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RESUMO

A deteccao de micronucleos (MN) em linfécitos binucleados € um importante
biomarcador para a avaliagdo da instabilidade cromossémica e dos efeitos
genotdxicos, desempenhando um papel fundamental em diagnédsticos relacionados
ao cancer e em estudos toxicolégicos. No entanto, a analise manual é um processo
demorado, subjetivo e suscetivel a erros humanos. Os trabalhos encontrados na
literatura para deteccdo de micronucleos utilizam bases de dados privadas, o que
limita a avaliagcdo e a reprodutibilidade dos modelos propostos. Neste trabalho,
apresentamos o MN-CRCN, um novo conjunto de dados publico composto por 889
imagens de alta resolugado de linfocitos binucleados, anotadas por especialistas,
contendo a localizagdo tanto das células binucleadas quanto dos micronucleos.
Avaliamos modelos de detecgdo de objetos do estado da arte, incluindo Faster R-
CNN, RetinaNet, FCOS, YOLOv11 e YOLOv12, utilizando as métricas mAP@50,
precisao e revocagao. Os experimentos realizados no MN-CRCN demonstraram que
0 YOLOv12 obteve o melhor desempenho, alcangando 93% de precisdo, 93% de
revocacao e 96% de mAP@50. Os resultados evidenciam o potencial dos métodos
de aprendizado profundo como ferramenta de apoio a analise citogenética e
ressaltam a importancia da disponibilizacdo de bases de dados abertas para a
avaliagao comparativa de métodos automaticos de detec¢cao de micronucleos.
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1 INTRODUCTION

Micronuclei (MN) are cellular structures formed by chromo-somal fragments or
entire chromosomes that fail to reintegrate into the main nucleus after cell division,
remaining in the cyto-plasm as small accessory nuclei [1]. These micronuclei arise
due to errors in chromosomal segregation during mitosis or meiosis and are
considered important biomarkers for assessing genetic damage and chromosomal
instability. Their detection is widely used in genomic toxicology research and
significantly contributes to studies on cancer and other diseases related to genetic
instability [1].

Traditionally, the detection and counting of micronuclei are performed
manually by experienced cytogeneticists, making the process time-consuming,
labour-intensive, and prone to interpretation errors. The subjectivity of the
assessment, com-bined with the variability in the quality of microscopic images, can
lead to inconsistencies between observers, affecting diag-nostic accuracy [2].
Additionally, low-quality images, often obtained through conventional microscopes,
can make the identification process even more challenging and imprecise. Therefore,
the cytogeneticist's experience and skill play a crucial role in the correct classification
of micronuclei, which, however, can make the analysis subjective and susceptible to
interpretative biases.



To address this problem, works in the literature apply deep learning models,
such as YOLO [3], to identify micronuclei in cytogenetic images [4], [5]. Despite the
advances in micronuclei detection, there are still challenges related to the quality of
the images, difficult cases to analyze and missings in the detection task. Most of the
research with micronuclei images relies on private datasets, making it difficult to
reproduce results, analyze models and improve state-of-the-art (SOTA). In this work,
we developed a new dataset of lymphocyte images for automatic micronuclei
detection tasks. The dataset is composed of images captured at the Centro Regional
de Ciéncias Nucleares do Nordeste (CRCN-NE), which were carefully annotated to
ensure accurate identification of the classes. The dataset comprises binucleated cells
without micronuclei and binucleated cells with micronuclei, with the respective
annotation of localization of cells and micronuclei. To evaluate the dataset, we built a
benchmark of SOTA methods object detection, composed by Faster-RCNN [6],
FCOS [7], RetinaNet [8], YOLOv11 [3], and YOLOv12 [9].

