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Additive manufacturing, also known as 3D printing, has been facing the problem of inconsistent processing defects and product
quality as a transformative technology, thus hindering its wide application in industry and other fields. In this context, machine
learning (ML) algorithms are increasingly used for automatic classification of process data to achieve computer-aided defect
detection. Specifically, in this paper, two data-driven classification prediction models are built by monitoring the sensing
signals (temperature and vibration data) and interlayer images during the printing process, using the fused deposition model
(FDM) as the base case, and the prediction results of the two machine learning models are fused for prediction. The
experimental results show that by fusing the prediction results of the two models, the classification accuracy is significantly
higher than the prediction results of a single model. These findings can benefit researchers studying FDM with the goal of
producing systems that self-adjust online for quality assurance.

1. Introduction

Additivemanufacturing is also known as 3D printing. Since its
emergence, it has shown great potential in areas such as
healthcare, aerospace, and automotive manufacturing. Unlike
subtractive manufacturing, additive manufacturing is a pro-
cess of joining materials to 3D model data to make objects,
which usually proceeds layer by layer [1, 2]. However, process
repeatability and quality control remain the biggest obstacles
to the technology being widely used in industrial applications
[3]. The focus of this research paper is fused depositionmodel-
ing (FDM), a material extrusion technique in which a thermo-
plastic material is melted and extruded through the hot end to
create printed layers [4].

In the FDM process, the instability of production pro-
cessing often affects the printing process and printing qual-
ity, and even printing defects may occur [5]. The common
printing defects include overfill, underfill, surface roughness,
and warping [6]. To address these problems, there are various
field monitoring technologies that can easily and automati-
cally correct the detected defects in real time to improve the

quality of AM components and reduce the variation of their
mechanical properties [7, 8].

Since traditional process optimization usually involves
iterative experiments, the experimental process is both
time-consuming and expensive. Therefore, an increasing
number of research efforts are combining machine learning
with field monitoring, using machine learning to analyze
in-process images and data and to derive predictions about
the expected component quality [9]. Process data is moni-
tored and recorded by placing sensors and cameras on the
production site [10, 11]. Artificial intelligence (AI) methods
are used to evaluate the recorded data or predict future states
to provide a preliminary judgment about the relevant print-
ing process parameters and the quality of the components.
In addition, developments in sensing technology have made
it possible to collect data from multiple sources, including
process data from 3D printers, data from scanners, and data
from microscopic cameras [12, 13].

With the rapid development of machine learning, an
increasing number of research efforts are combining machine
learning with field monitoring, using machine learning to
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analyze process images and data and to derive predictions
about the expected component quality. For example, Song
et al. used thermocouple sensors to record thermal timing data
from a build platform and used the K-nearest neighbors
(KNN) algorithm to predict the warping phenomenon in the
FDM process. However, the classification accuracy was only
84% and was not compared with other related algorithms [14].

In another study, Li et al. proposed a data-driven model-
ing approach for printed part surface roughness prediction,
in which sensors such as accelerometers and thermocouples
were arranged to record process data and make predictions
by ensemble learning methods [10]. However, the experi-
ments mainly focus on the roughness of the middle three
parts of the printed part and do not provide a complete over-
view of the printed part as a whole [15]. Compared with
vibration and thermal signals, acoustic signals have some
good advantages. Acoustic signals can provide rich informa-
tion about relevant process conditions, part quality, struc-
tural integrity, etc. [16]. Wu et al. developed a data-driven
monitoring and diagnosis method based on acoustic emis-
sion sensing information and investigated the relationship
between process failures and relevant acoustic emission pat-
terns. Different process failures were analyzed by unsuper-
vised machine learning and clustering methods (SOM)
[17]. However, the experiments for this process failure diag-
nosis are limited to the FFF first layer printing process,
which has not yet been able to fully automate the monitoring
and adjustment of parameters.

Another study in ML is the detection and analysis of AM
processes by optical tools. Westphal and Seitz used a transfer
learning approach to experiment with image datasets in
combination with an adaptive classifier for the analysis of
the part manufacturing process [18]. The proposed complex
transfer learning approach allows the automatic classifica-
tion of powder bed defects in SLS processes on a very small
dataset. In FDM processes, more and more research is based
on process images using convolutional neural networks
(CNN) to analyze process parameters and printing defects
in real time [19, 20]. An image-based closed-loop control
system was developed by Liu et al. For defect identification,
a defect feature extraction method based on image texture
analysis is proposed to extract the corresponding defect tex-
ture features from the input image [21]. The developed
closed-loop system has 85% defect classification accuracy
and can adjust the process parameters in time. However,
the limited coverage of the microscope used to monitor the
printing process in the experiment limits the identification
of more other types of surface defects.

