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Abstract 

Fused Deposition Modeling (FDM) is a highly versatile additive manufacturing method for 3D printing thermoplastic-based 
components at small as well as larger production scales. By combining the filament with fibers from other materials including 
wood, metal, glass, and carbon, the method can easily be adapted to print complex parts using a variety of materials. However, 
despite its popularity, online print quality and machine monitoring continue to remain a challenge. Here, we present the preliminary 
results from our efforts on using cheap off-the-shelf sensors in combination with discrete wavelet transform analysis to identify 
the differences in the vibroacoustic signals measured near the print area during successful and failed first layer filament deposition 
on the build plate. A failure in creating a strong first layer bond between the extruded filament and the build plate always results 
in a print failure and is one of most common print issues occurring in FDM printing. By controlling the extruder and build plate 
temperatures, we control the filament – build plate bond strength while measuring the generated vibroacoustic signals using a 
PVDF piezo sensor. The measured signals are analyzed using a discrete wavelet transform to partition the signal energy into 
different energy levels. For the cases studied, we find that the relevant noticeable differences can be observed in specific energy 
levels during good and bad bond formation. Reconstructing the signal using these energy contributions provides a time domain 
representation of signal differences under different conditions. The obtained results demonstrate that a cheap and easy to implement 
method can be developed using PVDF sensors in combination with a wavelet-based signal analysis approach.  
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1. Introduction 

Additive manufacturing process offer the ability to 
manufacture increasingly complex and customized parts and 
are thus being increasingly adopted by multiple industries to 
replace or assist more traditional manufacturing processes. 
Commonly termed as 3D printing, such processes are now 
being widely used to produce parts using a wide variety of 
materials including plastic, metal, composites, and ceramics 
[1]. Recently, a new process to 3D print voxelated soft matter 
has also been proposed [2]. Among the available additive 
techniques, Stereolithography (SLA), Selective Laser 
Sintering (SLS), and Fused Deposition Modeling (FDM) are 

the most commonly used 3D printing methods [1]. While 
SLA and SLS provide specific advantages in terms of 
achievable part quality and the ability to directly print 
metallic parts, FDM offers higher versatility, relatively faster 
print rates, and is significantly cheaper than other methods 
[3]. 

The FDM process involves heating a thermoplastic 
filament to its melting point and the extruding it layer by 
layer onto a flat plate called the build plate. The final print 
quality and success depends on various process parameters 
such as the filament quality and the temperature it is heated 
to, the distance between the extrusion nozzle and build plate, 
the filament extrusion rate, the nozzle tip velocity during 
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layer deposition, presence of unsupported overhang layers, 
build plate levelling, layer height settings, etc. However, the 
most common source of print failures is a weak bond 
between the first print layer and the build plate [4]. Since all 
the following layers are deposited over the first layer, an 
unsuccessful first layer always results in print failure. First 
layer print failures can occur due to bad plate levelling, the 
build plate being too far or too close to the extrusion nozzle, 
excessively high nozzle speed, or insufficient heating of the 
filament and the consequent inability of the filament to 
penetrate within the build plate micropores and form a strong 
bond [4].   

Since the first layer bond failure occurs early in the print 
process, it is common for small production users to visually 
monitor the printing and ensure against such print failures. 
However, visual monitoring becomes infeasible for large 
scale manufacturers simultaneously using multiple printers 
and depending on a high degree of automation for process 
efficiency [1]. Rao et al. [5] have recently proposed the use 
of a non-parametric Bayesian Dirichlet process mixture 
model and evidence theory to analyze online data obtained 
from a heterogeneous sensor array including thermocouples, 
accelerometers, an infrared temperature sensor, and a video 
borescope for real time quality monitoring during FDM 
printing. Wu et al. [6] have proposed using acoustic emission 
(AE) sensors to identify the printer failure using a hidden 
semi-Markov model. Along the same lines, Li et al. [7] have 
proposed the use of AE monitoring to identify warping 
induced print distortions while Yang et al. [8] demonstrated 
the use of AE monitoring for real-time filament breakage 
sensing.  Kousiatza and Karalekas [9] used fiber Bragg 
grating (FBG) sensors for in-situ strain field monitoring and 
to develop temperature profiles during an FDM print. In 
addition to showing that FBG sensors could be used for real-
time monitoring of the FDM process, they also showed that 
the highest temperature variations are generated during the 
deposition of the initial layers. He et al. [10]showed that the 
nozzle working state can be identified in real-time using 
infrared thermal imaging to monitor the temperature profiles 
of each print layer and applying Qualitative Trend Analysis 
to detect differences between a good and bad print process. 
Similarly, Li et al. [11] used vibration sensors and data-
driven method to monitor and accurately recognize FDM 
machine failures and print defects. Recently, Jin et al. [12] 
demonstrated the use of a Residual Network deep learning 
model and a feedback loop to detect in-plane printing 
conditions and perform automated in-situ defect corrections. 
Though significant work has been performed for printer 
monitoring and print defect identifications, we are unaware 
of any efforts specifically aimed to identify first layer bond 
failures.  

