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ABSTRACT
Fabrication of three-dimensional (3D) objects through direct
deposition of functional materials using 3D printing
equipment is called additive manufacturing (AM). Benefits
of AM include producing goods quickly and on-demand,
with greater customization and complexity and less material
waste. While the use of AM has been growing, a number of
challenges continue to impede its more widespread adoption,
particularly in the areas of non-destructive evaluation/nondestructive testing (NDE/NDT) techniques for AM
equipment health monitoring and measurement. In this
paper, a prognostics and health management (PHM)
approach to AM equipment health monitoring, fault
diagnosis and quality control is presented and illustrated
with a case study. The presented PHM approach is
developed using two types of NDE/NDT sensors: acoustic
emission (AE) sensor and piezoelectric strain sensor. A
seeded driving belt fault on a fused filament fabrication
desktop 3D printer is used to validate the feasibility of the
PHM approach in the case study. The case study results
have shown the effectiveness of the presented method for
AM equipment fault diagnosis and quality control.
1. INTRODUCTION
In his 2013 state of the union address, US President Obama
called three-dimensional (3D) printing “the potential to
revolutionize the way we make almost everything” (Office
of the Press Secretary, 2013). Fabrication of 3D objects
through direct deposition of functional materials using 3D
printing equipment is called additive manufacturing (AM).
Benefits of AM include producing goods quickly and ondemand, with greater customization and complexity and less
material waste. If the modern manufacturing which was
subtractive process by cutting or milling is optimized at
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mass production, the future manufacturing would be called a
creative customization through 3D printing at consumers’
will.
While the use of AM has been growing, a number of
challenges continue to impede its more widespread adoption,
particularly in the areas of non-destructive evaluation/nondestructive testing (NDE/NDT) techniques for AM
equipment health monitoring and measurement. According
to a recent report on measurement science roadmap for
metal-based
additive
manufacturing
(Energetics
Incorporated, 2013), current technical barriers or challenges
in AM were roughly categorized as materials, process and
equipment, qualification and certification, and modeling and
simulation. Particularly in the process and equipment
category, the highest priority in NDE/NDT techniques have
been specified as: (1) Combining NDE techniques to better
assess quality via an integrated approach; (2) Adapting
existing NDE techniques to AM, especially parts, and
characterizing defects; (3) Lack of affordable quality
inspection tools for direct metal parts. Even though the 3D
printing technology has been available since 80s, it was not
until recent days that 3D printing came to the fore in
commercial manufacturing. Thus, very few studies have
been conducted on NDE based 3D printer health monitoring
and prognostics. The AM has two unique characteristics: (1)
relatively long cycle time; (2) high quality standard for
dimension accuracy. These unique characteristics of AM
can be considered as good opportunities for developing
PHM based approach for 3D printer health monitoring, fault
detection and quality control. As the dimension accuracy of
the printed product can be caused by inaccurate movement
of the 3D printer, by detecting the 3D printer fault and
stopping the faulty execution of the printing process,
manufacturing time, materials, and cost can be saved and
product quality assured.
In the related field of rotating machinery fault detection and
diagnostics, the use of different NDE/NDT techniques such
as acoustic emission (Yoshioka and Fujiwara, 1984; Tandon
and Mata, 1999; Tandon and Narka, 2000; Scheer et al.,
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2007; Bechhoefer et al., 2013; Qu et al., 2013 and 2014),
torsional vibration (Feng & Zuo, 2013), and fiber optic
strain sensors (Kiddy et al., 2011) has been investigated
with drivetrain in wind turbine and rotorcraft. In this study,
the potential capability of acoustic emission (AE) and
piezoelectric (PE) strain sensors as fault detection and
quality control technique for AM equipment and product is
investigated.
AE is commonly defined as transient elastic waves within a
material, caused by the release of localized stress energy
(Mathews, 1983). The advantage of using AE sensor as
failure analysis source is that AE propagates from the
epicenter to sensing apparatus within materials while
vibration sensor requires perpendicular installation along
with the vibration direction. Identifying vibration direction
is sometimes painful if their sources are combinative. Also,
AE signals are distinguishable from acoustic signals in that
acoustic signals generally lie on the audible range of human
(e.g. 20 Hz ~ 20 kHz). On the other hand, AE signals lie on
a higher frequency range (e.g. 1 kHz ~ 1 MHz). Thus a high
sampling rate between 2 to 10 MHz has been a typical
choice of sampling rate for AE data collection. Other issues
may arise including a high data volume and complicated
feature of AE signals, which make the AE data processing
challenging. However, it has been also reported that AE
sensors are more sensitive in early fault detection than
vibration sensors with various gear and bearing fault
diagnostic applications (Yoshioka and Fujiwara, 1984;
Tandon and Mata, 1999; Tandon and Narka, 2000; and
Scheer et al., 2007).
The feasibility of using fiber optic strain sensors to detect
damaged gearbox was recently reported by Kiddy et al.
(2011). In their study, fiber optic strain sensors were
mounted on a helicopter transmission test rig to investigate
the detectability of gear fault conditions. However, the low
maximum sampling rate (up to 1 kHz) of the fiber optic
strain sensor limits its wide applicability in machinery fault
detection. On the other hand, the PE strain sensors measure
torsional vibration by quantifying terminal voltage
difference released by deformed piezoelectric material.
Unlike the fiber optic strain sensor, PE strain sensor has a
merit in higher sampling rate up to 100 kHz. Compared to
the conventional strain gauge sensors and accelerometers,
the PE strain sensors have certain advantages that could be
summarized as follows: (1) ability to measure the first
derivative of physical deformation, (2) high linearity and
sensitivity from their superior noise immunity as compared
to differentiated sensing performance of conventional strain
sensors (Lee and O’Sullivan, 1991; Banaszak 2001), (3)
high frequency range (Jiang et al., 2014), (4) spaceefficiency without a structural change on the measuring
target (Kon et al., 2007), and (5) negligible temperature
effect on the measurement output (Sirohi and Chopra, 2000;
Jiang et al., 2014). The aforementioned benefits allow PE

