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This thesis focuses on measuring and identifying blurriness in plankton images acquired
through automated plankton imaging systems, where image degradation may result from
motion blur, out-of-focus acquisition, optical aberrations, water turbidity, and sensor-
related issues. Since blurriness in plankton images can compromise the performance
of both manual labeling and automated plankton identification, this thesis proposes a
no-reference image quality assessment framework that relies solely on the input image
without requiring a corresponding sharp reference image. Specifically, 29 handcrafted
features are extracted from four categories: sharpness-based, statistical, frequency-based,
and block-based features. These features form the basis for classifying plankton images
into three categories: Blurry, In-focus, and Out-of-focus. Four tree-based classifiers, in-
cluding Random Forest, Gradient Boosting, XGBoost, and a soft voting ensemble, were
investigated. Experimental evaluations demonstrate that XGBoost outperforms the other
models by achieving the highest cross-validation accuracy, while the ensemble model also
shows strong performance. Feature analysis further indicates that edge- and gradient-
based features, such as Sobel, Scharr, Laplacian, and high-energy features, contribute
significantly to distinguishing different levels of image blur. Overall, the findings support
the hypothesis that combining multiple handcrafted features is more effective than relying
on a single blur metric. Therefore, the proposed framework provides an interpretable and

effective approach for automated blur detection in plankton imagery.
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1 INTRODUCTION

1.1 Background

Plankton, including phytoplankton, mixoplankton, and zooplankton, are key components
of aquatic ecosystems and play a crucial role in global biogeochemical cycles [1]. They
form the foundation of marine food webs and contribute signi cantly to carbon sequestra-
tion. Plankton communities are highly sensitive to environmental changes, making them
important indicators of ecosystem health and climate change. For these reasons, the de-
tection and measurement of image blurriness have become critical challenges in computer
vision, particularly in marine research applications that rely on high-throughput imaging
pipelines capable of scaling beyond traditional manual microscopy. Accurate identi ca-
tion and measurement of plankton species are also essential for sheries management,
monitoring harmful algal blooms, and climate studies.

Figure 1. On the left Microscopic view of phytoplankton Blurry image. On the right, out-of-focus
images, where motion and optical blur smooth edges and reduce contrast.

Plankton imaging has evolved from small-scale, laboratory-based microscopy to large-
scale operational monitoring using automated instruments and camera-based platforms.
Plankton images are commonly captured using systems such as Imaging FlowCytobot
(IFCB) [2] and CytoSense [3], enabling large-scale data collection. However, these im-
ages often suffer from degradation due to motion blur, out-of-focus capture, partial blur,
and optical distortions. These issues make interpretation dif cult despite the importance
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of plankton in ecological studies [1]. Consequently, there is a need to develop ef cient
observation and predictive models. At the same time, these challenges present opportuni-
ties for plankton researchers, as such datasets support continuous monitoring, advanced
analysis, and data-driven modeling. They are widely used in machine learning—based
classi cation and anomaly detection work ows, which would be impractical with manual
identi cation alone. Therefore, improving image quality and understanding blur charac-
teristics are essential for maximizing the scienti ¢ value of operational plankton imaging
systems.

However, a signi cant drawback of automated imaging systems is the often low quality of
the captured images. Images produced by ow-based imaging systems frequently contain
motion blur, out-of-focus blur, partial blur, and optical distortions. Additional degradation
can result from factors such as light scattering, water turbidity, rapid organism movement,
and optical misalignment. Since planktonic organisms are extremely small and are typi-
cally modeled as two-dimensional objects, any loss of image sharpness can obscure im-
portant morphological details, including edges, appendages, and internal structures. This
lack of sharpness can lead to inaccurate manual labeling and biased classi cation models,
ultimately resulting in unreliable scienti ¢ conclusions.

In addition, underwater cameras capture images under challenging conditions, including
optical distortions, light scattering, and variations in the water medium. When a camera
captures a scene in which some regions are in focus while others are not, out-of-focus blur
occurs [4]. This problem is further compounded by the fact that the captured images often
contain very small objects that are typically represented as two-dimensional structures,
making accurate analysis more dif cult [5].

In addition, the acquired images often exhibit signi cant variation in shape, size, and
orientation. They are frequently captured under low-light or bioluminescent conditions
[6] [5], resulting in lower depth resolution compared to conventional autofocusing sys-
tems. The reduced sharpness of these images makes image recognition more challenging,
thereby decreasing overall classi cation accuracy. Furthermore, poor image sharpness
can introduce bias into the analysis, potentially affecting the reliability of the results [4].

To address these issues, robust methods are required for classi cation, blur detection in-
cluding partial and out-of-focus blur using sharpness scoring metrics, as well as image
restoration to ultimately improve recognition accuracy. Quantifying blur and implement-
ing quality control serve as the rst line of defense in the plankton imaging process.
Blur metrics provide objective sharpness scores that can be used to lIter out low-quality
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or unusable images. Additionally, blurred or out-of-focus images can aid in diagnosing
instrument-related issues, helping to identify potential acquisition problems. In plank-
ton imaging, blur levels are not uniform, and images may contain localized out-of-focus
regions, making sharpness assessment more challenging. Therefore, it is essential to de-
velop and validate robust quality metrics capable of handling diverse plankton types and
varying image conditions.

The thesis will concentrate on the measurement and mitigation of blurriness in plankton
images obtained from automated imaging systems. In particular, the thesis will assess the
effectiveness of no-reference sharpness metrics for identifying blurred images methods.
The thesis will contribute to improving the accuracy of automated plankton recognition
systems by examining the measurement and mitigation of blurriness in plankton images.

1.2 Objectives and Delimitations

The purpose of this thesis is to improve the reliability of plankton identi cation and quan-
titative analysis by addressing one of the most common practical limitations in imaging
ow cytometry. It focuses on measuring plankton image sharpness scores and detecting
blurred and out-of-focus images, which is particularly useful for underwater zooplankton
analysis. The proposed approach enables the automatic detection and Itering of low-
quality images by developing a quantitative sharpness scoring metric. Focus scores are
computed on a per-class basis and then combined to provide an overall quality assessment,
helping to identify images that are blurred or likely out of focus. This framework aims

to establish a reliable and systematic approach for image quality assessment in plankton
imaging.

The overall objective of this thesis:

1. To evaluate and compare no-reference sharpness metrics for detecting blurred and
out-of-focus plankton images.

2. Develop an automated image quality assessment framework for identifying low-
quality plankton images.
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1.3 Structure of the thesis

This thesis is organized as follows. Chapter 2 describes plankton imaging and recogni-
tion techniques, which include feature extraction and deep learning techniques. Image
blurriness and no-reference blurriness measurements used in sharpness estimation are in-
troduced in Chapter 3. The developed technique, which includes feature extraction, nor-
malization, and classi cation, is described in Chapter 4. The used dataset, methodology,
performance evaluation measures, and results are discussed in Chapter 5. Finally, conclu-
sions are drawn, and potential directions for future research are indicated in Chapter 6.
The thesis is concluded in Chapter 7.
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2 PLANKTON RECOGNITION

2.1 Plankton Imaging

The term plankton imaging refers to the use of optical instruments to capture digital im-
ages of plankton species for studying their morphology, size, and structural character-
istics. These systems can acquire millions of images, often directly in-situ [7] [8] or
through continuous sampling. Their primary purpose is to preserve the natural morpho-
logical structure of plankton in digital form, enabling subsequent quantitative analysis us-
ing computational methods. Advances in image acquisition technologies, such as in-situ
cameras, ow cytometry, and digital holography, have signi cantly increased the volume
of available plankton images. These developments have revolutionized marine ecological
research by enabling real-time monitoring of plankton, which play a crucial role in marine
food webs. Furthermore, plankton image analysis has become an essential component of
ocean observing systems used to assess marine ecosystem health and biodiversity.

