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Abstract
Metal additive manufacturing (AM) has attracted significant i nterest i n h igh-value 
industries due to its ability to produce complex parts flexibly, but the reliance on costly 
manual monitoring remains a major burden for quality control. Artificial intelligence 
(AI)-driven models for automated defect detection are emerging as promising 
solutions. This study contributes a new annotated dataset for AI research in AM and 
evaluates the performance of four widely used convolutional neural network (CNN) 
models in detecting powder bed morphology defects, based on layer-wise images 
acquired by the EOSTATE PowderBed system during the metal laser-based powder 
bed fusion process. The models were trained through transfer learning methods with 
manually labeled and pre-processed data. Results demonstrated that ResNet50 and 
EfficientNetV2B0 ac hieved over 99 % ac curacy in  de fect cl assification, whi le YOLOv5 
outperformed Faster region-based-CNN in defect detection and localization. However, 
lower average precision values in object detection tasks were attributed to variability 
in defect scales and annotation quality. This study confirms the potential of AI-based 
models for defect identification in AM, with YOLOv5 demonstrating clear advantages in 
managing complex, multi-scale defects. Future improvements will focus on expanding 
the dataset and refining annotation strategies to further enhance model robustness.

Keywords: Machine learning; Defects detection; Quality control; AI-driven models; Metal 
additive manufacturing; Image classification; Object detection

1. Introduction
Metal additive manufacturing (AM) has attracted significant attention in high-value 
industries, such as aerospace, automotive, healthcare, and nuclear energy, due to its 
ability to produce customized, complex parts with excellent mechanical properties while 
minimizing waste.1-3 However, a significant challenge in AM is the frequent occurrence 
of inevitable defects. Even in metal laser-based powder bed fusion (PBF-LB) alone, 
around 10 typical high-frequency defects may occur, including lack of fusion, keyhole 
porosity, gas porosity, solidification cracking, solid-state cracking, surface-connected 
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porosity, and impurity-induced defects, among others.4-6 
In traditional AM processes, product quality is ensured 
by several hours of manual monitoring of the printing 
process, leading to low productivity and increased costs.7,8 
Therefore, improving monitoring methods and ensuring 
product quality to enhance reliability has become a key 
research focus.9,10

In recent years, with the continuous development and 
maturation of artificial intelligence (AI), machine learning 
(ML) has been widely discussed and applied in the field 
of quality control in AM.1,11-15 Kadam et al.16 employed 
a series of pre-trained models for feature extraction 
combined with various ML algorithms to achieve fault 
detection in the fused deposition modeling (FDM) 
process, demonstrating the effectiveness of ML algorithms 
in anomaly detection. In 2024, Herzog et al.1 reviewed the 
application of various ML methods and in situ monitoring 
technologies in metal AM defect detection. They surveyed 
50 independent studies published since 2017, most based 
on computer vision algorithms to classify defective images. 
Among image classification-based detection algorithms, 
over 75% used supervised learning methods that detect 
anomalous data by labeling the data as “normal” and one 
or a few “anomalies.” These methods reported accurate 
favorable accuracy rates of approximately 75 – 95%.1

Given the effectiveness of AI-based methods, many 
researchers aim to build AI-based automated quality 
monitoring systems.17,18 Khan et al.7 developed a real-time 
defect detection system based on a convolutional neural 
network (CNN) model to improve the automation of fused 
filament fabrication and reduce production losses and 
labor costs. Although the model achieved an accuracy of 
84% in identifying geometric anomalies, it struggled to 
detect vertical plane defects, and the insufficient dataset led 
to inconsistencies in the model.7 Conversely, Cannizzaro 
et al.19 introduced a real-time defect monitoring and 
detection system for metal powder bed fusion (PBF) 
that classifies five different types of powder bed defects 
and monitors the profile of each printed layer. They also 
explored using generative adversarial networks to generate 
synthetic images of powder bed defects to address the 
scarce labeled data for training and testing ML models.19 
Tamir et al.11 proposed the integration of digital twins and 
parallel systems into AM for real-time process monitoring 
to optimize intelligent manufacturing processes through 
the development of virtual models.

The diversity and size of the dataset directly impact the 
performance of ML models, and high-quality datasets are 
crucial for improving prediction and detection accuracy. 
Nonetheless, researchers often face challenges in finding 
suitable target datasets.20,21 Zhang et al.22 emphasized creating 

a systematic AM database for ML-assisted AM research. 
Only a few of the six existing AM research databases contain 
image datasets for quality monitoring, and annotated 
datasets are almost non-existent.22 In 2024, Liu et al.23 also 
identified the scarcity of image-based datasets in the AM 
field, thereby warranting more open datasets to facilitate 
quality evaluation and defect detection in AM processes.23

Researchers have proposed various methods to address 
data imbalance and scarcity.23,24 In the study by Westphal 
and Seitz,25 they combined transfer learning with pre-
trained VGG16 and Xception models to classify small 
datasets, with results indicating that VGG16 performed 
best across multiple performance metrics, validating the 
effectiveness of CNN-based defect detection for non-
destructive quality assurance. Szymanik et al.26 proposed 
an innovative approach that combines enhanced signal 
analyses to improve the accuracy and effectiveness of defect 
detection in materials with low thermal conductivity, 
enabling precise detection of defects in thermal imaging 
and automatic identification of their type and size. Ansari 
et al.27 designed artificial implant defects that simulate 
various shapes and sizes of pores and combined a CNN 
model with X-ray tomography data to successfully detect 
defects as small as 0.2  mm with up to 97% accuracy, 
demonstrating the potential of CNN models in PBF pore 
detection. Kozhay et al.28 developed a CNN algorithm 
for detecting and classifying defects in FDM-printed 
images, achieving 90% accuracy. However, the system’s 
performance outside specific layouts was limited due to 
insufficient data, highlighting the importance of defect 
data diversity for algorithm optimization.28

