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Abstract

Fluorescence microscopy represents an important part of parasitological research, as it visualizes parasite morphology and different life stages of the parasites
in the host and provides details on interactions with host cells. The study of parasites using fluorescence imaging is a critical area of research, particularly for
diagnosing and understanding diseases. The availability of large, annotated fluorescence image datasets of parasites is limited, necessitating the use of data
augmentation techniques to enhance the volume and variability of the available data. This paper surveys the different data augmentation techniques that could
be applied to fluorescence microscopy images of parasites in small datasets. First, the investigation will involve the traditional methods: geometric
transformations, cropping, rotation, and flipping. Such techniques are foundational in nature, avoiding overfitting and increasing dataset diversity. The set of
sophisticated techniques and tools in this area include GAN, synthetic data generation, colour space adjustments, mosaic augmentation, noise injection, etc.,
enabling the creation of far more realistic and diverse training samples. We also discuss the challenges in detecting waterborne intestinal parasites, such as
low parasite prevalence, matrix interference, morphological variability, and limited availability of high- quality reference images. Addressing these challenges
through effective data augmentation can significantly enhance the performance of machine learning models for tasks such as parasite classification,
segmentation, and detection. Despite the advancements, several key gaps remain, including the need for larger annotated datasets, improved model
generalizability, and enhanced computational efficiency. This survey aims to provide a comprehensive overview of data augmentation strategies to advance
the field of parasitology, ultimately leading to improved diagnostic capabilities and more efficient workflows in clinical and research settings.
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from microscopy images. However, these methods have

1. Introduction some important limitations to model performance that is

Waterborne intestinal parasites, like Cryptosporidium and
Giardia, account for a considerable burden of morbidity and
mortality worldwide. Classical detection methods include
microscopy, immunoassays, and molecular techniques that
are generally labour-intensive, time-consuming, and
expensive to conduct effective surveillance and timely
responses to outbreaks. Fluorescence microscopy gives high-
resolution images for morphological study of the parasite;
however, it lacks adequate representative image data.
Machine learning has already unravelled tremendous
potential for automating parasite detection and quantification

strongly dependent on the size and diversity of the training
datasets. Augmentation may be a solution in that it can create
synthetic image variations to extend small datasets. This
paper talks about applying augmentation techniques to
improve the detection of waterborne intestinal parasites in
small fluorescence image datasets.

Cryptosporidium parvum is a protozoan parasite; it is
one of the major protozoa causing severe gastrointestinal
illness in humans. Transmission to humans occurs via
contaminated water or food, and it has also long been known
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for its resistance to chlorine disinfection—a global threat
when it comes to waterborne outbreaks. Protozoa detection
in water samples is at present laborious and expensive.»?PCR
technique provides the means for the sensitive detection of
Cryptosporidium parvum DNA in water samples, while
immunofluorescence  microscopy enables the direct
visualization of its oocysts in environmental samples.® These
techniques are basic in surveillance programs to assess the
quality of water and allow for the prevention of outbreaks of
cryptosporidiosis in susceptible populations.?#

Cryptosporidium parvum has a spherical shape, a size of
4 to 6 um, and a thick cell membrane resistant to traditional
chlorine treatments in water treatment plants.(Figure 1) It
infects epithelial cells on the microvillous border of the
vertebrate gastrointestinal tract, causing cryptosporidiosis.*

Figure 1: Cryptosporidium parvum

Common symptoms include self-limiting diarrhea
lasting 9 to 15 days, abdominal pain, nausea, vomiting,
weight loss, fever, and fatigue.? A massive outbreak of
cryptosporidiosis was documented in Milwaukee, USA, in
1993, affecting 403,000 people. Symptoms included
vomiting, watery diarrhea, stomach cramps, and fever. The
outbreak was traced to a water treatment plant in Milwaukee
that exhibited a 100-fold increase in isolation of
Cryptosporidium  species.> Globally, Cryptosporidium
infections are estimated to cause 48,000 annual deaths in
children under five years old.* In the United States, roughly
30% of adults are seropositive for cryptosporidiosis. Half of
all global childhood deaths from diarrheal diseases occur in
Sub-Saharan Africa, and every year, an estimated 2.9 million
cryptosporidium infections occur in children under 2 years of
age.56

