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Abstract. Malaria is a disease caused by the Plasmodium parasite. Au-
tomatic recognition of Plasmodium infection and its development stages
in human blood can significantly reduce the cost of manual diagno-
sis and clinical trials. However, insufficient annotated samples per de-
velopment stage and extreme data imbalance pose major challenges.
When acquiring additional data is impractical, multi-domain learning
provides an effective way to exploit heterogeneous data sources and im-
prove model generalization. In this paper, we propose a two-step method
with multi-domain learning for efficient recognition of Plasmodium de-
velopment stages. Red blood cells are first detected and then classified as
either uninfected (unparasitized) or belonging to a specific development
stage. For the classification step, we introduce a new supervised multi-
domain learning method, namely Categorical Multi-Domain Graph Con-
volutional Network (CMD-GCN), to reduce the effects of data scarcity for
some rarely observed stages while mitigating domain discrepancies and
enhancing feature representations. Moreover, CMD-GCN propagates in-
formation across data features at the fine-grained category-aware level,
which helps in alleviating data imbalance. Experiments are conducted on
three datasets, namely BBBC041-v1, IML Malaria, and RecoPlasmod-
iumV1. The experimental results demonstrate that CMD-GCN signifi-
cantly improves the performance of end-to-end Plasmodium development
stage recognition across all evaluated datasets.
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1 Introduction

Malaria disease has strong impacts on public health, societies, and economics
[1], [2], [3]. Plasmodium parasites are transmitted to humans through the bite
of infected mosquitoes and undergo several development stages in the human
liver and blood. Information about the development stages in human blood is
crucial for the assessment of newly developed medications within the frame-
work of clinical trials. To reduce the time and resources required for manual
microscopic examination, we propose a deep learning method to automatically
recognize Plasmodium development stages from thin blood smear images. Red
blood cells (RBCs) are detected and then classified into the five classes that are
necessary to estimate per-stage parasitaemia (percentage of infected RBCs per
development stage), namely "Healthy", "Ring", "Trophozoite", "Schizont", and
"Gametocyte". For examples of these five classes from different datasets (show-
casing different species), please refer to Fig. 3. However, this classification prob-
lem is difficult, due to extreme data imbalance (the vast majority of RBCs are
healthy), low inter-class variability among parasitized classes, large intra-class
variability (some development stages consist of visually dissimilar sub-stages),
and scarcity of labeled data (especially for some rarely observed stages, e.g.,
gametocytes). To improve the model’s ability to distinguish development stages
despite data scarcity, we utilize multi-domain learning to make full use of the
rich and diverse data from multiple domains1.

A challenge in multi-domain learning is domain discrepancy. Different do-
mains usually have different characteristics, e.g. in our case: staining agents,
magnification scales, or even Plasmodium species. Thus, simply training a sin-
gle classifier from multiple domains may not improve performance. It may even
worsen it, because a classifier might sacrifice performance on the domains with
the fewest number of samples [5] or suffer from domain conflict [6]. Domain
adaptation, a closely related field to multi-domain learning, provides a potential
solution to reduce the gap between source and target domains. In a recent study
on unsupervised domain adaptation for person re-identification, Bai et al. [7]
proposed an efficient method, Multi-Domain Information Fusion (MDIF), which
fuses information from multiple domains using a graph convolutional network.
Similar to many domain adaptation methods, the main objective of this work
is to reduce the discrepancy between source and target domains. In contrast,
our objective is not only to mitigate domain discrepancy, but also to enhance
feature representations across all domains. Inspired by MDIF, we propose a
Categorical Multi-Domain Graph Convolutional Network (CMD-GCN), which
transfers information not only at the domain level, but also exploits the rich
1 A domain commonly refers to a dataset where samples follow the same underlying

data distribution [4].
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(a) MDIF [7]: Each agent node represents
a domain and is computed from samples
of all categories, leading to limited repre-
sentativeness.

(b) Our CMD-GCN: Agent nodes are defined per category within
each domain, enabling fine-grained and more representative informa-
tion propagation.

