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Abstract:

Anemia is a prevalent global health issue, particularly affecting vulnerable
populations such as children, pregnant women, and those in low-resource settings.
Traditional diagnostic methods include complete blood count (CBC) and peripheral
blood smears, while more advanced techniques involve molecular diagnostics and
reticulocyte counts. Recent advancements in technology have enabled the use of
computer vision algorithms to analyze retinal fundus images for anemia detection.
This research paper presents a comprehensive approach to anemia detection using
retinal fundus images and machine learning algorithms. The study leverages the
Retinal Fundus Multi-disease Image Dataset (RFMID), consisting of 3200 fundus
images captured using different fundus cameras and annotated by retinal experts.
Various machine learning algorithms, including convolutional neural networks
(CNNSs), are applied to extract features from retinal images and classify them into
normal and abnormal categories. Additionally, the paper explores the performance
analysis of the developed models, evaluating metrics such as accuracy, recall,
specificity, precision, AUC-ROC, and Fl1-score. The findings highlight the
effectiveness of CNN-based approaches in detecting anemia and other retinal
abnormalities, demonstrating the potential of machine learning in enhancing

medical diagnostics in ophthalmology.

Keywords:

Anemia, Computer Vision, Machine Learning, Retinal Fundus Image

Scienxt Center of Excellence (P) Ltd SJAIML]|]2



https://scienxt.com/

:f'S'Cl E N XT e - ISSN: 2584-1939; SJAIML

Scienxt Journal of Artificial Intelligence and Machine Learning

1. Introduction:

According to the World Health Organization (WHO), Anemia is a condition in which the
number of red blood cells or the hemoglobin concentration within them is lower than normal.
Anaemia is a serious global public health problem that particularly affects young children,
menstruating adolescent girls and women, and pregnant and postpartum women. WHO
estimates that 40% of children 6-59 months of age, 37% of pregnant women, and 30% of

women 15-49 years of age worldwide are anaemic.

Anaemia reduces women's health and well-being and raises the likelihood of unfavorable
maternal and neonatal outcomes. The highest prevalence of anemia was seen in South Asia,
Central and West Africa. While the reasons of anemia vary, it is believed that iron deficiency
accounts for half of all cases. In some situations, the prevalence of anemia has been
significantly reduced; yet, overall progress has been insufficient. Additional initiatives are
required to meet the World Health Assembly's aim of reducing anemia in women of
reproductive age by 50% by 2025. In order to give the idea about the prevalence Global Data
epidemiologists analyzed 16 major pharmaceutical markets (US, France, Germany, Italy,
Spain, UK, Japan, Australia, Brazil, Canada, China, India, Mexico, Russia, South Africa, and
South Korea). Where Total prevalence is defined as including both diagnosed and undiagnosed

cases. The global prevalence is as shown in figure with help of map. [1, 2]

India’s anemia burden has grown alarmingly with NFHS-5 (2019-21) finding that 57% of
women in the age group 15-49 and 67% children between six months and 59 months are
anaemic (from the corresponding 53% and 58.6% respectively in NFHS-4 (2015-16)). Anemia
prevalence rates among rural tribal populations in India remain alarmingly high, with estimates
ranging from 50% to 90% among women and children. In such regions, despite extensive
government initiatives, rural and tribal communities in India continue to face inadequate access
to medical diagnostic facilities, exacerbating the challenges in diagnosing and managing health
conditions such as anemia. This deficiency not only hampers timely diagnosis and treatment
but also contributes to the worsening of health outcomes and perpetuates disparities in

healthcare access and outcomes. [3]
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Figure. 1: Global prevalence of anemia

The World Health Organization has decided that anemia exists in adults whose hemoglobin

values are lower than 13 g/dl in males and 12 g/dl in females. Children age 6 months to 6 years

are considered anemic at hemoglobin levels below 11 g/dl; and between 6 and 14 years, below

12 g/dl. The disadvantage of these arbitrary criteria is that they include some normal individuals

who fall below the defined value. In the United States, slightly higher values are usually cited,

and males with a hemoglobin below 13.5 g/dl and females with a hemoglobin below 12.5 g/dI

probably should be considered anemic. Higher values are anticipated in individuals living at

altitudes significantly above sea level. In conditions in which there is an increase in the plasma

volume, such as the last trimester of pregnancy, lower hemoglobin values will be encountered

even though the red cell mass is normal [4,5].

