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Abstract. Image segmentation is a crucial task of medical image processing, 

including the analysis of multicellular tumour spheroids (MTSs), a common in vitro 

model used in cancer research for drug screening. Accurate segmentation of MTSs 
images allows the extraction of the morphological features necessary for the 

evaluation of the efficacy of the treatment they undergo. This paper presents an 

artificial intelligence (AI)-based segmentation system for the analysis of RGB 
images of MTS using machine learning (ML) classifiers. Unlike previous methods 

designed for high-performance microscope images, our system focuses on RGB 

images captured by standard bench-top optical microscopes, offering a cost-
effective and accessible solution for research. The preliminary results demonstrate 

the efficacy of the ML approach in achieving the desired outcome. 

Keywords. Multicellular spheroids, In vitro models, Image segmentation, Artificial 
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1. Introduction 

The success rate of translating nanomedicines from experimental research to clinical 

trials is less than 30% [1]. Consequently, preclinical validation systems must ensure rapid 

and reliable screening for high-throughput evaluation. Multicellular tumour spheroids 

(MTSs) are widely used in vitro models for preclinical drug screening in cancer research 

[2]. These three-dimensional, non-adherent cell aggregates typically consist of 

heterogeneous cell populations and can be tailored to replicate the physiological spatial 

structure of tumours like glioblastoma multiforme (GBM). This flexibility makes them 

valuable for studying tumour biology and drug screening. Nevertheless, colorimetric 

viability tests, commonly used to assess drug effects on MTSs, are expensive, time-

consuming, and destructive, prompting the need for alternatives. In this context, optical 

microscopy has gained attention as a label-free method for evaluating treatment efficacy 

[3]. MTSs volume and morphological features, such as circularity and invasion area, are 

strongly linked to cell viability, making them more effective for assessing drug response 
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[2]. However, due to variability in MTSs preparation, numerous optical images are 

needed to extract key data for monitoring treatment outcomes. 

Hence the quality and speed of image segmentation are crucial for the accurate 

determination of these metrics. To enhance segmentation and parameter extraction, 

robust and reliable image processing algorithms are necessary. Automated methods are 

taking over the field of image processing due to their ability to address common 

challenges, such as the time-consuming, operator-dependent nature of the process, and 

limited scalability. Among these new proposals, Chen et al. [4] introduced SpheroidSizer, 
a MATLAB-based tool for MTSs segmentation using a Chan-Vese level-set algorithm. 

This tool allows for the extraction of quantitative parameters like area, width, length, and 

volume. Similarly, Akshay et al. [5] presented a user-friendly Deep Learning (DL) tool 

for MTSs image analysis, named SpheroScan, which is based on a ResNet-50 feature 

pyramid network as a backbone. These algorithms target high-performance microscope 

images, limiting their applicability for RGB images from standard optical microscopes. 

This paper aims to bridge this gap by presenting the preliminary results of a method 

for the automatic segmentation of RGB images of MTSs using Machine Learning (ML) 

classifiers. This approach is designed to provide an accessible and cost-effective solution  

for images captured by these widely used microscopes in preclinical research. 

2. Methods 

2.1. Dataset 

In this study, a dataset of RGB images of MTSs was acquired through optical 

microscopy. GBM MTSs were prepared in low adhesion conditions using a combination 

of GBM cells (U87) and GBM-associated stem cells (GMB-8), with other cells of the 

TME, such as microglia (HMC3) and astrocytes (HASTR), to replicate tumour histology. 

Briefly, cells were seeded in an Ultra-Low Attachment 96-wells Plate (Corning) (4000 

cells/well) in the following ratios: 63% U87, 7% GBM-8 cells, 30 % HASTR (TMH) 

and 63% U87, 7% GBM-8 cells, 15 % HASTR, 15% HMC3 (BioMix). Plates were 

incubated at 37°C for 4 days to allow the maturation of MTSs. Then, MTSs were treated 

with different concentrations (10, 20, 50, 100, 200, 500 nM) of Bortezomib-loaded 

nanoparticles, as described in previous studies [6]. Untreated MTSs were used as control. 

To assess the impact of the treatment, images of each MTS were captured at four time 

steps (0, 24, 48, and 72 hours) using a Leica DMi1 Optical Microscope. 

The analysis was conducted on 20 MTSs of the BioMix composition and 21 of the 

TMH composition, yielding a total of 164 images. Each 24-bit RGB image had a 

resolution of 1824x1368 pixels. Segmentation was performed on each image by a 

researcher through the auto-detection algorithm of the NIS Elements Advanced Research 

software (Nikon), which creates a region of interest (ROI) from the borders of an object 

within the image. The ROI were then manually adjusted by the operator and the resulting 

masks were used as a reference. 