Fig. 1: Information propagation mechanism in (a) MDIF [7] and (b) our proposed CMD-GCN, which
operates at a more advanced level. Colors denote domains, sun/moon shapes represent different
categories. For clearer illustration, instance–agent propagation across categories are shown within
only two domains (blue and green). More information about CMD-GCN’s information propagation
mechanism is given in Section 3.1. Best viewed in color.

category information [8], [9], [10], which is not taken into account by MDIF. By
incorporating category-aware relationships in its graph convolutional network
(GCN), CMD-GCN refines high-level feature representations while simultane-
ously aligning domain distributions. Fig. 1 illustrates CMD-GCN’s propagation
mechanism, in comparison with MDIF’s.

Our contributions are listed as follows: 1) A two-step Plasmodium develop-
ment stage recognition pipeline is proposed, first detecting RBCs and then clas-
sifying them as healthy or one of four development stages. 2) To alleviate data
scarcity in the classification stage, we introduce a new supervised multi-domain
learning method, namely Categorical Multi-Domain Graph Convolutional Net-
work (CMD-GCN), that exploits both domain and category labels to propagate
information across data features, thereby simultaneously reducing domain dis-
crepancy and enhancing high-level feature representations. 3) Extensive exper-
iments are conducted on three datasets to demonstrate the effectiveness of the
proposed end-to-end pipeline incorporating CMD-GCN.

2 Related Work

Plasmodium development stage recognition. Recent studies use different
recognition pipeline designs. Although some methods carry it out in a single step
by formulating it as a multi-class object detection task on blood smear images
[11], [12], [13], others successively perform detection and classification in two
steps [11], [14], [15], [16] or three steps [14], [17]. Two-step approaches perform
either infected RBC detection followed by classification, or, like ours, perform
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RBC detection followed by classification, including the "Healthy" class. Three-
step approaches usually consist of RBC detection, infected (or uninfected) RBC
classification, and (for infected samples) development stage classification. The
best performing method on the public BBBC041-v1 dataset [18], among those
presented in Hung et al. [11], is a two-step approach that uses Faster R-CNN [19]
for uninfected cell detection and AlexNet [20] for development stage classifica-
tion (for negative samples). Zedda et al. [16] reported results on the public IML
Malaria dataset [14], achieving their best performance by using YOLOv8m [21]
to detect infected RBCs and a ViT-large model [22] to classify them into four
developmental stages. Following a similar two-step strategy, the authors pro-
posed, in subsequent work [13], a novel YOLOv8-based architecture to further
improve the infected RBC detection stage. In addition to the whole pipeline,
several studies focus exclusively on the classification stage, either on infected
RBC development stage classification only [23], or for both development stage
and healthy RBC classification [24], [25].

Lack of standard benchmark for Plasmodium recognition. In the
studies on Plasmodium development stage recognition, there is no standardized
evaluation protocol. Existing studies assess their methods using diverse proto-
cols, that are rarely representative of real-life scenarios. Specifically, some studies
report results for different pipeline components separately [14]; disregard sam-
ples labeled as difficult by experts [11]; or exclude incorrectly detected or misde-
tected samples from the initial detection stage when evaluating the subsequent
classification step [11], [13], [16], which results in overly optimistic performance
evaluations, compared to real-world applications. In addition, several works rely
on private datasets [12], [17], [26] or augment the data with self-captured images
[24]. Even when using public datasets such as BBBC041 and IML Malaria, fair
comparison is further complicated by the lack of commonly adopted train/test
splits. Indeed, while BBBC041 provides predefined splits, they are not consis-
tently used, and IML Malaria does not offer standardized partitions.

Data challenges and multi-domain learning in Plasmodium recog-
nition. The insufficient number of samples per development stage and severe
data imbalance are major challenges in Plasmodium development stage recogni-
tion. While various techniques have been applied to mitigate the data imbalance,
such as utilizing multi-stage recognition pipelines [14], [26], data augmentation
[13], [16], [26], and under-sampling/removing some uninfected RBCs for training
[17], [25], the data scarcity issue has received limited attention. To the best of
our knowledge, the study of Li et al. [24] is the only one that tackles this issue by
incorporating an additional dataset for training. However, the additional data
used in their work is unlabeled with respect to development stages, resulting in
under-utilization of available labeled information. Data scarcity can be more ef-
fectively addressed by exploiting labeled data from multiple sources, commonly
referred to as multi-domain learning.

