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Abstract
With the development of inkjet-printed electrodes, artificial intelligence-based 
quality control is essential for classifying inkjet-printed electrodes in a quality 
control environment. The quality of printed structures can be significantly affected 
by defects such as cracks, smudging, and misaligned deposits, which can degrade 
electrical performance and overall device reliability. Traditional quality control 
methods, including manual inspection and electrical testing, are time-consuming, 
subjective, and invasive, and they are unsuitable for high-throughput manufacturing 
environments. This work explores the application of computer vision and deep 
learning, specifically Convolutional Neural Networks (CNNs) and Feedforward Neural 
Networks, to automate defect detection and quality classification of inkjet-printed 
electrodes. To demonstrate the accessibility of deep learning techniques, Neural 
Architecture Search was implemented, showing the importance of automated 
model design in achieving high performance without extensive manual tuning or 
the need for expertise. The CNN models proved to be the most suitable approach for 
this image classification task, achieving a testing accuracy of 90.9% and a precision 
of 88.9% for a dataset of 2,406 electrode images containing both high-quality (1,020) 
and low-quality (1,386) prints.

Keywords: Inkjet printing; Electrodes; Defect detection; Deep learning; Computer vision; 
Convolutional Neural Networks; Feedforward neural networks; Neural architecture search

1. Introduction
Inkjet printing, also known as non-contact printing, has become a vital fabrication 
method in the production of flexible electronics, offering key advantages such as high 
customizability, minimal material waste, low temperature processing, fast deposition 
process, additive and digital patterning, and compatibility with a broad range of 
substrates1 (e.g., polymer, paper, textile, and fabric). It has wide applications in areas 
such as wearable and personalized healthcare devices,2-4 electrochemical and biosensor 
devices,5,6 flexible electronics (displays and solar cells), energy devices,7,8 bioengineering,9 
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micro-electro-mechanical systems,10 and microfluidic 
devices.11 In an inkjet printer, inks stored in a reservoir are 
delivered through micrometer-sized nozzles in the print 
head, which operate either continuously or in a drop-on-
demand mode to form electronically designed patterns or 
images. This process involves droplet generation, additive 
deposition of micro-  and nanometer-scale materials, 
and ink spreading over the substrate, followed by drying 
without any physical impact on the substrate. However, 
this printing technique poses a significant issue known as 
the coffee ring effect (i.e., formation of a ring-like thicker 
deposit at the print pattern edge due to the presence of 
solid particles in a drying ink droplet),12 which hinders the 
formation of uniform patterns and negatively impacts the 
morphological and electrical properties of the electrodes.13,14 
Furthermore, print patterns experience geometric 
imperfections, such as cracking and discontinuities, due to 
the properties of the inkjet printable ink material, droplet 
ejection behavior, substrate surface morphology, and inkjet 
printing parameters, resulting in defective electrodes.15 A 
prolonged sintering process also affects the microstructure 
of the printed electrode, especially porosity and particle 
order.14 Defects are critical in inkjet-printed electrodes 
because they directly lower conductivity, degrade device 
performance, and compromise reliability.16 Studies show 
that up to 66% of inkjet-printed thin-film transistors are 
defective due to process-related issues.15 Issues, including 
particle agglomeration in the nanomaterials-based inkjet 
printable inks, air entrapment, nozzle obstruction, droplet 
misalignment, and environmental contamination, can 
significantly impair the precision and uniformity of prints. 
These factors result in unpredictable electrical properties 
and device unreliability.17-19 Before the advent of digital 
microscopy, these defects were managed through quality 
control techniques, such as manual inspection and 
electrical testing, which were labor-intensive, subjective, 
intrusive, and inappropriate for large-scale manufacturing 
environments. At present, there are numerous methods to 
check the quality of a completed print, including inspection 
techniques, data analysis strategies, and quality assurance 
practices.20 The quality assurance practices include optical 
photography, digital imaging, profilometry, and electrical 
resistance/conductivity measurements. The initial step 
for conductive inks involves assessing the success of the 
sintering process by examining the sample for any surface 
deformation and the presence of cracks. The inkjet-printed 
sample typically comprises particles at the nano-  (10−9) 
or micro-  (10−6) scale, which should be at least 50  times 
smaller than the nozzle diameter, which helps to avoid 
issues such as particle accumulation at the nozzle edge, 
droplet trajectory deviations, or nozzle blockage due to 
agglomeration.21 In the absence of cracks, the sample 
undergoes a series of performance evaluations, which 

encompass electrical resistivity, adhesion, and mechanical 
deformation assessments.22

Anticipating defective electrodes before printing 
and modifying printing parameters is a crucial strategy 
for minimizing the incidence of defective printed 
electrodes, thereby enhancing the large-scale production 
of high-quality electrodes. The early identification of 
defects can be accomplished through a computer vision 
system, which represents an automated, non-destructive, 
and high-speed method utilizing advanced imaging and 
machine learning techniques.20 Incorporating computer 
vision into the quality control of inkjet-printed electrodes 
allows manufacturers to identify and rectify problems, 
such as absent deposits, misalignment, and variations in 
line width, before compromising product performance.23,24 
It will enable immediate identification and correction 
of printing surface defects, minimizing material waste 
and improving yield rates. This technique offers several 
significant advantages, including the elimination of manual 
inspection, reduced human error, and increased efficiency.

