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Abstract. Glioblastoma is an aggressive brain tumor in which altered
lipid metabolism is closely linked to treatment resistance. Especially,
Lipid Droplets(LDs) accumulate in glioblastoma spheroids and repre-
sent an important metabolic biomarker, motivating the need for accu-
rate and reproducible quantification. However, manual LDs analysis in
confocal microscopy images remains time consuming, subjective, and dif-
ficult to scale. We propose a pipeline for automated LDs segmentation
and quantification in 2D confocal microscopy images. This method is
based on a U-Net-dc architecture enhanced with dilated convolutions
and trained on 640 annotated images using a hybrid Dice/Focalloss.
The pipeline integrates background correction, data augmentation, batch
level inference, binary mask generation, per image statistics, and aggre-
gated quantitative reports. The U-Net-dc model achieved a Dice score
of 0.97, an accuracy of 98.1%, and high precision and recall (approx-
imately 98% and 96%, respectively), showing clear improvement over
classical image processing methods. In conclusion, the proposed U-Net-
dc pipeline enables robust and scalable high throughput LDs analysis
and offers a foundation for future extensions to detection based and real
time microscopy applications. Code will be made publicly available at:
https://github.com/malani86/unet-DC-segmentation.git
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1 Introduction

Glioblastoma is the most aggressive primary brain tumor in adults and is char-
acterized by strong intratumoral heterogeneity, rapid progression, and poor re-
sponse to therapy. Recent studies have highlighted the role of altered lipid
metabolism in glioblastoma progression, especially the accumulation of intra-
cellular lipid droplets (LDs), which are associated with metabolic adaptation
and treatment resistance [1]. In fluorescence microscopy images of glioblastoma
spheroids, LDs appear as small, bright, and heterogeneous structures, making
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their quantification important for downstream biological analysis. However, reli-
able LDs quantification remains difficult in practice. Classical workflows typically
rely on illumination correction, thresholding, and watershed based separation
of touching droplets. While usable for small scale studies, these methods are
sensitive to threshold choice, imaging variability, and object crowding, which
reduces reproducibility and makes large scale analysis cumbersome [2, 3]. Deep
learning has significantly improved biomedical image segmentation by learning
task-specific representations directly from annotated data, and generally out-
performs hand crafted pipelines in robustness and generalization [5]. Among
existing architectures, U-Net has become a standard solution for pixel wise seg-
mentation in microscopy due to its encoder–decoder design and skip connections
[4]. In this work, we investigate a dilated convolution variant, U-Net-dc, to im-
prove the detection of small and heterogeneous droplets in complex fluorescence
backgrounds. We present a pipeline for automated LDs segmentation and quan-
tification in 2D fluorescence microscopy images of glioblastoma spheroids, and
evaluate it on 640 annotated images for scalable batch level biological analysis.

2 Related Work

Automated analysis of fluorescence microscopy images has traditionally relied
on classical image-processing techniques such as thresholding, morphological fil-
tering, and watershed-based separation. In lipid-droplet analysis, these meth-
ods are attractive because droplets often appear as bright compact structures
against a darker background. However, their performance remains sensitive to
threshold selection and to the separation of connected droplets, which reduces
robustness in heterogeneous or crowded images. Earlier machine-learning ap-
proaches improved flexibility but still relied on handcrafted features and limited
local context [13]. Deep learning has since become central to biomedical image
segmentation because it learns hierarchical representations directly from anno-
tated data and generally offers stronger robustness than classical methods [5].
Among the available architectures, U-Net has become a standard model due
to its encoder–decoder design and skip connections, which preserve fine spa-
tial information while integrating multiscale context [4]. Several extensions have
been proposed to improve localization and feature reuse in microscopy tasks
[19–21], including dilated-convolution variants that enlarge the receptive field
without sacrificing spatial resolution, which is beneficial for small and heteroge-
neous biological structures [17]. Recent studies have also applied deep learning to
lipid-droplet and organelle analysis in microscopy, where segmentation outputs
are directly linked to downstream measurements such as object count, size, and
spatial distribution [12, 14, 11]. Automated deep-learning pipelines are therefore
increasingly used in high-throughput microscopy and subcellular phenotyping [7,
6]. However, fewer studies examine robustness under external or cross-dataset
evaluation, even though differences in staining, illumination, acquisition hard-
ware, and morphology can substantially affect model performance [15, 16]. Moti-
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vated by these observations, the present work investigates a U-Net based pipeline
with dilated convolutions for lipid droplet segmentation and quantification.