In previous research, CNN models have been widely 
recognized as the most suitable AI model for defect image 
classification and detection tasks in the AM field.12,29 Fu 
et al.29 systematically summarized ML algorithms for defect 
detection in PBF-LB processes, noting that supervised 
learning is the most commonly used ML method. It 
performs classification and regression by learning the 
relationship between input and output in labeled datasets, 
making it widely applied in PBF-LB systems for defect 
detection and classification. CNNs extract features 
through convolution layers, reduce dimensions through 
pooling layers, and output through fully connected 
layers, showcasing excellent image processing and pattern 
recognition capabilities. CNNs are the most popular 
deep learning algorithms for image recognition, image 
classification, and object detection, making them well-
suited for defect detection in Laser-Based AM processes.29

As early as 2019, Han et al.30 proposed a deep CNN-
based AI technique to effectively monitor surface quality 
and detect defects by analyzing metal fracture micrographs 
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and metallographic images in industrial manufacturing. 
The experimental results demonstrated that a learning 
rate of 0.01, Adam optimizer, and Inception-ResNet-v2 
network achieved the best classification accuracy for 
image classification tasks in AM.30 Khan et al.31 used 
optical tomography data, monitored layer by layer, and 
combined random forest algorithms to detect porosity 
and lack of fusion defects. Although an accuracy of 
99.98% was achieved, the risk of overfitting existed due 
to the small training dataset of only 100 images. Their 
study further proposed that more efficient detection 
could be achieved with CNNs and larger-scale datasets.31 
Abhilash and Ahmed32 used the ResNet50 CNN model to 
classify AM component surface conditions to determine 
polishing conditions and optimized surface quality while 
eliminating defects, achieving a prediction accuracy of 
96% and significantly reducing manual inspection and 
material waste. Lee et al.33 proposed a local detection 
method based on 3D-CNN to perform defect classification 
and local volume fraction prediction, utilizing data from 
the melt pool monitoring system and micro-computed 
tomography. This method could classify porosities caused 
by the lack of fusion and locked pores in the PBF-LB 
process.33 Wen et  al.34 combined simple CNN, YOLOv4, 
and Detectron2 to perform classification, object detection, 
and segmentation tasks on scanning electron microscopy 
images of AM parts, achieving excellent accuracy and 
defect detection capabilities in static and dynamic videos.

These studies demonstrate the significant potential 
of CNNs for defect detection in AM, warranting further 
validation of the large-scale image dataset constructed in 
this work. Previous approaches have primarily focused on 
binary classification – determining whether defects exist – 
without providing spatial localization, which increases the 
burden on manual inspection. The demand for agile, real-
time monitoring also exposes the limitations of pixel-level 
segmentation in practical applications. This study improves 
detection accuracy based on classification models and 
further incorporates advanced object detection techniques 
to enable both identification and localization of defects in 
metal 3D printing, enhancing model interpretability and 
applicability. All models are trained and systematically 
compared on a unified, large-scale dataset to ensure 
generalizability and provide a comprehensive performance 

assessment. The workflow includes layer-wise high-
resolution image acquisition, data pre-processing and 
annotation, and model optimization through transfer 
learning and model evaluation. Results demonstrate that 
the proposed object detection approach enables accurate 
and efficient defect localization, significantly reducing 
manual effort and improving build success rates, thus laying 
the foundation for smarter real-time monitoring in AM.

2. Methods
2.1. Data collection and model selection

The experiment collected three sets of images from 
EOSTATE PowderBed (EOS Gmbh, Germany), which 
consists of a high-resolution (2D bitmap data resolution 
of 300 – 400 µm) visual wavelength camera on the EOS 
M290 metal machine. The EOSTATE PowderBed captured 
layer images of the printing builds, including defects 
(Table 1). The sets contained 1383, 287, and 1016 images 
taken layer-by-layer before and after powder bed melting. 
The feedstock used for test samples was 316L stainless 
steel. The powder size distribution was Dv(25) = 22 µm, 
Dv(50) = 37 µm, and Dv(75) = 58 µm, measured using 
laser diffraction. The recoating speed was set at 80 mm/s.35

AM defects differ from typical object detection targets, 
as they do not have uniform or consistent contours. 
Instead, they are abstract, mixed, and evolve gradually 
throughout the printing process. For example, Figure  1 
presents grooves formed by debris dragging across the 
surface, scattered powder, and pits or voids. In the early 
stages, slight surface irregularities or powder residues 
caused by recoater vibrations may have low contrast against 
the background. However, if these defects are not detected 
and addressed in time, they can escalate into more severe 
issues. The model is expected to identify these subtle defect 
patterns early.