Computer vision employs sophisticated imaging 
methods and machine learning algorithms to detect 
microscopic defects that may elude human observation. 
Several significant works have explored the intersection of 
inkjet printing and machine learning, focusing on improving 
monitoring, classification, prediction, and optimization of 
the printing processes.23 Researchers have applied artificial 
intelligence (AI) to different aspects of the process, such 
as ink conductivity, line width, resistance, droplet velocity, 
jetting behavior, and overall print quality.25-27 A wide range 
of methods have been explored, from basic regression 
models and ensemble techniques like Random Forest and 
Gradient Boosting to more advanced neural networks, 
as explained in Table 1. Deep learning models, including 
Convolutional Neural Networks (CNNs), Feedforward 
Neural Networks (FNNs), and Neural Architecture 
Searches (NAS), can analyze complex printed patterns and 
distinguish between acceptable and defective prints with 
high precision. In a recent work, a CNN-based algorithm 
was considered to identify four parameters of inkjet-
printed functional structure, such as droplet spacing, line 
resistance, line quality, and the post-treatment method 
developed.27 The model successfully classified printing 
features from the pictures, proving the use of CNNs 
for image classification and inkjet-printed structure 
classification.28 A residual neural network was employed 
in another study to classify the three distinct stages of 
ejected droplets: none, non-spherical, and spherical.27 The 
model attained an accuracy of approximately 96% after five 
epochs, after reducing the input size using a translation-
invariant linear transformation, while the uncompressed 
model reached an accuracy of about 92%.27 NAS was used 

https://dx.doi.org/10.36922/IJAMD025430040


Printed electrode quality prediction using deep learning

Volume 2 Issue 4 (2025)	 26� doi: 10.36922/IJAMD025430040 

International Journal of AI for 
Materials and Design

to detect and classify defects, such as the coffee ring effect 
and geometric defects (cracks, discontinuities, and surface 
impurities) in flexible inkjet-printed sensors. They used 
the computer vision model YOLOv5 as a baseline; along 
with NAS, the model achieved a mean average precision 
of 81.2%, 95.5% accuracy, and a detection time of 4.6 ms, 
making it suitable for real-time defect monitoring.5 These 
two prediction models improved the print success rate to 
over 80%.5 A separate study employed machine learning 
models, such as random forest, multilayer perceptron, 
and support vector machine, to forecast the printability 
and drug dosage of inkjet printing before formulation 
preparation, and it attained an accuracy of 97.22% in 
predicting the printability of formulations and 97.14% in 
assessing the quality of the prints.29

This work explores the application of deep learning, 
specifically CNNs and FNNs, to automate defect detection 
and quality classification of inkjet-printed electrodes. 
A  custom dataset comprising over 400 images of inkjet-
printed electrodes was developed, with each image 
manually classified as either exhibiting good-  or poor-
quality print based on visual inspection. These two classes 
were then examined through exploratory data analysis to 
identify distinguishing features and patterns. The images 
were subsequently pre-processed using a range of image 
processing techniques and used to train multiple neural 
network models. Model performance was assessed using 
several evaluation metrics, including accuracy, F1-score, 
and confusion matrices. To examine the accessibility of deep 

learning techniques, NAS was implemented, highlighting 
the importance of automated model design in achieving 
high performance without the need for extensive manual 
tuning or specialized expertise. This work demonstrates 
the effectiveness and accessibility of AI-powered visual 
inspection systems in improving production yield, 
reducing material waste, and enabling scalable, automated 
manufacturing of inkjet-printed electrodes.

2. Methods
2.1. Experimental setup

The manganese ink was produced using the pulsed laser 
ablation technique, and the electrodes were printed 
using a cartridge with 21-μm nozzle diameter, utilizing 
a FUJIFILM Dimatix Materials Printer DMP 2850 
(FUJIFILM Dimatix, Inc., USA).41 A 3 × 3 complete factorial 
Design of Experiments was conducted with the printing 
parameters to differentiate between good- and bad-quality 
prints. This study explored three different inkjet printing 
parameters, namely the jetting frequency (40, 60, 80 kHz), 
the print bed temperature (28, 30, 35°C), and the number 
of printed layers (10, 15, 30).41 Each electrode printing 
parameter set permutation was printed 16  times with 
dimensions of 10 × 10 mm on a paper substrate, producing 
432 electrodes. All electrode data, including printing 
and experimental parameters, are provided in Table S1 
(in Supplementary File). Inkjet printing mechanism and 
representative printed electrodes are shown in Figure  1. 
Some samples did not print correctly for specific printer 

