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ABSTRACT  

   

Calcium imaging is a well-established, non-invasive or minimally technique 

designed to study the electrical signaling neurons. Calcium regulates the release of 

gliotransmitters in astrocytes. Analyzing astrocytic calcium transients can provide 

significant insights into mechanisms such as neuroplasticity and neural signal 

modulation. 

 In the past decade, numerous methods have been developed to analyze in-vivo 

calcium imaging data that involves complex techniques such as overlapping signals 

segregation and motion artifact correction. The hypothesis used to detect calcium signal 

is the spatiotemporal sparsity of calcium signal, and these methods are unable to identify 

the passive cells that are not actively firing during the time frame in the video. Statistics 

regarding the percentage of cells in each frame of view can be critical for the analysis of 

calcium imaging data for human induced pluripotent stem cells derived neurons and 

astrocytes.  

The objective of this research is to develop a simple and efficient semi-automated 

pipeline for analysis of in-vitro calcium imaging data. The region of interest (ROI) based 

image segmentation is used to extract the data regarding intensity fluctuation caused by 

calcium concentration changes in each cell. It is achieved by using two approaches: basic 

image segmentation approach and a machine learning approach. The intensity data is 

evaluated using a custom-made MATLAB that generates statistical information and 

graphical representation of the number of spiking cells in each field of view, the number 

of spikes per cell and spike height.  
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CHAPTER 1 

INTRODUCTION 

1.1 Calcium imaging 

1.1.1 Role of calcium in neurons and astrocyte 

Calcium transients play critical, and specialized roles in various neuronal 

subcompartments. They closely correlate with the electrical activity in neurons that 

generated spontaneously or by an external stimulus (Mao et al., 2001; Smetters et al., 

1999). The depolarization of the cell membrane leads to an influx of calcium ions 

through Voltage-Gated Calcium Channels (VGCC). They control the release of 

neurotransmitters from pre-synaptic vesicles by facilitating loading of vesicles, assembly 

of the dispensing machinery and tight coupling between releasable neurotransmitter 

vesicles (Neher and Sakaba, 2008). Postsynaptic calcium ion influx is mainly regulated 

by N- Methyl – D- Aspartate NMDA receptors. It is implicated to be one of the 

fundamental mechanisms associated with activity-dependent plasticity achieved by 

inducing long-term potentiation (LTP) and long-term depression (LTD) (Yang et al., 

1999). Calcium is also crucial for gene transcription in the nucleus, and it regulates 

several intracellular signaling cascades. Imbalance in calcium homeostasis in 

endoplasmic reticulum and mitochondria has been associated with various 

neurodegenerative disorders (Anastasia Efthymiou et al., 2013). 

Astrocytes play an important role in neuroplasticity and neuronal signal 

modulation. They also regulate the blood circulation in the brain. It is achieved by the 

activity of various gliotransmitters that is controlled by calcium transients (Narges 

https://www.ncbi.nlm.nih.gov/pubmed/?term=Yang%20SN%5BAuthor%5D&cauthor=true&cauthor_uid=10036277
https://journals.sagepub.com/doi/full/10.1177/1087057113501869
https://www.nature.com/articles/nn.4201#auth-1
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Bazargani & David Attwell, 2016, Agulhon et al., 2008, Wang et al., 2009). Similar to 

neuron, calcium transients are compartmentalized in astrocytes, and they may be 

involved in various function depending on the location.   

 

1.1.2. Calcium indicators 

Fluorescent calcium indicators use Ca2+ chelators. BAPTA (bis (2-

aminophenoxy) ethane tetraacetic acid) is most widely used calcium chelator due to its 

desirable properties like high calcium affinity and selectivity as well as fast kinetics (G 

Grynkiewicz et al. 1985). Fluorescent calcium dyes possess a hydrophilic carboxyl group 

that binds to Ca2+ ions which do not allow them to the lipid membrane easily. 