strain sensors to potentially have greater sensing resolution
and accuracy.
Up to today, no investigation on 3D printer health
monitoring and fault diagnosis has been reported in the
literature. In this paper, an investigation into the feasibility
of PHM based AE and PE strain signal analysis techniques
for 3D printer fault detection and quality control is reported.
The remainder of the paper is organized as follows. Section
2 provides a detailed explanation of the proposed
methodology. In Section 3, the details of the experimental
setup and the seeded fault tests on a 3D printer test rig for
validating the proposed methodology are provided. Section
4 presents the 3D printer fault detection results from the
seeded fault tests. Finally, Section 5 concludes the paper.
2. METHODOLOGY
An overview of the proposed methodology is provided in
Figure 1. As shown in Figure 1, a data acquisition (DAQ)
system is used to collect the AE signals and PE strain
signals at the same time. While the PE sensor is directly
connected to the DAQ, the AE sensor, on the other hands, is
connected to the DAQ board through a hardware based
heterodyne frequency reduction device. Then, filter bands
are chosen for each sensor to remove noise in the collected
signals before they can be used to compute condition
indicators (CIs) for fault detection. The key components of
the methodology are explained in the next two sections.
Section 2.1 provides a brief review of the hardware based
heterodyne technique for AE sensor and the computation of
CIs for 3D printer fault detection is followed in Section 2.2.

Figure 1. Overview of the 3D printer fault diagnosis with
PE strain sensor and AE sensor.
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Substituting Eq. (3) into Eq. (4) yields:

2.1. The Heterodyne Technique
To apply AE based NDE/NDT techniques to machine fault
detection and diagnosis, one technical challenge is to deal
with the data storage and processing burden caused by the
typical high sampling rate of AE sensor (from several MHz
to 10 MHz). To meet the challenge, frequency shifting
technique, namely heterodyne (Fessenden, 1913) based AE
fault detection and diagnosis methods have been developed
for gearboxes (Bechhoefer et al., 2013; Qu et al., 2013;
2014). The heterodyne technique downshifts the frequency
of the AE signals so that a sampling rate comparable to
vibration analysis can be utilized. Qu et al. (2013 and 2014)
have shown the effectiveness AE based fault detection and
diagnosis using heterodyne technique with a sampling rate
as low as to 20 kHz for a split torque type gearbox. The AE
based NDE/NDT techniques implemented with heterodyne
are significant as size of AE data needs to be stored and the
computational cost can be significantly reduced. The
heterodyned AE technique implemented in this paper works
similarly to a radio quadrature demodulator: shifting the
carrier frequency to baseband, followed by low pass
filtering. Mathematically, heterodyning is based on the
trigonometric identity. For two signals with different
frequency
and , respectively, their product could be
written as:
1
cos 2
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Ω

is assumed not to contain any useful information
Since
related to the modulated signal, it could be canceled out.
From Eq. (5), it can be concluded that only the second term
Ω will remain after applying low pass filter,
while the high frequency components around frequency 2
will be removed. In the final heterodyning demodulation
step, the signal frequency can be reduced to 10s of kHz. The
resulting frequency range for AE signals becomes
comparable to that of typical vibration signals. Thus, a
lower sampling rate in an AE data acquisition system can be
used. The heterodyned AE data acquisition procedure is
shown by comparing it with the conventional AE method in
Figure 2.

