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ABSTRACT

Malaria is a fatal disease causes by plasmodium parasite, which is transmitted to
human by mosquito. The disease burdens societies with medical as well as so-
cioeconomic issues, especially in developing countries. Early diagnosis of malaria
disease can reduce the impact of the disease. However, requirement of human re-
sources for microscopy diagnosis raises challenges, especially in developing coun-
tries, which are mostly affected by the disease. Computer aided diagnosis with deep
learning model can be a solution for this issue. Despite the fact that diagnosis of life
cycle development is important for clinical testing of new medicine, current studies
only focused on detecting presence of plasmodium, leaving life cycle classification
nearly untouched. Additionally, despite the severe data imbalance problem, there
are only a few studies worked on this issue of life cycle development classification.
To this end, this thesis study takes advantages of multiple datasets to enrich mi-
nor class training data. Due to different data acquisition methods, simply adding
training data from multiple datasets might cause domain distribution gap, thus
negatively affect model’s performance. For this reason, Multi-Domain Informa-
tion Fusion (MDIF) has been proposed to effectively integrate information across
domains. In particular, MDIF consists of graph convolutional network, knowledge
graph (adjacency matrix) construction, and agent nodes. Knowledge graph is de-
signed to model the domain relationship at domain and class level. Agent node is
a global representation to reduce negative impact of noises. Quantitative, qualita-
tive evaluation, and analyses have been carried out to show the effectiveness of our
proposed module.
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CHAPTER 1. INTRODUCTION

The introduction chapter presents an overview of the thesis study. First, im-
pacts of the malaria disease and the significance of automatic diagnosis of malaria
parasite are discussed in Section 1.1. Medical aspect of plasmodium parasite is
explained in Section 1.2 to provide basic knowledge. The following Section 1.3
briefly provides current state of research on plasmodium classification task and
points out the research gap. Scope of research is then defined in this Section 1.4.
Objective and contributions of the thesis are explained in the Section 1.5. Finally,
Section 1.6 shows an overview of the thesis’s structure.

1.1 Problem Statement

Malaria is a disease caused by plasmodium parasite. It has a profound impact
on societies. According to World Health Organization, there was an estimation of
263 million malaria cases and 597 thousands malaria deaths in 83 countries in
2023 [1]. The burden of malaria goes beyond the realm of healthcare. A study on
economic and social burden of malaria found that the rate of economic growth per
year in countries highly effected by malaria disease was 1.3% lower than in other
countries from 1965 to 1990 [2]. In Africa, it was estimated that a half of school
days missed among schoolchildren are due to malaria disease [3].

The parasite is transmitted to human from infected female mosquitoes. Malaria
disease causes symptoms, such as fever, headache, and chills in patients within
10-15 days of getting parasite transmitted by mosquito. Some cases may cause se-
vere illness and even deaths. Because some malaria symptoms are not specific,
early diagnosis of the malaria disease is important to reduce the fatality and pre-
vents deaths [1]. Methods for parasite diagnosis testing includes microscopy and
rapid diagnosis test. Nowadays, manual microscopic examination of stained thin
and thick blood smears remains standard. However, microscopy method is time-
consuming and highly-skilled microscopists are required [4]. This condition poses
the challenges in remote areas, especially in Africa, where carries 94% of malaria
cases and 95% of deaths [1].

Recent advancement in deep learning and computer vision provides a poten-
tial solution for this issue. Automatic detection and recognition model can be a
low-cost and quick diagnosis method for malaria disease. The computer-aided di-
agnosis thus can enhance accuracy and efficiency of treatment, then reduce the
disease burden for developing countries. Beside diagnosing presence of plasmod-
ium parasite, stage of life cycle development is also important for clinical testing
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CHAPTER 1. INTRODUCTION

of new medicine to treat malaria disease. In particular, the thesis study is part of
a project collaborated with French Armed Forces Center for Epidemiology and
Public Health (CESPA) and The French Armed Forces Biomedical Research In-
stitute (IRBA) with the aim of developing an automatic clinical testing for malaria
medicine. To this end, this thesis study is dedicated to the task of plasmodium life
cycle classification.

1.2 Medical Background of Plasmodium

To provide a better understands of medical basis for this thesis study, this section
briefly introduces general information about plasmodium parasite. There are five
species of plasmodium, namely Plasmodium falciparum (P. falciparum), Plasmod-
ium vivax (P. vivax), Plasmodium ovale (P. ovale), Plasmodium malariae (P.malariae),
and Plasmodium knowlesi (P.knowlese). Among them, P. falciparum and P. vivax
are the most threatening species, and P. falciparum is the deadliest [1].

All of the these species share the same life cycle development, which involves
two major stages, in vector (mosquito) and host (such as human, monkey, and
chimpanzee). The stage in host can be divided into two sub-stages, exoerythrocytic
(liver) and erythrocytic (blood) stage. Figure 1.1 illustrates the life cycle develop-
ment of plasmodium.

Figure 1.1: Illustration of life cycle development of plasmodium parasite. Figure extracted
from Su et al. [5].

The development stage of plasmodium in host begins when the sporozoites are
transmitted to host by infected vector. Sporozoites first invade hepatocytes (liver
cells) and remain for 9-16 days in liver [6]. There, they undergo a multiplication
process and each parasite multiplies into tens of thousands cells, named mero-
zoites. When the liver cells are ruptured, merozoites are released back into blood.
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CHAPTER 1. INTRODUCTION

Merozoites enter RBC (red blood cell) and start an asexual reproduction pro-
cess. The first development stage of plasmodium in human blood is early tropho-
zoite. Because of its morphological appearance, it is also known with the name
ring. At trophozoite stage, the parasites grow and enlarge within the blood cells.
After enlarging, trophozoites develop into schizonts. Each schizont has around 20
merozoites inside, being ready to invade other RBCs. A new cycle is repeated when
the parasites erupt the occupied RBCs, release the merozoites back into blood. The
duration of one cycle in blood depends on type of species. This time corresponds to
symptom recurrence in malaria patients. P. knowlesi takes 24 hours, P. falciparum,
P. ovale, and P.vivax take 48 hours, and P. malariae takes 72 hours to finish one
cycle in human blood [7]. Figure 1.2 shows some examples of the plasmodium
parasites in their life cycle development in human RBC.

Figure 1.2: Samples of four different malaria parasite species and their life cycle develop-
ment stages. Figure extracted from Jan et al. [4]

The responses of the hosts to the parasites, such as the release of immune effec-
tors, may trigger a small number of parasites differentiating into male and female
gametocytes [5]. This process is essential for the sexual reproduction of the par-
asites in vectors and the transmission of the disease to other hosts. More detailed
information for life cycle development in vector could be found in the studies [6],
[7].

Recently, microscopy examination of blood is the standard for diagnosis of
malaria disease. World Health Organization provided a handbook for malaria di-
agnosis using microscopy method [8]. Blood sample is first applied a chemical
dyes in a process called staining. The chemical helps coloring RBC and highlights
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CHAPTER 1. INTRODUCTION

structures under microscope. Giemsa is a popular and low cost staining chemical.
Then blood slide is prepared by one of two methods, named thin and thick blood
smear. Thick blood smear is a drop of blood on grass slide dried for 30 minutes.
With thin blood smear, blood drop is spread across grass slide and left dried for
10 minutes. The blood image is then captured by a microscope, and diagnosis can
be carried out either by experts or automatically by a deep learning model. Exam-
ple of procedure for diagnosis of plasmodium parasite from blood smear images
are shown in Figure 1.3. Since the concentration of RBC in thick blood smear is
higher than thin blood smear, thick smear method is often used to detect presence
of parasite, while thin blood smear is more helpful to recognize the species and life
cycle of plasmodium [4].

Figure 1.3: Plasmodium diagnosis from blood smear, carried out either manually by ex-
perts or semi-automatically by deep learning model.

1.3 State of Research

Recently, some studies have utilized machine learning to automatically detect
plasmodium from blood smear images and have achieved good results [9]–[11].
However, these works only focused on detecting of presence of the parasites, let the
life cycle detection unexplored. Although a few studies worked on the plasmodium
life cycle detection and classification task [12]–[15], their evaluation strategies are
not compatible with each other, making it hard to draw conclusion on state of
search.

