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Abstract. Malaria is a disease caused by the Plasmodium parasite. Au-
tomatic recognition of Plasmodium infection and its stages of develop-
ment in human blood reduces the resources required for manual diagnosis
and clinical trials. However, with few annotated samples per development
stage, the model’s ability to distinguish them may not be satisfactory.
When obtaining more data is not feasible, leveraging multiple datasets
provides an alternative solution. Furthermore, the diversity and vari-
ability across multiple datasets can help in learning a more generalizable
model. For these reasons, we use an existing, unsupervised Multi-Domain
Information Fusion (MDIF) method to train the model using multiple
datasets while handling domain gaps, and propose a supervised variant
of MDIF (MDIF-C). MDIF consists of two graph convolutional network
(GCN) layers to refine the feature representation with information across
domains. While the existing MDIF (MDIF-D) fuses the information only
at the domain level, our proposed MDIF-C leverages both domain and
class-level fusion, thus making the information fusion more beneficial and
mitigating the impact of data imbalance. Experiments are conducted on
three datasets of two different Plasmodium species, namely BBBC041-
v1, IML Malaria, and RecoPlasmodiumV1, with an end-to-end pipeline
from blood smear images. The pipeline includes red blood cell detection
and development stage classification. Experimental results show the su-
periority of the entire pipeline using our MDIF-C for classification, over
both training on multiple datasets without fusion and MDIF-D, even in
the presence of different Plasmodium species and noise.
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1 Introduction

Malaria disease has strong impacts on public health, societies, and economics
[1]–[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 development stages in human blood is crucial for
the assessment of newly developed medications within the framework of clinical
trials. To reduce the time and resources required for manual microscopic exami-
nation, we propose a deep learning method to automatically recognize Plasmod-
ium development stages from blood smear images. Red blood cells (RBCs) are
detected and then classified into the five classes being 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 (showcasing different species), please
refer to Fig. 2.

However, this classification problem is difficult, due to extreme data imbal-
ance (the vast majority of RBCs being healthy), low inter-class variability among
parasitized classes, large intra-class variability (some development stages consist-
ing of visually dissimilar sub-stages), and labeled data scarcity (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 gaps. Different domains usu-
ally have different characteristics, e.g. in our case: staining agent, magnification
scale, or even Plasmodium species. Thus, simply training a single classifier from
multiple domains may not improve performance. It may even worsen it, as such a
classifier might sacrifice performance on the domains with the lowest number of
samples [5]. In this paper, we propose to use Multi-Domain Information Fusion
(MDIF) [6], designated here MDIF-D, to mitigate the impact of the domain gap.

Even when source datasets are fully labeled, the existing MDIF method
(MDIF-D), that performs unsupervised domain adaptation, only transfers in-
formation at the domain level, leaving the rich class information unexploited.
Moreover, in the presence of class imbalance, such a model may be biased to-
ward the majority classes. For these reasons, we introduce a new, supervised
version of MDIF, namely class-level MDIF (MDIF-C), to bridge the domain gap
more effectively, and lower the impact of class imbalance.

Our contributions are listed as follows. 1) A two-step pipeline is proposed,
for first detecting / localizing RBCs and then classifying them into "Healthy"
or one out of four Plasmodium development stages. 2) In the classification step,
1 A domain commonly refers to a dataset where samples follow the same underlying

data distribution [4].
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we use the existing (unsupervised) MDIF-D [5] to enhance model generalization
by taking advantage of data diversity from multiple domains while mitigating
the domain gap. 3) We introduce MDIF-C, a new method for supervised MDIF-
based domain adaptation, which uses two levels of fusion: domain and class. 4)
Experiments results on three datasets show the effectiveness of our end-to-end
pipeline using MDIF-C, even in the presence of domains with different Plasmod-
ium species and data noise.

