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A B S T R A C T   

Cardiovascular Disease (CVD) is amongst the leading cause of death globally, which calls for rapid detection and 
treatment. Biosensing devices are used for the diagnosis of cardiovascular disease at the point-of-care (POC), 
with lateral flow assays (LFAs) being particularly useful. However, due to their low sensitivity, most LFAs have 
been shown to have difficulties detecting low analytic concentrations. Breakthroughs in artificial intelligence 
(AI) and image processing reduced this detection constraint and improved disease diagnosis. This paper presents 
a novel patches-selection approach for generating LFA images from the test line and control line of LFA images, 
analyzing the image features, and utilizing them to reliably predict and classify LFA images by deploying clas-
sification algorithms, specifically Convolutional Neural Networks (CNNs). The generated images were supplied 
as input data to the CNN model, a strong model for extracting crucial information from images, to classify the 
target images and provide risk stratification levels to medical professionals. With this approach, the classification 
model produced about 98% accuracy, and as per the literature review, this approach has not been investigated 
previously. These promising results show the proposed method may be useful for identifying a wide variety of 
diseases and conditions, including cardiovascular problems.   

1. Introduction 

Globally, the leading cause of death is cardiovascular disease (CVD). 
According to (World Health Organization (WHO), 2021), about 17.9 
million people died of heart disease in 2019. Heart attacks and strokes 
killed 85%, and 75% of these CVD deaths occurred in low - and 
middle-income nations, and 38% were under 70. Heavy, expensive, and 
non-portable diagnostic equipment is popular for dealing with CVD 
promptly. However, doctors require low-cost diagnostic point-of-care 
(POC) systems such as biosensors namely the lateral flow assays 
(LFAs) (Paragragh. S1.1) that are easy-to-use to promptly diagnose and 
recommend treatment which can also benefit patients in low-income 
areas with limited access to healthcare facilities. The aim of this 
research is to present a strategy that may improve the accuracy of the 
deployed classification model as well as the sensitivity of LFA biosensor 
detection while utilizing the available LFA images with different con-
centration levels of CRP cardiac biomarker (Paragragh. S1.2). 

Some research efforts that have been made to improve the LFA 
detection sensitivity and the limitations of those efforts is described in 

Paragragh. S1.3, and some LFA applications in the diagnosis of various 
disease are mentioned in Paragragh. S1.4. The goal of LFAs is to detect 
analytes with high sensitivity, but conventional LFAs are often qualita-
tive or semi-quantitative, limiting their application to biological analy-
tes like CRP. That’s because, such CRP analytes are present in blood in 
relatively low concentrations (Ridker, 2003) and are difficult to detect. 
The measurement of CRP levels is important for assessing a patient’s 
health because their levels rise in response to inflammation, illness, 
surgery, trauma, or a heart attack. In clinical diagnosis, quantitative 
biomarker analysis is common, but relying on human eye’s interpreta-
tion of the visual colorimetric measurement would be inaccurate. This is 
due to the changes in colour perception by individuals under different 
lighting conditions (Dungchai et al., 2009). Capturing LFA images, 
analyzing them, and making use of powerful AI technology can help in 
such a situation. The cameras in use are well-suited for capturing colour 
variations because of the correlation between colour intensity and an-
alyte concentration in the LFA sample. A smartphone camera for 
example was used to assess the amount of cortisol in human saliva 
(Zangheri et al., 2015). CMOS cameras have been used in cell phones to 
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sense the presence of a target analyte in a LFA sample (Mudanyali et al., 
2012) as well as standalone LFA reading devices (Pilavaki et al. (2018); 
Mak et al. (2016)). In POC systems, smartphone-based image processing 
is limited by uneven lighting and LFA strip orientation which can be 
challenging and these two difficulties influence analysis of the images 
thereby causing erroneous calibration curves or analysis results. For 
proper LFA image analysis, however, high-resolution and properly 
illuminated LFA images are required which can be accomplished by 
configuring a CMOS camera that is steady enough to eliminate un-
wanted variations and acquire an high-quality LFA image. In this 
investigation, a dedicated LFA reader i.e., a high-resolution digital mi-
croscope was employed to obtain quantitative data of the LFA strips. 