2 Although the dataset is not explicitly specified in the paper, the images in BBBC041-
v1, provided by Jane Hung (first author of [11]), appear to have been used.
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Multi-domain learning leverages diverse and complementary data from
multiple datasets to improve model generalization. It is particularly effective
for complex tasks that require costly and labor-intensive annotation. Recent
computer vision applications of multi-domain learning include object detection
[27], [28], segmentation [29], [30], action recognition [31], and crowd counting
[5]. Common approaches in these works are vision-language alignment [27], [29],
[30], domain-specific network partitioning [5], [28], and training loss regulariza-
tion [31]. While vision-language methods rely on additional textual descriptions
that are not always available, domain-specific network partitioning lacks scal-
ability, as the number of per-domain components grow proportionally to the
number of domains. Training loss regularization operates through optimization
objective, consequently relies on the model to implicitly discover relationships
among domains and samples. With the shared goal of mitigating domain discrep-
ancy and enabling cross-domain knowledge transfer, domain adaptation employs
techniques such as maximum mean discrepancy [32], [33], adversarial training
[34], domain normalization [7], [35], and GCN-based alignment [7], [8]. Compared
with other methods, GCN-based methods offer a structured way to model inter-
and intra-domain relationships of the samples, which can be advantageous.

In this study, we propose a multi-domain learning method that – being su-
pervised – captures relational semantics across both domains and categories.
This method, named CMD-GCN, is designed in a way that facilitates domain
distribution alignment while enhancing category-level feature representations. In
addition, by grouping samples by category for information propagation in the
GCN, CMD-GCN mitigates the bias toward the majority class(es), which would
otherwise account for most information in the GCN’s agent nodes.

3 Methodology

3.1 Overview

To recognize Plasmodium development stages from blood smear images, we pro-
pose the two-step pipeline illustrated in Fig. 2. In the first step, a detector D(·)
identifies all RBCs. In the second step, each detected RBC is classified into
one of the five classes required to estimate per-stage parasitaemia: "Healthy"
(H), "Ring" (R), "Trophozoite" (T), "Schizont" (S), and "Gametocyte" (G).
In general, the background in blood smear images is relatively simple, making
detection straightforward, while classification is more challenging due to the is-
sues discussed in Section 1. Thus, we mainly focus on the classification stage.
Multiple datasets are exploited to train a single classifier, with our proposed
CMD-GCN placed on top of the backbone to perform distribution alignment
and feature enhancement across domains.

Specifically, RBC images X from all domains are first embedded into a feature
space using a feature extractor F(·), resulting in a set of feature representations
Z. These features are then enhanced by propagating information through CMD-
GCN G(·), before being passed to a classifier C(·). The core idea is to facilitate
information exchange between groups of features using a GCN. Data features
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Fig. 2: Our proposed two-step pipeline for Plasmodium development stage recognition. (1) In the
detection step, all RBCs are detected by a detector D(·). (2) In the classification step, the model is
trained using data from multiple domains, where CMD-GCN G(·) is placed on top of the backbone
(feature extractor) F(·) for distribution alignment and feature enhancement before being classified
by the classifier C(·). For clarity, only instance nodes from one domain are shown. Best viewed in
color.

are divided into groups, each represented by an agent node. These agent nodes
communicate with each other to share global information through the first GCN
layer and propagate this information to their associated instance nodes in the
second one.

3.2 Agent Node

Suppose we have D domains, where each domain d consists of Nd images xd
i and

their corresponding labels ydi ∈ [1, C]. The sample set of domain d is denoted as
{(xd

i , y
d
i ) | i ∈ [1, Nd]} with d ∈ [1, D]. An agent node aG is determined based

on the features of instances in G, {zi = F(xi), ∀xi ∈ G}. Since each instance
node contributes differently to the representation, a contribution coefficient wG

i

is assigned to each instance xi in G for the calculation of its corresponding agent
node aG: wG

i = λ(F(xi))/
∑

xj∈G λ(F(xj)), in which λ(.) is a fully connected
layer. The calculation of an agent node is described in Eq. 1, where · denotes
element-wise multiplication.

aG =
∑
xi∈G

wG
i · F(xi) (1)

Unlike MDIF [7], where each agent node represents an entire domain and
is therefore prone to domination by the majority class(es), in our CMD-GCN,
agent nodes are defined at the category level within each domain. Specifically, a
group G consists of all instances belonging to class c in domain d, and its corre-
sponding agent node is denoted as ad,c. By maintaining distinct representations
for each category within a domain, CMD-GCN preserves category-specific in-
formation and prevents dominant classes from overwhelming minority classes,



CMD-GCN for Plasmodium Development Stages Recognition 7

thereby facilitating more accurate information propagation. We denote A as the
set of all agent nodes across domains, A = {ad,c | c ∈ [1, C], d ∈ [1, D]}, and
Ad as the set of agent nodes in domain d, Ad = {ad,c | c ∈ [1, C]}. For training
stability, agent node values are updated using an exponential moving average
and are stored for subsequent inference.

