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Abstract

Under-extrusion poses a common challenge in filament 3D printing, necessitating precise adjustments to printing parameters for optimal
resolution. Swift identification of this flaw is crucial for implementing timely corrective measures. In response, we present a novel machine
learning approach designed to detect anomalies in 3D printing, specifically in the fused filament fabrication process (FFF). Our framework utilizes
“You Only Look Once” (YOLO), a real-time object detection system, and “Visual Geometry Group-16” (VGG-16), a Convolutional Neural
Network (CNN) model for image recognition, to accurately identify and localize under-extrusion events. Initially, models such as VGG-16, VGG-
19, and ResNet-50 were trained without the inclusion of YOLO to establish baseline accuracies. Subsequently, an automated image pre-processing
phase employs YOLO to discern the nozzle head, facilitating subsequent cropping around the region of interest for retraining the models. This
inclusion of the nozzle head detection approach significantly improved the accuracy of all models, with the combined application of YOLO and
VGG-16 demonstrating the most substantial enhancement, boosting detection accuracy to 97%. Moreover, Gradient-weighted Class Activation
Mapping (Grad-CAM) technique, another CNN-based method, is employed to effectively highlight predicted areas in under-extrusion scenarios.
While our method significantly advances the automatic detection of printing anomalies, it primarily serves as a diagnostic tool, signaling the need
for intervention. Our rigorous testing on images of varying complexities confirms the model’s robustness, evaluated using comprehensive metrics
such as precision, recall, and F1 score.
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1. Introduction

The advent of 3D printing, also known as additive
manufacturing (AM), has revolutionized the design and
production landscape by facilitating the creation of complex
geometries and ushering in an era of manufacturing that
prioritizes both precision and sustainability |1, 2]. Despite its
transformative potential, AM faces inherent challenges, with
under-extrusion being a critical flaw that undermines the
structural integrity and aesthetic quality of printed objects [3].
Characterized by the insufficient deposition of material, under-
extrusion leads to parts with weak structural points and surface
irregularities, significantly compromising the functionality and

durability of the final product [4]. This issue often arises from
factors such as suboptimal printer parameters, inconsistent
filament flow, and variable environmental conditions that
impact the printing process [5]. FFF stands as the most widely
used AM technology, holding more than 70% of the market. Its
popularity stems from a straightforward setup and operational
ease, coupled with the ability to work with a diverse range of
thermoplastic filaments. This process involves the precise
extrusion of melted filament material layer by layer to construct
3D objects, enabling detailed customization and rapid
prototyping across industries [6].

Addressing under-extrusion is crucial, particularly due to its
significant impact on the safety and performance of
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components in critical sectors such as aerospace, automotive,
and healthcare [7, 8]. FFF’s role in manufacturing critical
components, like aerospace turbine blades, automotive
structural parts, and medical implants, highlights the need for
stringent quality standards in these industries. The work of
researchers like Ram’irez et al., and Pienaar et al., further
emphasizes the importance of precision in producing these vital
components, which range from intricate dental prostheses to
lightweight yet durable parts for spacecraft [9, 10]. This
underscores the imperative of resolving printing flaws to ensure
the reliability and efficacy of products across these high-stakes
fields. Any compromise in quality can lead to severe
consequences, positioning the resolution of printing flaws like
under-extrusion not only as a technical challenge but also as a
matter of public safety [11, 12]. Moreover, in the rapidly
evolving global manufacturing landscape, the agility and
quality assurance that FFF technology offers represent crucial
competitive advantages [13, 14]. Beyond the implications for
quality, the economic repercussions of under-extrusion,
including material waste and the costs associated with reprints
and extended quality assurance processes, highlight the need
for effective solutions to locate these issues [15].

Ensuring the quality of 3D printed products is paramount,
and various innovative methods have been developed for
identifying abnormalities. Selot et al., for example, explored
acoustic monitoring, employing acoustic sensors to detect
irregularities in the printing process [16]. Another notable
approach is thermal imaging, utilized by Hossain et al., which
focuses on detecting inconsistencies in the printing process,
such as under-extrusion or overheating [17]. Yeong et al,,
introduced an onsite monitoring system that leverages
computer vision and object detection models, to detect defects
in real-time during FFF processes [ 1 8]. This system, combining
camera technology with sophisticated algorithms, has
demonstrated high accuracy in pinpointing anomalies, thereby
facilitating immediate corrective actions. Among these varied
techniques, image analysis methods, particularly those
employing ML algorithms, have shown exceptional promise
[19].