In practical industrial settings, the printing of a single 
AM part can take up to dozens of hours, depending on its 
size and complexity. On a typical industrial PBF-LB system, 
such as the EOS M290, printing one layer alone generally 
takes between 10 and 60 s. Since, it is difficult to predict 
when and where a defect may occur during the process, 
operators are often required to monitor the build frequently. 
This manual monitoring is not only time-consuming 

Table 1. Printing parameters

Set Laser power (W) Scan speed (mm/s) Hatch distance (mm) Layer thickness (µm) Volumetric energy density (J/mm3)

1 80 – 250 780 – 3120 0.09 40 8.89, 17.81, 26.71, 35.61

2 215 1083 0.09 40 55.15

3 195 1083 0.09 20 100.03
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but also lacks real-time responsiveness. By integrating 
AI-based models into the process monitoring workflow, it 
becomes feasible to automatically detect surface defects and 
pause or stop the build when necessary. Such automated 
intervention can reduce unnecessary time and material 
loss, thereby improving overall production efficiency.

To better reflect the practical requirements of quality 
monitoring in AM, this study defines two task phases, 
aligned with the hierarchical information needs in 
industrial production – namely, binary defect detection 
and spatial localization. In the first phase, the model is 
designed to rapidly process layer-wise image data from 
the EOS M290 system and determine whether the current 
layer contains potential defects, classifying them as “good” 
or “defects.” This phase simulates the industrial demand 
for fast screening, aiming to identify anomalous layers 
in real-time and enable timely intervention to minimize 
material and time waste. ResNet-50 and EfficientNetV2B0 
are selected for comparison due to their strong trade-off 
between accuracy and computational efficiency. ResNet 
improves model depth and convergence stability through 
residual connections,36 while EfficientNet balances model 
size, computational cost, and accuracy using compound 
scaling.37 In the second phase, the model is further 
required to localize and highlight defect regions with 
bounding boxes, providing spatial information to support 
downstream inspection or corrective actions. This phase 
addresses the industrial need for defect traceability and 
region-specific analysis while aiming to reduce manual 
inspection workload. The Faster region-based-CNN 
(R-CNN) and YOLO Version 5 (YOLOv5; Ultralytics, 
United Kingdom) models are compared in this phase. Faster 
R-CNN uses a two-stage approach with a region proposal 
network, offering higher precision in detecting small or 
subtle defects, which benefits complex PBF-LB analysis.38 
In contrast, YOLOv5 performs single-stage detection with 
faster inference and better multi-scale capability, making it 
more suitable for real-time AM monitoring.39,40

All experiments were conducted on a laptop, equipped 
with Intel Core i7-12700H, 2.30GHz CPU, and 16GB of 

RAM, and using Python (version  3.10, Python Software 
Foundation, United  Kingdom), PyTorch (version  1.12.1, 
Meta AI, United States), TensorFlow/Keras (version 2.13.0, 
Google LLC, United States), OpenCV (version  4.4.0.40, 
OpenCV.org, United States, Numpy (version  1.24.3, 
NumPy Developers, United States), and Matplotlib 
(version  3.7.5, Matplotlib Development Team, United 
States) for model training and result visualization. All 
experiments were run in the PyCharm Community 
Edition (version 2024.1.2, JetBrains s.r.o., Czech Republic) 
with Anaconda (version  24.3.0, Anaconda, Inc., United 
States) to ensure dependency isolation and version control.

2.2. Image classification models

ResNet and EfficientNet offer multiple versions of 
models, making them well-suited for transfer learning. 
To balance computational efficiency with performance, 
this study experimented with and selected ResNet-50 
and EfficientNetV2B0 and implemented task-specific 
adaptations tailored to powder bed image characteristics.

Before training, the image data was pre-processed. First, 
the three datasets were merged to expand the dataset. The 
first 8 – 10 images from each print project, which appear 
overexposed due to high energy and platform reflection, 
were removed, along with the last few “meaningless” 
images from the end of the print process. This resulted 
in a total of 2,638 powder bed images. Data were then 
manually categorized into “good” and “defects” classes 
(Table 2). Finally, the dataset was split into training, test, 
and validation sets at a 70:15:15 ratio.

The default input size for the models was 224 × 224, 
while the dataset used in this experiment consisted of high-
resolution 1280 × 1024 images. Directly inputting the original 
size would result in insufficient memory, and significantly 
downsizing the images would risk losing critical features 
of small defect targets. Therefore, a Python script was used 
to crop the “defects” images to retain only the defect region 
and 10% of the surrounding background. To improve the 
model’s generalization, OpenCV was then applied for data 
augmentation, including normalization, rotation, horizontal 
flipping, scaling, and shear transformations. Finally, all 
images were resized to 224 × 224 pixels.

During transfer learning, multiple adjustments were 
made to optimize training performance. First, ResNet-50 

Figure 1. Example of raw powder bed data. Early-stage defects example 
(left); Late-stage defects example (right)

Table 2. Number of “good” and “defects” powder bed images 
(n=2638)

Classification Number of PB images, n

Good 1108

Defects 1530
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and EfficientNetV2-B0 models pre-trained on ImageNet 
were imported from the TensorFlow/Keras library. Custom 
fully connected layers were created for comparison, and 
after testing Flatten and GlobalAveragePooling2D, the 
former was selected. Two additional dense layers were added 
with 256 and 128 neurons, using Rectified Linear Unit 
(ReLU) as the activation function. Both models included 
a dropout layer, where ResNet-50 randomly dropped 20% 
of the neurons to reduce reliance on specific neurons and 
enhance generalization. Given that EfficientNetV2-B0 
converges quickly with a significant accuracy increase in 
the early epochs, the dropout rate was increased to 0.3 to 
prevent overfitting. The last 5 – 10 convolutional layers were 
unfrozen, and the model was recompiled for further training, 
allowing it to learn the characteristics of the new dataset.