The application of AI in healthcare has greatly benefited diagnostics 
and the detection of biomarkers. With the use of machine learning, it is 
now possible to analyse and predict from massive amounts of medical 
data, for instance. A study (Hu et al., 2019) has shown, how deep 
learning was used to detect tumours from an MRI image, potentially 
empowering diagnostics. A deep stacked sparse autoencoder was pro-
posed in a study (Aslam et al., 2021) to extract unique features from 
unlabelled data of breath samples which are useful in categorizing 
gastric cancer from breath samples. In another study (Arjmand et al., 
2020), researchers used a completely automated deep-supervised CNN 
model to identify the non-alcoholic fatty liver disease (NAFLD) and its 
progressive variation, non-alcoholic steatohepatitis (NASH). Ballard 
et al. (2020) used a vertical flow assay with multi-spot, a colorimetric 
reader, and a machine learning system to detect different levels of CRP 
biomarker concentrations. In a study (Jing et al., 2020), LFA images 
with the CRP biomarker were classified using the Long Short-Term 
Memory (LSTM) network; however, the entire LFA image was consid-
ered, which comprises a significant amount of irrelevant data that is 
noise-like for a classification algorithm. On the other hand, in our 
research work, the ROI of the LFA images with the CRP biomarker was 
taken into consideration because the ROI contained vital information 
about the LFA sample, and the background information was excluded. 
As a result, the classification algorithm performed better. 

Extensive research has led to important advancements in the field of 
cardiovascular medicine. However, in terms of diagnosis, categoriza-
tion, and overall understanding, there are still unexplored areas and 
knowledge gaps. In an effort to contribute to the field of cardiovascular 
medical research, this study makes an attempt to efficiently classify the 
given LFA sample images. According to the literature review, there have 
been no previous attempts made to predict and classify images using 
patches from test and control lines of high-resolution LFA images. The 
following elements serve as the research contribution and proof of 
concept.  

• Digital microscopy was used to capture high-resolution images of 
LFA samples with eight different CRP concentrations ≤5 mg/L, and 
they were originally organised into separate folders of a consistent 
size.  

• A novel patches-selection approach is presented, which involves 
selecting and merging several image patches from the test and con-
trol lines of LFA sample images. During experimentation, it was 
observed that the binding of biological CRP proteins with the gold 
nanoparticles was greater at the leading edge than at the trailing 
edge of the test lines in the LFA strips, resulting in uneven analyte 
concentrations along the margins. In light of this, the test line patch 
locations were specifically chosen to cover this leading-edge pixels 
behaviour. The goal of this technique was to train AI systems to 
disregard extraneous image information and concentrate entirely on 
the ROI data. It was hoped that this would boost the accuracy of 
classification by AI algorithms.  

• An increase in the CRP analyte concentration across the LFA strip, 
leads to darker pixels appearing in the test line of the image due to 
increased analyte absorption, while the reverse effect occurs in the 
control line, making the pixels less dark or lighter (tending toward 

white colour). In order to take advantage of this inverse propor-
tionality feature, the pixel information from the control lines was 
also considered along with the test lines, even though the control 
lines are used as quality control to ensure the system is working 
properly.  

• Following the production of the newly created patches dataset, a 
classification model was deployed making use of the convolutional 
neural networks (CNNs) with a limited number of layers. 

The rest of the paper discusses experimental setup, and suggested 
approach after which the feature extraction and classification model is 
discussed. Discussion of the findings is presented in the later section. The 
final section presents the conclusion and the suggestions for future 
research. 

2. Methodology and experimental setup 

The LFA strips samples with varying concentrations were collected 
once they were produced in the laboratory. 

The process of LFA production is described below. 

2.1. Production of CRP LFAs  

• Printing of test and control line on Nitrocellulose Membrane: CRP 
capture antibody and control line antibody were diluted in printing 
buffer (10 mM phosphate buffer, 1% sucrose, pH: 7.4) at a concen-
tration of 1 mg/ml. The test line and control line were printed on 
nitrocellulose membrane (25 mm, Sartorius, CN140) at a flow rate of 
1 μl/cm using the BioDot XZ1010.  