Table 1. Overview of the recent research in computer vision for the evaluation of inkjet‑printed electronic structures

No Predicted quality/defect of inkjet‑printed structure AI method used for prediction References

1 Ink conductivity of the printed components Regression models, including DT, XGBoost, LightGBM, and ResNet 30

2 Line width and resistance per unit length of printed traces NLR, KNN regression, GPR 31

3 Drop pitch, line pitch, and average drop volume RF, AdaBoost, and GB regressors 32,33

4 Predict drop velocity and formation SVM, KNN, RFs, XGBoost, and MLP 33

5 Drop velocity and jetting morphology. SVM, B‑Tree, and MLP 34

6 Jetting status and predicting a high‑resolution pattern KNN, CART, RF, LR, gradient boost classifier, and bagging model 35

7  Jetting behavior of novel inks GB and RF 36

8 Drop velocity and jetting morphology MLP algorithm 37

9 Space into three regions based on predicted jetting probability: 
certain jetting, certain non‑jetting, and doubt region

SVM, Multilayer Neural Network, and Gaussian Naïve Bayes 38

10 Printing quality optimization and electrical resistivity prediction CNN architectures 39

11 Categorize the behavior of the droplet (normal, no‑droplet, 
and satellite modes)

BPNN 25

12 Electrical conductivity of organic graphene‑based electrodes DTs, RFs, and KNN 40

Abbreviations: AdaBoost: Adaptive Boosting; BPNN: Backpropagation Neural Network; CART: Classification and Regression Tree; 
CNN: Convolutional Neural Network; DT: Decision Tree; GB: Gradient Boosting; GPR: Gaussian Process Regression; KNN: K‑Nearest Neighbors; 
LightGBM: Light Gradient Boosting Machine; LR: Logistic Regression; MLP: Multilayer Perceptron; NLR: Non‑linear regression; ResNet: Residual 
Neural Network; RF: Random Forest; SVM: Support Vector Machine; XGBoost: Extreme Gradient Boosting.
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parameters; therefore, only 401 electrodes were suitable for 
imaging.

Following the printing process, high-resolution images of 
individual electrodes and full electrode grids were captured 
using a Google Pixel 6 smartphone with a 50-megapixel 
camera and 7× zoom, positioned approximately 100  mm 
from the substrate. All images were taken parallel to the 
substrate under fluorescent diffuse white light illumination. 
This setup mirrors the typical capability of industrial line 
camera imaging systems. The inkjet-printed electrodes 
exhibited defects such as smudging, irregular deposition, 
contamination, and cracks. These conditions resulted in 
datasets labeled as either “Good Print Quality” or “Bad 
Print Quality,” using binary classification based on visual 
inspection. Extensive exploratory data analysis techniques 
were used, such as pixel intensity distribution analysis, 
t-SNE visualization, Sobel edge detection, and various 
thresholding methods, in an attempt to highlight defects 
effectively. Figure  2 illustrates examples of electrodes 
classified as having “Good Print Quality” and “Bad Print 
Quality.” Defective electrodes typically exhibited significant 

misprints or structural defects that impaired their ability to 
conduct electricity.

2.2. Exploring the datasets

Before proceeding with model training, an extensive 
exploratory data analysis was conducted to investigate the 
features of the good-  and bad-quality printed electrodes. 
This involved statistical evaluations, intensity histograms, 
edge detection, thresholding techniques, and feature 
visualization methods such as t-SNE and Histogram of 
Oriented Gradients (HOG). The results of this section are 
described in Figure S1 (in Supplementary File). The pixel 
intensity distribution analysis showed that the distribution 
of good prints is more uniform. In contrast, bad prints 
exhibit greater randomness and a wider range of intensity 
values. Edge detection and thresholding techniques 
showed potential in highlighting defects but struggled 
with variations in the dataset, even when enhanced with 
automatic methods. Similarly, the HOG effectively captured 
large-scale defects by detecting sharp intensity changes but 
had difficulty identifying more minor, subtler anomalies.

Figure 1. Inkjet printing process and printed electrodes. (A) Schematic view of the inkjet printing of manganese ink; (B) Printed grid (50 mm × 50 mm) 
with one sample cut out for various characterization; (C) An individual electrode (10 mm × 10 mm). The electrode grid (B) corresponds to sample 9, 
fabricated with 30 layers at 40 Hz and 30°C, while the electrode (C) was produced with 15 layers under the same frequency and temperature conditions.

B CA

Figure 2. Pictures of electrodes exhibiting good (A and C) and bad (B and D) print quality from sample batches 10 and 23. Sample 10 was printed with 
10 layers at 80 Hz and 35°C, while sample 23 was printed with 15 layers at 60 Hz and 28°C. Defects such as localized blotches are highlighted in yellow 
circles in the bad-quality prints.

