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techniques for Chagas disease detection and

identification
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Abstract. Chagas disease, caused by the Trypanosoma cruzi parasite,
poses a significant health threat, particularly in Latin America, with mil-
lions affected globally. This research introduces a novel approach using
deep learning techniques for the automated detection of Trypanosoma
cruzi in blood smear images provided by Zoonoses Laboratory (CIR) in
Mexico. Advanced deep learning architectures like Faster RCNN, Reti-
naNet, YOLOv8, and FCOS have been adapted, trained, and compared
with each other in terms of the detection accuracy of each image. Our se-
lection of those models is based on their ability to swiftly and accurately
detect anomalies, measured through rigorous assessment using pivotal
metrics like Mean Average Precision (mAP) across varying Intersection
over Union (IoU) thresholds. Notably, the YOLOv8 model has showcased
outstanding performance, boasting a remarkable mAP score of 0.951 for
parasite detection and localisation. Specifically, YOLOv8 outperforms
with a leading mAP of 0.951 at 50% IoU and maintains commendable
precision with a score of 0.594 for IoU thresholds ranging from 50% to
95%. This research reduces dependence on skilled manual analysis hold-
ing a significant implications for healthcare in Chagas-affected regions
by providing a rapid, automated solution to disease detection. This work
has the potential to revolutionise diagnostics in resource-limited settings.
Moreover, the models’ adaptability to other parasitic infections enhances
their global health impact.

Keywords: Chagas Parasite · Object Detection · Deep learning.

1 Introduction

Chagas disease, or American trypanosomiasis, caused by Trypanosoma Cruzi
(T. cruzi), is a major health concern, especially in Latin America, affecting
millions [1]. Chagas disease has different phases. Having a direct examination of
blood smears for the acute phase would offer several benefits, such as: facilitating
timely intervention and treatment, including the use of anti-parasitic medications
and monitoring of treatment effectiveness, and preventive measures for Chagas
disease by informing public health care. Therefore, automatic image analysis
techniques for this phase are required to avoid the laborious task for specialists.
Moreover, the proposed techniques should work within reasonable financial costs
without the need for a specific high-resolution optical microscope.
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This research explores the use of deep learning for detecting T. cruzi in blood
smear samples from infection in mice smear samples, Fig. 1, meticulously pre-
pared at the Zoonoses Laboratory, part of Centro de Investigaciones Regionales
(CIR) in Mexico.

Fig. 1. Original image with Trypanosoma Cruzi presence.

Fig. 2. Patches of images from Fig. 1 where the parasite are present.

Recently, there has been a surge in applying machine learning for the de-
tection and classification of various diseases. These methods typically require a
considerable amount of data for effective implementation of supervised learning
techniques. Specialists in the field often prepare this data, labelling a large num-
ber of images to train algorithms like k-nearest neighbors [2], SVM [3], neural
networks [4], and AdaBoost [5]. These models excel in identifying new, unseen
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images as either infected or not, utilising the feature information from the la-
belled data. This automation greatly enhances the speed and reliability of disease
detection, while reducing effort and costs. However, in the context of Chagas dis-
ease [6], a critical global health concern, the development of machine learning
models for its detection or segmentation remains limited.

For Chagas detection there has been early efforts in 2013 by Soberanis-Mukul
et al. [7] utilised basic machine learning techniques to classify the disease with
notable sensitivity and precision, albeit with limitations due to false positives.
By 2015, Uc-Cetina et al. [8] enhanced detection accuracy through combined
image processing and data augmentation techniques, demonstrating the poten-
tial of integrating multiple machine learning approaches. Gaussian Discriminant
Analysis has been employing in order to extract green channels from images,
known to provide more significant information about the parasite. This refines
detection capabilities by emphasising colour channel analysis, achieving impres-
sive true positive rates.

