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Abstract: Understanding the dynamics of the tumor microenvironment (TME) is essential
for developing effective cancer therapies. Our primary aim is to establish improved
mathematical models based on in vitro measurements to better characterize tumor behavior
and microenvironmental interactions, and ultimately to bridge the gap between in vitro and
in vivo systems. A prerequisite for such modeling is the quantitative assessment of structural
changes in the tumor microenvironment. In this study, we employ 3D coculture spheroids
consisting of CST tumor cells and 3T3 fibroblasts, treated with varying concentrations of
doxorubicin. To facilitate accurate and automated analysis, we developed a Python-based
image processing algorithm that extracts area and volume estimates from both fluorescent
and brightfield microscopy images. These quantitative data provide insights into treatment
response and enable dynamic modeling of tumor-stroma interactions. The proposed pipeline
enhances reproducibility and scalability of in vitro studies and supports the construction of
mechanistic models that reflect TME complexity.
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1 Introduction

The tumor microenvironment (TME) is a complex and dynamic network of cells,
signaling molecules (e.g., chemokines and cytokines), and structural components
surrounding and interacting with tumor cells [1]. It plays a crucial role in
cancer progression, influencing tumor growth, invasion, metastasis, and response
to therapy [2–6]. Traditional two-dimensional (2D) cell culture models often fail
to recapitulate the complex architecture and cellular interactions present in vivo.
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In contrast, three-dimensional (3D) in vitro tumor models have emerged as more
physiologically relevant systems, better mimicking the structural and functional
complexities of the native tumors [7–9].

Fibroblasts, particularly cancer-associated fibroblasts (CAFs), are integral
components of the TME. These cells are activated forms of stromal fibroblasts
that transform in response to the tumor environment and actively support tumor
growth, survival, and metastatic potential. They contribute to tumor progression
by remodeling the extracellular matrix, secreting growth factors, and modulating
immune responses. In addition, CAFs can help tumor cells to fend off the effects
of drugs [10, 11]. Coculture of tumor cells with fibroblasts in 3D models has
been shown to induce cancer-relevant pathways, improving our understanding of
tumor-stroma interactions [12].

Mathematical modeling serves as a powerful tool to analyze and predict tumor
behavior within the TME. By integrating experimental data from 3D coculture
systems, models can simulate tumor growth dynamics, drug diffusion, and cellular
interactions. Such models are instrumental in optimizing chemotherapy strategies,
allowing for the prediction of treatment outcomes and the identification of potential
therapeutic targets [13, 14]. The data required for mathematical modeling in the
case of in vitro spheroid cocultures are based on microscopic images. Therefore,
the analysis of microscopic images is a critical step in obtaining high-quality
data. The analysis of images of 3D tumor spheroids and fibroblast cocultures
faces several technical and methodological challenges [15]. For example, the
size and density of spheroids limit the penetration of light, making it difficult to
visualize internal structures using conventional microscopy techniques. Optical
limitations include the fact that we see only a two-dimensional projection of a
3D structure. The size and morphology of spheroids can change during the
experiment, making it difficult to automate image processing and comparative
analyses [8, 16, 17]. In addition, many algorithms cannot adequately handle
the complex morphology of spheroids, especially for non-compact or partially
disintegrated structures. However, manual segmentation of large amounts of images
is extremely time-consuming and subjective, which can affect the reproducibility of
the results [18]. To overcome these challenges, it is essential to apply advanced
image processing methods and algorithms, as well as to optimize microscopy
techniques by taking into account the specificities of 3D spheroid models. There
are many software and algorithms for analyzing microscopic images, some of which
stand out for the study of 3D spheroids. Fiji/ImageJ is an open-source platform that
allows for image segmentation, morphometric analysis, and quantitative evaluation
with the help of several plugins [19]. CellProfiler is an automated image analysis
software that is suitable for high-throughput image processing and quantification of
various cell morphological features [20].