The main research gap in plasmodium life cycle classification is data imbalance
issue. Since class imbalance is a nature of plasmodium life cycle, i.e. RBCs are nat-
urally dominated by healthy RBC class, a few studies utilized a specific network
to separate healthy and infected RBC [16], [17]. However, this strategy increases
computational demand, making it hard to deploy in hardware-limited environment.
To the best of our knowledge, Li et al. [14] are the only ones that employed addi-
tional dataset to add more minor instances. It should be noticed that the additional
data is unlabeled, thus the quality might negatively affect model performance. The
integration of multiple labeled data remains unexplored.
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CHAPTER 1. INTRODUCTION

1.4 Scope of Research

There are several pipelines to detect and classify plasmodium life cycle from
blood smear images. Because detection of RBCs from blood smear images have
achieved good result [9], [10], within the study time frame, detection from blood
smear images was excluded, only life cycle development classification from RBC
was considered. In particular, we focused solely on developing a method for ef-
fective integration of data from multiple domains to tackle data imbalance. Exper-
iments and evaluations to access the effectiveness of the proposed method were
carried out. In addition to quantitative evaluations, qualitative analyses for further
and more accurate assessment were also included.

1.5 Research Objectives and Contributions

With the main purpose of improving performance on minor classes, and given
the aforementioned research gap, this thesis study introduced the concept of multi-
domain learning to enrich minor classes with data from multiple domains to ad-
dress severe data imbalance issue of plasmodium life cycle classification task.
Since data from different domains are obtained in different ways, such as different
microscopes, magnification scales, and staining agents, "physically" adding data
for training does not always ensure better performance [18], [19]. To this end, a
module named Multi-Domain Information Fusion (MDIF) was proposed to effec-
tively integrate data from different datasets.

Figure 1.4 illustrates our proposed framework. The model is trained jointly with
data from multiple domains. A module named Multi-Domain Information Fusion
(MDIF) is placed on top of model backbone to integrate information from multiple
domains at feature level. The refined features output of MDIF are then fed to a
classifier for life cycle prediction.

Figure 1.4: Overall classification framework of plasmodium life cycle classification with
Multi-Domain Information Fusion.

The contributions of this thesis study can be summarized in two aspects. 1) We
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CHAPTER 1. INTRODUCTION

introduced the concept of multi-domain learning into plasmodium life cycle clas-
sification field. 2) Multi-Domain Information Fusion was proposed to effectively
integrate data from multiple domains.

1.6 Organization of Thesis

The rest of the thesis is structured as follows. Chapter 2 provides an overview of
the current state of research in plasmodium-related recognition tasks. Some deep
learning related fields, such as Domain Adaptation, are also presented in the chap-
ter as foundation for this thesis study. Based on related knowledge provided in
previous chapter, in Chapter 3, life cycle classification framework with details of
our proposal to integrate multi-domain data to tackle class imbalance will be ex-
plained in detail. We show our implementation details in Chapter 4 to facilitate
results reproduction. Effectiveness of our method will be presented in Chapter 5,
with quantitative, qualitative results, and ablation studies. Chapter 6 summarizes
the thesis and outlines potential future work.
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CHAPTER 2. LITERATURE REVIEW

This chapter aims at presenting related works and foundational basis for this
thesis study. First, state of research on plasmodium-related tasks is summarized
in Section 2.1 and 2.2. In Section 2.3, drawbacks of these existing studies on life
cycle development classification are analyzed to reason our motivation to employ
data from multiple domains to address data imbalance issue. Then, related fields
that is essential for this study, object detection, domain adaptation, multi-domain
learning, graph convolutional network, with their recent application in research
will be presented in the following Section 2.4.

2.1 Plasmodium Detection

The aim of this section is to briefly present recent studies on plasmodium detec-
tion from blood smear images. There are two groups of works, infection detection
and life cycle development detection. The former detects and classifies RBCs to
infected/uninfected, and in the latter, detected RBCs from blood smears are rec-
ognized into life cycle developments. Their detection and classification pipeline
can be either in one, two, or three stages. In one-stage pipeline, a model, such as
YOLO [20] and R-CNN [21], is responsible for both detection and classification.
In two-stage approach, one model detects the location of RBC in blood smear im-
ages, and the other recognized their labels. In there-stage, the first model separates
cells from blood smear images, the next one classifies cells to infected/uninfected,
and the last one recognizes life cycle development.

Object detection: Object detection is a task that localizes and classifies ob-
jects in images. R-CNN [21] is the pioneering work on employing CNN for object
detection. The proposed framework consists of a region proposal module, which
localizes potential regions that may contain objects, and a CNN model to classify
proposed regions. The selective search [22] region proposal module in R-CNN is
computationally demanding, thus making it a bottleneck for running time. Faster
R-CNN [23] tackled the computational demand of region proposal component by
integrating it with detection network. The proposed region proposal network is
a CNN network, thus could be accelerated by graphics processing unit, enabling
computationally lower-cost detection.

Despite attempt to reduce computational time, R-CNN family models were still
slow, since each proposed region is processed independently. First version of YOLO
[20] handled this issue by unifying detection pipeline into a single network, which
is responsible for detecting bounding boxes and class probabilities. Although the
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new pipeline reported 10mAP lower than Faster R-CNN with VGG-16, it was 2.5
times faster computational time [20]. YOLOv3 [24] added more detection heads
at different feature level to detect multi-scale objects. This strategy improved ac-
curacy on small object, compared with its predecessors , despite being slightly
slower.

Infection detection: One of the pioneers on applying deep learning on plasmod-
ium infection detection is Rajaraman et al. [9]. Prior to this work, the studies [25]–
[27] used Otsu’s threshold method [28] to segment RBC from blood smear images,
then texture and morphological features are input to a MLP or SVM to classify de-
velopment stages. Nanoti et al. [29] used K-mean clustering on Lab color space to
segment RBC. Extracted features are dimensionally reduced and input to KNN.

Rajaraman et al. [9] tackled the demand of malaria-specific expertise knowl-
edge on selecting hand-craft features by using CNN to facilitate automatic end-to-
end classification of plasmodium. First, RBCs are segmented from blood smear
image using multi-scale Laplacian of Gaussian filter. This method gave sensitivity
and F1-score of 99.4% and 96.2% correspondingly. Then a CNN model classifies
segmented RBC to healthy and infected cells. Among experimented CNN architec-
tures, ResNet50 gave the higher performance with 95.7% accuracy on NIH [30].

In recent years, a few studies utilized object detection deep learning model to
detect plasmodium from blood smear images. Abdurahman et al. [10] proposed
modified version of YOLOv3 [24] and YOLOv4 [31], named YOLOV3-MOD1,
YOLOV3-MOD2, and YOLOV4-MOD. Experiments with other detection mod-
els, Faster R-CNN [23] and SSD [32] in particular, were conducted. Among these
models, YOLOV4-MOD reported the hightest performance with mAP of 96.32%,
0.5% higher than YOLOv4. Results for YOLOV3-MOD1 and YOLOV3-MOD2
are mAP of 96.14% and 95.46% respectively. Nakasi et al. [11] investigated differ-
ent detection architectures with specific application on mobile devices. The results
revealed that Faster R-CNN is the best model in term of accuracy, while SSD is the
best option for deployment with computational constraint.

Life cycle development detection: The next group of works in plasmodium de-
tection is life cycle development detection. Hung et al. [12] utilized Faster R-CNN
for single-stage detection and classification of life cycle and achieved accuracy of
59% on BBBC041 [12]. The reason for this poor performance was class imbalance
with a large number of healthy RBC, whereas infected classes only have a small
portion. The authors addressed this issue by using two-stage approach, Faster R-
CNN to detect and classify RBC into healthy and infected, while AlexNet predicts

8
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life cycle from infected RBC. This approach improved performance with roundly
40% increase in accuracy, to 98%. However, it should be noticed that the results
were reported with disregarding background, RBC, and difficult cells.

The other works that used two-stage detection and classification similar to Hung
et al. [12] includes the studies of Zedda et al. [13], [33]. In their former work [13],
the authors employed YOLOv5 and DarkNet53, while in the latter [33], a pipeline
using FastSAM [34] to extract proposal regions and ConvNeXt [35] for life cycle
classification was proposed. Two studies achieved 96.05% and 80% accuracy on
MP-IDB Falciparum [36] and IML Malaria [17], respectively.