The shift towards deep learning models marked a new era in Chagas disease
identification. A. da Silva Pereira et al.’s 2019 study on MobileNetV2 indicated
high validation accuracy [9], though it faced challenges with over fitting. The
development of a U-Net-based convolutional neural network in 2020 by Allan
Ojeda-Pat et al. [10] showed promise with an F1 score of 80%, despite facing
hurdles such as dataset imbalance and architectural simplicity. Diogo Silva et
al. [11] adopting a random forest algorithm approach, achieving commendable
precision and sensitivity, though limited by image resolution from mobile cam-
eras. The latest, 2022 research by Allan Ojeda-Pat et al. [12] on the Res2Unet
model, achieved notable results, signalling the ongoing evolution of machine
learning methodologies in combating Chagas disease, with a strong focus on
image-based datasets. This work is inspired from Heun’s method in solving dif-
ferential equations, this model amalgamated active contour loss with advanced
residual connections, enhancing its segmentation capability. Trained on a dataset
comprising 626 images and evaluated on 207, Res2Unet demonstrated remark-
able performance metrics: an 84% Dice coefficient, 85% precision, and 82% recall,
surpassing the efficacy of prior models such as U-Net and ResUnet. Nevertheless,
the study faced certain constraints, notably a scarcity of positive instances in the
dataset and a constrained test set size, which cast doubts on its generalisability
to broader real-world scenarios.

Given the escalating challenges associated with accurate diagnostics and the
growing utilisation of Deep Learning (DL) as a supportive instrument, it be-
comes increasingly imperative to delve into this potential avenue. Convolutional
Neural Networks (CNNs) [13] have been extensively used in assisting several,
disease a diagnosis and improving clinical decisions [14]. Such works encourage
researchers on applying CNN based architecture or any other deep-learning-
based architectures to effectively classify diseases (caused by a parasite or not)
and give diagnosis in endemic or non-endemic areas.

Tools development that does not require specialised people is of crucial im-
portance in non-endemic areas where the illness has risen as a result of migra-
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tory movement [1] or in endemic areas as a straightforward help in blood donor
triage [15]. Developing such tools for Chagas disease would be of great help in
non-endemic and endemic areas.

In this paper, we propose and compare various deep learning models for solv-
ing the problem of T. cruzi detection. All the experiments of the proposed models
work on low-resolution data and are easily adapted to new similar datasets. Ta-
ble 1 compares four object detection models: RetinaNet, Faster-RCNN, FCOS,
and YOLOv8, using two key performance metrics: mAP50 and mAP50-95. These
metrics show the precision of object detection at different Intersection over Union
(IoU) thresholds. YOLOv8 achieves the highest mAP50 score (0.951), indicating
superior performance in accurately detecting Chagas parasites with a moderate
overlap criterion. However, across all models, mAP50-95 scores are moderate,
reflecting the challenge of accurate localization over a range of IoU thresholds.
Despite this, YOLOv8 leads in this metric as well, demonstrating its robustness
in accurate detection and localization of chagas parasites. We remark that such
a good performance was obtained for low-resolution images where edges of the
objects of interest may appear blurred.

The rest of this paper is structured as follows: Section 2 details the type of
the data and the methods used for detection comparison. Section 3 details the
experimental results of the comparative architectures.

2 Material and Methods

2.1 Analysed Samples and Used Tools

In this study we used blood smear images prepared at the Zoonoses Labora-
tory, a crucial division of the Centro de Investigaciones Regionales (CIR) in
Mexico, taken from mice in laboratory in the acute phase of T. cruzi infection.
Blood smear samples were collected and subsequently imaged or recorded using
a Nikon Eclipse E600 optical microscope. All images were captured with an at-
tached 75 dpi camera, each with dimensions of 2560 × 1920 pixels. From these
images, patches measuring 512×512 pixels were extracted to construct the image
database. Within this database, 576 regions of interest (ROIs) were identified
as containing parasites, while 624 ROIs were deemed parasite-free, leaving some
images unlabelled. A visual representation of this dataset is provided in Fig. 1.
The compilation of these 512× 512 resolution image patches, depicted in Fig. 2,
was further divided into training, validation, and test sets.

All the models were trained and tested on a Windows 10 system with Intel
Xeon, 2 : 3-GHz processor, 16 GB RAM, 1 TB HDD, a CUDA-enabled Nvidia
graphical processing unit (GPU), Python with Keras and Tensorflow as the back-
end, and CUDA and cuDNN dependencies were installed for GPU acceleration.

