

a MEMS accelerometer has been designed and fully 3D printed. 

As illustrated in Figure 1d, the proposed capacitive 

accelerometer is composed of a movable beam-mass structure, 

two fixed parallel plates and two spacers. In the beam-mass 

structure shown in Figure 1e, a movable proof mass is 

suspended by four central symmetrical beam springs. Each 

beam spring has three L-shape beams, which have the same 

length and width. The long sides of the L-shape beams are 

symmetric with respect to the centerlines. The proof mass and 

all beam springs have the same thickness. Figure 1f shows the 

cross section of the accelerometer. The beam-mass structure 

and the parallel plates form two parallel-plate capacitors. The 

initial capacitance between the proof mass and each plate can 

be expressed as [42] 

 

                                                                                            (1) 

 

where C1 and C2 are the capacitances of the two parallel-plate 

capacitors, C0 is the initial capacitance, ε is the permittivity of 

the media, A is the effective area and d0 is the initial gap 

distance. Under an external acceleration, the beam springs will 

deform and the proof mass will move thereby changing the 

capacitances of the differential capacitive accelerometer, which 

consists of two variable parallel-plate capacitors. The external 

acceleration can be detected by measuring the capacitance 

changes. For small displacements, the capacitance difference 

(ΔC) can be approximately expressed as 

 

                                                                                            (2) 

 

where x is the displacement of the proof mass due to 

acceleration. Therefore, the capacitive accelerometer is an 

approximately linear system. However, there is a complex 

non-linear relationship between the geometric parameters of 

the beam-mass structure and the spring constant. Although an 

expression can be derived based on the structural mechanics 

approach, the analytic expression is still too complicated to be 
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used to make a quick prediction of the performances of the 

accelerometer based on the given geometric parameters. The 

analytical results are usually approximations in ideal cases with 

regular geometries. More often, these analytical expressions 

only provide qualitative guidance but cannot accurately and 

quantitatively used in a real design process [47-48]. Besides, it 

is more difficult to obtain an accurate analytic expression to 

describe the inverse problem, which would be necessary to 

obtain the geometrical parameters from the desired 

performances of the device. Machine learning technologies 

provide a convenient method for solving these problems since 

the neural networks can be trained to learn the complex 

non-linear relationships or fuzzy logics between the inputs and 

outputs. 

TABLE I 
PARAMETERS OF THE ANNS 

 

Symbol Quantity Units 

BL Beam length μm 

MT Beam-mass thickness μm 

MW Proof mass width μm 
SD Sidewall distance μm 

CD Gap distance μm 

ΔC Capacitance difference pF 
F Resonance frequency Hz 

C0 Initial capacitance pF 

OW Overall width μm 
OH Overall height μm 

 

780μm

SD

Mass

CD

Top Plate

Bottom Plate

Beam

Mass

BL

Beam

Sacrificial layer

Sacrificial layer

Spacer

d e

f

Spacer

MT

MW

PLA Conductive PLAHIPS

2000μm

Electrode

Electrode

2000
μm

FEM

Datasets

Training bidirectional 

ANNs

Parameters 

Storage

Computing platform

Client-side 

server

MEMS models 3D devices
Forward prediction/ 

Inverse retrieval

Integrated 

3D printing

a

BL

MT

MW

SD

CD

ΔC

F

C0

OW

OH

...
...

...
...

...
...

...
...

...

5
Input

20
Hidden 1

20
Hidden 2

20
Hidden 3

5
Output 

5
Input 

20
Hidden 1

5
Output

20
Hidden 2

 Forward prediction network

Inverse retrieval network

b

c

Beam

 
Fig. 1.  Schematic diagrams of the capacitive accelerometer and the bidirectional ANNs. (a) Workflow of the rapid design and fabrication approach. 
(b) The forward prediction ANN. (c) The inverse retrieval ANN. The parameters of the ANNs can be found in Table Ⅰ. (d) 3D model of the 

accelerometer. (e) Top view of the beam-mass structure. (f) Cross section of the accelerometer. 

 

In this study, the width of the frame was set to be 2000 μm, 

the thicknesses of the two parallel plates were set to be 2000 μm 

and the beam width was set to be 780 μm. An accelerometer 

structure can be determined by five variable geometric 

parameters of beam length (BL), beam-mass thickness (MT), 

proof mass width (MW), sidewall distance (SD) and gap 

distance (CD). Considering the resolution of the FDM 3D 

printer used for this work, the beam lengths of interest were set 

at the range of 7000-19000 μm. Similarly, the ranges of 

beam-mass thickness (MT), proof-mass width (MW), sidewall 

distance (SD), gap distance (CD) were set to be 1000-3000 μm, 

10000-22000 μm, 5400-7000 μm and 700-900 μm, respectively. 