Being affected by class imbalance, Arshad et al. [17] proposed three-stage ap-
proach. The first stage is a detection model to recognize RBC from blood smear
image. The second stage does binary detection to classify RBC to healthy and in-
fected cells, and the last one classifies infected RBC to life cycle. To deal with false
positive cases in the first stage, i.e. healthy RBC that are misclassified as infected,
healthy RBC was also considered as a class in the last stage. The watershed algo-
rithm [37] was utilized to extract RBC in first stage, and two ResNet50v2 [38] were
used in second and third stage. This three-stage pipeline achieved 79.61% accuracy
on IML Malaria [17], 5% better than two-stage. Davidson et al. [39] considered life
cycle as a numeric value and conducted regression task. With similar three-stage
pipeline, they achieved root mean squared error of 0.23 on their own data set by
employing R-CNN, ResNet50 and Resnet34 [40] for three corresponding stages.

2.2 Plasmodium Life Cycle Classification

This section presents studies that recognize life cycle of plasmodium. These
studies take the cropped RBC from blood smear images as input and classify into
life cycle development. It is noticed that detection of RBC from blood smear im-
ages is not considered in these works. Their classification pipeline either includes
one or two stages. In one-stage, RBCs (including both infected and healthy cells)
or infected RBCs are classified into life cycle using one classification model. In
two-stage, RBCs (including both infected and healthy cells) are firstly classified as
infected/uninfected cells, then life cycle developement is recognized from infected
cells.

An example of one-stage classification of infected RBCs is the study of Chaudhry
et al. [15]. The authors introduced a light-weight CNN architecture which has less
than 0.4 million parameters. Despite of small number of parameters, the proposed
model gave better result than large CNN architecture, such as DenseNet121 [41]
and ResNet18 [40]. This advantage made the model a good option to implement
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on mobile devices, where computational power is limited. With similar classifica-
tion pipeline, Loddo et al. [42] investigated eleven popular CNN architectures to
classify life cycle of plasmodium, among them Densenet201 gave the best result
on MP-IDP Falciparum dataset [36] with accuracy of 94.15%.

The study of Li et al. [14] is the one that utilized one-stage life cycle classi-
fication. The authors employed GCN and unsupervised learning with additional
unlabeled data to handle class imbalance. In the study [16], classification pipeline
was divided into two stages to handle dataset imbalance. The first network is re-
sponsible to classify RBC into infected and healthy cells, then infected RBC are
classified into life cycle by the second network. EfficientNetB7 achieved the best
result. An accuracy of 87.95% and F1-score of 87.80% were reported on BBBC041
[12].

Multi-Domain Learning for Life Cycle Classification: The only study that in-
troduced multiple datasets to handle class imbalance on the task of life cycle clas-
sification is the work of Li et al. [14]. Beside BBBC041 [12], they used NIH [30]
as an other dataset. Since NIH did not have life cycle information, unsupervised
learning methods were utilized. Specifically, a GCN module was placed on top of
CNN backbone to bridge the domain gap. In knowledge graph, instances from two
datasets are connected with each other by clustering strategy. This method achieved
98.3% accuracy on BBBC041.

2.3 Summary of Existing Studies on Plasmodium Detection and Classifica-
tion

Although there are a few studies that dedicated to detection and classification
of plasmodium life cycle, and their reported results are high, [12]–[15], there has
not been a standard strategy to evaluate these methods. Each study used their own
evaluation strategy, e.g. dataset split, disregarding difficult cells. Additionally, they
conducted experiments only on small number of datasets among the ones that have
been published. Thus, these conditions make it hard to compare these methods with
each other and draw conclusion about state of research on plasmodium life cycle
detection and classification task.

With class imbalance as a nature of plasmodium, a few studies have tried to han-
dle this issue by introducing an other network to separate infected and healthy RBC.
However, there are still more instances toward healthy RBC than infected class.
Furthermore, introducing an other network requires more computational power,
which may limit the future employment of model on constrained environment.

An other way to tackle data imbalance is adding more minor classes data. To
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the best of our knowledge, the work of Li et al. [14] is the only study that takes
advantage of available public datasets to handle this issue. However, this study did
not utilize minor class instances effectively. While many instances of minor classes
were used for testing, there were only a few instances left for training. This strategy
might lead to poor performance on minor classes.

More importantly, the additional data Li et al. used in their study [14], NIH, does
not have life cycle development labels. As a consequence, unsupervised technique
was required to integrate this dataset to life cycle classification task. While several
public datasets on life cycle classification task are available, the integration of them
remains unexplored. With the aim of filling the research gap on addressing data
imbalance by integrating labeled data from multiple datasets, the following sections
will introduce related fields as foundational basis for this thesis study.

2.4 Related Fields for Multi-Domain Learning Plasmodium Life Cycle De-
velopment Classification

With the research gap in employing data from multiple domains for plasmod-
ium life cycle development classification, this chapter aims at providing state of
research on related fields as a foundation for this study. Applications of multi-
domain learning in computer vision are introduced in Section 2.4.1. Since domain
adaptation is slightly different from multi-domain learning in objective, while their
principal can be employed from one to the other, current studies on domain adap-
tation is presented in Section 2.4.2. Finally, because of advantage of graph convo-
lutional network in modeling relationship across domains, its principle and a few
applications are introduced in Section 2.4.3.

2.4.1 Multi-Domain Learning

With a little different objective compared with domain adaptation, multi-domain
learning provides methods to train model with multiple domains. The goal is to
improve generalization across all domains, with the principal of taking advantage
of available data and knowledge from multiple domains.

Gou et al. [43] introduced Multi-Domain Pose Network for the pose estimation
and tracking task. The network consists of a shared backbone to extract features
from multiple domains, and separates prediction head for each domain. The back-
bone and all classification heads were trained jointly with data from all domains.
To further improve performance on individual domain, classification head was then
fine-tuned on each domain.

Seeing that domains share common knowledge, while each domain has specific
ones, Liu et al. [19] proposed a framework consists of private and a shared network.
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The private network is specific for each domain, with the aim of learning domain-
specific features. The other shared networks are used in all domains to extract
domain-invariant features. Adversarial loss is applied on features of the shared net-
work. Feature orthogonal regularization is applied between domain-specific and
domain-invariant features to minimize mutual information. Finally, the features
compose of domain-specific and domain-invariant features.

2.4.2 Domain Adaptation

Domain adaptation is a subfield of machine learning that deals with domain
shift between source and target data. Model is often trained with one (or more)
source and one target data, with the objective of improving performance on target
domain. Usually, domain adaptation techniques are helpful when source data is
abundant (e.g. synthetic data) and target data is scarce or unlabeled (e.g. real world
data). Although the domains have similarity in nature, they come from different
distributions, which pose distribution shift problem.

Maximum mean discrepancy (MMD) is a popular and simple technique to align
features of different domains. MMD is the measurement of distance between source
and target features. In addition to classification loss, model is trained jointly with
MMD loss, thus domain gap in feature space is reduced. Few examples of studies
that employed MMD technique are the studies [44]–[47].

Ganin and Lempitsky [48] introduced a method to align domain distribution at
feature level with the idea of utilizing adversarial training. The authors added a
domain classifier on top of backbone, dedicated to distinguish which domain the
data comes from. Gradient from domain classifier is reversed when being back-
propagated to the backbone with the purpose of fooling the domain classifier. This
method results in a domain-invariant feature, thus reduces the domain gap in fea-
ture space.

To reduce domain gap, input-level alignment techniques are methods to make
source data similar to target data. Since source and target data have different distri-
butions, one way to make them similar is to normalize data to a unified distribution.
This technique is called domain-specific normalization. Based on this idea, Chang
et al. [49] introduced Domain-Specific Batch Normalization (DSBN) module for
unsupervised domain adaptation.

Bai et al. [50] approached domain adaptation for person re-identification task
from two aspects, domain-specific view and domain-fusion view. The authors im-
proved DBSN [49] by a rectified version, named Rectified Domain-Specific Batch
Normalization (RDSBN). From domain-fusion view, they developed a GCN mod-
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ule to fuse information at feature level across domains.

Since domain adaption works with multiple domains, it has many aspects in
common with multi-domain learning. With the aim of reducing domain gap and
learning domain-invariant features, domain adaptation techniques have the poten-
tial to apply to multi-domain learning. The proposed methodology in this thesis
study was inspired by the study [50]. We adapted Multi-Domain Information Fu-
sion to the multi-domain learning for plasmodium life cycle classification task.

