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 A B S T R A C T

Microglia, the resident macrophages of the central nervous system, play a key role in immune surveillance, 
homeostasis, and neurodegenerative processes. Manual microglia analysis is time-consuming and prone 
to subjective bias, while most automated methods focus on quantification rather than characterization. 
Additionally, few tools are specifically designed for retinal microglia analysis. In this study, we present a 
novel automated image analysis software for microglia evaluation, integrating soma detection, quantification, 
characterization, skeletonization, and arborization measurement-the latter two being automated for the first 
time. The software was validated against expert manual annotations on 1,702 images fluorescence microscopy 
images of murine retinal tissue (24,559 cells), assessing its performance across both high- and low-quality 
images to evaluate its robustness in large-scale datasets. Our software processes images over 1,000 times faster 
than manual methods while maintaining high accuracy. It successfully analyzes low-quality images, though 
excluding them improves performance. The algorithm’s ability to extract morphological features with high 
reproducibility enhances dataset usability, optimizing sample use and reducing animal sacrifices. This is the 
first tool to automate microglial skeletonization and arborization measurement, establishing a new standard 
for retinal microglia analysis. Its efficiency, scalability, and ability to handle varied image quality make it 
a valuable resource for large-scale studies. Future applications will focus on leveraging the reference values 
established in this study to advance neurodegenerative disease analysis, marking a significant step toward 
more sophisticated microglial research.
1. Introduction

Microglia, the phagocytic cells of the central nervous system, are 
crucial for clearing cellular debris, participating in all inflammatory 
and neurodegenerative processes, maintaining tissue homeostasis, and 
promoting normal brain development under typical conditions. No-
tably, this cell type constitutes 15%–20% of the total glial cell popu-
lation in human adult brain [1].

In physiological conditions, microglial cells have a small soma that 
can take on triangular, rounded, or oval shapes, with cell processes that 
have a conical morphology, thicker near the cell body and thinning out-
ward [2]. From the primary processes, secondary and tertiary processes 
originate, giving rise to a ramified form [3]. Microglia are uniformly 
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distributed throughout the nervous tissue, resembling a mosaic pat-
tern, with limited interaction with neighboring cells [4,5]. However, 
microglial cells present remarkable morphological plasticity that varies 
depending on the cellular developmental stage, the state of the nervous 
system, and the specific function they are performing [6].

Retinal microglia cells are uniformly distributed throughout the 
retina and can be found in various layers, exhibiting distinct morpholo-
gies depending on their location and activation state. Highly ramified 
cells are observed in the plexiform layers, while in the nuclear layers 
they usually present a more compact shape [7,8]. Under physiological 
conditions, microglial cells are in a quiescent state. This state is char-
acterized by a ramified morphology in the outer plexiform layer and 
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inner plexiform layer. In this state, microglia express low levels of co-
stimulatory molecules and display minimal phagocytic activity [9–12]. 
Upon activation in response to damage, microglia undergo morpho-
logical changes [11,12], initially adopting a hyper-ramified form with 
increased complexity in secondary extensions, responding to changes 
in neuronal activity [13]. In an advanced state of activation, microglia 
transition to a reactive state, with thicker and retracted processes, 
and an enlarged soma. They release factors like M-CSF and GM-CSF, 
and pro-inflammatory cytokines [14,15], and they may migrate toward 
the site of injury to interact with damaged neurons and clear away 
dead cell debris [16]. In an advanced reactive state, microglia acquire 
an amoeboid phenotype, characterized by a round morphology with 
few or no processes, often associated with phagocytic functions [15]. 
Finally, in a senescent or dystrophic state, microglia is characterized by 
cytoplasmic fragmentation and cell death, and the release of higher pro-
inflammatory cytokines, generating chronic inflammatory mediators 
associated with neuroinflammation [17].

Neurodegenerative diseases involve neuroinflammation, where mi-
croglia play a key role [15]. Conditions like Alzheimer’s disease [18–
20], Parkinson’s disease [21,22], amyotrophic lateral sclerosis [23,24], 
Friedrich’s ataxia [25], and chronic glaucoma [26–28] are linked to 
protein aggregates and neuronal degeneration. Activated microglia 
release pro-inflammatory cytokines, propagating and worsening neu-
roinflammation, triggering neuronal degeneration, and impairing brain 
function [15].

Considering the crucial role of microglia in neuroinflammation 
and neurodegenerative diseases, recent advances in technology have 
become instrumental. Traditionally, observations and counting, as well 
as characterization, were done manually. This manual analysis, which 
involves marking pixels to calculate the area of arborization of each 
individual cell, is an excessively time-consuming process, susceptible 
to human error. Besides, manually measuring the total cell perimeter 
accurately becomes almost unfeasible. Another drawback of manual 
characterization is the inter-observer variability, as the morphological 
boundaries between one stage and another can be very subtle [29]. The 
criteria used by medical experts in manual analysis are very subjective 
and effective blinding is not always possible when studying disease 
and injury models with distinctive histopathological features. Subjec-
tivity becomes an even greater issue if researchers wish to include 
in their analysis the hyper-ramified morphotype, which is difficult to 
identify/separate from homeostatic and reactive morphotypes [30,31].

To address these challenges, different automated methods for quan-
tifying microglial cells [32–34] and studying their morphology using 
machine learning [35–37] have emerged as powerful tools in biomed-
ical research. Despite the advancement these algorithms represent, the 
former methods solely focus on counting microglial cells and do not 
include the analysis of their morphology, while the latter automatically 
classify images of retinal microglial cells into several morphotypes 
but provides limited insights into their characteristics. Besides, these 
algorithms focus on the analysis of microglia from different parts of the 
central nervous system, and few are suitable for use in the retina [38]. 
Therefore, more comprehensive automated retinal image analyses are 
needed.

The aim of our paper is to present a new automated image anal-
ysis software specifically designed to detect, quantify, and charac-
terize somas, perform their skeletonization, and accurately calculate 
the arborization area of these cells in retinal tissue. It should be 
highlighted that our software is the result of combining expertise in 
software engineering/computer science with the knowledge of neuro-
ophthalmologists.