Advanced image segmentation techniques are widely spread techniques for
accurately analyzing 3D tumor spheroids. Deep learning models such as UNet and
HRNet have demonstrated high accuracy in segmenting both treated and untreated
spheroids [21]. Open-source tools like SpheroidJ also offer adaptable algorithms
for spheroid segmentation across diverse experimental settings [22]. Additionally,
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soft computing methods like the Teaching–Learning-Based Optimization (TLBO)
algorithm have proven effective in color-based segmentation, facilitating the
distinction of different cell types in coculture systems [23]. OrganoSeg is an
open-source image analysis algorithm specifically developed for the automated
segmentation and quantification of organoid and spheroid structures in microscopy
images. It applies thresholding and morphological operations to delineate object
boundaries and extract quantitative features, such as area, shape, and intensity. Due
to its robustness and ease of use, OrganoSeg has become a widely applied tool
in high-throughput organoid and spheroid research [24]. While these techniques
have shown high accuracy in specific experimental setups, their performance can
vary significantly across different microscopy datasets. This variability arises
due to differences in imaging conditions, sample preparation, and biological
heterogeneity, making it challenging to generalize these algorithms without
extensive customization.

In this study, we developed a workflow that integrates image analysis and
preprocessing techniques to process 3D spheroid images effectively. This workflow
serves as a foundational step toward constructing mathematical models that combine
3D in vitro coculture systems of tumor cells with computational simulations.
The primary goal of these models is to elucidate the complex interactions within
the tumor microenvironment (TME) and to utilize these insights for optimizing
chemotherapy regimens. In Section 2, we summarize our previous work, then in
Section 3 we detail the experimental setup, the applied image processing techniques,
and the created workflow. In Section 4, we summarize and evaluate all the
presented spheroid results based on the image detection. Additionally, we compare
our algorithm to the previously mentioned OrganoSeg algorithm to validate its
effectiveness. Finally, we highlight our contribution and summarize the current
limitations of the algorithm.

2 Preliminaries

Based on our previous work, we found that the evaluation and automation of
microscopic images of tumor spheroids is a complex and challenging process.
In earlier studies, we used the JuLI™ STAT image analysis software, which is
integrated with the JuLI™ Stage live-cell imaging system [25]. This software
allows for basic image editing and thresholding, facilitating the determination of
spheroid diameter and its relative size compared to the image frame. However, the
automation of image analysis proved to be highly problematic. Manual evaluation
of individual images becomes extremely time-consuming when processing larger
datasets.

Furthermore, during cytotoxicity assays, the morphology of the spheroids changed
significantly — spheroids tended to disintegrate into cellular debris, making it
difficult to distinguish viable cells from dead material [26]. This greatly distorted the
analytical results. A known characteristic of spheroids is the formation of a necrotic
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core in the center, which contains non-viable cell remnants. Improper identification
of this region can lead to inaccurate estimations of spheroid volume [27].

In our prior works, we attempted to mathematically model non-drug-induced
necrotic effects (e.g., caused by nutrient or oxygen deprivation), as well as
phototoxic effects arising from prolonged exposure to excitation light during
fluorescence microscopy. However, these approaches did not yield satisfactory or
broadly applicable results. The complexity increases further in coculture systems,
where two distinct cell types must be evaluated simultaneously, particularly when
assessing differential responses to chemotherapeutic agents [28, 29].

The aim of the present study is to develop an image processing algorithm capable of
reliably analyzing the microscopic images generated during our cytotoxicity assays.
This algorithm is intended to function automatically and consistently across various
spheroid models used in our experiments.

3 Methods

3.1 Cell Cultures and Spheroid Formation

The tumor cell line used in this investigation originates from mammary tumors
of genetically modified mice deficient in the Brca1 and p53 genes. This cell line
is named CST. The Drug Resistance Research Group at the HUN-REN Research
Center for Natural Sciences developed and maintained this cell line as a stable
culture. CST cells were grown in cell culture flasks with 5 ml of specific
medium (89% DMEM/F12, 10% FBS, 1% Penicillin-Streptomycin). The flask was
incubated at 37 °C, 5% CO2 and 95% humidity. Cell passaging was used when the
cell culture became confluent [30].

The other cell line in the coculture was the 3T3 cell line, which is a type of
immortalized mouse embryonic fibroblast cell line from the collection of the Drug
Resistance Research Group at the HUN-REN Research Center for Natural Sciences.
The 3T3 cells were grown in completed DMEM (10 % fetal bovine serum) in 37◦C,
5% CO2, and 95% humidity.

For spheroid formation, a single cell suspension of CST tumor cells and 3T3
fibroblasts was seeded into a 96-well U-bottom microplate with a cell-repellent
surface (Greiner BIO-ONE CELLSTAR), with a total initial cell number of 20000
cells/well. The cells were incubated for two days (37◦C, 5% CO2 and 95%
humidity) and they aggregated into a single spheroid in one well spontaneously.

