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Short Communication
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A B S T R A C T

Fused filament fabrication is a popular extrusion 3D printing technology because of its affordability and 
accessibility. However, the approach often suffers from printing errors that result in wasted time, materials and 
energy. Convolutional neural networks can be trained to recognise a wide spectrum of printing anomalies from 
image data in real time, but past work has been limited to a few defect classifications at a time. Here, we 
introduce a fault detection system, designed to identify a range of errors without interrupting the printing 
process. Real-time detection is achieved using a pre-trained image recognition and pattern recognition con
volutional neural network (CNN) with two mounted cameras on the print bed and a nozzle camera. Two CNN 
models are developed to classify images into common 3D printing errors for the two camera systems. The nozzle 
camera model achieves a high validation accuracy of 97.7%. The side camera model achieves comparable 
performance with a validation accuracy of 97.6%. To integrate the two CNNs into one unified system, a logic- 
based priority framework was used to improve reliability beyond individual model accuracies by resolving 
conflicting predictions and leveraging complementary viewing angles from both camera types to detect a broader 
range of defects. The data fusion framework identifies 12 common errors and has significantly improved the 
robustness of error classification, in-situ and in real-time, with inference times as small as 220 milliseconds. The 
results demonstrate the feasibility of a robust multi-input fault detection system to advance the reliability of 
extrusion 3D printing.

Introduction

Additive manufacturing (AM) or 3D printing transforms computer- 
aided design (CAD) files into physical objects by systematically joining 
material layers[1,2]. This method enables the fabrication of custom and 
complex structures with significantly less material waste than conven
tional manufacturing, which typically uses subtractive methods[3]. 
Among AM techniques, Fused Filament Fabrication (FFF) is the most 
common, valued for its ease of use and material compatibility[3–5]. The 
process of FFF involves melting a thermoplastic filament and extruding 
layer by layer, where the layers solidify to build a 3D structure[3,6–10]. 
While FFF is cost-effective, it suffers from low resolution[11], poor 
surface quality and a high frequency of defects[4,12].

The increasing complexity of additively manufactured materials 
underscores the critical need for this real-time defect detection to enable 
the efforts aiming to address the defects in situ. Advanced applications 

rely on fabricating parts where material and structural properties are 
programmed directly during printing. This makes process control 
essential, as the manufacturing process itself dictates the material’s final 
properties and performance[13]. For instance, the mechanical proper
ties of bio-inspired composites from liquid crystal polymers are deter
mined by the molecular alignment during extrusion[14]. Any deviation 
can cause severe degradation of the component’s strength. Similarly, in 
multi-material printing of smart, actuated structures, a small defect like 
poor interfacial bonding can render an entire device non-functional[15,
16]. In the development of engineered living materials, printing errors 
can lead to inconsistencies in growth, resulting in uncertain material 
properties or functional behaviour[17]. For these applications, 
post-process inspection is insufficient, making in-situ monitoring an 
indispensable tool for ensuring both structural and functional integrity.

While these advanced materials represent the frontier of AM, even 
conventional FFF printing is plagued by defects[1,18–20]. These issues 
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are especially prevalent among inexperienced users, who face failure 
rates of approximately 20%[21]. This high failure rate stems from the 
open-loop nature of most 3D printers. To address this, a closed-loop 
system with real-time control is necessary. A critical first step is devel
oping an automated fault detection system that uses sensors to identify 
printing errors as they occur, which will provide the foundation for a 
corrective mechanism.

Research has explored several methodologies for detecting extrusion 
defects, including the analysis of image data[19,20,22–36], temperature 
[37,38], acoustic emissions[39–42], and electrical resistance[18]. 
Among these, image analysis using single or multi-camera setups has 
proven particularly effective[43,26]. For instance, studies have 
employed Convolutional Neural Networks (CNNs) for analysing images 
to detect extrusion errors and interlayer imperfections like warping[19,
20,22–24,28]. Other approaches use histogram differences to identify 
defects by comparing prints to reference renders[25–27].