In addition to monitoring 1D and 2D data from the AM
process, some studies have used the 3D data collected during
the process to reconstruct the geometry of the printed part
and compare the printed geometry with a computer model
[22]. Charalampous et al. developed an ML method that is
based on a regression algorithm to investigate the dimen-
sional deviations of CAD models and solid parts [5]. The
relationship between process parameters and printing qual-
ity was investigated by creating a database of optical scans.
However, this analysis method only evaluates the measure-
ment of printing results and ignores the mechanical move-

ments and thermal changes inside the printed part during
production. A laser-based online machining monitoring sys-
tem was proposed by Lyu and Manoochehri [23]. The point
cloud dataset acquired by a 3D laser scanner provides infor-
mation on the current part height in the z-axis direction and
the in-plane depth of each layer. The VGG16 model is used
to classify the in-plane anomalies, and the PID online
closed-loop control method is used to adjust the process
parameters, resulting in a significant reduction in the height
deviation of the printed parts and an effective correction of
the printing anomalies. However, the complex ML method
resulted in relatively high computational costs and a long
analysis time.

Unlike AM process monitoring using a single sensor,
some research works fuse information from different data
sources to evaluate geometry deviations and mechanical
properties of printed parts. Gui et al. proposed a data fusion
method that fuses sensing data from different sources and
process parameters to evaluate the quality of 3D printed
parts [12]. In addition, Petrich et al. developed a neural net-
work that ingested multimodal sensor data from cameras,
microphones, and machine logs to detect defects in laser
powder bed fused AM parts with 99.9% accuracy [13]. These
experiments were performed by fusing multimodal data for
quality assessment analysis, and the fusion of multimodal
data sacrifices the independence of the data itself. Second,
there is a model learning bias in the prediction effectiveness
of a single machine learning model.

In summary, the above-mentioned literature is based on
various types of data during AM to provide assurance of
printing quality by ML methods. In this paper, a defect clas-
sification method for FDM processes is proposed for defect
diagnosis by fusing the prediction results of two machine
learning models. The multimodal data include layered
images, extruder vibration, and melt pool temperature dur-
ing the production process. By fusing vision- and sensing-
based methods, the classification accuracy is significantly
improved compared to the classification of defects in the
FDM process using the two methods alone. The experiments
involved five different print defect types and one normal
condition, and the classification accuracy of the fusion
model was about 97.9%. The rest of the paper is organized
as follows, with Section 2 describing the experimental setup
as well as the research methodology. Section 3 gives the data
analysis processing and experimental results. The experi-
mental results are discussed in Section 4. Finally, Section 5
discusses the conclusions and future work.

2. Materials and Methods

The experimental setup used in this study, the data acquisi-
tion, and the generated datasets are described in detail
below. In addition, how the data were preprocessed, the
ML algorithm, and the performance evaluation metrics used
in the experiments are described.

2.1. Experimental Equipment and Data Acquisition. A low-
cost FDM printer (Aurora Ervo A6) was used in this exper-
iment, and the data acquisition system is shown in Figure 1.
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The machine uses a 0.4mm diameter nozzle, a piece of 320
mm × 320mm size heatable build platform, and a 1.75mm
diameter gray polylactide (PLA) as the filament material
used for printing. The test parts printed in the experiments
were rectangles of size 40mm × 40mm × 12mm. In order
to simulate a real production environment, the necessary
printing process parameters were set using the slicing soft-
ware JGreate version 4.8.4.

The Aomekie USB microscope is used to image the sur-
face of the printed layers during the FDM production pro-
cess. The digital microscope is arranged on the left side of
the motor, parallel to the extruder. After each layer is
printed, the FDM printer automatically moves the extrusion
head to one side and uses the digital microscope to capture
the detailed features of the print surface. After several exper-
imental adjustments, the resolution of the microscope was
set to 2592 × 1944 with a sampling frequency of 1Hz. Con-
sidering the defects that may be generated by temperature
variations and abnormal vibrations in the FDM process,
accelerometers and noncontact infrared cameras are also
used to monitor the FDM process. Among them, in order
to measure the layer-by-layer thermal activity of the FDM
process, an infrared (IR) imaging camera is mounted on
the extruder to record the melt pool temperature. In addi-
tion, to face possible abnormal vibrations during the print-
ing process, accelerometers were mounted on the extruder
motor to monitor the extruder motion during the printing
process. Table 1 lists detailed information about the sensor
measurements.