2.4.3 Graph Convolutional Network

GCN is a type of neural network that operates on graph-structured data. The
idea of GCN was first proposed in the study [51]. The work of Kipf et al. [52] is
regarded as the first work that utilized GCN for graph-based classification. Similar
to CNN, node features are aggregated among graph by their neighbors feature. The
only difference is that in GCN neighbors are defined by graph topology, instead
of spatial structure in CNN. This character makes GCN suitable for the graph-
structured problems, such as social network, traffic network, energy grid.

In computer vision tasks, GCN was widely applied to human pose estimation
[53]–[55], skeleton action recognition [10], [56]–[58]. Since the physical structure
of human skeleton might not capture relationship of joints in action, Li et al. [59]
proposed actional link and structural link to capture joint-dependency. With similar
reasoning, Chan et al. [58] introduced Channel-wise Topology Refinement module.
This module dynamically includes more edges to effectively model dependency of
joints in human skeleton.

In recent years, GCN has been applied to domain adaptation by modeling rela-
tionship between source and target data. In the study [60], knowledge from source
data is transferred to target data to recognize unlabeled instances via graph-based
label propagation. Ma et al. [61] bridged source and target domain in there per-
spectives, domain label, class label, and data structure. Among the perspectives,
domain label information is modeled and processed by GCN. Pseudo-edge with
GCN was introduced in the study [62] to effectively enhance pseudo label quality
in semi-supervised domain adaptation task.

This chapter has presented state of research on plasmodium-related tasks, in-
cluding infection classification, life cycle development detection, and life cycle
development classification. With the research gap in employing multiple datasets
from other several domains to handle data imbalance in life cycle classification, we
have presented the related fields to apply multi-domain learning to the plasmod-
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ium life cycle development classification. Based on the foundational related fields
presented in this chapter, the following chapter is dedicated to describe in detail
our proposed method.ology
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One of the challenges in multi-domain learning is domain shift. This phenomenon
is caused by different methods of data acquisition. In particular for plasmodium
task, staining agent and microscope are a few examples. The differences in ob-
taining techniques results in a different characteristics of data, such as color and
illumination, and different distributions at feature as shown in Figure 3.1. As a
consequence, directly adding training data from multiple dataset might have lim-
ited improvement and even poorly affect performance of model [18], [50]. For this
reason, the MDIF is proposed with the aim of mitigating domain shift at feature
level. The distributions are expected to be well-aligned as illustrated in Figure 3.1.

Figure 3.1: Illustration of bridging domain distributions at feature level with MDIF. Colors
represent domains.

This chapter is dedicated to describe in detail our proposed solution frame work
with Multi-Domain Information Fusion (MDIF). Overview of the solution frame-
work is first demonstrated in Section 3.1. Mathematical notations are also intro-
duced for clear explanation. Section 3.2 describes in detail the integration of infor-
mation across domains in MDIF. In the two sub-sections, two main components
of MDIF, agent node and knowledge graph construction to represent domains rela-
tionship are described, respectively.

3.1 Overall Framework

With inspiration from the study [50], which utilized GCN-based module to fuse
information at feature level for the unsupervised domain adaptation for person re-
identification task, similar strategy with refinement for the classification task was
proposed. Figure 3.2 shows the Multi-Domain Information Fusion (MDIF) in the
plasmodium life-cycle classification pipeline. First, cell images are input to a back-
bone to extract features. Then MDIF operates on the features to fuse information
across domains. There are two GCN layers in MDIF. The former is responsible for
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information globally across agent nodes, while the latter ensures all instance nodes
receive global information. The output of MDIF refined features is classified into
life cycle by a classifier. In training phase, cross-entropy loss is utilized for gradi-
ent back-propagation. Because instance nodes are connected with only agent nodes,
samples can be classified independently with each other in inference phase, with
agent node values calculated from training phase. For this reason, inference of one
sample can be carried out without other samples.

Figure 3.2: Classification framework of plasmodium life cycle classification with Mutli-
Domain Information Fusion.

To facilitate a clear explanation, we introduce some notations. The over all
solution framework is mathematically described as follows. Let Nc be the num-
ber of classes. Suppose that there are D domains, each domain has Nd samples
(xd

i , y
d
i ), where xd

i represents input image and ydi represents its class label. Let
Xd = {xd

i | i ∈ {1, ..., Nd}} be the set of all images of domain d. The total num-
ber of samples is calculated as N =

∑D
d=1Nd. Denote the backbone as a func-

tion fbackbone(x), then the feature of one image is output of the backbone func-
tion zd

i = fbackbone(x
d
i ). MDIF can be formulated as a function g(z). The fused

feature hd
i = g(zd

i ) will be classified as a life cycle development by a classifier
ŷdi = fcls(h

d
i ). Cross-entropy loss function L(ydi , ŷdi ) updates the parameters by gra-

dient backpropagation.

A subtle component in training phase is the sampling strategy. Since the classes
in life cycle development task are extremely imbalanced, employing MDIF with
random sampling may pose a negative impact on the performance. In particular,
agent node (which will be explained in Section 3.2.1) is calculated mostly by dom-
inant class, making it less representative. For this reason, we employ weighted
sampling strategy. Each sample is assigned a weight, which is inversely propor-
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tional to its class frequency. The sample selecting probability is then defined by its
weight. Basically, the weight of a sample is defined as one over number of samples
of its class. Hence, the more frequent a class is, the less likely it is sampled. Due to
specific settings of our life cycle classification, sampling weight for each specific
class will be described in Section 4.2.

3.2 Multi-Domain Information Fusion

Multi-Domain Information Fusion (MDIF) integrates information across do-
mains at feature level zd

i = fbackbone(x
d
i ). The set of all features extracted by back-

bone of domain d is denoted as Zd = {zd
i |i ∈ 1, ..., Nd}. We proposed two versions

of MDIF, namely Domain-level and Class-level. MDIF Domain-level integrates
information across multiple domains, regardless of class information, while the
MDIF Class-level refines the fusion process of MDIF Domain-level by taking into
account class information. In MDIF Class-level, information of each class in each
domain is separated by having specific agent node for each class, with the expec-
tation of better influence on instance features. Domain-level and Class-level are
different in agent nodes definition and graph construction. Two core components
of MDIF with two versions will be described in the following sub-sections.

3.2.1 Agent Node

A simple approach to model the relationship instances across domains is directly
connect one instance with other instances in different domains. In the study [14],
Liu et al. connected a target instance with all source instances, whose class center is
the closest to the target instance. However, this method might be negatively affected
by noises. For this reason, agent node is introduced as a global representation. In
MDIF Domain-level, one agent node represents one domain, while in MDIF Class-
level, it corresponds to one class of one domain. The number of agent nodes is
therefore D in the former, and D ·Nc in the latter.

Domain-level agent node:

agtd =

Nd∑
i=1

wd
i · zd

i (3.1)

Class-level agent node:

agtd,c =

Nd∑
i=1

(ydi == c) ·wd
i · zd

i (3.2)

Seeing that each instance may have different representative degree, an agent
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node is the weighted combination of instances. Equations 3.1 and 3.2 show the cal-
culation for Domain-level and Class-level, respectively. Each instance has a spe-
cific contribution to the agent node, its contribution weight is first calculated by
a learnable linear transformation wd

i = fMLP (z
d
i ). It is noticed that the purpose

of the transformation fMLP (z) is to define a contribution weight for each specific
instance, hence its gradient is not back-propagated to the backbone as shown in
Figure 3.2 . The contribution weight is then normalized with all other weight of
instances that contribute to the same agent node, in particular, all instances of the
same domain in Domain-level and all instances of the same class and same domain
in Class-level. Mathematically described, wd

i = wd
i /

∑Nd

j=1w
d
j in Domain-level,

and wd
i = wd

i /
∑Nd

j=1(y
d
j == c)wd

j in Class-level.

To further stabilize agent node, exponential moving average is utilized. The val-
ues of agent nodes are then updated as Equation 3.3, in which t represents time
step and α is the smoothing factor.