Despite these advancements, significant gaps remain. Studies focus 
on detecting only specific defects, failing to offer integrated systems that 
correct multiple error types in real-time[19,22]. Many existing systems 
are not truly in situ and introduce significant delays. For example, 
adding up to 50% to the print time, while others do not allow the 
monitoring of complex geometries[25,26]. In contrast, CNN-based ap
proaches offer a path to feasible real-time detection[44]. However, even 
these can be limited by static, single-camera setups [28]. The literature 
thus points toward a need for multi-camera systems for more robust, 
in-situ error detection and correction.

Addressing these gaps, this study proposes an integrated fault 
detection system for FFF printers that utilises a multi-camera setup and 
CNN models. The objective is to create a rapid, accurate, and in-situ 
system capable of identifying a wide range of common printing errors 
in real-time. To establish a controlled baseline for validating the core 
multi-camera fusion concept, the experimental variables were inten
tionally constrained to a single filament colour, a fixed lighting envi
ronment, and a single printer setup. The results demonstrate the system's 
effectiveness under these constrained experimental conditions: the CNN 
models achieved a validation accuracy of 97.5% in detecting 12 distinct 
error types, with model inference times below 220 milliseconds. This 
research provides a foundation for future work, including the integra
tion of corrective mechanisms and object detection, to ultimately 
advance the reliability and efficiency of extrusion printing.

Methodology

Hardware setup

The data collection system comprises three cameras: one nozzle 
camera and two bed cameras. The nozzle camera is mounted on the 
printer’s heat block using a custom-designed bracket for close-up 
extrusion monitoring. This camera is part of the 3DO nozzle camera 
kit. The bed cameras detect errors on the sides of the print. These 
cameras are attached to the printer bed frame, using brackets adapted 
from an existing open-source design. Each side camera mount features 
an adjustable swing arm, allowing fine-tuned camera positioning to 
obtain the optimal field of view for each print. The bed cameras are 
Raspberry Pi HQ cameras, equipped with CS Mount 6mm 3MP-HD 
lenses. The mounting of the nozzle camera and side cameras on the 
printer is shown in SI Figure 1. The three cameras capture real-time 
images, which are transmitted to a hard drive, a Seagate Expansion 
Portable 2TB hard drive. The side camera was configured to stream at 10 
fps at 4056 × 3040, while the nozzle camera streamed at 60 fps at 640 ×
480, with exposure set to auto. To manage data collection and printer 
control, two Raspberry Pi units are implemented: a Raspberry Pi 3 
running OctoPrint for remote control and a Raspberry Pi 5, with a 
2.4GHz quad-core 64-bit Arm Cortex-A76 CPU and a VideoCore VII 
GPU, dedicated to storing images. This multi-camera setup is applied to 
a Prusa MK3S printer, utilising black glass fibre-reinforced 

polypropylene (PP GF30) as material.

Imaging strategy

The nozzle camera provides a fixed perspective due to the stationary 
position of the nozzle relative to the camera. This consistency allows for 
uniform manual cropping of images to exclude visible portions of the 
heat block and artefacts outside the print plate region, reducing the 
input size from 640 × 480 to 440 × 320 pixels. These cropped images 
are then analysed by the dedicated CNN model to detect errors specific 
to this perspective. For the side cameras, cropping requires manual 
adjustments. This is because new prints can be positioned differently on 
the bed, resulting in no fixed reference point for the camera. During the 
first loop, the operator selects a region of 1600 × 1000 pixels, from 
images of 4056 × 3040 pixels, focusing on the print area. This region is 
selected based on the size of the print and its position on the print bed. 
This manual input for the cropping region is necessary because print 
sizes and bed positions vary arbitrarily across different jobs, requiring 
custom adjustment for each print. This cropping region is fixed for all 
following iterations, as the position of the print does not move with 
respect to the side cameras, during the same print. The cropped side 
images are analysed by the respective CNN model, tailored to detect 
errors observable from the side perspectives, resulting in the classifica
tion outputs. The outputs from the three cameras are then passed to the 
logic system for integration, ensuring prioritised and accurate error 
reporting.