In order to investigate the relationship between process
parameters and printing defects, this work was designed to
conduct experiments for a variety of process parameters.
According to previous studies and literature, the machine
parameter layer height (H) did not have a significant effect
on the print surface quality [21]. Therefore, three process
parameters were selected for the experiments, including
extruder temperature (T), material flow rate (R), and print-
ing speed (V), where T controls the extruder temperature

of the extruded material and the viscosity of the extrudate,
R denotes the material extrusion flow rate of the extruder,
and V is the movement speed of the extruder. All three pro-
cess parameters chosen for the experiment may have an
effect on the printing quality. In this study, experiments were
conducted by adjusting three selected process parameters
(this experiment assumes that there are four combinations
of parameters that can lead to printing defects) and diagnos-
tic analysis of defect types based on printing results. The
experimental design is shown in Table 2, which is repeated
twice in order to avoid chance events during the FDM pro-
cess, for a total of 20 prints.

In order to determine the relationship model between
the parameters selected in the study and the defects, a total
of 20 printing operations were performed according to the
experimental design in Table 2. Since the height of the
printed test part is 12mm, after setting the layer height to
0.3mm, each part will be repeatedly printed in stacks of 40
layers. During the FDM printing experiments, the digital
microscope automatically moves directly above the printed
part after each completed layer of the extruder to record
the detailed features of each printed layer. With real-time
monitoring by the digital microscope, 40 images of the sur-
face condition can be captured for each printed test part.
However, when printing experiments were performed using
the process parameter T250R150V60, large print position
shifts always occurred, resulting in false stops. As a result,
a total of 765 field monitoring images were actually col-
lected for the 20 print experiments. Meanwhile, the sensing
data from the accelerometer and IR imaging camera real-
time monitoring were saved to a txt text file via a python
program.

2.2. Data Preprocessing. After collecting the required multi-
modal data, the data must be preprocessed accordingly. By
analyzing the results of setting different parameters during
the experiment, the results are shown in Figure 2(a). It can
be observed that improper settings of the material flow rate
lead to defects in the underfill and overfill of the printed
part. For the effect of extruder temperature and printing
speed, the experimental results show that high temperature
and too fast printing speed lead to abnormal material cool-
ing and filling defects with regular patterns on the surface
of the printed part. Second, low extruder temperatures can
lead to uneven cooling rates throughout the printing pro-
cess, and as the number of deposited layers increases, tem-
perature gradients in the part can create residual thermal
stresses that can predispose to defects such as warping
[14]. However, the results also show that if the print speed
is fast enough, the printed part adheres to the build platform
even at a slightly lower extruder temperature, and no warp-
ing occurs at the corners of the printed part. In addition, the
interaction of low temperature and too fast printing speed
reduces the material fluidity and leads to a rough surface
of the printed part. The different types of printing defects
were then labeled according to the acquired images
(Figure 2(a)), and the experimental results show that the
printing results for four groups of process parameters can
be broadly classified into six categories: through, normal

Build plate
Deposited
material

Digital
microscope

IR sensor

Thermocouple

Filament

Figure 1: The designed multimode data acquisition system.
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printing, overfill, regular pattern, underfill, and warping. The
results of the experiments are shown in Table 3, which lists
the printing results for each experiment, where the process
parameters for a normal printing process (i.e., no defects
occurring) are defined as the optimal machine parameters.
In addition, for the 1D sensing data (Figures 2(b) and
2(c)), it is necessary to detect the presence of missing values.
After determining the integrity of the dataset, the data file is
manually cropped to remove all values before printing the
first layer and after the last layer. After the data were
cropped, a stable production process of approximately 1
hour and 30 minutes was obtained. To improve computa-
tional efficiency, nine statistical features (maximum, median,
mean, minimum, root mean square, skewness, kurtosis,
peak, and variance) needed to be extracted from the time
domain for each signal channel collected. In addition, a fast
Fourier transform (FFT) of the vibration data is required to
extract four frequency domain features, including the mean,
maximum, minimum, and median of the spectral amplitude.
Finally, each layer of the FDM process corresponds to the

sensing data, which needs to be labeled with a corresponding
label after the features are extracted by time-frequency con-
version to be consistent with the image data.

2.3. Machine Learning Models Used in the Research.
Throughout the analysis process, all measurements were
undertaken using a local workstation computer with a Win-
dows 10 environment, an Intel Corei5-10400F CPU, and
16GB RAM. All machine learning algorithms were based
on PyTorch 1.10.1, python version 3.8.12.

2.3.1. Vision-Based Defect Classification Algorithm. Figure 2(c)
clearly demonstrates that the surface images of printed parts
have distinct textural characteristics under different process
parameter conditions. Therefore, this study proposes the
use of the Swin Transformer algorithm to accurately identify
the defects that appear. Transformer was first proposed in the
field of natural language processing (NLP) and has been
widely used in computer vision in recent years [24]. Usually,
CNN is considered the dominant solution to vision problems

Table 1: Sensor specification and measurement.