1.1. Prevalence

According to the WHO, there are nearly 10.5% of the nearly
8 million yearly cases of paediatric death. In 2004, WHO
listed cryptosporidiosis as one of the "neglected diseases"
linked to poverty in developing countries.® The GEMS
(Global Enteric  Multicenter  Study) showed that
cryptosporidiosis was the second to third most prevalent
cause of moderate-to- severe diarrhea (MSD) in children
aged 0-59 months and a leading cause of death in Sub-
Saharan Africa and South Asia.” In Colombia, the prevalence
of cryptosporidiosis is 7.8% in humans, primarily in
immunocompromised children. Water sources such as rivers
and domestic water show a 38.9% presence of
Cryptosporidium, with the most contaminated samples from

the Andean region, an area with a large population and
significant industrial and agricultural activity. The most
frequent parasites in the samples analysed from this region
are Cryptosporidium parvum and  Cryptosporidium
hominis.! Despite its impact, cryptosporidiosis is not
included in the Public Health Surveillance System
(SIVIGILA) in  Colombia, resulting in limited
surveillance and monitoring of this parasite in water sources.®

2. ML Techniques

Have achieved great success in various fields of image
recognition, such as medical image classification, object
detection, face recognition, and traffic sign classification.%'?
Widmer et al. proposed an ANN-based approach for
identifying Cryptosporidium parvum oocysts in microscopic
images.”® The training dataset comprised 525 digitized
microscopic images cropped into 36* 36 pixels. These
cropped images underwent pre-processing and were used as
input to an ANN trained with the back propagation algorithm.
Evaluation involved a different set of 362 images, achieving
81% accuracy. This work was extended by Widmer et al. to
classify images of two protozoa species, Cryptosporidium
parvum and Giardia lamblia.'* Shape-based features were
extracted, and two separate ANN models were developed.
The first ANN model utilized 1586 images of
Cryptosporidium parvum, while the second model employed
2431 images of Giardia lamblia. The model trained on
Giardia lamblia images achieved superior classification
accuracy, correctly identifying 99.6% of Giardia cyst images
and 91.8% of Cryptosporidium oocysts.

Data augmentation is an effective training set expansion
technique. It can extend the training set by flipping, rotating,
or adding noise to the original training set. However, it has
limited ability to improve the training effect. Synthetic
images have been applied to supervised network training in
fields such as text recognition, scene understanding, image
reconstruction, and medical image analysis. However, the
training effect of synthetic image sets on supervised networks
is also limited.™

Generative Adversarial Networks (GANS) are a series of
image generative models with excellent capabilities. GANs
have achieved notable results in the computer vision field,
including image generation, image super-resolution
reconstruction, and image style transfer.’® GANSs
innovatively use a discriminative network as an evaluator for
generating models. During the training process, the generator
produces images that closely match the distribution of the
training set, while the discriminator distinguishes generated
images from training samples. Through adversarial training,
both the generator and discriminator are continuously
optimized.