While the nozzle camera closely monitors the extrusion process, the 
two bed cameras capture anomalies on the sides of the print in Fig. 1. 
These three cameras operate in parallel to collect a synchronised, multi- 
scale dataset covering a comprehensive array of extrusion printing error 
types.

The development of a fault detection system necessitates a thorough 
classification of extrusion printing errors encompassing extrusion de
fects, detail and surface finish anomalies, support and structural failures, 
layer misalignments, motion faults, and adhesion breakdowns. Exten
sive datasets for each error category were created by reverse- 
engineering optimal print parameters to deliberately induce faults, 
slicing adjustments, and, in some cases, direct printer parameter 
manipulation like increasing/decreasing the nozzle temperature during 
printing. A reference dataset of defect-free prints was produced using 
standard parameters, with representative nozzle- and side-camera im
ages. The datasets were constructed by acquiring images sequentially 
throughout the printing process by sampling individual frames. Each 
captured image was manually labelled by assigning the corresponding 
error class, including “good”, “not printing” and “unclear” in the case 
where the image could not be used to classify “good” or a defect class.

As shown in Fig. 1, images of twelve error types were collected 
through the nozzle and side cameras, corresponding to the identification 
of seven and eight potential errors from the nozzle and side cameras, 
respectively. These errors were categorised into groups based on their 
type and root cause. For example, extrusion errors, including over- and 
under-extrusion, result from incorrect material flow, leading to uneven 
print line width and thickness or gaps between print layers. Pillowing is 
caused by inadequate cooling of the top layer, resulting in bumps, and 
by foreign bodies, which can originate from the nozzle or print bed. 
Further geometric errors can occur from weak infill, where internal 
structure of the print is under-extruded, or poor bridging, which occurs 
when unsupported spans cannot be generated due to the low melt 
strength of the extruded polymer.

Temperature and pressure-induced errors include stringing, charac
terised by thin strands of filament between parts of the print due to 
higher temperature or pressure, and overhang sagging, where unsup
ported regions creep in their melt state. Next motion and alignment 
errors include shifted layers, caused by belt slipping or missed motor 
steps. These failures can also compound. For example, spaghetti failure 
can occur from poor adhesion propagation or stringing, resulting in 
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interlaminar failure between print lines, which then results in chaotic 
filament strands being extruded into free space. Lastly, adhesion errors, 
such as warping and delamination, are caused by thermal effects such as 
excessive thermal energy in the part or by insufficient layer bonding, 
leading to parts lifting from the bed or separating between layers, 
respectively. Table 1 summarises these errors and their corresponding 
detection cameras.

The system does not cover all error types. Three errors were found to 
trigger other detectable faults rather than directly presenting distinct 
visual features. Support failure and bed separation resulted in spaghetti 
failure, while overheating led to stringing, overhang sagging, poor 
bridging and warping. A total of seven errors were excluded from the 
developed detection system either because they require additional 
comparison to a digital twin or they are not visible. Small features not 
printing, poor surface quality at support regions, missing layers and first 
layer problems were omitted as they are not easily visible without a 
comparison to external references, such as CAD files. Further errors, 
such as ripples and echoes, infill showing protruding from the exterior of 
the print and elephant foot, were also excluded due to their unreliability 
in being detected visually with the proposed camera system. Ripples and 
echoes could potentially be addressed by vibration or accelerometer 
sensors, infill protrusion by laser scanning or force sensors, and elephant 
foot by force sensors or thermal imaging.

Dataset and ML model description

Around 90,000 images were collected and labelled to generate a 
dataset which covered the 3D printing errors introduced above. The 
total number of nozzle camera and side camera images per class in the 
useful dataset is shown in SI Table 1. To ensure geometric variability, a 
diverse range of parts was printed. As shown in SI Figure 2, these 
included basic shapes like cubes, cylinders, etc., functional test parts like 

bridges, overhang tests, and more complex forms like F-shapes and T- 
shapes. To generate sufficient data for each defect class, images were 
acquired sequentially throughout the printing process by sampling in
dividual frames while intentionally failing prints through modified 
process parameters or manual intervention.