Sensor specification Measurement Sampling frequency

IR temperature sensor (GY-614V3) Melt pool temperature 5Hz

Accelerometer (ADXL357) Extruder vibration 20Hz

Table 2: Process parameters setting in experimental studies.

Process parameter Unit
Parameter combination

Regular parameters For high R For low R For high V For low T

Extruder temperature (T) °C 220/250 220/250 220/250 220/250 190

Print speed (V) mm/sec 60 60 60 120 60/120

Materials flow rate (R) % 100 150 50 100 100

Constant parameters over all printing conditions

Infill % 100

Layer thickness mm 0.3

Build platform temperature °C 60

Normal

Rough

Over-fill Under-fill
Defects

Regular pattern Warping

Normal

Rough Regular pattern Warping
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Figure 2: Visualization of multimodal data: (a) surface images of the printed part; (b) extruder vibrations (X direction); (c) IR temperature.
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[25], but since the introduction of Visual Transformer (ViT)
[26], more and more researchers have started to apply trans-
former architecture to the field of image recognition. Since
the attention mechanism in transformer is able to obtain
semantic information between each image block, this makes
it possible to obtain a global perceptual field in training, bet-
ter recognition of small targets, and significantly reduced
computational resources compared to traditional CNN
architecture models. However, transformer is difficult to
handle on high-resolution images, and the basic transformer
models, where the scale of token is fixed, are not suitable for
the nature of visual applications. To overcome these prob-
lems, Swin Transformer uses a shift window-based module
(SW-MSA) to replace the standard multiheaded self-
attentive module (MSA) [27]. By combining the regular mul-
tiheaded self-attention (W-MSA) with the module with
shifted windows (SW-MSA), the perceptual field of the
model is expanded and the computational efficiency is
improved.

To solve the problem of insufficient image acquisition
during the experiment, a transfer learning method based
on Swin Transformer is used in the study. With the develop-
ment of deep learning, transfer learning is becoming an inte-
gral part of many applications, especially in the field of fault
diagnosis [28]. The pretrained model used in this study is
the Swin Transformer model trained at 224 × 224 resolution
on ImageNet-1k. The loss function used in the model is the
cross-entropy loss function (SparseCategoricalCrossen-
tropy) used to compute the multiple classification problems.
To better utilize the information of sparse gradients, the
optimizer uses Adam optimizer [29]. Throughout the exper-
imental process of image classification, the experimental
algorithm is first validated using 80% of the data from the
dataset for training and then tested using the remaining
20% of the data.

2.3.2. Time Series Data Classification Algorithm. Since image
defect detection focuses only on the surface images between
the printed layers, process parameters such as extruder tem-
perature and vibration during the FDM process, for exam-
ple, are ignored. Therefore, the 1DCNN model is used for
feature extraction and correlation evaluation for the col-

lected temporal sensing data. CNN is widely used for image
and speech processing [30]. In extracting features from sens-
ing data, 1DCNN is more suitable than 2DCNN operation
because the size of its kernel is equal to the signal dimen-
sionality. During the training and testing of the 1DCNN
model, the division of the sensing dataset is kept consistent
with the division of the image dataset.

2.3.3. Combination of Vision and Sensing. Both of the above-
mentioned FDM surface defect classification methods can be
run as stand-alone methods. However, there are two prob-
lems with FDM process image monitoring. First, the image
quality is susceptible to the effects of light and microscope
cameras. Second, the microscope camera has a blind spot
in the field of view, and print part edge errors are difficult
to capture. In contrast, the sensing data collected during
the process can well describe the layered thermal activity
and mechanical motion in the FDM process. Therefore, it
is advantageous to fuse the two methods for classification
prediction of FDM surface defects to obtain more reliable
classification results. Figure 3 illustrates the basic flow of
multimodal data fusion prediction.

The basic idea behind the combination of vision- and
sensing-based surface defect identification is to run both
methods simultaneously. The machine learning model pro-
vides the probability of predicting each class, i.e., for each
class, returns the probability that the test vector belongs to
that class. For separate predictions based on vision and sens-
ing methods, the model outputs the predicted class labels
directly. However, when performing fusion prediction of
multimodal data, this study uses a class fusion approach to
perform classification prediction. Experimentally, PimgðvÞ =
ðPimg,1, Pimg,2,⋯, Pimg,nÞ is set as the class probability of the
test vector v for the image-based classification model, where
Pimg,i represents the probability of the test vector v for the
class of i and n is the total number of classes; in this study,
n is equal to 6. Similarly, PsenðsÞ = ðPsen,1, Psen,2,⋯, Psen,nÞ
represents the class probability of the sensing signal feature
vector based on the sensing signal classification prediction,
where the feature vectors v and s both correspond to the
same time period of the FDM process. Therefore, the joint
predicted probability of each class can be obtained by com-
bining and summing