• Gold-CRP-NP conjugation and spraying of conjugate Pad: CRP 
detection antibody was conjugated to gold nanoparticles (40 nm, 
OD40) following the recommended protocol from Abcam. Briefly, 
gold nanoparticles (50 μl), 100 mM MES (10 μl), CRP detection 
antibody (20 μl, 100 μ/ml) and 1 mM EDC (20 μl) were mixed and 
incubated for 20 min at room temperature on a roller. 1XTBS (pH 
8.5) containing 0.05% Tween-20 (1 ml) was added to the mixture 
and centrifuged at 7000 rpm for 10 min at 20 ◦C. The supernatant 
was carefully removed and the pellet was re-suspended in Gold 
Drying Buffer (5% sucrose + 2% BSA + 1% Tween) at OD10.  

• LFA lamination and assembly: The printed nitrocellulose membrane 
and absorbent pad (Ahlstrom, A270) was laminated on a plastic 
backing card (Lohmann) as a half LFA. The assembled LFA were cut 
into 5 mm LFA strips using a guillotine. 

2.2. Sample analysis  

• Eight CRP concentrations (0.0, 0.05, 0.1, 0.2, 0.5, 1.0, 2.5, 5.0 mg/L) 
in PBS buffer were assessed over n = 30 LFA replicates. So, in total 
240 LFA samples were produced.  

• Sample (10 μl), Gold-CRP-Nanoparticle (5 μl, OD 10) and running 
buffer (45 μl, 10 mM PBS, 2% BSA and 0.1% Tween-20) were added 
to a well of a microtitre plate and ran as a wet assay with a half LFA 
for 10 min.  

• The LFA samples were properly preserved in little zipper folders after 
drying so they could be studied further. 

2.3. Image data acquisition 

The lab-made LFA strips were collected and their images captured 
using a high quality imaging device. Fig. S2 in the supplementary ma-
terial illustrates the image acquisition setup, which involves using a 
high-quality digital microscope (Fig. S2a) with HD 1080p resolution 
(Jiusion-F210 was the product used and the focus Range of this device is 
from 1 mm to more than 300 mm, Stand Adjustment Distance: 1–145 
mm, Frame Rate: Max 30 f/s under 600 Lux Brightness and Magnifica-
tion Ratio: 50x to 1000x zoom) to capture high-resolution images of the 
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Fig. 1. Methodology used in LFA sample classification.  

Fig. 2. (a) Image-enhanced LFA image (b) Mean pixel intensities across strip length (c) Image segmented mask (d) Bounding boxes for the ROI and centroid locations 
(e) Patches-selection from ROI (f) Patches creation. 
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sample (Fig. S2b). To provide proper illumination across the LFA strip, 
the microscope is mounted with brilliant white LEDs. The rectangular 
area shown in Fig. S3 was the target of the microscope’s lens focus 
adjustment. From the same figure, it can be seen that numerous raw 
image sections, such as the cassette image part, were irrelevant and 
noise-like for analysis. Thus, only the LFA strip portion in the image was 
to be taken into account while discarding the outer irrelevant image 
areas. All the raw images were reduced to 350-by-1000 pixels by trim-
ming outer image portions using MATLAB code written to filter out 
unnecessary image portions while keeping the ROI. 

Eight different levels of hs-CRP were used in the analysis, with im-
ages of thirty LFA replicates captured for each level (hence 240 images 
in total). The images with a zero sample concentration level were 
removed from the study because they had no effect on the test line of the 
LFA strip, leaving 210 images in 7 categories. Using the proposed patch- 
selection method, 2520 patch images covering 7 concentration levels of 
analytes in LFA samples were created for use in AI analysis and algo-
rithm implementation. These patch images were created by selecting 
and cropping 12 patch images from each of the 30 LFA images, resulting 
in a total of 360 patch images per category. 

2.4. Framework for image classification 

The acquired raw LFA sample images had to undergo a number of 
stages before the classification algorithm could be applied to them. 
Fig. 1 depicts the stages involved in the methodology design and algo-
rithm development. Programming was done in MATLAB, a high per-
formance interactive system that can address a wide range of solutions, 
including image analysis, processing, segmentation, and the use of 
classification algorithms.  