2. Materials and methods

2.1. Image acquisition

Retina samples were obtained from C57BL/6J laboratory mice 
(Charles Rivers Laboratory, Barcelona, Spain). Samples were then 
2 
stained for microglia using ionized calcium binding adaptor molecule 
1 (Iba-1, the most used marker of microglia; Wako, rabbit anti-Iba1).

Each retina was divided into 4 areas (superior, inferior, nasal, and 
temporal), and each area was further subdivided into three sectors 
(peripapillary, intermediate, and peripheral relative to the optic disc), 
and photographed at a 20x magnification, resulting in a total of 36 
photographs for each whole-mount retina. Images were acquired in the 
outer plexiform layer and inner plexiform layer of each retina, resulting 
in a total of 1702 images.

For image acquisition, a Zeiss Axioplan 2 fluorescence microscope 
equipped with the Axio Cam 503 Mono digital camera was used. 
The microscope was equipped with a Zeiss 64 filter set for Alexa 
Fluor 594, enabling the visualization of the emission spectrum of the 
fluorochromes used in the secondary antibodies (568 nm).

2.2. System description

Our software for counting and analyzing retinal microglial cells 
has powerful capabilities, including soma detection, quantification, and 
characterization, along with skeletonization and precise calculation of 
arborization areas. The following subsections explain the details of the 
algorithms implemented in our system. Besides, for clarity, Fig.  1 shows 
a flowchart summarizing all the information presented in the following 
subsections. For additional details, refer to Appendix  B, which presents 
sequence diagrams for further description of the main steps.

Before diving into the core of the system description, we find it 
helpful to clarify some biological concepts to ensure accessibility for 
readers from diverse backgrounds. According to [39], morphologically, 
the soma of a neuron represents the central, typically expanded or 
bulbous part of the cell. It stands in contrast to the slender, elongated 
neuronal processes, namely the dendrites and the axon, that extend 
outward from it. The shape and size of the soma can vary considerably 
across different neuronal types, ranging from spherical and pyrami-
dal to stellate or irregular forms. It constitutes the main structural 
component from which all neuronal appendages originate. While these 
terms are traditionally associated with neurons, they are also used to 
describe analogous morphological structures in other cell types, such 
as microglia, which are the focus of this study.

2.2.1. Image preprocessing
Prior to a detailed explanation of the image processing [40], we 

provide an overview of relevant concepts to ensure clarity and inclu-
sivity for a broader audience. In the context of soma image processing, 
binarization refers to the process of converting a grayscale image, 
where each pixel has an intensity value, into a binary image. In a 
binary image, each pixel can take on only one of two possible values, 
typically representing the foreground (soma) and the background. The 
primary goal of binarization is to isolate the somas of interest from the 
surrounding tissue or noise, thereby simplifying subsequent analyses 
such as size measurement, shape analysis, or counting.

Thresholding [40] is a fundamental technique used to achieve bi-
narization. It involves selecting one or more intensity values, known 
as thresholds, to classify pixels into foreground and background cate-
gories. Pixels with intensity values above (or below, depending on the 
convention) the threshold are assigned one binary value (e.g., white 
or 1), while the remaining pixels are assigned the other binary value 
(e.g., black or 0). The choice of threshold value is crucial for the 
accurate segmentation of somas.

Building on these concepts, our software preprocesses each image 
through a series of steps, beginning with grayscale conversion (step 
1 of Fig.  1), applying Gaussian blur filtering [41] (step 2 of Fig.  2) 
with a 3 × 3 kernel and standard deviation given as zeros, to obtain 
a smoother and less noisy image, and then segmenting the images by 
binarization [41] (step 3 of Fig.  2). This prevents machine crashes 
caused by images with high levels of noise and simplifies their analysis.
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Fig. 1. System Flowchart. First, the image undergoes preprocessing. Next, soma detection is performed, allowing the user to add or remove somas if needed. Then, the skeletonization 
results are computed and presented to the user. Finally, the arborization area computations are displayed.
The segmentation by binarization (step 3 of Fig.  2) starts by setting 
the optimal threshold for binarizing each image [42]. The threshold 
is calculated individually, based on the following idea: as the bina-
rization threshold increases, somas become more isolated, but some 
may become unrecognizable due to the decrease in the area enclosed 
by the contour. The optimal binarization threshold is the one that 
preserves the somas while decreasing the number of detected contours. 
Particularly, the specific condition satisfied by the threshold that has 
been chosen as the optimal is that the first derivative of the number of 
contours with respect to the gray-level-intensity is negative while the 
second derivative is zero or positive.

Finally (step 4 of Fig.  2), our algorithm eliminates all contours 
with an area smaller than 20 μm2 (this parameter can be adjusted into 
the tool with values provided by the medical experts), as no soma 
has its area below this value [36,43]. Additionally, if the minimum 
bounding rectangle for any soma contour touches the image borders, 
it is removed because it is incomplete. This filtering step significantly 
reduces the number of contours from potentially hundreds of thousands 
to just a few hundred reducing the computation time.
3 
2.2.2. Soma detection
After preprocessing the image (step 1 to step 4), the soma detection 

phase involves applying several image processing techniques. Firstly, 
a Region of Interest (ROI) and a mask are created per each remaining 
contour. Then, a simple Euclidian distance transformation is applied 
and normalization is performed in a range [0,1] (step 5), to each ROI 
because cell processes (extensions of the cell that reach out from the 
main body) are located at the periphery, while the soma (main body) is 
more rounded and closer to the center of mass (see Fig.  3A). It should 
be highlighted that in physiological conditions, microglial cells have 
a small soma that can take on triangular, rounded, or oval shapes, 
with cell processes that have a conical morphology, thicker near the 
soma and thinning outward [2]. From the primary processes, secondary 
and tertiary processes originate, giving rise to a ramified form [3]. 
Microglia are uniformly distributed throughout the nervous tissue, with 
limited interaction with neighboring cells [4,5], however, microglia 
present remarkable morphological plasticity that varies depending on 
the developmental stage, nervous system state, etcetera [6].