The generator input of GAN is random noise, which may
cause different inputs to produce the same output image. This
makes it difficult to visually identify the relationship between
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input noise and the output image. A variant of GAN,
Conditional GAN (CGAN), adds condition information to
both the generator and discriminator to guide the model's
training, enabling the generation of different images based on
the condition information.*” Based on CGAN, Pix2Pix GAN
trains CGAN using paired images to obtain the mapping
relationship between input and output image distributions.
Cycle-Consistent Adversarial Networks (CycleGAN) further
overcome the shortcomings of Pix2Pix GAN, which requires
paired images for training, by using unpaired images to
achieve mutual translation between two image
distributions.’® A CycleGAN is applied to generate FEM
images due to its unique characteristics and excellent ability
in image generation. In this article, we focus on the problem
of few annotated training examples in the FEM image
analysis method based on the Mask Region Convolutional
Neural Network (Mask R-CNN), and we propose an
automatic image generation method of near-real samples
based on CycleGAN.? First, many annotated synthetic
images generated by computer script are used as the input for
the generator. Since CycleGAN does not require paired
samples for training, we use a set of real image samples
segmented from real experimental images as the input for the
discriminator. The trained generator can learn the image
features of real experimental images and achieve a synthetic-
real image style transformation. With the transformed
annotated image set as the training set for Mask R-CNN,
experimental results show that the average precision of Mask
R-CNN can be effectively improved.

Supervised deep learning typically requires a large
training dataset. Given the high acquisition costs and labor-
intensiveness of manual annotation, it can be quite hard to get
this for medical images. To that effect, Kumar et al. proposes
data augmentation to increase the baseline training dataset.?°
While most data augmentation methods are based on image
transformations like rotation and translation, Kumar et al. and
Correa | et al. used the unpaired image translation method
using CycleGAN.?°2Y This is an unsupervised system
generating images from annotated source images in another
modality, thereby increasing the dataset size.

These techniques can increase the effective size and
diversity of the training data by artificially manipulating
images, in turn improving the performance of machine
learning models on parasite image analysis. This review is
conducted to discuss various augmentation techniques
employed on small-sized fluorescence image datasets of
parasites and to test their effectiveness and potential impacts
on model performance. The paper surveys various
augmentation techniques applied to small fluorescence image
datasets of parasites, discussing their effectiveness and
potential impacts on model performance.

3. Challenges to Detect Waterborne Intestinal Parasites

Detection of the waterborne intestinal parasites comes with
some challenges, all of which affect the efficacy of detection
methods.

3.1. Low prevalence of parasite

Normally, the concentration of parasites in most water
samples is usually very low and may not be easily detected.
Low prevalence increases the risk of false negatives and
complicates identification. Contaminated water sources
usually harbor the common waterborne parasite
Cryptosporidium spp. in low numbers. Studies indicate that
routine detection methodologies fail to identify such low-
level infections, thus underrepresenting and receiving
inadequate treatment measures.

3.2. Matrix interference

Most water samples are typically complex mixtures of
particles, organic compounds, and contaminants. These
matrix interferences may affect the efficiency of parasite
detection and recovery from obscuring or masking target
parasites. Thus, in water treatment plants, organic debris and
other microorganisms interfere with detection methods like
immunofluorescence microscopy and PCR, which require
clear identification of the target parasites.?

3.3. Morphological variability

The morphology of parasites may vary significantly
according to their life stages or due to some environmental
factors, which further complicates the job for an automated
identification and classification process. Giardia lamblia is a
protozoan parasite that develops into various morphological
forms during its life cycle. For example, there are
trophozoites and cysts. These morphological forms can
create problems in diagnosis due to the probability of lesser
accuracy from the differentiated automated systems.?

3.4. Limited availability of reference images

Typically, a limited amount of high-quality reference images
is available for training and validation for automated
detection systems. The unavailability of comprehensive
datasets images puts difficulties in developing accurate
models of machine learning. In the case of Cryptosporidium
spp., the limited number of images available with annotated
fluorescence microscopy makes it a bit challenging for the
efficient training of deep learning models. This limitation
affects the model's ability to generalize and hence hits its
efficiency in the correct detection of parasites from different
water samples.?