B C DA
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2.3. Model preparation, training pipeline, and 
performance

To ensure optimal model performance and maintain 
consistency for fair comparison among models, a 
structured data preprocessing strategy and general pipeline 
were created. This included data augmentation to enlarge 
the dataset; a consistent train-test split; class balancing 
techniques to mitigate bias; callback functions for efficiency 
and effectiveness; normalization and standardization of the 
data; and, for evaluation, the performance metric values of 
accuracy, precision, recall, and F1-score were evaluated for 
each model. Along with these performance metric values, 
a confusion matrix was plotted to visualize the predictions 
made by the model. Finally, training graphs were plotted: 
loss over epochs and accuracy over epochs. The libraries 
used to evaluate the model were Tensorflow, Matplotlib, 
Scikit-Learn, and Pandas. The original datasets contained 
401 images, representing a relatively small dataset size for 
neural networks, especially CNNs. To combat this, the 
images within the original dataset were augmented with 
rotation, brightness adjustments, zooming, and flipping 
to artificially enlarge the dataset while ensuring realistic 
variations. Each image underwent five augmentations, 
resulting in a new dataset size of 2,406, with 1,020 images 
of good print quality and 1,386 of bad print quality.

For most model iterations, except for a few during 
the optimization stages, all images were resized to a 
standard 128 × 128 resolution. The OpenCV’s resize 
function was used for this transformation, which provided 
computational efficiency while preserving essential image 
details. Then, the dataset was divided into 70% training 
and 30% testing (15% testing and 15% validation). This 
train-test split ensured that the model had enough data 
to train on and that the training data represented the 
range of defects that could potentially occur. In addition, 
the testing and validation sets were large enough to 
provide reliable performance metrics, ensuring accurate 
and unbiased model assessment. The enlargement of the 

dataset through data augmentation resulted in a significant 
class imbalance. The bad print quality images outweighed 
the good print quality images by over 26%. This class 
imbalance could cause bias within the models, so class 
balancing was adopted to mitigate this. For each class, the 
class weights were calculated using the Scikit-Learn class 
weight function, which was applied during training by 
modifying the loss function to apply a higher weight to the 
minority class and lower weights for the majority class.

Learning rate schedulers were implemented to reduce 
the set learning rate when the validation loss stopped 
improving after five epochs, helping the model develop 
after reaching a plateau. For every model, the same 
metrics were measured. The metrics that were evaluated 
for each model were accuracy, precision, recall, and the 
F1-score. The performance of each neural network model 
was evaluated using four standard classification metrics: 
accuracy, precision, recall, and F1-score, each derived from 
the confusion matrix. In binary classification, predictions 
can be true positives (TP), true negatives (TN), false 
positives (FP), or false negatives (FN). Accuracy represents 
the proportion of correct predictions across all samples, 
computed using this formula: (TP+TN)/(TP+TN+FP+FN). 
Precision measures the proportion of correctly identified 
positive cases out of all positive predictions (TP/(TP+FP)), 
which is crucial in this project to minimize the number of 
defective electrodes incorrectly classified as good. Recall 
(TP/(TP+FN)) reflects the model’s ability to correctly 
detect all good electrodes, while the F1-score provides a 
harmonic mean between precision and recall, balancing 
both FP and FN. These metrics were chosen because they 
provide valuable insights into the model’s performance 
in real-world scenarios. Along with these performance 
metrics’ values, a confusion matrix was plotted to visualize 
the predictions made by the CNN and FNN models, as 
shown in Figures S2 and S3, respectively. Finally, training 
graphs were plotted: loss over epochs and accuracy over 
epochs (Figures S2 and S3). Figure 3 shows examples of 
the two training graphs along with the confusion matrix 

Figure 3. Performance evaluation of the basic CNN model. (A) Training and validation accuracy trends across epochs. (B) Training and validation loss 
trends across epochs, indicating model convergence. (C) Confusion matrix demonstrating the CNN’s classification accuracy for good- and bad-print-
quality electrodes.
Abbreviation: CNN: Convolutional Neural Network.

B CA

https://dx.doi.org/10.36922/IJAMD025430040


Printed electrode quality prediction using deep learning

Volume 2 Issue 4 (2025)	 29� doi: 10.36922/IJAMD025430040 

International Journal of AI for 
Materials and Design

of the basic structured CNN training on the augmented 
dataset.

2.4. Model developments and optimization

This work modeled and compared CNNs, FNNs, and 
NAS to detect print quality. All model development 
and optimization were carried out using Python 3.10.0, 
primarily within the PyCharm development environment 
on a local laptop equipped with an Intel Core i7-1065G7 
CPU (4 cores, 8 threads, 1.3–3.9 GHz), 8 GB RAM, and 
a 512 GB SSD. Additional training was performed on an 
NVIDIA Tesla T4 GPU through Google Colab for faster 
training and development times. The following section 
will explain how the previously mentioned neural network 
models are used to detect defective electrodes.