Table. 1: Hemoglobin levels (g/L) to diagnose anemia

Anemia
Population, Age

No anemia | Mild Moderate | Severe
Children, 6—59 months >110 100-109 | 70-99 <70
Children, 5—11 years >115 110-114 | 80-109 <80
Children, 12—14 years >120 110-119 | 80-109 <80
Nonpregnant women, 15 years and

>120 110-119 | 80-109 <80
above
Pregnant women >110 100—-109 | 70-99 <70
Men, 15 years of age and above >130 110—129 | 80—109 <80
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Various methods are employed to diagnose anemia, each offering unique insights into a
patient's blood profile. Traditional methods include complete blood count (CBC), measuring
red blood cell count, hemoglobin levels, and hematocrit. Peripheral blood smears allow for
visual inspection of blood cells, identifying abnormalities in their size and shape. Serum ferritin
levels and iron studies assess iron storage and transport, vital for red blood cell production.
More advanced techniques involve reticulocyte counts, evaluating young red blood cells to
gauge bone marrow activity. Modern approaches harness molecular diagnostics, assessing
genetic factors impacting blood disorders. Additionally, novel technologies, such as computer
vision analyzing retinal fundus images, offer automated and non-invasive means for anemia
detection, streamlining diagnosis and enhancing early intervention strategies. Integrating these
diverse methods ensures a comprehensive understanding of anemia etiology and severity,

enabling tailored treatment plans for optimal patient care [5].

Anemia detection using computer vision with retinal fundus images is an innovative approach
that leverages advanced technology to aid in the diagnosis of anemia, a condition characterized
by a deficiency of red blood cells or hemoglobin in the blood. Retinal fundus images capture
the blood vessels in the retina at the back of the eye, providing valuable information about the
health of the circulatory system. Computer vision algorithms can be trained to analyze retinal
fundus images and detect abnormalities associated with anemia, such as changes in the
appearance of blood vessels or the presence of characteristic signs like pale or white patches.
These algorithms use machine learning techniques to identify patterns and features indicative

of anemia, allowing for accurate and efficient diagnosis.

In the context of anemia detection, machine learning algorithms are trained using a dataset of
retinal fundus images labeled with information about whether the patient has anemia or not.
These algorithms learn to extract relevant features from the images, such as the appearance of
blood vessels, the presence of characteristic signs like pale patches, or changes in the retinal

structure associated with anemia.

By automating the analysis of retinal fundus images, computer vision systems can assist
healthcare providers in identifying patients at risk of anemia or monitoring the progression of
the condition. This technology has the potential to improve early detection and intervention,
leading to better outcomes for patients with anemia. However, it's essential to validate and
refine these algorithms through rigorous testing and clinical studies to ensure their accuracy

and reliability in real-world healthcare settings.
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2. Related work:

This literature review aims to provide an overview of the current state-of-the-art techniques
employed for anemia detection which includes pathological methods involving hemoglobin
measurement, application of advanced technological innovations for screening anemic

condition highlighting their strengths, limitations, and potential for clinical translation.
2.1. Clinical pathology methods:

Hemoglobin measurements should preferably be performed in well-equipped medical
laboratories. The most common Hb determination procedures rely on the spectrophotometric
characteristics of Hb or its derivatives, such as cyanmethemoglobin, which is regarded the gold
standard in Hb estimation [6]. In addition to the hemoglobin color scale, there are alternative
methods, including the Sahli technique, the Lovibond-Drabkin method, and the Tallgvist
method. A third technique compares the density of blood to that of a specific copper sulfate
solution. Each strategy is based on a different premise and has distinct advantages and
limitations. The Cyanmethemoglobin technique is a cheap and reliable way to measure Hb
content. Blood is combined with Drabkin's solution, which lyses and releases hemoglobin.
Methemoglobin is formed when potassium ferricyanide reacts with potassium cyanide to create
hemiglobincyanide [7]. The absorbance at 540 nm is read and compared to the standard
solution to determine Hb content. This approach converts various Hb compounds to
hemiglobincyanide and is used to monitor Hb levels. The WHO hemoglobin color scale gives
a simple method of diagnosing anemia by calculating Hb concentrations from a drop of blood
using a color scale. The Hb saturation color scale is shown by a little card with six colors of
red that correspond to the Hb levels of 40, 60, 80, 100, 120, and 140 g/L. In comparison to
clinical evaluation of conjunctiva, palms, and nail beds, the approach is precise and cost-
effective, and it may be utilized as an alternative when more color scale method variants are

available, such as the Lovibond-Drabkin, Tallgvi, and Sahli methods. [8]
2.2. Minimally invasive methods:

While Hb levels in lysed blood samples can be measured relatively easily using light absorption
alone, anemia detection using unprocessed whole blood can further simplify sample
preparation steps and, more importantly, may allow additional blood tests to determine the
causes of detected anemia with the same sample.[9] Taparia et al. and Halder et al. created
microfluidic methods for anemia detection that use non-lysed whole blood samples rather than

lysed hemoglobin.[9,10] The unbroken RBC membrane in non-lysed blood scatters light,
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resulting in a departure from the linear connection between light absorption and hemoglobin
content. To maintain Hb measurement accuracy, Taparia et al. combined characteristics such
as absorbance and scattering coefficient and fractional hematocrit into a more generalized
model, allowing hemoglobin level measurement based on a calibrated non-linear fitting curve
[9]. Halder et al. linked hemoglobin levels to the difference in absorption at 570 nm (isosbestic
point of oxy- and deoxy-hemoglobin) and 630 nm (deoxy-hemoglobin) [10]. Zhu et al.
produced three types of microfluidic cartridges that can be independently tailored to the same
manifold and can be imaged using a smartphone [11]. Each microchip allows for one form of
measurement: (1) WBC counting using fluorescent labeling, (2) RBC counting with pre-diluted
RBCs, and (3) Hb level measurement with lysed blood. The capacity to undertake WBC and
RBC counting in addition to Hb level measurement is quite important. Future initiatives to
eliminate sample pre-processing processes or integrate with whole blood processing

microchips can enhance the platform's usefulness, particularly in middle- or low-resource

settings [12].
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Figure. 2: Minimally invasive point-of-care technologies for Hb level measurement and anemia testing. (A)
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2.3. Non - invasive methods:

Recent improvements in digital image processing and machine learning technologies may
provide solutions to improve these non-invasive anemia screening methods, as summarized
below. For example, Golap et al. used symbolic regression of multigene genetic programming
to simplify data analysis.[13] To handle PPG data, Liu et al. created models using partial least