P = P1, P1,⋯, Pnð Þ
= Pimg,1 + kj

∗Psen,1, Pimg,2 + kj
∗Psen,2,⋯, Pimg,n + kj

∗Psen,n
� �

:

ð1Þ

By combining the category probabilities predicted by the
two methods, the joint value Pi is small if both Pimg,i and
Psen,i are small. If both Pimg,i and Psen,i are even, or if one is
large and the other is small, then the joint value Pi is
assigned a median value. If both Pimg,i and Psen,i are large,
then the joint value Pi will be large. Since different methods
of prediction may have different importance, multimodal
data prediction can be better achieved by appropriate
weighting. In this experiment, the optimal joint value Pi is

Table 3: Experimental results of the design.

Parameter
combination

T R V
Printing quality
description

PC1 190°C 100% 60mm/sec Warping

PC2 190°C 100% 120mm/sec Rough

PC3 220°C 50% 60mm/sec Underfill

PC4 220°C 100% 60mm/sec Normal printing

PC5 220°C 100% 120mm/sec Regular pattern

PC6 220°C 150% 60mm/sec Overfill

PC7 250°C 50% 60mm/sec Underfill

PC8 250°C 100% 60mm/sec Regular pattern

PC9 250°C 100% 120mm/sec Regular pattern

PC10 250°C 150% 60mm/sec Overfill
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found by adjusting the weight value kj of Psen,i. To prevent
the joint value from exceeding the maximum probability,
the joint probability is divided by 2. Finally, the class label
C predicted by fusion is given by the following equation:

C =
arg max
i=1⋯n

Pið Þ
� �

2
: ð2Þ

2.4. Machine Learning Model Evaluation and Analysis. How
to distinguish and evaluate the performance of classification
algorithms has been an important issue in machine learning,
as the correct choice of evaluation metrics helps to compare
the performance of different models [31]. In this experiment,
specific experimental results are displayed using the confu-
sion matrix (CM) [32], which is a cross-tabulation table that
records the number of occurrences between two raters, i.e.,
true/actual classification and predicted classification. The
confusion matrix yields four basic elements, namely, true
positive (TF), false negative (FN), false positive (FP), and
true negative (TN). For the multiclassification problem,
accuracy, macro average precision, macro average recall,
and macro F1-score are used as the evaluation metrics of
the model in this study. These metrics are defined as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
,

Macro average precision =
∑K

k=1TPk/ TPk∗ + FPkð Þ
K

,

Macro average recall =
∑K

k=1TPk/ TPk∗ + FNkð Þ
K

,

Macro F1‐score

= 2∗
macro average precision∗macro average recall

macro average precision‐1 + macro average recall‐1

� �
:

ð3Þ

3. Results

3.1. Image Classification Results. Experiments are conducted
using the Swin Transformer-based transfer learning model
and image data collected by the FDM process. In this pro-
cess, the Swin Transformer model is trained and tested on
the previously described image dataset. The results of the
examination on the image data validation set are shown in
Table 4. It can be found that on the validation set, the Swin
Transformer model is poorly classified for the normal print-
ing class, and the precision of the rough class and the recall
of the warping class is in a low state. In addition, Figure 4
shows the accuracy and loss curves of the Swin Transformer
model trained and validated on the image dataset. Over the
20 epochs of model training, the training loss of the model
gradually decreases, and the training and validation losses
finally remain floating around 0.4. The trend of the loss on
the validation set remains consistent with the training loss,
and the final accuracy on the validation set is 0.837. This
indicates that the Swin Transformer algorithm finds a rela-
tively good fit with the training data during the training pro-
cess. The confusion matrix of the validation set in Figure 5
clearly shows the difference between the actual and predicted
values. The confusion matrix for the test set has a similar
conclusion, with the Swin Transformer model classifying
the normal printing errors into regular pattern classes. This
may be attributed to the fact that the regular pattern class
exhibits normal surface conditions at the beginning of print-
ing and only accumulates layer by layer to a certain level
before the defects become more apparent. In addition, the
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Figure 3: Basic process flow of machine learning analysis using multimodal data in this work.

Table 4: Evaluation metrics on the Swin Transformer validation
set.

Printing quality Precision Recall F1-score
Rough 0.765 1.0 0.867

Normal printing 0.0 0.0 0.0

Overfill 0.947 0.9 0.923

Regular pattern 0.712 0.974 0.823

Underfill 1.0 1.0 1.0

Warping 1.0 0.692 0.818
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reflection of the printed material also affects the classifica-
tion performance of the ML model. For the warping class,
Swin Transformer also has a certain degree of misclassifica-
tion, mainly because the process parameters of the rough
class and the warping class are too close, and the main differ-
ence between the two is whether the corner of the printed
part appears to fall off from the build platform during the
printing process, which happens to be the blind spot of the
digital microscope.