Impermeable indicators need to be injected into individual cells.  The process 

esterification using acetoxymethyl (AM) ester makes these dyes hydrophobic and 

permeable. After the dye enters the cells, esterases present in the cell cleaves the ester 

group. (Bootman et al., 2013)  

These indicators can be classified as ratiometric and non-ratiometric. Ratiometric 

dyes exhibit a change in excitation or emission characteristics depending upon the bound 

and free calcium concentrations and are preferred for quantitative measurements (Rudolf 

et al., 2003). The most commonly used ratiometric dye is Fura-2. The excitation spectrum 

peak of Fura-2 shifts from 363 nm to 335 nm in the presence of bound calcium. For 

convenience, the excitation wavelength is switched alternately between 340 nm 380 nm 

wavelength. The ratio of emitted wavelength (510 nm) for these excitation wavelengths 

along with the known concentration of the dye is used to determine the precise calcium 

https://www.nature.com/articles/nn.4201#auth-1
https://www.nature.com/articles/nn.4201#auth-2
https://www.sciencedirect.com/science/article/pii/S0896627308007514
https://scholar.google.com/citations?user=It19qqsAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=It19qqsAAAAJ&hl=en&oi=sra
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concentration of dye (Odmara L Barreto-Chang and Ricardo E Dolmetsch, 2009).  This 

system is immune to the environmental noise, variations in loading dye, photobleaching, 

the intensity of illumination. The major disadvantage of this system is the UV/ near UV 

radiation can lead to the generation of reactive oxidative species (ROS). Some dyes such 

as indo-1 have two emission maxima depending upon the presence of bound and free 

Ca+2 ions. Non- radiometric dyes such as Fura-4 or Oregon Green BAPTA are 

characterized by changes in the intensity of emitted light depending upon the 

concentration of bound calcium ions (Christine Grienberger and Arthur Konnerth, 2012). 

These dyes have excitation and emission wavelengths in the visible light spectrum, and 

thus the generation of ROS is significantly reduced.  

Genetically Encoded Calcium indicators (GECI) are another variation of calcium 

indicator that is generally used for long term or repetitive in-vitro and in-vivo studies. 

They can be designed specifically to the cell type or a particular sub-population as well as 

sub-compartments such as synapse, cell membrane or neuronal processes (Tian et 

al.,2011). Genetically Encoded Calcium Indicators (GECI) and high-resolution 

imaging allow researchers to perform calcium imaging with significant spatial and 

temporal specificity (Grosche et al., 1999; Shigetomi et al.,2010; Panatier et al., 2011).  

 

1.1.3. Calcium indicator loading techniques 

The permeable calcium dyes can be stably stored in the dark at a high stock 

concentration at -20⁰C by dissolving it 20% Pluronic F-127 in DMSO. When the cells are 

ready for imaging, they are incubated in the diluted dye solution. The appropriate loading 

https://www.ncbi.nlm.nih.gov/pubmed/?term=Barreto-Chang%20OL%5BAuthor%5D&cauthor=true&cauthor_uid=19229178
https://www.ncbi.nlm.nih.gov/pubmed/?term=Dolmetsch%20RE%5BAuthor%5D&cauthor=true&cauthor_uid=19229178
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concentration depends on the cell type. Impermeable dyes are loaded using 

microinjection, pinocytosis, diffusion from a patch pipette, single cell or bulk 

electrophoresis (Bootman et al., 2013). GECI use transgenesis or are virally transfected 

into cells. 

 

1.1.4. Sensors and Microscopes 

The choice of sensors and microscopes for calcium imaging generally depends 

on the availability of the modality and the application. Charged coupled detector 

(CCD) or complementary metal-oxide-semiconductor (CMOS) based camera systems 

are suitable for in-vitro or superficial in-vivo applications. Features like high spatial 

resolution and speed allow the detection of fast events such as Ca2+ sparks and puffs in 

dendrites (Miyazaki et al., 2013). Confocal imaging is also used to acquire calcium 

imaging data with superior signal-to-noise ratio and resolution. Scattering of light 

restricts the use of confocal microscopy for deep tissue measurements. The two-photon 

microscopy is the gold standard for imaging calcium transient in-vivo. It allows localized 

