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Abstract—Additive manufacturing (AM), particularly fused
deposition modelling (FDM), facilitates the fabrication of complex
geometries with increasing flexibility and efficiency. Ensuring
consistent print quality in FDM processes necessitates the de-
velopment of accurate defect detection mechanisms. Attention-
augmented YOLO (You Only Look Once) models have emerged
as a promising solution for addressing this challenge. In this
study, we systematically benchmark and evaluate the perfor-
mance of YOLO architectures enhanced with attention mech-
anisms within the context of FDM 3D printing applications. The
models were trained and evaluated using representative defect
datasets. The attention-augmented models demonstrate improved
detection performance.

Index Terms—Fused Deposition Modeling, Additive Manufac-
turing, Defect Detection, Artificial Intelligence, Machine Vision,
YOLO, Attention Mechanisms

I. INTRODUCTION

Fused Deposition Modelling (FDM), which is one of the
most versatile Additive Manufacturing (AM) methods for 3D
printing of thermoplastic polymers such as Acrylonitrile Buta-
diene Styrene (ABS) and Polylactic Acid (PLA), enables the
creation of complex geometries from digital designs in a cost-
effective manner with shorter cycle times [, 2]. This approach
employs heat to soften thermoplastic filaments extruded by the
printhead which follows the path generated to create the cross-
sectional geometry of the part to be fabricated so that 3D parts
can be created from CAD models in a layer-by-layer approach
[3]. Despite its many advantages such as fast production, cost
efficiency, ease of access, broad material adaptation, and the
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ability to produce complex components, FDM is susceptible to
defects such as warping, stringing, layer shifting, and extrusion
inconsistencies, which compromise print quality and increase
material waste [4, 5]. Traditional defect detection methods,
including manual inspection and basic sensor systems, are
inefficient and lack the precision required for large-scale pro-
duction [6]. This has prompted the development of automated,
vision-based solutions leveraging machine vision and deep
learning, particularly Convolutional Neural Networks (CNNs)
such as You Look Only Once (YOLO) [7].

The evolution from YOLOvVI to YOLOv11 reflects signifi-
cant performance enhancements [7]. For instance, Sani et al.
improved YOLOv4 for flow defect detection in FDM and
compared YOLOvV3 and YOLOv4 variants for anomaly de-
tection, emphasizing the balance between speed and precision
[8]. They also evaluated advanced YOLOv11 models for defect
detection in FDM workflows, benchmarking their performance
against other YOLO variants. The YOLOv11s model achieved
a mean Average Precision (mAP) of 0.8308 at IoU threshold
0.5 (mAP@0.5) and 0.5361 across IoU thresholds ranging
from 0.5 to 0.95 (mAP@0.5:0.95).

Attention mechanisms enhance YOLO models by improv-
ing feature focus and reducing false positives. An attention-
enhanced YOLOV8 model integrating Multi-Headed Self-
Attention (MHSA) and Convolutional Block Attention Module
(CBAM) achieved a 92.1% mAP in extrusion defect de-
tection for large-scale FDM printing [8]. YOLOv11 further
integrates advanced attention mechanisms to enhance feature
representation and detection accuracy, primarily through its
C2PSA (Convolutional block with Parallel Spatial Attention)
module and Partial Self-Attention (PSA) [9]. The C2PSA
mechanism combines parallel convolutional pathways with
spatial attention, allowing the model to dynamically focus
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on critical regions of an image, such as small or occluded
objects, by weighting feature maps based on spatial impor-
tance. Additionally, YOLOv11 employs Partial Self-Attention
to selectively apply self-attention to specific regions [10].

Although attention mechanisms have been explored in previ-
ous studies, the systematic benchmarking of their performance
on real-world industrial datasets has received limited attention.
In response, this study aims to analyse the effectiveness
of attention-augmented YOLO models through a structured
benchmarking approach. Five distinct attention mechanisms
were carefully integrated into the YOLOv11 architecture and
evaluated against a benchmark dataset, with YOLOv11 and
YOLOV8 models employed as baselines. Several key perfor-
mance indicators were used to assess their efficacy. The defect
types analysed include warping, spaghetti, cracking, stringing,
layer shifting, and curling. The results demonstrated that
attention-augmented YOLO models achieved improved per-
formance across all selected defect types, thereby enhancing
object detection outcomes without considerable degradation in
computational efficiency.