4. Materials and Methods

In the scope of this study and literature review, we initially
conducted a targeted search in Google Scholar using the
search query "Data Augmentation" AND "Fluorescence
Images” AND "Parasites” AND "Cryptosporidium”. This
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strategy already limited the search to data augmentation
methods applicable in fluorescence microscopy images of
cryptosporidium. After obtaining the articles, they were first
screened for their title, abstract, and keywords. Articles that
did not explicitly mention data augmentation techniques
applied in parasite image analysis or were entirely focused
on technical aspects unrelated to the subject under
investigation, for example, image processing algorithms
without augmentation, were discarded. First priority was
given to articles in peer-reviewed journals, conference
proceedings, and reputable industry reports.

Although there were many papers on general data
augmentation and image processing, we have discarded those
which did not work with images related to fluorescence
microscopy images of parasites. That would have fallen
outside the scope of this research. Some foundational papers
were also added so that the user who wants to adopt these
algorithms can get a fully comprehensive idea about the
involved technologies.

The selection categories for all the papers fell under the
following buckets:

1. Basic data augmentation techniques: Studies assessing
traditional data augmentation methods of rotation,
translation, flipping, and scaling.

2. Advanced data augmentation techniques: Papers
investigating advanced methods of creating synthetic
images, including GANs and CycleGAN.

3. Application to parasite imaging: Research applying
data augmentation techniques in fluorescence
microscopy images of parasites.

4. Evaluation and comparison: Studies comparing the
different data augmentation methods with respect to
their effectiveness on model performance in parasite
image analysis.

5. Practical implementations: Case studies and examples
of practical implementation that demonstrate the
impact of data augmentation in real-world scenarios.

In total, 29 papers were selected for the review, which
now provide a deep and meaningful insight into data
augmentation techniques for fluorescence microscopy
images of parasites, (Figure 2) guaranteeing a robust base for
future research and applications in this domain.

5. Traditional Data Augmentation Techniques

Traditional data augmentation techniques are the basic
methods to increase the variety in the training dataset by
applying several transformations on the existing images.
These techniques basically lay the foundation for developing
robust machine learning models, particularly in the scenarios
when datasets are small.

Original Image

Figure 2: Cryptosporidum parvum oocyst, stained with
crypto-glo, a flourescent monoclonal ab, which recognized
Cryptosporidium outer wall proteins (COWP) (excitation:
410- 485nm), seen under magnification of 40X

5.1. Geometric transformations

Geometric transformations involve methods of data
augmentation with rotations, translations, and scaling.
Rotations involve rotating the image by random angles to
imitate different orientations of objects in the image. This
technique is very useful to ensure models recognize an object,
such as a parasite, regardless of its orientation. Translations
shift images along horizontal or vertical axes, helping models
learn to detect objects that are not centered within the image
frame. Scaling refers to a change in the size of the image and
may be useful when the objects come in different sizes
because of a change in magnification or focusing power.
These transformations, according to Rani et al., add variation
to the training data and make the models generalize better
across different scenarios.?

5.2. Flipping

This is a very simple and very efficient augmentation process:
flipping horizontally and vertically. (Figure 3) The
horizontal and vertical flips reflect the image along axes and
thus add variations to the data that will let the model learn
recognition of objects in different orientations. This
technique will therefore be useful when the orientation of the
object in the image is not fixed, which happens very often in
microscopy images since parasites usually appear in different
mirror-image orientations. Flipping enriches the dataset
diversity, thus making the model more robust with respect to
object orientation variation.?*

Horizontal Flip Vertical Flip

Figure 3: Horizontal and vertical flips
5.3. Cropping

Random cropping extracts samples from an image differently
to augment them and be used as new training samples. This
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step provides a lot of variability, focusing on different regions
of the image. (Figure 4) This may be useful in scenarios
when objects can appear anywhere in a frame. Models will
learn to recognize and detect objects based on crops around
different sections. This is a valuable technique to ensure that
the models are not dependent on the center part of the image
and can generalize better to different positions of the object.?®