If every geometric parameter is discretized uniformly into five 

data points within certain ranges, 3125 different combinations 

can be obtained and 2375 of them are valid according to the 

geometric constraint that the beam length should not be larger 

than the proof-mass width (BL≤MW). In the capacitive 

accelerometer model, only the capacitances between the 

parallel plates and the mass were considered. The capacitances 

between the springs and the plates were ignored because of the 

small overlapping areas and small changes. When an external 

acceleration of 9.8 m/s2 is applied, a group of results can be 

obtained. The results include capacitance difference (ΔC), the 

first resonance frequency (F), initial capacitance (C0), overall 

width (OW) and overall height (OH). A commercial FEM 

software ANSYS was used to carry out the numerical 

modelling of the designs to produce the corresponding results. 

Before feeding data into the networks, both the input data and 

the output data were normalized. After that, the datasets were 

divided into a training set and a testing set at a ratio of 4:1. In 

the forward modeling, the input dataset was composed of the 

2375 groups of geometric parameters and the output dataset 

was composed of the corresponding simulation results. In the 

inverse modeling, the input dataset was composed of the 2375 
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groups of results and the output dataset was composed of the 

corresponding geometric parameters. 

The bidirectional ANNs of the capacitive accelerometer 

were constructed by a forward network and an inverse network 

and trained using MATLAB. Both the FEM simulation and the 

ANNs training were carried out on a remote 3.30 GHz Intel® 

Xeon® server. As shown in Figure 1b, the forward ANN was a 

fully connected neural network with two hidden layers. Each 

hidden layer had 20 nodes. The input layer with the dimension 

of 1×5 was formed by the five geometric parameters. 

Correspondingly, the output layer with the dimension of 1×5 

was formed by the results. The tangent sigmoid function was 

used as an activation function. The learning rate was chosen to 

be 0.01. After 50 epochs of training, the MSE (mean squared 

error) of the forward network was 6×10-7. As shown in Figure 

1c, the inverse ANN was a fully connected neural network with 

three hidden layers. Each hidden layer has 20 nodes. The input 

layer with the dimension of 1×5 was formed by the results and 

the output layer with the dimension of 1×5 was formed by the 

geometric parameters. The tangent sigmoid function was used 

as an activation function. The learning rate was chosen to be 

0.01. After 100 epochs of training. The MSE of the inverse 

network was 2×10-5. After completion of training, the forward 

ANN can be applied to predict the results for the given 

geometric parameters and the inverse ANN can be applied to 

retrieve the geometric parameters by inputting the desired 

results into to the network. Figure 2a-2d show the application of 

the forward ANN in performance prediction. The curves were 

obtained by numerical simulation and the red hollow dots were 

obtained by the trained forward ANN. Figure 2e-2i show five 

groups of validation results for the inverse ANN. The good 

consistency indicates the forward ANN can make an accurate 

prediction and the inverse ANN can be applied as an assisted 

method for the device design. 
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Fig. 2.  Evaluation of the bidirectional ANNs. (a) Relationship between beam length and displacement. (b) Relationship between beam length and the 
first resonance frequency. (c) Relationship between beam-mass thickness and displacement. (d) Relationship between beam-mass thickness and 
the first resonance frequency. (e)-(i) Validation results for the inverse ANN. 
 

As an illustration of the application of the inverse ANN, 

on-demand design of a capacitive accelerometer was realized 

for monitoring human movements. In the inverse design, the 

geometric parameters of the accelerometer were obtained by 

retrieving the given results using the trained inverse ANN. For 

example, considering the detection accuracy of the readout 

circuit, the initial capacitance of the parallel-plate variable 

capacitor was set to 4.3 pF. The capacitance difference was set 
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to 0.042 pF under an external acceleration of 9.8 m/s2. 

Considering the resonance effect of the beam-mass structure, 

the first resonance frequency was set to 250 Hz. Considering 

the resolution of the 3D printer, the overall width of the 

accelerometer was set to 38000 μm and the overall height was 

set to 8300 μm. After retrieving using the inverse network, a 

group of geometric parameters (BL=16887 μm, MT=2593 μm, 

MW=20408 μm, SD=6807 μm, CD=855 μm) was obtained 

(Supplementary Table S1). Two methods were utilized to 

verify the accuracy of the retrieved geometric parameters. In 

the first method, the retrieved geometric parameters were 

inputted into the trained forward ANN and then a group of 

results was obtained (ΔC=0.0423 pF, F=249.568 Hz, C0=4.308 

pF, OW=38028 μm, OH=8304 μm), which was close to the 

initial desired results. In the second method, a FEM model was 

built based on the retrieved geometric parameters and then 

simulated. The simulation results were also close to the initial 

desired results (comparison between the desired results and the 

verification results can be found in the supplementary Table 

S2). 