Existing plankton imaging instruments can be divided into three categories:

1. Microscopy-based systems
2. Imaging ow cytometry systems

3. Scanner-based systems

Each approach differs in how organisms are illuminated, transported, and recorded.

The conventional method of microscopy is the most common method used to study plank-
tons [6]. In this method, water samples are collected and examined with the help of optical
microscopes. With the help of microscopes, clear and distinct images of morphological
characteristics, e.g., spines, dino agellates, and cell walls, can be captured.

In the case of imaging ow cytometry systems, microscopy and ow cytometry are com-
bined [9]. In this method, the suspended matter in the water ows one by one through a
small ow cell, and the matter is automatically illuminated and imaged. In this method,
the matter is not just scanned with respect to uorescence and light scatter, but actual
images of the matter can be captured in grayscale or color.

The Imaging FlowCytobot (IFCB) [1] [10] [9] is an imaging ow cytometer that is used
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primarily for nano- and microplankton studies. An imaging ow cytometer uses a com-
bination of laser-triggered detection and camera-based imaging. When a particle passes
through the ow cell and meets certain optical criteria, a high-resolution image is cap-
tured. The imaging ow cytobot [1] [9] [11] captures cropped images of single cells,
often with controlled illumination and consistent focus. This instrument is often used for
phytoplankton monitoring.

Another method used in imaging ow cytometry is CytoSense, and it is the source of the
dataset used in this thesis [1]. It can be used for both phytoplankton and zooplankton, and
it can handle a variety of particle sizes, as opposed to IFCB. In the CytoSense method,
the particles ow through a ow cell, are detected using optical triggers, and then are cap-
tured as an image. The grayscale image obtained due to the dynamic ow and sampling
conditions contains effects such as out-of-focus, blurred, and unfocused images. Gener-
ally, the image obtained contains single plankton organisms or particles against a dark
background.

FlowCAM (FC) integrates ow cytometry and digital microscopy. This technique in-
volves the passage of particles through a chamber and their imaging by bright- eld mi-
croscopy. FlowCAM systems [9] can be found in laboratory environments. They produce
high-quality images over a moderate size range. This systems also can operate in a con-
trolled laboratory environment compared to CytoSense and IFCB. This can minimize
image blur due to motion focus can vary.

Another class of plankton imaging systems makes use of a scanner to image the plankton
collected on lters or trays, as opposed to imaging the plankton while they are in ow. A
good example of such a system is the ZooScan [12], which images preserved zooplankton
samples placed on the scanner surface. Scanner-based plankton imaging systems are
known to produce high-resolution images of the plankton.

Although the availability of plankton image data has improved, manual annotation re-
mains challenging because it requires expert knowledge and can be inconsistent [1].

2.2 Plankton recognition

In this context, plankton recognition has a signi cant role in automating the analysis of
large image datasets, reducing reliance by hand classi cation, which is time-consuming
and dependent on expert knowledge [1].
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Plankton recognition involves developing computer programs that can analyze images
captured by underwater cameras or sensors and classify plankton based on their distinct
physical features. This approach enables scientists to ef ciently process large volumes
of image data while reducing the need for manual, expert-based identi cation of each
sample. By using automated identi cation techniques, researchers can monitor plankton
populations more quickly and across wider spatial scales.

In the early stages of plankton image classi cation, traditional computer vision and ma-
chine learning methods like Random Forests and Support Vector Machines (SVM), were
commonly used. These methods were relatively simple and ef cient but depended heav-
ily on hand-crafted features and speci c imaging conditions [1]. Convolutional Neural
Networks (CNNs) and other deep learning techniques have emerged more recently, and
Vision Transformer (ViT), have demonstrated superior performance and enhanced capa-
bility for ne-grained feature extraction, with ViTs showing strong generalization across
various plankton image datasets [1] [13].

Figure 2 illustrates the publication trend of plankton image recognition from 1993 to
2023, differentiating between feature engineering and feature learning methods. The g-
ure makes it evident that, since 2014, the publication pattern has drastically changed in
favor of feature learning, where the number of deep learning publications (orange bars)
far exceeds that of traditional methods. This phenomenon also represents the change of
computer vision paradigms from traditional methods to deep learning methods [1].

In addition to recognizing and classifying patterns using machine learning algorithms,
evaluation metrics are essential tools for assessing model performance on new datasets.
These metrics indicate the accuracy, reliability, and effectiveness of a model in predicting
patterns and correctly labeling data based on learned representations, enabling compar-
isons between different approaches and the identi cation of their limitations. Among the
various evaluation metrics, accuracy is one of the most commonly used, as it represents
the percentage of accurate forecasts generated by the model.

Precision, recall, and F1-score are the key evaluation metrics. [7]. These metrics are
typically computed on a per-class basis and then averaged in multi-class classi cation
problems. A classi cation report summarizes the precision, recall, and F1-score for each
class, providing detailed insight into model performance. Additionally, a confusion ma-
trix offers a visual representation of the model's predictions, highlighting the types of
errors made. Reliable model evaluation can be achieved using a hold-out test set or cross-
validation techniques.
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Figure 2. Popularity of plankton recognition techniques based on feature engineering and feature
learning (CNNs and Vision Transformers (ViTs)) [1]

2.2.1 Feature engineering-based methods

Automated plankton classi cation in earlier studies primarily relied on handcrafted fea-
ture extraction techniques, where images were represented using various features such as
size, shape, texture, and intensity [1] [13] [7]. These approaches depended heavily on
expert knowledge to identify meaningful features and often required preprocessing steps,
such as segmenting plankton organisms from the background.

Image data extraction of geometric features, such as perimeter, aspect ratio, and convexity,
which are important for distinguishing similar plankton species [8]. After preprocessing,
the plankton objects are segmented from the background. Then, handcrafted features are
extracted from the segmented images. These features may include texture descriptors,
such as Local Binary Patterns (LBP) features, shape descriptors, such as Fourier descrip-
tors and eccentricity, and color descriptors, such as RGB-based intensity features [1] [7].
These features are then used as input for conventional computer learning methods, includ-
ing K-Nearest Neighbors (KNN), Random Forests, and Support Vector Machines (SVM).
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Earlier plankton image classi cation systems often relied on high-dimensional feature
spaces, sometimes exceeding 200 features, and employed feature selection techniques
like Principal Component Analysis (PCA) and mutual information to retain the most in-
formative features [1] [8]. Research has shown that selecting an optimal subset of features
can improve classi cation performance while reducing computational complexity. Fur-
thermore, combining multiple feature types geometric, textural, and color has been found
to yield better results than using individual feature sets alone [8].

However, feature engineering-based methods have several limitations, including sensitiv-
ity to imaging conditions, scalability issues, class imbalance, and poor generalization to
unseen classes and environments [7] [1]. As a result, they are increasingly being replaced
by more advanced data-driven deep learning techniques. Nevertheless, hand-engineered
methods remain useful in low-resource scenarios, such as when limited data are available
or in real-time systems, and they are often incorporated into hybrid models that com-
bine both traditional and deep learning approaches [7]. Despite this, feature-engineering
methods require substantial domain expertise and are typically tailored to speci c imag-
ing conditions, which restricts their generalization across different datasets.

2.2.2 Deep learning-based approaches

Deep learning is a sophisticated type of machine learning that uses multi-layered arti-
cial neural networks to automatically learn hierarchical data representations. Unlike
traditional methods that rely on manually engineered features, deep learning models can
capture more abstract patterns and relationships through multiple layers of representation
learning from input data. A prominent example is the Convolutional Neural Network
(CNN) [14], which can learn directly from raw images. Deep learning offers several
advantages, including strong performance on complex data, the ability to handle high-
dimensional inputs such as images, audio, and video with minimal manual intervention,
and good generalization when suf cient training data are available. It has proven highly
effective in tasks such as image recognition, speech classi cation, and plankton image
analysis.