To prevent training stagnation, a learning rate 
scheduling strategy was applied. The validation loss was 
monitored, and if no decrease was observed over five 
epochs, the learning rate was reduced by 20% until 1e-6, 
with an initial learning rate set to 1e-4. L2 regularization 
was introduced to improve accuracy and was adjusted 
from 0.02 to 0.001 to avoid excessive loss. During 
training, accuracy and loss steadily decreased, indicating 
good convergence on the training set, but validation 
loss remained constant, suggesting poor generalization. 
To address this, the training-to-validation set ratio was 
adjusted from 70:15:15 to 60:30:10, and the batch size was 
set to 32.

In addition, an EarlyStopping callback was added to prevent 
overfitting. EarlyStopping monitors the validation loss, and if it 
fails to decrease over five epochs, training is stopped, and the 
model is reverted to the best-performing weights. Epochs were 
increased to allow the accuracy to stabilize.

Given this study’s binary classification problem and 
class imbalance, the loss function was modified from 
binary cross-entropy loss to focal loss (γ = 2; α = 0.25) to 
optimize detection performance. Focal loss is an improved 
version of cross-entropy loss that introduces a weighting 
factor α to give weights to the positive and negative classes, 
focusing on harder-to-classify samples. This method is 
more effective for handling class imbalance. In this dataset, 
“good” was treated as the positive class (1) and “defects” 
as the negative class (0). Although the classes were 
relatively balanced, due to the nature of defect detection, 
where missing a defect is undesirable, α was set to 0.25 to 
encourage the model to focus more on the “defects” class.

These adaptations were designed specifically for the 
characteristics of AM image data and helped improve 
model convergence and detection accuracy. The experiment 
involved training with various parameter combinations, 
and the final parameter settings are displayed in Table 3.

2.3. Object detection models

In the second phase of the task, manual annotation of the 
dataset is required to achieve precise localization. In actual 
powder bed images, 3 – 8 overlapping defects are commonly 
present, along with interference and noise, making it difficult 
to distinguish and label specific defect types accurately. Since, 
in practical scenarios, the goal is only to detect the presence 
and location of defects to stop printing in time and reduce 
losses, a simple and general bounding box annotation method 
is sufficient to meet the requirements. For further research 
into the causes of defects, pixel-level semantic segmentation 
methods could be considered. In this study, LabelImg was 
used to annotate the defect locations in all images as “defects,” 
and the model learns from these annotations to predict 
potential defect locations in the test images, highlighting 
them with bounding boxes for inspection.

Before training, approximately 10 – 20% of the 
images’ regions outside the build platform were cropped 
to maintain a consistent image size, allowing for more 
detailed information when inputting the images at 600 × 
600. The dataset was split using a commonly applied ratio, 
as displayed in Table  4. In addition to classification loss, 
Faster R-CNN also uses bounding box regression loss, 
while the YOLOv5 model incorporates confidence loss.

In this experiment, the YOLOv5 model was selected 
due to its availability in multiple sizes to meet different 
task requirements. It is based on PyTorch and features an 
optimized architecture with reasonable model complexity, 

Table 3. Parameter settings of ResNet‑50 and 
EfficientNetV2B0 models

Parameters Specification

ResNet‑50 EfficientNetV2B0

Batch size 32 32

Learning rate 1e‑5 1e‑4

Input image 
size

224×224 224×224

Loss function Focal loss (γ=2, α=0.25) Focal loss (γ=2, α=0.25)

Regularization L2 (0.001) L2 (0.001)

Layer types Flatten, Dense (256), 
Dense (128), Dropout

Flatten, Dense (256), 
Dense (128), Dropout

Dropout rate 0.2 0.3

Epoch 50 50

Data 
augmentation 
settings

• Normalization: Rescale=1./255
• Rotation: Rotation range=40
• Horizontal flip: Horizontal flip=True
• Width shift: Width shift range=0.2
• Height shift: Height shift range=0.2
• Shear: Shear range=0.2
• Zoom: Zoom range=0.2
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faster inference speed, and sound detection performance. 
YOLOv5 employs mosaic data augmentation, which 
combines four images into one input image, enhancing 
the detection of small objects. The model also provides an 
automated hyperparameter optimization system that searches 
for the best training configuration for hyperparameters, such 
as learning rate, weight decay, and mosaic probability.39

The model training consists of two stages: Freezing 
and unfreezing. First, the dataset and pre-trained weights 
are loaded (to accelerate training and enhance feature 
extraction capabilities). In the freezing stage, only the 
detection head parameters are trained, while the backbone 
network weights remain unchanged to reduce memory 
usage. In the unfreezing stage, the backbone network 
parameters are unlocked, allowing the entire model to 
participate in training and improve performance. During 
training, loss values are recorded, and model weights 
are saved after each epoch. A training log is generated to 
evaluate the model’s performance.

The main settings and parameters used for the 
Faster R-CNN and YOLOv5 models are presented in 
Tables 4 and 5, respectively.

3. Results
3.1. Loss and accuracy

The loss and accuracy changes for the image classification 
models, ResNet50 and EfficientNetV2B0, are featured in 

Figures 2 and 3, respectively. Both training and validation 
losses for ResNet-50 decrease rapidly in the initial stages 
and stabilize, with closely aligned trends, indicating good 
model fitting and effective learning without overfitting. 
However, its validation accuracy fluctuates, suggesting 
weaker generalization. In addition, the training accuracy 
of EfficientNetV2B0 surpasses 90% within the first few 
batches and remains stable at around 100%, demonstrating 
superior learning capability and stability compared to 
ResNet-50. To ensure a fair comparison, both models were 
trained for 50 epochs, but EfficientNetV2B0 exhibited slight 
overfitting in the final stages, as indicated by declining 
training loss, increasing validation loss, and fluctuations in 
validation accuracy.