(agt)t = (1− α)(agt)t−1 + α(agt)t (3.3)

3.2.2 Graph Construction

In this sub-section, the construction of two graphs G1 = (V,E1, w1) and G2 =

(V,E2, w2) is discussed. w1 : E1 → R and w2 : E2 → R are functions that map an
edge to its weight. Let Agtd denote the set of agent nodes of domain d. Then the
set of all agent nodes is Agt =

⋃D
d=1Agt

d. In Domain-level, there is only one agent
node represents the whole domain, Agtd = {agtd}. While in Class-level, each class
in each domain has one agent node, then Agtd = {agtd,c | c ∈ {1, ..., Nc}}. The set
of vertices composes of all instance nodes and agent nodes, V = (

⋃D
d=1 Z

d) ∪
(
⋃D

d=1Agt
d).

a, Domain-level Graph Construction

Since there are two proposed versions of MDIF, Domain-level graph and Class-
level graph, domain-level graph construction is first explained. Figure 3.3 illus-
trates graph construction of Domain-level. Because each domain has one repre-
sented agent node, the total number of vertices is | V |=

∑D
d=1Nd +D. In the first

layer, only information among agent nodes is exchanged. Thus, all agent nodes
are connected with each other by inter-domain edge as shown in Equation 3.4. In
second layer, instance nodes receive information from its domain agent node. The
instance node is connected to its corresponding agent node. Similar to the first
layer, agent nodes are connected with each other in the second layer. Equation 3.5
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Figure 3.3: Illustration of Domain-level knowledge construction. Color represents do-
mains.

shows the graph construction of the second layer.

First layer knowledge graph construction:

w1(u,v) =

w1(agt
d1 ,agtd2) = 1 ∀d1, d2 ∈ {1, ..., D}, d1 ̸= d2

0 otherwise
(3.4)

Second layer knowledge graph construction:

w2(u,v) =


w2(agt

d1 ,agtd2) = 1 ∀d1, d2 ∈ {1, ..., D}, d1 ̸= d2

w2(z
d
i ,agt

d) = 1 ∀d ∈ {1, ..., D}, i ∈ {1, ..., Nd}

0 otherwise

(3.5)

b, Class-level Graph Construction

The next strategy to integrate information across domain is Class-level. In Class-
level, each class in each domain is represented by an agent node. This finally makes
the total number of nodes equals to | V |=

∑D
d=1Nd + D · Nc. The calculation

of agent node is described in Equation 3.2. Figure 3.4 illustrates the construction
of knowledge graph for Class-level. Similar to Domain-level, the first layer only
integrates information at global level. For that reason, only agent nodes of the same
class are connected across all domains. This connection is named inter-domain
edge. It is mathematically described in Equation 3.6.

Because in the second layer, global information flows to instance nodes, instance
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Figure 3.4: Illustration of Class-level knowledge graph construction. Color represents do-
mains. For simplicity, only two classes and two instance nodes are displayed.

nodes are then connected with agent nodes of its domain. The weight of connec-
tion to each class is inversely proportional to the Euclidean distance to this class
agent node. Intuitively, the closer an instance node is to the class agent node, the
more information it receives. Equation 3.7 mathematically explains the calculation
of edge weight, in which the weight equals to the inverse distance to class agent
node normalized by the sum of inverse distances to all class agent nodes in this do-
main. The construction of knowledge graph for second layer is defined in Equation
3.8. All inter-domain connections have weight equals to 1, and instance-to-agent
connection weight is described previously in Equation 3.7.

First layer knowledge graph construction:

w1(u,v) =

w1(agt
d1,c,agtd2,c) = 1 ∀c ∈ {1, ..., Nc}, d1, d2 ∈ {1, ..., D}, d1 ̸= d2

0 otherwise

(3.6)

Second layer knowledge graph construction:

w(zd
i ,agt

d,c) =

1
∥zd

i−agtd,c∥2∑Nc

c′=1
1

∥zd
i−agtd,c

′∥2

(3.7)

w2(u,v) =


w1(agt

d1,c,agtd2,c) = 1 ∀c ∈ {1, ..., Nc}, d1, d2 ∈ {1, ..., D}, d1 ̸= d2

w(zd
i ,agt

d,c) ∀d ∈ {1, ..., D}, c ∈ {1, ..., Nc}, i ∈ {1, ..., Nd}

0 otherwise

(3.8)
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This chapter has presented our proposed solution framework for plasmodium
life cycle classification with MDIF to integrate domain information at feature-level.
Details of the two proposed MDIF, Domain-level and Class-level, has been de-
scried. Agent nodes has been introduced to globally represent domains in Domain-
level and classes in each domain in Class-level. Two constructions of knowledge,
which define how data flows across domains have been explained. The follow-
ing chapter will describe the implementation detail of the classification framework
with MDIF.
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4.1 Dataset

We employed three datasets for our multi-domain learning life cycle classifica-
tion. Two of them are datasets published by other studies, BBBC041 [12] and IML
Malaria [17]. The last is the dataset that was obtained by researchers at Institut
de Recherche Biomédicale des Armées (IRBA) and Centre d’Epidémiologie et de
Santé Publique des Armées (CESPA). For convenience, we named the data Our
Plasmodium. Figure 4.1 and 4.2 show blood smear images and samples of cropped
cells of there datasets. It is noticed that our framework works on life cycle clas-
sification task, thus blood smear images are cropped into cells in pre-processing
phase.

(a) (b) (c)

Figure 4.1: Blood smear images sampled from there datasets. (a) BBBC041, (b) IML
Malaria, (c) Our Plasmodium.

Figure 4.2: Examples of cells in there datasets.
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4.1.1 BBBC041

The BBBC041 dataset [12] was collected by three different researchers in differ-
ent locations, specifically from patients in Brazil and Southeast Asia. The species
is P. Vivax. The blood smears were obtained with Giemsa chemical staining agent.
There are 1364 images in the dataset, with more than 85,000 annotated cells.
Ground truth is the bounding boxes around annotated cells. Annotated classes in-
clude RBCs, leukocyte (white blood cell), ring, trophozoite, schizont, gametocyte,
and difficult. Cells are marked as difficult if the researcher could not clearly cat-
egorize it to one of the classes. BBBC041 dataset is heavily imbalanced toward
RBC class, with more than 83,000 samples, making up 95% of the dataset. The
dataset was originally divided into train and test set by the authors. We use 10% of
the train set for validation. Statistical information for train, test, and validation is
included in Table 4.2.

4.1.2 IML Malaria

IML Malaria dataset [17] was obtained from blood samples of patients in the
province of Punjab, Pakistan. This area was highly affected by malaria disease,
with average of 500,000 infection cases and 50,000 deaths reported every year
[63]. The dataset consists of 345 images of P. Vivax genus, captured with XSZ-107
series microscope at 100x objective magnification. Average number of cells in each
image is 111. The staining method is thin blood smear with Giemsa staining agent.
Annotation includes bounding boxes categorized into ring, trophozoite, schizont,
gametocyte, healthy RBC, and difficult. The dataset contains totally nearly 38,000
annotated cells, with 98.6% healthy RBCs. We randomly split the dataset with
ratio of 7/2/1 for train, test, and validation, correspondingly. Detailed information
for number of instances in these sets is provided in Table 4.2.

4.1.3 Our Plasmodium

In Our Plasmodium, the blood smear images were captured from P. Falciparum
infected culture blood samples, i.e. the blood samples are preserved in low tem-
perature condition. There were three projects to create the dataset, each one was
responsible by different experts and was prepared in different conditions. For this
reason, quality of the image annotation largely depends on which project it comes
from. It should be noticed that Our Plasmodium is still in progress of refinement
for publishing, hence there may be still some mistakes in the dataset.

In the dataset, infected cells are categorized into six classes, specifically ring,
trophozoite, schizont stage 1, schizont stage 2, gametocyte stage 1, gametocyte
stage 2-5. Healthy RBC includes three categories, unparasitized, unparasitized with
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dead kernel, and unparasitized with artefact. The first class is pure healthy RBC,
while the second one used to be parasitized, but the parasites have been died and
the cell is no longer affected by parasite. The artefact is healthy RBC, but looks
like parasitized cells, due to factors such as staining agent. There are two out of
cell classes, merozoite and artefact. The former is plasmodium in merozoite life
cycle stage and the latter is caused by technical factors. Beside, cells can be labeled
as difficult if the microscopist is unsure about its stages. In total, there are twelve
classes in Our Plasmodium data. The dataset then contains roundly 45,000 cells,
in which 42,000 are healthy RBC. Split ratio for train, test, and validation is 7/2/1.
We provide more detailed information in Table 4.2.