2 Related Work

Plasmodium Development Stage Recognition. This task can be handled
using different pipelines. Although some methods carry it out in a single step [7]–
[9], others use two steps [7], [10]–[12] or even three steps [10], [13]. Two-step ap-
proaches perform either infected RBC detection followed by classification, or, like
ours, perform RBC detection followed by classification, including the "Healthy"
class. Three-step approaches usually consist of RBC detection, infected (or un-
infected) RBC classification, and (for infected samples) development stage clas-
sification. Several works simply focus on the classification stage, taking as input
pre-cropped RBC images available in the ground truth. The best performing
method on the public dataset BBBC041-v1 [14], among the ones presented in
Hung et al. [7] is 2-step, and uses Faster R-CNN [15] for uninfected cell detec-
tion and (for negative samples) AlexNet [16] for development stage classification.
Zedda et al.’s [12] results were reported on the public dataset IML-Malaria [10]
using YOLOv8m [17] to detect infected RBCs, then ViT-Large [18] to classify
infected RBCs into development stages. Using a similar 2-step approach, these
authors develop a YOLOv8-based architecture for infected RBCs detection, fol-
lowed by a ViT-based classifier [9]. In addition to the whole pipeline, there are
a few studies that only handle the classification stage, either for infected RBC
development stage classification only [19], or for both development stage and
healthy RBC classification [20], [21].

It is important to note that the use of diverse pipelines (as explained above),
combined with a lack of consistency in evaluation strategies across current stud-
ies, hinders fair comparisons (see Section 5.2). Some studies use private datasets
[8], [13], supplement data with self-captured images [20], disregard a few classes
from evaluation [7], only carry out the classification stage [19]–[21], or report
results for different parts of the pipeline separately [10].

Data Imbalance. Several studies tackling data imbalance in medical imag-
ing include few-shot learning MetaMed [22], one-shot learning [23], and Balanced-
MixUp [24]. To the best of our knowledge, Li et al. [20] are the only ones address-
ing this problem in the Plasmodium infection and development stages classifica-
tion by using an additional dataset. Although this method shows effectiveness,
their additional data are unlabeled, leaving rich-labeled data unexploited.

Multi-Domain Learning. Multi-domain learning employs data from mul-
tiple domains to enhance generalization. Gou et al. [25] introduce a shared
backbone and a private prediction head for each domain for pose estimation
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and tracking. Liu et al. [26] use two networks to extract domain-invariant and
domain-specific features. Given the lack of training samples for some Plasmodium
development stages, multi-domain learning provides a potential solution.

Domain Adaptation. In the presence of scarce labeled data, domain adap-
tation aims to take advantage of multiple datasets while bridging the gap be-
tween their respective domains. Maximum mean discrepancy [27]–[30], adver-
sarial training [31], domain normalization [6], [32] and Multi-Domain Informa-
tion Fusion (MDIF) [6] (designated here MDIF-D) are applied in recent studies
on domain adaptation. By taking advantage of a graph structure, MDIF-D can
capture the relationship among data samples, providing an advantage over other
methods that focus mainly on distribution alignment. But, unsupervised domain
adaptation methods (including MDIF-D) leave the rich class information – when
available – unexploited. Additionally, most domain adaptation methods are af-
fected by class imbalance. To make use of the whole information available while
mitigating the impact of the extreme class imbalance that we have to face in our
application, we introduce a new, supervised MDIF-based domain adaptation
method: MDIF-C.

The following section details the pipeline we propose to handle Plasmodium
stage recognition from blood smears, including our proposed MDIF-C method.

3 Methodology

3.1 Overview

To recognize Plasmodium development stages from blood smear images, we apply
the two-step pipeline shown in Fig. 1, which is original compared to the ones
mostly found in the literature [7], [9], [12]. Indeed, by relying on a detection step
that provides only infected RBCs, the methods in [7], [9], [12] do not provide
the unparasitized RBC counts, and thus are not enough to estimate per-stage
parasitaemia, which is a crucial statistics for healthcare professionals. In our
proposed pipeline on the other hand, the first step detects all RBCs, while the
second classifies them into the five classes that are necessary to estimate per-
stage parasitaemia (see Fig. 2): "Healthy", "Ring", "Trophozoite", "Schizont"
and "Gametocyte".

In general, the background in blood smear images is not complex, making the
detection phase quite straightforward, while classification is more challenging due
to the difficulties mentioned in the second paragraph of Section 1. Thus, for the
classification step, we propose to leverage data from multiple domains and use
MDIF to refine features by incorporating information across domains, comparing
our supervised MDIF-C to the existing, unsupervised, MDIF-D method [6].

