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Abstract—Astrocytes, the most abundant brain cells, play
crucial roles beyond mere support for neurons. Despite their
significance, understanding them remains challenging due to
imaging and analysis limitations. In this study, we developed
a segmentation model that improves upon existing methods and
conducted a comprehensive comparison of approaches from the
literature, predominantly focusing on various U-net architecture
variants. By optimizing configurations, loss functions, and pro-
cessing steps, our U-net with Inception layers achieved an 83% F1
score, excelling in densely populated regions. The effectiveness of
the developed segmentation model was assessed by applying it to
images of astrocyte cells with different morphologies taken from
serum-containing and serum-free cultures. By applying the Direc-
tional Ratio method to the segmented cells, it was determined that
astrocytes in serum-free cultures exhibited greater anisotropy,
thus demonstrating how serum influences astrocyte morphology
through computational methods. Our findings emphasize the
importance of multi-scale analysis in cell segmentation. The
proposed method effectively segments and analyzes astrocyte
images, revealing significant morphological changes influenced
by serum, and offers a valuable tool for neuroscience studies by
minimizing manual errors and enabling large-scale analysis.
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I. INTRODUCTION

Astrocytes, the most abundant cells in the human brain,

are vital for understanding brain pathways. Once considered

passive support for neurons, they are now recognized for

crucial roles in neuronal development, function, and synaptic

regulation in the Central Nervous System (CNS). Astrocytes

modulate neuronal connections through their structural design,

which reflects their diverse functions. Morphological changes

in astrocytes are linked to CNS trauma, infection, stroke, au-

toimmune responses, and neurodegenerative diseases, making

them prime targets for neurological therapies [1, 2, 3]. Despite

their importance, much remains unknown about astrocytes,

especially their interactions with neurons, due to immature

imaging techniques. Efficient image analysis methods are

needed to overcome the limitations of current tools, which

waste time and resources by failing to detect complex astrocyte

structures.

While neuron cell segmentation methods are well-

developed, astrocyte segmentation remains challenging due

to their intricate morphology. Traditional thresholding and

morphological operations are inadequate for astrocyte detec-

tion, even with fluorescent labeling [4, 5, 6]. Studies fo-

cusing on astrocyte cell fibrils, like those using threshold-

based segmentation, address only cell classification, tolerating

inaccurate segmentation [7]. Techniques like the one by Sethi

et al. [8], which extract cell skeletons for Sholl analysis,

discard crucial morphological information such as extension

thickness, which is important for understanding cell cycles

in neurological disorders [9]. The cell body, too, exhibits

significant morphological properties that cannot be captured

from the skeleton alone.

With the rise of artificial neural networks, convolutional

neural networks now dominate cell segmentation. Early ap-

plications targeted astrocyte detection without segmentation

[6]. Kayasandik et al. [10] later introduced a multi-step deep

learning model with cascaded U-Nets and Framelet filters.

However, that model is only designed to segment star-shaped

astrocytes and is not suitable to segment different shaped cells.

In our work, instead of comparing our method with others

from the literature, we focused on evaluating the performance

of commonly used U-Net variants on our dataset, as all exist-

ing methods are based on U-Net. By integrating preprocessing

and postprocessing methods, data augmentation, and opti-

mizing network architecture with additional Inception layers

and combined loss functions, we developed a novel model

that outperforms others in the literature. Including inception

layers notably improved segmentation accuracy, especially for

adjacent cells in crowded regions. We validated our method by

segmenting fluorescently labeled astrocytes, revealing serum-

deviation’s impact on astrocyte cultures. Our method suc-

cessfully captured morphological differences caused by serum

inclusion during culture preparation.

II. DATA PREPARATION

A. Sample preparation and Imaging

In this study, we used a dataset provided by researchers

at REMER (Medipol Regenerative and Restorative Medicine

Research Center). Cells from the hippocampus of a newborn979-8-3315-2981-9/24 $31.00 © 2024 IEEE
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(p0-p3) FVB-Tg(Prism)1989Htz/J transgenic mice were ob-

tained using REMER’s standard primary hippocampal culture

protocol. Two cultures were prepared for method validation,

one of which was serum-free. The transgenic mice expressed

DsRedMax and YFP sequences in the Aldh1/1 genes, allowing

easy identification of astrocytes through fluorescence. Cells

were imaged with a 561nm laser on a Spinning Disk mi-

croscope at 40x magnification using an EMCCD camera and

tiling.

III. CELL SEGMENTATION

The whole cell segmentation step is formed by preprocess-

ing, segmentation by deep learning model, and postprocessing

steps. For a fair comparison of different neural network

architectures, identical pre- and post-processing steps were

applied throughout the analysis.

A. Preprocessing

The images were smoothed using Gaussian filtering for soft

denoising. Due to the dataset’s low and uneven contrast dis-

tribution, which poses challenges for segmentation, histogram

equalization is applied to enhance contrast. This process was

done locally to ensure accurate segmentation of low-contrasted

regions.