Considering the resolution of the 3D printer, the retrieved 

geometric parameters in the former example were 

approximated as BL=16.9 mm, MT=2.6 mm, MW=20.4 mm, 

SD=6.8 mm, CD=0.9 mm (see Supplementary Table S3 for 

details). The corresponding 3D model of the capacitive 

accelerometer was then built for 3D printing. It should be noted 

that the 3D model included functional layers as well as 

supporters. By using the HIPS based supporting (sacrificial) 

layers, the upper suspended structures could be 3D printed 

directly on the structural layers below. 

III. RESULTS AND DISCUSSION  

Since most of the 3D printed thermoplastic polymers are 

electrically insulating materials, additional metal deposition 

process and patterning process have to be used to fabricate the 

electrodes and the interconnections for the electronic devices, 

which make the additional assembly processes become 

indispensable [43]. By filling PLA with carbon black, graphene 

or carbon nanotubes, the PLA composite materials exhibit 

conducting properties, which are also compatible with the 

normal 3D printing process. Therefore, with the conductive 

composite materials, both the structural frames of the devices 

and the electrodes can be fabricated in a one-step 3D printing 

process without using additional assembly process.  

Figure 3a shows the conductive effect of the PLA 

composite material. The carbon black-based PLA traces were 

3D printed on a PLA substrate and the resistivity was 15 Ω·cm. 

By connecting to the electrically conductive PLA traces, an 

LED was successfully operated. Figure 3c and Figure 3d show 

the SEM (scanning electron microscope) images of the surface 

of the conductive PLA structure. The smooth surface 

morphologies ensured reliable electrical conductivity. 

Although it is shown that the conventional metallization 

processes such as electroless plating, sputter, evaporation, and 

inkjet printing can be replaced by 3D printing of the PLA 

composite material in some applications, additional processes 

such as unloading-reloading filament, alignment and assembly 

process are still needed since most of the 3D printers have only 

one extruder, only one material can be 3D printed at a time. The 

MEMS devices with suspended structures have to be 3D 

printed separately and then assembled together. In order to 

overcome this problem, we developed an integrated 3D printing 

method based on a triple-extruder 3D printer, a normal PLA 

material, a conductive PLA composite material and a HIPS 

sacrificial material. Figure 3b shows a photograph of the 

triple-extruder 3D printer. The left extruder of the 3D printer 

was loaded with the non-conductive PLA filament. The middle 

extruder was loaded with the HIPS filament. The right extruder 

was loaded with the conductive PLA filament. Since the three 

extruders were aligned, the three different filament materials 

could be printed alternately on the exact location without 

needing an additional alignment process. 

 

300μm 50μm

PLA HIPS Conductive PLA

a

c d

b

Conductive PLANormal PLA

 
Fig. 3. Photographs of the 3D printed conductive traces and the SEM 
images of the carbon black-based PLA structure. (a) An LED was 
operated by connecting to the carbon black-based PLA traces. (b) 
Photograph of the triple-extruder 3D printer. (c) SEM image of the 
surface of the conductive PLA structure. (d) SEM image with higher 
magnification. 
 

The one-step 3D printing process of the capacitive 

accelerometer is shown in Figure 4. It can be seen that the 

structural frame of the accelerometer was printed using a 

normal PLA filament (Figure 4a, 4c, 4f, 4h, 4k), which has 

good mechanical properties and electrically insulating 

properties. The printing temperature of PLA filament was 

190ºC. The electrodes were printed at a temperature of 230ºC 

using the carbon black-based conductive PLA filament (Figure 

4b, 4e, 4g, 4j). The supporters of the suspended structures were 

printed at a temperature of 230ºC using a soluble HIPS filament, 

which acted as sacrificial layers in MEMS fabrication. With the 

triple-extruder 3D printer, the insulating structures, conductive 

electrodes and temporary supporters can be fabricated in a 

one-step 3D printing process without using any additional 

metallization and assembly processes. It is worth noting that the 

3D printing steps of the spacers (Figure 4c and Figure 4h) and 

the 3D printing steps of the supporters (Figure 4d and Figure 4i) 

were drawn in different figures just for convenience. In the 

actual printing process, the thin PLA layers and the thin HIPS 

layers at the same level were 3D printed alternately. At a 

printing speed of 40 mm/s and a fill rate of 100%, the 3D model 

of the accelerometer was printed in approximately one hour. 
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Fig. 4. Integrated 3D printing process of the capacitive accelerometer. (a) Bottom plate printing (left extruder, PLA). (b) Bottom plate electrode 
printing (right extruder, C-PLA). (c) Under spacer printing (left extruder, PLA). (d) Under supporter printing (middle extruder, HIPS). (e) Under 
beam-mass electrode printing (right extruder, C-PLA). (f) Beam-mass printing (left extruder, PLA). (g) Upper beam-mass electrode printing (right 
extruder, C-PLA). (h) Upper spacer printing (left extruder, PLA). (i) Upper supporter printing (middle extruder, HIPS). (j) Top plate electrode printing 
(right extruder, C-PLA). (k) Top plate printing (left extruder, PLA). (l) HIPS supporters removing. 