The research conducted by Liu et al. and Xu et al. serves as
a testament to the adaptability and potential of ML in
scrutinizing the manufacturing process of FFF printed products
[20, 21]. Their work not only showcases the application of
convolutional neural networks (CNNs) in detecting deficiencies
within the FFF printing process but also highlights the broader
applicability of CNNs for in-process quality control across
various AM techniques. This underscores the practical
relevance of CNNs in real-world manufacturing settings,
illustrating their critical role in enhancing quality control
measures and ensuring the reliability of printed products across
the AM spectrum [22].

In the past few years, advancements in image processing and
deep learning, especially through CNNs, have significantly
advanced the fields of image classification and object
recognition. These innovations have been effectively applied
for identifying defects in the FFF process as well [23, 24].
Nonetheless, the process of training CNN models from the
ground up is resource-intensive, requiring vast datasets,
considerable computing power, and specialized knowledge,

which particularly challenges Small and Medium-sized
Enterprises (SMEs) due to the competitive nature of
manufacturing and the scarcity of resources [25, 26]. To
circumvent these hurdles, the strategy of deep transfer learning
has emerged as a promising solution, enabling the enhancement
of model accuracy with limited data by repurposing knowledge
from one domain to address related challenges in another [27,
28]. Furthermore, the advent of Industry 4.0 has not fully
permeated the SME sector, as well as among individual
enthusiasts and hobbyists, who face barriers in adopting
advanced technologies due to limitations in workforce, funding,
and infrastructure. Recent efforts aim to bridge this gap by
introducing cost-effective, user-friendly smart manufacturing
solutions, such as smart factory implementations and
retrofitting initiatives. These strategies are designed to facilitate
the integration of digital technologies into existing
manufacturing  frameworks,  promoting the  digital
transformation of production environments [29, 30].

In this study, we introduce a systematic deep transfer
learning approach leveraging a collected dataset of FFF process
images for the identification of printing anomalies. Initially, we
assembled a dataset featuring images of defective extrusions
and employed image augmentation techniques to generate
training and validation images. This process was designed to
accommodate variations in part shape and visual monitoring
conditions. We then selected three widely recognized ImageNet
pre-trained CNN architectures—VGG-16, VGG-19, and
ResNet-50—for feature extraction purposes. Additionally, we
devised an innovative nozzle head detection technique to
automatically refine the initial dataset images. During the
evaluation phase, we adjusted fine-tuning configurations to
systematically optimize performance and computational
efficiency. We also evaluated the computing time for each
model, aiming to identify the most suitable models for different
scenarios—specifically, those offering a balance between high
performance and low computational demand.

2. Related work
2.1. Monitoring of part quality in FFF using CNNs

The advancement of deep learning has sparked numerous
studies focused on vision-based, end-to-end applications in
FFF, primarily utilizing CNNs for detecting anomalies through
image samples under normal and under-extrusion conditions
31]. A significant hurdle in these endeavors is the precise
identification of filament and lamina conditions during the
printing process. Jin et al. devised a real-time monitoring
system by integrating a CNN model with a vision system,
achieving over 96% accuracy in detecting under or over-
extrusion and interlayer defects [27]. Banadaki et al. also
developed a real-time part quality monitoring system,
employing a deep CNN trained on images of printed layers to
categorize surface quality into five levels with an average
accuracy of 94%. Nevertheless, these studies focused on simple
zig-zag patterns, omitting complex engineering features such
as holes, fillets, and diverse surfaces [23]. Further efforts
include using CNNs and vision modules to monitor part
failures under unforeseen conditions. Kim et al. utilized a
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webcam-based system and a 19-layer CNN to classify
spaghetti-shape errors in the FDM process with 96% accuracy
[28]. Similarly, Paraskevoudis et al. presented a single-shot
defect detection model that identified stringing errors with 92%
accuracy in real-time [24]. Despite these successes, the studies
rely on custom-built models trained on specific datasets, posing
challenges in model replication without access to similar
datasets. The additive manufacturing field often lacks
comprehensive, organized datasets of process images,
highlighting the necessity for a methodical approach to
developing deficiency monitoring systems via deep transfer
learning. Such systems would address dataset size, computing
power, and expertise constraints prevalent in actual
manufacturing environments.