Due to the small size of the dataset used in the experi-
ments, four other basic machine learning models experi-
mented on the image dataset in this study in order to
verify the reliability of the Swin Transformer model and the
dataset. The results of support vector machine (SVM), deci-
sion tree (DT), K-neighborhood (KNN), and Parsimonious

Bayes (NB) on the test set are shown in Table 5. It can be
found that the accuracy of SVM, which is the best perfor-
mance among the four basic machine learning models, is also
6.79% less than that of Swin Transformer, and the worst per-
formance of NB on the test set is only 0.635. From the confu-
sion matrix in Table 5, it can be seen that all five machine
learning models are not very effective in recognizing the
normal printing class with high accuracy. Even the better-
performing SVM models still have more than half false posi-
tives for the normal printing class. In conclusion, compared
with the traditional machine learning models, the Swin
Transformer-based transfer learning model has good classifi-
cation performance on small datasets with accuracy (0.899)
and macro F1-score (0.811), but it is still difficult to distin-
guish individual defective classes.
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Figure 4: Visualization of accuracy and loss of Swin Transformer model on training and validation sets.
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Figure 5: Visualization of confusion matrix of Swin Transformer model on training and validation sets.
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3.2. Sensing Data Classification Results. This section pro-
poses a method to classify the defects of the FDM printing
process based on sensing data. The FDM process informa-
tion is collected by sensors arranged on the printer. The col-
lected sensing data are preprocessed and input to a 1DCNN
model for training. 1DCNN model consists of one input
layer, four convolutional layers, two “Maxpooling” layers,
two “Dropout” layers, and one output layer. Figure 6 shows
the accuracy and loss curves of the 1DCNN model trained
and validated on the image dataset. It can be observed that
as the epoch increases, the training and validation losses of
the 1DCNN model gradually decrease and the loss curve is
smoother. The accuracy of the model can reach 0.899 on
the training set and 0.892 on the test set. According to the
confusion matrix of the 1DCNN model on the test set in
Table 5, it can be found that the 1DCNN model has a good
classification effect on the normal printing class on the test
set. According to the calculation, the F1-score of the normal
printing class is 0.833, which is much higher than the perfor-
mance of Swin Transformer on the image dataset. However,

the classification effect of the 1DCNN model on other defec-
tive classes is still not satisfactory.

The same was done to establish the reliability of the
1DCNN model and the sensing data. In this study, the ran-
dom forest (RF) algorithm has again experimented on the
sensing dataset, and the experimental results were compared
with those of the 1DCNN model (see Table 6). It can be seen
that 1DCNN has better prediction accuracy and higher
macro F1-score than the conventional RF model. As shown
in the ROC plot in Figure 7, the TPR is plotted on the FPR
and the AUC values are determined. The AUC value of the
1DCNN model is 0.0036 higher than that of the RF model,
which indicates that the 1DCNN model has a more robust
prediction performance than the RF model.

3.3. Fusion of the Prediction. The basic idea of vision- and
sensing-based classifications for surface defect detection in
FDM processes is to run both methods simultaneously. Both
methods can be predicted separately. Through the experi-
ments mentioned in the previous two sections, it can be

Table 5: Performance metrics on vision-based machine learning model test sets.

Experiments Model Confusion matrix Accuracy Macro avg precision Macro avg recall Macro avg F1-score

Image classification

SW

15 0 0 0 0 0

0.899 0.794 0.833 0.811

0 0 0 0 0 0

0 0 25 0 0 0

0 15 0 48 0 0

0 0 0 0 30 0

0 0 0 0 0 15

SVM

12 0 0 0 0 3

0.899 0.794 0.833 0.811

1 7 0 7 0 0

0 0 24 1 0 0

0 4 3 41 0 0

0 0 0 0 30 0

4 1 0 0 0 10

DT

15 0 0 0 0 0

0.75 0.704 0.707 0.402

1 6 1 6 0 1

0 0 23 2 0 0

0 7 3 36 0 2

0 0 0 0 30 0

2 0 0 10 0 3

KNN

13 0 0 0 0 2

0.777 0.723 0.746 0.706

3 3 5 4 0 0

1 0 22 2 0 0

3 2 5 38 0 0

0 0 0 0 30 0

4 0 0 2 0 9

NB

1 0 3 11 0 0

0.635 0.484 0.678 0.429

0 1 5 9 0 0

0 0 25 0 0 0

0 0 11 37 0 0

0 0 0 0 30 0

0 0 3 12 0 0

8 Journal of Sensors



found that the Swin Transformer model has no significant
difference in performance on the training and test sets but
has limited ability to discriminate between the normal print-
ing classes due to factors such as surface reflection of the
printing material and instability of the printing process.
1DCNN model shows good classification performance on
both the training and test sets. Unlike the Swin Transformer
model which has difficulty in distinguishing the normal
printing class, the 1DCNN model can identify the normal
printing well by sensing data without confusing it with the
regular pattern class. However, since the collected sensing
data consisted of vibration signals and IR temperature sig-
nals, the signal characteristics corresponding to overfill and
regular pattern classes were not significantly different, so
the prediction of the 1DCNN model on these defect classes
was not satisfactory. The experimental results for both
models show that both models have good classification

results for some classes, but neither can take into account
all defect classes. In this case, two prediction methods were
fused in this study.