Data X from all domains is first embedded into a feature space using a feature
extractor f(.), resulting in a set of feature representations Z. These features are
then refined with global information by MDIF, before being passed to a classifier
g(.). The core idea is to facilitate information exchange between groups of data
using a GCN. Specifically, the data is divided into groups of similar instances G,
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Fig. 1: Plasmodium development stage recognition pipeline, including our proposed MDIF-C. Colors
represent domains.

each represented by an agent node. These agent nodes communicate with each
other to share global information and subsequently propagate this information
to their associated instance nodes through two GCN layers. Depending on how
finely the data is divided into groups G, we either use the existing Domain-Level
MDIF (MDIF-D) [6] or our proposed Class-Level MDIF (MDIF-C).

3.2 Agent Node

Suppose we have D domains, where each domain Dd = {(xd
i , y

d
i )|i ∈ [1, ND]}, d ∈

[1, D] consists of Nd instances (RBCs) xd
i and their corresponding labels ydi ∈

[1, C]. Each agent node aG is determined based on the features of instances
in G, {zi = f(xi),∀xi ∈ G}. Since each instance node contributes differ-
ently 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(zi)/

∑
xj∈G λ(f(xj)), where 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)

A group G consists of all instances from a domain Dd in MDIF-D, and all
instances of a class c within a domain Dd in MDIF-C. The agent nodes of MDIF-
D and MDIF-C are respectively denoted as ad and ad,c. We denote A as the set
of agent nodes across all domains, Ad as the set of agent nodes in domain Dd:
Ad = {ad} in MDIF-D and Ad = {ad,c | c ∈ [1, C]} in MDIF-C.

3.3 Graph Construction

The graph topology defines how the information is propagated and integrated
across nodes. There are two types of nodes in the graphs: agent nodes (described
in Section 3.2), and instance nodes, which represent the feature embeddings of
individual instances. Let us describe the construction of the MDIF-C graph.
Denote G = (V,E) as the undirected graph where V is the set of all vertices,
V = A ∪ Z, and E defines their connections. The first layer focuses solely on
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exchanging global information between groups; thus, only agent-to-agent con-
nections are considered, as shown in Eq. 2. In contrast, the second layer enables
each agent node to distribute information to its associated instance nodes by
incorporating both agent-to-agent and agent-to-instance connections (Eq. 3).

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]}, Ac = {ad,c | d ∈ [1, D]}.

In MDIF-D, because each domain corresponds to a single agent node, the
index c is omitted, Ac ≡ A ≡ {ad | d ∈ [1, D]}. In the second layer of MDIF-C,
agent-to-instance connection weights are determined by feature similarity instead
of being set to 1 as in MDIF-D: s(zd

i ,a
d,c) =

1/∥zd
i −ad,c∥2∑C

c′=1
1/∥zd

i −ad,c′∥2
. Intuitively, the

more similar an instance node is to an agent node, the higher the weight is.

4 Experiment Settings

Datasets. We use three datasets, BBBC041-v12 [14] (images contributed by
Hung et al. [7]), IML Malaria3 [10], and RecoPlasmodiumV1 for the main exper-
iments. The latter has been developed by us, is currently under publication and
will be made available publicly by January 2026. It is important to note that,
while BBBC041-v1 and IML Malaria both contain images of Plasmodium vivax,
RecoPlasmodiumV1 contains Plasmodium falciparum, whose stages of develop-
ment are quite visually dissimilar to vivax.

Since we perform the complete detection and classification pipeline and there
is no predefined train/test split for the IML Malaria dataset, we randomly par-
titioned the data at the image level using a 70/20/10 split for training, testing,
and validation. The RecoPlasmodiumV1 dataset was partitioned similarly. At
the RBC level, the data is approximately stratified following the five classes (see
Table 1). For BBBC041-v1 on the other hand, we use the original train and test
sets, and randomly pick 10% of the train set for validation. Samples from these
datasets and dataset statistics are respectively shown in Fig. 2 and Table 1. To
make our research reproducible while complying with the MMM double-blind
reviewing process, we will provide a link to these splits in this paper’s camera-
ready version.