(1)

is the AE carrier frequency and
is the
where
demodulator’s reference signal frequency. In applications,
any desired new output signals called as heterodynes, one at
, and the other at the difference
, are
the sum
utilized upon necessity. Technically, the heterodyning
technique is aimed especially at demodulating the amplitude
modulated signals. The amplitude modulation process can
be mathematically expressed as:
cos

(2)

where,
is the amplitude modulated signal,
is the
carrier signal amplitude, is the modulation coefficient,
is the carrier signal
is the signal of interest, and
frequency. By introducing an amplitude and frequency for
and Ω, respectively, the signal of interest can be
by
represented as:
Ω

(3)

Note that it is assumed that Ω is much smaller than . Then,
with the heterodyning technique, the modulated signal will
.
be multiplied by a unit amplitude reference signal cos
can be written as:
Then the resulting
cos
cos
1 1
cos 2
2 2

(4)

Figure 2. Comparison of the heterodyned AE data
acquisition procedure with the conventional AE methods.
Finding a proper reference signal is critical to the successful
implementation of the heterodyne technique in AE data
acquisition. Since each AE sensor product from varying
manufacturers has a unique frequency characteristic, the
following optimization process based a linear chirp function
is performed so that the root mean square (RMS) of the
demodulated output signal could be maximized. The
optimization process is described in Qu et al. (2014).
2.2. CIs for 3D Printer Fault Detection
Table 1 provides the definitions of CIs investigated for 3D
printer fault detection in this paper. The CIs can be defined
into five general types: root mean square (RMS), peak to
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Table 1. The definitions of the CIs.
Input Signal

Description
CI

Raw AE

EO

NB

AM

FM

Raw
heterodyned
AE data

Energy
operator: a
residual of the
autocorrelation
function

Narrow
band pass
filtered

Amplitude
modulation
of NB
filtered signal

Frequency
modulation
of NB
filtered signal

Equation

Root
mean
square
(RMS)

1

Peak to
peak
(P2P)

2

max

: measures the magnitude of a discretized signal.

2

min

: measures the maximum difference within the data range.

2
1

Skewness
(SK)

∑

1

Kurtosis
(KT)

∑
̅

∑

: measures the peakedness, smoothness, and the heaviness of tail in
a data set.
̅

∑

Crest
factor
(CF)

: measures the asymmetry of the data about its mean value. A
negative SK value and positive SK value imply the data has a longer or fatter
left tail and the data has a longer or fatter right tail, respectively.

̅

̅

: measures the ratio between 2
and
how extreme the peaks are in a waveform.

2

to describe

Note: is ith element of the input data
; is the length of the input data
; max ⋅ returns the maximal element of
input data
; min ⋅ returns the minimal element of input data
; ̅ is a mean value of the input data
defined as ∑
/

peak (P2P), skewness (SK), kurtosis (KT), and crest factor
(CF). Each type of CI can be computed using different
input signals. In addition to raw signals, other types of
input signals can be generated: energy operator (EO),
narrow band (NB), AM, and FM. The EO introduced by
Teager (1992) is defined as the residual of the
autocorrelation function as following:
,

(for

⋅
2, 3, … ,

,
1)

(6)

th
where
is the ith element
, is the i element of EO data;
of the input data
. NB is the time domain representation
after applying narrow band of interest which could be seen
in frequency domain. Finally, AM and FM are obtained by

amplitude modulation and phase modulation of the NB
filtered data.
3. EXPERIMENTAL SETUP
This section covers the experimental setup used to establish
the AE and PE strain sensor based 3D printer fault diagnosis
technique. The methodologies were validated with a desktop
3D printer using fused filament fabrication. Section 3.1
introduces the 3D printer test rig and Section 3.2 covers the
seeded fault test.
3.1. The 3D Printer Test Rig
Figure 3 shows the 3D printer test rig and the DAQ system
used in the seeded fault test in this paper.
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Figure 4. Seeded fault on toothed belt.

