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efect detection in additive manufacturing refers to

the evaluation of collected industrial images and

the identification of parts that cause anomalies
to optimize decision-making in an industrial production con-
text. The advent of the Internet of Things and the widespread
installation of electronic sensors, such as image sensors in
industrial production lines, have expanded the processing ca-
pabilities of analytics tools. By extracting visual information
via convolutional operations, deep learning-based algorithms
have recently overcome drawbacks of traditional machine
learning methods. This paper provides an analysis of contem-
porary defect detection techniques based on deep learning.
Existing methods for defect detection algorithms in additive
manufacturing are discussed. In terms of potential research
to improve defect detection in additive manufacturing, the
difficulties and emerging trends related to defect detection
through deep learning are also outlined.

Introduction

Instrumentation and measurement are the processes of obtain-
ing and recording information about physical quantities such
as temperature, pressure, flow, and voltage using various in-
struments and devices. Instruments may include devices such
as sensors, transducers, meters, and controllers, which are
used to measure, monitor, and control the physical parameters
of interest [1]. Instrumentation and measurement play essen-
tial roles in additive manufacturing (AM), which is also known
as 3D printing. By the technique of AM, three-dimensional ob-
jects are made by stacking materials on top of one another. In
additive manufacturing, instrumentation and measurement
are used to ensure that the 3D-printed object is accurate, con-
sistent, and high quality. These processes involve the use of
sensors, scanners, cameras, and software to monitor and con-
trol the printing process.

Because of its swift and drastic development over the
past few decades, AM has garnered much attention. The AM
concept is built on discretization and accumulation mecha-
nisms [2]. Unlike classical comparable manufacturing and
subtractive manufacturing technologies, AM is not limited by
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mold-making or processing technology; rather, it solves the
formation of products with complicated shapes and substan-
tially eliminates processing steps and shortens the processing
cycle. As a result, it has been extensively used for metals,
polymers, and other applications related to instrumentation
and measurement. AM can integrate design and production
in addition to realizing high-efficiency, low-cost, and quick
fabrication of complex-shaped items. The biggest issue with
AM is the tiniest error margin in the materials or processes (in-
visible to the human eye), and even a small deviation might
ruin the entire production [3]. The absence of flaws is essential
for ensuring the quality and dependability of the final prod-
uct, making defect detection a crucial component of additive
manufacturing (AM).

Defects can be caused by several factors, including the cal-
iber of the raw materials, the object’s design, or the printing
procedure itself. Therefore, it is essential to detect and iden-
tify defects as early as possible to prevent further damage to
the products and minimize waste [4]. Machine learning and
artificial intelligence techniques can be used to detect defects
automatically by analyzing data from sensors and cameras
during the printing process [5]. By using these methods, it
is possible to detect and identify defects in additive manu-
facturing at different stages of the production process. Early
detection of defects can help prevent further damage and re-
duce the need for costly reworking or scraping. It is possible
to improve manual inspection in an industrial context by con-
sidering several inspection features without producing pain
during work hours.

With recent advances in artificial intelligence algorithms,
companies are adopting new approaches for detecting de-
fects. Traditional machine learning solutions such as support
vector machines (SVMs), logistic regression, and nearest
neighbors use meticulously engineered, handcrafted fea-
tures to achieve acceptable performance in a variety of
applications of AM for solving defect detection problems.
A high-dimensional feature space, multicollinearity in data
samples, and the prevalence of multimodal data are some
of the challenges posed by smart manufacturing. These

June 2024
©20;

%@hﬁ%sgégés%%ofune 54!%26 at 13:06:03 UTC from IEEE Xplore. Restrictions apply.



challenges are caused by the large amount of data gener-
ated. These challenges have a significant impact on the
algorithms used today, resulting in performance degrada-
tion. The advancement of artificial intelligence has led to
improvements in the results of many applications thanks
to the use of deep learning algorithms. Compared to tradi-
tional methods, these methods allow investigations that are
both more reliable and more effective, even in very compli-
cated environments. Deep learning architectures consist of
a series of nonlinear convolutional layers. These layers are
capable of learning more complicated features, ultimately
leading to sophisticated feature abstraction. Another data-
driven technique is to learn from data rather than having
important features extracted manually from data. A survey
of defect detection for AM using deep learning is presented
in this research study.