2.2. Transfer learning approach using CNNs

Transfer learning is a key technique in ML where
knowledge gained from solving one problem is reused to
address a similar, but new, problem [32]. Specifically, in deep
learning, which involves using CNNs, transfer learning helps
overcome the difficulties of training networks with multiple
layers on new datasets. This method is effective because it
utilizes the *weights’ (the learned features) from models that
were originally trained on large and diverse datasets, such as
ImageNet. This approach is akin to inductive learning, where
the model applies known information to new tasks [33]. The
main benefit here is that these pre-trained models can rapidly
and efficiently recognize a broad spectrum of features that are
crucial for analyzing new, target data. The typical methodology
for transfer learning in CNNs starts with using these pre-trained
models to effectively identify features in the new data. The
process then involves ’fine-tuning’, which means making slight
adjustments to the model so it better fits the specific needs of
the new dataset. Deep transfer learning has proven to be
extremely effective, particularly in fields where data is scarce
or limited. Its successful applications range from classifying
medical images [34], to inspecting the quality of manufactured
parts [35], and even monitoring construction environments
[36]. A pertinent example in the field of FFF is the study by Jin
etal. [37]. They utilized transfer learning with the VGG-16 and
Xception models, incorporating pre-trained weights from
ImageNet. This application is of interest to our study as it
demonstrates the potential of transfer learning in enhancing
defect detection in FFF processes. In their research, VGG-16,
armed with this technique, achieved an impressive 95.8%
accuracy in classifying printing anomalies.

3. Methodology

This section describes the details of the proposed framework
to detect defects in the fused filament fabrication. The overview
of the framework is shown in Fig. 1. The proposed framework
consists of four basic steps 1) Data collection and annotation,
2) Image pre-processing and augmentation using traditional
and automated approach, 3) transfer-learning using pre-trained
deep learning models, and 4) Defect detection result and
visualization. The details of each of the steps are described in
the following sub-sections.

Step-2: Image Step-3: Model Step-4: Model
pre-processing training results

Step-1: Data collectiona
dn annotation

VGG-16 Defect Detection and
VGG-19 Localizaiton using
Grad-CAM

Using traditional

approaches ResNets0

ROI based automated
cropping using YOLOvS
and augmentation

YOLOvS + VGG-18
YOLOvS + VGG-18
YOLOVS + ResNet50

Fig. 1. The overview of the proposed framework
3.1. Data collection and automation

The study is performed on “kaggle-early-detection-of-
3dprinting-issues” dataset, which is publicly accessible via
GitHub (https://github.com). This dataset is renowned for its
extensive use in various digital imaging disciplines,
encompassing areas such as image processing, binary
classification, industrial quality assurance, and the
enhancement of ML methodologies within practical
manufacturing contexts. Comprising images sourced from
seven distinct 3D printers, each contributing a range of 6 to 20
prints, the dataset offers a comprehensive view of the FFF
process. The captured images, taken in quick succession at
intervals of approximately 0.5 seconds from cameras mounted
on the printer nozzles, provide a dynamic perspective of the
printing activity. The primary objective of utilizing this dataset
was to classify the images into two distinct categories: those
indicating ‘under-extrusion’ and those representing ‘not under-
extrusion’. This classification was achieved using binary
labeling, where a label of 1’ denotes under-extrusion, and a
label of ‘0’ signifies a normal, defect-free print. In our study,
Fig. 2 is employed to visually demonstrate the dichotomy of
our collected dataset before applying any image augmentation
process. Fig. 2 (a) depicts scenarios of ‘under-extrusion’, where
the imperfections are evident in the form of disrupted print
parts and lines. Conversely, Fig. 2 (b) presents instances of
optimal printing, characterized by flawless print lines and
nozzle areas, indicative of ‘not under-extrusion’. The images
selected for this were chosen at random to demonstrate the data
contained within the dataset. It is noteworthy that the dataset
presented a relatively balanced distribution of images across
the two categories, thus obviating the necessity for extensive
data rebalancing efforts in our analysis.