Implementation Details We train our detection and classification models
separately. For detection, YOLOv11n [33] pretrained on COCO [34] is fine-tuned
with the SGD optimizer [35] and with a learning rate 10−2 over 100 epochs. For
classification, feature extractor ResNet50 [36] pretrained on ImageNet [37] and
MDIF implemented with PyTorch Geometric [38] are trained with the Adam
2 Available at https://bbbc.broadinstitute.org/BBBC041
3 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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Fig. 2: Samples of healthy RBCs and development stages. From top to bottom, RecoPlasmodiumV1
(P. falciparum), BBBC041-v1 (P. vivax), IML Malaria (P. vivax).

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

Table 1: Number of instances for train, validation, and test sets across three datasets.

optimizer [39] and with a learning rate of 10−4, reduced by 10−1 after half of a
total of 50 epochs. Experiments are conducted on an NVIDIA-P100 GPU.

Evaluation Strategy. In section 5.1, we evaluate four training strategies to
assess the effectiveness of our proposed method, MDIF-C. The first is Individual
Training (IT), where the model is trained on each domain separately. The sec-
ond is Joint Training (JT), where data from all domains are combined to train
a single model. The last two strategies apply the MDIF approach to transfer in-
formation across domains: Domain-Level MDIF (MDIF-D), adapted from Bai et
al. [6], and Class-Level MDIF (MDIF-C), our proposed method. In section 5.2,
we compare our experimental results to the few approaches from the literature
that also perform the full pipeline, even though differences in the pipeline archi-
tectures and evaluation metrics hinder a fair quantitative comparison.

Evaluation Metrics. To evaluate the performance of our full pipeline (two-
stage method), 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.

Particularly, given the F1 scores of each of the four parasitized classes (de-
noted as F1c, c ∈ {R, T, S,G}) and of healthy RBCs (denoted as F1H), and
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the number of instances for each class Nc, c ∈ {R, T, S,G,H}, the macro F1-
score F1 and the weighted F1-score over the four parasitized classes wF1@4

are respectively calculated as follows: F1 =
∑

c∈{R,T,S,G,H} F1c

5 and wF1@4 =∑
c∈{R,T,S,G}

Nc

NR+NT+NS+NG
F1c

5 Experiment Results

5.1 Effectiveness of MDIF-C for the whole Recognition Pipeline

To assess the effectiveness of the proposed method, MDIF-C, we evaluate four
training strategies applied to the second (classification) step in the pipeline, and
report the performances of the complete recognition pipeline. Table 2 reports
the mean Average Precision (mAP ), accuracy (Acc), and macro F1-score (F1)
over all classes, together with the performance on the four parasitized classes,
measured using mAP@4 and wF1@4, for each experiment on the three datasets.
We found that incorporating additional data from different domains does not al-
ways yield positive effects if the information transfer is not carefully designed.
As shown in Table 2, the performance achieved with joint training (JT) or with
domain-level fusion (MDIF-D) is not consistently superior to individual train-
ing (IT). This can be explained by the loss of class-specific information during
unsupervised cross-domain knowledge transfer and/or data imbalance. In con-
trast, our proposed method, MDIF-C, reaches the highest scores for most metrics
across all datasets, particularly for parasitized classes. Significant gains compared
to MDIF-D are observed on both P. 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. falciparum dataset RecoPlasmodiumV1, MDIF-C
improves mAP@4 by roughly 2.2% and wF1@4 by about 0.8% compared to
MDIF-D.

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-D 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
MDIF-C 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

Table 2: Performance comparison of four training methods for the full recognition pipeline on three
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.

Fig. 3 shows the confusion matrices of the models trained with IT and MDIF-
C on the BBBC041-v1 test set. Compared to IT, MDIF-C correctly recognizes
more parasitized samples, particularly rings and trophozoites. It also reduces the
number of ring and trophozoite samples misclassified as healthy RBCs.
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Fig. 3: Confusion matrices for IT (left) and MDIF-C (right) on the BBBC041-v1 test set. R, T, S, G,
H, BG respectively denote "Ring", "Trophozoite", "Schizont", "Gametocyte", "Healthy" and "Back-
ground". MDIF-C achieves higher recognition of parasitized samples, especially rings and tropho-
zoites, and reduces their misclassification as healthy RBCs.