2.4.1. CNN model optimization

For the development of a fully optimized CNN model, 
basic and deep models were developed and fine-tuned 
using hyperparameter tuning and multiple optimization 
techniques to achieve the highest accuracy. After the 
initial iterations and improvements on the basic CNN 
architecture, the decision was made to restructure the 
network to enhance its ability by incorporating additional 
layers and nodes along with enhanced regularization 
techniques to detect more profound relationships within 
the image data and also to mitigate overfitting. Based on 
the hyperparameter tuning of the deep CNN model, a fully 
optimized model was developed to maximize performance 
and to ensure generalization to the data. The CNN 
architecture, from its basic structure to the concluding 
configuration, was modeled and optimized using the 
augmented datasets, as detailed in Tables S2  and  S3 
(in  Supplementary File). The final architecture was a 
deep CNN with five convolutional layers, each using the 
Rectified Linear Unit (ReLU) activation function and L2 
regularization (λ = 0.001) to ensure stable learning and help 

the model learn complex patterns. Batch normalization was 
applied after each convolutional layer. Max pooling was 
implemented after each layer for computational efficiency; 
however, it was left out in the final convolutional layer 
to preserve larger feature maps, ensuring the model had 
sufficient information for effective learning. The extracted 
features were flattened using the Flatten () function, due to 
the relatively small feature map size, and passed into a fully 
connected layer comprising three dense layers (512, 128, 
and 64 neurons). Each dense layer had a 30% dropout rate, 
which improved generalization by preventing overfitting 
and enabling the model to capture complex relationships. 
The output layer used the sigmoid activation function, 
producing a probability score between 0 and 1 to classify 
electrodes as defective or non-defective. The model was 
trained on RGB images, using the Adam optimizer and a 
binary cross-entropy loss function for robust optimization. 
The model had an initial learning rate of 0.0001. All 
other pipeline components, including callback functions, 
data splitting, class balancing, image resizing, and 
ImageDataGenerator setup, remained the same. The model 
was trained for 100 epochs, ensuring full convergence and 
optimal learning. In addition, early stopping techniques 
were employed to reduce unnecessary training and prevent 
overfitting. Figure  4 shows the optimized CNN model 
architecture.

2.4.2. FNN

The original FNN model featured a basic architecture 
consisting of three hidden layers and one output layer. 
The initial hidden layer comprised 12 neurons, succeeded 
by 64 neurons in the second layer and 16 neurons in the 
third. For binary classification, the output layer used the 
sigmoid activation function. To mitigate overfitting, a 20% 
dropout was introduced after the first hidden layer. The 
non-linear activation function, ReLU, was used across all 
the hidden layers to enhance feature learning and improve 

Figure 4. Flow chart illustrating the architecture of the optimized Convolutional Neural Network
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generalization. The basic FNN architecture is shown in 
Table S4 (in Supplementary File). The dataset was further 
expanded and diversified using the ImageDataGenerator 
function for additional data augmentation. The model was 
optimized using the Adam optimizer, with binary cross-
entropy as the loss function. The initial learning rate was 
set at 0.0001 during the training process. Following the first 
iteration’s results, the decision was made to eliminate the 
ImageDataGenerator function from the pipeline. Dropouts 
and batch normalization were implemented following 
the initial two hidden layers to mitigate overfitting and 
enhance generalization within the model. In addition, 
L2-regularization, with λ = 0.001, was implemented on 
all three fully connected layers. The initial FNN with 
regularization is detailed in Table S5. Additional layers 
were incorporated to enhance the model’s ability to learn 
complex patterns, thereby improving generalization and 
overall performance. Given that FNNs are not intrinsically 
suited for feature extraction, manual feature extraction 
was incorporated into the pipeline to assist the model 
in recognizing features within the images. The manual 
feature extraction methods implemented were Sauvola’s 
thresholding technique and Sobel edge detection. Sauvola’s 
thresholding was implemented using the libraries OpenCV 
and Scikit-image. After extensive hyperparameter tuning 
and iterative design, the final FNN model was composed of 
eight hidden layers arranged in a decreasing, funnel-shaped 
structure (256, 128, 64, 64, 32, 16, 1). Each layer employed 
the ReLU activation function, enabling the model to learn 
complex patterns and relationships. L2 regularization with a 
weight of 0.001 was implemented to prevent certain features 
from overshadowing the output and thereby enhancing 
generalization. Batch normalization and dropout were 
implemented after specific layers, as illustrated in the model 
architecture in Figure 5 and Table S6.

The output layer utilized the sigmoid activation function. 
The model was optimized using the Adam optimizer with a 

binary loss function and an initial learning rate of 0.0001 to 
support steady and stable learning. All other components 
of the pipeline, including callback functions, data splitting, 
class balancing, and image resizing, remained unchanged.