Figure 3 illustrates the typical structure of a Convolutional Neural Network (CNN) used
for image classi cation tasks, such as plankton species identi cation. Initially, the in-
put image containing the plankton specimen is provided to the CNN. During the feature
extraction stage, the convolutional layers analyze the image to detect important visual
features, including edges, shapes, textures, and body structures of the plankton.
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Following the convolution operation, pooling layers are applied to reduce the dimen-
sionality of the feature maps while preserving the most important information. This se-
quence of convolution and pooling operations is repeated multiple times, enabling the
CNN to learn progressively from simple low-level features to more complex and abstract
plankton-speci ¢ characteristics. Finally, the extracted features are passed to fully con-
nected layers for the classi cation process [1].

Figure 3. Deep learning-based knowledge distillation framework for plankton image recognition.

[1].

Large plankton datasets, such as the WHOI Plankton Dataset and Kaggle-121, have en-
abled the evaluation of various deep learning techniques [7]. Convolutional Neural Net-
works (CNN), transfer learning, and ensemble methods have demonstrated strong per-
formance in plankton classi cation and show signi cant potential for large-scale mon-
itoring [15]. For example, the 2015 National Data Science Bowl demonstrated that
CNN based models outperformed traditional classi ers in large-scale plankton recogni-
tion tasks [8]. By learning directly from images, deep learning techniques eliminate the
need for manual feature engineering, making plankton classi cation faster, more objec-
tive, and scalable [1] [16] [17]. In particular, transfer learning has proven effective in
addressing challenges such as limited labeled data and class imbalance in plankton im-
age classi cation [7]. Subsequent research leveraging transfer learning further improved
CNN performance by pre-training networks such as AlexNet, VGG, and GoogLeNet, en-
hancing classi cation accuracy and robustness against class imbalance [8]. Recent litera-
ture reviews indicate that CNN based approaches have become central to plankton image
analysis, supporting detection, classi cation, and quanti cation tasks.

Orenstein and Beijbom demonstrated the superiority of transfer learning using CNNSs,
such as AlexNet and VGGNet, over traditional feature-based approaches for plankton
classi cation on databases like IFCB and ISIIS [10] [7] [8]. Their study also highlighted
the challenge of domain adaptation, as the performance of the same CNNs declined when
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applied to a different database [10]. Subsequent research further improved performance
by combining deep and hand-crafted features, employing ensemble CNNs, and leveraging
large-scale transfer learning with Vision Transformers, underscoring the growing impor-
tance of transfer learning and ensemble approaches in plankton ecology [8] [7].

In operational environments, intelligent CNN based systems have proven robust against
adverse eld conditions, such as mixed image quality and large variability in morphology
and size, outperforming existing cutting-edge techniques on bench marked Shadowed Im-
age Particle Pro ling and Evaluation Recorder (SIPPER) data and demonstrating scalabil-
ity to larger classes without relying on costly feature design [18]. Deep networks have also
enabled new in-situ applications, such as size measurement from Planktonoscope images
using residual networks and heat map regression, achieving accuracy comparable to hu-
man measurements, with errors of about 1.8%, and are ready for operational deployment.
Even for microscopy-scale images, CNNs trained with transfer learning (e.g., VGG-16)
have shown effectiveness in genus-level plankton identi cation, achieving 75-79% ac-
curacy in trials. These systems have also revealed challenges in classi cation, such as
the "forced classi cation" of out-of-scope species precisely the type of issue that future
semi-supervised and open-set approaches should address [17].
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3 METRICS FOR IMAGE BLURRINESS

3.1 Background

Image blurriness is probably the most frequent type of degradation in digital images. Gen-
erally, blur can be described as a phenomenon where details, boundaries, and textures in
an image are no longer sharp or clear [19]. Blur degrades the quality of an image since
it becomes increasingly dif cult to discern objects and structures within it. From a more
technical perspective, "blur” refers to the loss of high-frequency content within an im-
age. A sharper image has pronounced boundaries and abrupt changes in intensity, while
in a blurred image, there is a gradual change of intensity values across boundaries. For
example, in the frequency domain, blur reduces high-frequency components, which are
important for representing details [20]. Therefore, measuring blurriness is needed to be
essential for quantifying how much structural and edge information has been lost. Conse-
quently, blur has become a common metric for assessing the quality of images. An excel-
lent image is normally sharp and detailed, while a poor one may appear blurry because of
various reasons, such as defocus, motion, or limitations in imaging [16]. Consequently,
there is a need to develop robust measures that can be used to quantify blur.

Because subjective evaluation, asking human observers to rate image quality, is complex,
time consuming, and not suitable for real-time or automated pipelines, objective Image
Quality Assessment (IQA) [16] [20] [21] algorithms have been developed to simulate
human visual perception computationally. Objective IQA methods are conventionally
divided into mainly two categories based on how much information about an undistorted
reference image is available at the time of assessment. In order to quantify image quality,
various metrics have been proposed by researchers based on the availability of reference
images. To put this simply, these metrics fall under one of two categories, which include
Full-Reference (FR) and No-Reference (NR) [16] [20] [21].

The Full-Reference (FR) metric is the easiest to comprehend. It involves the availabil-
ity of the original image and then comparing the original image with the distorted one.
Through this method, it will be easy to determine the level of distortion present in an
image [16]. Due to the reference being available, FR methods can be highly sensitive to
speci c distortion types and are generally assumed to be the standard for benchmarking.
Nonetheless, in this case, it is assumed that the original image is always accessible.

No-Reference (NR) metrics, on the other hand, operate without any reference image.
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These methods estimate image quality directly from the distorted image itself. Although
this makes NR metrics more challenging to design, they are highly practical and widely
used in real-world applications such as online image analysis, microscopy, and automated
systems [22]. Because of their independence from reference images, NR metrics are
especially important for blur detection tasks.

With regard to the plankton image analysis application, the usage of Full-Reference (FR)
measures poses a problem in most cases. On one hand, in order to make an effective
comparison, it is necessary to have a perfect reference image. However, it is unlikely
to get a clear image when working with planktonic organisms due to the nature of the
task [22]. Every single image will be different, meaning that there will not be an option

to set up the standard of comparison. Additionally, plankton imaging usually occurs in

a dynamic environment, where several factors, including moving water, various levels of
focus, and different lighting, contribute to a different type of blurring effect.

Furthermore, there is usually great variation among plankton pictures with regard to struc-
ture and texture. Some planktons have lots of edges and patterns, while others are smooth
or even transparent. The FR metric is very susceptible to changes in picture content, which
can result in confusion between the inherent differences in structure and blurring [22].

However, in the case of practical implementation where the images must be processed in
real-time or large quantities, such as in automated plankton analysis or large microscopy
data sets, the storage of all the reference images is computationally costly. Thus, non-
reference-based blur measures can be utilized because these blur measures do not need
any reference information to evaluate the sharpness of the images.

3.2 No-reference blurriness metrics

No-reference blurriness measures are those that measure the degree of blur within an
image without considering a reference image at all. In simple terms, these algorithms
try to determine whether an image has blurring effects simply by analyzing the given
image [20]. No-reference blurriness measures are extremely practical since they can be
used in real-life scenarios where no reference images are available. More speci cally,
no-reference blurriness measures work based on the assumption that there will be effects
due to blurriness on some parameters of an image. These parameters include edges, tex-
ture, intensity, and frequency distribution. According to their fundamental properties,
NR blur measures can be classi ed into different categories such as spatial domain-based
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blur measures, frequency domain-based blur measures, statistical measures, and learning-
based methods. In the case of spatial domain blur measures, pixel intensity differences
and edge sharpness are analyzed, whereas frequency domain blur measures consider the
high-frequency component analysis [23].