SI Table 2 specifies the multiple, distinct geometries used to 
generate data for each specific error, ensuring that defects were 
captured across a variety of shapes and conditions. For example, 
"warping" was induced on low cubes, pyramids, and A-shape blocks, 
among others. Similarly, "poor bridging" was captured on multiple 
bridge tests and H-shaped parts. The images were labelled according to 
their respective error classes and subsequently balanced. For each error 
type, a total of 2,000 images from both side cameras combined, and 
2,400 images from the nozzle model, respectively, were selected from 
the total image dataset for class balancing before training the model.

Both the nozzle and side camera models use the pretrained You Only 
Look Once version 8 (YOLOv8) image classification model. To enhance 
the model’s generalisation capability, the YOLO model's default data 
augmentation techniques, such as horizontal flipping, rotations and 
colour adjustments, such as altering brightness, contrast and saturation, 
were applied to the training data within the model framework. To 
evaluate generalisation to unseen geometries, an external dataset 
featuring a distinct shape shown in SI Figure 3 was created as a baseline 
demonstration under controlled conditions. This validates error detec
tion capabilities on unseen structures. The external dataset prints were 
created under identical experimental conditions, including the same 
filament colour, fixed ambient lighting, and printer setup. In future 
work, the external test set will include multiple geometries to compre
hensively assess robustness.

The YOLOv8s classification model is chosen for its superior accuracy 
and efficiency over architectures such as ResNet50 and VGG16 on a 
labelled 3D-printing dataset to discriminate between defect-free prints 
and various error classes in real time[46,47]. The YOLOv8 architecture 
shown in Fig. 2 comprises Convolution Blocks (2D convolution with 3 ×
3 kernel size, 2 × 2 stride and 1 × 1 zero padding followed by batch 
normalization and SiLU activation), C2f blocks (cross-stage partial 
connections with bottleneck layers for lightweight yet expressive feature 
reuse), and a Classify Block (convolution, max-pooling, dropout, and 
fully connected layer) that together balance computational efficiency 
with high classification performance. Model training involves adjusting 
the final classification head on our error-labelled images using standard 
transfer-learning workflows in Ultralytics’ YOLOv8 framework. The 
hyperparameters used for model training are shown in SI Table 3. This is 
followed by deployment for live camera feeds to flag print faults as they 
occur.

Fig. 1. The data collection and labelling workflow for training the nozzle and side camera models, including the defect types identified by each.

Table 1 
Error types and cameras used for detection.

Error group Error Detecting camera

Extrusion errors Over-extrusion Nozzle camera
Under-extrusion Nozzle camera

Detail issues Pillowing Nozzle camera
Foreign body in print Nozzle and side cameras

Structural errors Weak infill Nozzle camera
Poor bridging Side cameras

Temperature errors Stringing Nozzle and side cameras
Overhang sagging Side cameras

Alignment and motion errors Shifted Layers Side cameras
Spaghetti failure Nozzle and side cameras

Adhesion errors Warping Side cameras
Delamination Side cameras
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Results and discussion

The nozzle camera model is trained for 10 epochs using a batch size 
of 16, an input resolution of 448 × 320 pixels, and a learning rate of 1.5 
× 10⁻³. The side camera model is trained for 50 epochs with a batch size 
of 23, an input resolution of 512 × 512 pixels after rescaling, and a 
learning rate of 1.1 × 10⁻³. The best-performing weights for the side 
camera model, corresponding to the highest validation accuracy, are 
obtained at 30 epochs. Relatively low number of training epochs in both 
cases is due to starting the training from a pre-trained model. The cross- 
entropy loss curves along with the validation accuracy curves for both 
models are shown in the SI Figure 4. Both models show strong perfor
mance as seen from the cross-entropy loss, accuracy and F1 score values 
shown in Table 2. Cross-entropy loss quantifies how well predicted 
probabilities align with true labels, accuracy shows the proportion of 
correct predictions, and the F1 score balances precision (measure of lack 
of false positives) and recall (measure of true positives) for a compre
hensive evaluation of classification performance.