3 Methods

3.1 Classical Baseline for Lipid Droplet Segmentation

As a classical reference, we considered the semi automated BlobInspector based
workflow developed in the previous stage of the project. This pipeline was specif-
ically designed for lipid droplet analysis in fluorescence microscopy images and
combines several conventional image processing steps, including background cor-
rection, Gaussian filtering, local thresholding, size filtering, connected compo-
nent labeling, and watershed separation of touching droplets. In this workflow,
lipid droplets are identified as bright compact structures after thresholding, while
post processing removes isolated pixels and small spurious detections. Watershed
segmentation is then applied to separate adjacent droplets and enable droplet
level quantification. The resulting objects are used to compute biologically rele-
vant measurements such as droplet count, area, equivalent diameter, and centroid
position. The pipeline also exports structured results in CSV/Excel format for
downstream statistical analysis. Although this classical approach is computa-
tionally simple and provides interpretable intermediate steps, it requires manual
parameter tuning and remains sensitive to illumination artifacts, image noise,
and object crowding. In particular, faint droplets may be missed, while touching
droplets may be merged or incorrectly separated depending on the threshold-
ing and watershed settings. These limitations motivated the transition toward a
deep learning based segmentation framework.

3.2 Deep learning model

We employed a U-Net based semantic segmentation network enhanced with di-
lated convolutions,introduced by Ji et al. (2023)[17],and referred to as U-Net-dc.
As in the original U-Net architecture, the model follows an encoder–decoder
structure with skip connections between corresponding stages of the contracting
and expanding paths [4]. The encoder extracts hierarchical contextual features,
while the decoder reconstructs spatial details to produce a dense segmentation
map. Unlike the baseline U-Net, U-Net-dc architecture as shown in figure.1[17]
incorporates dilated convolutions in the deeper layers of the network. Dilated
convolutions increase the receptive field without increasing the number of train-
able parameters or reducing feature map resolution, making them suitable for
detecting small and heterogeneous Lipid Droplets in fluorescence microscopy
images. Previous studies have shown that dilated U-Net variants can improve
contextual feature extraction while preserving fine spatial details in biomedical
image segmentation tasks [17]. The network outputs a single-channel probability
map representing the likelihood of each pixel belonging to the lipid droplet class.



4 M.Alani et al.

Fig. 1: U-Net-dc Architecture (U-Net with Dilated Convolutions)

3.3 Loss Functions Strategy and Model optimization

Because Lipid Droplets occupy only a small fraction of the image area, the
segmentation task is strongly affected by class imbalance. To address this issue,
the proposed model was trained with a hybrid loss combining Dice loss [9] and
binary Focal loss [8]. Let pi ∈ [0, 1] denote the predicted probability for pixel
i, and let gi ∈ {0, 1} denote the corresponding ground truth label. Dice loss is
defined as:

LDice = 1−
2
∑

i pigi + ϵ∑
i pi +

∑
i gi + ϵ

, (1)

where ϵ is a small constant added for numerical stability. Binary Focal loss is
defined as:

LFocal = − 1

N

∑
i

α gi(1− pi)
γ log(pi)−

1

N

∑
i

(1− gi) p
γ
i log(1− pi), (2)

where α controls class weighting, γ is the focusing parameter, and N is the
total number of pixels. The final training objective is defined as a weighted
combination of the two losses:

Ltotal = 0.7LDice + 0.3LFocal. (3)

In our implementation, the focal component used α = 1.0 and γ = 2.0. This
hybrid objective was selected to improve overlap quality while maintaining ro-
bustness to severe foreground/background imbalance. Model optimization was
performed with Adam using an initial learning rate of 10−3. A ReduceLROn-
Plateau scheduler was used to reduce the learning rate by a factor of 0.5 when
validation performance plateaued for 5 epochs. Training used a batch size of 8
and ran for up to 15 epochs, with early stopping based on validation Dice score
and a patience of 5 epochs .
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3.4 Creating Ground Truth

Our study is based on fluorescence microscopy images of glioblastoma spheroids
acquired from confocal microscopy observations of in vitro cell spheroids. Lipid
Droplets (LDs) were visualized after fluorescent labeling, and the original mi-
croscopy data consisted of grayscale 16-bit images with spatial dimensions of
1024×1024 pixels and intensity values ranging from 0 to 4095. In previous work

Fig. 2: Glioblastoma Lipid Droplets accumulation and examples of microscopy
images used in this study.