The main contributions of this work include:

e Construction and public release of a new dataset containing detailed
annotations of mononucleated cells, binucleated cells, and micronuclei, aiming
to standardize and facilitate the reproducibility of experiments in the field;

« Evaluation of SOTA object detection deep learning models for the micronuclei
task;

2 PRIOR WORK

Automated detection of micronuclei (MN) in cellular images has been
investigated using deep learning models. Among these approaches, models from the
YOLO (You Only Look Once) family [10] have received special attention for their high
accuracy and real-time object detection speed. Wei et al. [11] proposed an enhanced
version of YOLOv5, named YOLOvS5-CEB, which incorporates attention mechanisms
to improve micronucleus detection accuracy. Experimental results from this study
show a 2% increase in mean precision, a 2% increase in accuracy, and a 1.3%
increase in recall compared to the original YOLOV5 algorithm. Modern architectures
such as YOLOv12 already include attention mechanisms but have not been tested on
micronuclei datasets. Their use uses a private dataset composed of 726 images with
micronucleous cells.

Another significant contribution was proposed by Wei et al. [12], who
developed STD-YOLOv7, a small-object detector for micronuclei based on the
YOLOv7 architecture. This model incorporates the Coordinated Attention
mechanism, enhancing micronucleus detection accuracy by allowing the network to
focus on critical image regions. Experiments are performed on the SRCHD [12]
private dataset, composed of 13,309 images.

Ibarra-Arellano et al. [13] presented micronuclAl, a graphical interface tool for
the automated quantification of micronuclei of various sizes, morphologies, and
locations. The classifier achieved near-human-level performance using a
convolutional neural network trained to analyze cropped images of individual cells
from datasets comprising various human and murine cell lines. Although they use
public datasets, their approach focuses on the segmentation task.

In addition to these advances, Shen et al. [14] developed an approach for
rapid and automated detection of micronuclei in images of binucleated lymphocytes
using convolutional neural network (CNN) algorithms. This system was designed to
analyze images obtained using automated microscopes, offering an efficient and
accessible alternative to the manual and subjective micronucleus counting process.



Their approach achieved a 99.4% detection rate compared to manual detection, with
a 14.7% false positive rate on tests conducted with 20 slides. Their experiments are
conducted on the private CBMN dataset [14].

Despite progress in the field, the aforementioned works rely on private
datasets, limiting the reproducibility of experiments and direct comparison between
approaches. Also, the type of image varies depending on the dataset, as the
acquisition technique may differ from each laboratory. This also makes it difficult to
compare different SOTA techniques. Figure 1 shows the type of images of datasets
used in CBMN [14], (b) Wei's dataset [11], (d) NCI-H358 dataset [13], and (d) MN-
CRCN (ours). We can observe from Figure 1 that the images from the datasets can
vary in terms of luminosity, noise and noisy elements in the image and structure of
the cells. The CBMN dataset, shown in Figure 1, has a similar image as ours, which
is used in the CRCN laboratory. However, CBMN is a private dataset.

Figure 1 — Example of images from (a) CBMN [14] dataset (private), (b) Wei’s dataset [11]
(private), NCI-H358 dataset [13] (private), and (d) MN-CRCN (ours, public)
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Fonte: Barbosa, 2026.

Based on these limitations, we built our own dataset, called MN-CRCN,
containing images collected at CRCN-NE, with annotations of the locations of
binucleated cells and micronuclei. By making the dataset publicly available, we aim to
standardize model evaluation and promote the reproducibility of experiments in this
field. Our work also differs from these approaches by employing the most recent
version of YOLO (YOLOv11 and YOLOv12) and extending the analysis for other
SOTA object detection.

3 BACKGROUND

The cells obtained from slides of human lymphocyte cultures can be mononucleated
and multinucleated cells. Each cell may have a small structure called micronuclei.
The cells may vary in size, amount of micronuclei, touching elements, and



nucleoplasmic bridges [15]. The Micronuclei Detection task consists of identifying a
micronuclei (MN) in binucleated cells. Figure 2 shows examples of mononucleated
cells, binucleated cells without micronuclei and binucleated cells with micronuclei.

Figure 2 — (a) Mononucleated cell, (b) Binucleated cell without micronuclei and
(c) Binucleated cell with micronuclei.
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The scope of our work is to identify the localization of binucleous cells without
micronuclei (BN), binucleated cells with micronuclei (BNMN), and the micronuclei
(MN) inside the binucleated cells. For the task, we aim to train a model O, which
receives as input a lymphocyte image and returns a set of bounding boxes and their
associated classes 0(I) = {(b;, ¢;): b; € R*, ¢; € C,i = 1, .., N}, where b; denotes the i-
th bounding box, ¢; the corresponding class label, ¢ = {BN, BNMN, MN} is the set of
possible classes, and is the number of detected objects in the image.