To perform fusion prediction, this work uses the sensing
data segments corresponding to the images for experiments.
The weights kj on PsenðsÞ are first adjusted to find the opti-
mal prediction model. The weights kj are set from 0.1 to 1
in steps of 0.1, and the weights are gradually adjusted
(k1 = 0:1, k2 = 0:2, :… , k10 = 1). The performance of the
fusion model on the test set under different weights is shown
in Figure 8(a). When the weight kj on PsenðsÞ is set to 0.4, the
fusion model has the highest accuracy (0.979), and the F1
-score distribution of each category is relatively uniform.
Compared with the classification performance of the previ-
ous two models for the normal printing class, the F1-score
of the fusion model for the normal printing class can reach
0.904. As shown in Figure 8(b), all the evaluation metrics
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Figure 6: Visualization of accuracy and loss of 1DCNN model on training and validation sets.

Table 6: Performance metrics on sensor-based machine learning model test sets.

Experiments Model Confusion matrix Accuracy Macro avg precision Macro avg recall Macro avg F1-score

Sensing classification

CNN

10 0 0 0 0 5

0.892 0.901 0.885 0.87

0 15 0 0 0 0

0 0 23 2 0 0

0 6 1 39 2 0

0 0 0 0 30 0

0 0 0 0 0 15

RF

15 0 0 0 0 0

0.858 0.881 0.899 0.862

5 10 0 0 0 0

0 0 25 0 0 0

11 0 0 36 1 0

4 0 0 0 26 0

0 0 0 0 0 15
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of the fusion model are higher than those of the Swin Trans-
former model and the 1DCNN model, and the metrics are in
close agreement, which indicates that the fusion model has
good robustness.

The fusion model can well classify the surface quality of
the printed parts in the experiment into six types based on
the printing quality, including rough, normal printing, over-
fill, regular pattern, underfill, and warping. Since this study
needs to determine the relationship model between the
selected FDM process parameters and defects, according to
the classification results of the fusion model, the defect types

can be correlated with the root cause to find the process
parameters corresponding to them. The qualitative relation-
ship between the defects and the relevant adjustment mea-
sures in this study is shown in Figure 9. However, rough
and regular pattern correspond to two kinds of root causes,
respectively. Unlike the rough class, the regular pattern class
involves more combinations of process parameters, and the
fusion model alone cannot determine the process parame-
ters that need to be adjusted (regular pattern may have nor-
mal temperature but high printing speed; it may also have
high temperature and normal printing speed). Therefore,
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this study also needs to conduct a triple classification exper-
iment for the regular pattern defect class to distinguish its
process parameters in the FDM process for targeted and
timely adjustment. For the random forest model, the hyper-
parameters to be tuned include (1) the maximum depth, (2)
the number of decision trees, and (3) the minimum number
of samples needed for the classification nodes. Specifically,
for the optimization problem, a grid search is used to find
the optimal parameters, where max_depth is 9,200 decision
trees are required to split a node, and four features are
needed to optimize the split. After optimization, the accu-
racy of random forest model reaches 0.958 on the test set,
which can well meet the demand of triple classification and
can well determine the relationship between regular pattern
defects and process parameters. So far, all the experiments of
surface defect classification in FDM process are completed.
The experimental results show that ML is a promising solu-
tion in the field of additive manufacturing, which can be
used to detect surface defects in the printing process and
adjust the process parameters in time.

4. Discussion

4.1. Optical Detection and Challenges. FDM process moni-
toring using a digital microscope can provide a good
description of defects in the printing process. This experi-
ment was performed by manually annotating the acquired
images and analyzing them using a machine learning model.
However, there are limitations in using optical imaging for
process monitoring. The coverage of the digital microscope
is limited, and the field of view is mainly focused on the cen-
tral area of the printed part, making it difficult to take into
account the edges and bottom of the printed part. In addi-
tion to the blind spot in the field of view of the digital micro-
scope, it is also critical to obtain sufficient contrast in the
image. The PLA material used in the experiments was gray
in color, and the images acquired in the experiments were
slightly affected by reflections due to the high reflectivity.
The impact is mainly seen in the classification problem of
normal printing, where the Swin Transformer model always
incorrectly predicts the normal printing class as the regular
pattern defect class. Therefore, the material chosen for the
test case needs to have ideal conditions, with material prop-
erties that are both bright and not too reflective. If necessary,
polarized illumination should be used to reduce further

reflections. In addition to the effects of site environment
and material properties, optical analysis methods tend to
ignore the operating conditions of the machine itself during
the printing process and do not allow direct analysis of pro-
cess parameters.