NR techniques are designed based on the physical and perceived impact of blur on im-
ages. At a basic level, blur causes less edge sharpening; therefore, many techniques
were based on calculating edge width or gradient values. In other words, the idea was
very simple, i.e., sharper images had more signi cant and steep edges, whereas blurry
images had wide and smooth edges by adopting the concept of Just Noticeable Blur
(JNB) [22] [20]. Further studies showed that blur decreases local contrast and texture.
Therefore, several techniques are based on analyzing local variation or statistical mea-
sures. For instance, Maximum Local Variation (MLV) [21] and Cumulative Probability
Blur Detection (CPBD) [20] [23] measure the difference between pixels to quantify the
lack of information due to blur.

Furthermore, blur signi cantly affects the frequency domain representation of an image
[20]. A sharper image contains higher levels of high-frequency energy, whereas a blurrier
image exhibits a reduction in these components. Based on this observation, frequency-
domain methods have been developed to measure blurriness by evaluating the loss of high-
frequency energy. However, since a single feature is often insuf cient to fully capture the
complexity of blur, more advanced approaches have been proposed that combine multiple
features or employ machine learning models for more accurate blur estimation.

3.2.1 Cumulative Probability Blur Detection

Cumulative Probability Blur Detection (CPBD) [24] is a method for for no-reference
image blur assessment is basis on a probabilistic model of people perception of blur.
The model relies on edges in images and starts with edge detection [22] [24] (typically
horizontal edges but other edges can also be considered). For each detected edge, the
model estimates the probability of detecting blur by assuming a psychometric function
(an exponential function). Precisely this probability is estimated from the measured width

W of an edge given as input and the Just Noticeable Blur (JNB) Widikg that is locally

derived from contrast [22] [24]. Namely,

PeLur = PeLur(®)
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The parametew,ysg, that is the JNB width at which the observer is just noticeable to see
the blur, varies with contrast levels as a function tted to experiments; typically

W3y = @ contrast b

where a and b are experimentally estimated parameters [24].

The nal global sharpness measure is obtained through the pooling of the probability of
blur detectiorPg yr Which ranges roughly from 0 (not perceptible) to 1 (perceptible) for

all edges present in an image. The pooling is obtained through the use of the Cumulative
Probability Blur Detection (CPBD) that represents the percentage of edges for which the
probability of detecting the blur is lower than a certain value, for example, 0.8 or 0.5.
The model experimentally shows that the value of this percentage is inversely correlated
with the sharpness level (i.e., for a value above 0.8 it corresponds to a sharp image and
for a value lower than 0.5 it corresponds to a blurry image). The architecture of the
model is based on edge detection. Probabilistic modeling through the use of the contrast-
speci ¢ width of JNB for blur detection, and cumulative pooling for the provision of a
perceptually aligned measure of sharpness correlated with the subjective evaluation for
different datasets and types of blur (Gaussian and JPEG2000).

3.2.2 Marziliano

In Marziliano Blur Metric [25], the model for no-reference perceptual-based [22] blur
measurement is the measurement of the spread of edges in a digital image or video, and
it is ef cient, content-independent, and perceptually relevant. The model is based on the
spatial domain and does not need any reference images and no information is required
from the original scene. This part is critical because the blur is mainly found around the
edges of the image, not the rest of the areas. For each row of the image, the algorithm
will then nd the edges, and the start and endpoints of the edges are de ned based on the
extrema found on the left and right sides of the edges. Experimentally, the model was
validated with ve test images of siZ&68 512pixels, which included images distorted

by Gaussian blur ( 2 f 0:4;0:8; 1.2; 1.6; 2g) and JPEG2000 compression rati@R 2

f40,80;, 120 160 20Qy) [25]. It was observed that there was a high correlation with the
results obtained from the subjective evaluation, and the proposed model achieved a high
value 0f96%in terms of Spearman's rank correlation coef cients for images distorted by
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Gaussian blur and abo85%for images distorted by JPEG2000 artifacts, thus ef ciently
capturing the perception of blur and measuring the edge spread.

3.2.3 Perceptual Sharpness Index

Another proposed model for the Perceptual Sharpness Index (PSI) [26] is motivated by the
local edge gradient approach and aims at estimating the nd for sharpness of an image
by mimicking the human vision process high sensitivity to high-contrast edges. This
architecture starts with the adaptive edge detection, i.e. a vertical and horizontal Sobel
Iter is applied on the luminance component of the input image, then a threshold and
thinning operation yields the map of relevant edges. For each detected edge, the edge
width w(x) and the edge slope m(x) (which represents the edge steepness and is de ned
in ) are computed. The local contrast properties are taken into account in the edge slope

equation.
I max (X) I min (X)
w(X)

m(x) =

Assuming a luminance range of [0,1]. To model human perception of sharpness, the
method includes the concept of a Just Noticeable Blur (JNB) willtkg = 3 pixels,

which acts as a threshold: edges with width above this are reduced proportionally based
on their slope, which re ects the perceived sharpness. Local edge measur&tizefits

are then obtained by adjusting the original width considering the slope:

8

Weg)(X) = Swx) m(x); ifw(x) Wne;
PSI © W(X); otherwise.

There are non-overlapping parted in the image into 32x32 pixel blocks to compute local
sharpness measures of the reciprocals of the average adjusted edge widths in the local im-
age regions. To compute the global acuity measure, the algorithm makes use of percentile
pooling, in which the average of the tops of local acuity measures is computed, with
the sharpest areas having the greatest in uence in the computation. To determine the pa-
rameters of the algorithm, including the edge angle differencgax , the scaling factor

, and the percentile, extensive analysis reveals that ,.x =8 , =4:7,and =22
provide accurate results in various databases [26]. The architecture of the proposed algo-
rithm includes edge detection, edge width and slope computation, local estimation, and
nally, the computation of the global acuity measure using the above-described percentile
pooling. The proposed algorithm is thus able to outperform other existing algorithms be-
cause the proposed algorithm models the relevant features of the image using simple



26

mathematical operations, without the need for direct training or computation of complex
transformations.

3.2.4 Just Noticeable Blur

Just Noticeable Blur (JNB) is another no-reference sharpness measurement, originally
developed by Ferzli and Karam in 2009 [22] and revisited by Chen et al. in 2021 [27].
The JNB metric evaluates blurriness by modeling the human visual system's perception
of edge spread, providing results that re ect the performance of this perceptual-based
sharpness measure. It employs edge detection, such as the Sobel operator, to identify edge
pixels and measures the width of edge transitions, which corresponds to the degree of blur
perceived by humans. A probabilistic model constructs a histogram of edge blurriness,
and the Cumulative Probability Blur Detection (CPBD) [24] is computed. Fundamentally,
this model integrates the concept of Just Noticeable Blur into a probabilistic summation
framework to assess perceived image sharpness across diverse image contents.

The architecture begins with the detection of edges within the image, where each edge's
local properties particularly its widtiV;yg(€) is estimated based on local contrast and
other parameters (as detailed in Section 3.1) [22]. To quantify the likelihood of blur detec-
tion at each edge, the model employs a psychometric function modeled as an exponential.
The suggestion method re ect on a set of no depended detectors, every single edge loca-
tion (g). The likelihood that a detector at edge pixel "i" will detect the presence of a blur
distortion is known as the probability &) of guiding a blur distortion. The psychometric
function, which is represented as an exponential of the following form, determ{egs P

|
w(e)

Ple)=1 exp Wing (&)

whereW (g) is the measured width of the ed¢g) andW;\s(e) is the INB width and

the parameter (> 0) adjusts the function's steepness to match experimental data. The
probability P (g) signi es how likely a blur is perceptible at edge. To mimic the spatial
summation characteristic of the Human Visual System (HVS) [22], the model pools these
local probabilities over a region of interest R using the probability summation hypothesis.
So by mathematically, the overall blur detection probability across the region is computed
as

Y
Pour(R) =1 (1 P(e))

e 2R
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3.2.5 Maximum Local Variation

On the other hand, the Maximum Local Variation (MLV) [21] was proposed by Bahrami

et al. in 2014 as a no-reference image sharpness assessment method that measures blur-
riness using local intensity differences. This approach employs a simple yet effective
spatial-domain process. First, the image is converted from color to grayscale. Then, for
each pixel, the difference between its intensity and the intensities of its eight neighboring
pixels in a 3x3 neighborhood is calculated. The maximum of these differences de nes the
local variation for that pixel. This local variation, which ranges from 0 (no variation) to

255 (maximum variation), effectively captures the sharpness of the image based on local
intensity contrasts.