Our focus here is to develop a low-cost technique for early 
online identification of first layer print failures. Our aim is to 
develop a method that can be easily and cheaply integrated 
into all existing FDM machines to provide early print failure 
alert to the user. To this end, we present our preliminary work 
performed using piezoelectric polyvinylidene difluoride 
(PVDF) thin film vibroacoustic sensors in combination with 
a wavelet signal analysis procedure to identify differences 

between good and bad first layer print temperature 
conditions. Widely used for biosensing and structure-borne 
sound detection applications [13], PVDF sensors offer a wide 
frequency response, low acoustic impedance, and robust 
mechanical properties – all at very low costs. Commonly 
used as piezo-pickups for amplifying acoustic guitar sounds, 
these sensors can be purchased as cheaply as 10 cents/piece 
and thus can be cheaply integrated within a build plate. In 
comparison, the typical cost for accelerometers ranges from 
$325 - $700, fiber Bragg grating strain sensors cost around 
$265, while acoustic emission sensors cost around $150 - 
$300. These prices do not include the added costs of signal 
conditioning devices. Further, for the same force levels, 
PVDF sensors provide higher voltage outputs than 
piezoceramic sensors [13] and have recently been shown as 
useful alternatives for structural health monitoring 
applications [14]. 

Here, we use a PVDF sensor to measure the vibroacoustic 
signatures generated during good and bad first layer filament 
and build plate bond formation. The measured signals are 
then postprocessed using a discrete wavelet transform to 
identify relevant signal differences between good and bad 
first layer bonds. Our preliminary results show that this 
method can be effectively used for online first layer print 
failure detection during FDM printing.   

2. Methods 

2.1 Experimental Setup 

Fig. 1 shows the measurement setup. All experiments were 
performed using a Raise 3D N2 Plus FDM printer and 1.75 
mm diameter PLA filament. The print surface consisted of a 
glass build plate covered with a BuildTak printing sheet, a 
commonly used build surface to enhance first layer bonding. 
The vibroacoustic signals generated during the printing 
process were recorded using a PVDF piezo contact sensor 
placed directly on the build plate and near the print area.  

 

Fig 1. Measurement setup. The PVDF sensor is mounted near the print 
area and directly on the build plate. The build plate was covered with a 
layer of commonly used BuildTak printing sheet.  

The sensor was connected to a pre-amplifier and the data was 
collected using a USB DAQ connected to a computer 
equipped with LabView. The sensor signal was sampled at 
6000 Hz with each dataset containing 216 samples. The 
frequency response of the sensor is provided in Fig. 2. The 
response was measured by applying a constant voltage sine-
sweep from DC – 500 Hz and measuring the sensor response 
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using a single-point laser vibrometer.  
 

 
Fig 2. Measure frequency response of the used PVDF sensor.  

 
The first layer adhesion most heavily depends on the 

extrusion and build plate temperatures – higher build plate 
and filament temperatures allow better filament to plate 
contact and result in stronger bonds. For the selected PLA 
filament, an optimum extruder/plate temperature 
combination of 215/60 °C was found to produce an excellent 
first layer adhesion. This combination, also recommended by 
the filament manufacturer, was used as the reference 
condition for desirable print adhesion. As a comparison, the 
printing was also performed at two different extruder/plate 
temperature combinations, 200/40 °C and 190/30 °C, which 
were found to respectively result in an acceptable and a bad 
first-layer adhesion during several trials. The quality of the 
adhesion, measured as relative value, was tested by manually 
peeling the printed layer from the build plate – higher quality 
bonds require higher peel force for debonding.  