4.2. The Importance of Sensing Monitoring. Unlike image
classification ML algorithms which require relatively high
computational cost, the sensor-based analysis approach
possesses less complexity. The experiments monitor the
working status of the FDM process by arranging accelerom-
eters and IR sensors, where the vibration signal can reflect
the mechanical activity of the FDM printer, and the IR
temperature can monitor the layered thermal activity of
the FDM process. The collected vibration and temperature
data are processed and input to the 1DCNN model for
training, and the corresponding prediction results are
obtained. The experimental results show that the 1DCNN
model is much more effective than the Swin Transformer
model for normal printing class prediction. However, since
the collected sensing data consisted mainly of vibration sig-
nals and temperature data, it was difficult to accurately dis-
tinguish between various types of defects, and the accuracy
of the 1DCNN model on the test set was only 0.892. The
experiments showed that the presence of multiple sensors
(accelerometers and IR temperature sensors) might help
to detect problems for which computer vision is not neces-
sarily applicable.

4.3. The Function and Significance of Fusion Model. By fus-
ing two independent models for prediction, good prediction
results are obtained. For most categories, the fusion model
outperforms the prediction based on visual and sensing data.
The experiments use the Swin Transformer model as a
benchmark and gradually adjust the weights on the 1DCNN
model to find the optimal fusion model. It is found that the
fusion model can cope well with the problem of state change
during the FDM process, which is gradually shaped by mate-
rial stacking, and the initial layers may not show obvious
printing defects (e.g., regular pattern class and warping
class) under digital microscope monitoring, and only after
printing to a certain extent will there be more obvious differ-
ences. It is difficult to distinguish whether the initial layer
image belongs to a certain defect class by optical inspection.
By the time the image classifier detects a defect, the print has

Rough Over-fillRegular pattern Under-fillWarpingDefects

Root cause Low temperature Low flow rateHigh speed High flow rateHigh temperature

Parameters Extruder temperature Material flow rate Print speed

Figure 9: The causal relationship between defects and process parameters.
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already undergone a large printing deviation, which is diffi-
cult to correct. Therefore, sensors arranged on the printer
can be well placed to monitor the mechanical and thermal
activities between layers during the printing process, facili-
tating the timely detection of defects and subsequent adjust-
ments. Finally, the relationship model between the selected
process parameters and defects can be precisely determined
by fusion models and a simple random forest triple classifi-
cation model. However, for practical industrial applications,
the proposed method needs further improvement and auto-
mation. In addition, experiments need to add more and
more data to the algorithm database to ensure more robust
classification results.

5. Conclusions

To improve the diagnostic performance of printing defects
in fused deposition modeling (FDM), a method that fuses
vision-based and sensor-based prediction results for defect
diagnosis is proposed. The interlayer surface images and
sensing data (vibration signals and infrared temperature)
from the FDM process are acquired by arranging a digital
microscope and sensors (accelerometer and infrared ther-
mometer) on the printer. Two methods of defect classifica-
tion were tested on the acquired dataset. The first method
uses a Swin Transformer-based transfer learning model
and interlayer surface images for defect classification, and
the second method uses a 1DCNN-based model and sensing
data for defect diagnosis. Both defect diagnosis models can
be run independently; however, the diagnosis results of both
models are not ideal. Therefore, the prediction results of the
two models are fused together for our experiments, and the
experimental results showed that the fused prediction model
was more reliable than the prediction using a single ML
model alone. The prediction accuracy of the fusion model
is more than 8.9% and 9.8% higher than that of the Swin
Transformer model and the 1DCNN model alone. In addi-
tion, the method proposed in this paper can well determine
the relationship model between printing defects and process
parameters, which facilitates subsequent online adjustments
for defects that occur during printing.

For future work, the proposed fusion model approach
will be further tested on more complex parts. Since the
FDM printer used in this paper is not an open source
FDM printer, it is not possible to automate the online adjust-
ment function for the time being. Therefore, in the future, it
is expected that the production process can automatically
perform online data acquisition, preprocessing, and analysis
and feed the ML model prediction results to the closed-loop
system in real time. The production system will automati-
cally adjust the process parameters based on the feedback
information to achieve quality assurance.
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