The training and validation loss changes during the Faster 
R-CNN training process are displayed in Figure 4. In the first 50 
epochs of the freezing phase, the training and validation losses 
rapidly decrease in the initial few epochs and then gradually 
stabilize. The smoothness of the training and validation 
losses, with a difference of <0.1, indicates that the model did 
not experience significant overfitting or underfitting. During 
the following 50 epochs, when the unfreezing phase begins 
and the model undergoes full parameter updates, fluctuations 
in the loss are normal. However, after that, the loss decreases 
but does not fully converge.

One limitation of the Faster R-CNN model is that it 
selects 256  mini-batches of anchor boxes from the same 

Table 4. Parameter settings for the faster R‑CNN model

Parameter Value Description

(Training+Validation): Test 9:1 Split of training, validation, and test sets

Training: Validation 9:1 Split of training and validation data

input_shape (600, 600) Each input image is resized to 600×600

Backbone resnet50 Used for feature extraction

anchors_size (4, 16, 32) Sets anchor box sizes during training, generating anchor boxes at three different scales to 
detect objects of varying sizes

Freeze_Epoch 50 End epoch for the frozen stage

Freeze_batch_size 4 Batch size during the frozen stage

Freeze_lr 1e‑4 Learning rate during the frozen stage

nFreeze_Epoch 100 End epoch for the unfrozen stage

Unfreeze_batch_size 4 Batch size during the unfrozen stage

Unfreeze_lr 1e‑5 Learning rate during the unfrozen stage

Confidence threshold 0.5 Predicted boxes with confidence scores above 0.5 are considered valid detections during 
object detection

nms_iou threshold 0.3 Intersection Over Union threshold for non‑maximum suppression; when the overlap of two 
predicted boxes exceeds 0.3, the model retains the higher‑scoring box and suppresses the 
other to reduce redundancy

Test anchors_size (4, 8, 16) Anchor box sizes used during model evaluation

R‑CNN: region‑based‑Convolutional neural network
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image for training, and the features of these anchors may 
be similar, which limits the variety of information the 
network receives. As a result, the network requires more 
iteration to learn generalized features, which can lead to 
longer convergence times.

Figure 5 displays the training and validation losses of the 
YOLO model over 100 epochs, including box loss, object 
loss, and classification loss, as well as key metrics, such as 
precision, recall, and mean average precision (mAP). The 

bounding box loss (train/box_loss and val/box_loss) and 
object loss (train/obj_loss and val/obj_loss) both gradually 
decrease in the training and validation sets, indicating that 
the model is continuously optimizing and learning. The 
model demonstrates good adaptability in distinguishing 
between foreground objects and the background. While 
the training loss is relatively smooth, the validation loss 
exhibits some fluctuation, which may be attributed to 
variations in the validation data. The classification loss 
remains zero throughout the training process, as the 
dataset consists of a single-class object detection task. As 
training progresses, precision and recall steadily increase, 
with the precision-recall curve stabilizing at a high level 
of around 0.8. This suggests that most predicted positive 
samples are correct, with a low false positive rate. The recall 
increases rapidly in the early stages and stabilizes around 
0.6 – 0.7. The loss and evaluation metrics for the validation 
set fluctuate more significantly, likely due to the dataset’s 
abstract and complex nature of the target features.

3.2. Image classification models comparison

Model validation is a key step in assessing performance, 
where the trained model is tested on unseen data 
to evaluate its ability to generalize. This ensures its 
effectiveness in practical applications. A confusion matrix 
is commonly used to evaluate model performance in 
image classification. The diagonal values indicate correct 

Figure 2. Loss (left) and accuracy plot (right) of the ResNet50 model

Figure 3. Loss (left) and accuracy plot (right) of the EfficientNetV2B0 model

Figure  4. Loss plot of the faster region-based-convolutional neural 
network model
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predictions, while metrics, including accuracy, precision, 
and recall, are derived from the matrix to provide a 
comprehensive assessment (Figure 6).

In the 265 test image samples (Table 6), ResNet50 achieved 
perfect classification, while EfficientNetV2B0 performed 
equally well, with only one “good” image misclassified as 
“defects” and all other samples correctly classified.

After confirming that there was no information 
leakage, the results (Table 6) demonstrated that the image 
classification model could always complete the classification 
task perfectly, with almost no missed or incorrect 
detections. The choice of different loss functions made little 
difference since both achieved nearly 100% accuracy. On 
the test set, both models achieved fast detection, with the 
EfficientNetV2B0 model demonstrating a faster detection 
speed. This indicates that these two models found it 

relatively easy to learn the small- to medium-sized image 
datasets generated by 3D printers, effectively capturing the 
key features. This demonstrates good potential for future 
development and suggests that these models could handle 
more complex AM image datasets.

For the EfficientNetV2B0 model with deeper networks, 
the defect classification task appears relatively simple, 
reaching over 90% accuracy within five iterations and 
remaining at nearly 100% thereafter. If not overtrained, 
it outperforms ResNet50 by learning faster and 
demonstrating excellent stability.