The model uses the training data to optimise the network's weights 
during training and makes predictions on the validation dataset at each 
training step to ensure that the model does not overfit the training 
dataset. Confusion matrices are used to analyse how effectively the 
model distinguishes between different classes, while Grad-CAM heat
maps[48] are used to provide visual insights into which input regions 
most influence the model’s predictions. This helps in interpreting the 
model’s decision-making patterns.

The confusion matrices are computed for the training, validation, 
test and external test datasets. Each confusion matrix represents the true 

classification along the horizontal axis and the model's prediction along 
the vertical axis. The confusion matrices, shown in Fig. 3a, were 
computed to visualise the accuracy of the model's prediction across 
different model development classes. The points of intersection of the 
actual and predicted classes, as the matrix diagonal in blue, represent 
the correct classifications, and all points outside the diagonal represent 
misclassifications. The high values along the diagonals of confusion 
matrices for these two datasets in both models indicate that the models 
train with high accuracy on the training data and generalise well to the 
validation data. The test and external test datasets are not available to 
the model during training, and predictions are made on these datasets 
after the model has been trained. The confusion matrices of the test 
dataset for both models show that they generalise well to these datasets, 
with only a few misclassifications. Though fairly good performance is 
achieved in the external test dataset, there are more misclassifications 
when compared to the internal test dataset. This has been investigated 
further using Gradient-weighted Class Activation Mapping (Grad-CAM) 
heatmaps. Grad-CAM heat maps are used to analyse the classifications of 
the model on the test and external test datasets. This helps ensure that 
the model has learned robust features and can also highlight potential 
weaknesses or biases in the model’s decision-making process.

The heat maps visualise the importance of image regions for a CNN’s 
decision by computing the gradients of the target class score with respect 
to the feature maps of a convolutional layer, then weighting and sum
ming those maps to produce a localization mask. These are typically 
obtained from the final convolutional layers of the CNN network. They 
can be superimposed on the original image to identify the features of the 
image that are responsible for the network's classification decision. This 

Fig. 2. An overview of the YOLOv8s classification model[45]. The figure illustrates the model's overall architecture, provides a detailed expansion of its main 
computational blocks, and shows the resulting activation maps when applied to a sample nozzle camera image. The same model architecture was trained on the 
image dataset sourced from both side cameras to develop the side camera model.

Table 2 
Nozzle camera model and side camera model performance metric.

Metric Training Validation Test External test

Nozzle Side Nozzle Side Nozzle Side Nozzle Side

Accuracy (%) 99.11 99.81 97.68 97.61 97.09 97.86 93.18 89.3
Loss 0.07 0.04 0.07 0.12 0.07 0.09 0.27 0.39
F1 score (%) 99.11 99.82 97.66 97.64 97.1 97.93 91.09 84.06
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heat map highlights areas with high positive influence on the class 
prediction, effectively attributing spatial relevance to the network’s 
output. From the image masks, the model attends to relevant regions for 
correctly classified images, while for misclassified images, the heatmaps 
can reveal which image areas may have led to incorrect decisions.

Nozzle camera model performance

Fig. 3b shows representative example images, selected to illustrate 
typical cases for both the nozzle and side camera models. For the nozzle 
camera model, an example is shown where a good print is identified 

correctly. As can be seen in the overlay, the region of highest activation 
corresponds directly to the area around the nozzle. The same is seen in 
correctly classified images of under-extrusion and over-extrusion (see SI 
Figure 5).