However, there are another options to de ne MLV with 2, 3 or 4 neighbor$; obrm

[21]. The pixel-wise MLV map captures high variations in edges and textures and corre-
lates well with perceived sharpness. A content-based weighting scheme is incorporated,
where larger weights are assigned to higher MLV values using an exponential model, em-
phasizing regions with distinct features that are perceived as sharp. These weighted values
are then aggregated, for example via mean or histogram, to produce a blurriness score,
with lower MLV indicating blurrier regions due to reduced intensity gradients. Compared

to gradient-based methods like the Variance of the Laplacian (VoL), MLV is more robust
to noise, making it particularly suitable for noisy plankton images. In this approach, the
weighted MLV map increases the tail of the distribution for sharper images, enhancing
the detection of ne structural details.

It is assumed that the distribution of weighted MLV values follows a Generalized Gaus-
sian Distribution (GGD) [22] [21], characterized by parameters such as the mean, standard
deviation, and shape parameter, with the standard deviation of the weighted distribution
serving as the primary feature for sharpness. Since the extraction of this sharpness fea-
ture involves only simple computations of pixel differences and parameter estimations,
its computational complexity grows linearly with the number of pixels, resulting in low
practical computational cost. Empirically, the runtime of the method is approximately
1.6 seconds on standard hardware (Intel Core i5 CPU @ 3.20 GHz, 8 GB) [21]. The
nal sharpness score is de ned as the standard deviation of the weighted MLV distribu-
tion, which provides an effective and robust measure correlated with human perception
of sharpness. Moreover, this approach is both faster and more accurate than existing
methods such as CPBD.
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3.2.6 Spectral and Spatial Sharpness

Spectral and Spatial Sharpness (S3) framework [28] is suggested for estimating the per-
ceived acuity of the images is based on the dual estimator technique, which includes the
feature of the spectral and spatial data analysis approach for the development of the de-
tailed local acuity map. Thus, the S3 technique, which is based on the Spectral and Spatial
Sharpness approach, leads to the formulation of the sharpness map, where the consequent
high value re ects the sharp representation of the images. Finally, the architectural ap-
proach begins with the transformation of the input image of any color and shade into its
standard grayscale representation according to the transformation equation presented in
Cuong T. Vu et al. [28].

X =0:298R +0:58705 +0:114@B

whereR, G, andB denote the 8-bit red, green, and blue intensities, respectively. Here,
the images are represented by the notakqmwhich are divided into overlapping blocks

of sizem m, where the overlap between the blocks is represented by the notiation
Thus, the blocks of the images represented by the notateme based on the equations
mentioned above. Images represented by the noticre divided into overlapping
blocks of sizan  m, where the overlapping blocks are represented by the notation

For each block, two major estimates can be made: one using the spectral-based estimate
S;, where the local spectral content can be measured by tting a straight line to the log
magnitude spectrum with respect to orientation, and obtaining a value for the slapd
another using the spatial-based esting&tewhich can be measured by using a modi ed
total variation estimate, handling cases like noise sensitivity as well. The spectral estimate
S1(x) can be measured based on an analysis of the total magnitude spectrum by tting a
straight line and obtaining the slope The spatial measureme®4(x) assesses the total

local variation. As revealed, the spatial detail there are two measurements. Then, they are
usually combined in a weighted fashion, integrating them via a weighted amalgamation
to yield the nal map for sharpness, denoted&g$x). In order to attain the complete
sharpness score, the model resorts to arranging the values in descending order for the
estimate, i.e., by nding the average of the tbjp for the values of the overall sharpness,
quanti ed as theS; Index, by selecting the top N values from the set of the quanti ed
S3(x), where N denote$%[28].
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3.3 Plankton image blurriness

In terms of the most fundamental level, estimation of blurriness in plankton images can
be viewed as a focus evaluation task in microscopy. The initial research on plankton and
diatom imaging did not explicitly address the question of what blurriness means; it was
only approached using autofocusing algorithms. These algorithms take into account the
assumption that focused images will have better quality and more structures, while un-
focused ones would lack ne details. Consequently, the task of estimating the blurriness
of an image was solved implicitly through developing appropriate measures to separate
sharp from blurry images [19]. Speci cally, at a more advanced level, early plankton
imaging systems used focus measure operators, which were intensity-based. This con-
cept is rather straightforward as it relies on the fact that sharp images will always include
higher variability of pixel intensities than blurred images. For instance, such focus mea-
sure algorithms like grey-level variance methods estimate how variable pixel values are
inside a certain neighborhood. High levels of variance correspond to sharp images, while
low levels correspond to blurry images [19]. They were extensively used in microscopy
due to their computational ef ciency.

Blurriness detection in plankton imaging has recently evolved beyond focus-measure
computation to encompass image restoration and focus extension techniques. Plankton
images may become blurred due to several factors, including variations in acquisition
depth, motion blur caused by plankton movement, and the placement of plankton outside
the narrow depth of eld of underwater imaging systems. Rather than simply estimating
the degree of image sharpness or blur, recent approaches aim to computationally restore
sharp images from de-focused inputs. For example, Chen et al. proposed a deep focus-
extended dark eld imaging method that computationally refocuses plankton objects from
de-focused images, thereby improving the quality of in situ plankton imagery [29].
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4 PROPOSED METHOD

4.1 Overview

The current chapter outlines the proposed pipeline for quantifying the blurriness of plank-
ton images and classifying them into three categories: blurry, in-focus, or out-of-focus.
The pipeline is no-reference, meaning that it does not rely on any reference image during
processing. As illustrated in Figure 4, the process begins with a raw grayscale input im-
age and consists of four main steps: (i) input grayscale images captured from Cytometer
(ii) feature extraction, where 29 features are generated based on four different signal anal-
ysis perspectives; (iii) feature standardization using the Z-score method, computed only
within the training subset of each cross-validation iteration to prevent data leakage, (iv)
training of four tree-based classi ers using the normalized features (v) prediction, where
each image is assigned to one of the three classes blurry, in-focus, or out-of-focus.

Figure 4. Proposed blur detection pipeline. All normalizations were performed inside each cross-
validation fold to prevent data leakage.
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4.2 Feature Extraction

It is assumed that the basic principle behind the process of feature extraction is that if
there is a high-quality image, then this will contain high frequency contents such as edges,
textures, and transitions; on the other hand, if the image is blurred, then the low-pass lter
will remove the high-frequency contents. The technique suggested uses 29 handcrafted
features from four different categories from NRMetrickramework [30]. The complete
feature set is summarized in table 2

4.2.1 Sharpness Features

The rst and largest grouping contains 15 features based on the analysis of the image's
gradients and second derivative. This set quanti es how intense, distributed and spread
out the edges the most important factor which loses quality because of blurring are. The
rst four image attributes were extracted from the open-source toolkit for evaluation of
image sharpness called NRMetricFramework [30] , which has been created under the
guidance of the NIST PSCR group. The rst attribute, S-Blur [31] (Feature 1), applies
an unsharp mask lter to the input image and for calculation. Then the 95th percentile
of absolute difference between the image and the result of unsharpening, normalized to
[0,1]. Where smaller values are showed stronger feature.

The next attribute is the Viget-Sharpness [32] (VS Feature 2), a perceptual measure that
uses the 99th percentile response value and the standard deviation of the Sobel lter re-
sponse. The third attribute is the Variance of Laplacian [19] (Feature 3). It is used to
assess the energy level of the second derivative lter since a sharp image results in high
response energy values while blurry images lower them. Sobel variance is the fourth fea-
ture (Feature 4) used to evaluate the diversity of edge energy levels based on horizontal
and vertical gradients.