3.3. Object detection models comparison

As displayed in Figure  7, Faster R-CNN achieved an 
accuracy of 46.25%, which is measured by the area under 
the precision and recall curves, reflecting the overall 
detection performance. A higher recall suggests that more 

Figure 5. Performance of the YOLOv5 model

Figure 6. Confusion matrix from the ResNet50 (left) and EfficientNetV2B0 (right) models
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defects are detected but also increases false positives, which 
lowers precision. The broad coverage of the curve in the 
figure suggests that the model can maintain a reasonable 
level of precision at a higher recall, demonstrating better 
generalization capability in identifying defects.

Figure  8 presents the performance metrics for the 
YOLOv5 model on the test set. “Images” represents the 
number of images, while “Instances” denotes the total 
number of target instances in those images. P (or precision) 
measures how accurately the model identifies abnormal 
regions, while R (or recall) indicates the percentage of 
actual defects detected by the model. The mAP reflects 
the overall effectiveness of the model. mAP@0.5 is mAP 
at IoU threshold = 0.5, and mAP@0.5:0.95 is mAP averaged 
over IoU thresholds from 0.5 to 0.95 with a step size of 0.05. 
YOLOv5 outperforms Faster R-CNN at mAP50, but its 
mAP50 – 95  (47.3%) suggests room for improvement in 
detecting small targets or complex backgrounds.

From Table  7, comparing the two object detection 
models reveals that YOLOv5 significantly outperforms 
Faster R-CNN. The YOLOv5 model achieved higher average 
precision (AP), precision, and recall rates on both datasets. 
The ground truth objects and detected objects in the 
Faster R-CNN model display many overlapping detection 
boxes, which can be adjusted by modifying the threshold. 
In terms of inference time, YOLOv5 is significantly faster 
than Faster R-CNN. By directly processing high-resolution 
images on standard CPU resources, both models achieve 
detection speeds under 2 s, which is much shorter than the 
printing time of a single layer on the EOS M290 (typically 
10 – 60 s). This ensures that each layer can be monitored in 
real-time. With more powerful computing hardware, even 
faster batch processing could be achieved.

As displayed in Figures  9 and 10, although mAP is 
not exceptionally high, the models can still effectively 
identify and mark prominent image defects. When the 

Table 5. Parameter settings for the Yolo‑v5 model

Parameter Value Description

lr0 0.01 Initial learning rate

lrf 0.01 The learning rate follows a cosine decay schedule, defined as:

lr x x
step

lrf lrf( ) = −


















 −( ) +1

2
1cos *

*
*π

The final learning rate is:
lrfinal=lr0+lrf

Momentum 0.937 Used in the optimizer to control gradient updates, helping to stabilize convergence

Weight decay 0.0005 Weight decay for regularization helps prevent overfitting by limiting the model’s complexity

Warmup epochs 3.0 Several warmup epochs, where the learning rate gradually increases to avoid unstable gradients at the start

Warmup 
momentum

0.8 During the warmup phase, momentum values gradually increase to the value set by the momentum

Warmup bias lr 0.1 The learning rate for bias terms during the warmup phase

Box 0.05 Weight for the bounding box loss, controlling the contribution of the box regression loss (using CIOU Loss)

cls 0.5 Classification loss weight

cls pw 1.0 Weight coefficient for classification loss

obj 1.0 Weight for object loss uses BCE Loss to measure confidence in object presence

obj pw 1.0 Weight coefficient for object loss

you t 0.25 Intersection Over Union threshold; this defines whether a predicted box matches a ground truth box

anchor t 4.0 Anchor threshold, determining if an anchor box needs adjustment

Abbreviations: BCE: Binary cross‑entropy; CIOU: Complete intersection over union.

Table 6. Results of the Resnet50 and EfficientNetV2B0 models

Model Loss Accuracy (%) Precision Recall AUC Time/image (s)

Resnet‑50 0.9916 100 1.0000 1.0000 1 0.0272 

EfficientNetV2B0 0.0475 99.62 0.9912 1.0000 0.9937 0.0182

Abbreviation: AUC: Area under the ROC curve.
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defect regions tend to have a relatively uniform shape and 
size, the model’s confidence in predicting defects is high, 
approaching 1. When the defects to be detected are small, 
the model struggles to capture the defect’s boundaries 
accurately. Due to the complex and abstract shapes of 
the defects with varying sizes, the model often produces 
overlapping detection boxes, which reduces confidence 
scores. However, the actual detection performance is 
already satisfactory for supporting manual inspection 
needs.

4. Discussion
4.1. Analysis of outcome

Based on the experimental results, the ResNet50 and 
EfficientNetV2B0 models used for image classification 
performed exceptionally well in distinguishing defective 
images after transfer learning, with test set accuracy of 
nearly 100%. However, before training the model, it is 
crucial to pre-process the raw images by segmenting the 
defect areas. Without this step, potential subtle defects may 
be lost during image downscaling, leading to an inability to 
detect printing issues promptly. Processing high-resolution 
images requires significant computational power, which 
can be challenging to access in real-world production 
settings. Directly feeding raw, unprocessed images into the 
model may result in suboptimal detection outcomes.