Two trials were conducted for each print condition and 15 
datasets were collected during each trial which lasts for 
approximately 164 seconds. The test conditions are 
summarized in Table 1. A layer height of 0.1 mm and print 
speed of 15 mm/s was used for all reported experiments. It 
should be noted that for each test, the 1st dataset contains the 
signal emitted during the pre-printing extruder motion as well 
as the signal emitted during the printing process. The 
subsequent 14 datasets contain only the signal emitted during 
the printing process. 

Table 1. Design of experiments.  

Extruder/Plate 
Temperature 

Adhesion 
Quality 

Trials 
Conducted Total Datasets 

215/60 °C Excellent 2 30 

200/40 °C Good 2 30 

190/30 °C Bad 2 30 

2.2 Wavelet Analysis 

The wavelet transform, Xa,b, of a function x(t) with respect 
to a wavelet function, φ(t), is defined as [15, 16]: 

𝑋𝑋𝑎𝑎,𝑏𝑏 = ∫ 𝑥𝑥(𝑡𝑡)𝜑𝜑𝑎𝑎,𝑏𝑏(𝑡𝑡)𝑑𝑑𝑡𝑡
∞

−∞

 (1) 

where the parameters a and b correspond to the scale and time 
shift of the analysing wavelet. Like the often-used Fourier 
transform, the wavelet transform decomposes a signal into a 
group of constituent signals of specific dominant frequency 
contents. These constituent signals are referred to as wavelets 
and are obtained by scaling and shifting the mother wavelet. 

The inherent advantage of a wavelet transform is that it 
provides information about the evolution of the frequency 
content of the signal during the analysed time duration, thus 
allowing simultaneous analysis over the frequency and time 
domains. A detailed introduction to wavelet analysis can be 
obtained in [16]. When the mother wavelet and the scaling 
and shifting factors are discretized, we obtain the Discrete 
Wavelet Transform (DWT). Analogous to the Discrete 
Fourier Transform (DFT), the DWT provides an efficient 
computational method for analysing a real signal. Here, we 
use the DWT to correlate the vibroacoustic signals generated 
during printing to the quality of the first layer adhesion of the 
print to the build plate.  

2.2.1 Discrete wavelet transform 

DWT decomposes a given signal into multiple ‘levels’ 
where each level contains a specific frequency range from the 
original signal. Fig. 3 presents an example of a two-level 
DWT. The input discrete signal, X(n), is multiplied by the 
wavelet and scaling decomposition coefficient matrices G(n) 
and H(n), respectively. G(n), also called the detailed 
coefficient, acts as a high pass filter and H(n), also called the 
approximation coefficient, acts as a low pass filter [16]. This 
operation results in the low pass and high pass coefficient 
matrices, cA1 and cA2. The dyadic nature of the DWT 
reduces the lengths of these coefficients to half the order of 
the original signal, i.e. n/2. Multiplying the coefficient 
matrices by the reconstruction matrices H´(n) and G´(n) 
provides the level one low pass, A1, and high pass, D1, 
components that make up the original signal. If the original 
signal contains frequencies up to f Hz, then A1 contains 
frequencies between 0-f/2 Hz, while D1 contains frequencies 
between f/2-f Hz. A second application of the same procedure 
on the low pass signal, A1, decomposes it further into the 
level 2 low pass and high pass signals, A2 and D2, where A2 
contains frequencies between 0-f/4 Hz and D2 contains 
frequencies between f/4-f/2 Hz. Thus, the two-level DWT of 
the signal X(n) decomposes it into its constituent frequencies 
grouped in levels A2, D2, and D1.   
 

 

Fig. 3. Schematic representation of a two-level DWT of a signal [16].  

The maximum levels into which a given signal can be 
decomposed is determined as:  

𝑀𝑀𝑀𝑀𝑥𝑥𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 =  𝐿𝐿𝑙𝑙𝑙𝑙2( 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑎𝑎𝑠𝑠 𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑙𝑙ℎ
𝑓𝑓𝑠𝑠𝑠𝑠𝑙𝑙𝑙𝑙𝑓𝑓 𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠𝑙𝑙ℎ−1) (2) 

The choice of the mother wavelet depends on the application. 
Here, we employ Daubechies wavelet [16, 17] to obtain 
insights into the difference between the vibroacoustic 
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signatures obtained during the first layer print.  