3.2. Data pre-processing and augmentation using traditional
approaches

Data pre-processing and augmentation are foundational
steps in ML that enhance the diversity and quality of training
data, leading to more robust models. Pre-processing
standardizes input data, ensuring that the model learns from
cleanly formatted and normalized datasets. Augmentation
artificially expands the dataset by generating varied and
plausible training samples, thereby enriching the model’s
experience and preventing it from learning noise and irrelevant
details. The methodologies and specifics of data augmentation
are comprehensively discussed by Shorten and Khoshgoftaar
[38], and within the Keras library documentation [39]. In our
approach, data augmentation served as a critical control
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measure to preclude the model’s premature overfitting to the
training data, which could detrimentally affect its performance
on novel data. The data augmentation process involved
implementing various modifications in real-time to the training
dataset. These modifications include rescaling factor of 1/255
for image data normalization, horizontal flipping of images,
zoom range for the image area set to 0.15, shifts in width and
height by 0.20, shear rate of 0.15, Utilizing “nearest” as the fill
mode, and random image rotation within a range of £ 10
degrees.

ok
=

Fig. 2. Demonstration of the dataset dichotomy (a) depicts scenarios of “under-
extrusion,” with disrupted print parts and lines and (b) presents instances of
good printing, characterized by flawless print and nozzles areas.

(a)
(b)

{1l

3.3. Data pre-processing using automatic cropping of region
of interests (ROIs)

We aimed to enhance defect detection in FFF processes by
focusing on the printer head, utilizing the advanced detection
and localization capabilities of the YOLOv5 model [40].
Targeting the printer head was predicated on the rationale that
concentrating the analysis on this crucial area would
substantially reduce background noise and extraneous visual
data, optimizing the dataset for more effective anomaly
detection. This strategy was designed to create a more
streamlined and focused dataset and set the stage for a
comprehensive exploration of the YOLOvV5 methodology,
showing a deliberate move towards precise analysis in
enhancing quality control.

YOLOVS represents a significant advancement in object
detection technology, optimized for exceptional speed and
accuracy essential for real-time applications [41]. For each
detection task, input images are standardized to a 640 x 640
dimension and converted to RGB values. The architectural
backbone of YOLOvVS5 is composed of Cross Stage Partial
Networks (CSPNet), featuring five convolutional layers, one
Spatial Pyramid Pooling layer, and four CSP bottleneck blocks
that consist of multiple convolution and pooling layers as
shown in Fig. 3. This backbone is integral for extracting feature
maps. The head part of the architecture includes a Path
Aggregation Network, which processes deep layer features and
relays them to the 2D convolution layer for the actual detection
process. Notably, YOLOVSs, the smaller variant in the YOLO

series, requires the training of over 7 million parameters
(7,022,326 to be exact). This pre-trained model has been
trained on the COCO dataset, a large-scale object detection,
segmentation, and captioning dataset, making it robust and
versatile for a wide range of detection scenarios [42]. The
integration of these components within YOLOvS5’s framework
allows for the effective pinpointing of objects, proving its
utility and adaptability in high stakes environments where
accuracy and speed are paramount.