This experiment used three image datasets from 
defective printing processes. Although the overall data 
volume is relatively large and the distribution between 
normal and defective samples is fairly balanced, the 
nature of AM leads to minimal variation between layer-
wise images, and many defects are highly similar and 
repetitive. This may limit the model’s learning capacity. To 
improve generalization on new data, we applied various 
data augmentation techniques to increase diversity, aiming 

Figure 8. Metrics of the YOLOv5 model

Figure 9. Test result (sample 1) of the object detection model

Figure  7. Precision-recall curve of the Faster R-convolutional neural 
network model. Average precision for the “defects” class is 46.25%

Figure 10. Test result (sample 2) of the object detection model

Table 7. Evaluation results of Faster R‑CNN and YOLOv5 
models

Parameter Specification

Faster R‑CNN YOLOv5

mAP (%) 46.25 81.5

Test precision (%) 47.68 79.7

Test recall (%) 53.52 75.0

Ground truth objects 482 ‑

Detected objects 1112 ‑

Inference time/image (s) 1 – 2 0.5 – 1

Abbreviation: mAP: Mean average precision, 
R‑CNN: region‑based‑Convolutional neural network.
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for the model to perform well not only on specific print 
samples but also on new types of defects caused by different 
materials in future applications. In future work, we hope 
to expand the dataset with more experimental data or 
conduct more detailed classification and detection studies 
based on different materials and printing builds.

In the object detection phase, the YOLOv5 model 
achieved an AP of 81.5%, significantly higher than 
the AP of the Faster R-CNN model (i.e., 46.25%). This 
suggests that YOLOv5 may be better suited for PBF-LB 
defect detection tasks, offering stronger adaptability to 
complex, multi-scale defects with a faster inference speed 
of under 1 s. Nevertheless, the Faster R-CNN model also 
demonstrated satisfactory detection results, effectively 
identifying potential defects and their locations within 2 
s, which ensures timely detection of layer-wise changes 
and confirms its feasibility for real-time monitoring and 
assisting manual inspection.

The generally lower precision of object detection 
models compared to image classification models can be 

attributed to several limitations, including complex defect 
types, variable object scales, low-contrast backgrounds, 
and suboptimal annotation quality. These factors often 
result in false positives or missed detections, reducing 
precision, recall, and AP. Nevertheless, this approach 
paves the way for real-time compensation of bounding 
box-based defective regions. Once the defective regions 
are detected, it is possible to repair them by recoating 
the powder bed and/or exposing the defective region to 
a laser with standard or customized volumetric energy 
density. More precise mask annotations can be used to 
further improve model performance. Pixel-level labeling 
is particularly effective for detecting complex shapes that 
require accurate localization, as it helps reduce boundary 
errors and enhances detection accuracy.

4.2. Comparison to previous studies

Most previous studies have adopted image classification 
methods, and this study followed a similar approach 
to evaluate model performance (Table  8). The reported 
accuracies in the literature vary widely (70 – 100%), 

Table 8. Previous studies on image classification models

Author, year Research object Model (s) used Accuracy (%) References

Yin et al., 2025 Defect detection in PBF‑LB Resnet50 and 
EfficientNetV2B0

Resnet 50: 100
EfficientNetV2B0: 99.62

This work

Han et al., 2019 Microscopic metal images for 
AM defect detection

Inception‑ResNet‑v2 87.5 30

Khan et al., 2021 FFF 3D printing defect 
detection

CNN 84 7

Kadam et al., 2021 FDM defect detection AlexNet+SVM 99.7 16

Westphal and Seitz, 2021 PBF defects in the selective 
laser sintering process

VGG16 and Xception 
CNN

VGG16: 95.8
Xception CNN: Not specified

25

Ansari et al., 2022 Porosity detection in PBF‑LB Custom CNN CAD labels: 90
XCT labels: 97

27

Fu et al., 2022 Overview of ML‑based defect 
detection in PBF‑LB

CNN, SVM, and other 
ML models

~75 – 95 across studies 29

Abhilash and Ahmed, 2023 Surface quality improvement 
in metal AM

ResNet‑50 CNN 96 32

Akmal et al., 2023 Defect detection in PBF‑LB CNN, ANN, MLR CNN: 100
ANN and MLR: ~99

41

Khan et al., 2023 Anomaly detection in 
PBF‑LB using OT imaging

Random forest 99.98 31

Lee et al., 2023 Defect detection in PBF‑LB 3D‑CNN Recall: 70.47 33

Schmitt et al., 2023 Powder bed monitoring in 
metal AM

Xception‑style neural 
network

~99.15 for large patches 42

Kozhay et al., 2024 Defect detection in FDM Custom CNN with 
ResNet backbone

97 28

Kuriachen et al., 2025 Defect detection in FDM Custom lightweight CNN 97.77 43

Abbreviations: AM: Additive manufacturing; ANN: Artificial neural network; CAD: Computer‑aided design; CNN: Convolutional neural network; 
FDM: Fused deposition modeling; FFF: Fused filament fabrication; ML: Machine learning; MLR: Multinomial logistic regression; OT: Optical 
tomography; PBF‑LB: Laser‑based powder bed fusion; SVM: Support vector machine; XCT: X‑ray computed tomography.
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depending on factors such as dataset size, defect types, 
and image quality. Although direct comparisons are not 
conclusive due to these differences, the cited results provide 
a general context for interpreting our findings.

Previous studies employed traditional ML algorithms, 
such as Support Vector Machine (SVM) and random 
forest,16,29,31 or simpler deep learning models, such as basic 
CNNs for image classification tasks.7,25 In contrast, this 
study adopts more sophisticated architectures, ResNet50 
and EfficientNetV2B0. This study achieved near-perfect 
accuracy by integrating transfer learning methods to 
enhance model performance, outperforming many earlier 
studies. In addition, it was observed that EfficientNetV2B0 
not only maintained a very high accuracy rate but also 
converged faster and demonstrated better stability.