2.4.3. NAS

The utilization of NAS facilitated the efficient development 
of tailored, optimized neural networks for defect detection 
in inkjet-printed electrodes, demonstrating the accessibility 
of AI solutions for this issue. This was implemented using the 
AutoKeras library to automatically design an optimal neural 
network architecture tailored to the binary classification 
task. Pre-processed grayscale electrode images were 
standardized and split into training, validation, and testing 
sets (70/15/15). Class imbalance was addressed using the 
computed class weights. Due to computational limitations, 
only three trials were configured to run. The model was 
trained on Google Colab using the free T4 GPU, and the 
best-performing architecture was exported and evaluated.

3. Results and discussion
3.1. CNN results

The development, evaluation, and optimization of the 
CNN-based image classification model have demonstrated 
to effectively identify print defects in inkjet-printed 
electrodes for quality control purposes. The initial CNN 
model provided a foundational understanding of the 
network’s capability to differentiate between good and 
bad-printed electrodes. While the base model achieved 
~67% accuracy, it lacked robustness and stability, with 
a low precision score (~61%) indicating a high FP rate 
(bad-quality electrodes being classified as good), which 
is unsuitable for real-world quality control systems. 
However, the slight difference between training and testing 
performance suggested that the model was not overfitting 
and had potential for improvement.

Figure 5. Flowchart illustrating the architecture of the optimized Feedforward Neural Network
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After the implementation of data augmentation, there 
was a significant improvement in the model’s performance. 
The validation accuracy increased from ~67% to ~77% and 
precision increased from ~61% to ~72%, indicating that 
there was roughly a 10% decrease in the number of FP (bad 
electrodes being misclassified). The average difference 
between training and validation also decreased, from ~5% 
to ~3%, highlighting the fact that the model generalized 
better. Standardizing the input data and adding additional 
augmentation using the ImageDataGenerator function, and 
transitioning to a deeper CNN architecture, significantly 
boosted performance and stability. Table 2 summarizes the 
model’s accuracy before and after data augmentation. All 
metrics are derived from the performance on the testing set 
during training, which consists of the 20% of data withheld 
during training and not previously seen by the model.

The deeper model achieved an accuracy of up to 
approximately 75%, and the percentage differences 
between training and testing results showed improved 
generalization. While this iteration showed stronger 
performance, the misclassification of 27% of defective 
electrodes still posed a risk in a practical quality control 
implementation. In addition to that, the extensive 
hyperparameter tuning, which incorporated L2 
regularization and dropout, proved effective in reducing 
overfitting by limiting dominant features and enforcing 

more general feature learning. GlobalAveragePooling2D was 
found to be a superior alternative to the Flatten function 
for smaller networks, acting as a natural regularizer and 
improving generalization. Adjustments to batch size and 
optimizer choice revealed Root Mean Square Propagation 
(RMSprop) as the most effective, and training on RGB 
images further increased classification accuracy by 
providing richer feature information. The summary of 
performance metrics from the hyperparameter tuning of 
the deeper CNN model is presented in Table 3.

The optimized CNN model achieved an impressive 
~90% accuracy on the test data, along with an ~88% 
precision score, resulting in the lowest FP rate among all 
developed models. In binary classification, predictions can 
be TP, TN, FP, or FN. Accuracy represents the proportion of 
correct predictions across all samples, given by (TP+TN)/
(TP+TN+FP+FN). Precision measures the proportion 
of correctly identified positive cases out of all positive 
predictions (TP/(TP+FP)), which is crucial in this project 
to minimize the number of defective electrodes incorrectly 
classified as good. Recall (TP/(TP+FN)) reflects the 
model’s ability to correctly detect all good electrodes, while 
the F1-score provides a harmonic mean between precision 
and recall, balancing both FP and FN. Notably, the training 
and testing metrics were closely aligned, demonstrating 
strong generalizations on completely unseen data. The 
training graphs in Figure S2 show that validation accuracy 
tracked closely with training accuracy until around the 
35th epoch, where a slight divergence emerged, indicating 
minimal overfitting; however, the model continued to learn 
effectively. The early stopping function stopped training at 
the 86th epoch, once validation loss had plateaued, ensuring 
optimal performance without unnecessary computing. 
Examining the confusion matrix, the model delivered the 
best performance across all iterations, misclassifying just 
18 out of 203 electrodes. This translates to a 92% accuracy 

Table 3. Summary of performance metrics from the hyperparameter tuning of deeper CNN

CNN model development stages Accuracy 
(%)

Precision 
(%)

Recall 
(%)

F1‑Score 
(%)

Average % difference 
to training

% increase from 
base CNN

Base deep CNN (Batch size: 32; optimizer: Adam) 74.38 68.72 76.88 72.57 2.18 #NA

Adding layers 82.55 76.33 84.87 80.37 5.30 9.74

Batch size 16 80.61 71.81 88.82 79.41 2.97 8.77

Batch size 64 80.33 72.13 86.84 78.81 2.91 8.04

L2 regularization 82.83 75.00 88.82 81.33 3.11 10.80

RGB input 82.37 77.27 85.00 80.95 5.68 10.15

RMSprop optimizer 76.86 73.17 75.00 74.07 3.04 2.20

M.SGD optimizer 72.45 67.65 71.88 69.70 0.88 −3.71

Global average pooling 77.14 74.21 73.75 73.98 2.97 2.19

Abbreviation: CNN: Convolutional Neural Network; M.SGD: Stochastic Gradient Descent with Momentum; RMSprop: Root Mean Square Propagation.