II. BACKGROUND
A. Common FDM Defects and Detection Technologies

Some commonly observed issues in the FDM process,
such as thermal inconsistencies, inferior gear feeding, filament
winding, nozzle blockage, or poor bed leveling, result in
certain defects in the parts being 3D printed and/or even
unsuccessful prints at all [1]. Frequently observed defects
during FDM printing were recently listed and summarized
by He et al. [11]. Among those, warping, cracking, string-
ing, layer-shifting and off-platform types of defects are most
commonly observed during FDM process [12]. In warping the
contact surface of the part to the build plate forms a curve
due to internal stress created by uneven cooling of layers
[13]. Cracking usually occurs due to weak inter-layer bonding
and results in 3D printed parts with irreversible damage [ 1].
Stringing is the defect where an excess amount of filament
is deposited and thin strands between the different sections
of prints are created [l14]. Layer-shifting is the incorrect
positioning of a layer in x-y plane relative to the previously
printed layers [15]. Off-platform occurs due to failed bonding
between the first layer of the print and the build plate [12].

B. YOLO

YOLO, unlike traditional object detection models, employs
a single-stage detection approach, enabling faster and more
efficient real-time defect detection, thereby transforming the
field of computer vision. On the other hand, like many other
object detection algorithms, YOLO models can struggle with
detecting relatively smaller objects in an image. YOLO models
sometimes produce bounding boxes that include background
pixels, affecting the accuracy of object localization [16].
YOLO divides an image into a grid and predicts bounding
boxes and class probabilities directly for each grid cell in one
pass through the network. It combines object localization and
classification in one step [17]. YOLO architecture consists of

three stages as shown in Figure 1. The backbone in YOLO
architecture is responsible for feature extraction from the input
image. It consists of convolutional layers that process the
image to generate feature maps, capturing essential spatial
and semantic information. The neck acts as an intermediary
between the backbone and the head. Its function is to refine
and enhance the features extracted by the backbone. The head
is where YOLO performs its actual object detection tasks [16].

Fig. 1. YOLO architecture with labelled components: backbone for feature
extraction, neck for feature refinement, and head for object detection tasks.

C. Attention Mechanisms

Attention mechanisms in CNNs are techniques that help
the network focus on more informative features in the spatial
dimension. They improve CNN performance by strengthening
channel-wise, spatial-wise, and domain attention [18].

1) Convolutional Block Attention Module: CBAM mecha-
nism combines channel and spatial attention. Channel attention
is applied through average-pooling and max-pooling followed
by a shared MLP to generate channel-wise weights, while
spatial attention applies pooling across the channel axis to
create a spatial map highlighting key regions. CBAM enhances
feature representations by suppressing background noise and
emphasizing diagnostically significant structures [19].

2) Squeeze-and-Excitation: SE mechanism refines feature
maps by sequentially applying squeeze (global average pool-
ing), excitation (two-layer gating to model channel dependen-
cies), and re-weighting (emphasizing discriminative features).
This approach dynamically optimizes channel-wise feature
importance [20].

3) Efficient Channel Attention: ECA mechanism enables
efficient cross-channel interaction without reducing the data.
This improves the model’s ability to focus on the most relevant
features in an image, such as distinguishing small or similar-
looking pests for real-time detection tasks [21].

4) Normalisation-based Attention Module: NAM is gen-
erated by applying a spatial attention mechanism to a feature
map. The NAM highlights which spatial regions in the feature
map are considered most important by the model [22].

5) Coordinate Attention: CA embeds precise positional
information into the attention process, allowing the network
to better capture both “what” and “where” aspects of objects
within an image [23].
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III. RESEARCH METHODOLOGY

The primary aim of this study is to evaluate the per-
formance advantages of attention-augmented YOLO models
for detecting printing defects in industry-ready settings. To
achieve this, a systematic methodology is adopted to assess the
efficacy of integrating attention mechanisms into YOLOv11,
with YOLOv11 and YOLOVS serving as baseline models for
comparison.