4 METHODOLOGY

4.1 Dataset

The dataset used in this study was constructed using images of binucleated
lymphocytes obtained directly from biological samples processed at the CRCN-NE
laboratory. We call our built dataset MN-CRCN. The image capture was performed
manually, under expert supervision, using a Leica DM 500 optical microscope with a
resolution of 2048 x 1536 pixels.

To ensure the scientific quality and validity of the samples, the collected
images were periodically reviewed and validated by experienced cytogeneticists at
CRCN. Validation followed the guidelines of the HUMN (Human Micronucleus
Project) [15], a widely recognized protocol in the scientific community for
standardizing micronucleus analysis. The HUMN project establishes rigorous criteria
for the analysis of binucleated cells, taking into account characteristics such as
nuclear size, micronucleus size, and cytoplasmic integrity, among others.

According to these criteria, during the validation phase, some images were
discarded for presenting irregularities such as overlapping nuclei, cytoplasmic
damage, or poor contrast and focus quality. Figure 3 shows examples of images with
annotations from MN-CRCN, containing images of the binucleated cells without
micronucleus (BN), binucleated cells with micronucleus (BNMN) and micronucleus
(MN) localization.



Figure 3 — Examples of images from MN-CRCN Dataset with annotated classes.
Classes 0, 1 and 2 refer to nucleus cells without micronucleus, nucleus cells
with micronucleus, and micronucleus localization, respectively.
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A total of 889 captures were made, including 543 images of binucleated cells
without micronuclei (BN) and 346 images of binucleated cells with micronuclei
(BNMN). The images were originally captured in TIFF format and later converted to
PNG. Table 1 presents the dataset statistics.

The dataset is split into training and test subsets, allocating 2/3 of the samples
for training and 1/3 for testing, resulting in a training set of 621 images and a test set
of 268 images

Table 1 — Distribution of the developed dataset. The second column shows the number
of images containing each class, and the third column shows the total number of
objects per class.

Class No. of objects
Binucleated without micronucleus (BN) 600
Binucleated with micronucleus (BNMN) 347
Micronucleus (MN) 472
Total 1419

Fonte: Barbosa, 2026.

4.2 Implementation Details

We evaluated the SOTA models for object detection Faster-RCNN, FCOS,
RetinaNet, YOLOv11, and YOLOv12. For all experiments, we resized the images to
1080 x 1080 pixels and trained for 200 epochs, with a learning rate of 0.001 and
batch size of 8. These parameters were defined empirically, and the best results



were obtained. The experiments were conducted on Kaggle Notebook [16] using a
V100 GPU.

YOLOv11 and YOLOv12 implementation was based on their public github
code [3], [17]. We used YOLOv11m and YOLOv12m architectures pretrained on the
COCO dataset [18] and fine-tuned it on our custom dataset.

Faster-RCNN, FCOS, and RetinaNet implementation were based on
MMdetection github code [19]. We used ResNet-50 [20] as the backbone for Faster-
RCNN, RetinaNet and FCOS. We used the default model parameters for each
architecture, pretrained on the COCO dataset and using the same training
parameters as YOLOv11 and YOLOv12.

4.3 Implementation Details

To evaluate the model's performance in the application, widely used metrics in
computer vision were employed: Mean Average Precision (mAP), Precision, and
Recall.

The Mean Average Precision (mAP) quantifies the overall model performance
by computing the precision across different /oU (In-average tersection over Union)
thresholds. We consider mAP50, which evaluates the model with a fixed loU
threshold of 0.50.

The Precision metric indicates the proportion of correct predictions relative to
the total number of predictions made, serving as an indicator of the model's reliability.
The formula for Precision is given by:

TP

P .. —
recision —TP T FP’

where TP and FP represent the number of true positives and false positives,
respectively.