B. Segmentation

For the segmentation task, we used six different artificial

neural network architectures, all based on U-Net. U-Net con-

sists of two main components: an encoder path, similar to a

Convolutional Neural Network (CNN), and a decoder path.

The encoder path includes blocks with two 3x3 convolutions

followed by an activation function, like ReLU, doubling the

number of channels at each step. A 2x2 max pooling layer

with a stride of 2 is applied between blocks. In the decoder

path, 3x3 transposed convolutions with a stride of 1 halve the

number of channels, followed by the concatenation of cropped

skip connections from the encoder and two rounds of 3x3

convolution with ReLU activation [11].

In addition to Vanilla U-Net, we used modified U-Net ar-

chitectures with weights transferred from VGG16 and VGG19

[12], evaluated dense skip connections using U-Net++ [13],

and tested the impact of integrating Inception and ResNet

layers into the U-Net encoder [14]. The architectures and their

key differences from Vanilla U-Net are summarized in Table

I.

To assess the effect of the loss function, we used binary

cross-entropy and dice loss, the latter chosen for its focus on

overlap accuracy between predicted and actual segments [15].

However, over-segmentation in densely packed cell regions

was identified during analysis. To address this, Focal Loss was

introduced to improve performance by emphasizing hard-to-

classify samples [16]. We also tested a combination of Focal

and Dice losses, which enhanced precision in distinguishing

adjacent cellular structures.

Our dataset included eight 1024x1024 pixel images, each

containing around 200 astrocytes, resulting in 1600 astrocytes

for model training. Images were divided into 256x256 pixel

patches, with an optimized overlap of 128 pixels, ensuring full

inclusion of astrocytes without discontinuity (Fig. 1 (a)-(b)).

Data augmentation techniques, including Elastic Transform,

Horizontal Flip, Random Brightness Contrast, and Coarse

Dropout, were applied, with a focus on Elastic Transform to

simulate realistic cellular deformations. This process yielded

2400 training samples, with 20% reserved for validation and

parameter optimization, and the remainder used for training

the models.

TABLE I: ANALYZED ARCHITECTURES AND KEY FEA-

TURES

Name Architecture signature

Vanilla U-Net 4-layer Encoder and Decoder

U-Net-VGG16 VGG16 Encoder with transfer learning

U-Net-VGG19 VGG19 Encoder with transfer learning

U-Net++ Dense skip connections

U-Net-Inceptionv4 Multi-scale kernels

U-Net-Inception-ResNet-v2 Multi-scale kernels, Identity shortcuts

C. PostProcessing

Postprocessing was applied to relocate overlapping patches,

classifying pixels as foreground if marked in any segmented

patch to reduce false negatives and ensure seamless merging

(Fig. 1 (d)). After patch relocation, the binary segmented

image was generated. Finally, connected component analysis

was applied to remove regions smaller than a numerically

optimized threshold, based on the approximate minimum area

of an astrocyte cell (Fig. 1 (e)).

Fig. 1: Postprocessing step: (a) Overlapping patches in a

sample image (for simplicity, only two patches are shown).

(b) Extracted patches from the raw image. (c) Segmented

patches with errors in the cell bodies circled in yellow. (d)

Patches are relocated as explained in the Method. As seen the

errors in the overlapping regions of one patch is compensated

by the subsequent patch. (e) Small regions are eliminated by

connected component analysis.
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IV. RESULTS

For training all models, we used the Adam optimizer with

a learning rate of 0.0001 and a weight decay of 0.0001 for L2

regularization. Various loss functions were tested to determine

the most effective one. The batch size was set at 12, and the

number of epochs varied based on the convergence of loss

and accuracy on the validation set. The connected component

analysis threshold was optimized at 500 pixels. The model

configuration with the best validation set performance was

saved for further use. The project was implemented using

Pytorch 2.0.1 and Python 3.11.5, with an NVIDIA Tesla K80

GPU.

Our test dataset consisted of 256 images, containing about

800 astrocytes. U-Net with binary cross-entropy loss was used

as the baseline, and all other configurations were compared

against it. During analysis, the best performance was achieved

when architectures were trained with the average of dice and

focal loss functions. Table II shows the performance of each

model with this combined loss function.

TABLE II: MODEL PERFORMANCES WITH THE AVERAGE OF

DICE AND FOCAL LOSS

Model
Performance Metrics

Precision Recall F1 score

Vanilla U-Net 91% 72% 80%

U-Net-VGG16 92% 72% 81%

U-Net- VGG19 96% 62% 76%

U-Net++ 97% 65% 78%

U-Net- Inceptionv4 90% 76% 83%

U-Net Inception-ResNet-v2 93% 73% 81%

To validate the introduced model, we used an experimental

dataset of morphologically distinct astrocytes (see Fig. 2 (a)-

(b)), with the aim of having the model automatically identify

these differences. Fluorescently labeled astrocyte images from

transgenic mice were collected from two culture settings: with

and without serum. Sixteen images from each setting, captured

at 40x magnification and 1024x1024 pixel resolution, matched

the training image acquisition conditions. We needed a large

image set to analyze isolated astrocytes, excluding clusters,

and segmented 100 isolated astrocytes from each group for a

balanced dataset.