Figure 4.3 shows the number of instances in each class for there dataset. The
size of BBCC041 is twice as the size of IML Malaria and Our Plasmodium. One
apparent issue in all there datasets is that they are extremely all dominated by
healthy RBC class. While there are only 173 samples of gametocyte in Our Plas-
modium, healthy RBC has 42,030 samples. The same observation can be derived
from BBBC041 and IML Malaria dataset.

Figure 4.3: Number of instances by each class in three datasets.

Because the annotations of three datasets are slightly different, we define classes
for classification framework and the corresponding classes in each data set as
shown in Table 4.1. Since subclasses of parasites are usually not needed for medi-
cal reason, we group Our Plasmodium into seven classes, particularly ring, tropho-
zoite, schizont, gametocyte, healthy RBC, difficult, and other. Schizont includes
schizont stage 1 and stage 2; gametocyte contains gametocyte stage 1 and stage
2-5; unparasitized dead kernel and artefact form other class. Due to their different
appearance with pure unparasitized cells, they are not grouped with healthy class.
Out of cell classes are not considered in the out task. In BBBC041, other class is
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equivalent to leukocyte, while IML Malaria does not have instances of other class.
With the purpose of employing classification part to the whole detection and clas-
sification pipeline in future work, difficult class is still considered as a class in our
classification framework. With the definition of classes for life cycle classification
framework, statistical information of train, test, and validation set is provided in
Table 4.2.

Classification
Class

Corresponding Class
BBBC041 IML Malaria Our Plasmodium

Ring Ring Ring Ring
Trophozoite Trophozoite Trophozoite Trophozoite

Schizont Schizont Schizont Schizont stage 1
Schizont stage 2

Gametocyte Gametocyte Gametocyte Gametocyte stage 1
Gametocyte stage 2-5

Healthy Healthy Healthy Healthy

Other
Healthy - dead kernel
Healthy - artefact

Leukocyte
Difficult Difficult Difficult Difficult

Table 4.1: Classification classes and their dataset corresponding.

Classification
Class

BBBC041 IML Malaria Our Plasmodium
Train Valid Test Train Valid Test Train Valid Test

Ring 317 36 169 121 15 28 380 58 118
Trophozoite 1339 134 111 57 7 13 219 33 59
Schizont 164 15 11 18 4 5 213 27 59
Gametocyte 125 19 12 169 33 59 112 16 45
Healthy 69452 7968 5614 26423 3736 7740 29285 4182 8563
Other 90 13 0 0 0 0 549 97 183
Difficult 389 52 5 17 0 4 48 12 15

Table 4.2: Number of instances by class for train, validation, and test set.

4.2 Experiment Settings

Our Mutli-Domain Information Fusion module is implemented based on MM-
Pretrain [64]. Source code is available at github. ResNet50 [40] pre-trained with
ImageNet dataset [65] is adopted as backbone. Graph convolutional network in
MDIF module is implemented with PyTorch Geometry [66]. Experiment are car-
ried out on NVIDIA-P100 GPU provided by Kaggle [67].

Cell images are resized to 224 × 224. In training phase, they are augmented by
random crop with random ratio in (0.6, 1.0), and horizontal and vertical flip with
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probabilities of 0.25 and 0.25, respectively. Model is trained in 50 epochs. Evalua-
tion on validation set is carried every 5 epochs. Adam [68] with weight decay 10−4

is utilized as optimizer. We set initial learning rate to 10−4, and reduce by 1/10

at 25-th epoch. Smoothing coefficient in exponential moving average formular to
update agent nodes value is set to 0.6.

As mentioned in Section 3.1, sampling strategy is important for MDIF. To re-
duce bias toward healthy RBC class, weighted sampling strategy is utilized. Specif-
ically, sampled weights for healthy RBC, ring, trophozoite, schizont, and gameto-
cyte classes are set to one over number of instances in each class. This strategy en-
sures equal number of instances of life cycle classes and healthy class are sample
every epoch. Since other and difficult classes are considered as medically unim-
portant, their sampled weights are set as one over number of instances in each class
multiplied by 20.
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5.1 Evaluation Strategy

To evaluate the effectiveness of the proposed MDIF, we set up the experiments
as follows. Two baselines and two approaches are experimented. The first baseline
is trained and tested on individual dataset, and the second baseline is trained jointly
on all datasets without module MDIF. We call them Individual Training (baseline
1) and Joint Training (baseline 2). In first approach, model with MDIF Domain-
level placed on top of backbone is trained with merged dataset. In second approach,
MDIF Class-level is employed.

Our experiment design is illustrated in Figure 5.1 and briefly summarized as
follows:

• Individual Training: model is trained on individual dataset without MDIF.

• Joint Training: model is trained jointly on all datasets without MDIF.

• MDIF Domain-level: model is trained jointly on all datasets with MDIF Domain-
level.

• MDIF Class-level: model is trained jointly on all datasets with MDIF Class-
level.

Figure 5.1: Illustration of our experiment design.

In addition to accuracy, three other evaluation metrics are introduced to ac-
cess the performance on minor classes, namely life cycle micro-averaged recall
(RLifeCycle), life cycle micro-averaged precision (Plifecycle), and life cycle micro-
average F1 score. They are calculated over four life cycle classes, i.e. ring, tropho-
zoite, schizont, and gametocyte. Let TPR, FNR, FPR be number of instances that
are correctly predicted as ring (true positives), number of ring instances that are

27



CHAPTER 5. EXPERIMENT RESULTS

misclassified as other classes (false negatives), and number of instances of other
classes that are misclassified as ring (false positives), respectively. Similarly, TPT ,
FNT , FPT , TPS , FNS , FPS , TPG, FNG, and FPG are true positives, false nega-
tives, and false positives of the corresponding trophozoite, schizont, and gameto-
cyte classes. Evaluation metrics for life cycle classes are calculated as following
Equation 5.1, 5.2, and 5.3. Beside quantitative evaluation metrics, qualitative anal-
ysis of confusion matrices will be carried out to access the performance of the
proposed method.

RLifeCycle =

∑
c∈{R,T,S,G} TPc∑

c∈{R,T,S,G} TPc + FNc
(5.1)

PLifeCycle =

∑
c∈{R,T,S,G} TPc∑

c∈{R,T,S,G} TPc + FPc
(5.2)

F1LifeCycle = 2 ·
RLifeCycle · PLifeCycle

RLifeCycle + PLifeCycle
(5.3)

Results with three model selection strategies are reported, best accuracy, best
recall, and last epoch. In best accuracy, models with highest accuracy in validation
are selected. Best recall means models are chosen based on micro-averaged recall
over four life cycle classes RLifeCycle. The last strategy is to test models on the last
training epoch. With initial purpose of selecting model with highest performance
on Our Plasmodium dataset, in experiments with joint training datasets, i.e. Joint
Training, MDIF Domain-level, and MDIF Class-level, selection metric is derived
in Our Plasmodium.

5.2 Effectiveness of MDIF on BBBC041

Experiment results on BBBC041 are reported in Table 5.1. This dataset gen-
erally benefits from additional data. Joint Training improves performance on all
metrics in best accuracy and last epoch model selection with around 0.6% of ac-
curacy and 10% of F1LifeCycle. Employing MDIF Domain-level and Class-level
further enhances results. MDIF Class-level achieves the highest accuracy 97.20%
with best accuracy selection. Regarding performance of life cycle classes, MDIF
Domain level is the best model in all there selection modes with highest F1LifeCycle

of 58.64%. Although Joint Training reports best life cycle micro-averaged precision
PLifeCycle on best accuracy and last epoch selection, it should be noticed that their
micro-averages recall RLifeCycle is relatively lower than MDIF, thus their general
performance on minor classes is not as good.
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Method Accuracy Life Cycle Classes
RLifeCycle PLifeCycle F1LifeCycle

Best
Accuracy

Individual Training 96.34 36.30 53.14 43.14
Joint Training 96.93 44.22 68.72 53.81
MDIF Domain-level 97.04 53.80 64.43 58.64
MDIF Class-level 97.20 52.81 62.02 57.04

Best
Recall

Individual Training 96.34 36.30 53.14 43.14
Joint Training 90.86 30.36 56.44 39.48
MDIF Domain-level 96.50 53.45 60.45 56.73
MDIF Class-level 96.12 61.93 40.26 48.80

Last
Epoch

Individual Training 96.27 41.91 47.04 44.33
Joint Training 96.93 44.22 68.72 53.81
MDIF Domain-level 97.04 53.80 64.43 58.64
MDIF Class-level 96.08 46.86 59.17 52.30

Table 5.1: Results on BBBC041.