It is seen from the test dataset's confusion matrix that around 9% of 
good print images are misclassified as “unclear” for the nozzle model, as 
shown in the example image in Fig. 3b. Investigating this with Grad- 
CAM heatmaps shows that the model does not focus on the nozzle but 
on other irrelevant parts of the image, resulting in misclassified images. 
A representative example of this behaviour is included in Fig. 3b. These 
misclassifications occur because the “unclear” class was defined 

Fig. 3. Confusion matrices and Grad-CAM heatmaps from the CNN model. a. The confusion matrices for training, validation and test datasets for the nozzle camera 
and side camera models. The blue colour bar represents correct classifications, while the red colour bar represents misclassifications. b. Representative Grad-CAM 
heatmaps of the predicted class at the output of the 8th convolution block in the YOLOv8 model's backbone, chosen for its optimal balance of semantic abstraction and 
spatial detail.
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subjectively, without clearly distinguishable features. However, these 
misclassifications have no significant implications for the detection 
system. In addition, poor lighting results in poor distinction between the 
nozzle tip and the printed part. In the external test dataset, 9% of over- 
extrusion images are classified as “good” or under-extrusion. As 
visualised by the corresponding Grad-CAM overlay in Fig. 3b, the model 
does not focus on the nozzle tip in this case either, since the image is 
blurry or there is overexposure in the image. These observations 
demonstrate that optimum lighting on the nozzle tip is essential to 
recognise good, over-extrusion and under-extrusion errors during the 
printing process. Adaptation to filaments with different colours and 
reflectivity may require different lighting conditions to improve reliable 
defect recognition.

For the classification of further errors by the nozzle camera model, 
the model focuses on the defect features on the print body rather than 
the nozzle tip to make correct predictions. 11% of weak infill images are 
classified as stringing by the model in the external test dataset. Corre
sponding Grad-CAM heat maps show that for these misclassified images, 
some string-like features are present on the print layer along with the 
weak infill, and the model seems to focus on this for classifying the 
image.

Side camera model performance

When studying the side camera model, the external test set confusion 
matrix shows that images with stringing, poor bridging and shifted layer 
defects are the most misclassified. For a representative example of 
correctly classified stringing in the internal test dataset, as visualised in 
Fig. 3b, the model focuses on the stringing features in the printed 
structure. At some angles, string-like features are not visible to the side 
camera, and hence, the model is unable to identify them. This explains 
why 15% of stringing defects are classified as “good” prints. This also 
indicates that the nozzle camera will make more reliable predictions for 
stringing errors.

From the external test set 65%, 24% and 34% of stringing, poor 
bridging and shifted layer defects, respectively, are classified as warp
ing. Further analysis shows that the images misclassified as warping also 
exhibited visible signs of warping, which the model correctly identified 
and used for classification. This applies to the poor bridging and shifted 
layer cases as well (see SI Figure 5). This highlights that the model 
cannot yet recognise multiple defects present in a single image. 
Furthermore, it is seen from the confusion matrix that 38% of poor 
bridging images are misclassified as overhang sagging in the external 
test set. The Grad-CAM heatmap for a representative example, shown in 
Fig. 3b, reveals that both overhang sagging and poor bridging defects 
are present in the print, and the model focuses on the overhang sag 
features. This highlights the importance of detecting multiple errors in a 
single print and the potential to use object recognition models instead of 
classification models in future work.

From the external test set, 11% of warping errors are misclassified as 
“good” prints. As shown by the corresponding Grad-CAM heatmap in 
Fig. 3b the model does not focus on the warped edges, which usually is 
where minor warping is onset. This indicates that the model struggles to 
detect subtle edge warping. Adopting an object detection approach, i.e., 
labelling warped edges with bounding boxes, could help the model 
better learn and localise minimal warping features.