Feature 5 through 15 expand gradient space [25] [26] through the use of multiple op-
erators and statistical summaries on the multiple gradient elds generated. A second
Laplacian variance (Feature 5), taken following light smoothing, is indicative of sharp-
ness on a smaller spatial scale. The gradient mean and standard deviation (Features 6 and
7) capture the average and variability of edge strengths, respectively. The use of the Sobel
operator yields four features, the mean (Feature 8), maximum (Feature 9), standard devi-
ation (Feature 10), and variance (Feature 11), of the magnitude eld. Feature 9 captures
the maximum edge strength within the image and was extremely discriminating regarding
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whether or not there was at least one edge in the image. Features 12 and 13 are equivalent
except that the Scharr Iter, which improves on rotational symmetry when compared to
the Sobel Iter [19], is used instead. Lastly, Features 14 to 15 measure the mean and
standard deviation, respectively, of the absolute Laplacian.

Table 2. Complete description of all 29 features organized by category.

# | Feature Name Abbreviation Type

1 | S-Blur [31] SB Sharpness Features
2 | Viget-Sharpness [32] VS Sharpness Features
3 | Laplacian of Variance [19] LoV Sharpness Features
4 | Sobel Variance [19] SV Sharpness Features
5 | Laplacian Variance Fine Scale [19]LVFS Sharpness Features
6 | Gradient Mean [26] GM Sharpness Features
7 | Gradient Std GS Sharpness Features
8 | Sobel Combined Mean SC Mean Sharpness Features
9 | Sobel Combined Max SC Max Sharpness Features
10 | Sobel Combined Std SCS Sharpness Features
11 | Sobel Combined Var SCV Sharpness Features
12 | Scharr Mean SM Sharpness Features
13 | Scharr Std SS Sharpness Features
14 | Laplacian Absolute Mean LA Mean Sharpness Features
15 | Laplacian Absolute Std LAS Sharpness Features
16 | Entropy Entropy Statistical Features
17 | Contrast Contrast Statistical Features
18 | 25th Percentile percentile_25 Statistical Features
19 | 75th Percentile percentile_75 Statistical Features
20 | Peak-to-Peak Range P2P Range Statistical Features
21 | Coef cient of Variation CoV Statistical Features
22 | Median Pixel Intensity MPI Statistical Features
23 | Central Horizontal Moment 5 CHM Statistical Features
24 | Central Vertical Moment g, CVM Statistical Features
25 | Central Diagonal Moment,; CDM Statistical Features
26 | High Frequency Energy HFE Frequency-based Features
27 | Block Mean Std B Mean Std Block-based Features
28 | Block Std Mean B Std Mean Block-based Features
29 | Texture Local Binary Pattern [33] | TLBP Block-based Features
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4.2.2 Statistical Features

These statistical features capture both global and distributional properties of the pixel in-
tensity surface using 10 descriptors that are sensitive to texture degradation caused by
blurring, while remaining independent of gradient-based characteristics. Shannon's en-
tropy [34] (Feature 16) is computed from the normalized histogram of intensity values;
blurred images generally contain less information and therefore exhibit lower entropy val-
ues. Contrast (Feature 17) is de ned as the dynamic range (maximum minus minimum
pixel intensity), and blurred images typically show reduced contrast because intensity val-
ues are spread across neighboring pixels. The 25th and 75th percentiles (Features 18 to
19), together with the peak-to-peak range (Feature 20), provide robust statistical measures
describing the distribution of pixel intensities.

The coef cient of variation (Feature 21) is the ratio of the standard deviation to the av-
erage pixel intensity; this characteristic is a normalized measure of dispersion and the
median (Feature 22) is a robust measure of location. Central image momgnts,,

and ., (Features 23 - 25) measure the spatial distribution of intensity mass along the
horizontal, vertical, and diagonal axes, respectively. Motion blur creates directional elon-
gation, which is re ected in elevated horizontal or vertical moments, while de-focus blur
produces more isotropic spreading captured by the combination of all three moments.

4.2.3 Frequency-based Features

High-frequency energy (Feature 26) is extracted in the frequency domain using the Fast
Fourier Transform (FFT). First, the magnitude spectrum of the entire image is computed.
Then, only the mean magnitude response from the regions outside a central mask covering
25% of the frequency plane is considered. This measure represents the proportion of
image energy contained in high spatial frequencies. Since blur behaves as a low-pass Iter
that suppresses high-frequency components, high-frequency energy serves as an effective
indicator of the extent of image blur.

4.2.4 Block-based Features

Spatial heterogeneity is quanti ed using block-based features, which involve partitioning
the image into 5x5 pixel blocks and computing local statistics both within and between
the blocks. The standard deviation of block means (Feature 27) measures the variation
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in mean intensity across different blocks. Higher values indicate greater spatial hetero-
geneity, suggesting that the image is likely sharp and contains distinct foreground and
background regions. The mean of standard deviations within blocks (Feature 28) quan-
ti es local intensity variation inside each block. This value decreases when the image
becomes blurred because local contrast is smoothed out. Finally, the Local Binary Pattern
(LBP) [33] (Feature 29) captures micro-texture information by comparing each pixel with
its neighboring pixels within a circular neighborhood.

4.3 Classi cation Models

Each image's 29-dimensional feature vector is assigned to one of three classi ers and one
ensemble. All feature vectors underwent standardization by means of z-score normaliza-
tion (mean of zero, unit variance) calculated based on only the training set in each of the
cross-validation folds. This part details each classi er chosen for its speci ¢ purpose.

4.3.1 Random Forest

The Random Forest classi er [35] is an ensemble learning method composed of multiple
independent decision trees trained on bootstrap samples of the training dataset. At each
node split, a random subset of features is selected, and for classi cation tasks, the nal
prediction is determined through a majority voting mechanism across all trees.

The use of bootstrap sampling and random feature selection increases diversity among
the trees in the ensemble, thereby reducing variance through averaging while maintain-
ing relatively low bias. Random Forest is particularly suitable for this problem because
the input vector consists of 29 features, many of which are highly correlated (e.g., dif-
ferent Sobel-based statistics). The random feature subset selection process helps reduce
correlations among the base classi ers, thereby improving generalization performance.

In this study, the primary hyperparameters explored for the Random Forest model were
n_estimators and max_depth. The n_estimators parameter de nes the number of decision
trees in the forest, and the values considered were 100 and 200. The max_depth parameter
limits the maximum depth of each decision tree, helping to control model complexity and
reduce over tting. The values evaluated for this parameter were 10 and 15.
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4.3.2 Gradient Boosting

In Gradient Boosting [36], a sequence of decision trees is constructed sequentially and
additively by estimating the negative gradient of the loss function with respect to the
accumulated prediction at each stage. In this approach, each successive decision tree at-
tempts to correct the errors made by the previously constructed trees. As a result, this
iterative error-correction mechanism enables Gradient Boosting to model complex deci-
sion boundaries that may not be fully captured by Random Forest. However, Gradient
Boosting generally requires more careful hyperparameter tuning and greater computa-
tional resources.

The primary hyperparameter tuned in this study for the Gradient Boosting model were
n_estimators and max_depth. The n_estimators parameter determines the number of
boosting stages (decision trees) in the ensemble, and the values evaluated were 100 and
150. The max_depth parameter controls the maximum depth of an individual decision
tree to limit model complexity and reduce over tting, with tested values ranging from 5

to 8.

4.3.3 XGBoost

XGBoost [37] is an optimized and regularized extension of the Gradient Boosting algo-
rithm for decision trees. It improves traditional gradient boosting by utilizing the second-
order Taylor expansion of the loss function and incorporating both L1 and L2 regulariza-
tion on the weights of each leaf node.