Spheroids with different ratios of tumor cells and fibroblasts were investigated:
1 part tumor and 1 part fibroblast (two parallel measurements, columns 2-3), 2
parts tumor and 1 part fibroblast (two parallel measurements, columns 4-5) and
1 part tumor and 2 parts fibroblast (two parallel measurements, columns 10-11).
Figure 1 illustrates a schematic figure of the layout of the 96-well plate used in this
experiment.
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Figure 1
Schematic layout of the 96-well plate showing spheroids with varying tumor-to-fibroblast ratios and

doxorubicin concentrations. The red columns (columns 2-3) contained spheroids with a 1:1
tumor:fibroblast ratio, the green columns (columns 4-5) contained spheroids with a 2:1 tumor:fibroblast

ratio, while the blue columns (columns 10-11) contained spheroids with a 1:2 tumor:fibroblast ratio.
Columns 6-7 and 8-9 contained spheroids with a 3:1 and 4:1 tumor:fibroblast ratio, but the evaluation of
the images taken from these was omitted within the scope of this study. Rows B, C, D, E, F, G for each
column contained spheroids treated with 10, 7.52, 5.65, 4.25, 3.2, and 0 µM doxorubicin, respectively.

3.2 Cytotoxicity Measurements

For cytotoxicity measurements, cells were treated with 6 different concentrations of
doxorubicin solution (10, 7.52, 5.65, 4.25, 3.20, 0 µM, Figure 1) for 5 days. The
drug was added at the beginning of the experiment, and it was not depleted from the
wells. An automated microscope (JuLI™ Stage Cell History Recorder) was used to
make images of spheroids every five hours. There were 25 time instants in total for
each spheroid.

The CST tumor cell gene contains a gene for the red fluorescent protein mCherry
(RFP), so when excited by light of a certain wavelength (587 nm), they fluoresce
with red light and can therefore be detected using a fluorescent microscope.

However, 3T3 fibroblasts do not contain a fluorescent protein gene, so we took
images of them in transmitted light (brightfield) using the automated microscope.
The fluorescent and brightfield images were taken simultaneously, so that one
fluorescent red and one brightfield image were taken of each spheroid at each
measurement point. The fluorescent red images, therefore, show only the tumor
cells, while the brightfield images show the projection of the entire spheroid
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consisting of CST tumor cells and 3T3 fibroblasts.

We applied a 10x objective lens and took 3x3 images of the center of each well,
which were stitched. The stitched images went through image analysis.

3.3 Image Analysis

We implemented a deterministic image-analysis pipeline in Python to quantify (i)
tumor area from RFP-channel images and (ii) spheroid area and boundary geometry
from brightfield (BF) images.

Figure 2 shows a representative output for spheroid B4 (2:1 tumor:fibroblast
coculture, 10 µM doxorubicin). The assay ran for 5 days with images acquired
every 5 h (25 time points from 0 h to 120 h). Three time points are shown: 0 h,
60 h, and 120 h. The first column displays the RFP channel with suprathreshold
signal overlaid in red, highlighting viable tumor regions. The second column
shows the brightfield image with the spheroid boundary delineated in purple. The
third column merges these views. In this example, the viable-tumor area remains
approximately constant, whereas the total spheroid area expands and then returns
toward its initial size. While the current implementation focuses on area changes,
intensity variations are also informative; the algorithm can be easily extended to
incorporate intensity-based metrics alongside area.

RFP (Tumor) Segmentation

Here we describe the pipeline used to produce the viable-tumor overlays shown in
the first column of Figure 2.

Let IRFP ∈ {0, . . . ,255}H×W denote the 8-bit, single-channel RFP image. We index
pixels as (y,x) with y ∈ {0, . . . ,H −1} and x ∈ {0, . . . ,W −1}. We then convert the
image to grayscale. To enable comparability over time and across different wells, we
normalize intensities to [0,1] using fixed global bounds Imin = 87.75 and Imax = 255:

I∗ =
IRFP − Imin

Imax − Imin
. (1)

A fixed threshold T = 0.35 (chosen from the first time point of the first image
processed and then held constant) selects candidate tumor pixels:

Mraw = {(x,y) : I∗(x,y)> T}. (2)

Then, it is cleaned by hole filling and 8-connected small-object removal (area cutoff
180 px), yielding Mclean.