Secondly (step 6), erosion is applied in several consecutive steps 
using a 3 × 3 kernel to separate cell processes from their respective 
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Fig. 2. Image processing steps. (A) Original grayscale image after Gaussian blur filtering (Step 2). (B) Binarized image highlighting microglial structures (Step 3). (C) Image after 
small area and incomplete contour removal, refining the segmentation (Step 3). (D) Examples of removed contours with area smaller than 20 μm2 or incomplete soma (Step 4).
Fig. 3. Progressive refinement of microglial structure segmentation. (A) Distance transformation and normalization highlighting microglial processes (Step 5). (B-E) Iterative 
filtering of soma and process contours through erosion and soma detection and artifact removal (Steps 6-7). (F) Overlay of the final segmentation on the original grayscale image, 
demonstrating the accuracy of detected structures. The red dashed boxes highlight a representative region of interest throughout the process.
somas [41]. It must be pointed out that other kernel sizes (5 × 5, 7 × 7) 
produce poorer soma detection results. The erosion process increases 
the number of shapes because a soma with cell processes leads to 
several contours [15,26]. During the erosion process, processes are 
separated from their somas (see Fig.  3B–F).

Soma identification relies on both the contour with the largest area 
and the lowest circularity index, considering the circularity calculated 
using the standard non-dimensional formula (𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟×𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟)∕𝑎𝑟𝑒𝑎
[44]. The area of all the detected shapes is calculated by applying 
the Green’s theorem [45] (step 7). Since the images captured by the 
microscope used are consistently of the same size, we can determine 
the 𝑝𝑖𝑥𝑒𝑙 − 𝑡𝑜 − 𝜇𝑚2 conversion ratio (1 pixel = 0.227 μm, according to 
the data provided by the microscope documentation), which ensures 
accurate measurement of detected shapes’ areas.

Additionally, this process includes an artifact filtering step, which 
involves automatically adding or removing contours identified as somas 
or processes by matching contours through Hu moments [46] collected 
and stored on previously analyzed images confirmed by experts in 
previous processing images.

The loop including the erosion process and soma detection (Step 6) 
and artifact filtering (step 7) is stopped when there is no soma identified 
in the ROI, or the position of the center of mass (CM) of each soma 
included in the ROI varies less than p pixels (typically 10 pixels for an 
image resolution of 1936 × 1460), while the soma area remains stable 
across consecutive iterations (see Fig.  4A–C).
4 
Once the somas are successfully detected, any previously eroded 
parts are restored to their original state before erosion, ensuring the 
accurate recovery of cells’ true size. This ensures the computation of 
real somas’ areas (Step 8 of Fig.  4D). This computation depends on 
these parameters:

• The ROI containing a single soma may require several thresholds 
to ensure that the overall area of the soma is well captured be-
cause non-uniform variations in intensity may result, for example, 
due to variation during image acquisition conditions. This is a 
key feature since current fully automated approaches use only one 
user defined threshold for the segmentation process [47].

• The value used for the morphological opening and closing opera-
tions also depends on the threshold: the higher the threshold, the 
smaller the closing value should be, resulting in preserving the 
original shape of the soma.

• The circularity index [44] to differentiate somas from processes. 
Processes feature a higher circularity index.

However, variation in image acquisition condition could occur that 
will produce non-uniform variation in intensity in a tissue image, and 
it is worth highlighting that even if the overall process is performed 
automatically and the optimal threshold is calculated automatically, 
to empower human experts to select the most suitable binarization 
threshold for a specific part of the image, we have incorporated a 
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Fig. 4. (A, B, C) Detailed erosion to separate cell processes from somas (Step 6) and artifact filtering (Step 7) . The red dot corresponds to the center of mass. (D) Restoration of 
the eroded part (Step 8).
Fig. 5. Expert validation of soma detection. After automated analysis, the tool presents two windows for expert to review the results. In Step 9, experts can add missed somas by 
adding missed somas -not required in this example-, while in Step 10, they could remove false detections (highlighted in green) and confirm correctly identified somas, ensuring 
accurate detection.
track-bar into our tool (Fig.  A.2, see Appendix  A). This interactive func-
tionality allows medical experts to dynamically adjust the threshold 
for each image, enabling fine-tuning to determine the optimal value 
based on their expertise and judgment. Additionally, it facilitates the 
standardization of expert criteria when deemed necessary.

After the automated image analysis, our tool generates two windows 
for expert review. In Step 9, medical experts can add any somas that 
the algorithm may have missed (false negatives, FN). In Step 10, they 
can remove incorrectly detected somas (false positives, FP) and validate 
correctly identified somas (true positives, TP). The tool will use the 
added and removed contours to learn, when processing further images, 
at step 7. This expert intervention ensures the accuracy and reliability 
of soma detection (see Fig.  5).

FP occur due to the identification of biological markers and waste 
as somas, as they share similar morphological features with true somas. 
FN arise when somas are intuitively recognized by experts as present 
in the image, even if they lack the typical morphological features 
of a soma. Our tool records TP, FP and FN, compares the stored 
contours and predicts new results by matching contours through Hu 
moments [46]. Besides, these windows allow medical experts to unify 
measurement criteria and serve as an enabler for conducting training 
sessions.

2.2.3. Skeletonization
Once soma contours are identified in an image, automatic skele-

tonization can be performed, a process that simplifies the cell structures 
5 
into line-like representations of their branches. Our cell skeletoniza-
tion algorithm closely resembles our soma detection algorithm, but it 
involves a more sophisticated approach to handling intensity binariza-
tion thresholds, because it considers the overlapping regions between 
adjacent contours. The correlation with soma contours identified in 
previous steps is performed through the center of mass. Each skele-
tonization contour is represented with a red identification number 
located at the center of mass position in Fig.  6. Also, holes inside a 
skeletonization contours are detected.