squares regression and a backpropagation artificial neural network [14]. Kavsaoglu used eight
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regression machine learning techniques to recognize the unique properties of PPG signals (15).
Acharya et al. developed a stacked regressor model for machine learning, which included a
two-layer stack of regressors such as least absolute shrinkage and selection operator, ridge,
elastic net, adaptive boost, and support vector regressors [16]. M. Azarnoosh et al. provided a
practical inquiry strategy that involves capturing a PPG signal at four different wavelengths
from thirty subjects undergoing hemoglobin concentration measurement in a laboratory setting.
After calibrating the specialized recording probe with a standard pulse oximeter system and
preprocessing the collected signals, the peak-to-peak value of the PPG signals was determined.
Following that, Spearman and Pearson correlation studies were performed to determine the
association between the peak-to-peak signal value at a certain wavelength and hemoglobin
concentration, shedding light on the changing patterns in the data [17]. With recent
developments in high-performance photographic sensors in smartphones, smartphone-based
diagnostics have shown substantial advantages in terms of accessibility and cost-effectiveness
for anemia screening. However, the range of photographic sensors included in smartphones
makes it difficult to standardize procedures and develop universal tools for image collecting
and data analysis. The majority of smartphone-based devices assess tissue colors by capturing
photos of the conjunctiva [18], fingertip [19], nailbed [20], or retinal fundus [21]. Collings et
al. discovered that the erythema index estimated from smartphone photos of the palpebral
conjunctiva obtained in ambient light circumstances can be used to measure Hb levels [18].
Wang et al. developed HemaApp, which used white and IR LEDs to detect anemia over the
fingertip [19], however it has since been refined to use only white LEDs via hardware
setup. Mannino et al. created a smartphone app using machine learning to measure Hb levels
from photographs of the fingernail bed [20]. Mitani et al. created a deep learning method to
quantify Hb levels from images of the retinal fundus, which can be obtained during tele retinal
disease screening. This method could be useful for investigating the link between anemia and
ocular disease, for which fundus images are currently accessible [21]. Dimauro et al. created
an accessory consisting of a customized spacer and a macro lens to capture photographs with
a smartphone camera while minimizing the impact of ambient light [22]. Park et al. used
spectral super resolution spectroscopy to computationally recreate high-resolution spectra of

blood hemoglobin obtained with a smartphone's built-in camera [23].

Scienxt Center of Excellence (P) Ltd SJAIML||8



https://scienxt.com/

%Cl E N XT e - ISSN: 2584-1939; SJAIML

Scienxt Journal of Artificial Intelligence and Machine Learning

WHO Color Scale
NBM-200 HemoCue //' 1 Iron Deficiency Anemia
Pronto-7 57 Diaspect (I Acquired or Inherited
Haemospect Mission Plus Red Cell Disorders
AnemoCheck

Integrated Hemoglobin
Electrochemical Sensing Variant, Sickle Cell ZZ?
Paper-Based Microfluidics Anemia, and Malaria N
Tests -

Near-Infrared
Photoplethysmography
Smartphone

Figure. 3: Different anemia detection methods

Traditional laboratory methods for anemia detection include complete blood count, peripheral
blood smears, serum ferritin levels, iron studies, reticulocyte counts, and hemoglobin
electrophoresis. Emerging technologies like point-of-care testing devices and mobile health
applications offer accessible, non-invasive methods, while computer vision and machine

learning algorithms offer promising solutions.

The review identified a diverse range of machine learning approaches utilized for anemia
detection from retinal fundus images. Convolutional neural networks (CNNs) emerged as the
predominant technique, leveraging their ability to automatically extract relevant features from
images and classify them with high accuracy. Transfer learning, ensemble methods, and deep
learning architectures have also been applied, demonstrating promising results in improving
diagnostic performance. Preprocessing techniques, such as image enhancement and
normalization, further enhance the robustness and generalization of the models. However,
challenges remain, including the need for large and diverse datasets, interpretability of deep

learning models, and validation in real-world clinical settings.

3. System development:

3.1. Image dataset and sources of data:

A typical retinal fundus image comprises the retina’s background, blood vessels, macula, and
fovea. In a fundus image, various diseases can be seen in specific areas of the retina. Cotton-
wool spots on the retina are typical ocular symptoms of several medical conditions, including

diabetes mellitus, systemic hypertension, anemia etc.

The fundus, located at the back of the eye, encompasses the retina, optic nerve, and retinal
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blood vessels. Fundus images, captured using specialized cameras through a dilated pupil, offer
a color depiction of this area, with the procedure being quick, typically lasting one to two
minutes, and non-invasive. Following imaging, the resulting pictures provide a view of the
retina, retinal vasculature (blood vessels), and optic nerve head, where retinal blood vessels
enter the eye. These images are two-dimensional (2-D), and multiple images may be obtained

for an individual based on the eye and camera position.