A. Image Annotation

The dataset, sourced from [12], comprises 1,912 images
of various printing defects, categorised into five initial defect
classes including warping, stringing, and layer shifting. As the
original dataset was unannotated, all images were manually
annotated using the MATLAB Image Labeler toolbox. Several
refinements were introduced during the annotation process.
Firstly, the ’off-platform’ class was relabelled as ’spaghetti’
to more accurately reflect the visual characteristics of that
defect. Additionally, a new class, ’curling,” was incorporated
into the taxonomy. Notably, many images exhibited multiple
co-occurring defects. While each image retained its original
class-based assignment, additional defects were also anno-
tated. Bounding boxes were drawn to encompass all visible
defects within each image, thereby enabling multi-label object
detection.

To ensure the accuracy and consistency of the annotations,
both the classification of defect types and the delineation of
bounding boxes were independently reviewed and validated
by domain experts. The annotated final dataset comprises six
classes of 3D printing defects: warping, spaghetti, cracking,
stringing, layer shifting, and curling as shown in Figure 2.

B. Data Preprocessing

Images were split into subsets using an 80/20 ratio for
training and test, respectively. Then, to balance the class
distribution among the training subset, targeted data aug-
mentation was performed using geometric and photometric
transformations such as flipping, rotation, scaling, affine shifts,
and brightness/contrast adjustments [24]. Each class was aug-
mented until it reached a label count similar to that of the
most frequent class. However, since the *warping’ class also
appeared in images primarily assigned to other defects, perfect
balancing was not possible. In Table I, the defects and their
counts before and after augmentation are presented.

TABLE I
LABEL COUNTS

Defect Label | Before Augmentation | After Augmentation
warping 780 1211
spaghetti 155 830
cracking 417 921
stringing 474 911

layer shifting 380 937
curling 301 898

Fig. 2. Final annotated images illustrating various defect types. From top to
bottom, the primary class (as the original dataset) for each row is: cracking,
layer shifting, warping, stringing, and spaghetti (off-platform).

C. Implemented Attention-Augmented YOLOv11 Models

In this study, five distinct attention-augmented YOLOvI11
models were benchmarked. For all models, the input tensor
was of the shape [B,C, H,W]. Where B is the batch size,
representing the number of input samples processed simultane-
ously. C' is the number of channels, corresponding to different
feature maps. H is the height of each feature map. W is the
width of each feature map.

All the attention blocks were inserted directly after their
respective blocks without altering the subsequent tensor di-
mensions or disrupting the original YOLOvI11 structure. In-
serting attention blocks into the backbone affects the feeding
of the head block because it alters the size and appearance of
the backbone. Thus, all the attention-augmented architectures
were modified to maintain the same structure as the baseline.

The architecture of the implemented YOLO-CBAM model,
illustrated in Figure 3, follows the baseline head structure
described above, with attention modules integrated into the
backbone without altering tensor dimensions.

1) YOLO with Convolutional Block Attention Module
(YOLO-CBAM): The implemented YOLO-CBAM consists
of two modules: a channel attention module and a spatial
attention module. The channel attention module uses global
average pooling to squeeze the spatial dimensions, reducing
the input tensor to [B, C, 1, 1]. This pooled output is flattened
and passed through two linear layers with a ReLU activation
in between. The first linear layer reduces the channel dimen-
sionality by a given reduction ratio, and the second restores it.
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Fig. 3. YOLO-CBAM: Yolov11 with integrated CBAM architecture

The result is passed through a sigmoid function and reshaped
back to [B,C,1,1] to form a set of channel-wise attention
weights. These weights are applied to the original input via
element-wise multiplication, modulating the importance of
each channel.

Next, the spatial attention module computes two spatial
descriptors by performing average and max pooling oper-
ations along the channel axis, each producing a tensor of
shape [B, 1, H, W]. These are concatenated along the channel
dimension into a [B,2, H, W] tensor and passed through a
convolutional layer, followed by padding. The result is passed
through a sigmoid function to produce a spatial attention map
of shape [B, 1, H, W], which is then element-wise multiplied
with the input from the channel attention stage. The final
output has the same shape as the input.