• Image pre-processing: This process enhances visual features by 
reducing undesirable distortions. The trimmed 350-by-1000 pixel 
images were enhanced (pre-processed) by filtering with morpho-
logical operators (removes background and corrects uneven light-
ing), enhancing contrast, and sharpening. Some parts of the image 
initially had stronger background illumination than others. After pre- 
processing, the background illumination got more homogeneous. 
The Image Processing Toolbox in MATLAB includes tools for image 
sharpening, contrast adjustment, and nonuniform lighting correc-
tion. Fig. 2a shows an image-enhanced LFA sample. Similarly Fig. S4 
shows image-enhanced LFA samples with varying CRP levels. 

Pre-processed images were converted to quantitative data and 
analyzed to estimate average pixel intensities along LFA strip length 
(Fig. 2b). Analyte absorption in the test line impacts pixel intensity 
values (0–255). More absorption causes lower intensities and darker, 

blacker pixels, whereas less absorption causes brighter, whiter pixels. 
After calculating LFA pixel intensities, a calibration curve was drawn 
(Fig. S7), which indicates that on log-scale, the test line pixel intensities 
increase linearly with CRP levels. The corrected mean pixel intensity of 
the test line was obtained by deducting the mean pixel intensity of the 
test line from that of the image background.  

• ROI detection: The distinguishing features for all the CRP LFA images 
are only present in the test and control lines and are considered 
foreground regions, whereas the white image sections are considered 
background regions because they lack distinctive traits. After the LFA 
images were treated to improve their quality, they were segmented 
into foreground regions for the pixel intensity values greater than or 
equal to a threshold value and background regions for pixel intensity 
values less than a threshold value. Black represents backdrop and 
white indicates foreground in (Fig. 2c). Adaptive window selection 
based thresholding was the most effective segmentation method for 
our application. 

Once the intended ROIs were discovered, bounding boxes were 
constructed around the target item to act as a reference point for object 
identification. Boundaries were defined around visible pixel areas to 
ensure that critical pixel information was not lost. shows the bounding 
boxes (red lines) and boundaries (green lines). To better explain the 
borders, a magnified window selection from the segmented image is 
illustrated in Fig. S2c.  

• Data Preparation: Using the proposed patches-selection method, the 
new image dataset was constructed by selecting patch images from 
the ROI of pre-processed images, merging them, and storing them in 
concentration-labelled folders. Despite the availability of clean, 
ready-to-use pre-processed and segmented images, they must be 
further processed. The process steps included:  
– In LFA strips, protein binding with gold nanoparticles was greater 

around the test line leading edges; hence, test line patch sites from 
LFA images were selected to cover this leading-edge pixel behav-
iour. Similar patches location were selected from control lines. 
Non-overlapping image patches of 28-by-56 pixels from both the 
test as well as control line were selected, cropped, and retrieved 
from the ROI, as shown in Fig. 2e.  

– The patches were then merged to form the image of size 28-by-112 
pixels (Fig. 2f). These newly generated images were then orga-
nized into folders for AI based classification.  

• Feature extraction and training: For LFA image classification, CNNs 
were deployed to discover and learn unique image features. CNNs 
generally use convolutional, pooling, fully connected, softmax, and 
dropout layers (as required) to build classification models, and it is 

Fig. 3. Implementation of CNN architecture.  
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also common to connect more than one layer with a combination set 
of layers. A convolutional layer comprises many filters, each of 
which generates its own feature map. During training, the model 
learns how much weight to apply to each feature map; these weights 
determine which picture features to extract first. Adding more con-
volutional layers helps in extracting complex features from the 
image. However, if more layers are added than necessary, the model 
may become overfitting, and model effectiveness and accuracy 
decline. A two-layer convolutional network is usually recommended 
as a starting point, with the addition of further layers being possible 
if the accuracy of the model still needs improvement. In this research, 
we compared two- and three-layer CNNs and found that the latter 
produce the best results. 