Backbone hNacK

FOCUS

Upsample

Conv Concat

Conv Upsample

jiAE

Concat
BottleneckCSP

aamd Detect
Conv

Conv

Concat

oorionoccor B oot

Conv

Concat

BottleneckCsP [ Dctect

Fig. 3. Architecture of YOLOVS network

3.4. Data pre-processing using automatic cropping of region
of interests (ROIs)

VGGNet, developed by the Visual Geometry Group at the
University of Oxford, has garnered significant attention in the
field of deep learning, particularly following its achievement in
the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) 2014 [39]. Known for its architectural simplicity
and robust performance, VGGNet has been widely adopted for
diverse image processing applications. The core design
principle of VGGNet revolves around assessing the impact of
network depth on its performance. This is exemplified by its
use of multiple 3x3 convolution filters with stride settings,
coupled with image resizing through pooling layers.
Theoretically, stacking two 3x3 convolution filters can
effectively replicate the receptive field of a single 5x5 filter.
The architectural configuration offers the distinct advantage of
accommodating a greater number of non-linear rectified linear
units (ReLUs) as activation functions, which serves to augment
performance. This enhancement is clearly delineated in Fig. 4
(a). Moreover, this approach reduces the total number of
parameters, cutting down computational demands. In this
study, we explored both VGG-16 and VGG-19 models,
leveraging their pre-trained weights for our specific application
in anomaly detection within FFF processes. Both models,
differing primarily in their depth, were assessed for their
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efficacy in defect detection. VGG-16, with its 16-layer
architecture, and VGG-19, with 19 layers, were chosen for their
balance of depth, computational efficiency, and proven track
record in image recognition tasks [45].

1% 1 Com 64
3 x 3 Come 64

1 %1 Com, 256

ade
Stage 1 Stage 2
e

(b)

1% 1 Com, 5122

3x3Com 512

1% 1 Com, 1004

« i .
Suze 1000

Fig. 4. Model architecture used for the transfer learning (a) VGG-16 and (b)
ResNet50

Stage 4 Size 7 Stage 3

ResNet, developed by Microsoft researchers, achieved
significant recognition as the winner in several categories,
including image classification, localization, and detection at the
ILSVRC 2015 [22]. ResNet-50 V2, a specific variant, features
50 convolutional layers tailored for efficient feature extraction.
It processes 224 x 224 px RGB images using multiple 3 x 3
filter convolutional layers, structured in four stages of residual
blocks. These blocks integrate skip connections, effectively
addressing the vanishing gradient problem common in deep
networks. Distinct from VGG-16 and VGG-19, ResNet-50
does not use Max-Pooling layers within its residual blocks.
Instead, it employs convolutional layers with increased stride
for down sampling, culminating in a global average pooling
layer followed by a single fully connected layer, leading to a
SoftMax layer for classification [35]. This design as shown in
Fig. 4 (b) facilitates the effective training of deep networks,
making it particularly adept at complex tasks such as anomaly
detection in Fused Filament Fabrication processes. Table |
presents a detailed matrix outlining the deep transfer learning
process used for fine-tuning each pre-trained model.

Table 1. Architecture of the pre-trained models: VGG-16, VGG-19, and
ResNet-50.

VGG-16 VGG-19 ResNet-50

Conv(3,64,1) +
Maxpool(3,64,2)

Conv(1,64,1)
X 3

Conv(3,64,1) x 2 Conv(3,64,1) X 2

Conv(3,1281) x 2 | Conv(3,128,1) x 2 Conv(3,64,1)

Conv(1,256,1)

Conv(3,256,1) x 3 | Conv(3,256,1) x 4 Conv(3,128,1)

Conv(1,128,1)
X 4
Conv(1,512,1)

Conv(3,512,1) x 3 | Conv(3,512,1) x 4 Conv(3,256,1)

Conv(1,1024,1)
Conv(1,64,1)
Conv(3,64,1) [ x 3
aABEELEAG D481

3.5. Data pre-processing using automatic cropping of region
of interests (ROIs)

Conv(1,256,1)
X 6

Conv(3,512,1) x 3 Conv(3,512,1) x 4

Grad-CAM, developed by Selvaraju et al. in 2017, a
powerful method was used for generating visual explanations
of decision-making processes within CNNs. This technique
leverages the gradients of any target concept (like a
classification decision) flowing into the final convolutional
layer of a CNN to produce a heatmap or localization map [47].
This map vividly highlights the areas of the input image that
are pivotal for the network’s decision, providing insights into
which features are important. Specifically, for a given input
image, Grad-CAM first computes the output score for a target
class and captures the feature maps from the final convolutional
layer during the forward pass. It then evaluates the gradient of
the class score with respect to these feature maps through
backpropagation [48]. By pooling these gradients across the
spatial dimensions of the feature map, Grad-CAM effectively
weights the contributions of each channel to the target class,
creating a coarse localization map that illuminates the critical
regions influencing the CNN’s prediction.