CBAM blocks were integrated at two specific points within
the backbone. A CBAM block was inserted after the second
C3k2 block. Another CBAM block was inserted after the final
C3k2 block before the SPPF block.

CBAM is introduced with the objective of enhancing feature
representations by sequentially applying channel and spatial
attention mechanisms. Channel attention aims to identify and
amplify the most informative feature channels, while spatial
attention aims to emphasize critical spatial regions within
feature maps. By embedding these blocks after mid- and deep-
stage C3k2 blocks, the design was intended to guide the
network to prioritize both important features and important
spatial locations before multi-scale aggregation.

2) YOLO with Squeeze-and-Excitation (SE) Block
(YOLO-SE): The SE block first applies a squeeze operation
using global average pooling to the input tensor, reducing each
channel to a scalar and producing a tensor of shape [B, C, 1, 1].
This is followed by an excitation operation, where the tensor
passes through a lightweight two-layer bottleneck formed by
two 1 x 1 convolutional layers. The first convolution reduces
the number of channels by a given reduction ratio, followed

by a ReLU activation, and the second convolution restores
the number of channels to the original count. Then, the result
is passed through a sigmoid function. Finally, the resulting
attention tensor is multiplied element-wise with the original
input tensor, producing an output tensor of the same shape as
the input.

SE blocks were integrated at three points within the back-
bone. An SE block was inserted after the first C3k2 block. The
second SE block was inserted after the second C3k2 block.
The final SE block was inserted after the SPPF block.

SE is integrated with the aim of promoting channel-wise
recalibration at different stages of feature extraction. By adap-
tively reweighting channel responses, the model is expected
to suppress less informative features and highlight the most
discriminative ones. This mechanism helps the network focus
on useful channels across early, intermediate, and deep fea-
ture maps, thereby enriching representational capacity without
modifying the spatial dimensions.

3) YOLO with Efficient Channel Attention (ECA) Block
(YOLO-ECA): The ECA block first applies a squeeze opera-
tion using global average pooling, producing a tensor of shape
[B, C,1,1]. The tensor is then reshaped to [B, 1, C'] and passed
through a one-dimensional convolution with a specified kernel
size. The result is passed through a sigmoid function. Finally,
the resulting attention tensor is reshaped back to [B,C,1,1]
and multiplied element-wise with the original input tensor,
resulting in an output tensor of shape [B,C, H, W].

The ECA blocks were integrated at three points within the
backbone. The first ECA block was inserted after the first
C3k2 block. The second ECA block was inserted after the
second C3k2 block. The final ECA block was inserted after
the C2PSA block.

ECA is integrated to encourage channel attention recalibra-
tion. Instead of introducing fully connected layers like SE,
ECA employs a one-dimensional convolution to capture local
cross-channel interactions efficiently. By embedding ECA at
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multiple stages — early, mid, and after the C2PSA block —
the design aims to progressively refine channel importance
across different depths of the network.

4) YOLO with Coordinate Attention (CA) Block (YOLO-
CA): The CA block first applies a coordinate pooling oper-
ation: global average pooling is performed separately along
the width and height axes, resulting in two tensors of shapes
[B,C,H,1] and [B, C, 1, W], respectively. The height-pooled
tensor is concatenated with a transposed version of the width-
pooled tensor to form a combined tensor of shape [B,C, H +
W, 1].

This combined tensor is passed through a shared bottleneck
transformation consisting of a 1 x 1 convolution, batch nor-
malisation, and a ReLU activation. The output is then split
back into two branches corresponding to the height and width
attention maps. Each branch passes through a separate 1 x 1
convolution to restore the original channel dimensions. Each
branch is then passed through a sigmoid activation function.
Finally, the original input tensor is element-wise multiplied
with both the height and width attention maps. The resulting
output tensor has the same shape as the input tensor.

CA blocks were integrated at two points within the back-
bone. The first CA block was integrated after the first C3k2
block. The second CA block was integrated after the SPPF
block.

CA is integrated to encode positional information into the
attention process, allowing the model to better localize salient
features along spatial dimensions. By separately capturing
width and height dependencies, the network aims to preserve
fine-grained location information while performing channel
recalibration. The integration after early and deep backbone
modules was intended to enhance spatial sensitivity both at
low- and high-level feature representations.