Cropped Image

Figure 4: Cropping

5.4. Padding

Padding refers to creating a border or extra space around
images so that all of them get the same dimensions after
cropping or any other transformation. (Figure 5) This is to
ensure that the dimensions are uniform within all images,
which is a very essential need within machine learning
models, as they should keep the size of inputs uniform.
Padding at the edges prevents important features from being
lost and makes the model robust to images of variable sizes;
that is, it preserves the context of the objects contained in the
images.®

Padded Image

Figure 5: Padding

5.4. Advanced data augmentation techniques

All techniques beyond the basic transformations, such as
rotations and flips increase a model's robustness and
performance even further. These techniques enable enriching
a training dataset with sophisticated methods to improve deep
learning models for parasite detection and analysis from
fluorescence microscopy images. Each technique improves
certain challenges of image variability, model generalization,
and dataset scarcity, which finally increases the accuracy and
robustness of parasite detection systems.

6. Generative Adversarial Networks (GAN)

GANs are deep learning-based methods for generating
synthetic data that look very much like real data samples. In
the case of image augmentation, GANs will learn to create
images whose statistics are very close to those of the original
dataset. This approach is especially useful when there is a
limited amount of labelled data available, as GANs can
generate new images to supplement the training set. GANs
can generate very authentic variability in parasite
morphology, noise in the background, and staining patterns
visible in parasite microscopy images. All these increase the
generalization abilities given unseen data.’® Notable
applications include generating parasite images to augment
the training datasets for models, demonstrating significant
improvement in model accuracy.

7. Cyclegan-Based Image Generation

CycleGAN, or Cycle-Consistent Adversarial Networks,
represents an immense leap over most of the previous
literature on the techniques for image generation and
augmentation. Where traditional GANs are trained using
paired images, CycleGAN generates high-quality images
with unpaired datasets, making the system really versatile for
applications with scarce annotated data. This will be
particularly useful in areas such as fluorescence microscopy
image analysis, where it is hard to get many training
examples with annotations.!® After training a CycleGAN
where the generator is powered by a set of synthetic images
generated from a computer script, and another set of
experimental real images powering its discriminator, it learns
the features of real images and can further carry out style
transformations between synthetic and real images.® It goes
without saying that by changing the annotated image set,
deep learning models like Mask R-CNN have their
performance greatly improved by being trained on that
changed annotated image set. This approach not only
increases the variability within the training set but also gives
more real-world representations, resulting in more robust and
accurate models.

By including CycleGAN-based image generation in our
augmentation pipeline, we overcome the limitations of
traditional ~ augmentation  methods by  geometric
transformations or noise injection, which can hardly capture
the real complexity and variability in fluorescence
microscopy images. This further illustrates the way state-of-
the-art generative models can be used for the creation of more
effective and realistic training datasets, aimed at equipping
better machine learning models for tasks like parasite
detection and segmentation in fluorescence images.

Data

8. Generative Instance

Segmentation

Augmentation for

Generative data augmentation represents one of the most
promising areas in the domain of fluorescence microscopy
image instance segmentation. Roberto Basla explained how
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these techniques are applied using GANs to artificially
increase the size of the training dataset.?® This kind of
segmentation consists of identifying and delineating a single
object within an image, which can be said to form a part of
tasks like cell detection and analysis. It is by the generation
of synthetic images, while managing to capture most
characteristics from real microscopy images, that Basla
improves the robustness and variety in training data for more
accurate and generalizable instance segmentation models.

9. Cutout and Cutmix

Cutout: Rectangular patches are randomly removed from
images during training. This forces the model to focus away
from a patch in the image and learn more robust features,
hence reducing overfitting. For example, in parasite
detection, Cutout can help the model focus on different
regions of interest that may be present in the image, such as
different developmental stages of a parasite or different
backgrounds.