we have developed a software, BlobInspector, designed to analyze blobs in biolog-
ical images, the code will be made publicly available at: https://github.com/lbssn/BlobInspector.git.
It provides several common tools for computing metrics related to the blobs, such
as coordinates, size, density, and distances. In BlobInspector, segmentation is
implemented with classical algorithms. Where combines rolling-ball background
correction, intensity thresholding, a new binary image is obtained. The white
pixels are set to figure out pixels belonging to the droplet. Finally, isolated pix-
els are suppressed by post treatment. In BlobInspector, we label droplets by
identifying individual droplets obtained by applying the watershed algorithm.
This operation allows to quantify how many droplets are present on the images.
From BlobInspector, we have been able to semi automatise the images labeling
and create a kind of ground truth data set. From left to right Fig.3 : (1) the

Fig. 3: Classical BlobInspector-based Lipid Droplets analysis workflow.
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original fluorescence microscopy image of a glioblastoma spheroid (1024 × 1024
pixels), showing heterogeneous intracellular lipid-droplet accumulation; (2) the
threshold image obtained after rolling-ball background correction and intensity
based blob preservation, where candidate lipid droplet regions are highlighted
in green; and (3) the connected component analysis output, where individual
detected droplets are assigned different colors for visualization and quantitative
analysis. Although the workflow enables semi automated droplet quantification,
segmentation quality remains sensitive to threshold selection and droplet crowd-
ing, particularly in dense spheroid regions where neighboring droplets may merge
or fragment.

3.5 Evaluation Metrics

Performance was assessed on separate test set using pixel accuracy, Dice score,
precision, recall, F1-score, specificity, and confusion-matrix analysis. Precision,
recall, F1-score, and specificity were computed after binarizing predicted prob-
ability maps with a threshold of 0.3, consistent with the inference pipeline used
during validation and testing . In addition to quantitative evaluation, qualitative
performance was further examined using predicted masks, difference maps, and
overlay visualizations on representative test images .

4 Results

4.1 Experimental Setup

Lipid Droplets Dataset A supervised dataset of 640 annotated 2D images was
constructed by using semi automated labels derived from the earlier BlobInspec-
tor workflow. Pairs of images and there masks were divided using a two stage
random split implemented in the training script. First, 20% of the dataset was
reserved for testing. The remaining 80% was then split into 75% training and
25% validation,resulting in a final split of 60% training, 20% validation, and 20%
testing .

Preprocessing and Data Augmentation Each image was loaded in RGB
format and underwent rolling-ball background correction before training and in-
ference. In the implemented data pipeline, background correction was applied
independently to each channel using a morphological opening with a rolling-
ball radius of 50 pixels which determined experimentally, followed by channel
wise subtraction and normalization. After correction, images and masks were
resized to a fixed spatial resolution of 512 × 512 pixels. Image intensities were
normalized to the range [0, 1], and masks were converted into binary masks with
background and foreground values of 0 and 1, respectively. To reduce overfitting
and improve model generalization, online data augmentation was applied dur-
ing training. The augmentation pipeline included horizontal flips, vertical flips,
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Fig. 4: Example of semi-automated ground-truth generation for Lipid Droplets
segmentation.

random 90 degree rotations, brightness and contrast perturbations, and elas-
tic deformations.These augmentations were introduced to improve robustness to
intensity and morphological variability.

4.2 Performance Evaluation

Table 1 summarizes the segmentation performances obtained on the test set.
U-Net-dc model achieved a Dice score of 0.97 and a pixel accuracy of 98.1%,
together with high precision and recall, indicating strong agreement between
predicted masks and reference annotations.

Metric Score
Accuracy 98.1%
Dice score 0.97
Precision 98.2%
Recall 96.0%

Table 1: Segmentation performance

Fig. 5: Accuracy plot of the U-Net-dc
model.

These results indicate that the network correctly recovers most droplet pixels
while maintaining a low false positive rate. The high precision suggests that
predicted droplet regions are highly reliable, whereas the strong recall shows
that the majority of annotated droplets are successfully detected. Overall,the
model generates reliable segmentation masks for quantitative analysis.
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Learning Curves and Confusion Matrix Training and validation curves
showed stable convergence over the optimization process.the model converged
within 15 epochs while maintaining similar training and validation performance
and no major divergence between the two curves, indicating that overfitting re-
mained limited during training. Likewise, the joint evolution of loss and Dice
score indicated progressive improvement during optimization and stable valida-
tion behavior in later epochs. The observed training stability is likely related to

Fig. 6: loss and dice focal plot U-Net-dc

the adopted training strategy, which combines a hybrid Dice/Focal loss, online
data augmentation, learning rate scheduling, and early stopping. These strategies
helped stabilize training under severe class imbalance. The confusion matrix com-
puted on the test set further confirms the robustness of the proposed model. The
test predictions exhibit high sensitivity and specificity for the droplet class, with
relatively limited confusion between foreground and background pixels. This be-
havior is especially important in the present setting, where the foreground class
occupies only a small fraction of the image and where even a modest number
of false positives can noticeably affect droplet quantification. From the values in

Fig. 7: confusion matrices U-Net-dc
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confusion matrix (figure 7), we calculated the following metrics for the droplet
class:

Precision =
TP

TP + FP
, Recall =

TP

TP + FN
, Specificity =

TN

TN + FP
.

true positives (TP), true negatives (TN), false positives (FP), and false negatives
(FN).