3.3 Graph Construction

The graph topology defines how the information is propagated and integrated
across nodes. The proposed graph contains two types of nodes: agent nodes A
(described in Section 3.2), and instance nodes Z, which represent the feature
embeddings of individual instances. The construction of the relational graph in
CMD-GCN is described as follows. We denote the undirected graph as (V,E)
where V is the set of all vertices, V = A∪Z, and E defines the connections among
nodes. We construct a two-layer graph architecture. The first layer focuses solely
on exchanging global information across domains; therefore, only agent-agent
connections are considered. In contrast, the second layer enables each agent node
to propagate information to its associated instance nodes by incorporating both
agent-agent and agent-to-instance connections. Two agent nodes are connected
if they represent the same category across different domains, while each instance
node is connected to all agent nodes within the same domain. The connections
(adjacency matrices) of the first and second graph layers are defined in Eqs. 2
and 3, respectively, and are illustrated in Fig. 2.

Layer 1: E = {(u, v)|u, v ∈ Ac;u ̸= v; c ∈ [1, C]} (2)

Layer 2: E =

{
{(u, v)|u, v ∈ Ac;u ̸= v; c ∈ [1, C]}

⋃
{(u, v)|u ∈ Ad; v ∈ Zd; d ∈ [1, D]} (3)

where Zd = {zd
i | i ∈ [1, Nd]} denotes the set of instance nodes in domain d,

and Ac = {ad,c | d ∈ [1, D]} denotes the set of agent nodes corresponding to
category c across all domains.

In practice, since categories often share visual similarities, each instance node
is connected to all agent nodes within the same domain, allowing flexible infor-
mation aggregation regardless of category. However, an instance node should not
receive equal contributions from all agent nodes; instead, the influence should
depend on its similarity to each agent node. Therefore, we define the connection
weight based on feature similarity as follows: s(zd

i ,a
d,c) =

1/∥zd
i −ad,c∥2∑C

c′=1
1/∥zd

i −ad,c′∥2
.

4 Experiment Settings

Datasets. We use three datasets, BBBC041-v13 [18], IML Malaria4 [14], and
RecoPlasmodiumV1 for the main experiments. The latter has been developed by
us, is currently under publication, and will be made available publicly by spring
2026. BBBC041-v1 and IML Malaria contain images of the Plasmodium vivax
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Fig. 3: Some RBCs images extracted from the three considered datasets. An RBC is either healthy
or infected by Plasmodium at one of four development stages: Ring, Trophozoite, Schizont, or Ga-
metocyte.

Table 1: Statistics of training, validation, and test instances for the three datasets.

Class RecoPlasmodiumV1 BBBC041-v1 IML Malaria
Train Valid Test Train Valid Test Train Valid Test

Ring 482 78 115 317 36 169 121 15 28
Trophozoite 117 26 41 1339 134 111 57 7 13
Schizont 215 22 63 164 15 11 18 4 5
Gametocyte 101 18 41 125 19 12 169 33 59
Healthy 33066 4972 9742 69452 7968 5614 26423 3736 7740
#Blood smear images 280 39 75 1087 121 120 241 35 69

species, while RecoPlasmodiumV1 contains Plasmodium falciparum. Sample im-
ages from these datasets are shown in Fig. 3.

As we evaluate the complete detection–classification pipeline and the IML
Malaria dataset does not provide predefined splits, we randomly partition the
data at the full (blood smear) image level into 70%/20%/10% for training, test-
ing, and validation, respectively. RecoPlasmodiumV1 is split in the same man-
ner. At the RBC level, the partitions are approximately stratified across the five
classes. For BBBC041-v1, we follow the original train/test split and randomly
sample 10% of the training set for validation. Dataset statistics are reported in
Table 1. Please note that, in each dataset, more than 95% of RBCs are healthy.