Table 2. Comparison of the performance of a basic CNN 
model trained on the original dataset (401 images) versus an 
augmented dataset (2,406 images)

Dataset Accuracy Precision Recall F1‑Score

Pre‑augmentation 0.672131 0.615385 0.827586 0.705882

Post‑augmentation 0.767313 0.717949 0.736842 0.727273

% Difference +14 +17 −11 +3.03

Abbreviation: CNN: Convolutional Neural Network.
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in identifying 121 defective electrodes, demonstrating the 
model’s robustness and reliability for real-world defect 
detection applications. Overall, the results from this 
section demonstrate that CNNs, when adequately trained, 
tuned, and optimized, are highly effective for image-based 
defect classification, even with very minor defects. Figure 6 
presents the results from the optimized CNN in training 
and testing. Training graphs along with the confusion 
matrix are shown in Figure S2 (in Supplementary File).

Figure 6. Graph showing the normalized performance metric of accuracy, 
precision, recall, and F1-score for the Convolutional Neural Network 
model

3.2. FNN results

Just like CNN, the FNN model’s development also followed 
a structured, iterative approach to detect the defective 
electrode. The initial baseline model struggled to distinguish 
between the data due to its simple architecture, which 
struggled to handle the complexity of the data. Flattening 
the raw image data into one-dimensional (1D) arrays 
caused the loss of significant spatial information, making it 
very difficult for the FNN to distinguish between defective 
and non-defective electrode images. By removing the 
ImageDataGenerator function, the model’s performance and 
ability to learn patterns in the data significantly increased. 
The model achieved a test accuracy of ~75% and a precision 
of ~71%, which are decent metrics. From the testing data, 
over 88/416 electrodes were classified as bad, giving the 
model an FP rate of 21%. Within the deeper FNN, employing 
Sauvola’s thresholding yielded a testing accuracy of 
approximately 72%, while the Sobel edge detection method 
completely failed to distinguish between the classes. These 
findings underscore the FNN’s sensitivity to noisy or overly 
complex inputs and its limited capacity to interpret spatial 
information effectively. The final model, which incorporated 
an optimized pipeline, regularization, and a deep architecture, 
achieved ~71% test accuracy and ~67% precision. The model 
misclassified 95 out of 416 bad electrodes, resulting in a 22% 
FP rate. Figure 7 presents the results of the optimized FNN. 
All training graphs, along with the confusion matrix, are 
illustrated in Figure S3 (in Supplementary File). In addition, 

receiver operating characteristic curves were plotted for both 
the CNN and FNN, which are shown in Figures S4 and S5 
(in Supplementary File). The area under the curve was found 
to be 0.95 for optimized CNN and 0.76 for FNN, indicating 
excellent and acceptable discrimination performance, 
respectively.

Figure 7. Graph showing the normalized performance metric of accuracy, 
precision, recall, and F1 score for the Feedforward Neural Network model

3.3. NAS results

From the model summary function, it was understood that 
the best-performing model obtained through NAS used a 
pre-trained EfficientNetB7 (a popular CNN architecture) 
as the backbone, with input shape being scaled grayscale 
images (224,224,3). The inputs were normalized and 
augmented (flip, translation). Global average pooling was 
used to translate the feature maps into a 1D array and 
the sigmoid activation function was used to classify. This 
NAS model demonstrated strong generalization, with a 
testing accuracy of ~91.4% and a training accuracy of 
~94.8%. The ~3.67% accuracy difference between training 
and testing accuracy suggested that the model did not 
significantly overfit, indicating that it learned generalizable 
features rather than memorizing the training data. The 
results from using this automated method are presented in 
Figure 8 and Figure S6.

Figure  8. Graph showing the normalized performance metric of 
accuracy, precision, recall, and F1-score for the Neural Architecture 
Search-generated model
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With a precision score of ~88% on testing, out of 
209 printed electrodes, 19 were misclassified, but the 
model effectively classifies the majority of the remaining 
bad electrodes. With a minimal FP rate and effective 
classification, this NAS model effectively meets the strict 
quality control standards required in the manufacturing 
industry. These results demonstrate the use of automated 
deep learning methods to develop and optimize networks 
for classification tasks, without the need for expertise in 
machine learning or deep learning.