Comparison with U-Net To better assess the contribution of the proposed di-
lated convolution design, we compared U-Net-dc with a standard U-Net baseline
trained on the same lipid droplet dataset under the same experimental setting.
Table 2 summarizes the obtained results. U-Net-dc achieved higher overall accu-

Table 2: Comparison of segmentation methods on the main lipid droplet dataset.
Method Accuracy (%) Dice Precision (%) Recall (%)
U-Net 97.0 – 94.0 97.0
U-Net-dc 98.1 0.97 98.2 96.0

racy than the standard U-Net (98.1% vs. 97.0%). Although the standard U-Net
obtained slightly higher recall, U-Net-dc provided higher precision, indicating
fewer false positives and more reliable lipid droplet quantification.

4.3 Inference and Quantification Pipeline

During inference, unseen images were processed using the same main prepro-
cessing steps as during training, namely RGB conversion, rolling-ball correction,
resizing to 512×512, and intensity normalization. The trained network produced
a probability map, which was binarized using a threshold of 0.3 . Small detec-
tions below 2 pixel2 were removed during post processing in order to suppress
isolated artifacts . The resulting binary masks were then analyzed to extract
quantitative droplet measurements. Connected component analysis identified
individual droplets and measured their area, diameter, centroid position, and
total count.The pipeline also generated per image summary tables and exported
aggregated measurements in CSV or spreadsheet format for comparison across
experimental conditions. The implementation of the proposed pipeline is avail-
able at: https://github.com/malani86/unet-DC-segmentation.git.

4.4 Visual Analysis

Overall, the confusion matrix analysis is consistent with the quantitative re-
sults reported in Table 1: most foreground pixels are correctly identified, and
the model maintains clear separation between LDs regions and the surrounding
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Fig. 8: U-Net-DC segmentation pipeline

Fig. 9: Segmentation results showing the predicted mask and overlay for image
17 (complex scene).

background. We overlaid the predicted masks on the original images and also
generated difference maps to visualize errors. The overlay displays the model’s
predicted droplet regions in a translucent color on top of the raw image, allowing
visual comparison with the ground truth mask. The difference map highlights
false positives (FP) and false negatives (FN), for instance, we marked false Neg-
atives (droplet pixels missed by the model) in red and false Positives (pixels
predicted as droplet but not in the ground truth) in green. Visual inspection of
selected test images shows that the proposed approach accurately segments LDs
across a range of image conditions, including both sparse and crowded droplet
distributions. The examples shown demonstrate that the predicted masks gen-
erally follow the annotated droplet regions closely, while maintaining consistent
segmentation boundaries. The saved overlay and difference map outputs from
the testing script the agreement between predictions and reference masks. Most
discrepancies are localized around droplet boundaries or within highly clustered
regions, which is consistent with the expected difficulty of separating small ad-
jacent objects in fluorescence microscopy images.
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Fig. 10: Segmentation results showing the predicted mask and overlay for image
153 (sparse scene).

Table 3: Comparison of BlobInspector and the proposed deep learning pipeline
on two representative lipid droplet images.

Image Method Droplet count Total area (px)
image153 BlobInspector 10 90
image153 Deep learning 10 542
image17 BlobInspector 291 1400
image17 Deep learning 351 7703

Comparison with the Classical Quantification Workflow To complement
the segmentation based evaluation, we compared the proposed deep learning
pipeline with the earlier BlobInspector classical workflow on two representative
lipid droplet images, including a sparse example (image153) and a dense example
(image17). For each method, we measured the number of connected components
and the total segmented area obtained from the corresponding binary masks. Ta-
ble 3 shows that the deep learning pipeline generally produced larger segmented
areas than BlobInspector and detected more droplets in the dense image. This
suggests higher sensitivity to weak or clustered lipid droplets and highlights the
effect of segmentation quality on downstream quantification. In particular, it
yields larger segmented areas and, in dense regions, higher droplet counts, which
is consistent with improved sensitivity to small or faint lipid droplets.