Fig. 3 shows the CNN architecture implemented. The input data to 
the CNN model was read, and then hierarchical structures were built, 
with each layer learning an image feature. The output of the previous 
layer was passed on to the next layer, increasing the input-output levels. 
Following data shuffling, the CNN model was trained on 70% of 2520 
patch images i.e., the input image layer of the model has 1764 LFA 
image patches, each of size 28-by-112 pixels, and the remaining 30% of 
the data was split into two halves: validation (356 images) and testing 
data (356 images). The validation data introduces new data into the 
model during training that it hasn’t previously examined and performs 
the first test against the new data to evaluate the model’s predictions on 
it. A justification was given by Gholamy et al. (2018) for the efficacy of 
the empirical method of using 70–80% of the data for training and the 
rest 20–30% of the data for testing a given model.  

– In the convolution layer, each image is convolved with eight 3-by-3 
size filters, with the output being passed into the following layer. The 
filters retrieve image features like brightness, borders, and the most 
complicated features. Fig. S9 depicts an example of creating a feature 
map.  

– The convolved data were then normalized using batch normalization 
to stabilise learning, and a Rectified Linear Unit (ReLU), a nonlinear 
activation function (Fig. S10a) suitable for minimizing the vanishing 
gradient problem. The use of max-pooling filtering (Fig. S11) with a 
stride of 2 prevents overfitting caused by ReLU’s unboundedness.  

– A second convolution layer searches for higher-level features within 
each LFA image using 16 filters with a 3-by-3 kernel size. Once again, 
batch normalization, the ReLU function, and maximum pooling were 
used. Similar to this, the third convolution layer, employing 32 filters 
with 3-by-3 kernel sizes, was used to find images with complicated 
learnable features. The max pooling layer is now skipped in the third 
layer and the training process moves on to the fully-connected layer. 
A dense layer of 3136 flattened neurons was formed by the fully 
connected layer, which gathered the filtered features from three 
convolution layers.  
• Classification of the image: Finally, the dense layer neurons are 

passed on to the softmax layer before the final classification layer 
(Fig. S10b). The softmax function assigns probability distributions 
to each of the seven CRP concentration classes for making pre-
dictions. The classification layer decides the number of classes 
based on the outcome of the preceding softmax layer, and it also 
determines the cross-entropy loss for classification and weighted 
classification problems involving classes that are mutually 
exclusive. 

3. Results and discussion 

To strengthen the CNN model, all 2520 patch images used as inputs 
were randomly shuffled. After each training iteration on the training 
data (1764 images; 70% of all data), the model was validated using hold- 
out validation data (378 images total; 15% of all data) to verify its 
generalization. After the completion of training, the model was evalu-
ated against the 378 images, which made up 15% of the data but were 
not included in the training phase. 

During neural network training, stochastic gradient descent 

Fig. 4. Training and Validation Plots for CNN model (Image batch size:64).  
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optimization compares predictions to expected values to update 
weights. Thus, stochastic gradient descent with momentum (“sgdm”) 
optimizer was used to build the network’s training options. Large data 
sample training increases a model’s performance, but it takes longer to 
build estimates and update weights for superior error gradient estima-
tion. Alternatively, if the training data samples were small, image 
batches may calculate the error gradient less accurately and produce 
noisy model weight updates, such as frequent updates with different 
gradient estimates, and this can accelerate model learning. As a result, 
each training epoch considered 32, 64, 128 or 256 patch images. A 
hyper-parameter called the learning rate controls how much the model 
weights change in response to the predicted error. If the learning rate is 
too low, the training process might stall, and if it’s too high, it might pick 
up a less-than-ideal set of weights too quickly, making the training 
process unstable. The initial learning rate in the model was set to 0.01, 
and it was gradually decreased over the course of 20 epochs by a small 
amount after each training session of 5 epochs. 