5.2 Comparison with Existing Studies

To compare with existing methods, we performed experiments on public datasets
using the published train/test splits whenever available. Although different stud-
ies have reported results on BBBC041-v1 and the IML dataset, most focus on
infected RBC detection or infected RBC classification solely, with only very few
addressing the recognition of the stage of parasites from whole blood smear
images, i.e. the whole pipeline that can be used in real-life scenarios [7], [9],
[12]. However, making a fair comparison with these works in realistic scenarios
remains challenging.

The first difficulty stems from the different pipeline architectures used. In-
deed, as existing pipelines rely on a detection step that provides either non-
healthy cells (including parasitized RBCs and white blood cells) [7] or parasitized
RBCs [9], [12], the subsequent classification models are trained without the class
"Healthy", and thus cannot recognize it. On the other hand, given that our de-
tection step provides all RBCs (including healthy ones, which are necessary to
estimate per-stage parasitaemia), we include the class "Healthy" for training
and evaluating our classifier. Although we provide a performance evaluation on
the four parasitized classes only, our results are hardly comparable to the ones
reported in [7], [9], [12]. Indeed, for their performance evaluations, these works
not only ignore healthy RBCs misdetected as parasitized and parasitized RBCs
misdetected as healthy, they also disregard the "Background" and "Difficult"
classes.

The second difficulty arises from differences in train/test splitting, since each
work employs its own partitioning strategy. More specifically, the images in
BBBC041-v1 [14], provided by Jane Hung (first author of [7]), appear to have
been used in [7], though the dataset is not explicitly specified in the paper. How-
ever, their test set differs from the one available on the official BBBC041-v1
website; therefore, we cannot directly compare our results with those of Hung
et al. [7]. For the IML Malaria dataset, no official test set is provided. Zedda et
al. [9], [12] evaluated their methods using random 70/20/10 splits for training,
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validation, and testing. Based on their confusion matrix and the scores reported
in [12], we find that the evaluation metrics were calculated in the same manner
as in [7]. To the best of our knowledge, the studies by Zedda et al. in [9], [12]
achieved the best results on this dataset.

Since our work employs the same split ratio as Zedda et al., we provide an
approximate comparison with their results by recalculating the metrics similarly
as [9], [12], from our final confusion matrix. The metrics reported include ac-
curacy (Accuracy†), macro F1 score (F1†), macro precision (Precision†), and
macro recall (sensitivity) (Recall†) in the four parasitized classes, considering
only true parasite detections. The comparison between our MDIF-C and exist-
ing methods is presented in Table 3, while Fig. 4 shows the confusion matrices
of the method in [12] and our MDIF-C on the IML Malaria test set. Our MDIF-
C makes less confusion between rings and trophozoites: there is only one ring
recognized as trophozoite, and two samples of trophozoites recognized as rings,
while the corresponding numbers in [12] are four and nine, respectively. Our
MDIF-C outperforms the others in terms of accuracy (Accuracy†), macro F1
score (F1†), and sensitivity (Recall†).

Method
IML Malaria

Accuracy† F1† Precision† Recall†

Zedda et al. [12] 80.0 76.0 85.0 73.0
Zedda et al. [9] 75.8 72.7 81.3 68.8
MDIF-C 89.5 82.1 83.0 81.4

Table 3: Performance comparison (all in %) with existing studies on the four parasitized classes,
using the same evaluation strategy as in [9], [12], i.e. disregarding background, healthy RBCs mis-
classified as parasites, and parasites misclassified as healthy RBCs.

5.3 Discussion

Label noise in the ground truth of public datasets. During our exper-
iments, we observed low performance on the two public datasets, even with
individual training (IT). We further investigated by closely examining samples
from BBBC041-v1 and IML Malaria, and found out that label noise may be a
contributing factor. Some examples are shown in Fig. 5. In both datasets, many
bounding boxes labeled as "Healthy" actually contain parasites, though many
of them could be corrected by shrinking their bounding boxes (Fig. 5 (a) and
(b)). There are also parasitized RBCs annotated as "Healthy", as illustrated in
Fig. 5 (c). Such noise can confuse the models during the training process.