5) YOLO with normalisation-based Attention Module
(NAM) (YOLO-NAM): The NAM block first applies instance
normalisation to normalise each feature map individually
across spatial dimensions. The normalised tensor is then
passed through a 1 x 1 convolution that reduces the number
of channels from C' to 1, producing a spatial attention map.
The result is passed through a sigmoid function. Finally,
the original input tensor is element-wise multiplied with the
generated spatial attention mask, resulting in an output tensor
of the same shape [B,C, H, W].

NAM blocks were inserted at three points within the back-
bone. The first NAM block was integrated after the third C3k2
block. The second NAM block was integrated after the fourth
C3k2 block. The final NAM block was integrated after the
SPPF block.

NAM is implemented with the goal of promoting spatial
feature normalisation and selective emphasis. By applying in-
stance normalisation followed by a learned spatial mask, NAM
was intended to filter and enhance spatially significant regions.
Their sequential placement after mid and deep C3k2 modules
and after the SPPF block was intended to progressively guide
spatial focus as feature maps advanced toward the detection
heads.

D. Key Performance Indicators

The trained model is evaluated using the test split of the
dataset, which contains labelled data with predefined ground
truth bounding boxes. After making predictions on the test
set, the model’s outputs are compared against the ground truth
annotations. A prediction is considered a True Positive (TP)
if it correctly matches a ground truth object. If the model
makes an incorrect prediction—such as detecting an object
that doesn’t exist or misclassifying it—it is counted as a False
Positive (FP). A True Negative (TN) occurs when the model
correctly identifies that no object is present where there is no
ground truth annotation. If the model fails to detect an object
that is present in the ground truth, it is recorded as a False
Negative (FN).

The proportion between TP detections and all detections
(TP and FP) is defined as precision (P). Hence, the higher
the precision, the better the prediction result. The proportion
between TP detections and all defects (TP and FN) is defined
as recall (R). Hence, the higher the recall, the better the
prediction result.

TP TP
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F1-Score is defined as the harmonic mean of the precision
and recall.
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Intersection over Union (IoU) is an evaluation metric that
measures the overlap between the prediction and the ground

truth. mAP@0.5 is the mean Average Precision (mAP) across
N classes when the IoU threshold is 0.5.
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mAP@0.5:0.95 is the mAP across N classes for IoU
thresholds ranging from 0.5 to 0.95 in 0.05 increments.
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Specificity (S) is defined as the proportion of true negative

predictions among all negative ground truth instances (TN +

FP). Hence, the higher the specificity, the better the model is

at avoiding false detections.
TN

T TNt FP
IV. BENCHMARK RESULTS AND DISCUSSIONS

S &)

The selected models were trained using the Ultralytics
framework with custom YAML configurations [25]. Each
model was trained individually within a consistent envi-
ronment, applying fixed parameters across all experiments.
Specifically, all models, both with and without attention mech-
anisms, were trained for 50 epochs with a batch size of 64,
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TABLE II
EVALUATION RESULTS FOR BASELINES AND YOLOV11 MODELS INTEGRATED WITH ATTENTION MECHANISMS

YOLOVS Baseline | YOLOv11 Baseline | YOLO-CBAM | YOLO-CA | YOLO-SE | YOLO-ECA | YOLO-NAM
Precision (%) 93.29 93.68 95.54 96.01 97.03 97.28 96.22
Recall (%) 89.74 87.82 91.55 90.32 90.63 92.03 90.65
F1 Score (%) 91.42 90.57 93.41 93.04 93.60 94.67 93.31
mAP@0.5 (%) 93.15 93.13 94.44 94.01 94.73 95.64 94.60
mAP@0.5:0.95 (%) 61.20 59.14 60.47 60.05 60.16 60.34 59.56
Specificity (%) 99.09 98.86 99.03 98.94 98.84 98.92 98.81

using an input image size of 640 x 640 pixels. The AdamW
optimizer was employed throughout the training process [26].

