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Abstract. This project aims to automate human karyotype generation to op-
timize cytogenetic analysis, seeking to improve accuracy and reduce manual
workload. Using a public dataset, the YOLOv10 model was employed for chro-
mosome detection, demonstrating a mean average performance of 99.4%. For
segmentation, the SAM model was used as a proof of concept, proving very suc-
cessful in most cases for generating masks, although it faces challenges with
overlapping chromosomes. In conclusion, the detection achieved excellent per-
formance, and segmentation is promising with room for improvement.

1. Introduction
A karyotype is the complete set of an individual’s chromosomes that describes their num-
ber and morphology under the microscope. In diploid organisms such as humans, chro-
mosomes occur in pairs, totaling 46 chromosomes: 22 pairs of autosomes and one pair
of sex chromosomes (typically XX for females and XY for males). The term karyotype
also refers to a lab-produced image of chromosomes isolated from a cell and arranged in
numerical order, used to detect abnormalities in number, type, shape, or banding. This
exam helps to determine fetal sex or to diagnose chromosomal disorders, such as Trisomy
21 in Down syndrome.

To produce a karyotype, the sample is prepared, photographed under a light
microscope, and the chromosomes are isolated, classified, and organized. Classi-
fication relies on visual analysis of size, banding pattern, and centromere position
[Erwinsyah et al. 2017]. This technique is very time-consuming and prone to human er-
ror, and the current technology used to aid in the process is not efficient. Most automated
methods still require manual preprocessing or focus only on classifying pre-cropped chro-
mosomes [Remani Sathyan et al. 2022].

Based on the need to optimize the visual analysis process, this project proposes
a pipeline for the classification and arrangement of chromosomes in a karyotype, aiming
to improve accuracy, reduce manual workload, and accelerate cytogenetic analysis. More



specifically, the goal of this work is to train a detection model that, based on photomicrog-
raphy, automatically locates and classifies each chromosome. The segmentation step to
isolate each detected chromosome was tested as a proof of concept, but was not explored
in depth in the scope of this work.

2. Materials and Methods

2.1. Data

A public Kaggle dataset, published by [Tseng 2022], was used for the experiment1. It
contains grayscale microscopy images in various resolutions, each with an XML file pro-
viding bounding box annotations and class labels for each chromosome. The class dis-
tribution is mostly balanced, with most classes having two instances per image. The X
chromosome appears in 3/4 of the cases and the Y chromosome in 1/4. The reason is
that the samples are well divided into male and female (with a few samples with more or
fewer sex chromosomes).

The dataset was pre-divided into Train (75%) and Test (25%), with the Train set
further split into Train (85%) and Validation (15%). Although 5000 samples were listed,
six Train samples were missing. In order to train the model, all images and annotations
were organized into a YOLO-friendly directory without modifying the original files.

Table 1. Number of samples per partition after dataset division.

Dataset % of total num of samples
Train 63, 74% 3183

Validation 11, 23% 561
Test 25, 03% 1250

2.2. Architecture

For the detection task, YOLO (You Only Look Once) version 10 [Wang et al. 2024] was
chosen. The pre-trained large model was imported for fine-tuning on the collected data,
with 364 layers and 25,888,688 parameters. YOLO is a one-stage detector, and in version
10, it is more efficient for real-time applications. Moreover, its large version shows better
results than the former versions. Thus, it was chosen for consistently achieving state-of-
the-art results.

For fine-tuning, the training was executed on an A100 GPU. Since the largest
image dimensions were 1024 by 1360 pixels, and the model requires a fixed image size,
the chosen value for resizing the images was 1024 in both height and width, the highest
resolution manageable by the RAM, with a batch size of 16. The model was trained for
100 epochs.

To validate the idea of using a two-step process to form a karyotype, SAM (Seg-
ment Anything) [Kirillov et al. 2023] was employed for the segmentation task. SAM has
two main advantages relevant for this project: First, it is said to have zero-shot generaliza-
tion to unfamiliar objects and images, without the need for additional training, and since

1https://www.kaggle.com/datasets/aliabedimadiseh/
chromosome-image-dataset-karyotype



there was no segmentation mask to use as ground truth, there was no easy way to train a
model. The second advantage is the fact that SAM can take prompts in the form of text,
points, or, interestingly, bounding boxes, which is exactly the detector’s output. Since
we cannot train a segmentation model and chromosomes are not typical objects in which
the system was trained, we can use the predicted boxes as prompts in the segmentation
task. For this work, the vision transformer used for the image encoder was trained on
high-resolution images.

3. Experimental Results
The detection model performed surprisingly well. As can be seen in the confusion matrix
in Figure 1a, all classes present very high performance, the lowest belonging to the sex
chromosomes, probably due to having fewer samples to train with. However, the lowest
accuracy is 97% for the Y class. To further illustrate this, Figure 1b shows some perfor-
mance metrics for each class, and for the whole Test dataset. In particular, the overall
performance stays high even in higher confidence thresholds.

(a) Normalized confusion matrix. (b) Performance metrics in the Test set.

Figure 1. Detection evaluation in the Test dataset as a normalized confusion
matrix (a) and a table of metrics (b). in Figure 1b, in order, the columns
show for each class its name, number of images with it, total number of
instances, the bounding box precision, recall, mean Average Precision
(mAP) at a threshold of 50%, and mean mAP at varying thresholds, from
50% to 95%.

For the segmentation experiment, the best approach was to run the full image with
each bounding box as a prompt, creating an individual mask for each run, for each chro-
mosome. Since there was no ground truth mask available for a quantitative evaluation, a
qualitative visual analysis was employed, including specialists in the field. Some exam-
ples can be seen in Figure 2. This approach is very successful in most cases, yielding a
result similar to Figure 2b, except in eventual cases where chromosomes cross, as can be
seen in Figure 2c.

4. Discussion
Although the current work presented excellent results, it still has its limitations. It was
trained and tested on a single dataset of images that might not be representative of all
real use cases. Also, the approach was not tested in different models, so no claim can



(a) (b) (c)

Figure 2. Original image (a), segmentation mask of a successful (b) and a non-
successful (c) example.

be made regarding this being the best approach. The issue of overlapping chromosomes
was not deemed as important by the specialists, as it represented cases where part of a
chromosome is hidden so another karyotype from a different cell would be needed for
that chromosome anyways.

5. Conclusion
This work aims to automate part of the process of generating a human karyotype. The
detection model presented great performance, both in locating and in classifying the
chromosomes, indicating the visual differences are notable enough to be learned. The
segmentation model showed some promise with the prompt, although there is space for
improvement, maybe through fine-tuning or a different model/approach. Another issue to
be approached is the touching and overlapping chromosomes, which certainly make the
segmentation issue more difficult.
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