In contrast, CutMix does so by cropping a part of one image
and filling it with a patch from another in two images. This
forces the model to learn the classification and segmentation
of parasites under different contexts of images. The methods
can, therefore, enhance model generalization on unseen data.
It enhances the diversity of the training set data and hence
better handling variations in the model's appearance of
parasites.(Figure 6)

Cutout Augmentation CutMix Augmentation

Figure 6: Cutout: draws a horizontal line through the middle
of the cutout area to indicate the exact region that’s removed.
Cutmix: Draws a horizontal line across the middle of the
CutMix region to show where the mixed section is applied

10. Mix-Up

Mixup augments the dataset through linear interpolation
between image pairs and their corresponding labels. This
technique involves generating new training samples by
mixing two images with their corresponding labels to create
synthetic examples lying on the lines between data points in
a feature space. Mixup can smooth out decision boundaries,
reducing overfitting to specific training examples for better
generalization. Mixup can help the model recognize the
parasites in different degrees of overlap or clustering in cells
or tissues for microscopy images.?’

11. Auto Augment

Auto Augment is a data augmentation method which applies
reinforcement learning searching for optimal augmentations.
In this method, a collection of pre-defined augmentation
operations and their parameters are selected to come up with
the best combination that improves model performance.
Successful applications of Auto Augment have been made in
a range of image recognition tasks, including medical
imaging, due to its ability to discover dataset- specific
augmentation policies. For parasite detection, therefore, the
adoption of Auto Augment will enable the tuning of
augmentation strategies for such a wide-ranging morphology
and appearances of the different parasite species.?®

12. Colour Space Adjustments

Brightness, contrast, and saturation adjustments modify
colour properties in images to simulate different imaging
conditions. This approach will help the model become more
robust to variability in staining or light conditions within
microscopy. Changes in brightness would allow simulating
variations in lighting conditions, whereas contrast and
saturation changes would account for variability in quality
across staining or imaging techniques.

13. Noise Injection

Noise injection consists of the introduction of random noise
into images to model imperfections and variations occurring
in real-world imaging. It trains the model to detect objects
even in the presence of artifacts or noise within the images.
Common examples of noise include Gaussian noise, which
introduces random variations in pixel values, and speckle
noise, which adds granular patterns to the image. Noise
injection in the training process of models is an important
factor for making them robust against real-world conditions
where images are not clear.?®

14. Mosaic Data Augmentation

Mosaic data augmentation merges four different images into
one, increasing the variability of the training dataset by
containing different contexts in a single composite
image.(Figure 7) This method thus hugely improves the
variety of examples within the training dataset by stitching
together parts of different images, which may be more useful
for models trained to generalize across diverse environments
and conditions. This technique has been used to great success
in improving object detection and classification tasks in
complex scenes.?
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Mosaic Augmentation

Figure 7: Mosaic augmentation with four quadrants, each
framed with a unique border colour to highlight the different
sections

15. Key Gaps and Research Ideas

Of all the critical challenges in automated parasite detection
and analysis from fluorescence microscopy images, one is the
lack of high-quality annotated datasets. In turn, this makes it
very hard to train and even validate robust deep learning
models. All the above scenarios call for collaborative
platforms to share high-quality annotated datasets or to
develop standardized protocols for data annotation to
improve data quality and availability. Another key challenge
with respect to models is their generalizability. Models
trained on some dataset badly perform on new data not used
during training, which is basically due to variations in
imaging conditions, sample preparation, and the morphology
of the parasites. This thus underlines studies on domain
adaptation techniques and investigation of robust data
augmentation strategies to improve model generalizability
across different datasets.