Retinal
Blood Vessels

Optic Disc

Optic Cup

Macula

Right Eye Left Eye

Figure. 4: Retina fundus image

In this system development, we have used Retinal Fundus Multi-disease Image Dataset
(RFMID). It consists of 3200 fundus images captured using three different fundus cameras with
46 conditions annotated through adjudicated consensus of two senior retinal experts. To the
best of our knowledge, our dataset, RFMID, is the only publicly available dataset that
constitutes such a wide variety of diseases that appear in routine clinical settings. This dataset

will enable the development of generalizable models for retinal screening.

o Screening of retinal images into normal and abnormal (comprising of 45 differenttypes

of diseases/pathologies) categories.

o Classification of retinal images into 45 different categories

Scienxt Center of Excellence (P) Ltd SJAIML]|10
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Figure. 5: Sample Images from RFMiD Dataset

This dataset is useful for the research and development of Al-based medical healthcare systems
in ophthalmology. To the best of the authors knowledge, the dataset, RFMID represents the
only publicly available dataset that constitutes such a wide variety of diseases that appear in
routine clinical settings [24]. This aforementioned challenge promoted the development of
generalizable models for screening retina, unlike the previous efforts that focused on the
detection of specific diseases. Its comprehensive coverage of multiple diseases, suitability for
algorithm development and evaluation, real-world representation, and promotion of
collaboration make RFMID an indispensable resource for improving patient outcomes and

advancing the field of ophthalmology.
3.2. Feature extraction:

Feature extraction from retinal fundus images for anemia detection involves identifying and
quantifying relevant visual characteristics that may indicate the presence of anemia. Common
features extracted from these images include the morphology and appearance of retinal blood
vessels, such as vessel width, tortuosity, branching patterns, and fractal dimension.
Additionally, features related to the color and texture of the retinal structures, such as optic disc
pallor, retinal hemorrhages, and microaneurysms, may also be considered. Machine learning
techniques, such as convolutional neural networks (CNNs), are often employed to
automatically extract these features and learn discriminative patterns associated with anemia.
This process enables the algorithm to differentiate between normal and abnormal retinal

features, aiding in the detection and diagnosis of anemia [25].
Feature extraction from retinal fundus images for anemia detection involves several key steps:

1. Image Acquisition: Retinal fundus images are captured using specialized imaging
equipment, such as fundus cameras, which produce high-resolution images of the retina.

These images typically include the optic disc, blood vessels, and other retinal structures.

2.  Preprocessing: The acquired images may undergo preprocessing steps to enhance their

quality and remove noise or artifacts that could interfere with analysis. Common
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preprocessing techniques include image denoising, contrast enhancement, and

normalization.

Region of Interest (ROI) Selection: A region of interest (ROI) containing the retinal
vasculature is selected from the preprocessed image. This ROl is typically centered on

the optic disc and may include a portion of the surrounding blood vessels.

Blood Vessel Segmentation: Blood vessels are segmented from the selected ROI using
segmentation algorithms. These algorithms identify and delineate the blood vessels based
on their intensity, texture, and spatial characteristics. Common segmentation techniques

include thresholding, edge detection, and region growing.

Feature Extraction: Once the blood vessels are segmented, relevant features are
extracted from the extracted vessel segments. These features may include geometric
properties (e.g., vessel width, tortuosity), textural features (e.g., entropy, contrast), and

statistical measures (e.g., mean intensity, standard deviation) of the vessel segments.

Feature Selection: Extracted features may undergo a feature selection process to reduce
dimensionality and remove redundant or irrelevant features. Feature selection methods
aim to retain the most discriminative features while minimizing computational

complexity and overfitting.

Classification: Finally, the selected features are used as input to a classification
algorithm to distinguish between anemic and non-anemic retinal fundus images.
Supervised machine learning algorithms, such as support vector machines (SVMs),
random forests, or deep learning architectures like convolutional neural networks

(CNNSs), are commonly employed for this task.