Implementation Details. We train our detection and classification models
separately. For detection, YOLOv11n [36] pretrained on COCO [37] is fine-tuned
using the SGD optimizer [38], with a learning rate of 10−2 over 100 epochs. For
classification, the feature extractor ResNet50 [39] pretrained on ImageNet [40]
and CMD-GCN implemented with PyTorch Geometric [41] are trained using
the Adam optimizer [42] with an initial learning rate of 10−4, reduced by a

3 Available at https://bbbc.broadinstitute.org/BBBC041
4 Available at https://www.kaggle.com/datasets/qaziammararshad/iml-malaria1

https://bbbc.broadinstitute.org/BBBC041
https://www.kaggle.com/datasets/qaziammararshad/iml-malaria1
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10−1 factor after half of the total 50 epochs. Experiments are performed on an
NVIDIA-P100 GPU.

Evaluation Strategy. We evaluate four methods to assess the effectiveness of
our proposed CMD-GCN. The first is Individual Training (IT), where the model
is trained separately on each domain. The second is Joint Training (JT), where
data from all domains are combined to train a single model. JT serves as a basic
multi-domain learning approach; both IT and JT are trained without CMD-GCN
or any specialized multi-domain learning modules. As an additional baseline to
assess CMD-GCN, we re-implement Multi-Domain Information Fusion (MDIF)
[7], originally proposed for unsupervised multi-source domain adaptation in per-
son re-identification, and adapt it to our context. MDIF is placed on top of the
same backbone as CMD-GCN (ResNet50) for feature refinement.

Evaluation Metrics. To evaluate the performance of our Plasmodium recog-
nition pipeline, we employ standard metrics for multiclass detection, including
mean Average Precision over all classes (mAP ) and over the four parasitized
classes (mAP@4) at an IoU threshold of 0.5. In addition, we report accuracy
(Acc), macro F1-score (F1) across all classes, and weighted F1-score over the
four parasitized classes (wF1@4), computed at an IoU threshold of 0.5 and a
confidence threshold of 0.3. Given the F1-scores of the four parasitized classes
F1c, c ∈ {R, T, S,G}, the healthy class F1H , and the corresponding sample
counts N c, F1 and wF1@4 are computed as follows: F1 =

∑
c∈{R,T,S,G,H} F1c

5 ,
wF1@4 =

∑
c∈{R,T,S,G}

Nc

NR+NT+NS+NGF1c. Please note that all false positives
and false negatives from the detection stage are taken into account when eval-
uating the full pipeline, making this experimental protocol more representative
of real-world conditions than most protocols from the literature (c.f. Section 2).

5 Experiment Results

5.1 Effectiveness of CMD-GCN for the Recognition Pipeline

We evaluate the four aforementioned methods applied to the classification step
and report their performance in the complete recognition pipeline. Table 2 shows
experimental results on the three datasets. We found that incorporating multiple
datasets for training does not always yield positive effects without appropriate
methods. As shown in Table 2, the performance achieved with joint training
(JT) or with domain-level fusion (MDIF) is not consistently superior to indi-
vidual training (IT). This can be explained by the loss of category information
during cross-domain information propagation and/or poor management of data
imbalance. Indeed, in MDIF, the per-domain agent nodes are certainly domi-
nated by healthy RBC samples. In contrast, our proposed method, CMD-GCN,
reaches the highest scores for most metrics across all datasets, especially for par-
asitized classes. Significant gains compared to MDIF are observed on both P.
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Table 2: Performance comparison of four training methods for the Plasmodium recognition pipeline
on three thin blood smear image datasets, reported using the total accuracy Acc, mAP , macro F1-
score over all classes (F1), and the weighted F1-score over the four parasitized classes (wF1@4) (all
in %). Bold and underlined values indicate the best and second-best results, respectively.