Robustness of MDIF-C against label noise. To assess the robustness of
MDIF-C against label noise in the training data, we conducted an ablation study
with different dataset combinations for the classification phase of parasite stage
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Fig. 4: Confusion matrices of Zedda et al. [12] (left, disregarding background, healthy RBCs mis-
classified as parasites, and parasites misclassified as healthy RBCs) and our MDIF-C across the full
pipeline (right). R, T, S, G, H, and BG respectively denote "Ring", "Trophozoite", "Schizont", "Ga-
metocyte", "Healthy" and "Background". Results are obtained from IML Malaria using the same
train/validation/test split ratio, but not the same splits, which, combined with the fact that the
confusion matrix in [12] (disregarding "background" as a predicted class) only provides partial in-
formation, explains the observed differences in the number of samples per class. MDIF-C gives fewer
confusions among parasitized classes, especially between rings and trophozoites.

Fig. 5: Examples of noisy labels from our training subsets of BBBC041-v1 and IML Malaria. Panels
(a) and (b) show bounding boxes annotated as "Healthy" but containing parasites, which in many
cases could be corrected by reducing the bounding box size. Panel (c) shows RBCs mislabeled as
"Healthy" despite being parasitized.

recognition. The first experiment used {BBBC041-v1, IML Malaria}, and the
second used {BBBC041-v1, IML Malaria, RecoPlasmodiumV1}. Note that Re-
coPlasmodiumV1 has been collegially annotated by a pool of five expert micro-
scopists, offering higher label quality than the other two datasets. The weighted
F1-scores over the four parasitized classes (wF1@4) from these experiments are
reported in Table 4. The results confirm that MDIF-C consistently achieves
the best performance across both combinations. In particular, we observe sub-
stantial improvements over individual training (IT) and Joint Training (JT) on
BBBC041-v1 and IML Malaria, despite their label noise. Moreover, the inclu-
sion of RecoPlasmodiumV1 further yields significant gains on BBBC041-v1, with
wF1@4 increasing from 33.85% under IT to 43.04% and 51.74% with MDIF-
C when using {BBBC041-v1, IML Malaria} and {BBBC041-v1, IML Malaria,
RecoPlasmodiumV1}, respectively. This shows the ability of MDIF-C to yield
better performances in one domain (P. vivax in BBBC041-v1 and IML Malaria)
by adding carefully annotated samples from another domain (P. falciparum in
RecoPlasmodiumV1).
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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-D - 40.14 75.47
MDIF-C - 43.04 81.05

{BBBC041-v1 +
IML Malaria +
RecoPlasmodiumV1}

JT 88.36 37.69 74.58
MDIF-D 88.87 42.60 77.11
MDIF-C 88.87 51.74 80.39

Table 4: Performance (wF1@4) of different strategies (IT, JT, MDIF-D, MDIF-C) for the classi-
fication phase on two dataset groups: {BBBC041-v1, IML Malaria} and {BBBC041-v1, IML
Malaria, RecoPlasmodiumV1}. Values in bold indicate the best result within each group.

6 Conclusion

In this study, a two-step pipeline is proposed for recognizing Plasmodium devel-
opment stages and healthy RBCs (which are necessary to estimate the per-stage
parasitaemia). In the presence of data scarcity, we leverage the diversity of mul-
tiple datasets to train the model. In particular, we propose a new, supervised
MDIF-based supervised domain adaptation method: MDIF-C, to enhance the
model’s generalization. Experiment results indicate that when combining multi-
ple datasets for training, the performance gain is not always ensured without an
appropriate domain fusion method. With the advantage of taking into account
class labels on top of the domain during information fusion, our MDIF-C achieves
the highest scores on most metrics across the three experimented datasets. Be-
sides, we also find that data quality plays an important role in multi-domain
learning, and show the robustness of MDIF-C to data noise.

Beyond this specific application, MDIF-C can be used to solve other fine-
grained recognition tasks in the presence of data scarcity. An interesting direction
to explore would be to adapt MDIF-C to semi-supervised learning when a large
amount of data is available but mostly unlabeled.
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