2.2.2. Daubechies Wavelet 

Daubechies wavelets are a set of compactly supported 
orthonormal wavelets chosen to have the highest number of 
vanishing moments (i.e. zero crossings), A, for a given 
support width, 2A - 1 [17]. The specific wavelet is typically 
identified as dbA and results in 2A scaling and wavelet 
coefficients. Thus, as shown in Figs. 4(a-d), the db2 wavelet 
has 2 vanishing moments and 4 coefficients while db20 has 
20 vanishing moments and 40 coefficients. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 4. The scaling and wavelet functions for (a-b): db2 transform; and 
(c-d): db20 transform.  

The higher number of coefficients in db20 results in 
higher wavelet fluctuations and a flatter frequency response 
over its width which results in lower leakage effects as 
compared with db2. While the more commonly used 
wavelets, such as Haar and db2, are more useful in detecting 
signal discontinuities due to their own discontinuous nature 
[16, 17], db20 is a better choice for frequency filtration 
applications.  

Initial frequency analysis of the measured vibroacoustic 
signals showed that the amplitude of the signal generated 
during the first layer printing is significantly lower than the 
signal noise content. Thus, employing a DWT multilevel 
signal decomposition provides time domain signals with the 
specific frequency contents and allows us to extract useful 
differences between the signals at different print conditions 
while ignoring the signal noise. Here, we use the db20 
wavelet to decompose the measured signals into 9 levels of 
frequency contents. The frequency content of each level is 
provided in Table 2.  

Table 2: 9 level decomposition and its frequency content 

Level Frequency Content 

A9 0Hz - 6Hz 

D9 6Hz - 12Hz 

D8 12Hz - 23Hz 

D7 23Hz - 47Hz 

D6 47Hz - 94Hz 

D5 94Hz - 188Hz 

D4 188Hz - 375Hz 

D3 375Hz - 750Hz 

D2 750Hz - 1500Hz 

D1 1500Hz - 3000Hz 

2.3 Signal Energy 

The energy content of a discrete signal of length l is 
obtained as [16]: 

𝐸𝐸 =  ∑|𝑥𝑥𝑖𝑖|2
𝑙𝑙

𝑖𝑖=1
 (3) 

where xi is the amplitude of any discrete sample. A DWT 
signal decomposition preserves the total energy of the 
original signal. The total energy of the signal can be obtained 
as a sum of the signal contained in each level. Thus, the 
energy sum of the decomposed frequency levels provides a 
good measure to ensure that useful information is not being 
neglected by ignoring a specific energy level. 

 
3. Results and Discussion 

Fig. 5(a) shows the frequency spectrums obtained from 
the vibroacoustic signals measured under the three different 
print conditions. As previously mentioned, a clear peak 
corresponding to the electrical noise in the system is observed 
at 60 Hz due to the ‘quietness’ of the printing process. This 
noise is also reflected in the time domain signals and makes 
it difficult to obtain any meaningful insights by analysing the 
time or frequency domain content. However, careful 
observation of the frequency spectrum below 60 Hz (Fig. 
5(b)) shows that some differences can be observed in the 
spectral content generated when printing at different 
extruder/plate temperature conditions. For all measurements, 
the spectral amplitude within 0 – 50 Hz range was 
consistently found to be highest during the excellent first 
layer bonding condition (215/60 °C) and observed to 
decrease as the bond strength decreases. These differences 
were also compared with the spectral content of the signal 
generated during the build plate heating phase and without 
any filament being deposited by the extruder. As seen in Fig. 
5(c), most of the spectral content generated during the build 
plate heating phase is concentrated at frequencies below 4 
Hz. To analyse the spectral content generated due to nozzle 
motion and filament extrusion process alone, the extruded 
filament and bed were isolated using a non-stick tape that 
stops the filament from adhering to the build plate. As shown 
in Fig. 5(d), these events generate negligible spectral content 
as compared with the printing process. Thus, the observed 
differences in the spectrum between 4 Hz to 50 Hz are 
exclusively due to the process of filament bonding to the 
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build plate. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 5. (a) FFT of signal measured under different print conditions. A 
peak at 60 Hz corresponding to signal noise can be observed. (b) Zoomed 
in portion of the FFT shows signal differences at lower frequencies. (c) 
FFT of signal captured when only the build plate is allowed to heat up 
without any filament extrusion. (d) FFT of signal captured while printing 
but isolating bond between extruded filament and bed. 