As images were sampled as individual frames from a continuous 
acquisition process, it is possible that highly correlated frames from the 
same defect event were distributed across both the training and testing 
sets. This lack of strict separation could potentially lead to data leakage 
and an inflated test accuracy. However, this concern is mitigated by two 
key observations. First, the Grad-CAM heatmaps for most correctly 
classified images effectively highlight the actual defect regions, indi
cating that the model is focusing on relevant features rather than 
spurious correlations. Furthermore, the model's strong performance on 
the external test dataset, which consisted of an exclusive geometry not 

seen during training, reinforces this point. The minimal drop in accuracy 
on this external set suggests that the model learned to generalise beyond 
specific training examples and demonstrates a meaningful degree of 
robustness. For a more rigorous evaluation, subsequent work should 
employ grouped splits, where all frames from a single print job are kept 
within the same dataset partition, ensuring that the geometries in the 
train and test sets are entirely mutually exclusive.

Integrated fault detection system

The detection system operates in a continuous loop, capturing three 
images per timestep at a sampling rate of 1 Hz. One image is obtained 
from the nozzle camera, and images are obtained from the left and right- 
side cameras. These images are processed separately, resulting in three 
outputs that need to be integrated to reach a single decision as shown in 
Fig. 4a. The initial images are cropped before being passed through the 
models. Cropping ensures the images better resemble the training data 
and reduces memory limitations. Additionally, cropping eliminates un
necessary peripheral noise, allowing the analysis to focus on the relevant 
print areas.

The logic system, in Fig. 4b, transforms raw model outputs into 
actionable conclusions. First the individual answers for each camera are 
derived, based on consecutive outputs of that camera. These answers are 
combined into a unified system-level conclusion. The two-step process 
ensures consistency and prioritisation. Each camera’s outputs are saved 
in separate lists. The output lists undergo a filtering process to address 
cases where outputs such as “good”, “unclear” or “not printing” appear. 
These require special handling to avoid disrupting error detection.

First, considering the individual cameras, if a model predicts “good,” 
this output is tracked, and a counter is incremented for consecutive 
“good” predictions. Once four consecutive “good” predictions are 
observed, the list of previous outputs is cleared for that camera. This 
clearing ensures that, for example, if there are 1,500 predictions, with 
1,496 classified as “good” and only 4 scattered as stringing, the system 
avoids incorrectly returning stringing. Secondly, “unclear” outputs are 
temporarily included for evaluation but subsequently removed. There
fore, "unclear" images do not disturb the decision-making sequence. 
Thirdly, outputs “not printing” are excluded unless detected simulta
neously by two or more cameras, as a single “not printing” prediction 
could result from nozzle movements rather than an actual fault.

Error confirmation relies on consistency across iterations. If an 
output, such as “stringing”, is repeated consistently across four or more 
iterations for one camera, it is parsed as the camera’s answer. This is also 
the case when two cameras detect the same error simultaneously twice 
in a row. Similarly, when all three cameras agree on the same error, this 
answer will be returned. In all three cases, the system tolerates inter
mittent “good” or "unclear" predictions within the sequence to account 
for model inaccuracies. This logic is statistically robust, ensuring a 
minimum detection accuracy of 99% even when individual model ac
curacies are approximately 97%.