2.2 RetinaNet

RetinaNet is a single-stage object detection model proposed by the Tsung-Yi
Lin et al. [16]. It is designed to address the extreme foreground-background class
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imbalance encountered during object detection training. The key innovations in
RetinaNet are:

– Focal Loss: A novel loss function that focuses training on hard, misclassified
examples by down-weighting the loss from easy, well-classified examples. This
helps mitigate the class imbalance issue.

– Feature Pyramid Network (FPN): A top-down architecture with lat-
eral connections that combines low-resolution, semantically strong features
with high-resolution, semantically weak features. This allows RetinaNet to
efficiently detect objects at different scales.

RetinaNet Architecture The overall architecture of RetinaNet, as shown
in Fig. 3, consists of a backbone network followed by two sub-networks: the Fea-
ture Pyramid Network (FPN) and the detection head. The backbone network ex-
tracts features at different scales from the input image. The FPN combines these
multi-scale features in a top-down manner with lateral connections, enabling ef-
ficient detection of objects at different scales. The detection head comprises two
sub-networks: the classification sub-network and the box regression sub-network.
As depicted in (c) and (d) part of Fig. 3, the classification sub-network predicts
the probability of an object being present at each spatial location, while the box
regression sub-network simultaneously predicts the coordinates of the bounding
boxes enclosing the objects. This seamless integration of the FPN and the detec-
tion head allows RetinaNet to achieve state-of-the-art performance in a single,
unified network.

Fig. 3. RetinaNet Architecture.

RetinaNet eliminates the need for separate region proposal and feature re-
sampling steps, making it a simple and efficient single-stage detector.

2.3 Faster R-CNN

Faster R-CNN is a two-stage object detection model proposed by Ross Girshick
et al. [17]. It builds upon its predecessors, R-CNN [18] and Fast R-CNN [19], by
introducing two key innovations:
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– Region Proposal Network (RPN): A dedicated fully convolutional net-
work that efficiently generates region proposals (bounding boxes) that may
contain objects. This replaces the slow selective search algorithm used in
R-CNN.

– End-to-end Training: Unlike R-CNN which trained the region proposal
and object detection components separately, Faster R-CNN trains the RPN
and the Fast R-CNN object detection network jointly using a multi-task loss
function.

Faster R-CNN Architecture As illustrated in the Fig. 4, the Faster R-
CNN architecture consists of convolutional layers that extract feature maps
from the input image. These feature maps are then fed into two sub-networks:
the Region Proposal Network (RPN) and the Region-of-Interest (RoI) pooling
layer. The RPN generates region proposals, which are then processed by the
RoI pooling layer to extract region-specific features. These RoI features are fi-
nally passed through fully connected layers to produce the final class predictions
and bounding box refinements. The RPN and the Fast R-CNN network share
convolutional features, enabling nearly cost-free region proposals. This architec-
ture allows Faster R-CNN to achieve state-of-the-art object detection accuracy
while being several times faster than its predecessors. Despite its efficiency, the
two-stage design can limit performance on small objects and predict redundant
computations.

Fig. 4. Faster R-CNN Architecture.

2.4 FCOS (Fully Convolutional One-Stage Object Detection)

FCOS, proposed by Tian et al. [20], is a simple yet effective one-stage object
detector that aims to solve the issues associated with the popular anchor-based
detection methods. It introduces the following key ideas:

– Fully Convolutional Design: FCOS is a simple and anchor-free fully con-
volutional network that avoids the need for anchor boxes or region proposals.
This reduces computational complexity and memory footprint.
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– Centreness: A novel centreness branch is added to the standard classifi-
cation and regression branches. This centerness branch aims to detect the
centralised and complete objects, helping to address the issue of overlapping
bounding box predictions.

– Multi-level Prediction: Like feature pyramid networks, FCOS makes pre-
dictions at multiple levels of the feature pyramid, allowing it to efficiently
detect objects across various scales.