2.2. Dataset division 

In order to develop a segmentation system based on AI methods, it is first necessary to 

divide the initial dataset into two distinct subsets: the Construction Set (CS), employed 

for the construction of the AI model, and the Test Set (TS), which is utilized to ensure 
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the model's generalisation ability. The division was based on the analysis of the key 

characteristics of the images (i.e., mean value and standard deviation of the area to be 

segmented). Hierarchical clustering [7] was employed to construct a dendrogram, to 

highlight potential patterns in the data, both across the entire dataset and separately for 

the two cellular compositions. Since no significant distinguishing patterns were 

observed, a random sampling from the clusters identified in the dendrogram was 

performed, maintaining an 80% ratio for the CS and 20% for the TS. This process 

resulted in the creation of a CS consisting of 131 images and a TS with 33 images. 

2.3. Segmentation methods 

2.3.1. AI system construction 

The AI-based segmentation system was developed through a series of steps applied 

exclusively to the images within the CS. All this pipeline has been implemented on 

Python 3.10. Initially, all images underwent pre-processing, where they were converted 

to grey-scale and subsequently normalised using the min-max scaling technique, which 

was performed to reduce the variability across the images. 

Subsequently, the regions of interest (ROIs) were identified and labelled using a 

sliding window approach with a fixed window size of 50x50 pixels for each image, with 

a 50% overlap between adjacent windows. As the segmentation relies on supervised 

learning, the ROIs were labelled according to their respective gold standard masks. 

Specifically, regions were classified as background (label 0) if at least 90% of their pixels 

belonged to the background, or as spheroid (label 1) if at least 80% of the pixels were 

part of the segmented object. 

Afterwards, features were extracted using the PyRadiomics package [8]. For each 

ROI, both the first-order features (i.e., histogram-based) and the secondo-order texture 

features derived from the Gray Level Co-Occurrence Matrix (GLCM), were computed 

[9]. To ensure all features were on a comparable scale, they were normalised through 

min-max scaling, bringing their values into the range of [0,1]. 

The CS was then divided into Training Set (TRS) and Validation Set (VS), by 

applying a random sampling with a 70% to 30% ratio. The TRS was employed to train 

various ML classifiers, while the VS was used for the fine-tuning of parameters. Due to 

the imbalance in the dataset, where class 0 ROIs (background) were significantly more 

numerous than class 1 ROIs (spheroid), under-sampling was applied to the background 

class in order to obtain a balanced TRS. 

At this point, several classifiers, including k-Nearest Neighbours (k-NN), Multi-

Layer Perceptron (MLP), Random Forest (RF), and eXtreme Gradient Boosting 

(XGBoost), were trained and their performance evaluated using accuracy as the primary 

evaluation metric. The segmented masks were then reconstructed by aggregating the 

classification results of individual ROIs, using their respective coordinates, and applying 

majority voting to define the class in overlapping regions. The quality of the 

segmentations was quantified using metrics such as Dice similarity coefficient, Jaccard 

index, precision and recall computed with the corresponding gold standard masks. 

2.3.2. AI system validation 

In order to evaluate the generalisation capability of the ML model, all the steps of the 

pipeline were repeated on the TS data. Specifically, the feature normalisation was 
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conducted by considering the minimum and maximum values of the features computed 

on the CS data. 

3. Results 

Figure 1 presents the boxplots of the Dice, Jaccard, Precision and Recall metrics 

evaluated for the AI-based segmentation system for both the CS and the TS data. These 

results were obtained using an MLP classifier with the following configuration: two 

hidden layers with sizes equal to twice the number of input features and equal to the 

number of input features, respectively, an alpha value of 0.001, a learning rate of 0.001, 

and the ReLU activation function. It can be noticed that the median values for all the 

computed metrics were relatively high, demonstrating consistent overlap between the 

automated segmentations and the ground truth. Overall, the distribution of metrics 

between the TS and CS datasets was similar, highlighting the model's robust 

generalisation capabilities. 

Figure 1. Boxplots of Dice sore, Jaccard index, Precision and Recall for CS and TS computed. 

Figure 2 shows the results of the segmentation of the BioMix 20nM 3 spheroid across 

the four time-steps that were analysed. The contours displayed include both the 

automatic contours obtained through the AI segmentation system and the reference 

contours. It can be observed that the automatic contours are characterised by how the 

ROIs were identified, resulting in contours that vary in size by 50x50 pixels. Overall, the 

automatic contours appear to closely align with the reference contours, demonstrating 

the effectiveness of the proposed method in capturing the spheroid's morphology. 

4. Conclusions 

This paper presents the findings of the application of an AI segmentation system to 164 

images of 41 different spheroids. The results demonstrate that the system achieves 
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satisfactory segmentation accuracy, with consistent performance across both the 

Construction and Test sets. However, there are limitations that require further 

investigation. Firstly, the current dataset is relatively limited and homogeneous, which 

may limit the generalisability of the model. Secondly, the ROIs size may reduce 

segmentation accuracy in cases where greater detail is required. Future works will focus 

on refining the segmentation process by reducing the ROIs size and incorporating post-

processing steps to achieve more precise segmentations.  

Figure 2. Segmentation results of the BioMix 20nM 3 spheroid over time-steps. 
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