By systematically extracting and analyzing features from retinal fundus images, this process

enables the development of accurate and reliable algorithms for anemia detection, aiding in

early diagnosis and intervention for patients at risk of anemia.

Nornal Condition of Retina

Retina Arterioles

Optic Disc

Central Retina Vein

Central Retina Artery

Retina Venules

Anemic Retinopathy

Hard Exudates

Hemorrhages

Abnornal Growth of
Blood Vessels

Aneurysm

Cotton Wool Spots

Figure. 6: Illustration of the entire retina image. The fundus image on the left depicts the normal retina
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condition, and the fundus image on the right depicts a retina with anemic retinopathy symptoms.

Features extracted from retinal fundus images for anemia detection include:

1. Vessel width: Measurement of the width of retinal blood vessels, as alterations in vessel

caliber may indicate changes in blood flow associated with anemia.

2. Vessel tortuosity: Quantification of the degree of curvature or winding of blood vessels,
as increased tortuosity may be indicative of underlying vascular abnormalities related to

anemia.

3. Vessel fractal dimension: Assessment of the complexity and branching patterns of
retinal blood vessels, with alterations in fractal dimension potentially linked to vascular
changes associated with anemia.

4.  Optic disc pallor: Evaluation of the color and appearance of the optic disc, as pallor or

discoloration may suggest reduced blood flow or oxygenation due to anemia.

5. Retinal hemorrhages: Identification of hemorrhagic lesions or abnormalities in retinal
blood vessels, which may be indicative of underlying vascular pathology associated with

anemia.

6.  Microaneurysms: Detection of small, localized dilations or outpouchings in retinal
blood vessels, which may occur as a result of vascular damage related to anemia or other

systemic conditions.

By extracting and analyzing these features from retinal fundus images, machine learning
algorithms can learn discriminative patterns associated with anemia and aid in the accurate

detection and diagnosis of the condition.
3.3. Implementation:

Several machine learning algorithms have been explored for anemia detection, each with its
strengths and limitations. Support Vector Machines (SVMs) are commonly used for binary
classification tasks, such as distinguishing between anemic and non-anemic individuals, by
finding the optimal hyperplane that separates the data points. Decision Trees and Random
Forests are ensemble methods that combine multiple decision trees to improve accuracy and
generalization. Logistic Regression is another binary classification algorithm that models the
probability of anemia based on input features. Neural Networks, including Convolutional
Neural Networks (CNNSs), have shown promise in analyzing complex data like retinal fundus

images, extracting features, and accurately classifying anemia. K-nearest neighbors (KNN) is

Scienxt Center of Excellence (P) Ltd SJAIML]|13
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a non-parametric algorithm that classifies individuals based on the majority vote of their nearest
neighbors in feature space. Each algorithm has its advantages and suitability for different types
of data and clinical scenarios in anemia detection. Machine learning models, such as support
vector machines (SVM), random forests, or deep learning architectures like convolutional
neural networks (CNNs), are trained on the extracted features using labeled data. The goal is
to learn the underlying patterns or relationships between the features and the presence of

anemia [26].

Original data

Data preparation
Training set(s) | Validation set : Test set

e model
Fine tune
the model

Evaluate the
model

Predictive model

A

Figure. 6: Flow diagram for application of machine learning algorithm

A Convolutional Neural Network (CNN) is a machine learning algorithm designed for
processing image data through classification. It comprises two main components: feature
extraction, which involves capturing distinct characteristics to enhance data accuracy, and
classification, which categorizes the data based on extracted features using fully connected
neurons to transform data dimensions. In the recent past there has been a significant increase
in the adoption of transfer learning, a technique that enables utilizing the information on related
tasks. Diagram learning uses a pre-trained Convolutional Neural Network (CNN) that has been
optimized for a particular task. We used the four well-known architectures, of CNN (VGGL16,
ResNet50, MobileNet, and Xception) which are pre-trained, to classify the lip mucosa images
as either healthy or anemic. The original model depended on pre-trained CNN models to
extricate anemia from the lip images. And the CNN models are preprocessed by resizing and
applying the preprocessing operations and then sending the images through the convolutional
layer. The CNNs which we have used were directly sourced from keras and TensorFlow
libraries and their pre-trained weights were also used which do not involve any layer or filter
size modifications. Furthermore, Global Average Pooling 2D, which converts features into a
single vector per image, and sigmoid activation function, which is added in the last layer were
also used [21, 27].
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Figure. 7: Basic architecture of convolutional neural network (CNN)