We further analyze performances of the proposed MDIF by examining confu-
sion matrices shown in Figure 5.2. They are results of the model selected with best
accuracy strategy. In Individual Training, samples are mostly predicted as healthy
RBC or trophozoite. There is no schizont and gametocyte predicted. Adding more
datasets in Joint Training improves overall performance. MDIF Domain-level and
Class-level further enhance recognition among life cycle classes. There are 24 ring
and 7 trophozoite more instances that are recognized in MDIF Domain-level com-
pared with Joint Training. It should also be noticed that 9 healthy RBCs that are
classified as ring in MDIF Domain-level might not be model’s mistakes, but rather
annotation errors. These wrong classification cases are presented in Appendix A.

5.3 Effectiveness of MDIF on IML Malaria

Table 5.2 shows experiment results on the IML Malaria dataset. There is a clear
improvement of MDIF on life cycle classes evaluation metrics, while accuracy of
all methods are slightly similar. In best recall model selection, MDIF Class-level
achieves nearly 14% higher than Individual Training and 10% higher than Joint
Training in micro-averaged F1 score of four life cycle classes. The two versions of
MDIF reports 5% RLifeCycle more than the two baselines in last epoch evaluation.

Confusion matrices on IML Malaria are presented in Figure 5.3. MDIF in-
creases the number of life cycle class instances correctly classified by model. With
Class-level, there are 1 ring, 2 trophozoites, and 2 schizonts more that are recog-
nized, compared with Individual Training. Although the number of correctly clas-
sified healthy RBC instances reduces, it may also be because of annotation errors.
These cases are shown in Section 5.5 and Appendix A.
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(a) (b)

(c) (d)

Figure 5.2: Confusion matrices, BBBC041 dataset. Model is selected with best accuracy
strategy. (a) Individual Training; (b) Joint Training; (c) MDIF Domain-level; (d) MDIF
Class-level

Method Accuracy Life Cycle Classes
RLifeCycle PLifeCycle F1LifeCycle

Best
Accuracy

Individual Training 99.44 82.86 69.60 75.65
Joint Training 99.43 83.81 69.29 75.86
MDIF Domain-level 99.45 88.57 70.99 78.81
MDIF Class-level 99.36 87.62 68.66 76.99

Best
Recall

Individual Training 98.94 83.81 52.38 64.47
Joint Training 98.93 83.81 58.67 69.02
MDIF Domain-level 99.32 85.71 65.22 74.07
MDIF Class-level 99.45 85.71 72.58 78.60

Last
Epoch

Individual Training 99.44 82.86 69.60 75.65
Joint Training 99.43 83.81 69.29 75.86
MDIF Domain-level 99.45 88.57 70.99 78.81
MDIF Class-level 99.35 88.57 67.88 76.86

Table 5.2: Results on IML Malaria.
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(a) (b)

(c) (d)

Figure 5.3: Confusion matrices, IML Malaria dataset. Model is selected with best accuracy
strategy. (a) Individual Training; (b) Joint Training; (c) MDIF Domain-level; (d) MDIF
Class-level

5.4 Effectiveness of MDIF on Our Plasmodium

Result on Our Plasmodium dataset in Table 5.3 shows a slightly better per-
formance of MDIF on life cycle classes, while accuracies of Individual Training
and Joint Training are generally higher than MDIF. In best accuracy model selec-
tion, the highest micro-averaged F1 score of life cycle classes is 79.39% of MDIF
Domain-level, around 0.8% higher than the two baselines, while F1LifeCycle of
MDIF Class-level is slightly lower. Similar trend of F1 score on life cycle classes
can be observed in last epoch model selection. In best recall selection, MDIF Class-
level achieves the highest F1LifeCycle of 80.49%, while Individual Training and
MDIF Domain-level shares the best micro-averaged life cycle recall of 83.27%.

We present the confusion matrices on Our Plasmodium dataset with model
selected with best accuracy strategy in Figure 5.4. Ring and trophozoite classes
are less confused in MDIF Domain-level. While with schizont and gametocyte,
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Method Accuracy Life Cycle Classes
RLifeCycle PLifeCycle F1LifeCycle

Best
Accuracy

Individual Training 95.39 81.85 75.41 78.50
Joint Training 95.66 81.49 75.83 78.56
MDIF Domain-level 95.31 83.63 75.56 79.39
MDIF Class-level 93.14 82.56 74.60 78.38

Best
Recall

Individual Training 92.23 83.27 77.23 80.14
Joint Training 78.61 79.72 75.17 77.37
MDIF Domain-level 93.44 83.27 74.52 78.66
MDIF Class-level 92.77 82.56 78.52 80.49

Last
Epoch

Individual Training 95.39 81.85 75.41 78.50
Joint Training 95.66 81.49 75.83 78.56
MDIF Domain-level 95.30 83.63 75.56 79.39
MDIF Class-level 91.84 83.63 73.90 78.46

Table 5.3: Results on Our Plasmodium.

the recognition ability can be considered similar between Individual Training and
MDIF Domain-level. In Class-level, performance of gametocyte is better than the
other methods. While its performance in healthy RBC class is the worst, i.e. more
healthy RBC instances are incorrectly recognized as other class. However, the eval-
uation may not reflect quality of the model, because some misclassification cases
might be correctly classified. They are shown in Section 5.5 and Appendix A.

5.5 Importance of Domains Fusion

A major question in Multi-Domain Learning is that whether "physically" adding
more training data will lead to better performance, since training data might come
from different distributions. To answer this question in the field of plasmodium life
cycle classification, we examine the performance of Individual Training and Joint
Training on three datasets, BBBC041, IML Malaria, and Our Plasmodium. Gen-
erally, BBBC and IML Malaria benefit from Joint Training, except in best recall
model selection of BBBC041, Joint Training has worse performance than Individ-
ual Training. However, in Our Plasmodium, Joint Training reports a significantly
lower accuracy and 3% less in F1LifeCycle than Individual Training.

With these observations, we can come to a conclusion that "adding more training
datasets does not necessarily ensure a better performance". Therefore, employment
of domain fusion for multi-domain learning of plasmodium life cycle classification
is necessary. MDIF Domain-level shows a better quantitative performance than
Individual Training and Joint Training. MDIF Domain-level F1 score of life cycle
class F1LifeCycle is the highest in most cases. Detailed analyses has been provided
in the previous sections.
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(a) (b)

(c) (d)

Figure 5.4: Confusion matrices, Our Plasmodium dataset. Model is selected with best
accuracy strategy. (a) Individual Training; (b) Joint Training; (c) MDIF Domain-level; (d)
MDIF Class-level

MDIF Class-level is designed as a more refined version of MDIF Domain-level
with agent node for each class in each domain. We expected the employment of
class agent node would reduce the impact of data imbalance to a lower level,
i.e. instance nodes receive information from class agent nodes proportionally to
their similarity with class agent node. Thus it would enhance performance of the
model further, especially among life cycle classes. However, the quantitative re-
sults of MDIF Class-level are lower than MDIF Domain-level in most of the cases,
as shown in Table 5.1, 5.2, and 5.3. We did further investigation with qualitative
analyses and found that the reason might be dataset quality.

Figure 5.5 shows 13 healthy RBC instances that are misclassified by MDIF
Domain-level as ring in Our Plasmodium dataset. However, their appearances are
abnormal. Some were apparently incorrectly annotated. While the others look healthy,
but the bounding boxes contain part of other infected cells. Similarly, Figure 5.6
presents cases that healthy RBC samples are incorrectly recognized as trophozoite
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and schizont in IML Malaria data. Beside aforementioned issues, effect of artefact
such as color of staining agent can be observed. Some other misclassification cases
are provided in Appendix A. The errors in data might not only affect the quan-
titative evaluation, but also the model in training phase. Since MDIF Class-level
operates on specific class, annotation quality might have stronger impact on it than
MDIF Domain-level, making its quantitative result poorer.