In general, defect detection-based AM solutions fall into
one of three categories according to the literature review: clas-
sification, which determines whether the detected object is a
defect; object detection, which draws attention to the defects
in bounding boxes; and segmentation, which precisely pin-
points the location of the discovered defects. The algorithms
for each class are subsequently grouped according to the algo-
rithm used: CNN and RESNET for classification, RCNN and
YOLO for object detection, and UNET and SegNet for segmen-
tation. Fig. 1 presents an overview of the proposed taxonomy.
Defect detection algorithms in AM are thoroughly evaluated
and analyzed. Then, defect detection techniques for AM are
introduced, followed by evaluation metrics and open datas-
ets. Finally, directions for AM defect detection techniques are
offered.

Classification-based Solutions

To recognize and learn about normal and abnormal images,
Jeon et al. [6] used a deep learning model based on CNNs.
The authors suggested a straightforward sequential approach
that enables quick and simple categorization without the re-
quirement of VGGNet. The model includes a total of 4,112,346
parameters and is composed of three convolutional layers,
three pooling layers, and three layers that are completely in-
terconnected. Images taken during a heat transient at various

places and angles are used to train a defect detection algorithm
while considering the manufacturing environment. The model
is trained with 100 epochs using the Adam optimizer. Defect
detection is considered a binary classification problem, with
the only requirement being to determine whether the image
contains a defective item. The loss function utilized for train-
ing is binary cross entropy.

A pyramid feature convolutional neural network, also
known as PFCNN, was proposed by Liu et al. [7] to iden-
tify rail surface flaws. The creation of multilevel extracted
features according to the characteristics of both defect and
background is the responsibility of the pyramid module for
feature extraction (PFEM). The complexity of the network is
reduced by using the PFEM, which extracts features that are
most useful instead of many convolutional layers. Feature
maps are subsequently fed into a simple CNN with a limited
set of parameters and convolution layers for defect seg-
mentation. To achieve good results, the network can reduce
training time and overcome the challenge of insufficient
data by using fewer training samples. Defect segmentation
determines whether each pixel is defective. Hence, this is
a binary classification task, and the network is trained us-
ing the cross-entropy function. The cross-entropy function,
however, is limited to a single pixel and lacks a comprehen-
sive grasp of the predictions made for an entire image. As a
result, the cross-entropy function is combined with the in-
tersection of union (IOU) loss function. IOU pays closer
attention to how the projected defect forms and sizes differ
from those of the ground truth. The sum of the two losses is
the network’s loss. The presented approach outperformed
existing methods and displayed good performance on two
different dataset types.

A technique for detecting workpiece surface flaws based
on CNNs was proposed by Xing et al. [8]. It is first suggested
to use a deep CNN classification model with symmetric mod-
ules. Next, three feature extraction techniques are built on
this module. The features are identified using three convolu-
tion branches via a feature pyramid network (FPN) topology.
Finally, the confidence, category, and bounding box loss of de-
fects are determined using three loss functions, confidence,
classification, and regression, in that order. An improved IoU

(XIoU) is employed in the
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selective laser sintering (SLS) was investigated by Westphal
et al. [9]. The authors used complex transfer learning (TL)
methods to build a classifier for good and defective partimage
data in the SLS process using limited datasets. A customized
classifier is conceived by adding layers to VGG16 and Xcep-
tion. CNN models are initialized using pretrained weights
from the ImageNet dataset. The different layers of networks
are either frozen or designated as untrainable even before
CNN algorithms are trained using data. This is done to avoid
previously learned features being lost if training data weights
are readjusted during future training cycles. The only things
trained in this configuration are the weights for additional
classification layers added to the CNN models. In terms of
accuracy, precision, recall, F1 score, and AUC, the VGG16-
based architecture performed significantly better than its
competitors.

Singh et al. [10] utilized the support vector machine (SVM)
method. It has been claimed that fusing ResNet and SVM
increases prediction accuracy of networks. ResNet-101 fea-
tures a four-stage architecture and was pretrained using the
ImageNet dataset. Global average pooling is carried out with
a3 x 3 kernel size after the initial convolution on a 224 X224 x 3
input image is completed with a 7 x 7 kernel size. To minimize
and recover the dimension and image data, respectively, four
rounds of convolution are completed. Ultimately, the average
pooling layer and fully linked layers aggregate relevant fea-
tures for classification. The labeled images are subsequently
input to ResNet-101 for feature extraction during training.
At the network’s end layers, retrieved features are combined
for SVM classifier activation and training. The input image
is processed through the same architecture during testing.
Using retrieved features and pretrained ResNet101, the clas-
sifier predicts the category of the input image to produce the
output label.