Computational efficiency is another pressing concern.
Heavy computations in deep learning models, for instance
segmentation and object detection prohibit their applications
in real-time or resource-constrained settings. Lightweight
model architecture design and algorithm optimization can
effectively reduce  computational burdens  without
compromising accuracy. Moreover, most of the existing
works focus on fluorescence microscopy images only and
overlook other data sources that could provide
complementary information, like clinical metadata or other
imaging modalities. Integrated multi-modal data can then
significantly enhance diagnostic accuracy and model
robustness. Another critical issue is deep learning model
interpretability. There is often the perception that these
models are "black boxes," whereby even the creators of those
models can hardly explain and interpret their predictions and
what features they are relying on to classify or detect.
Working in such a direction, like visualizing feature maps,
using attention mechanisms, or incorporating explainable Al
techniques into the model, is quite important. Furthermore,

the model-building process in a research setting differs from
actual deployment in either clinical or field settings. Pilot
studies assessing model performance and usability in a real-
world setting must be conducted, with construction of user-
friendly interfaces and integration within laboratory
information systems for successful deployment.

Because of this, some research ideas are proposed that
could fill these gaps. Advanced methods of data
augmentation include 3D GAN or variational autoencoder-
based methods, which can be used to generate high- fidelity
synthesized images varying in ways like real- world
variations.  Self-supervised, let alone semi-supervised,
approaches could also help leverage large volumes of
unlabelled data and probably work at reducing the demands
on annotated datasets while improving model performance.
Therefore, real-time parasite detection should be developed
by optimized neural network architectures, such as
MobileNet or EfficientNet, using deployable logic on mobile
devices or low-resource settings. Cross- domain adaptation
techniques can enable knowledge transfer from models
trained on one imaging modality/dataset to another.

It will aid in gaining insights on model decisions through
the application of explainable Al techniques, building trust
and increasing adoption by clinicians and researchers by
making clear how models identify and classify parasites.
Finally, the detailed benchmarking framework for parasite
detection and segmentation models can be set up by gathering
a diversity of datasets, standardizing evaluation metrics, and
providing public leaderboards to support comparative
studies, thereby fostering progress in the field. Addressing
these gaps and investigating these research ideas are thus of
paramount importance towards significantly advancing the
state of field for automated parasite detection and analysis in
fluorescence microscopy images, characterizing more
accurate, efficient, and deployable solutions.

16. Conclusion

Data augmentation plays an essential role in enhancing
performance for deep learning models that are applied to
analyse fluorescence microscopy images of parasites.
Challenges inherent to acquiring big, annotated datasets in
such specialized applications demand the necessity of
effective augmentation techniques to improve model
robustness and generalizability. Traditional augmentation
approaches have been based on geometric transformations,
cropping, rotation, and flipping, which increase the dataset
diversity and reduce overfitting. Advanced augmentation
techniques involve generative adversarial networks, synthetic
data generation, colour space adjustments, and others, having
key benefits because of the more realistic and diverse training
samples produced, better replicating the complicacy of actual
microscopy image examples.

Generative data augmentation uses a GAN to generate
realistic images. This is done in Basla, 2021/2022; hence,
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there are high-quality synthetic images that may retain some
key features for real microscopy images.?® While this
approach provides more than is necessary to enlarge the
training dataset size, through variations it enables models to
make more accurate and resilient predictions. Mosaic
augmentation and noise injection techniques improve model
performance further by augmenting data from different
imaging conditions and introduce controlled perturbations
into the models so that they are robust to artifact and
inconsistency effects.

Though so much has been done in this view, several
important gaps remain to be tackled, such as the limited
availability of annotated datasets, challenges in model
generalizability, computational inefficiencies, and the need
for enhanced model interpretability. The path forward for
these gaps would thus be a collaborative effort based on the
development of lightweight and explainable model
architectures that can integrate multi-modal data. Further
research in domain adaptation techniques, self-supervised
learning, and benchmarking frameworks for evaluating and
comparing model performances are also required.

In other words, there is great significance in harnessing
a combination of traditional and advanced data augmentation
techniques to develop robust and accurate deep learning
models for the fluorescence microscopy image analysis
of parasites. The improved diagnostic potential, more
efficient workflows in clinical and research settings, and
broader adoption of automated parasite detection systems
will get a fillip from such efforts. Further investigations into
and enhancement of techniques like these can make great
strides toward the battle against the global health burden of
parasitic infections.
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