The final step in the fault detection system integrates the outputs 
from the three cameras into a single cohesive conclusion. This requires 
an integration logic that prioritises errors based on context as shown in 
Table 3. For instance, when side cameras detect overhang sagging, poor 
bridging or delamination, the nozzle camera’s output is ignored. If the 
side cameras do not detect any of these three errors and the nozzle 
camera identifies over-extrusion or under-extrusion, the side camera 
outputs are disregarded for that iteration. Disregarding cameras in these 
scenarios ensures that errors detectable by one camera, but not by 
others, do not introduce incorrect conclusions due to overlapping fea
tures. So, by prioritising and ignoring specific camera outputs, the sys
tem avoids conflicting conclusions. The inference times from the 
individual CNN models were observed to be approximately 220 milli
seconds. System latency was evaluated by separating computational 
processing from hardware capture overhead. Processing latency per 
iteration, measured by replaying 224 image sets through the inference 
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Fig. 4. The operational workflow of the multi-camera fault detection system. a. A schematic illustrating the system logic, where images from three cameras are 
individually cropped, classified by CNN models, and then integrated. The system logic applies rules for error confirmation based on detection consistency and uses a 
prioritization system to resolve conflicting outputs from different camera perspectives. b. A demonstration of the system’s performance over four iterations. Iteration 
1: "Good" (all cameras "good"). Iteration 2: "None" (intermittent state - 2 side cameras "Poor Bridging," nozzle "Spaghetti"). Iteration 3: "Poor Bridging" confirmed (2 
cameras agree for 2 consecutive frames). Iteration 4: "Poor Bridging" maintained. Prioritisation logic requires two cameras to agree on the same error across two 
consecutive frames, ignoring conflicting single-camera predictions.
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pipeline on a laptop workstation equipped with an Intel Core i7-1365U 
CPU at 1.80 GHz and 16GB RAM, averaged 343 milliseconds. The cap
ture latency for the two side cameras is estimated at approximately 2.30 
seconds because the script initialises each camera sequentially and 
writes images to disk via Picamera2. In contrast, the nozzle camera 
capture is much faster, estimated at 0.10 seconds, as it reads directly 
from a continuous video stream via OpenCV. Therefore, the total system 
latency is approximately 2.40 seconds plus the processing time, with the 
majority of the delay caused by the camera initialisation method. 
Switching to continuous capture streams for all cameras could reduce 
this hardware delay.

This integration successfully establishes a baseline for real-time, 
multi-camera fault detection. An example of the system’s operation 
over four iterations is shown in Fig. 4b. Our model successfully classifies 
12 distinct 3D printing defects with 97% accuracy under the constrained 
setup with single filament colour and fixed lighting. In future work, 
more data will be generated in diverse conditions with varying filament 
colours, lighting, and printer setups and cross-validated to ensure robust 
performance. Most published systems identify fewer defects, typically 
between four and six types[30,33,34,36]. Our work is notable because it 
achieves this broad classification scope while minimising disruptions 
caused by transient or isolated mispredictions.

The current system utilises a single-label classification approach. 
This can be extended by using object detection models, which are 
capable of multi-label classification. In such a system, the decision al
gorithm would be modified to process multiple simultaneous defect 
detections and their severities to arrive at a reliable conclusion. Another 
limitation is our model's current specialization for black-coloured prints. 
A crucial area for future work will be to quantify the model's general
izability by testing it against a variety of material colours and types, 
fluctuating ambient lighting, and different printer models. These in
vestigations will be essential for transitioning the system from a proof- 
of-concept to a universally applicable tool.

Conclusions

The feasibility and efficacy of a real-time, multi-camera fault 
detection system marks a substantial advance over prior single-view, 
single-defect approaches. By integrating two side-view cameras with a 
nozzle-mounted camera and employing two specialised convolutional 
neural network (CNN) classifiers, it is shown that a diverse set of twelve 
error modes, including over- and under-extrusion, stringing, warping, 
and delamination, can be detected under constrained conditions of 
single filament colour, single lighting setup and single printer configu
ration. These results compare favourably to earlier studies that reported 
lower detection rates for only one or two defect types under constrained 
imaging conditions. A broader generalisation of this model remains a 
goal for future work.

The consequences of these findings are twofold. First, in situ error 
identification without print interruption can drastically reduce material 
waste, energy consumption, and manufacturing time by enabling early 
intervention or automatic corrective actions. Second, our logic-based 
fusion framework, which reconciles potentially conflicting outputs 
from multiple cameras, enhances robustness and paves the way for 
adaptive control strategies in additive manufacturing. These advantages 

are substantiated through quantitative performance metrics and repre
sentative case studies highlighting scenarios in which multi-angle im
aging corrected misclassifications that single-view systems would have 
missed.

Beyond desktop-scale FFF, the methodology can generalise to other 
extrusion technologies and larger industrial platforms, suggesting broad 
applicability in smart manufacturing. By providing an open-ended ar
chitecture for real-time monitoring and classification, this study lays the 
groundwork for future integration of closed-loop corrective mechanisms 
and contributes a critical step toward fully autonomous, fault-tolerant 
3D printing.
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