Kwon et al. [11] examined a classification model for an-
alyzing melt-pool images in relation to six laser power
labels. Laser power had a significant effect on the forma-
tion of pores or cracks, which directly affected the quality
of the part. There was also a positive linear correlation
between laser power and part density. To solve the problem
of blurred edges in melt-pool images, a neural network was
used. It was found that reducing the number of nodes while
increasing the number of layers led to effective inference and
satisfactory results [12]. Fig. 2 provides an overview of the
previously mentioned methods.

Object Detection-based Solutions

Shen et al. [13] proposed the Faster R-CNN detector frame-
work. The input micrograph images are processed by a
pipeline consisting of two modules: Module A includes a fast
R-CNN detector, and Module B is a module for analyzing im-
age properties. Module C is an image classification module.
In Module B, after the locations of loops and bounding boxes
are determined and defect size and shape for each discovered
bounding box are discerned, geometry matching methods are
used. This process is performed after the locations of the loops
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and bounding boxes have been determined. For training and
testing on the FasterRCNN Detector, a total of 165 images were
collected and labeled. Well-known data augmentation tech-
niques, such as rotation and flipping, permit an increase in the
amount of data to 918 images. The model used in Module A is
VGG16, and the method used in Module B is the watershed
function provided by OpenCV. The deep learning-based mask
R-CNN network is specifically tailored for detecting minute
visual flaws in gears [14]. After careful consideration, a resid-
ual neural network was chosen as the image representation for
network extraction. To improve error detection rate, unsuit-
able convolution needs to be eliminated. Finally, to correctly
train the network in the target region, dimensions of the an-
chor and label blocks are adjusted based on dimensions of tiny
items in the volume sample, where an appropriate aspect ra-
tio is set.

To extractimages of machined areas, Su et al. [15] presented
a method based on visual saliency. This method avoided in-
terference between edge burrs and invalid characteristics of
nonmachined areas, reducing image processing complexity.
The authors then built a 16X downsampled feature extrac-
tion network structure to successfully collect features of flaws.
The multiscale fusion module is responsible for fusing both
min-scale and large-scale features.

Medak et al. [16] created a solution called EfficientDet
(scalable and efficient object detection). Before aligning to the
network’s input size, the input image is squared. The prepro-
cessed image is subsequently fed into EfficientDet’s learned
architecture. Finally, nonmaximal rejection and a basic fac-
tor are applied to the model’s output to guarantee that only
relevant detections are analyzed. EfficientNet serves as the
system’s backbone, BiFPN serves as the feature network, and
the shared class/box estimation network is merely shared. The
number of BiFPN and class/box network layer repetitions is
commensurate with the original resolution of the image be-
ing read. The particularity of EfficientDet is its connection
between nodes of different layers and between nodes of the
same layer. From the results reported by the authors, we can
conclude that defects in ultrasound images can be of different

CNN RESNET

Jeon et al. [6] -
Liu et al. [7]
Xing et al. [8]

Westphal et al. [9]

Singh et al. [10]

Fig. 2. Classification-based solutions.

June 2024

Authorized licensed use limited to: NORCE Research AS. Downloaded on June 22,2026 at 13:06:03 UTC from IEEE Xplore. Restrictions apply.



shapes and located in different regions, which results in com-
plex processes.

An automatic detection approach for addressing interior
wall defects was proposed by Sun et al. [17]. This approach
was built on YOLO-v5 network’s improvements and data
augmentation technology. To be used with tiny objects, some
superficial features and initial deep features are integrated;
the YOLO-v5 network serves as the foundation for this in-
tegration. The installation of a pressure attention module
behind the backbone can enhance the efficiency of network
feature extraction. In addition, the use of a varifocal loss func-
tion makes it easier for the network to discriminate between
high-density objects.

To improve the overall detection performance, Huang
et al. [18] suggested a method for detecting microscopic ob-
jects based on YOLOv4. The number and size of anchor
boxes are optimized using k-means++ clustering, duplicate
YOLO head network branches are trimmed, shallow feature
fusion is expanded, and k-means++ is also utilized to re-
duce YOLO head network branches. A new method called
YOLO-Xweld was suggested by Yang et al. [19] for identify-
ing pipeline welding flaws in particular applications. From
YOLOv3-tiny, YOLO-Xweld was created by first enhancing
the pipeline weld X-ray feature-based large network de-
tection branch and then adding an SPP component to the
backbone network to enhance multilevel feature extraction.
These two steps are performed to create YOLO-Xweld. In
developing a lightweight model that does not rely on pow-
erful hardware, the separable convolution technique is used
in depth. When pipeline weld detection is limited, our ap-
proach makes it possible to significantly reduce the demand
for high integration while improving the comfort and op-
erability of inspections. In accordance with the proposal of
Ma et al. [20], a self-sufficient, artificially intelligent pave-
ment crack detection and tracking system was implemented.
A crack detection and tracking system called YOLO-MF
and a deep convolutional network for concrete cracks
(PCGAN) make up the suggested solution. PCGAN is em-
ployed to provide accurate images of fractures to address