The Recall metric measures the proportion of actual classes correctly detected
by the model. The formula for Recall is given by:

TP

Recall = TP+—F1V

5 RESULTS

We evaluated Faster-RCNN, FCOS, RetinaNet, YOLOv11, and YOLOv12 to
the proposed MN-CRCN dataset. Table 2 shows the results of Precision, Recall and
mMAP50 metrics for each method and each class.

Figure 4 shows qualitative results of each method, where the green, red, and
blue rectangles indicate true positives, false positives and false negatives,
respectively.

Figure 4 — Detection results for Faster-RCNN, FCOS, RetinaNet, YOLOv11, and YOLOv12 on
images from the MN-CRCN dataset. Bounding boxes in green, red and blue indicate true
positives, false positives, and false negatives, respectively.
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From these examples, we observe that despite the presence of noise and
other cells in the images, the model could identify the binucleated cells correctly. The
model automatically ignored other cells because they were not binucleated or had
atypical structures, such as nuclei of significantly different sizes, which were also
excluded during annotation by the cytogeneticist. Table 2 show results of precision,
recall and mAP50 for each method.

Table 2 — Results of precision, recall and mAP50 for the MN-CRCN dataset. Best
values are presented in boldface.

Model Class Precision Recall mAP50
BN 0.81 0.98 0.95
BNMN 0.84 0.88 0.95
FESERNEINN MN 0.83 0.79 0.76
All 0.83 0.88 0.88
BN 0.81 098 0.91
BNMN 0.85 0.81 0.89
FCOS MN 0.78 0.64 0.26
All 0.81 0.81 0.68
BN 0.76 0.97 0.94
. BNMN 0.76 0.84 0.92
NOTEINE: MN 0.85 0.78 0.82
All 0.79 0.86 0.89
BN 0.88 0.99 0.97
BNMN 0.93 0.99 0.98
YOLOVIT MN 0.95 0.80 0.93

All 0.92 0.91 0.96




BN 0.93 0.99 0.98

BNMN 0.95 0.97 0.98
YOLOv12 MN 0.91 0.84 0.93
All 0.93 0.93 0.96

Fonte: Barbosa, 2026.

Figure 5 shows the confusion matrix of each method. In the confusion matrix,
BKND corresponds to the background and maps the false negative cases. We can
observe that YOLOv12 obtained the best results, with fewer misclassifications. Most
of the missing occurs in the MN class, as they are small and often classified as
background.

Figure 5 — Confusion matrix os Faster-RCNN, FCOS, RetinaNet, YOLOv11, and YOLOv12, for
MN-CRCN dataset

a~7 o o j” sNa o 2 " o 12 0 1| Q" st o o |}’ ms 0 o

3o | 18 o o [* |2 o o7 g |0 0 0 :_EM. 16 N 0 o gl m 0o o
g w0 031‘1§.~0 (o5 ‘:éw‘a OSE‘ZEnwo 020 a0 015
w@|20 5 22 0 ||l owl15 7 26 0 ||l mn‘w 6 19 0 ww |14 5 18 0 ||l» s 18 4 20 0
& F s £ B & & o8 & ) & & ¢ £ ’ & & & & ’ & & e & o
Predicted label Predicted label Predicted label Predicted label Predicted label
Faster-RGNN FCOS RetinaNet YOLO11 YOLO12

Fonte: Barbosa, 2026

6 CONCLUSION

In this work, we presented MN-CRCN, a new publicly available dataset for
automatic detection of micronuclei in binucleated lymphocytes. The dataset,
constructed using samples acquired and validated by expert cytogeneticists at
CRCN-NE, includes detailed annotations of three biologically relevant classes:
binucleated cells without micronuclei (BN), binucleated cells with micronuclei
(BNMN), and isolated micronuclei (MN). We evaluated several state-of-the-art object
detection models on the proposed dataset, including YOLOv11, YOLOv12, Faster R-
CNN, RetinaNet, and FCOS. YOLOv11 achieved the best overall performance, with
93% precision, 93% recall, and 96% mMmAP@50, demonstrating its suitability for
clinical and research applications. The MN-CRCN dataset addresses the current
limitations of private datasets in the field and provides a reproducible benchmark for
advancing automated micronucleus detection. Future work includes expanding the
dataset and exploring models tailored for small object detection to improve the
accuracy of micronucleus identification.
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