To avoid overfitting, neural networks require large amounts of 
training data. The number of available LFA images was boosted through 
the application of image augmentation techniques such as vertical 
reflection, horizontal translation (shifting) of a few pixels left or right at 
random over a specified interval, and grayscale conversion. A preview of 
few image-augmented samples is shown in Fig. S8. Incorporating these 
updated sample images into the training and validation datasets 
enhanced model validation. The test data were just grayscaled so that 

the image sizes would be consistent with the training data. The training 
and validation plot for the CNN model with a 64-image batch size is 
shown in Fig. 4. Also depicted in the figure is how the softmax layer of 
the CNN model employed CNN image features to precisely identify 
validation data after each iteration. The outcome of the model (Fig. 5a) 
demonstrates how well the deployed model classified external test data. 
For batch image sizes 32, 128 and 256, the training and validation plots 
are shown in Fig. S12. Application of additional augmentation tech-
niques and their impact on the classification model is explained in 
Paragragh. S1.5. 

Fig. 5. Test data Confusion Matrices for the classifiers - (a) CNN Softmax (b) Support Vector Machines (SVM) (c)k-nearest neighbors (KNN) (d) Decision Trees (DT) 
(e) Linear Discriminant Analysis (LDA) (f) Naive Bayes (NB). 

Table 1 
Performance indicators for the proposed approach using the CNN model (Image 
batch size: 64).  

CRP (mg/L) Sensitivity (%) Specificity (%) Accuracy (%) 

0.05 100.00 100.00 100.00 
0.10 98.15 99.69 99.47 
0.20 98.15 99.69 99.47 
0.50 94.44 98.15 97.62 
1.00 88.89 99.07 97.62 
2.50 96.30 99.38 98.94 
5.00 96.30 99.38 98.94 
Overall 96.03 99.34 98.87  
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3.1. Evaluation 

Sensitivity, Specificity, and Accuracy are the metrics used to measure 
the effectiveness of a classifier. Table 1 lists the findings of the model. 
The overall sensitivity, specificity and accuracy of the model are 
96.03%, 99.34% and 98.87% respectively. The metric equations are 
given below: 

Sensitivity(%)=

(
TP

TP + FN

)

∗ 100 (1)  

Specificity(%)=

(
TN

TN + FP

)

∗ 100 (2)  

Accuracy(%)=

(
TP + TN

TP + TN + FP + FN

)

∗ 100 (3) 

Fig. 5 depicts the test data classification outcomes of few standard 
machine learning models that were evaluated using the derived CNN 
features, and Fig. 6a compares their accuracy levels. All the classifiers 
achieved greatest accuracy levels of around 98% or higher. The graph 
demonstrates that 64 is the ideal batch size for this dataset, since it 
yielded the best results for the CNN model using a softmax classifier, as 
well as for some other classifiers. The SVM classifier performed 
extremely well when applied to a variety of image batch sizes. 

The previous related studies by Mutlu et al. (2017), Jing et al. 
(2021), Solmaz et al. (2018), and Rahmat et al. (2018) etc. used the 
colorimetric data of the LFA photos with the use of different classifiers. 
The precision of these different approaches, including our proposed 
method, is compared in Fig. 6b. The proposed method provides the best 
overall performance across multiple models. 

4. Conclusion and future work 

This study introduced a novel approach for image dataset generation 
and image processing for POC platform to distinguish LFA strip images 
with 98% accuracy and more. The generated dataset, not only validated 
the CNN model accurately at the end of each training iteration but also 
evaluated against an external test dataset with the greatest accuracy. 
The framework proposed creating patch images from the ROI (test and 
control lines) and their features for classification purposes. With the 
generated features, a few widely-used machine learning classifiers were 
trained and validated via a 5-fold cross-validation approach and were 
then evaluated against the test dataset. 

Dry LFA strip samples were used in this investigation. Future 
research would consider images obtained during the proper incubation 
period, which is 10 min while the LFA is moist. A moist LFA might 
provide greater intensity and pixel information. As a proof of concept, 
this investigation was done in PBS buffer. This would be repeated using 

Fig. 6. (a) Overall Classification Accuracy (%) of multiple classifiers utilizing CNN features. (b) Accuracy comparison with previous findings. (Here, RF: Random 
forests, LSTM: Long short-term memory networks, ED: Euclidean Distance). 
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the appropriate matrix, such as blood or sera. The limited data results 
are intriguing, but AI algorithms learn to categorize data better with 
large data. Thus, pre-trained deep learning networks like Resnet-50, 
Alexnet, and Googlenet, capable of generating vast feature sets are to 
be examined for categorization and prediction. 
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