Anemia detection using Convolutional Neural Network (CNN) algorithm with retinal fundus

images involves several steps:

1. Data collection: Collect a dataset of retinal fundus images, including images from
individuals with and without anemia. Ensure that the images are properly labeled to

indicate the presence or absence of anemia.

2.  Data preprocessing: Preprocess the retinal fundus images to enhance their quality and
prepare them for analysis. This may include resizing the images to a standardized
resolution, normalization to ensure consistent brightness and contrast, and removal of

any artifacts or noise.

3.  Dataset splitting: Split the dataset into training, validation, and test sets. The training set
is used to train the CNN model, the validation set is used to tune hyperparameters and
monitor the model's performance during training, and the test set is used to evaluate the

final performance of the trained model.

4.  Model architecture selection: Choose an appropriate CNN architecture for the anemia
detection task. Common architectures include VGG, ResNet, Inception, and DenseNet.
Consider factors such as model complexity, computational resources, and performance

requirements when selecting the architecture.

5. Model training: Train the selected CNN architecture using the training dataset. During
training, the model learns to extract relevant features from retinal fundus images that are
indicative of anemia. Use techniques such as gradient descent optimization and

backpropagation to update the model parameters iteratively.

6.  Hyperparameter tuning: Fine-tune the hyperparameters of the CNN model using the

validation dataset. Hyperparameters include learning rate, batch size, and regularization

Scienxt Center of Excellence (P) Ltd SJAIML]|15
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parameters. Experiment with different combinations of hyperparameters to optimize the

model's performance.

7. Model evaluation: Evaluate the trained CNN model using the test dataset to assess its
performance in detecting anemia. Calculate evaluation metrics such as accuracy,
precision, recall, F1-score, and area under the receiver operating characteristic curve

(AUC-ROC) to measure the model's effectiveness.

8.  Post-processing: Apply post-processing techniques, if necessary, to further refine the
model's predictions. This may include thresholding to adjust the sensitivity and

specificity of the model or ensembling multiple models for improved performance.

9.  Deployment: Deploy the trained CNN model for anemia detection in real-world settings.

This may involve integrating the model into healthcare systems or developing standalone

applications for use by healthcare professionals.

Retinal Fundus Images .
Healthy and Anemia Image Preparing
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Evaluation; Accuracy,
Precision Recall and F1
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Data Augmentation;
Flipping and Rotation

Model Parameters;
Epochs, Learning,
Activation Function
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Figure. 8: Working of proposed system
4. Performance analysis:

The optimal ranges for evaluation metrics in machine learning depend on the specific problem,
dataset characteristics, and the relative importance of different performance aspects. However,
in general, the following standard ranges can be considered as benchmarks for assessing the
quality of a machine learning model. Performance analysis for anemia detection systems using
a computer vision approach involves evaluating various aspects of the system's effectiveness

and efficiency. Here are some key components of performance analysis for such systems:
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4.1. Accuracy:

Accuracy measures the overall correctness of the system's predictions. It is calculated as the
ratio of correctly classified instances (both anemic and non-anemic) to the total number of

instances.

Accuracy = [PTN
WAy = TP TN+FP+FN

Typically, accuracy values closer to 1.0 indicate better performance, with values above 0.8
often considered acceptable. However, accuracy alone may not be the best measure, especially

in imbalanced datasets.
4.2. Recall /sensitivity:

Recall, also known as sensitivity or true positive rate, measures the system's ability to correctly
identify anemic individuals among those who are actually anemic. It is calculated as the ratio
of true positives to the sum of true positives and false negatives.