To minimize the impact of architectural variations and
enable a fair comparison between attention-integrated models,
37 different architectures were created by systematically mod-
ifying the implementation locations of the attention blocks.
In addition, targeted hyperparameter tuning was conducted,
focusing solely on adjusting the kernel sizes and reduction
ratios within the CBAM, SE, ECA, and CA modules. All
other hyperparameters remained fixed across all experiments
to ensure consistency.

The best results for ECA were achieved with a kernel size
of 5. The best results for CA and SE were achieved with a
reduction ratio of 16, and the best results for CBAM were
achieved with a kernel size of 5 and a reduction ratio of
8. Following this process, the best-performing configuration
for each attention mechanism was selected and subsequently
used for benchmarking, thereby ensuring that performance
comparisons reflected the optimized capabilities of each model
rather than incidental architectural differences. In Section
3.C, all given implementation architectures represent the best
variations identified during these iterations.

The models were trained on a workstation equipped with
an Intel 17-14700K CPU, 64 GB of RAM, and an NVIDIA
RTX 4070 Ti GPU. To ensure consistency across results,
evaluation was performed using the default tools provided
by the Ultralytics framework. Validation metrics, including
precision, recall, F1 score, mean Average Precision at IoU
threshold 0.5 (mAP@0.5), and mean Average Precision across
IoU thresholds from 0.5 to 0.95 (mAP@0.5:0.95), were re-
ported individually for each class. Additionally, specificity per
class was calculated from the confusion matrix, and Receiver
Operating Characteristic (ROC) curves were generated based
on the top-1 detection confidences for each class. The average
detection time per image was also recorded using Python’s
timing libraries, providing an indication of the computational
overhead introduced by each attention variant.

The training time for the baseline YOLOvV8 was 12 minutes
52 seconds, and for the baseline YOLOv11 it was 13 minutes
20 seconds. The training times for CBAM, ECA, NAM, SE,
and CA were 14 minutes 1 second, 14 minutes 6 seconds, 13
minutes 53 seconds, 14 minutes 15 seconds, and 14 minutes
7 seconds, respectively.

The average detection time per image for the baseline
YOLOVS8 was 0.0652 seconds, and for the baseline YOLOv11
it was 0.0654 seconds. The average detection times per image
for CBAM, ECA, NAM, SE, and CA were 0.0664 second,

0.0663 seconds, 0.0666 seconds, 0.0678 seconds, and 0.0679
seconds, respectively.

The evaluation results presented in Table II demonstrate a
clear performance improvement when attention mechanisms
are integrated into the YOLOv11 architecture. Compared to
the V8 and V11 baselines, all attention-augmented models
achieved higher precision, recall, F1 scores, and mAP@0.5
values, indicating superior detection capability across classes.
Notably, the ECA-enhanced model exhibited the highest pre-
cision (97.28%), recall (92.03%), and F1 score (94.67%),
outperforming both the baseline models and other attention
configurations. Similarly, the ECA-integrated model attained
the highest mAP@0.5 value (95.64%), confirming its effi-
cacy in accurately localizing objects across varying scales.
Although the V8 baseline retained the highest mAP@0.5:0.95
score (61.20%), the marginal differences observed suggest that
attention modules, while enhancing overall detection accuracy,
may slightly compromise very fine-grained localization met-
rics. Specificity scores remained consistently high across all
models, with minor variations, indicating that the introduc-
tion of attention mechanisms did not substantially affect the
models’ ability to correctly identify negative instances.

YOLOvI1 introduces architectural enhancements over
YOLOVS, including the use of C3k2 blocks and an attention-
based C2PSA module. However, baseline V11 has slightly
underperformed compared to baseline V8. This is likely
due to reduced feature richness in intermediate layers. V8
uses consistent C2f blocks with balanced expansion ratios,
maintaining higher internal feature width (e.g., 128 hidden
channels at 256 output), while V11 uses a mix of C3k2
configurations—some relying on narrower bottlenecks (e.g.,
64 hidden channels with 0.25 expansion). This may explain
its slightly better performance in precision-sensitive and fine-
grained localization tasks.