The inclusion of regularization terms helps control model complexity and reduce the risk
of over tting, which is particularly important when the number of training samples is lim-
ited. In addition, the use of column subsampling in decision tree construction improves
computational ef ciency. Overall, XGBoost generally achieves higher classi cation accu-
racy than standard Gradient Boosting while maintaining comparable computational com-
plexity.

In this experiment, the primary hyperparameters investigated for XGBoost were n_estimators
and max_depth. The n_estimators parameter speci es the number of boosting rounds, and
the values 100 and 200 were evaluated. The max_depth parameter controls the maximum
depth of each decision tree, thereby limiting tree complexity and helping to prevent over-
tting. The values explored for this parameter were 4 and 6.
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4.3.4 Ensemble (Soft Voting)

The nal model is an ensemble of tuned Random Forest and Gradient Boosting classi ers

combined using a soft-voting mechanism. Instead of assigning labels based on majority
voting of discrete predictions, soft voting averages the class probabilities produced by
each classi er and selects the class with the highest average probability. This approach
leverages the complementary strengths of the two models: Random Forest is more ro-
bust to noise, while Gradient Boosting effectively reduces systematic errors, resulting in

improved overall performance compared to either model individually.
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5 EXPERIMENTS

5.1 Data

The dataset consists of a total of 3,008 grayscale plankton images, each containing a sin-
gle plankton particle. The images exhibit various forms of natural degradation, including
motion blur caused by the relative movement between the particle and the sensor dur-
ing exposure, variations in depth of eld due to high-magni cation optical systems, and
turbidity in the water column, all of which contribute to a wide range of blurry inten-
sity levels. Figure 5 presents representative examples of each quality class: well-focused
image in (a), blurry image in (b), and out-of-focus image in (c).

(a) In-focus (b)Blurry (c) Out of Focus

Figure 5. Representative sample images of each quality class

Every image is manually labeled as belonging to one of three distinct quality classes:
Blurry (Class 0), In-focus (Class 1), and Out of Focus (Class 2). Images in the Blurry
category contain motion blur caused by particle movement during exposure. Images in
the Out of Focus category exhibit blur due to the particle being outside the narrow focal
region of the optical system, often resulting in smooth, rounded appearances. Images in
the In-focus category are suf ciently sharp for automatic detection purposes. This dataset
exhibits a class imbalance problem, as shown in Table 3.

Table 3. Dataset class distribution. The dataset was markedly imbalanced, with In-focus images
representing only 17.3% of all samples.

Class Description Images | % of Total
Blurry (Class 0) Motion blur due to relative movement 1,291 42.9%
In-focus (Class 1) Satisfactory sharpness for recognition 519 17.3%

Out-of-focus (Class 2) Defocus blur object outside focal plane 1,198 39.8%
Total — 3,008 100%
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The data is not very imbalance was an important characteristic of this dataset: In-focus
images represent fewer than one in ve samples. This imbalance was accounted for in the
experimental design by using strati ed cross-validation (Section 5.2), which ensures that
each fold preserves the original class proportions. No data augmentation was applied.

5.2 Experimental Setup

All experiments were coded using Python version 3.14, where scikit-learn was used to
train the models and evaluate performance through cross-validation while OpenCV was
used for image pre-processing and feature extraction.

5.2.1 Cross-Validation Protocol

Model performance was evaluated via strati ed three-way cross-validation. This was
done since strati cation allows keeping the original class ratio in each of the splits, which

IS important because of the imbalance of the data. Prior to performing cross-validation,
10% of the whole dataset (301 images) were taken out and split into a strati ed hold-out
test set and left completely unattended until the nal stage of testing in Section 5.5. All

three folds of cross-validation were built only on the remaining 90% (2,707 images).

The work ow within each fold was as follows:

1. The 90% CV data was split into a training partition (two folds, approximately 1,805
images) and a validation partition (one fold, approximately 902 images).

2. Z-score normalization using standard scaler was tted exclusively on the training
partition and then applied to both the training and validation partitions. This en-
sured that no information from the validation fold contaminated the normalization
statistics.

3. Hyperparameter optimization was performed only on the training partition using a
nested two-fold cross-validation grid search, as described in see Section 5.4.

4. The model trained with the optimal hyperparameter was evaluated on the validation
partition to obtain the fold accuracy.

5. Steps 1-4 were repeated for all three folds, and the nal accuracy was reported as
the mean and standard deviation across the three fold accuracies.
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Since the hyperparameter tuning was done within each fold in the training data only, the
validation data serves as an independent estimation of the generalization capability of the
model in each fold. Thus, the data leakage issue that comes with optimization on the same
data is addressed here.

5.3 Evaluation Criteria

The following metrics were computed for each model on the combined out-of-fold pre-
dictions assembled from all three validation partitions. All metrics were formally de ned
below.

5.3.1 Accuracy

Classi cation accuracy was de ned as the proportion of images correctly classi ed across
all three classes:

TPBIurry + TPIn-focus+ TPOut-of-Focus

N (1)
where N is the total number of images, TP and TN refer to correct classi cation, and
TP indicates that the positive class was correctly classi ed by the model, whereas TN
indicates that the negative class was correctly classi ed. In contrast, FP and FN refer to
wrong classi cation, in which case FP indicates that the positive class was incorrectly
predicted by the model.

Accuracy=

5.3.2 Precision, Recall, and F1-Score

For each class 2 f Blurry; In-focus Out-of-focusg), precision and recall are de ned as:

Precision = TP
B TP+ FP,

TP

Recall = ¢

TP+ FN,
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where TP_c, FP_c, and FN_c represent the number of true positive, false positive, and
false negative predictions made for class c, respectively. Precision indicates the percent-
age of instances of class c that were predicted to be of class ¢, whereas recall represents
the percentage of actual instances of class c that have been detected by the classi er:

_ 2 Precisiop Recall
" Precision + Recall

weighted-average precision, recall, and F1-score were additionally reported, where each
class weight is proportional to its number of samples, re ecting the class distribution in
the dataset.

5.3.3 Confusion Matrix

The confusion matrix provides a detailed breakdown of the errors made by the model
by showing the number of images from one category that are incorrectly classi ed into
another category. Consequently, it not only reveals the overall performance of the model
but also highlights its tendency to misclassify speci ¢c image classes. For the purposes of
this thesis, the confusion matrix is particularly useful because it helps determine whether
the model is likely to confuse visually similar classes, such as Blurry and In-focus.

5.3.4 Receiver Operating Characteristic

The Receiver Operating Characteristic (ROC) curve plays a signi cant role in evaluating
the ability of an algorithm to distinguish between different image quality classes. Since
determining whether an image is blurred is not always a clear-cut problem, accuracy alone
may not provide a comprehensive understanding of the model's performance. The ROC
curve illustrates the relationship between the True Positive Rate (TPR) and the False Pos-
itive Rate (FPR) across different classi cation thresholds, allowing the behavior of the
model to be analyzed as the decision threshold varies. Another important evaluation met-
ric is the Area Under the Curve (AUC), which provides a single quantitative measure of
the model's overall performance and is particularly useful for comparing the classi cation
capabilities of different models.
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5.4 Parameter Optimization

The optimization of the hyperparameter in each of the cross-validation fold was achieved
by an exhaustive grid search where an inner two-fold cross-validation was applied on the
training set. The two-fold structure of the inner cross-validation was used deliberately
since there is no need to waste too much time on this stage, but a good estimation of the
accuracy level should be provided in spite of that. Accuracy was selected as the target
function for optimization. Table 4 summarises the hyperparameter grids used for each
classi er

Table 4. Hyperparameter search grids used in the nested grid search within each cross-validation
fold. Ranges were deliberately compact to balance optimisation quality against computation time.