To obtain further meaningful comparisons between the 
differences in the vibroacoustic signals generated during 
different print conditions, the obtained time domain signals 
are decomposed into 9 frequency levels using a db20 wavelet 
transform. The decomposition levels and their associated 
frequency intervals are provided in Table 2. Using the db20 
wavelet and scaling coefficients, the time domain signal 
corresponding to each frequency level can be extracted from 
the total signal. Fig. 6 shows a representative decomposition 
of one dataset recorded during the 215/60 °C print condition 
into its 9 individual frequency level components. The 
summation of all the individual component, A9 to D1, 
reconstructs the original recorded signal. Remaining datasets 
obtained during all print conditions can be decomposed into 

the 9 frequency levels in a similar manner.  
 

Fig. 6. Reconstructed signal components using individual DWT levels. 
Data obtained using the 215/60 print condition was used to make this 
plot.  

The energy contribution of each level to the total signal 
can be calculated using Equation 3. Table 3 shows the energy 
contributions obtained for each level during the 215/60 °C 
print condition. To demonstrate repeatability, Table 3 
provides the individual energy contributions for 5 randomly 
selected datasets measured during the 215/60 °C print 
condition. It is noted that a part of the first dataset (Set 1) 
contains signal collected during the non-printing period of the 
measurement. 

Table 3. Percent energy contribution of each DWT level calculated over 5 
randomly picked datasets. Only 5 datasets are shown for brevity. 

Level 
 

Percent Energy Contribution 

Set 1 Set 3 Set 8 Set 11 Set 12 

A9 29.2 57.3 68.08 57.61 51.1 

D9 9.34 0.17 2.91 5.45 5.86 

D8 7.52 0.24 1.22 3.01 4.19 

D7 4.92 0.23 0.41 1.49 2.86 

D6 45.13 40.49 26.41 31.25 34.67 

D5 3.58 1.49 0.93 1.13 1.25 

D4 0.27 0.06 0.03 0.05 0.05 

D3 0.04 0.02 0.01 0.02 0.01 

D2 0 0 0 0 0 

D1 0 0 0 0 0 

Sum 100 100 100 100 99.99 

From Fig. 6 and Table 3, it is observed that the levels 
corresponding to the signal noise at 60 Hz and its harmonic 
at 120 Hz, i.e. levels D6 and D5, are the dominant 
contributors to the total signal. Further, the frequency levels 
above 750 Hz, i.e. levels D1 and D2, do not contribute to the 
signal at all. Additionally, the signal observed in level A9 
corresponds to the combination of the DC signal content and 
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the spectral content observed due to the build plate heating 
process.  

Since a similar energy content is observed in levels D1, 
D2, D5, D6, and A9 for all three print conditions, we focus 
on the signal content in levels D3, D4, D7, D8, and D9 to 
quantify the differences in the vibroacoustic signal generated 
during good and bad first layer bonding conditions. To this 
end, we filter out the signal content corresponding to levels 
D1, D2, D5, D6, and A9, and recalculate the total energy of 
the remaining signal content. The combined percent 
contribution of levels D9, D8, and D7 and then compared 
with the combined percent contributions of levels D4 and D3 
for all print conditions. The results obtained for print 
conditions with extruder/plate temperature combinations 
215/60 °C, 200/40 °C and 190/30 °C are provided in Tables 
4, 5, and 6, respectively. The results from all 15 datasets 
collected during two different tests at each condition and their 
corresponding averages are provided.  

Table 4. Percent energy contribution comparison for two separate trials 
conducted with excellent first layer bonding conditions (215/60 °C).  

Test 1 Test 2 

Set D7+D8+D9 D3+D4 Set D7+D8+D9 D3+D4 

1 98.62 1.38 1 98.68 1.32 

2 98.93 1.07 2 98.84 1.16 

3 89.61 10.39 3 90 10 

4 90.39 9.61 4 92.43 7.57 

5 95.97 4.03 5 90.48 9.52 

6 97.83 2.17 6 95.91 4.09 

7 98.84 1.16 7 97.92 2.08 

8 99.09 0.91 8 98.77 1.23 

9 99.37 0.63 9 98.94 1.06 

10 99.39 0.61 10 99.07 0.93 

11 99.32 0.68 11 99.42 0.58 

12 99.51 0.49 12 99.56 0.44 

13 99.72 0.28 13 99.54 0.46 

14 99.75 0.25 14 99.63 0.37 

15 99.71 0.29 15 99.61 0.39 

Avg 97.67 2.33 Avg 97.15 2.85 

Table 5. Percent energy contribution comparison for two separate trials 
conducted with acceptable first layer bonding conditions (200/40 °C).  