After printing, the 3D printed structure was immersed into 

an environmentally friendly solvent of D-Limonene at room 

temperature. The HIPS supporters were selectively dissolved in 

D-Limonene, while other functional layers were not affected. 

The device was then soaked and washed in ethanol and distilled 

water to remove any residual HIPS and D-Limonene. After that, 

the capacitive accelerometer was obtained. Figure 5b shows a 

photograph of the device after 3D printing. Figure 5c shows the 

photograph of the 3D printed accelerometer after removing the 

supporters. The actual dimensions of the 3D printed 

accelerometer were 37 mm×37 mm×8.5 mm, which were close 

to the designed dimensions of 38 mm×38 mm×8.3 mm. It 

should be noted that it is possible to use the integrated 3D 

printing method to fabricate smaller devices based on the 

trade-off between size and sensitivity. Several fully 3D printed 

accelerometers with different sizes can be found in the 

supplementary Figure S4. With the rapid developments of the 

computing techniques and the 3D printing techniques [50], the 

new method has a potential for design and fabrication of 

MEMS devices. 

To demonstrate the application of the 3D printed 

accelerometer, as shown in Figure 5a, the 3D printed 

accelerometer was attached and connected to the capacitive 

readout circuit MS3110. When an external acceleration is 

applied, the capacitances of the two parallel plate capacitors 

will change slightly due to the movement of the proof mass. 

The capacitive readout circuit provides an output voltage 

proportional to the capacitance change [49]. To calibrate the 3D 

printed accelerometer, the device was mounted on a rotational 

setup and measured at the range of [-9.8 m/s2, +9.8 m/s2] 

(Supplementary Figure S1). From the measurement results 

shown in Figure 5d, it can be seen that the 3D printed 

accelerometer device had a sensitivity of 75.2 mV/g and a 

nonlinearity error of 4.3% (see Supplementary Table S4 and 

Figure S3 for details). Although the 3D printed accelerometer 

device exhibited good sensing performances, there was a 

difference between the measurement results and the simulation 

results due to process deviations (the comparison between the 

measurement results and the desired results can be found in 

Supplementary Table S5). The process deviations can be 

compensated in future work to improve the accuracy of the 3D 

printed devices.  

In order to test the dynamic response of the 3D printed 

accelerometer system, an oscilloscope (Tektronix MSO 2012B) 

was used to measure the real-time response when an adult was 

running or jumping. The waveforms shown in Figure 5e and 

Figure 5f are the real-time output voltages over a period of two 

seconds. It can be seen that there are six peaks in the waveform 

shown in Figure 5e, which means the adult run six steps in two 

seconds. The three peaks in Figure 5f means the adult jumped 

three times in two seconds. These results indicate that the 3D 

printed accelerometer device has a good dynamic response and 

can be used for providing reliable information on people’s 

movements. 
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Fig. 5. 3D printed accelerometer device and measurement results. (a) Schematic diagram of the capacitive readout circuit. (b) Photograph of the 3D 
printed accelerometer before removing the supporters. (c) Photograph of the 3D printed accelerometer after removing the supporters. (d) 
Measurement results of the 3D printed accelerometer device. (e) Dynamic response when an adult was running. (f) Dynamic response when an adult 
was jumping. 

 

IV. CONCLUSION 

A capacitive accelerometer based on ANN-assisted design 

and integrated 3D printing for rapid design and fabrication has 

been presented in this paper. In device design, bidirectional 

ANNs of the accelerometer were firstly trained using the datasets 

generated by FEM simulation and then used to predict the results 

and retrieve the geometric parameters within seconds. As an 

application of the rapid design and fabrication approach, a 

capacitive accelerometer was designed based on the retrieved 

geometric parameters and then rapidly fabricated by a one-step 

3D printing process without using any additional metallization 

and assembly processes. The calibration results show that the 3D 

printed accelerometer device has a sensitivity of 75.2 mV/g and a 

nonlinearity error of 4.3%. The measurement results also 

indicate that the 3D printed accelerometer device has a good 

dynamic response and can be applied to monitor movements as a 

pedometer. Therefore, the work demonstrates a rapid and 

low-cost method for design and fabrication of MEMS devices. 
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