The skeletonization process iterates by progressively lowering the 
threshold for contour identification, starting from the threshold set 
by the soma detection algorithm (Fig.  6A–F). The loop ends when 
the contour of one specific soma starts to overlap with any contour 
of the rest of the somas (Fig.  6G–H). Then, the said threshold is 
locked, and the exploration of possible thresholds continues only for 
the rest of the image. This iterative process repeats until the entire 
image is processed completely. Finally, the perimeter length of each 
contour is calculated by counting the number of pixels that belong to 
the skeletonization contour (step 12 of Fig.  6-I). Notably, regions at 
the image boundaries are excluded, as their areas are not considered 
representative for medical experts.

It is worth noting that skeletonization measures cannot be computed 
manually with an acceptable accuracy in a reasonable period of time, 
which constitutes a pivotal strength of our tool.
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Fig. 6. (A–H) Step 11: iterative skeletonization adjustment starting from high values (A) the threshold is decreased until the skeletonization is computed for all somas (I). At each 
iteration, the threshold is determined per each soma and locked when overlaps with other contours (G–H). Each locked skeletonization contour is frozen and excluded in the next 
iteration. (I) Step 12: final perimeter length computation.
2.2.4. Arborization area
Our arborization area algorithm (step 13 of Fig.  7) follows the 

same principle than our skeletonization algorithm, considering the 
overlapping regions between adjacent cell arborization areas, locking 
thresholds when an overlap occurs, and exploring possible thresh-
olds only for the remaining cells, until the entire image is processed 
completely. Similarly, arborization contours reaching the limits of the 
image are locked and rejected as their areas are not representative. 
Finally, the arborization area (step 14 of Fig.  7) is provided by the 
convex Hull contour [48] corresponding to the locked threshold, which 
defines the boundary covering the cell’s branches.

2.2.5. Performance of microglia processing and segmentation workflow
Fig.  8 shows the performance of our soma detection capability, 

skeletonization and arborization area algorithm when applied to sev-
eral images ranging from low to high levels of complexity based on 
noise levels and image quality. It can be seen that our tool effectively 
handles all the images, demonstrating its robustness and versatility in 
different scenarios.

2.2.6. User interface
Additional details on the tool’s execution and user interface are 

provided in Appendix  A.

3. Results

A total of 1702 images were analyzed using our automated image 
processing tool. The processing of these images took approximately 8 h 
in a laptop with 11th Gen Intel(R) Core(TM) i5-1145G7 @ 2.60 GHz 
16 GB RAM and GPU Intel Iris Xe Graphics 8 GB, during which the tool 
marked the soma, determined the area of cell branching or arboriza-
tion, performed skeletonization to measure the total cell perimeter, and 
6 
generated the corresponding Excel tables. These tables included all the 
crucial information as assessed by medical experts and the key data 
required for facilitating the tool’s automatic evaluation.

3.1. Algorithm effectiveness assessment

To evaluate the effectiveness of the proposed algorithm, typical 
performance metrics such as precision (P), recall (R) and F1-score (F1) 
have been calculated. In our experiments, for a set of 1702 images 
and 24,559 somas validated by medical experts with TP = 21,855; FP 
= 2025; FN = 679 the metrics obtained are:P = 0.92; R = 0.97 and 
F1 = 0.94 (see Table  1). With the complete set of 1702 images, the 
false positive (FP) rate is 8.25%, which includes low-quality images 
(20.92% of the dataset) affected by biological waste or marker artifacts 
from tissue processing that are typically discarded by experts due to the 
difficulty in manual measurements (see Fig.  9B).

Excluding low-quality images resulted in a significant performance 
improvement, with an increase in the P and F1-score to 0.97, while the 
FP rate decreased to 2.84%, and R remained stable at 0.97, demonstrat-
ing its high reliability under optimal conditions.

Fig.  9 shows examples illustrating the performance of the proposed 
image processing tool in analyzing microglial morphology under differ-
ent image quality conditions. The tool effectively detects somas, traces 
microglial branching, and delineates arborization areas in both high- 
and low-quality images, demonstrating its reliability and adaptability.

The validation of our automated soma measurement tool was con-
ducted by a medical expert with over two years of experience manually 
measuring somas from images obtained as described in Section 2.1, un-
der the supervision of three additional experts. To assess the accuracy 
of the automated method, Fig.  10 compares manually measured soma 
areas with those computed by our algorithm. The observed variations 
can be attributed to differences in expert practices, such as contour 
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Fig. 7. (A–H) Step 13: Progressive identification of individual microglial cells and delineation of their arborization areas (green contours), illustrating the incremental refinement 
in soma and arborization detection with the adaptive threshold adjustment per Hull Contour. (I) Step 14: final arborization area computation.
 
Table 1
Performance metrics of the algorithm for soma detection using the full dataset (1702 
images) and after removing low-quality images (1345 images).
 Metric Full set of Images After Removing  
 Low-Quality Images (20.92%) 
 (1,702 images) (1,345 images)  
 Number of somas 24,559 19,466  
 True Positives (TP) 21,855 (88.99%) 18,369 (94.36%)  
 False Positives (FP) 2,025 (8.25%) 553 (2.84%)  
 False Negatives (FN) 679 (2.76%) 544 (2.79%)  
 Precision (P) 0.92 0.97  
 Recall (R) 0.97 0.97  
 F1-score (F1) 0.94 0.97  

smoothing and the subjective determination of soma boundaries. Given 
that 1 pixel corresponds to 0.227 μm, expert criteria differences can 
account for approximately 40 pixels in a typical 50 μm2 area, leading 
to an average discrepancy of 4.1% between computed and manual 
measurements. This level of variation highlights the challenges of 
inter-rater reproducibility in manual classification, particularly across 
different research groups [23,35]. The observed inconsistencies further 
emphasize the necessity of an automated approach, as our tool pro-
vides a standardized and reproducible method for soma measurement, 
reducing subjective bias and improving measurement reliability.