Independently, to suppress saturated highlights attributable to veiling glare (e.g.,
residual out-of-focus fluorescence and internal reflections/excitation leakage in the
optical train), we exclude the extreme upper tail of the normalized intensities:

Mback = {(x,y) | I∗(x,y)≥ Tback}, (3)

– 354 –



Acta Polytechnica Hungarica Vol. 22, No. 12, 2025

Figure 2
Automated segmentation of a tumor–fibroblast spheroid from spheroid B4 (2:1 ratio, 10µM

doxorubicin) at three time points (0, 60, and 120 h). Rows correspond to time points. Columns show,
from left to right: (i) RFP images with the tumor mask overlaid in red, (ii) brightfield images with the
spheroid boundary delineated (purple), and (iii) a composite view illustrating spatial correspondence

between channels.

– 355 –



B. Gergics et al. Automated Image Analysis for 3D Tumor Coculture Spheroid

where Tback = 0.999, which is an empirically set threshold.

We report Mclean as the segmentation mask, and compute tumor area by subtracting
the number of glare pixels (counted over the whole image) from the number of
pixels in Mclean:

Atumor = |Mclean|− |Mback|. (4)

If Atumor = 0, we record NaN to denote no detectable tumor signal under the chosen
threshold.

Brightfield Image Processing and Boundary Extraction

Here, we detail the spheroid boundary detection pipeline illustrated in the second
column of Figure 2. Its processing main stages are shown in Figure 3, arranged
left-to-right and top-to-bottom.

Brightfield images (IBF) are loaded as RGB (alpha, if present, is discarded) and
converted to grayscale. We apply a per-image contrast stretch using the 2.5 and
97.5 intensity percentiles. These values are empirically adjusted. This contrast
stretch can be described as:

Ĩ =
(

IBF − p2.5

p97.5 − p2.5)

)
. (5)

We convolve Ĩ with a Gaussian filter (σg = 1.0), where σ sets the smoothing
scale: larger σg more strongly suppresses high-frequency speckle, while smaller
σ preserves fine detail but passes more noise. We then threshold the smoothed
image at level α = 0.3 to obtain a binary mask. This low threshold is intended
only for coarse background suppression and removal of obvious artifacts, not for
final segmentation. After removing small holes and objects (threshold = 180 px)
with skimage.morphology, we label connected components skimage.measure
and retain only the largest component as the putative spheroid-covered region.
To obtain a clean boundary, we detect edges with the Canny algorithm
(skimage.feature.canny, σc = 1.5), then bridge small gaps via binary closing
(skimage.morphology.binary closing). After that, we use a disk structuring
element of radius 10 px, and discarded residual edge fragments by removing
connected components smaller than 180 px. We pad the edge image by 10 px on all
sides and fill enclosed holes to obtain a filled region. In order to avoid counting the
1-pixel edge itself, we subtract the edge from the filled region, re-label connected
components, and retain the largest interior component - the final area in pixels. For
visualization and downstream shape analysis, we recompute the binary Canny edge
on the image again and use it as the final boundary on the images.

Circle Detection (Hough Transform)

Quantifying volume is essential for mechanistic modeling. To relate in vitro
spheroid measurements to in vivo tumor volumes, we usually need to estimate a 3D
volume from 2D images. We currently assume approximate spherical symmetry: we
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Original Contrast stretched Blurred Low treshold mask

Canny edges (1) Canny edges (2)
Binary closing,

removing small objects 

Figure 3
The main stages of spheroid edge detection in case of the D2 spheroid 6th measurement (30 h).

fit a circle to the detected (approximately circular) spheroid boundary and compute
V ≈ 4

3 πr3 (with r in pixels, convertible to physical units via the pixel size).

We apply a circular Hough transform to the final binary edge map over radii r ∈
[180,500] px in 15 px increments, and retain the single strongest accumulator peak.
This yields the center (cx,cy) and radius r⋆ when a peak is found, otherwise we no
circle detected. Figure 4 illustrates a representative case (spheroid D2, 30 h): the
left panel shows the brightfield image with the detected circle overlaid in red, and
the right panel shows the corresponding Hough accumulator.

Detected circle Hough accumulator (r=180)

Figure 4
Circle detection for spheroid D2 (6th measurement (30 h)). The left figure shows the brightfield image

with the detected circle. The right figure visualizes the Hough accumulator, i.e., the vote map of the
circular Hough transform.