Overall, CNNs emerged as the most effective approach: 
the final optimized CNN achieved 90.9% test accuracy 
and 88.9% precision, aided by data augmentation, 
batch normalization, L2 regularization, and using RGB 
inputs. FNNs, by contrast, struggled due to the loss of 
spatial information when flattening images, with the 
best model reaching ~71% accuracy. Manual feature 
extraction (Sauvola thresholding, Sobel detection) offered 
limited benefit and often introduced noise. NAS with 
EfficientNetB7 achieved comparable results to the custom-
built CNN (91.4% accuracy, 88% precision) while requiring 
minimal manual tuning. Overall, CNNs demonstrated 
strong generalization and industrial suitability, while 
FNNs proved less effective for image-based classification. 
Figure  9 shows a brief comparison of the three methods 
used to classify the test images. Figure 10 shows examples 
of the optimized CNN inference results.

Past literature has presented deep learning work 
to classify the jetting characteristics and conductivity 
measurements of inkjet-printed electrodes for assessing 
the quality of prints.32,38 In this paper, the quality of inkjet-
printed electrodes is classified on the basis of surface defects 
such as contamination and cracks, caused by irregularities 
from the deposition process. In particular, for the first time 
in this manuscript, the classification performance has been 
assessed and compared of deep learning models, including 
CNNs, FNNs, and NAS-generated models. CNN models 
were identified as one of the best classification models, 
resulting in a testing accuracy and precision of 90.9% 
and 88.9%, respectively, with improvements such as data 
augmentation, batch normalization, L2 regularization, 
global average pooling, and the use of RGB images. This 
prediction accuracy measured in this work for the CNN 
was in line with that found from previous work, which 
examined CNN architectures for extracting representative 
features of printed lines.39

4. Conclusion
This work demonstrates how deep learning, particularly 
CNNs, can be effectively leveraged to automate visual 
inspection tasks, offering a scalable, accurate, and efficient 
solution for industrial quality control. In particular, this 
work shows how neural networks can be leveraged for 
the classification of inkjet-printed electrodes in a quality 
control environment. A  comparison between CNNs, 
FNNs, and NAS models highlights the strengths and 
limitations of each approach for the classification of inkjet-
printed electrodes. The CNN models were the most suitable 
approach for this image classification task. After iterative 
improvements, the final optimized CNN model achieved 
90.9% testing accuracy and 88.9% precision, demonstrating 
strong generalization with a low FP rate. Improvements 
such as data augmentation, batch normalization, L2 
regularization, Global Average Pooling, and utilization of 
RGB images allowed the CNN to capture more complex 
patterns and stabilize training. These improvements also 
helped prevent overfitting, making the model reliable and 
suitable for industrial implementation. RGB input images 

Figure  10. Pictures of electrodes correctly classified by the optimized Convolutional Neural Network. (A and B) Good-print-quality electrodes; 
(C and D) Bad-print-quality electrodes, which display noticeable blotches and contaminants.

B C DA

Figure  9. Graph showing accuracy, precision, recall, and F1-score as 
percentages, representing the proportion of correct predictions across all 
samples, for the CNN, FNN, and NAS models
Abbreviations: CNN: Convolutional Neural Network; FNN: Feedforward 
Neural Network; NAS: Neural Architecture Search.
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contributed to a ~6% improvement in accuracy over 
grayscale images but at the cost of increased computational 
demand and longer training times. The base FNN using 
ImageDataGenerator showed random prediction behavior, 
with testing accuracy at ~58%. Removing this function 
improved the performance substantially (~75% testing 
accuracy and ~71% precision), showing that spatial 
transformations applied before flattening the data confused 
the model. Further improvements through applying 
dropout, batch normalization, and L2 regularization 
allowed for better generalization, although overfitting was 
still a recurring issue. The optimized final FNN model 
achieved ~71% test accuracy and ~67% precision. These 
results demonstrated the limitations of FNNs in extracting 
spatial features and reinforced that they are not ideal for 
this image classification task. It is important to note that, in 
terms of speed, FNNs are trained significantly faster than 
CNNs due to their simplistic architectures and reduced 
computational complexity. Despite the increased training 
time, CNNs remain the preferred choice because accuracy 
and reliability are critical for the required task. The NAS 
was employed to demonstrate automated model building. 
Using EfficientNetB7 (a popular CNN architecture) as 
a pre-trained backbone and with augmented grayscale 
input, this model achieved 91.4% testing accuracy and 88% 
precision, with only a 3.67% accuracy drop from training 
to testing, indicating excellent generalization. The model 
misclassified 19 out of 209 defective electrodes. The NAS AI 
methodology demonstrates the power of automated model 
building without requiring deep knowledge in machine 
learning or deep learning, reinforcing how accessible 
deep learning is becoming. The predictive capabilities of 
the established AI system, however, could be improved 
by collecting more data, including in the form of higher-
resolution images. For more accurate defect capture, 
expanding these datasets with more labeled samples 
could also help in predicting a wider variety of defect 
types such as smudges, cracking, lack of connectivity, and 
contamination. The use of preprocessing methods such 
as feature extraction techniques could also be considered 
for creating AI models with more specific defect type 
predictability.
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