The mean absolute percentage error (MAPE) has been used to 
measure the percentage error between automatically computed and 
manually measured areas, both for somas’ areas and arborization areas:

MAPE = 100%
𝑁

𝑁
∑

𝑖=1

|𝑚𝑖 − 𝑐𝑖|
𝑚𝑖

(1)

Where 𝑁 is the number of values, 𝑚𝑖 is the manually measured value 
by the experts and 𝑐  is the computed value.
𝑖

7 
For arborization areas, regions touching the image boundaries (3967
arborization areas) have been discarded as these areas are not fully 
completed. In our experiments, the MAPE for soma areas was 9.12%, 
while the MAPE for arborization areas was 8.67% indicating a high 
level of accuracy. When lower-quality images were removed, the MAPE 
values improved to 8.85% for soma areas and 8.25% for arboriza-
tion areas, demonstrating that excluding low-quality images enhances 
measurement accuracy.

No MAPE value has been calculated for skeletonization areas as 
there are no available results manually measured because their mea-
surements are not affordable to perform manually with adequate pre-
cision for experts. Validation of skeletonization contours has been 
performed by manual inspection of the images provided by the tool. 
The total of the images has been inspected by 2 expert users. From this 
inspection, 97.3% of the contours have been confirmed by the experts. 
The main differences are found in the gaps that appear in the images 
and that separate pieces of the processes, although the expert easily 
fills them in and guesses that they must be parts of the same extension. 
These gaps are likely due to the acquisition process in the microscope 
or the migration of cells between the inner and outer plexiform layers 
(see Fig.  11).

Besides, the Bland-Altman analyses between the measurements 
made manually by an expert observer and the measurements provided 
by our tool, for the areas of somas with all images, showed limits 
of agreement of (−9.007 and 19.19) and the average for the soma 
area bias is 5.093 with a standard deviation of bias ±7.194. When 
calculating the same parameters after removing the low-quality images, 
the limits of agreement for the soma areas were (−16.28 and 12.69), 
with an average for the soma areas bias is −1.796 and a standard 
deviation of bias ±7.389 (Fig.  12A–B).

Similarly, the Bland-Altman analyses between the measurements 
made manually by an expert observer and those measurements pro-
vided by our tool, for the arborization areas with all images, showed 
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Fig. 8. Automated analysis of retinal microglia morphology under different conditions using the proposed image processing tool. (A–C) Original images of retinal microglia under 
varying conditions. (D–F) Soma detection using the automated tool, which accurately identifies and labels microglial somas (green), demonstrating its robustness across diverse 
imaging conditions. (G–I) Skeletonization performed by the tool, successfully extracting microglial branches (green) and highlighting critical branching points (red) to facilitate 
quantitative morphological analysis. (J–L) Arborization area detection, where the tool outlines individual microglial cells and their arborization (green), enabling quantitative 
assessments of morphological complexity. Images are arranged in increasing order of soma detection complexity, with (A) representing a simple case, (B) an intermediate level, 
and (C) a high degree of complexity.
limits of agreement of (−693.7 and 946.7) and an average for the 
arborization area bias is 126.5 with a standard deviation of ±418.5. 
By removing low-quality images, the limits of agreement were (−392.4 
and 468.2) and the average for the arborization area bias is 37.88 and 
a standard deviation of ±219.6 (Fig.  12C–D).

Finally, the intraclass correlation coefficients (ICC) were calculated 
using a random effects and consistency model to compare manual and 
automatic measurements for both soma area and arborization area. 
Results were obtained for both single measures and average measures, 
considering all images and excluding low-quality images.

When calculated for the entire image set, the ICC for the soma area 
was 0.937 for single measures, with a 95% confidence interval (CI) of 
(0.930–0.943). For average measures, the ICC was 0.967, with a 95% 
CI of (0.964–0.971). After removing low-quality images, the ICC for 
the soma area was 0.961 for single measures, with a 95% confidence 
interval of (0.956–0.965), and 0.980 for average measures, with a 95% 
CI of (0.978–0.982).

For the arborization area, including the full set of images, the ICC 
for single measures was 0.945, with a 95% CI of (0.938–0.952). For 
average measures, the ICC was 0.972, with a 95% CI of (0.968–0.975). 
After removing low-quality images, the ICC for single measures in-
creased to 0.988, with a 95% CI of (0.987–0.990), while for average 
measures, it reached 0.994, with a 95% CI of (0.993–0.995).

Lastly, the F-test for all ICCs yielded a 𝑝-value < 0.001, indicating 
statistical significance.
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Table 2
Intraclass Correlation Coefficient (ICC) results under different conditions. CI: Confidence 
Interval. The F-test for all ICCs yielded a 𝑝-value < 0.001, indicating statistical 
significance.
 Measurement area Condition Single measures Average measures
 ICC 95% CI ICC 95% CI  
 Soma area Full set of 0.937 0.930 – 0.943 0.967 0.964 – 0.971  images  
 Removing  
 Soma area Low-quality 0.961 0.956 – 0.965 0.980 0.978 – 0.982 
 images  
 Arborization area Full set of 0.945 0.938 – 0.952 0.972 0.968 – 0.975  images  
 Removing  
 Arborization area Low-quality 0.988 0.987 – 0.990 0.994 0.993 – 0.995 
 images  

All these results are summarized in Table  2.

3.2. Software’s performance in pathological conditions

Although evaluating pathological conditions is not the main focus 
of this work, this subsection is included to provide a detailed assess-
ment of our software’s performance in such conditions, specifically in 
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Fig. 9. Comparison of automated microglia analysis in high-quality (A) and low-quality (B) images using the proposed image processing tool. Each set includes the original image, 
soma detection (highlighted in green), skeletonization (showing microglial branches in green and critical branching points in red), and arborization area detection (with individual 
microglial cells outlined in green). Despite variations in image quality, the tool identifies key morphological features.
a murine model of Alzheimer’s disease (AD). In light of this, while 
the primary validation was conducted on healthy retinal microglia, it 
is crucial to evaluate the tool’s robustness in disease models, where 
microglial morphology undergoes significant alterations.