The best model, a U-Net-Inception architecture trained with

a combination of dice and focal losses, was applied to the

experimental dataset. Images were preprocessed, segmented,

and postprocessed as described in the previous section, with

the only modification being an optimization of the connected

component analysis threshold to accurately detect individual

astrocytes and remove artifacts.

Isolated astrocytes were analyzed for isotropy using the

Directional Ratio (DR), a local morphological measure derived

from multi-scale directional analysis [17, 18]. This technique

involves filtering the image with oriented rectangular filters

distributed evenly in space. The DR is defined as the ratio of

the minimum to maximum filtering responses, ranging from

0 to 1. A DR of 1 indicates perfect isotropy within the local

neighborhood, with equal minimum and maximum responses.

A lower DR signifies greater anisotropy. For our analysis, the

filter scale was optimized to 30x4 pixels based on average cell

body size and branch width, and the analysis was performed

across 10 numerically optimized orientations. Pixels with a

DR greater than 0.94 were classified as isotropic, while those

below this threshold were deemed anisotropic (Fig. 2 (e)-(h)).

Each cell was analyzed individually to prevent influence from

adjacent cells, and results were averaged within each group.

Fig. 2: Segmentation and isotropy analysis of astrocyte cell

regions. (a) A raw image acquired from culture with serum,

(b) a raw image acquired from a culture without serum, (c)-

(d) segmented images of (a)-(b) respectively, (e)-(f) examples

of Directional Ratio (DR) analysis of isolated segmented

astrocytes from the corresponding images. Red regions show

high isotropy while blue shows anisotropy. (g)-(h) The pixels

with DR value larger than 0.94 are determined as isotropic

(red colored), otherwise they are anisotropic (green colored).

The analysis showed that isolated astrocytes from serum-

deprived cultures had 40% isotropic regions in their cell

bodies, while those from serum-containing cultures exhibited

approximately 70% isotropy (Fig. 2 (g)-(h)). Although the

exact number of cells in each group could not be determined

due to clustering, the number of isolated cells was nearly

double in the serum-free culture compared to the other group,

suggesting a higher number of isolated cells in the serum-free

setting.

V. DISCUSSION

The U-Net model with inception layers in the encoder

achieved the highest performance, as shown in Table I. This

result was expected, as the multi-scale approach of inception

layers enhances the capture of diverse astrocyte characteristics,

which improves segmentation accuracy. Segmenting cells in

crowded regions presented a challenge due to U-Net’s ten-

dency for over-segmentation. Despite testing various architec-

tures about that issue, including Residual and Inception layers,

no significant advantage was found among them. However,

carefully selecting loss functions improved segmentation of

adjacent cells (Fig. 3).

In comparing network architectures for segmentation ac-

curacy, inception layers notably enhanced results, while
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Residual layers had minimal impact, mainly reducing over-

segmentation. Unet++ faced similar over-segmentation issues.

Unet-VGG19 under-performed compared to Unet-VGG16,

likely due to over-fitting associated with VGG19’s increased

complexity. VGG16’s slightly shallower architecture demon-

strated better resistance to over-fitting.

Fig. 3: Segmentation performance improvement on adjacent

cells when inception layers are included in encoder of U-Net

architecture. (a) Result from the U-Net-VGG16 model, (b)

Result from the U-Net-Inceptionv4. The significant improve-

ments are shown with the red ellipses.

Analysis of the experimental dataset highlighted the mor-

phological effects of serum deprivation on astrocytes, con-

sistent with existing literature [19]. Although serum-deprived

cells showed higher average anisotropy, isotropic cells were

still present, suggesting that serum deprivation causes some

cells to become more fibrillous while others maintain isotropy.

This variation may indicate different astrocyte subgroups with

distinct functionalities.

Our postprocessing step, particularly connected component

analysis, proved sensitive to parameter settings. Future work

could focus on developing a more stable postprocessing

method and automating parameter estimation to enhance ro-

bustness. Additionally, while the model was not trained or

fine-tuned with the experimental dataset due to limited labeled

samples, the performance could improve with more labeled

astrocytes from various culture conditions.

We presented a segmentation model for astrocytes in fluo-

rescently labeled microscopy images, achieving an 83% F1

score. The method is supported by directional morphology

analysis, revealing the impact of horse serum on astrocyte

morphology. By automating segmentation and morphological

analysis, our approach reduces manual errors and facilitates

processing large datasets, offering a new perspective for neu-

roscience research.
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