FCOS Architecture: The architecture of FCOS, as depicted in the Fig. 5,
consists of a backbone network and a feature pyramid structure that extracts
multi-scale features from the input image. The feature pyramid is constructed
from different levels of the backbone’s feature maps, with each level having a
specific resolution.

For each level of the feature pyramid, FCOS employs a shared head mod-
ule that performs three parallel tasks: classification, centreness prediction, and
bounding box regression. The classification branch predicts the probability of an
object being present at each spatial location, while the centreness branch aims
to detect centralised and complete objects by estimating the "centreness" score.
Simultaneously, the regression branch predicts the coordinates of the bounding
boxes enclosing the objects.

By leveraging the multi-level predictions from the feature pyramid, FCOS can
effectively detect objects at various scales. Its fully convolutional and anchor-
free design allows for a simple and efficient architecture, making it well-suited
for computationally constrained environments while achieving competitive per-
formance compared to state-of-the-art detectors.

Fig. 5. FCOS Architecture.
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2.5 YOLOv8

YOLOv8 is the latest iteration of the popular YOLO (You Only Look Once)
[21] family of real-time object detection systems. It builds upon the previous
versions, incorporating several improvements and new features:

– Efficient Architecture: YOLOv8 adopts a new architecture called YOLO-
Pose, which incorporates keypoint estimation capabilities in addition to ob-
ject detection and classification. This allows for simultaneous detection and
pose estimation of objects.

– Improved Backbone: YOLOv8 utilises an improved version of the Effi-
cientNet backbone, called EfficientRep, which is more accurate and efficient
than previous backbones used in YOLO models.

– Data Augmentation: YOLOv8 employs advanced data augmentation tech-
niques, such as Mosaic data augmentation and self-supervised learning, to
improve the model’s performance and generalisation capabilities.

– Ensemble Learning: YOLOv8 introduces ensemble learning, where multi-
ple models are combined to improve accuracy, particularly for small object
detection.

YOLOv8 Architecture: The YOLOv8 architecture introduces numerous
improvements compared to the earlier versions of YOLO, such as a new neural
network architecture that utilises both Feature Pyramid Network (FPN) and
Path Aggregation Network (PAN). This modular design consists of two main
components: the backbone network and the detection head, refer to Fig. 6.

The backbone network is responsible for extracting multi-scale features from
the input image. It generates feature maps at different scales (P5, P4, P3) which
are subsequently utilised by the detection head. The detection head receives
these feature maps and processes them through a series of operations including
concatenation (C), upsampling (U), and convolutional layers (Conv, C2f) to fuse
and process the multi-scale information. These processed features are then fed
into the Detect layers, where the final predictions are made. The Detect layers
generate bounding boxes, object class probabilities, and optionally, keypoint
predictions.

In terms of performance enhancement, the YOLOv8 architecture incorpo-
rates additional components such as CIoU (Complete Intersection over Union)
loss for bounding box regression and DFL (Distribution Focal Loss) for classifi-
cation. These enhancements contribute to improved accuracy and robustness in
object detection tasks.

3 Experiments and Results

Key metrics for this evaluation are Intersection over Union (IoU) and Mean Av-
erage Precision (MAP), essential for assessing the accuracy of object detection
models. Additionally, the chapter examines performance graphs of models pro-
viding insights into their learning effectiveness and generalisation capabilities.
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Fig. 6. YOLOv8 Architecture.

Intersection over Union (IoU) is a vital metric in object detection, used
for evaluating the accuracy of bounding box predictions. It measures the degree
of overlap between the predicted and ground truth (GT) boxes. IoU is calculated
by dividing the area of overlap between the predicted and GT boxes by the area
of their union. It is integral during training for refining bounding box predictions
and during evaluation to assess model performance. Typically, a threshold, such
as 0.5, is set for IoU, above which predictions are considered accurate. This
makes IoU a fundamental standard for assessing the precision of object detection
models.

IoU =
Area of Overlap between Predicted Box and Ground Truth Box
Area of Union between Predicted Box and Ground Truth Box

Mean Average Precision (mAP) is a key metric in object detection,
offering a comprehensive model performance evaluation by considering precision
and recall across various IoU thresholds. Precision is the ratio of correct positive
predictions to all positive predictions made by the model, while recall is the
proportion of actual positives correctly identified.