Fig.  13 compares the microglia from healthy control mice (C57BL/
6J) and the AD model, demonstrating that our software successfully de-
tects and quantifies somas, performs skeletonization, and measures ar-
borization areas in both conditions. Notably, microglia in the
Alzheimer’s model exhibited increased complexity and reactivity, con-
sistent with previous findings in neurodegeneration research.
9 
These findings highlight the potential of our software for investi-
gating microglial alterations in neurodegenerative diseases. While this 
study primarily establishes reference values under healthy conditions, 
future research will focus on applying the tool to disease models. 
Specifically, it will be used to quantify microglial responses to patho-
logical stimuli, providing a standardized and automated approach for 
assessing morphological changes associated with neurodegeneration. 
To illustrate this capability, Fig.  14 shows the software’s analysis of 
a murine model of AD. The images demonstrate the tool’s ability to de-
tect, segment, and quantify microglial morphology even in pathological 
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Fig. 10. Comparison of manual and automated microglial soma measurements. The left column shows manual measurements, where soma areas are outlined in red and labeled 
with their corresponding values. The right column displays the automated measurements obtained using the proposed software, with detected soma areas highlighted in green.
Fig. 11. Illustration of skeletonization results. The left panel shows a global view of the processed image, while the right panel presents a zoomed-in region highlighting discrepancies 
in skeleton continuity (yellow dashed boxes, yellow arrows). These gaps may arise due to image acquisition artifacts or cellular migration between the inner and outer plexiform 
layers.
conditions, where microglia tend to cluster and exhibit more complex 
structural alterations. These results support the software’s potential 
for unbiased and reproducible microglial analysis in neurodegenerative 
disease research.

4. Discussion

In the current study, we introduce a new tool for the automatic 
detection retinal microglia. This automated image analysis tool devel-
oped for the counting and analysis of retinal microglial cells provides 
10 
a diverse set of powerful capabilities, encompassing somas detection, 
quantification, and characterization, as well as skeletonization and 
precise calculation of arborization areas.

Improvements over the last decade in high-performance cluster 
computing, machine learning algorithms and image classification
frameworks based on deep learning architectures indicate that the field 
of imaging in biomedical sciences is entering a new era of automated 
analysis [49,50].

Different manual and automated methods have been used for an-
alyzing retinal microglial morphology parameters. Manual methods, 
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Fig. 12. The Bland-Altman plots show the differences in area between the manual measurements and those provided by the automatic tool: (A) Soma area with all images (B) 
Soma area after removing low quality images and (C) Arborization areas with all images and (D) Arborization areas after removing low quality images. The 𝑋-axis represents the 
average of the automatic and manual measurements, while the 𝑌 -axis displays the differences between them. The black line shows the average of the differences. The red dotted lines show 
the limits of agreement.

Fig. 13. Comparison of retinal microglia between a healthy control (C57BL/6J) and a murine model of Alzheimer’s disease (AD) (A, C, E) Microglial morphology in the control 
group (C57BL/6J). (B, D, F) Microglial morphology in the Alzheimer’s disease model.

Fig. 14. Automated analysis of retinal microglia in a murine model of AD using the proposed software. (A) Original microscopy image of microglial cells. (B) Automated soma 
detection (highlighted in blue). (C) Skeletonization process, illustrating the microglial structure in green. (D) Arborization area measurement, outlining the detected regions in 
green.
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such as those presented in [18,51], used for quantification and classi-
fication of retinal microglia have several drawbacks: (i) the substantial 
time required to analyze images, (ii) inter-rater biases, (iii) the com-
plexity of making completely blind measurements in studies comparing 
microglia between disease models with different microglial character-
istics, and (iv) the tendency of researchers to select the ‘‘easiest’’ cells 
to characterize, i.e., the ones that are isolated and have little overlap 
with the processes of other cells [47]. This bias, although understand-
able, may affect the morphometric measurements taken, especially in 
the microglial analysis of diseases such as Alzheimer’s disease where 
microglia may localize and overlap around Beta amyloid plaques or 
phagocytose Tau protein and it is complex to delineate which processes 
may overlap [52].

To overcome the limitations of manual microglial analysis, our 
software offers a fully automated framework for soma detection, skele-
tonization, and arborization measurements, reducing human bias and 
improving reproducibility. Although the primary validation was per-
formed using a healthy animal model, we also tested the tool in 
a murine model of Alzheimer’s disease (see Section 3.2), with en-
couraging results. Even in this more complex and variable context, 
the software was able to accurately identify and quantify microglial 
features, capturing the structural changes typically associated with neu-
rodegeneration. These results suggest that the tool is not only reliable 
under controlled conditions but also adaptable to the challenges posed 
by pathological tissue. We believe this flexibility makes it a valuable 
resource for researchers studying microglial behavior in disease. Look-
ing ahead, applying the software to larger and more diverse datasets 
will be key to expanding its utility and exploring its potential role in 
translational and clinical research.

Our tool not only facilitates comprehensive analysis of microglial 
cell numbers and characteristics but also ensures precise and rapid 
processing. The algorithmic nature of our tool guarantees consistent 
and deterministic results over time and across different samples. Be-
sides, our program offers a remarkable reduction in analysis time, 
enabling automatic image analysis that surpasses human capabilities 
by over 1000 times: the analysis of the set of 1702 images has taken 
around 1 year for one expert vs. 8 h of computation. By eliminat-
ing human fatigue and streamlining the research workflow, our tool 
enhances efficiency and productivity to an unprecedented level. This 
enables researchers to process larger volumes of data, increasing the 
statistical power and enhancing the reliability of their findings. In 
addition to this performance, preliminary input from early users of the 
software indicated that the tool was intuitive to use and substantially 
reduced the time required for analysis while improving consistency 
across datasets. Users especially valued the ability to process large 
batches of images and visualize results in real time. Suggestions for fu-
ture versions included the implementation of a quality flagging system 
and greater flexibility in output customization, further supporting the 
tool’s usability and relevance in experimental workflows.