Table 2. Hyperparameters of the CNN models

Parameter Value

Cost function

Binary cross-entropy

Learning rate (L,.) 1x107*
Optimizer Adam (B = 0.9)
Epochs 150

Batch size 32

L, Decay 5

Early stopping 20
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4. Experimental setup and results
4.1. Experimental design

We conducted all experiments using the Python API on a
desktop with an Intel (R) Alienware Graphical Processing Unit
(GPU) machine at 2.40GHZ and 128GB RAM. The result was
analyzed thoroughly using six experimental setups; among
them, three are based on the standard deep learning architecture
(VGG-16, VGG-19, and ResNet-50), and the other three are the
extensions of these three architectures paired with the
YOLOVS5 architecture (VGG-16 + YOLOVS, VGG-19 +
YOLOVS5, and ResNet-50 + YOLOVS5). As mentioned earlier,
the of pairing YOLOVS is to identify and crop the surrounding
area of the printer head (ROIs). In addition, to overcome the
overfitting issue, the model parameters were set as shown in
Table. 2. One of the primary objectives of performing these
experiments is to observe the effectiveness of the setups on
defect detection in FFF. Before running the experiment, we
split the dataset into 80% for training and 20% for testing. Each
of the experiments were run for 150 epochs. Following the
training, the data was analyzed to measure the performance
based in the evaluation metrics as described at Table. 2.

4.2. Evaluation metrics

The performance of each model employing transfer learning
was assessed through a confusion matrix, which encompassed
the Fl-score based on precision, recall, and accuracy. In the
context of evaluating a model’s performance, various metrics
provide insight into different aspects of accuracy and relevance.
Precision serves as an indicator of the relevance of the results
produced by the model, recall quantifies the proportion of
actual relevant outcomes correctly identified by the model, and
accuracy measures how closely the model’s predictions align
with the actual values. The Fl-score is particularly useful for
providing a single metric that balances both precision and
recall, especially important in scenarios where both false
positives and false negatives carry significant consequences.
Precision, Recall, Accuracy, and F1 score are defined by
Equations (1), (2), (3), and (4).

. True postive
Precision = — — 1)
True positive + False positive

True postive

2

Accuracy =
Y True positive + False negative

True postive
Recall = — — (3)
True positive + False positive

1 2 Precision X Recall 4
=2X—
score Precision + Recall )

Additionally, to assess the practicality of deploying these
transfer learning models, we evaluated the computing
requirements. This evaluation included the number of
parameters, the floating-point operations per second (FLOPS),
and the actual computing time for each pre-trained model. Such
metrics are essential for understanding the feasibility and
efficiency of implementing the proposed deep transfer learning
method in real-world manufacturing settings.

(@ (®)

Fig. 5. Demonstration of printer head detection and automated ROI cropping
(a) represents the initial dataset image, (b) identification of printer head using
YOLOVS algorithm, and (c) automated cropping of ROI around printer head.

4.3. Performance analysis of the trained model

Incorporating YOLOvS5 for printer head detection
significantly enhances our methodology by reprocessing our
initial dataset for our specific FFF process. Fig. 5 illustrates
these processes and outcomes: beginning with the original
dataset image (a), our trained YOLOv5 model precisely
identifies and delineates the printer head with a bounding box
(b), thereby focusing the analysis on crucial areas. This critical
step eliminates extraneous background elements, enabling
concentrated analysis on areas prone to potential anomalies.
The procedure culminates with an automated crop around the
printer head (c), distinctly isolating the area of interest for
further examination. This refined image preprocessing
technique significantly bolsters the dataset’s readiness for
retraining our CNN models—VGG-16, VGG-19, and ResNet-
50. It facilitates a comparative evaluation of the models’
efficacy, both before and after applying our printer head
detection strategy.

(a)
09
08
‘é —VG616
Sor —619
i VG619 +YOLOS
© ResNet -50
05
e et 01 YOLOWS
| e VGG16 + YOLOVS
as
®) 098
0.97
0.96
0.95
¥ 094
o
2 093
-
uw 092
091
0.9
0.89
0.88
VGG-16 VGG-19 ResNet-S0 VGG19 ResNet-50+ VGG16 +
+YOLOVS YOLOvVS YOLOvVS
Trained Models

Fig.6. Comparison of Trained CNN models, (a) presents accuracy vs epoch and
(b) illustrates the F-1 score corresponding to each trained model.



