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Abstract—This paper deals with chromosome classification via convolutional neural
networks and model ensembling. Chromosome classification is a part of a procedure in
karyotyping, where the chromosomes should be paired and ordered so that they are prepared
for inspection of abnormalities. Model ensembling was used as a technique to improve
overall classification accuracy by using all of the trained models. We achieved 94.8 %
accuracy for a Q-band BioImlab dataset and 97.48% for a G-band chromosome CIR dataset.
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1. INTRODUCTION
Chromosome classification is a part of karyotyping, a method used for inspecting chromosomal structures
for a detection of genetic disorders. Karyotyping can be a time-intensive process and available software
still relies heavily on interaction of cytogenetics [1]. Recent papers (e.g. [2–5]) in this field are focused
on applying deep neural networks to solve this task to make the process automated and more reliable.
The performance of a deep learning model depends on many things - model architecture, chosen hyper-
parameters, available dataset, etc... For this reason, it is common to train and test the data on multiple
architectures and choose the best-performing one.

Our approach in this paper is slightly different, to further improve the overall accuracy, we use
predictions from all of our trained models. This technique is called model ensembling, and it allowed us
to improve overall accuracy compared to the best model by ∼1 % for a CIR dataset [4] and by ∼2.5 %
for a BioImlab dataset [6].

2. METHODOLOGY
Model ensembling is based on an assumption that each well-trained model can extract different features.
It is therefore convenient to have base models with different architecture types, as it is more probable
this way, that each model will capture different information from the input data. Therefore, after pooling
predictions of multiple models, we get a more accurate description of the data [7]. Equation 1 shows
a simple way of model ensembling for n models with assigned weights𝑤 , where

∑
𝑤 = 1.

𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 =
𝑛∑
𝑖=1

𝑚𝑜𝑑𝑒𝑙𝑖 ·𝑤𝑖 , (1)

As our base models, we chose four convolutional neural networks - Xception [8], MobilenetV2
[9], EfficientnetB2 [10] and ResNet18 [11]. As the architectures of the models are different, they
have the potential to be successfully used for ensembling. Along with that, they also have a relatively
small number of parameters and can be directly imported from Keras API [12], except for ResNet18.
The classifier head for the Xception, Mobilenet, and Efficientnet was customized and is shown in Fig.1.
It includes Average Global/Maximum Pooling layers, which are then concatenated to capture richer
features, followed by Dense and Dropout layers. The models also contain a data augmentation layer
placed after an input layer, only active during a training phase. In this layer, we included random flipping,
small rotations, translation, and random contrast adjustments to compensate for the small dataset sizes.

All four models were trained with an Adam optimizer with a starting learning rate 7𝑒−4, which
was gradually lowered via callback after a stalling validation loss. The ResNet model was trained
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from scratch. The Xception, Mobilenet, and Efficientnet were imported with pre-trained weights on an
ImageNet dataset, which saved us between 10 to 20 epochs of training. However, the whole architecture
needed to be re-trained, as fine-tuning of the classifier head resulted in poor model performance on its
own.

Figure 1: Classifier Structure

3. DATASETS
BioImlab
This data collection contains a total of 6683 Q-band chromosome images, acquired at a BioImlab
laboratory at the University of Padova, Italy. The images were obtained by staining the chromosomes
with fluorescent dye quinacrine, which concentrates in different regions of the chromosomes, which then
appear bright or dark [6]. The data is available at http://bioimlab.dei.unipd.it.
CIR
The CIR Dataset was obtained from 65 karyograms at the Medical Genetic Centre and Maternal and
Children Metabolic-Genetic Key Laboratory of Guangdong Women and Children Hospital. This dataset
contains 2990G-band chromosomes. The data is available at https://github.com/CloudDataLab/CIR-Net.