the issue of insufficient images. The following innovation
is called YOLO-MF, which modifies an enhanced YOLO-v3
with a median flow (MF) method to determine the num-
ber of cracks. The next development in this technology is
YOLO-ME. Whereas the MF algorithm keeps track of cracks
discovered in a detected frame, the updated YOLO-v3 finds
cracks in a continuous loop.

To improve effectiveness of identifying tiny objects,
the spatial pyramid pooling-balanced-feature network is
suggested [21]. Atrous convolution operators with varied
dilation rates are employed to fully exploit context infor-
mation, and skip connections are used to provide sufficient
feature fusions [22]. Additionally, a well-balanced module is
offered to integrate and enhance functionality on numerous
levels. The developed solution is used to discover surface-
level faults and the neck portion of the printed circuit to
verify the usefulness of small items. The recommended solu-
tion is evaluated using three publicly accessible benchmark
datasets, and experimental results demonstrate that this
approach is a reliable and potent feature fusion technique.
Fig. 3 summarizes object detection solutions for AM defect
detection.

Segmentation-based Solutions
To address difficult issues in small target recognition and
contour extraction, an enhanced SegNet network model was
suggested by Zhu et al. [23]. By adding a context extractor to
a SegNet network, both capacity to capture visual elements
and capacity to comprehend both global and local knowl-
edge are improved. The SegNet network decoder is further
enhanced by the batch normalization layer and the residual
structure layer. Moreover, the dropout layer successfully pre-
vents the training model from overfitting. These tactics make
the network even more adaptable to multiscale targets by in-
creasing its flexibility. The accuracy of the updated SegNet
model increased by 2.7%, to 99.5%. To enable automatic pixel-
level segmentation of sewage problems,

Zhou et al. [24] suggested a novel DeepLabv3+-based tech-
nique for detecting and quantifying sewage defects, allowing
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Fig. 3. Object detection-based solutions.
June 2024 IEEE Instrumentation & Measurement Magazine 49

Authorized licensed use limited to: NORCE Research AS. Downloaded on June 22,2026 at 13:06:03 UTC from IEEE Xplore. Restrictions apply.



the types, locations, geometric features, and severity levels of
flaws to be assessed. To confirm the viability of the proposed
method, SegNet, an FCN, and U-Net—three cutting-edge seg-
mentation techniques—were further analyzed. The findings
demonstrated that the DeepLabv3+ model was more effective
at segmenting various types of sewage faults under challeng-
ing circumstances, particularly when used in conjunction with
the backbone network Resnet-50.

Zhang et al. [25] proposed an edge-guided and differen-
tial attention network (EGD-Net) that, by improving edge
information, may successfully minimize background noise
and highlight the sites of flaws. Multiscale features are first
extracted from the proposed network. Then, defect edge
data are extracted from shallow layers using a specifically
created edge prediction module. Contextual data in deep
layers are fused using three multiscale feature fusion mod-
ules. Next, the edge fusion module is created to add edge
information and context information for improved fault
segmentation. Then, top-down attention is performed, and
a differential attention module is used to provide final pre-
diction results (DAM). DAM can successfully eliminate
background noise and regions created by fusing edge fea-
tures. The authors gathered a dataset of packaging boxes
for experimentation. Using intricate background patterns
from real-world industrial settings to evaluate the effective-
ness of the suggested approach. The results of experimental
analysis show that EGD-Net outperforms the CrackForest
algorithm.

Damacharla et al. [26] developed a hybrid framework
called the transfer learning-based network (TLU-NET), which
combines both a transfer learning mechanism and the UNET
architecture for detecting defects in steel manufacturing data.
The architecture analyzes an incoming image and assigns each
pixel to one of several fault types. The entire detection process
is divided into three parts: U-Net architecture, Transfer learn-
ing, and Classification.

