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Abstract— In clinical investigation of biomolecular
interactions, surface plasmon resonance imaging (SPRi), a label-
free detection technique, has proven to be an appropriate and
dependable platform. A useful option for biosensing platforms
is surface plasmon resonance-based sensors because of their
excellent sensitivity and fine resolution. However, the detection
limit of the SPRi-based detection method is limited by its
relatively poor signal-to-noise ratio. Machine learning (ML)
approaches therefore have the potential to address these
problems. Machine learning techniques can help create SPR
sensors more efficiently and increase their performance by
automating the diagnostic process and increasing the signal-to-
noise ratio. In this work, SPRi images are used to train the k-
nearest neighbor algorithm for image classification. The KNN
model correctly predicted all SPRi images in the dataset by
achieving 100% accuracy, sensitivity, and specificity. With an
AUC of 1.0, the model performed excellently, suggesting
exceptional potential for automated real-time detection of
binding events. Therefore, the machine learning-enhanced SPRi
platform has the potential to offer a robust alternative to
conventional manual interpretation in SPR sensing.
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I. INTRODUCTION

Surface Plasmon Resonance Imaging (SPRi) is an optical
sensing technique widely utilized for real-time, label-free
monitoring of biomolecular interactions at sensor surfaces [1].
Surface Plasmon Resonance Imaging builds upon the
fundamental principle of Surface Plasmon Resonance (SPR),
where incident light induces collective oscillations of free
electrons at the metal-dielectric interface, resulting in an
evanescent field highly sensitive to refractive index changes
near the surface [1,2]. This sensitivity makes SPRi highly
valuable for detecting binding events in complex biological
samples, with applications in drug discovery, disease
diagnostics, and environmental monitoring.

Despite its promise, SPRi suffers from intrinsic limitations
such as low signal-to-noise ratios, difficulty in resolving weak
binding events, and significant reliance on manual image
interpretation. These challenges can result in lower sensitivity
and hinder the broader adoption of SPRi in clinical
diagnostics. Recent advances in artificial intelligence,
particularly machine learning (ML), offer a compelling
solution to these problems [3]. ML algorithms are capable of
extracting subtle patterns from high-dimensional data,

automating image classification, and enhancing analytical
performance in noisy environments.

In biosensing contexts, ML has been successfully applied
to improve the specificity and sensitivity of optical sensors by
reducing background noise, classifying spectral responses,
and enhancing feature selection and data interpretation. For
instance, convolutional neural networks (CNNs), support
vector machines (SVMs), and K-nearest neighbours (KNN)
have been used to detect analyte-binding events and improve
diagnostic accuracy across different sensor modalities,
including electrochemical and SPR-based platforms [2,3].
Studies such as Huo et. al. and Kaziz et. al. have emphasized
the role of ML in optimizing biosensor outputs by increasing
signal fidelity and reducing the burden on manual
interpretation [4,5].

In this study, we propose the integration of a k-nearest
neighbour machine learning classifier with SPRi image
datasets to address the signal interpretation and classification
challenges. By taking a dataset of SPRi images (Fig. 1) and
training the classifier to distinguish between binding and non-
binding conditions, we aim to establish a robust and
reproducible framework that enhances the sensitivity and
reliability of SPRi detection platforms. The integration of
artificial intelligence and biosensing represents a
technological evolution in the healthcare space. This work
contributes to the growing body of evidence supporting the
hybridization of machine learning with label-free biosensing
for rapid, accurate, and automated diagnostics.

Fig. 1. A principle of surface plasmon resonance.
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II. METHODOLOGY

A. Input Data and Preprocessing

This study considered a supervised machine learning
approach to perform binary classification. The KNN
algorithm was trained on labelled images to predict outcomes
and outputs a categorical label that represents either the
binding or nonbinding class. The non-binding and binding
classes are represented numerically with 0 and 1, respectively.
These classes contained images from the SPR experiment
where the binding images resemble white dots on the images
as shown in Fig.1. On the other hand, the non-binding images
does not have the dots, they are only black images. The dots
on the images are used to distinguish the images into their
respective classes. The images used in this study were
obtained from a publicly website for scientific and analytical
instruments [14].