The variation between computed and manual area (see Fig.  10) can 
be attributed to the practices used by experts to smooth the contour of 
the soma and also because of the criteria for deciding the boundaries 
between soma and processes depends in some degree of the experts. 
Taking into account that 1 pixel is equivalent to 0.227 μm and that 
having slightly different criteria between experts could represent 40 
pixels in a typical area of 50 μm2, which implies a typical difference of 
4.1% between the computed value and the area of the soma manually 
measure and even different values for the area of the soma measured 
by different experts. This discrepancy between expert serves the point 
that manual classification struggles with inter-rater reproducibility, 
especially between different research groups [29,47].

Although automated methods for analyzing microglia are gaining 
popularity, few are suitable for retinal use [36,38]. Among these, [36] 
introduces a script to count retinal microglial cells and a method to 
automatically classify retinal microglial cells into five different mor-
photypes, based on support vector machines (SVM). The script was 
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tested with just 30 images and the SVM performance was evaluated 
using only 1200 cells (240 per morphotype). Similarly, in [38], a 
novel segmentation routine for automated counting and morphological 
analysis of retinal microglia that achieves accuracy comparable to 
that of human experts was presented. However, only 11 images and 
1600 cells were used to test their method. Likewise, an algorithm for 
automated counting microglial cells in mouse retinas was presented 
in [32], however, the performance of their method, compared to that of 
a human expert, was tested using only 120 images. That is, despite the 
great progress all these works represent, their methods were validated 
using a limited number of images. On the contrary, our tool was 
validated by comparing the results obtained by our algorithm with 
those obtained by an experienced observer with numerous images and 
cells (1702 images containing 24,559 cells) to extract quantitative 
data (number of microglial cells per retinal sector) as well as complex 
morphology data (areas of arborization and skeletonization). This gives 
our work greater statistical precision, better representation of cell 
variability, greater robustness to variable conditions and ultimately 
greater reliability to our research. Despite machine learning algorithms 
like SVM and convolutional neural network (CNN) offer similar results 
for true positive rates and true negative rates [37] our tool is based on 
rules validated with experts which provides systematic results to the 
same inputs with less computation resources and getting rid of previous 
training. In addition, our tool can be used with no initial validated 
and/or training data set at the same time that takes the benefits of soma 
validated when used by experts.

Another problem that researchers may encounter is the variation 
in image quality. This variation can be attributed to several factors, 
including the perfusion and fixation of animal tissues, the cleanliness 
of the mounting medium, the immunoreactivity of the antibodies used, 
and the specific layer of the retina being photographed (capturing 
images from the outer plexiform layer (OPL) differs from the inner 
plexiform layer (IPL), with the former often displaying less noise than 
the latter). Consequently, during image acquisition, our priority is 
to photograph sectors with fewer artifacts to minimize the presence 
of noise and ensure the best possible image quality. Our software 
demonstrates the ability to analyze low-quality images that a human 
analyst might discard if tasked with manual analysis. While medical 
experts endeavor not to discard images due to the ethical implications 
involved, as they require the sacrifice of laboratory animals, there are 
instances where they must make the difficult decision to discard them 
if they contain significant noise and very low quality. It is crucial to 
highlight that our algorithm detects more somas than experts would 
identify through visual inspection. As a result, the implementation 
of the algorithm allows effectively reducing the number of discarded 
images. More importantly, despite 20.92% of the images obtained from 
the microscope were of low quality, and after being analyzed by our 
tool having that the experimental results achieved match or exceed 
that of other studies: the soma detection yielded an F1-score of 0.94, 
being the recall and precision 0.97 and 0.92 respectively. Removing 
low-quality images significantly enhanced performance, raising the F1-
score and precision to 0.97, while reducing the false positive rate to 
2.84%. Meanwhile, recall remained consistent at 0.97, confirming the 
method’s robustness under optimal conditions. Nevertheless, retaining 
the ability to process low-quality images is valuable, as it enhances 
dataset usability and reduces the need for animal sacrifices. While 
expert input can be used to refine thresholding, our tool offers a 
significant advantage over manual analysis by fully automating soma 
detection, skeletonization, and arborization measurements - features 
not available in conventional image analysis pipelines.

To the best of our knowledge, no tool apart from ours can auto-
matically analyze skeletonization and calculate the arborization area 
of cells. This capacity is a significant breakthrough in the field of 
neuroinflammation research because it allows for the analysis of the 
transition from quiescent microglia to morphological types display-
ing activation, providing invaluable insights into the early stages of 
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Fig. A.1. File structure of the system, illustrating the organization of databases (BBDD), input images, results, and executable files. The ‘Results’ folder contains processed images 
and spreadsheets with computed morphological data.

Fig. A.2. Graphical User Interface for threshold selecting (Step 8). (Left: threshold computed automatically; right: threshold fine-tuned by the expert in case of need).

Fig. B.1. Sequence diagrams illustrating the image preprocessing Step 4.
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Fig. B.2. Sequence diagrams illustrating the image preprocessing Steps 5–6.
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Fig. B.3. Sequence diagrams illustrating the image preprocessing Steps 7–8.
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Fig. B.4. Sequence diagrams illustrating the image preprocessing Steps 9–10.
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Fig. B.5. Sequence diagrams illustrating the image preprocessing Steps 11–12.
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Fig. B.6. Sequence diagrams illustrating the image preprocessing Steps 13–14.
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neuroinflammation and into the pivotal role of microglia in disease 
progression. Our software accomplishes this skeletonization analysis 
and calculation arborization area of cells with remarkable accuracy 
since a mean absolute percentage error (MAPE) of 9.12% and 8.67% 
were obtained when calculating the areas of somas and the arborization 
areas, respectively. Furthermore, excluding lower-quality images en-
hanced measurement accuracy, improving the MAPE to 8.85% for soma 
areas and 8.25% for arborization areas, demonstrating the benefits of 
high-quality image selection in ensuring precise quantification.