Figure 3. The 3D printer test rig and the DAQ system.
The 3D printer test rig composes two main parts: (1)
heterodyned AE based DAQ system, (2) 3D printer. The
DAQ system includes a National Instruments’ DAQ board
with a maximum analog input sampling rate of 1.25 MHz,
AE sensor attached on the 3D printer, demodulation board
(AD8339), analog amplifier with gain 20/40/60dB, and
function generator. The 3D printer (Makerbot, 2014) has a
layer resolution up to100 μm, position precision of 11 μm
on X and Y axes and 2.5 μm on Z axis, and a nozzle of 0.4
mm diameter controlled by two stepper motors and wear
resistant oil-infused bronze bearings.

The 3D printer was run with and without the fault seeded
driving belt to produce ten sets of bolt and nut (five sets for
each conditions). Individual run took about 28 minutes to
print one set of bolt and nut. For sample consistency, a total
of six heterodyned AE data samples were recorded for 10
seconds at pre-specified time locations from each run. The
data acquisition procedure for the seeded fault test is
depicted with a flowchart in Figure 5.

3.2. 3D Printer Seeded Fault
According to the troubleshooting maintenance document
(Makerbot, 2014) of the machine, one potential problem is
the looseness of the belt driving the motion of the extruder
nozzle. Thus, a malfunctioned toothed belt scenario was
artificially created and simulated in this paper. The seeded
fault was created by inserting five small pieces of metal
wire into the slots between teeth of belt to create faulty
operation during printing process. Figure 4 shows the
seeded fault created by inserting a metal wire piece into the
slot between two teeth on the toothed driving belt to
simulate the looseness of the driving belt. The inserted
metal wire piece was cut into the same dimensions in size as
the slot between the belt teeth so that the slot was perfectly
filled with the metal wire piece. Then the metal wire piece
was tied on the belt with a thin flexible tape.

Figure 5. Data acquisition procedure.
Figure 6 shows the 3D outputs of the healthy and faulty 3D
printers. Under the normal printing conditions, the printed
nut and bolt should smoothly thread together and function
as intended. Under the faulty printing condition, even
though the pair of printed bolt and nut appears to be normal,
the bolt can only be turned into the nut half way. This
clearly indicates that the threads on the bolt or inside the nut
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were not printed up to the required precision due to the
driving belt fault in the 3D printer.

Figure 6. 3D outputs from the healthy and the faulty 3D
printers.

based CIs: RMS, NB-RMS, NB-P2P, AM-RMS, and AMP2P.

Figure 7. Spectrum of 3D printer AE signal samples: (a)
healthy, (b) faulty.

4. RESULTS
This section covers the 3D printer fault diagnostic results
from the AE and PE strain sensor based technique. Section
3.1 explains AE signal analysis results and Section 3.2 the
PE strain sensor signal analysis results.
4.1. AE Signal Analysis Results
The AE signal analysis results for the seeded fault tests
conducted on the 3D printer test rig are provided in this
section. Figure 7 shows the spectrums of AE data samples.
By examining the spectrums in Figure 7, two different
frequency regions were chosen for the low pass and narrow
band pass filters: low frequency region up to 20 kHz and
narrow band frequency around 3906 Hz. As shown in
Figure 7, a remarkably high peak was observed within low
pass range from all of AE samples. These peaks are
specifically located at 3906 Hz. So a narrow band pass
filter with a band width of 3906±3 Hz around the peak
frequency location was chosen.

Figure 8. RMS of healthy and faulty low pass filtered results:
(a) all data, (b) average with 95% confidence interval.

In Figure 8, RMS result from the low pass filter is provided.
The resulting RMS of the heterodyned AE sample showed
clear separation between healthy and faulty 3D printing
condition. In Figure 8(a), RMS values at each sample
location and trial are presented. In Figure 8(b), the averaged
RMS values with a 95% confidence interval at each sample
location are provided.
In Figures 9 to 12, CIs from the narrow band filtered AE
signals are provided. Among all the CIs tested, majority of
those that show a clear separation between the healthy and
faulty conditions were computed from narrow band filtered
signals. Note that the bandwidth of this narrow band is in
the low frequency filter region. A clear separation between
the healthy and faulty 3D printing conditions with a 95%
statistical significance can be observed for the following AE

Figure 9. RMS from narrow band pass filtered result: (a) all
data, (b) average with 95% confidence interval.
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4.2. PE Strain Signal Analysis
In processing the PE strain sensor signals to extract CIs for
the 3D printer fault detection, a similar strategy used by
Kiddy et al. (2011) was applied. In their study, PE strain
signals were divided into two parts based on their frequency:
low frequency part and high frequency part. Actual damage
detection was performed on the high frequency part of the
strain sensor data using condition indicators. Thus, in this
research, high pass filtered PE strain signals were used to
compute the CIs. In search for the appropriate filter band,
the fast kurtogram (Antoni, 2007) was applied to exam the
impulsivity locations of PE strain signals collected from the
healthy 3D printers.
Figure 10. Peak to peak from narrow band pass filtered
result: (a) all data, (b) average with 95% confidence interval.