A balanced dataset of 200 images was used in each class
to ensure that the model does not bias towards classes during
training. The dataset was split into an 8:2 ratio, where 320
images (160 for binding and 160 for nonbinding) were used to
train the KNN algorithm, and 80 images (40 for binding and
40 for non-binding) were used to test the performance of the
KNN model. Before training and testing, all images in the
classes were resized to 224 x 224 pixels, followed by
transforming their 2-dimensional array representation into a
single-dimensional array of 50,176 elements, each containing
a pixel value. The pixel values were scaled to a common range
of 0 and 1 to help improve the performance of the model. This
was achieved by dividing the pixel values in the array by the
maximum value of an 8-bit image (255). The binary values, 0
and 1, represent black and white colours, respectively, to
provide the intensity information of the light. Lastly, the KNN
algorithm was trained and validated on the new images. This
work used default parameter for a KNN in scikit-learn as:
neighbours=5, weights='uniform', algorithm='auto',
leaf_size=30, p=2, and metric='minkowski'. In Fig. 2 is the
summarized process of training the machine learning
algorithm of this study.

Fig. 2 The methodology of training the KNN model in this study.

B. K-nearest neighbor machine learning classifier

The K-Nearest Neighbours (KNN) algorithm is a
nonparametric supervised learning technique used for both
classification and regression tasks to find the nearest data
points to a new data point and make predictions based on the
majority class or the average value of the neighbours [6,7]. In
this work, white spots, which represent binding, are used as
features to calculate the distance between the data points. The
data of each image was represented as a feature vector:

 = [ 1, 2, … , ] ()

Where x is a feature vector,  is an individual feature, and
n is the total number of features. The distance from the two
points  and  in the dataset is computed from the Euclidean
distance formula [6,8]:

 ,  = √∑( −  )
2



1

()

where  ,  represents a distance between the two
points, and n represents the total number of features. For every
new data point  , distances of all points in the data set are
calculated, and the smallest distance k is the k nearest
neighbour [6]. Then the predicted class  of  , is
determined from a majority vote among the nearest
neighbours as follows:

 =  {1, 2, … ,  } (3)

Where is the class of the 
ℎ nearest neighbor to  .

In the context of this work  can be 1 to represent binding
and 0 to represent nonbinding.

C. K-nearest neighbor machine learning classifier

In this study, quantitative indicators such as accuracy,
sensitivity, specificity, precision, and F1-score were used to
evaluate the prediction performance of the KNN. The focus
was on four output parameters, as explained below:

• True Positive (TP): The number of images with
binding spots that are predicted to be binding.

• True Negative (TN): The number of images with no
spots that are predicted as nonbinding

• False Positive (FP): The number of images with no
spots that are predicted to be binding.

• False Negative (FN): The number of images with
binding spots that are predicted to be nonbinding.

The parameters were used to determine the qualitative
indicators described as follows.

• Accuracy: The accuracy measure was used to
determine the classification performance of the KNN
by evaluating its ability to correctly predict all images
in the data set. The accuracy measure was determined
as [9-12]:

 =
 + 

 +  +  + 
∗ 00 (4)

• Sensitivity: The sensitivity measure was used to
determine how accurately the KNN model
distinguished the image features. The sensitivity
percentage was calculated as [9-12]:

 =


 + 
∗ 00 (5)

• Precision: The precision measure was used to analyse
the images predicted as binding by evaluating the
relationship ratio between the correctly predicted
binding images and all predicted images. The
calculations were performed from [9-12]:
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 =


 + 
∗ 00 (6)

• Specificity: The specificity measure was used to
identify a number of true negatives that were correctly
predicted in the image dataset. This represented the
ability of the KNN to correctly predict nonbinding
images from all the images in the input dataset. The
percentage of specificity was determined as [9-12]:

 =


 + 
∗ 00 (7)

• F1-score: The F1-score was used to assess the balance
between precision and sensitivity/recall as follows [9-
12]:

 −  =
 × 

 ∗  +  + 
∗ 00 (8)

III. MODEL PERFORMANCE

The KNN classification performance was evaluated from
a confusion matrix shown in Fig. 3. The models correctly
predicted all 40 images with binding spots into the binding
class and all 40 images without binding spots into the
nonbinding class. As such, the model recorded 0% false
positives and false negatives. The clinical indicator in Table
1 further illustrates that the KNN model was able to correctly
predict all images in the dataset by achieving 100% accuracy.
This was also noted in the 100% sensitivity, which suggested
that the model was able to distinguish the image features,
leading to a higher ratio between correctly predicted binding
images and all predicted images. This provides more evidence
that the model was also able to correctly predict non-binding
images from all the images in the input dataset. The F1-score
of 100% also supported perfect precision and recall by
indicating that the model correctly predicted all images across
the entire dataset. The generalizability of the model on the new
dataset proved to be excellent, as the training and testing
scores were equal (Table 2), indicating that there was no
overfitting. This was further validated by an area under a
receiver operating characteristic curve (Fig. 4), which
indicated an excellent binary classification by recording 1.0.
The performance of the model was further compared with
other machine learning models for binary classifications as
shown in Table 1.