4.5 External Evaluation on the BBBC039 Dataset

To assess whether the proposed U-Net-dc architecture could be applied beyond
lipid droplet segmentation, additional experiments were conducted on the public
BBBC039 fluorescence nucleus segmentation dataset [10]. The BBBC039 dataset
contains 200 fluorescence microscopy images of cell nuclei with expert provided
annotations. For this study, the dataset was divided into 60% training, 20% vali-
dation, and 20% testing subsets, corresponding to 120 training images, 40 valida-
tion images, and 40 test images.To match the binary segmentation setting used in
this study, the original annotations were converted into foreground/background
masks. The exact same U-Net-dc architecture used in the lipid droplet experi-
ments was retrained on BBBC039 using the same implementation and training
pipeline as in the main study. The model produced a binary segmentation mask
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for each input image, and performance was assessed using quantitative metrics,
confusion matrix analysis, and qualitative visual inspection through overlay im-
ages and difference maps. Quantitatively, the retrained model achieved an overall

(a) Confusion matrix analysis of the U-
Net-dc model on the BBBC039 dataset.

(b) Training and validation accuracy
curves obtained during training on the
BBBC039 dataset.

Fig. 11: Performance evaluation of the U-Net-dc model on the BBBC039 dataset.

accuracy of 98.1%. The confusion matrix showed that most foreground and back-
ground pixels were correctly classified, with precision of approximately 94% and
recall of approximately 97% for the nucleus class. Despite the strong class imbal-
ance toward background pixels, the model maintained good separation between
nucleus and background regions. The training and validation curves also showed
rapid performance improvement during the first epochs, followed by stable con-
vergence. Although moderate fluctuations were observed in the validation loss,
the validation accuracy and Dice score remained consistently high, with no clear
evidence of severe overfitting. Qualitative evaluation confirmed these results: pre-

Fig. 12: Qualitative evaluation of nucleus segmentation on the BBBC039 dataset.

dicted masks aligned well with reference annotations, with most nuclei correctly
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localized, including closely adjacent instances. Remaining errors were concen-
trated at boundaries and in touching or ambiguous nuclei, consistent with known
challenges in nucleus segmentation [18]. Compared to U-Net based nucleus seg-
mentation benchmarks [18], the proposed U-Net-dc achieved competitive results
despite its simpler binary formulation, suggesting that dilated convolutions help
capture broader context while preserving spatial detail in densely packed struc-
tures. Overall, these findings indicate that U-Net-dc generalizes beyond lipid
droplet segmentation and may be applicable to related fluorescence microscopy
tasks after appropriate retraining.

5 Discussion

The proposed U-Net-dc pipeline achieved strong segmentation performance, with
a Dice score of 0.97 and accuracy of 98.1%, indicating good agreement with
reference annotations while keeping false detections limited. Beyond producing
masks, the pipeline extracts droplet level and image level measurements, in-
cluding count, area, and size statistics, making it suitable for high-throughput
biological studies where manual analysis would not scale [7, 6]. Compared to the
classical thresholding and watershed workflow, the learned approach behaved
more consistently across varying image conditions, particularly in regions with
uneven contrast or high droplet density where classical methods often struggled
with merging or over segmentation. Similar improvements have been reported in
other fluorescence microscopy studies [18, 22]. Several limitations remain. First,
the analysis is restricted to 2D, whereas glioblastoma spheroids are three di-
mensional structures, extending the pipeline to volumetric data would provide
a more complete characterization of LD organization. Second, training annota-
tions were derived from a semi-automated workflow and may contain residual
inconsistencies that could affect evaluation. Third, the framework performs se-
mantic rather than instance segmentation, so separation of touching droplets
still relies on post processing, future work could explore detection based or in-
stance segmentation approaches such as YOLO or Mask R-CNN for more direct
droplet counting in crowded scenes. Additional directions include cross dataset
validation, adaptation to 3D stacks, and real time microscopy integration.

6 Conclusion

Overall, the results suggest that the proposed U-Net-dc pipeline can serve as a
practical tool for automated Lipid Droplets analysis in glioblastoma microscopy
images. In our experiments, the method produced stable segmentations across
different image conditions while reducing the amount of manual adjustment re-
quired by the earlier workflow. The combination of automated segmentation and
quantitative reporting also makes the pipeline suitable for larger scale microscopy
studies. More broadly, these results support the use of deep learning based meth-
ods for quantitative analysis of altered lipid metabolism in glioblastoma spheroid
models.
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