Test 1 Test 2 

Set D7+D8+D9 D3+D4 Set D7+D8+D9 D3+D4 

1 84.2 15.8 1 84.27 15.73 

2 93.44 6.56 2 94.18 5.82 

3 77.56 22.44 3 81.59 18.41 

4 81.74 18.26 4 73.67 26.33 

5 79.39 20.61 5 80.21 19.79 

6 79.58 20.42 6 80.64 19.36 

7 91.27 8.73 7 85.99 14.01 

8 91.58 8.42 8 91.97 8.03 

9 93.49 6.51 9 92.84 7.16 

10 93.7 6.3 10 93.25 6.75 

11 94.05 5.95 11 92.7 7.3 

12 95.94 4.06 12 94.3 5.7 

13 96.07 3.93 13 95.72 4.28 

14 96.69 3.31 14 96.51 3.49 

15 96.65 3.35 15 97.22 2.78 

Avg 90.08 9.92 Avg 89.34 10.66 

Table 6. Percent energy contribution comparison for two separate trials 
conducted with poor first layer bonding conditions (190/30 °C).  

Test 1 Test 2 

Set D7+D8+D9 D3+D4 Set D7+D8+D9 D3+D4 

1 74.03 25.97 1 68.75 31.25 

2 88.16 11.84 2 88.21 11.79 

3 67.11 32.89 3 81.34 18.66 

4 80 20 4 67.49 32.51 

5 59.38 40.62 5 66.31 33.69 

6 84.16 15.84 6 73.82 26.18 

7 83.64 16.36 7 78.95 21.05 

8 78.06 21.94 8 84.56 15.44 

9 87.68 12.32 9 87.11 12.89 

10 77.86 22.14 10 86.17 13.83 

11 82.43 17.57 11 86.96 13.04 

12 88.46 11.54 12 87.42 12.58 

13 86.32 13.68 13 88.88 11.12 

14 88.22 11.78 14 86.5 13.5 

15 90.21 9.79 15 88.07 11.93 

Avg 81.55 18.45 Avg 82.27 17.73 

 From Tables 4-6, we can observe that the combined 
energy percent content of levels D7, D8, and D9 is 
significantly higher during an excellent first layer filament-
plate bond formation. This content drops from approximately 
97% to 90% when the bond quality is acceptable but not ideal 
and then drops further down to approximately 82% when the 
bond quality is unacceptable and will most likely lead to a 
failed print. This is summarized in Fig. 7, where the average 
energies obtained for two tests at each condition are 
compared as histogram plots. 
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Fig. 7. Comparison of average energy contributions of levels D7, D8, 
and D9 during different trials under different print conditions. A 
noticeable difference in energy contribution can be noticed when the 
first layer bond is excellent (215/60 °C) and poor (190/30 °C). 

 
An advantage of the DWT is that it allows a 

reconstruction of the signal content corresponding a chosen 
frequency level – thus providing an additional representation 
in the time domain. Fig. 8 shows the reconstructed signals for 
all three print conditions by only considering the 
contributions of levels D7, D8, and D9. As expected, the 
amplitude of the signal corresponding to the excellent first 
layer bond is higher than the other two conditions. Thus, the 
signal reconstructed using only the relevant frequency levels 
can provide a useful method of determining the filament-
plate bond quality and providing and early alert to the user 
about the possibility of a failed print due to poor first layer 
bonding.  

  

 
Fig. 8. Time domain signals reconstructed using only the energy 
contributions from DWT levels D7, D8, and D9.  

4. Conclusions 

Preliminary results for a new technique for online 
detection of first layer print bonding failures during FDM 
printing were presented. Using vibroacoustic signals 
measured using a PVDF sensor and applying a discrete 
wavelet transform, we showed that significant differences 
exist between the signatures generated during good and bad 
first layer filament and build plate bonding process. The 
differences were observed using both a signal energy-based 
approach as well as the reconstructed signals in the time 
domain. Our results indicate that higher vibroacoustic signals 
are emitted during an excellent bonding process and that 
most of the signal energy is concentrated under 
approximately 50 Hz. The DWT based approach provides an 
added advantage of allowing us to overcome the signal to 
noise issues occurring due to the quietness of the filament 
deposition process. Future work will focus on applying this 
method to detect other print failure possibilities under more 
general printing conditions.  
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