U-NET architecture: is an encoder-decoder architecture that
employs skip connection methods. The input of U-NET is a
steel image, and the output is an image of the same resolution
as the input image. Each pixel value in the output image rep-
resents the type of defect of the corresponding pixel value of
the input image.

Transfer learning: There are two types of encoder blocks for
transfer learning. Both neural networks were trained using
the ImageNet dataset. The first one is RESNET with 11 mil-
lion parameters, and the second is DenseNET with 6 million
parameters.

Classification: The encoder’s output preserves rich informa-
tion of the input image. To enable multilabel classification, rich
features of the encoder step are sent via a linear classifier with
sigmoid activation.

Jing et al. [27] presented Mobile-Unet, an exceptionally
efficient convolutional neural network for end-to-end de-
fect segmentation. The problem of unbalanced sampling can
be solved by using a function called the median frequency
equalization loss function. Depth-separable convolution is
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another feature of Mobile-Unet that considerably minimizes
complexity cost as well as the size of the model needed by
the network. The two parts that optimize the entire pipe-
line are the encoder and the decoder. A MobileNetV2 feature
extractor is used as the encoder. To create the decoder, five de-
convolution layers are added. Finally, the segmentation mask
is created using the softmax layer. Mobile-Unet consists of two
parts: pretraining and semantic segmentation.

Pretraining: MobileNetV2 classifies full manufacturing
images into their relevant categories during the pretraining
stage. The main idea underlying MobileNetV2 is to build a
lightweight CNN from depthwise separable convolutions to
limit the number of parameters, which decreases the chance
of overfitting. In addition, the first layers are used to build the
segmentation model’s encoder.

Semantic segmentation: Upsampling and downsampling
are two components that make up the U-net concept that
serves as the basis for this method. Downsampling is elim-
inated during MobileNetV2 pretraining in favor of feature
extraction layers. The upsampling process consists of five
deconvolution layers and four blocks of inverted residuals;
results show that Mobile input Unet and output dimensions
are the same.

Cheng et al. developed a separation convolution UNet
(SCUNet) that integrates depth-separable convolution, a
cross-parallel ratio loss function, and convolutional downs-
ampling [28]. SCUNet has only 4.27 million parameters. In
addition, the network has a structure known as skip con-
nection (feature-stitching structure). This connects the low
semantic features of the network on the left side with the high
semantic features on the right side. By extracting surface fea-
tures from fabric images, fabric defect site detection is carried
out. The authors used a dataset with 106 cloth grayscale im-
ages, and preprocessing was performed along with image
cropping and data augmentation.

According to [29], the purpose of the Bi-Deformation-
UNet (Bi-DUNet) system is to automatically detect defects
in printed surfaces. In the context of the proposed Bi-DUNet,
the recombination of differential channels in the preprocess-
ing module leads to an improvement in the number of image
pairings between the original and the defect. This module can
store information about colors while focusing on texture. Once
the dual-fusion module receives preprocessed image pairs,
it produces output features that contain both edge and con-
text information. It was also recommended to use a dual-edge
metric loss to correct class imbalance resulting from output
attribute comparison.

Jiang et al. [30] suggested using disguised Swin Trans-
former Unet (MSTUnet) for anomaly detection. Anomaly
simulation and masking techniques are employed to create
a simulated anomaly on anomaly free samples to address the
issue of insufficient anomalous samples during the training
phase. The generated anomaly is subsequently painted over-
using the Swin transformer’s potent global learning capacity.
Finally, end-to-end anomaly detection is performed using a
convolution-based U-net network.
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Liu et al. [31] proposed a new approach to increase the
contrast ratio of thermal images to improve image seg-
mentation. The method introduces an image processing
technique called the image-enhancement generative adver-
sarial network (IEGAN). This network contains a specially
developed objective function to guide the training process.
Fig. 4 summarizes segmentation-based solutions in AM de-
fect detection.

Metrics and Datasets

The efficiency and accuracy of each model are assessed us-
ing metrics pertinent to the current research. Two of the most
commonly used measures in the realm of error detection sys-
tems are inference speed and detection accuracy. All factors,
including true positives, false positives, true negatives, and
false negatives, must be considered when calculating recall
and accuracy. The recall percentage is equal to the ratio of true
positives to all true positives and false negatives. The ratio of
“true positives” to the overall number of “true positives” and
“false positives” is what is meant by precision. For detection
accuracy, the mean average precision is calculated for each
class and summed to obtain an overall score based on precision
and recall. The quantitative measure of localization between
labeled objects and model predictions is determined by the in-
tersection over union.