1532 S.S. Avro et al. / Manufacturing Letters 41 (2024) 1526—1534

In this study, we set a definitive performance baseline by
training the pre-trained VGG-16, VGG-19, and ResNet-50
models on the original dataset, achieving initial accuracy rates
of 93.1%, 91.4%, and 91.3%, respectively. This established a
foundation for comparison to assess the impact of our printer
head detection approach using YOLOVS5. Each model exhibited
its distinct learning curve over the course of 150 epochs. It was
observed that integrating YOLOvV5 with VGG-16, VGG-19,
and ResNet-50 significantly enhances image recognition
accuracy as shown in Fig. 6 (a). Specifically, VGG-16
combined with YOLOVS achieved a remarkable accuracy of
nearly 97.3% after 150 epochs, surpassing the standalone
VGG-16’s stabilization at 93.1%. Similarly, VGG-19 +
YOLOVS outperformed the standalone VGG-19, reaching an
accuracy of 94.4% versus 91.4%. ResNet-50’s improvement to
91.3% pales in comparison to the ResNet-50 + YOLOVS
combination, which soared to 96.3% accuracy. These
enhancements underscore the importance of cropping the
images around the ROIs (printer head) using the YOLOvS
algorithm. Moreover, the increased starting accuracy rates after
installing YOLOvV5 are particularly noteworthy, as it
underscores the substantial improvements facilitated by the
integration of YOLOVS. These enhancements are attributed to
the “printer head approach’s” efficiency, which not only
elevates model accuracy but also instills a level of robustness,
enabling the models to counteract the effects of learning
variability and achieve a swift and consistent stabilization of
performance across epochs. Furthermore, the observed
downward trends in accuracy across epochs for highlight the
challenges of overfitting, underfitting, or learning rate
adjustments. Yet, the resilience of the hybrid models against
these fluctuations’ underscores YOLOVS’s role not only in
enhancing accuracy but also in stabilizing the learning process
more swiftly and effectively.

Additionally, we delve into the analysis of the F1 score, a
more nuanced performance metric that balances precision and
recall. Fig. 6 (b) illustrates the F1 scores corresponding to each
pre-trained model across the fine-tuning sections, both with and
without the application of YOLOVS5 for printer head detection.
It can be observed that the integration of YOLOVS5 consistently
enhances the F1 score across all models and fine-tuning steps.
VGG-16, when combined with YOLOVS, exhibits a significant
improvement in the F1 score, maintaining a high level of
performance throughout the fine-tuning. The VGG-19 model
also shows a marked enhancement in conjunction with
YOLOVS, particularly in the later sections. ResNet-50, while
benefiting from the addition of YOLOVS5, displays a more
varied pattern of F1 scores across the sections, suggesting a
sensitivity to the fine-tuning process. Moreover, The Fl-score
comparison also confirms that VGG-16 showed the best
performance among the evaluated pre-trained models. The
performance evaluation results are summarized in Table 3.

Table 3. Performance metrics of pre-trained models with and without image
pre-processing using YOLOVS

Trained Model Accuracy (%) Precision Recall FI1-Score
VGG-16 93.1 0.94 0.92 0.93
VGG-16 + YOLOVS 97.9 0.98 0.97 0.972
VGG-19 91.4 091 091 0915
VGG-19 + YOLOVS 922 0.92 091 0.925
ResNet-50v2 91.3 0.90 091 091
ResNet-50v2 + YOLOvS 95.7 0.94 .95 0.96

4.4. Computational demand and efficacy analysis

Computational efficiency of anomaly detection varies
significantly across the models tested, as demonstrated by the
processing times detailed in Table 4. VGG-16, known for its
simpler yet effective architecture, demonstrated a processing
time of 0.052 seconds. The introduction of YOLOVS
preprocessing reduced this time to 0.049 seconds, highlighting
the impact of targeted image cropping on computational
demand. This reduction suggests that focusing on relevant
regions within the image can streamline the detection process
without compromising accuracy. VGG-19, with a slightly more
complex architecture than VGG-16, initially required 0.061
seconds for processing. Interestingly, the application of
YOLOvVS did not alter the processing time for VGG-19,
remaining at 0.061 seconds. This stability in processing time,
despite the additional preprocessing step, may indicate that the
complexity of VGG-19’s deeper network offsets the potential
efficiency gains from image cropping, maintaining a consistent
computational load. ResNet-50, leveraging residual
connections for enhanced performance with less computational
overhead, posted the fastest processing time of 0.045 seconds
among the original models. With the YOLOVS enhancement,
this time marginally improved to 0.044 seconds.