Unlike most existing works that focus solely on image 
classification, this study systematically evaluated both 
classification and object detection models using a unified, 
real-world AM dataset and a consistent training pipeline for 
the 1st  time.44,45 By integrating recent architectures such as 
EfficientNetV2B0 and YOLOv5, which offer both accuracy 
and computational efficiency, the proposed dual-task 
framework addresses the practical demands of AM process 
monitoring and provides a valuable reference for future model 
selection and deployment in industrial defect detection.

Compared to image classification tasks, the application 
of object detection models for defect localization in AM 
remains highly underexplored, as illustrated in Table  9. 
Existing studies demonstrate that models trained with 
conventional annotations typically achieve AP values in 
the range of 40 – 50%.34,46 A recent study by Wang et al.47 
proposed a depth-connected region-based (DC-RCNN) 
model for small defect detection on computed tomography 
images, but its performance was limited by a small dataset of 

only C-shaped components (AP up to 73.3%). Dong et al.48 
further validated the high accuracy of YOLOv5 (93.1%) on 
laser ultrasonic data, though the dataset was purely simulated 
through COMSOL and limited comparisons beyond the 
YOLO family. In contrast, this study used a larger and more 
diverse real-world powder bed dataset, demonstrating that 
optimized YOLOv5 achieves higher AP across multiple 
defect types. This highlights the broader potential of object 
detection models for industrial AM applications.

Notably, some studies employed pixel-level annotations 
and semantic segmentation models, achieving higher AP 
values (≥75% and ≥90%, respectively).19,49 These findings 
suggest that pixel-level annotations can be considered to 
enhance label quality and improve object detection models’ 
accuracy.50 Pixel-level annotation in AM requires domain-
specific expertise and is prohibitively time-consuming 
for thousands of images. Consequently, most existing 
segmentation studies are conducted on relatively small 
datasets and result in highly task-specific models with 
limited generalizability. Moreover, segmentation models 
are computationally intensive, requiring greater computing 
resources and longer training times, which limits their real-
time applicability in edge or online inspection scenarios. 
Nonetheless, segmentation remains important for deeper 
analysis of defect formation. Future work will explore 
advanced segmentation techniques to support root cause 
investigation and closed-loop quality control in AM.

5. Conclusion
This study comparatively evaluated two image classification 
models and two object detection models for defect 
identification and localization on a PBF-LB image dataset. 
The key findings are summarized below:
•	 ResNet50 and EfficientNetV2B0 achieved over 99% 

accuracy in classifying recoating defects with minimal 

Table 9. Previous studies on object detection models

Reference Research object Model (s) used Average precision (%) References

Yin et al., 2025 Defect localization in PBF‑LB Faster R‑CNN and YOLOv5 Faster R‑CNN: 46.25
YOLOv5: 81.5

This work

Paraskevoudis et al., 2020 Detection of stringing defects in FFF 3D printing SSD with VGG16 44 46

Scime et al., 2020 Powder bed anomaly detection Dynamic Segmentation CNN Pixel‑wise accuracy: >90 49

Cannizzaro et al., 2021 PBF defect detection Computer Vision+U‑Net ≥75 19

Wen et al., 2021 Detection of cracks and pores in PBF‑LB YOLOv4 (detection) and 
Detectron2 (segmentation)

~50 34

Wang et al., 2024 Small defect detection in metallic AM based on 
CT images

DC‑RCNN 73.3 47

Dong et al., 2025 Internal defect detection in AM 6061 aluminum 
alloy using laser ultrasound

YOLOv5 93.1% 48

Abbreviations: AM: Additive manufacturing; CNN: Convolutional neural network; CT: Computed tomography; DC‑R‑CNN: Depth‑connected 
region‑based convolutional neural network; FFF: Fused filament fabrication; PBF‑LB: Laser‑based powder bed fusion; SSD: Single shot detector.
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false predictions. Transfer learning proved effective in 
accelerating convergence and boosting performance 
under limited data diversity and computational 
resources, and appropriate image pre-processing 
improved the detection of small-scale defects.

•	 Given the limited exploration of object detection 
models in AM, this study investigates their potential 
and demonstrates that both Faster R-CNN and 
YOLOv5 can effectively localize defect regions to 
support human inspection. YOLOv5 displays greater 
robustness to scale variation and complex shapes, 
significantly outperforming Faster R-CNN.

•	 To address data imbalance and the scarcity of high-
quality AM datasets, this study contributes an 
annotated image dataset. The high similarity among 
layer-wise images often limits model generalization 
across defect types. Public release of the dataset aims 
to increase data diversity, improve adaptability to novel 
defects, and support the development of intelligent 
AM quality monitoring.

•	 The limited precision of present object detection 
models is mainly due to the abstract nature of defects, 
scale variation, low contrast with backgrounds, noise 
interference, and overlapping bounding boxes. Future 
improvements may include dataset expansion, refined 
annotations (e.g., mask labeling), and adoption of 
advanced detection frameworks to enhance accuracy 
and generalizability for industrial applications.

Overall, this work provides a comprehensive, task-
aligned evaluation of CNN models for AM defect 
monitoring, supported by a realistic dataset and performance 
benchmarks. The findings serve as a valuable reference for 
future research on model selection, deployment strategies, 
and data standardization in AM quality control.
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