Method
RecoPlasmodiumV1 BBBC041-v1 IML Malaria

Acc mAP F1 mAP@4 wF1@4 Acc mAP F1 mAP@4 wF1@4 Acc mAP F1 mAP@4 wF1@4

IT 93.62 82.73 85.42 79.44 83.61 82.99 29.51 37.91 13.69 30.90 75.95 64.88 69.87 57.06 74.55
JT 93.58 79.97 84.19 75.25 82.60 83.40 32.85 35.08 17.69 31.59 75.94 60.07 66.87 51.06 73.22
MDIF [7]* 93.57 82.38 85.29 78.27 83.26 83.37 33.52 40.57 18.57 38.26 75.93 60.05 66.12 51.02 74.44
CMD-GCN 93.59 84.16 85.89 80.49 84.03 83.78 36.69 41.33 22.50 46.51 75.99 69.02 73.53 62.23 78.00
* We implemented MDIF in our pipeline following the description in [7].

Fig. 4: Confusion matrices for IT (left) and CMD-GCN (right) on the BBBC041-v1 test set. R,
T, S, G, H, BG respectively stand for Ring, Trophozoite, Schizont, Gametocyte, Healthy and
Background classes. With CMD-GCN, substantial improvements are observed for the Ring and
Trophozoite classes, as highlighted by the two circles in the matrix diagonal.

vivax datasets: BBBC041-v1 (roughly +4% in mAP@4 and +8.3% in wF1@4),
and IML Malaria +11.2% in mAP@4 and +3.6% in wF1@4). On the P. falci-
parum dataset RecoPlasmodiumV1, CMD-GCN improves mAP@4 by roughly
2.2% and wF1@4 by about 0.8% compared with MDIF.

Fig. 4 shows the confusion matrices of the models trained with IT and CMD-
GCN on the BBBC041-v1 test set. Compared with IT, CMD-GCN correctly
recognizes more parasitized samples, particularly rings and trophozoites, notably
by reducing their misclassifications with healthy RBCs.

5.2 Comparison with Existing Studies

Difficulties in making appropriate comparison. In the literature, there
are few studies that report results for Plasmodium development stages recogni-
tion. As detailed in Section 2, the lack of a standard benchmark and improper
evaluation protocols make the published results not accurately representative
of the performance of most existing methods in real-life applications. For this
reason, we focus here on the three methods published in [11], [13], [16], that
employ comparatively more appropriate evaluation protocols and report results
on BBBC041-v1 and/or IML Malaria.
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Table 3: Performance comparison (all in %) with existing studies on the four parasitized classes,
using the same evaluation strategy as in [13], [16] (i.e. disregarding some classes).

Method IML Malaria
Accuracy† F1† Precision† Recall†

Zedda et al. [16] 80.0 76.0 85.0 73.0
Zedda et al. [13] 75.8 72.7 81.3 68.8
CMD-GCN 89.5 82.1 83.0 81.4

Assessment against compatible studies. The train and test sets used for
BBBC041-v1 by [11] notably differ from the publicly released ones (that we
use) and the classes considered for evaluation differ from our method; thus, a
comparison with our method is inappropriate. For the IML Malaria dataset, no
official test set is provided, but Zedda et al. [13], [16] split the dataset using
the same 70/20/10 ratio as in our study for training, validation, and testing.
Thus, to offer an approximate indication of CMD-GCN’s performance relative
to prior work, we compare our results with those of Zedda et al. [13], [16] on IML
Malaria by re-computing our metrics under the same protocol, i.e. disregarding
background, healthy RBCs misclassified as parasites, and infected RBCs misclas-
sified as healthy RBCs. Specifically, the metrics include accuracy (Accuracy†),
macro F1 score (F1†), macro precision (Precision†), and macro recall (sensi-
tivity) (Recall†) over the four parasitized classes. As reported in Table 3, our
CMD-GCN outperforms the others in terms of Accuracy†, F1†, and Recall†.

Clinical practicability of our Plasmodium recognition pipeline. By re-
lying on a detection step that provides only infected RBCs, the methods in [11],
[13], [16] do not provide the healthy RBC counts, and thus are not enough to
estimate per-stage parasitaemia, a crucial statistics for healthcare professionals.
On the other hand, we first detect all RBCs from blood smear images, and then
classify them as healthy RBC or one of four development stages, thereby pro-
viding the information required to estimate per-stage parasitaemia. Thus, our
pipeline is suitable for deployment in real-world clinical scenarios.