Inference speed, like prediction accuracy, is an impor-
tant criterion for evaluating defect detection systems. The
detector’s processing capabilities are also critical for imple-
menting flaw detection models. Data collection is critical in
deep learning since building an AM model requires signif-
icant amounts of data. Researchers and engineers working
with deep learning first collect data, such as video images,
and then extract images from those images to train a model
for fault detection. To create a generic dataset, the essential
preprocessing steps are performed, and additional enhance-
ment operations are performed to increase the performance
of deep learning. The class imbalance problem arises when
the background class has a heavily distorted distribution
because the bulk of data samples contain only a small num-
ber of data samples and is another barrier in applied science
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Industrial Casting Product
Dataset: Casting is a critical component of additive manufac-
turing and is utilized to create a wide range of metal goods.
It is a very sophisticated and intricate process that eliminates
flaws. To counteract this, a casting dataset is gathered to pro-
vide an automated solution for classifying goods into two
categories: defects and non-defective. Itis mainly used for clas-
sification purposes.

Steel Surface Defect Dataset: This dataset contains 17,971
steel plate images. among the four faults and 71,884 pixelwise
annotation masks. The public test set and private test set (both
with hidden annotation labels) make up 10% and 20% of the
dataset, respectively, while the training dataset makes up
70% of the dataset. It is mainly used for object detection and
segmentation purposes.

Open Challenges

The literature containing cutting-edge models and their ap-
plications in the diverse range of defect detection in additive
manufacturing is reviewed in depth in this work. Although
much research has been conducted, the following obstacles
and restrictions need to be investigated further.

Most of the strategies we studied in this article involve
supervised learning. Given the ubiquitous availability of
sensors for the Internet of Things that provide raw data, it
is critical to explore the possibility of using unlabeled data
for supervised and unsupervised training techniques [32].
This is because labeling data are both expensive and time
consuming. Each model is released with a family of related
deep learning architectures that have minor differences in
their layers, backbones, or hyperparameters, which com-
plicates the normal evaluation method for other models. In
addition, negative samples are typically difficult to find in
industrial settings and lead to a dataset with an extended
tail distribution, which has a major negative impact on the
model’s performance in a production environment. There-
fore, addressing disparity between majority and minority
classes should be researched in defect detection solutions.
It is highly important for the additive manufacturing com-
munity to analyze anomaly detection models developed in
other disciplines [33]. There is currently no standardized
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approach for defect detection in additive manufacturing.
Different printing technologies and materials may require
different detection methods, which makes it difficult to estab-
lish consistent testing protocols. Additionally, many additive
manufacturing processes can create complex geometries that
make it difficult to detect defects, especially those hidden
inside the part. This makes it challenging to develop inspec-
tion techniques that can accurately detect all types of defects.
AM processes can be affected by variations in material prop-
erties, printing parameters, and environmental conditions.
This variability can lead to inconsistent defect formation,
making it difficult to develop detection algorithms that
work across all variations.

Another important factor is cost and speed of inspection.
Some inspection techniques, such as X-ray computed tomog-
raphy (CT), can provide high-resolution images of internal
defects, but they are expensive and time-consuming. Although
increasing model depth frequently improves precision,
doing so greatly affects the models’ real-time performance
and makes them less useful for usage in a production con-
text. More cost-effective and faster inspection techniques are
needed to enable high-throughput defect detection in additive
manufacturing.

Conclusion

In the era of computer vision, defect detection using deep
learning in AM has drawn a lot of interest. Along produc-
tion lines, enormous amounts of data and high-quality
video frames are created every second, offering sophisti-
cated analytical capabilities and optimization options. Deep
learning provides decision-makers with new insights into
their processes by using a considerable amount of data from
the industrial environment, such as goods and jobs. This
approach can be beneficial in many ways. This article pro-
vides a brief introduction to certain deep learning-based
error detection algorithms developed specifically for AM,
and it analyses how these approaches affect the quality
and productivity of the work performed by workers. We
describe three categories of cutting-edge defect detection
techniques, namely, classification, object detection, and seg-
mentation. A brief review is given of the impact of deep
learning-based defect detection techniques on industrial
production. The goal of the data collection challenge was to
produce a trustworthy deep learning model and common
datasets. Datasets and metrics are presented. This study’s
goal is to provide readers with a comprehensive grasp of
defect detection with a focus on deep learning in AM. The
challenges and future directions for defect detection in AM
are also highlighted to improve the industrial production
process.
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