Table 4. Scanning time per image to detect defect.

Model Detection time (Second per image)
VGG-16 0.052
VGG-19 0.061
ResNet-50 0.045
VGG-16+YOLOV5 0.049
VGG-19+YOLOV5 0.056
ResNet-50+YOLOVS 0.044

5. Discussion

The results highlight the effectiveness of the deep transfer
learning strategy employed across various pre-trained models.
The analysis confirms that even with a limited dataset from FFF
processes, the models are trainable and can deliver systematic
and reliable results. A key insight from this study is the balance
between model performance and computational load, with
considerations given to memory usage and processing time.
Moreover, the results, highlight the effectiveness of the deep
transfer learning strategy employed across various pre-trained
models. The analysis confirms that even with a limited dataset
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from FFF processes, the models are trainable and can deliver
systematic and reliable results. A key insight from this study is
the balance between model performance and computational
load, with considerations given to memory usage and
processing time.

Fig.7. Visualization of anomaly detection using VGG16+YOLOVS5 and Grad-
CAM (a) presents a test image with an identified anomaly alongside its
corresponding Grad-CAM heatmap and (b) illustrates another instance of
anomaly detection, showing a test image with a different anomaly and its Grad-
CAM heatmap

The application of the printer head detection method yielded
improvements in all models, but the VGG-16 model, when
paired with YOLOVS5, achieved the highest accuracy. In
contrast, the ResNet-50 model stood out for its computational
thriftiness, boasting the shortest classification times and lowest
memory demands, though this came with a trade-off in terms
of achieving the lowest accuracy in the group. For real-world
applications where high accuracy and swift prediction are
critical—surpassing 90% accuracy and under a second in
prediction time—VGG-16 integrated with YOLOVS is the
preferred choice. The study also demonstrates the adaptability
of the approach to other, potentially newer, CNN architectures
that may enhance performance, although this could require
more advanced expertise to implement effectively.

Further, practical tests including visual verifications were
conducted, reinforcing the chosen method’s applicability. The
use of Grad-CAM for visual analysis confirmed the VGG-16
through nozzle head detection model’s ability to localize
anomaly patterns accurately, as shown in Fig. 7. This visual
validation lends credence to the model’s utility in a
manufacturing setting, where such precision is paramount.

6. Conclusion

In the manufacturing sector, the challenge of limited process
datasets necessitates the use of pre-trained deep learning
models to monitor defects, even with small datasets. This study
introduced a deep transfer learning approach tailored for a
small dataset of FFF printing images, focusing on extrusion
errors, utilizing well-known CNN models like VGG-16, VGG-
19, and ResNet-50. Through image augmentation, we
expanded the variety within the original dataset, enabling more
effective deep transfer learning. The experimental results

underscore the effectiveness of our method, particularly when
employing the VGG-16 model combined with YOLOvVS,
demonstrating consistent and reliable performance in anomaly
detection. The integration of VGG-16 and YOLOVS5 not only
achieved high performance but also met computing efficiency
criteria. Validation through Grad-CAM and practical
demonstrations further confirmed the model’s capability for
real-world monitoring tasks, offering valuable insights for
manufacturing professionals on leveraging existing pre-trained
CNN models for quality monitoring of FFF printing processes
and beyond.

This current study was based on a dataset that lacked layer
specific anomaly data for FFF printing. Future research will
delve into layer-based quality monitoring and test other
datasets with our proposed model. Additionally, this research
lays the groundwork for a diagnostic tool in detecting printing
anomalies. Future explorations will include the development of
hardware for visual monitoring in conjunction with FFF
printers. This will not only diagnose but potentially correct
errors, providing a more comprehensive solution to enhance the
practicality and effectiveness of our proposed method.
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