Figure 5.5: Wrong classification cases in Our Plasmodium, MDIF Domain-level. Healthy
RBC samples are misclassified ad ring. Annotation mistakes?

Figure 5.6: Wrong classification cases in IML Malaria, MDIF Domain-level. Healthy RBC
samples are misclassified as trophozoite and gametocyte. Annotation mistakes?

5.6 Ablation Studies

5.6.1 Necessity of Weighted Sampling

A subtle component in our framework is weighted sampling. The component is
responsible for sampling an equal number of instances each training epoch by over-
sampling minor classes and under-sampling major classes. We employ weighted
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sampling strategy to our classification framework with the argument that domain
agent node in MDIF Domain-level may be biased by major class, i.e. healthy RBC,
in random sampling setting. To validate our hypothesis, we run Individual Train-
ing, Joint Training, and MDIF Domain-level, with random sampling strategy, i.e.
all instances are sampled in each training epoch with equal probability regard-
less of their class. Model is selected with best accuracy selection strategy. Results
are reported in Table 5.4, bold text means worst result. Except BBBC041, MDIF
Domain-level trained with random sampling significantly decreases performance
on life cycle classes, with 6% and 8% lower in micro-averaged F1 score on life cy-
cle classes in IML Malaria and Our Plasmodium correspondingly, compared with
Individual Training. MDIF Domain-level also shows the lowest accuracy on IML
Malaria.

Dataset Method Accuracy Life Cycle Classes
RLifeCycle PLifeCycle F1LifeCycle

BBBC041

Individual Training 94.85 1.00 27.27 1.93
Joint Training 96.29 33.99 56.86 42.55
MDIF Domain-level 95.19 8.58 23.85 12.62
MDIF Domain-level* 97.04 53.80 64.43 58.64

IML
Malaria

Individual Training 99.44 73.33 75.49 74.39
Joint Training 99.40 73.33 74.04 73.68
MDIF Domain-level 99.31 66.67 70.00 68.29
MDIF Domain-level* 99.45 88.57 70.99 78.81

Our
Plasmodium

Individual Training 97.71 80.07 77.59 78.81
Joint Training 97.16 79.36 73.60 76.37
MDIF Domain-level 97.39 68.68 71.48 70.05
MDIF Domain-level* 95.31 83.63 75.56 79.39

* Trained with weighted sampling

Table 5.4: Result on BBBC041, IML Malaria, and Our Plasmodium with random sam-
pling.

Utilization of weighted sampling solves the issue of bias by major class. In Table
5.4, MDIF Domain-level trained with weighted sampling strategy is significantly
better than the one trained with random sampling in almost all evaluation metrics.
F1LifeCycle increases 46% in BBBC041, and approximately 10% in IML and Our
Plasmodium. Although accuracy on Our Plasmodium is 2% lower, it should be
noticed that test set is dominated by healthy RBC class, thus this evaluation metric
does not effectively represent the performance of the method.

5.6.2 Necessity of Proper Graph Construction

Graph construction is an important part to model the relationship of domains. It
defines how information is integrated across domains. Prior to the current construc-
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tion of Class-level knowledge graph, we had experimented with slightly different
graph construction. In training phase, instance nodes are connected with only agent
node of its class, with the expectation that it would receive only global information
within the class. In inference phase, the construction strategy is similar to the cur-
rent graph construction, instances are connected to all agent nodes of its domain,
with edge weight being inversely proportional to distance. Figure 5.7 illustrates the
prior construction of Class-level graph in training and inference phase.

(a) (b)

Figure 5.7: Illustration of prior Class-level graph construction (a) Training phase; (b) In-
ference phase.

A major issue with this graph construction is that training and inference are
different. During inference, model does not know how to handle new connec-
tions, thus performance is significantly reduced. It can be clearly observed in IML
Malaria and Our Plasmodium dataset. Table 5.5 shows the result of MDIF Class-
level with prior graph construction in comparison with other methods. Results in
bold text mean worst result.

In this chapter, effectiveness of MDIF in integrating domain information has
been shown in there datasets, BBBC041, IML Malaria, and Our Plasmodium.
Quantitative and qualitative analyses have been provided to support our conclu-
sion. Since there are only two studies on life cycle development of plasmodium
[14], [16], and the differences in classification pipelines and dataset split with our
implementation, comparison was not conducted. Ablation studies have also been
carried out. Particularly, the necessity of proper domain integration strategy has
been reasoned, and the probable reason that MDIF Class-level did not achieve per-
formance as good as expected has been explained.
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Dataset Method Accuracy Life Cycle Classes
RLifeCycle PLifeCycle F1LifeCycle

BBBC041

Individual Training 96.34 36.30 53.14 43.14
Joint Training 96.93 44.22 68.72 53.81
MDIF Domain-level 97.04 53.80 64.43 58.64
MDIF Class-level* 95.63 42.57 46.24 44.33

IML
Malaria

Individual Training 99.44 82.86 69.60 75.65
Joint Training 99.43 83.81 69.29 75.86
MDIF Domain-level 99.45 88.57 70.99 78.81
MDIF Class-level* 99.04 80.95 59.44 68.55

Our
Plasmodium

Individual Training 95.39 81.85 75.41 78.50
Joint Training 95.66 81.49 75.83 78.56
MDIF Domain-level 95.31 83.63 75.56 79.39
MDIF Class-level* 89.54 73.67 69.00 71.26

* Old knowledge graph construction version

Table 5.5: Result on BBBC041, IML Malaria, and Our Plasmodium. MDIF Class-level is
the version with old knowledge graph construction.
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CHAPTER 6. CONCLUSION

6.1 Summary

Malaria disease has a strong impact on not only medical but also socioeconomic
aspects to community, especially developing countries. In this work, we have pro-
posed a framework for automatic diagnosis of the disease, which can contribute
to the intervention to reduce malaria fatality. Particularly, multi-domain learning
methods have been employed for the classification of plasmodium life cycle task
to address the data imbalance issue by taking advantages of data from multiple
datasets. A module named Multi-Domain Information Fusion is placed on top of
feature extractor backbone to integrate information across domains, thus reduce do-
main shift. We conducted experiments on three datasets, BBBC041, IML Malaria,
and Our Plasmodium. Experiment results and ablation studies have shown the ef-
fectiveness of the proposed MDIF.

6.2 Future Works

The proposed MDIF module operates on the feature space, thus it is respon-
sible for domains alignment at feature level. On the other hand, methods for do-
mains alignment at data level could be coupled with feature-level alignment with
the expectation of further improve performance. To name a few, domain-specific
normalization and style transfer are widely applied. In addition, more advanced
methods, such as Domain-Specific Batch Normalization [49] with learnable pa-
rameters, could provide potential improvement.

Since data imbalance is an severe issue as the nature of the plasmodium life
cycle development, methods to tackle this problem are important for the life cycle
classification task. In this work, classification of RBC (includes both healhty and
infected) is still effected by the domination of the major class healthy RBC. An
other way to reduce its impact is separating the classification framework into two
stages. The first stage is responsible for classifying healthy and infected RBC, and
the second stage will recognize life cycle development from infected RBC input.
The integration of multi-domain data is then applied to the second stage with MDIF
module placed on top of feature extractor backbone for the same purpose.
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A. SOME MISCLASSIFICATION CASES

Some instances that are classified by MDIF Domain-level. These might not due
to model’s mistakes, but rather data annotation errors. Figure A.1 and A.2 shows
healthy RBC instances that are classified as ring, trophozoite, and gametocyte.
Samples of healthy RBC class that are recognized as ring of IML Malaria are
presented in Figure A.3. In Figure A.4, instances with healthy RBC labels that are
classified as trophozoite, schizont, and gametocyte are shown.

Figure A.1: Wrong classification cases in BBBC041, MDIF Domain-level. Healthy RBC
samples are misclassified as ring. Annotation mistakes?

Figure A.2: Wrong classification cases in BBBC041, MDIF Domain-level. Healthy RBC
samples are misclassified as trophozoite and gametocyte. Annotation mistakes?
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Figure A.3: Wrong classification cases in IML Malaria, MDIF Domain-level. Healthy
RBC samples are misclassified as ring. Annotation mistakes?

Figure A.4: Wrong classification cases in Our Plasmodium, MDIF Domain-level. Healthy
RBC samples are misclassified as trophozoite, schizont, and gametocyte. Annotation mis-
takes?
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