– 357 –



B. Gergics et al. Automated Image Analysis for 3D Tumor Coculture Spheroid

4 Results

We applied our image processing workflow to quantify spheroid volume dynamics
over a five-day cytotoxicity assay using cocultures of CST tumor cells and 3T3
fibroblasts exposed to varying concentrations of doxorubicin. Figure 5 shows the
temporal evolution of both fluorescent (RFP) (first column of 5) and brightfield
(second column of 5) area of the microscopic images across three experimental
groups (1:1, 2:1 and 1:2 tumor:fibroblast ratios, detailed in Subsection 3.1). The
red, green, and blue curves represent groups of spheroids with different ratios,
respectively. The color intensity increases with the concentration of doxorubicin.
This color coding is the same as in Figure 1.
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Figure 5
Results of image analysis. The first column shows the temporal distribution of the red fluorescent area
of the fluorescence microscopic images. The second column shows the temporal change in the area of
the spheroids segmented from the brightfield microscopic images. The red curves represent the groups
of spheroids with a 1:1, the green curves represent the 2:1, and the blue curves represent the groups of
spheroids with a 1:2 tumor:fibroblast ratio. Increasing concentrations of doxorubicin are indicated by

increasing color intensity of curves.

In all groups, we observed a consistent decrease in both RFP and brightfield areas
with increasing drug concentration, indicating a dose-dependent cytotoxic effect.
The RFP-based areas — representing tumor cell mass — tended to decrease more
rapidly than brightfield areas, which supports that doxorubicin has less effect
on fibroblasts than on tumor cells [31, 32]. Brightfield-derived measurements,
encompassing both tumor and fibroblast components, remained relatively larger,
especially at lower drug doses.

Notably, columns 10-11 (higher fibroblast ratio) exhibited delayed and attenuated
area reduction compared to groups with 1:1 and 2:1 tumor:fibroblast ratios,
suggesting a possible protective effect of fibroblasts against doxorubicin-induced
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cytotoxicity [32, 33]. This supports the hypothesis that stromal composition
significantly modulates treatment response, highlighting the importance of tumor
microenvironment interactions in therapeutic evaluation.

For validation of the effectiveness of the developed image analysis algorithm, we
compared the segmentation results with a well-functioning, reliable method, called
OrganoSeg [24]. Figure 6 shows the segmentation results of the two methods for
the 1:2 ratio group for all 6 drug concentrations (Figure 1, column 10, wells B-G).
Each subplot shows the temporal changes of the areas segmented by two different
methods in a brightfield microscopic image of the given spheroid. Spheroid areas
were computed using an area calibration of 0.66842µm2 per pixel, multiplying the
pixel counts accordingly. The dotted curves represent the results of the analysis
performed with OrganoSeg, while the smooth curves represent the results of the
analysis performed with our algorithms.

The results indicate that our algorithm consistently identified smaller segmented
areas compared to OrganoSeg, however, the overall trends of the resulting curves
were comparable across both methods, supporting the validity of our algorithm.
Both software recognize the boundaries of tumor spheroids and their alteration
in a comparable way. The main difference is that the software we developed can
segment a larger amount of microscopic images in a significantly reduced timespan,
thereby saving time, which is especially important when processing longitudinal
measurements for proper mathematical modeling and parameter estimation.
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Comparison of our algorithm and OrganoSeg. The individual subplots depict the temporal change of the
segmented areas from brightfield microscopy images of the marked spheroids. The dotted curves show
the results of the segmentation performed with OrganoSeg, while the smooth curves show the results of

the segmentation performed with our algorithm.
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In future applications, the two methods should be used in a complementary
workflow: run our fast pipeline by default for most images, and escalate only
the minority cases to OrganoSeg under supervision for refinement. This workflow
preserves accuracy while substantially reducing hands-on analysis time.

Conclusions

In this study, we presented an automated image analysis workflow designed to
quantify volumetric changes in 3D tumor–fibroblast coculture spheroids during
chemotherapy treatment. By integrating brightfield and fluorescent imaging with
Python-based segmentation routines, we were able to extract dynamic quantitative
data that reflect different treatment responses across varying fibroblast-to-tumor
ratios. Our results confirm the potential protective role of fibroblasts in
modulating doxorubicin sensitivity, reinforcing the importance of the tumor
microenvironment in therapeutic outcomes. Although the current algorithm has
limitations in robustness and accuracy under certain conditions, it provides a
scalable and reproducible foundation for supporting mechanistic in vitro–in vivo
modeling. Future improvements will focus on enhancing segmentation accuracy
and incorporating these quantitative outputs into predictive mathematical models of
tumor response.
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[21] M. Streller, S. Michlı́ková, W. Ciecior, K. Lönnecke, L. A. Kunz-Schughart,
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