TP
TP+FN

Recall =

Recall values closer to 1.0 indicate that the model is effectively identifying positive cases. A
value above 0.7 is often considered good, but this can vary depending on the specific

application and the consequences of false negatives.
4.3. Specificity:

Specificity, also known as true negative rate. Specificity measures the system's ability to
correctly identify non-anemic individuals among those who are actually non-anemic. It is

calculated as the ratio of true negatives to the sum of true negatives and false positives.

Specificity = e

Specificity values closer to 1.0 indicate that the model is effectively identifying negative cases.
Similar to recall, a value above 0.7 is often considered good.

4.4. Precision:

Precision is the proportion of correctly identified positive instances out of all instances that
were predicted as positive by the model. It measures the accuracy of positive predictions made

by the model.
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Precision=

TP+FP

Precision values closer to 1.0 indicate that the model's positive predictions are mostly correct.

A value above 0.7 is often considered good, but it should be balanced with recall.
4.5. Area under the receiver operating characteristic curve (AUC-ROC):

AUC-ROC is a measure of the area under the receiver operating characteristic (ROC) curve.
AUC-ROC measures the discrimination ability of the system across different threshold
settings. It plots the true positive rate against the false positive rate and provides a
comprehensive measure of the system's ability to distinguish between anemic and non-anemic

individuals.

TPR-TNR

AUC =

AUC values closer to 1.0 indicate better discrimination between positive and negative cases. A

value above 0.8 is often considered good, but this can vary based on the specific application.
4.6. F1l-score:

F1-score is the harmonic mean of precision and recall. It provides a balanced measure of the
system's performance, especially when there is an imbalance between positive and negative
classes.

2(P.R)
P+R

F1-Score =

F1-score values closer to 1.0 indicate a balance between precision and recall. A value above
0.7 is often considered good, but it depends on the trade-off between false positives and false

negatives.

In the equations provide, TP represents true positives, TN represents true negatives, FP
represents false positives, and FN represents false negatives. These metrics are commonly used
to evaluate the performance of machine learning models in binary classification tasks such as

anemia detection.

o True Positive (TP): TP represents the number of samples that were correctly predicted
as positive by the model. In other words, these are the cases where the model correctly

identified instances of anemia when they were actually present in the data.
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o True Negative (TN): TN represents the number of samples that were correctly predicted
as negative by the model. These are the cases where the model correctly identified

instances as not having anemia when they were indeed absent in the data.

o False Positive (FP): FP represents the number of samples that were incorrectly predicted
as positive by the model. These are the cases where the model mistakenly classified

instances as having anemia when they were actually negative.

o False Negative (FN): FN represents the number of samples that were incorrectly
predicted as negative by the model. These are the cases where the model failed to identify

instances of anemia when they were present in the data.

In summary, TP and TN indicate correct predictions made by the model, while FP and FN
indicate incorrect predictions. These terms are fundamental for calculating evaluation metrics
such as accuracy, precision, recall, specificity, and F1-score, which provide insights into the
performance of the model in terms of its ability to correctly classify instances into positive and
negative classes.

5. Conclusion:

In conclusion, anemia remains a significant public health concern globally, with detrimental
effects on vulnerable populations. Despite efforts to reduce its prevalence, challenges persist
in diagnosing and managing anemia, particularly in resource-limited settings. The use of
computer vision with retinal fundus images presents a promising approach to addressing these
challenges. By leveraging advanced technology and machine learning algorithms, researchers
can extract valuable features from retinal images to detect signs of anemia accurately. The
availability of datasets like RFMID facilitates the development of robust machine learning
models for anemia detection, paving the way for improved diagnostic accuracy and early
intervention strategies. Moving forward, continued research and collaboration are essential to
refine these methods further and integrate them into clinical practice, ultimately enhancing

healthcare outcomes for individuals affected by anemia.
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