The results of this study demonstrate a high concordance between 
manual and automatic measurements for both soma area and arboriza-
tion area. The intraclass correlation coefficients (ICC) were consistently 
high, indicating excellent reliability. Additionally, the Bland-Altman 
analyses showed narrow limits of agreement and low biases, both for 
the full set of images and after excluding low-quality images. These 
findings support the validity of automatic measurements as a precise 
and reliable alternative to manual measurements, facilitating analysis 
in future studies.

The vast majority of the automated approaches revolve around 
segmentation process based on a single threshold defined and set man-
ually by the user which is used to generate a binary image separating 
somas and processes from background. This is followed by denoising 
and filtering noise to remove staining contours. The resulting binary 
image is masked according to the identified ROI hiding the original 
background image which allow medical experts to compare with the 
original image provided by the microscope [38]. In our case, a range 
of threshold values are used to completely cover the somas, and the 
resulting contours are correlated for soma identification, and always 
keeping the original image as background so as to provide medical 
experts with the full context. Thus, another essential advantage of our 
tool lies in its capacity to empower experts to manipulate the acquired 
results effectively having always as background image the raw images 
provided by the microscope so they can compare the raw and the 
processed images without any mask. This essential feature has not been 
identified in other tools. Through this interactive feature, experts can 
add or remove detected somas, fine-tune the skeletonization of cells by 
adding or removing elements, and make adjustments to the polygon 
representing the cell’s arborization area. This level of control ensures 
that the final outcome benefits from the expert’s insightful supervi-
sion, if deemed necessary. Moreover, by offering this interactivity, we 
establish an automated, yet thorough evaluation of the initial results 
obtained by the tool before any modifications are introduced by the 
expert, ensuring precision and confidence in the analysis process.

Another key consideration when designing our tool was the feasibil-
ity of 3D image acquisition. The tool could be improved to provide 3D 
images. However, with the Zeiss Axioplan 2 fluorescence microscope, 
obtaining 3D images would require performing a Z-Stack of each cell, 
which implies a processing time of approximately 30 min per cell for 
each image. In this study, a total of 24,559 cells have been analyzed, 
which would mean 736,770 min solely for 3D acquisition. This process 
would be extremely time-consuming and does not align with our goal of 
analyzing all microglial cells in a short time. Our current 2D approach 
allows for fast and efficient analysis of many cells, which is crucial in 
the early stages of research for large-scale studies.

In summary, our tool offers several compelling advantages that 
enhance the analysis of complex and diverse images. Firstly, the imple-
mentation of multiple binarization thresholds within an image proves 
especially valuable when dealing with heterogeneous samples. This 
dynamic approach enables our tool to adaptively adjust the threshold 
for different regions, leading to significantly more precise and accurate 
results. Secondly, our algorithm’s exceptional capability to analyze low-
quality images sets it apart from human experts who might dismiss such 
images due to their limitations. This proficiency allows for the examina-
tion of diverse samples that would otherwise be considered suboptimal 
in image quality. As addressed above ethical considerations come into 
play, as our tool’s ability to analyze low-quality images reduces the 
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need for a larger number of mice sacrifices [43], thus minimizing the 
use of animals in research and maximizing the utilization of available 
resources, enhancing the comprehensiveness of the analysis.

Furthermore, the interaction between our tool and the expert pro-
duces results that hold immense value beyond immediate analysis. The 
data gathered from this collaboration serves a dual purpose, not only 
providing crucial insights but also laying the groundwork for training 
an expert system in the future. By harnessing this wealth of informa-
tion, our tool gains the potential for automatic improvement through 
the integration of cutting-edge artificial intelligence algorithms. This 
seamless combination of expertise and technology ensures a continuous 
evolution of the tool’s capabilities, making it an invaluable asset for 
ongoing research and analysis.

5. Conclusions

This paper presents a novel software specifically designed for the 
automated counting and detail analysis of retinal microglia, overcom-
ing key limitations of manual methods while maintaining high accuracy 
and reproducibility. By integrating automated soma detection, skele-
tonization, and arborization measurements, the proposed tool signifi-
cantly enhances microglial analysis. To the best of our knowledge, this 
the first software capable of automating both microglial skeletoniza-
tion and arborization measurements, offering a more comprehensive 
assessment of microglial morphology.

One of the software’s main advantages is its ability to analyze both 
high- and low-quality images, which are often encountered during 
image acquisition. This feature is not only technically beneficial but 
also ethically significant, as it maximizes the use of collected samples 
and reduces the need for additional animal sacrifices. Additionally, 
its efficiency and scalability enable the processing of large datasets, 
facilitating more extensive and detailed studies in microglia research.

Ultimately, this study represents an important step toward stan-
dardized and automated microglial analysis, offering a powerful tool 
for investigating microglial dynamics and their involvement in neu-
rological and pro-inflammatory disorders. Future work will focus on 
expanding its applications to neurodegenerative disease research.
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Appendix A. Software execution and user interaction workflow

The tool is launched by selecting its application icon. Upon ex-
ecution, it automatically processes all images stored in the ‘Images’ 
folder, supporting common formats such as JPEG, JPG, PNG, and 
BITMAP. Images are analyzed sequentially, and for each input, the tool 
generates three output images—soma detection, skeletonization, and 
arborization—along with an Excel file containing the corresponding 
morphological analysis data. All results are saved in the ‘Results’ folder 
(see Fig.  A.1).

After processing each image, the tool automatically transfers the 
confirmed soma and cell processes to the ‘BBDD’ folder for further use 
in steps 6-7.

At step 8, the tool pauses, allowing the user to adjust the threshold 
using a track bar (Fig.  A.2) if necessary. If the threshold is modified, 
the tool reprocesses the image starting from step 5, updating the soma 
identification accordingly. This adjustment can be repeated as many 
times as needed.

Pressing the ‘Escape’ key advances the tool to step 9 and sub-
sequently to step 10 (Fig.  5), where users can manually refine the 
arborization perimeter by dragging and repositioning points as needed.

Appendix B. Sequence diagrams

This section presents the sequence diagrams used in the study, pro-
viding a visual representation of the interaction flow between system 
components (see Figs.  B.1–B.6).
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