Provided in Figure 13, a sample fast kurtogram result from
the healthy 3D printer is displayed. The area in dark red
color indicates the location of impulsivity. Statistical result
of the fast kurtogram is summarized in Table 2. The 90%
and 95% trimmed mean indicate that the impulsivity of PE
sensor signals are located around 3.3 kHz to 4.2 kHz,
respectively. Thus, a high pass band above 3 kHz was
selected. Here a % trimmed mean is the average of the
data after 100
% of the outliers are removed.

Figure 11. RMS from amplitude modulation result after
narrow band pass filtered result: (a) all data, (b) average
with 95% confidence interval.

Figure 13. A sample fast kurtogram of PE strain sensor
result from the healthy 3D printer.
Among all the CIs computed using PE strain signals, only
RMS showed a clear separation of the faulty condition from
the normal condition. The RMS of the PE stain signals and
the averaged RMS with 95% confidence intervals for both
the healthy and faulty conditions are provided in Figure 14.
Table 2. Statistical results of Fast kurtogram.
Healthy
Figure 12. Peak to peak from amplitude modulation result
after narrow band pass filtered result: (a) all data, (b)
average with 95% confidence interval.

Center
frequency
value (Hz)

90% trimmed mean

95% trimmed mean

3320

4199
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manufacturing time, materials, and cost can be saved and
the quality of the product can be assured if a 3D printer fault
can be detected and the printer be stopped days before it
finishes printing the defective product.
5. CONCLUSIONS

Figure 14. RMS of healthy and faulty PE strain signals: (a)
all data, (b) average with 95% confidence interval.

4.3. Results Summary
The 3D printer seeded fault detection results using both the
AE sensor and PE strain sensor can be summarized in Table
3.
Table 3. Summary of the 3D printer fault detection results
using AE and PE strain sensors.
Sensor Type

AE Sensor

PE Strain Sensor

Sampling
frequency

100 kHz

100 kHz

Filter
bandwidth

Low pass
band
(< 20 kHz)

Narrow band
(3906 ± 3 Hz)

High pass band
(> 3k Hz)

Effective CIs
selected

RMS

NB-RMS, NBP2P, AM-RMS,
AM-P2P

RMS

As shown in Table 2, for both the AE sensor and PE strain
sensor used in the case study for 3D printer fault detection, a
sampling rate of 100 kHz was used for data acquisition. For
AE sensor signals, two band pass filters were used: a low
pass filter and a narrow band filter. When the low pass filter
was used, RMS provided the best performance and was able
to detect the fault. When a narrow band filter was used, the
following CIs were able to detect the fault: NB-RMS, NBP2P, AM-RMS, and AM-P2P. For PE strain sensor signals,
a high pass filter was used and only one CI, RMS, was able
to detect the fault.
It has to be pointed out that the 3D printer fault was detected
right after the first sample data was collected by both the AE
and PE strain sensor in the seeded fault test. In real AM
application, it can take up to several days to print out a
product by a 3D printer. Therefore, significant amount of

In this paper, an investigation into the feasibility of PHM
based AE and PE strain signal analysis techniques for 3D
printer fault detection and quality control was reported. The
presented PHM approach was developed using two types of
NDE/NDT sensors: AE sensor and piezoelectric strain
sensor. A seeded driving belt fault on a fused filament
fabrication desktop 3D printer was used to validate the
feasibility of the PHM approach in the case study. For the
AE signal analysis in particular, a high peak in the
frequency domain was detected and a narrow band pass
filter around the peak was used to extract multiple condition
indicators to detect the fault. On the other hand, in the PE
strain analysis, the fast kurtogram was used to determine the
proper high-pass filter band to obtain high frequency
components to obtain effective fault detection CIs. The
results have shown that the driving belt seeded looseness
fault could be detected by both of the AE and PE strain
sensor analysis methods. The methods presented in this
paper could be extended to other potential 3D printing faults
such as material feed or additional mechanical component
faults.
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