Classi er Hyperparameters Searched| Search Range
Random Forest | n_estimators, max_depth | [100, 200] ; [10, 15]
Gradient Boosting n_estimators, max_depth | [100, 150]; [5, 8]
XGBoost n_estimators, max_depth | [100, 200] ; [4, 6]

In the case of Random Forest, n_estimators sets the number of trees in the bagging en-
semble, while max_depth restricts the maximum depth of each tree, mostly serving as a
regularizer to avoid over tting to the training subset. In Gradient Boosting, n_estimators
regulates the number of boosting rounds, whereas max_depth dictates the complexity of
each tree. In XGBoost, the two parameters were optimized in the context of regularized
boosting. The ensemble classi er employs the most optimized versions of Random Forest
and Gradient Boosting classi ers obtained from the grid search procedure without con-
ducting another hyperparameter tuning session because the classi er is a composite of the
two models.

5.5 Results

The results of the fold-wise and average accuracies per model through three-fold cross-
validation are presented in Table 5 The models were independently optimized and tested
for each fold using their respective optimal hyperparameter found by performing the
nested grid search.

These four algorithms demonstrate clearly distinguishable accuracy values, thus proving
the appropriateness of the chosen method of evaluation. XGBoost shows the best cross-
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Table 5. Three-fold cross-validation accuracy for each classi er, evaluated on the 90% CV par-
tition. Each fold uses independently optimised hyperparameters. Mean accuracy and standard
deviation were reported across the three folds. The best individual model (XGBoost, 89.62%)

Model Fold1 | Fold2 | Fold 3 | Mean Acc.
Random Forest 86.82%| 87.25%| 90.47%| 88.11%
Gradient Boosting | 88.04%| 86.92%| 88.80%| 87.92%
XGBoost 89.04%| 88.91%| 90.91%| 89.62%
Ensemble (RF+GB) 90.14%| 88.80% | 90.47%| 89.43%

validation accuracy value is 89.62%. The second and third best accuracies are shown by
the Ensemble (89.43%) and Random Forest algorithms (88.11%), respectively. The low-
est accuracy value (87.92%) is achieved by the Gradient Boosting algorithm. It should be
noted that the accuracy value did not signi cantly differ between these models. However,
the slight inferiority of the Ensemble model can be explained by the fact that it is a hybrid
consisting of Gradient Boosting and Random Forest only (Section 4.3.4).

Table 6 demonstrates the results achieved by four models on the 10% holdout test dataset,
where the test dataset was never used either in the training or evaluation process. It can
be noticed that among all models, XGBoost obtained the best results in terms of all indi-
cators such as accuracy, precision, recall, and F1-score, each being approximately equal
to 89.37%—-89.41%. Thus, we can claim that XGBoost was the most reliable classi er,
since it provided the most accurate classi cations on the test dataset. Random Forest and
Ensemble models showed comparable results of 88.04% on average; their results were
less stable than those of XGBoost but more or less the same.

Table 6. Calculating the detailed analysis holdout 10% untouched data test metrics for all models

Model Accuracy | Precision Weighted| Recall Weighted | F1 Weighted
Random Forest 88.04% 88.04% 88.04% 88.04%
Gradient Boosting 87.71% 87.90% 87.71% 87.79%
XGBoost 89.37% 89.41% 89.37% 89.37%
Ensemble 88.04% 88.05% 88.04% 88.04%

5.5.1 Confusion Matrix Analysis

Figure 6 shows the confusion matrix computed from the Ensemble model predictions on
the 10% holdout test set (301 images).
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Figure 6. Confusion matrix of the Ensemble model evaluated on the 10% holdout test set (301
images).

Blurry and Out-of-focus are the two classes that obtain the highest per-class accuracy
rate, which is 88.8% and 93.2%, respectively. Meanwhile, In-focus is the most chal-
lenging class to classify accurately, having only 78.2% recall rate. The most common
misclassi ed images for In-focus are those misclassi ed under the Blurry class with 109
images (21.0%). This was predictable since there is no distinct demarcation between the
blur image and the acceptable focus, making the decision not solely based on one fea-
ture. Misclassi cations between Blurry and Out-of-focus were less frequent at 48 and 79
instances.

5.5.2 Per-Class Metrics

Table 7 reports the precision, recall, and F1-score for each class computed from the En-
semble model predictions on the 10% holdout test set.combined out-of-fold predictions.

The Out-of-focus category achieves the highest recall of 0.966 with precision of 0.958
and Fl1-score (0.962). This indicates that the classi er can effectively distinguish de-
focus blur from both sharp and motion-blurred images. In contrast, the Blurry category
attains the second-highest precision of 0.866 followed by recall of 0.852 and F1-score of
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Table 7. Per-class precision, recall, F1-score, and support for the Ensemble model, computed on
the 10% holdout test set (301 images).

Class Precision | Recall | F1-Score| Support
Blurry 0.866 | 0.852 | 0.859 129
In-focus 0.735 | 0.750 | 0.742 52

Out-of-focus 0.958 | 0.966 | 0.962 120
Weighted Avg. | 0.888 | 0.880 | 0.880 301

0.859, demonstrating that the model successfully identi es most motion-blurred images.
However, the In-focus category is the most challenging to classify, yielding the lowest

recall (0.750). In this class, F1-score (0.742) is considerably higher than the the precision
(0.735).

5.5.3 Receiver Operating Characteristic Analysis

Figure 7 presents the ROC curves illustrating the performance of the Random Forest (RF)
model for the three image classes: Blurry, In-focus, and Out-of-focus. All three ROC
curves are positioned close to the top-left corner of the graph, indicating strong discrimi-
native capability and high true-positive rates at low false-positive rates. The best perfor-
mance is achieved by the Out-of-focus class, which attains an area under the curve (AUC)
of 0.993, demonstrating nearly perfect discrimination. The In-focus and Blurry classes
also show strong performance, with AUC values of 0.959 and 0.943, respectively.

Figure 8 presents the ROC curves illustrating the classi cation performance of the Gra-
dient Boosting (GB) classi er for the Blurry, In-focus, and Out-of-focus categories. All
ROC curves are located near the top-left region of the graph, indicating strong sensitivity
and effective classi cation performance with low false-positive rates. Among the three
classes, the Out-of-focus category achieves the best performance, with an AUC value of
0.992, demonstrating that it is well separated from the other categories. The In-focus and
Blurry classes are also classi ed effectively by the GB model, achieving AUC values of
0.950 and 0.939, respectively.
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Figure 7. ROC carve of Random Forest (RF)

Figure 8. ROC carve of Gradient Boosting (GB)

The XGBoost (XGB) ROC curve in Figure 9 describe the performance of classi er in
distinguishing among the Blurry, In-focus, and Out-of-focus image classes. All curves
are positioned close to the top-left corner of the graph, indicating strong classi cation
capability with high true-positive rates and low false-positive rates. Among the three
categories, the Out-of-focus class achieves the best performance, with an AUC value of






	INTRODUCTION
	Background
	Objectives and Delimitations
	Structure of the thesis

	PLANKTON RECOGNITION
	Plankton Imaging
	Plankton recognition
	Feature engineering-based methods
	Deep learning-based approaches


	METRICS FOR IMAGE BLURRINESS
	Background
	No-reference blurriness metrics
	Cumulative Probability Blur Detection
	Marziliano
	Perceptual Sharpness Index
	Just Noticeable Blur
	Maximum Local Variation
	Spectral and Spatial Sharpness

	Plankton image blurriness

	PROPOSED METHOD
	Overview
	Feature Extraction
	Sharpness Features
	Statistical Features
	Frequency-based Features
	Block-based Features

	Classification Models
	Random Forest
	Gradient Boosting
	XGBoost
	Ensemble (Soft Voting)


	EXPERIMENTS
	Data
	Experimental Setup
	Cross-Validation Protocol

	Evaluation Criteria
	Accuracy
	Precision, Recall, and F1-Score
	Confusion Matrix
	Receiver Operating Characteristic

	Parameter Optimization
	Results
	Confusion Matrix Analysis
	Per-Class Metrics
	Receiver Operating Characteristic Analysis
	Score Distribution Analysis
	Features Importance


	DISCUSSION
	Current Study
	Future Work

	CONCLUSION
	REFERENCES