In examining the relative performance of the different
attention mechanisms, it is evident that lightweight modules
such as ECA and SE delivered notable gains with minimal
computational overhead, compared to more complex modules
like CBAM and CA. The ECA module, in particular, emerged
as the most effective, striking an optimal balance between ac-
curacy and model complexity. Conversely, the NAM-integrated
model, while improving upon the baselines, exhibited slightly
lower precision and mAP scores compared to ECA and SE,
suggesting that the choice of attention mechanism signifi-
cantly influences the detection performance. Overall, these
results substantiate the hypothesis that incorporating attention
mechanisms into the YOLOv11 backbone enhances feature
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TABLE III
F1 SCORE COMPARISON ACROSS INDIVIDUAL DEFECT TYPES

Defect Type YOLOVS Baseline | YOLOv11 Baseline | YOLO-CBAM | YOLO-CA | YOLO-SE | YOLO-ECA | YOLO-NAM
Warping 91.37 91.10 91.03 88.99 90.20 92.00 91.05
Spaghetti 73.12 71.40 86.92 84.07 89.59 92.88 85.67
Cracking 99.95 99.96 99.18 99.90 99.80 98.88 99.85
Stringing 94.41 93.63 93.03 93.62 94.48 94.42 93.09
Layer Shifting 99.31 98.69 99.41 98.08 98.28 98.44 99.31
Curling 90.34 88.64 90.87 93.58 89.28 92.44 90.87
Mean 91.42 90.57 93.41 93.04 93.60 94.67 93.31

Fig. 4. ROC curves per defect class for baseline and attention-augmented YOLOv11 models.

representation, thereby leading to improved object detection
outcomes without considerable degradation in computational
efficiency.

Table III presents the comparative F1 scores achieved by
the baseline models and attention-augmented YOLOv11 vari-
ants across individual defect types. The results demonstrate
that the integration of attention mechanisms consistently im-
proves detection performance, particularly for more challeng-
ing classes such as spaghetti and curling. For instance, the
YOLOvVI1 model enhanced with ECA achieved the highest
F1 score of 92.88% for the spaghetti class, indicating a
substantial improvement over the baseline models. Similarly,
improvements were observed across other defect types, with
the CBAM-integrated model achieving the best performance
for layer shifting, and the CA-augmented model excelling
in the detection of curling defects. Although the cracking
class already exhibited near-perfect scores across all models,
attention modules further stabilised detection performance,
ensuring consistently high F1 values.

The ROC-AUC curves presented in Figure 4 provide a
comparative evaluation of the models’ discriminative capa-
bilities across the individual defect classes. In general, all
models exhibit high overall performance, with area under the
curve (AUC) values exceeding 0.95 for the majority of classes,
indicating excellent separability between defective and non-
defective samples. Notably, the cracking and layer shifting
classes consistently achieve near-perfect AUC scores (close to
or exactly 1.0000) across all models, reflecting the relative
ease of detecting these defects due to their distinct visual
characteristics. Among the attention-augmented models, the
YOLO-ECA variant demonstrated superior and consistently
high AUC scores across all classes, particularly achieving an
AUC of 0.9999 for the cracking class and 0.9997 for stringing,
indicating exceptionally reliable classification performance.
The NAM-integrated model also performed robustly, achieving
the highest AUC for warping (0.9944) and maintaining strong
scores across other classes. Importantly, the models integrating
attention mechanisms notably improved the AUC for the more
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challenging spaghetti and curling classes when compared to
the baseline models.

Based on the results, a sample detection batch from the
ECA-integrated YOLO model, which achieved the best per-

-

formance, is presented in Figure 5. The images were taken
from the test batch.

Fig. 5. Detected defects by YOLO-ECA model

V. CONCLUSION

This study presents a comprehensive framework for eval-
vating attention-augmented YOLO architectures in FDM 3D
printing. The main contributions include benchmarking two
baseline YOLO models (YOLOvS and YOLOvI11) and five
attention-integrated YOLOv11 models (CBAM, SE, ECA, CA,
NAM).

While attention mechanisms significantly improve overall
detection accuracy, they can introduce additional computa-
tional overhead and may not uniformly benefit all defect
types, particularly those requiring fine-grained localization.
Future work could investigate hybrid attention mechanisms
that combine the strengths of different modules, aiming to
balance detection performance across diverse defect types in
FDM 3D printing.
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