5.3 Discussion

Data noise in the ground truth of public datasets. During our experi-
ments, we observed relatively low performance on the two public datasets, even
under individual training (IT). We conducted a detailed inspection of samples
from BBBC041-v1 and IML Malaria and found that annotation noise is a likely
contributing factor. As illustrated in Fig. 5, many samples labeled as "Healthy"
actually include parts of infected RBCs belonging to one of the four parasitized
classes (Fig. 5(a) and 5(b)) which could have been corrected with more precise
bounding boxes. In addition, some infected RBCs are incorrectly annotated as
"Healthy" (Fig. 5(c)). Such annotation noise can confuse the models.
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(a) BBBC041-v1: RBCs annotated as
"Healthy" but containing part of in-
fected RBC.

(b) IML Malaria: RBCs annotated as
"Healthy" but containing part of in-
fected RBC.

(c) IML Malaria: incorrect annota-
tions as "Healthy".

Fig. 5: Examples of noisy annotations from public datasets that may negatively affect model per-
formance. Correctly annotated "Healthy" samples are shown in Fig. 3 for reference.

Robustness of CMD-GCN against data noise. Given the above obser-
vations, we assess the robustness of CMD-GCN against annotation noise by
training the classification model under two dataset combinations: {BBBC041-
v1, IML Malaria} and {BBBC041-v1, IML Malaria, RecoPlasmodiumV1}. Note
that RecoPlasmodiumV1 has been collegially annotated by a pool of five ex-
pert microscopists, offering higher label quality than the other two datasets.
The weighted F1-scores over the four parasitized classes (wF1@4) of the four
methods described in Section 4 are shown in Table 4.

Despite the annotation noise in BBBC041-v1 and IML Malaria, CMD-GCN
achieves the best performance when being trained with these two combinations.
Moreover, when using {BBBC041-v1, IML Malaria, RecoPlasmodiumV1}, the
inclusion of RecoPlasmodiumV1 further yields significant gains for CMD-GCN
on BBBC041-v1, with wF1@4 increasing from 33.85% (using IT) to 51.74%. On
the other hand, CMD-GCN’s performance in RecoPlasmodiumV1 is quite simi-
lar to IT and JT, showing its robustness towards noise from BBBC041-v1 and
IML Malaria. These results demonstrate CMD-GCN’s ability to improve per-
formance in noisier domains (e.g., P. vivax in BBBC041-v1 and IML Malaria)
by leveraging cleaner annotations from another domain (P. falciparum in Re-
coPlasmodiumV1), without any loss of performance in the cleaner domain.

Table 4: Performance (wF1@4) of different training strategies for the classification phase on two
dataset combinations: {BBBC041-v1, IML Malaria} and {BBBC041-v1, IML Malaria, RecoPlas-
modiumV1}. Values in bold indicate the best result within each combination.

Dataset Group/Method RecoPlasmodiumV1 BBBC041-v1 IML Malaria
IT (baseline) 88.83 33.85 72.93

{BBBC041-v1 +
IML Malaria}

JT - 20.75 79.20
MDIF [7]* - 40.14 75.47
CMD-GCN - 43.04 81.05

{BBBC041-v1 +
IML Malaria +
RecoPlasmodiumV1}

JT 88.36 37.69 74.58
MDIF [7]* 88.87 42.60 77.11
CMD-GCN 88.87 51.74 80.39

* We implemented MDIF in our pipeline following the description in [7].
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6 Conclusion

In this study, a two-step pipeline is proposed for recognizing Plasmodium de-
velopment stages and healthy RBCs, which is ready for clinical applications.
We leverage the diversity of multiple datasets when training the classification
model to address data scarcity (at least for some classes). For that purpose, we
propose CMD-GCN, a new supervised multi-domain learning approach, to align
distributions and enhance feature representations. By simultaneously incorpo-
rating domain and category information during the construction of the relational
graph, CMD-GCN enables information propagation at a fine-grained level, out-
performing different types of methods (multi-domain or not) on three existing
datasets. Additionally, CMD-GCN is also robust to annotation noise.

Although the limited number of studies and the lack of a standard benchmark
in Plasmodium development stage recognition hinders a fair and accurate com-
parison of our results over existing works, CMD-GCN is a generic method that
can be seamlessly integrated into diverse backbones to solve other fine-grained
classification tasks, beyond this specific application. An interesting direction to
explore further would be to adapt CMD-GCN to semi-supervised learning, where
a large amount of data is available, but mostly unlabeled.
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