(a) BioImlab dataset (b) CIR dataset

Figure 2: Sample images from datasets

If we take a look at Fig. 2, we can see, that the chromosome images are very different. The chromosomes
in the BioImlab dataset vary severely in the chromosome scaling. By looking at the top middle
chromosomes in Fig. 2(a), we can notice, that chromosome from class 8 is bigger than the one from
class 3, as these two come from other karyotypes. However, this would not be the case, as chromosome
3 is generally longer than chromosome 8. Compared to the CIR chromosomes in Fig. 2(b), the Bioimlab
data are also more blurry and the banding patterns are not as easy to spot. default

4. RESULTS
All four models were trained on each dataset with a 75:10:15 train-validation-test ratio in Google Colab
environment on an available GPU. Their accuracy overview is listed in Tab. I. We can see, that Xception
and Efficientnet score high accuracy for both datasets. However, by ensembling all of the four models
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together, we were able to further improve the accuracy by 2.49 % for the BioImlab dataset and by 0.96 %
for the CIR dataset.
The best weights combinations for BioImlab were [0.32, 0.24, 0.31, 0.13] and [0.18, 0.19, 0.43, 0.20]
for the CIR dataset, with the following order of the models [Xception, Mobilenet, Efficientnet, Resnet].
As we need predictions from all four models to get a final decision, the run-time inference corresponds
to a summation of the run-times of each used model. When measured on a Tesla T4 GPU, the run-time
of the single models was between 2 and 4 ms per image, whereas the ensembled model took 12 ms per
image.
The ensembling method also proved to work well in comparison to results available in other papers.
These results were summarized in Tab. II, where our method outperformed the second-best models by
0.6 % and 1.5 % for BioImlab and CIR datasets respectively.

Model Dataset Accuracy Dataset Accuracy

Xception

BioImlab

91.92 %

CIR

96.56 %

MobilenetV2 83.46 % 90.14 %

EfficientnetB2 92.29 % 95.41 %

ResNet18 84.45 % 94.50 %

Model Ensemble 94.78 % 97.48 %

Table I:Model performance on different models

Model Source Dataset Accuracy

Model Ensemble Ours BioImlab 94.78 %

VGG19 [2] BioImlab 94.11 %

SENet50 [3] BioImlab 92.58 %

Model Ensemble Ours CIR 97.48 %

CIR-Net [4] CIR 95.98 %

LseNet3733 [3] CIR 86.11 %

Table II:Model comparison

The problem with the size differences of the same classes in the BioImalab dataset is also visible in
Fig. 3(a). The top row shows us three examples of misclassified class 8, which might be hard to classify
as the same class even for an inexperienced person. When it comes to misclassification in the CIR dataset
shown in Fig. 3(b), it seems, that the biggest challenge is severely bent chromosomes.
For our future work, we would like to further increase the accuracy by adding a siamese neural network
after the classification models. Siamese networks are usually trained to measure the similarity between
two or more images. As we only have 46 chromosomes to classify when doing karyotyping for single-cell
images, the pairs of chromosomes are fairly similar. Our idea behind this is to measure the similarity
between more than two images classified as the same class and find a match to the non-matching image
among the rest of the images which are missing their pair.

(a) BioImlab dataset - most confusion comes from inconsistent
chromosome sizes of the same classes

(b) CIR dataset - misclassified images are often severely bent

Figure 3: Samples of falsely classified chromosome classes

5. CONCLUSION
This paper demonstrated model ensembling as a simple way how to utilize multiple trained models to
improve overall accuracy for chromosome classification. We have trained four different convolutional
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models separately on two datasets and later found the best weights for their pooling. We were able
to achieve 94.78 % accuracy for a BioImlab dataset and 97.48 % accuracy for a CIR dataset. The
ensembled model did not only outperformed all of the trained models by at least 2.49 %, and by 0.96 %
for the BioImlab and the CIR datasets respectively but also scored the best accuracy compared to results
from other papers. In our future work, we would like to further improve the accuracy with siamese neural
network during karyotyping by measuring the similarity between misclassified images and matching
similar pairs together.
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