Precision =
TP

TP + FP
Recall =

TP

TP + FN

where, TP is true positive, FP is false positive, and FN is false negative.
For object detection tasks, the precision and recall is calculated using the

IoU value for a given IoU threshold. For example, when dealing with an IoU
threshold of 0.5, a prediction with an IoU value of 0.7 is designated as a true
positive (TP). Conversely, if the IoU falls to 0.3, we categorise the prediction as
a false positive (FP).

The general definition of average precision (AP) involves calculating the area
under the precision-recall curve, where as mAP is computed as the average of
these individual AP values. mAP calculation involves ranking detection, calcu-
lating precision and recall at each threshold, plotting Precision-Recall curves,
and averaging the area under these curves across classes. mAP is crucial in sce-
narios requiring a balance between precision and recall, and its interpretation
varies with different IoU thresholds.
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3.1 Results for all models and Comparative Analysis of Detection
Models Performance

In this section, we show the comparison of four object detection models: Reti-
naNet, Faster-RCNN, FCOS, and YOLOv8, focusing on their mAP scores at
different IoU thresholds. From our experiments we notice that:

RetinaNet scores an mAP of 0.797 at a 50% IoU threshold and 0.360 on
average from 50% to 95%. This show a good performance, but there is room for
improvement, especially at higher overlaps.

Faster-RCNN does better compared to RetinaNet. It reaches 0.913 at the
50% IoU and 0.498 on average up to 95%. This means it is quite accurate for
moderate overlaps.

FCOS scores even higher in a range of 0.930 at 50% IoU and 0.577 on average
to 95%. It shows great accuracy for basic overlaps and holds up well even as the
overlap standards get stronger.

YOLOv8 leads to 0.951 at 50% IoU and 0.594 for 50-95%. This value shows
that YOLOv8 outperforms, both at the basic 50% overlap and across a range of
stronger overlaps.

All the results above are summarised in Table 1 and Fig. 7.

Table 1. Comparative Analysis of Detection Models Performance. Last row shows an
outperformance of YOLOv8 compared to RetinaNet, FasterRCNN, and FCOS.

MODELS Mean Average Precision (mAP50) mAP50-95
RetinaNet 0.797 0.360
Faster-RCNN 0.913 0.498
FCOS 0.930 0.577
YOLOv8 0.951 0.594

The grouped bar chart compares the performance of four object detection
models: RetinaNet, Faster-RCNN, FCOS, and YOLOv8, using Mean Average
Precision (mAP) scores at two different thresholds. The blue bars represent the
mAP at a 50% Intersection over Union (IoU) threshold (mAP50), while the green
bars show the average mAP calculated at IoU thresholds ranging from 50% to
95% (mAP50-95).

From the chart, we see that YOLOv8 outperforms other models with the
highest mAP scores at both thresholds, followed by FCOS, Faster-RCNN, and
RetinaNet. The chart clearly indicates that as the models progress from Reti-
naNet to YOLOv8, there is an apparent improvement in their ability to accu-
rately detect and classify objects in images, both at the baseline 50% IoU and
across a spectrum of stronger IoU thresholds. Fig. 8 shows an example where
RetinaNet, Faster-RCNN, FCOS models would fail to detect the Chagas parasite
where as YOLOv8 successfully captures them.
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Fig. 7. Comparative Analysis of Detection Models Performance.

4 Conclusion

Our analysis encompassed a range of state-of-the-art models, including Reti-
naNet, Faster-RCNN, FCOS, and YOLOv8. The performance of these models
was evaluated using key metrics such as Mean Average Precision (mAP) at dif-
ferent Intersection over Union (IoU) thresholds. The results demonstrated that
while all models showed a high degree of performance in detecting Chagas par-
asites, the YOLOv8 model outperformed others, especially in terms of mAP50
score of 0.951. This indicates its superior ability to accurately detect and localise
the parasites in medical images.
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