Fig. 3 A representation of a confusion matrix for evaluating the
classification performance of the KNN.

For this specific binding and nonbinding prediction task, it
is evident that the KNN-based model achieved a notably
higher accuracy. This can be associated with simplicity in the
data set, which only had two features, resulting in a higher
quality of images that can be linearly separable. Manual
balancing of the images in both classes ensured that the model
was not biased toward the images during training, leading to
high performance. The performance was further improved and
made stable by normalized features with a comparable scale.
Although the performance of the KNN in this study is
exceptionally high, increasing the data set could increase
computational cost since the model is instance-based [6].
Model performance could further be degraded with high-
dimensional data [6]. As such, this study focused on exploring
the strengths of KNN to extend its applications in SPRi. Since
the KNN is nonparametric, it does not make assumptions
about the data distribution, which has potential for automated
detection of binding events.

The KNN model in general can be implemented and it is
adaptable, which allows it to be updatable in the presence of
new data [6]. However, the model suffers from several
limitations such as, computational intensity, feature
dependence and dimensionality [6]. That is large dataset can
be computationally expensive when considering the KNN due
to its instance-base structure. Furthermore, the performance of
the model is subjected to degradation with high-dimensional
data. Another major factor that has a potential to directly affect
the performance of the model are the features used, from
where the inessential feature can have a negative effect on the
accuracy of the model [6].

Fig. 4 A representation of the AUC curve to evaluate the binary
classification of the KNN model.

TABLE I. QUANTITATIVE INDICATORS TO EVALUATE THE
PREDICTION PERFORMANCE OF THE KNN AND COMPARISON TO OTHER

MACHINE LEARNING MODELS ON BINARY CLASSIFICATION.

Indicators This
work
(%)

Other works (%)
KNN [6] SVM

[11]
SVM+DT+ANN

[13]
Accuracy 100 95.00 90.3 99.5
Sensitivity 100 93.8 92.9 94.8
Precision 100 90.5 - 100.0
Specificity 100 - 88.2 94.83
F1-Score 100 92.1 89.7 95.2

TABLE II. COMPARISON OF TRAINING AND TESTING SCORES TO
EVALUATE OVERFITTING AND UNDERFITTING OF THE KNNMODEL.

Train Score 100%
Test Score 100%
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IV. CONCLUSIONS

This study successfully demonstrates the integration of
machine learning into surface plasmon resonance imaging
(SPRi) as a viable strategy to enhance the diagnostic
performance of label-free biosensors. By leveraging a K-
nearest neighbors (KNN) classifier trained on an augmented
dataset of SPRi images, we achieved perfect classification
accuracy, sensitivity, and precision, all within a computation
time of under five seconds. This high performance was
attributed to both the effective preprocessing of image data
and the linear separability of the underlying features,
reinforcing the role of data-driven models in biosensing.

The machine learning-enhanced SPRi platform showed
exceptional potential for real-time, automated detection of
binding events, offering a robust alternative to conventional
manual interpretation, which is often subject to human error
and limited sensitivity. Importantly, the model's receiver
operating characteristic (ROC) curve exhibited an area under
the curve (AUC) of 1.0, classifying it within the highest
performance tier. These results not only validate the feasibility
of using simple ML models in optical biosensing but also
suggest that more complex models (e.g., convolutional neural
networks) may yield further improvements when scaled to
larger, more diverse datasets.

By automating the classification process and enhancing
signal clarity, this work contributes to the evolution of
intelligent, next-generation SPR-based biosensors. Such
systems have the potential to revolutionize point-of-care
diagnostics by enabling rapid, accurate, and reproducible
biomolecular detection in clinical and environmental settings.
Future studies should explore the generalizability of the model
across different SPRi setups and incorporate transfer learning
or deep learning approaches to handle larger datasets andmore
complex classification tasks.
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