excitation of the specimen and overcomes many of the limitations of confocal 

microscopy like light scattering, photobleaching, and phototoxicity due to non-linear 

optical properties (Fritjof Helmchen and Winfried Denk, 2005). Multiple calcium 

imaging application specific protocols have been designed using two-photon 

microscopy such as capturing intracellular calcium signals from dendritic spines in-

vivo, monitoring astrocytic calcium microdomains, imaging calcium transients in 

hippocampal neurons in Alzheimer disease murine model (Chen et al.,2012, Shigetomi 

https://www-nature-com.ezproxy1.lib.asu.edu/articles/nmeth818#auth-1
https://www-nature-com.ezproxy1.lib.asu.edu/articles/nmeth818#auth-2
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et al.,2010, Busche MA,2018). Light shield microscopy is used in calcium imaging of 

the whole brain due to its features such as optical sectioning ability and high 

acquisition speed (Pervedel et al., 2014, Arhens et al., 2013). 

1.2. Image analysis using ImageJ/Fiji 

ImageJ has been one of the most extensively used, open-source Java-based 

image analysis software in biological sciences (Schneider et al., 2012). The ability to 

integrate plugin developed by the active ImageJ community has made it a dynamic and 

powerful tool. Macro is a language used by ImageJ software to allow the user with 

little or no knowledge of programming to record the image processing step and 

generate a reusable code. Other programming languages that can be used include 

JavaScript, Python, R, Ruby. Cross-compatibility of ImageJ with MATLAB allows the 

user to design image analysis workflow using ImageJ and then utilize superior 

mathematical computing abilities of MATLAB for statistical analysis. Fiji (Fiji its just 

ImageJ) is the version that allows to the generate large scale image processing pipelines 

using several scripting languages and numerous feature-rich libraries without affecting 

the simplicity of ImageJ (Schindelin et al., 2012). 

1.3. Calcium imaging analysis methods:  

Manual or automatic image segmentation by detecting regions of interest (ROIs) 

or cells, in this case, is the earliest approach used for calcium imaging analysis. It relies 

on the heuristic definition of cellular morphology (Dombeck et al., 2007; Gobel et al., 

https://www.sciencedirect.com/science/article/pii/S0896627309006199
https://www.sciencedirect.com/science/article/pii/S0896627309006199
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2007; Ozden et al., 2008). The accuracy of this approach reduces drastically with an 

increase in the number of overlapping cells or due to motion artifact. Hence, this method 

is unsuitable for in-vivo analysis. Automatic segmentation approaches such as active 

contouring or supervised learning based methods have been designed to be more suitable 

for in vivo imaging. (Delgado-Gonzalo et al., 2015, Reynolds et al., 2016, Valmianski et 

al., 2010). 

Several more intricate methods for in-vivo analysis have been developed to 

overcome complications such as motion artifacts and spatially overlapping cells.  The 

primary hypothesis used to detect calcium transients in these methods is based on the 

spatiotemporal scarcity of these signals. 

The first method includes three significant steps. Initially, principal component 

analysis (PCA) is used to segregate the noise (motion artifacts) from the actual signal. 

Next step is used independent component analysis (ICA) to extract signals from different 

cells. The final step is to distinguish between different cell types based on the calcium 

imaging transients obtained using K-mean clustering (Mukamel et al., 2009). This 

method is designed for in-vivo experiments, and it is better at separating signals from 

overlapping cells than ROI based method. The limitation of this method is, it only 

considers the cells which are actively firing.  

The constrained non-negative matrix factorization (CNMF) based analysis also 

has gained popularity in recent years (Friedrich et al.,2015, Pnevmatikakis et al., 2016, 

Zhou et al., 2018, Giovannucci et al., 2017). It is capable of performing denoising, 

deconvolution, and demixing simultaneously and in real time. It is the best method for 

https://www.sciencedirect.com/science/article/pii/S0896627309006199
https://www.sciencedirect.com/science/article/pii/S0896627309006199
https://www.sciencedirect.com/science/article/pii/S0896627309006199
https://elifesciences.org/articles/38173#bib33
https://elifesciences.org/articles/38173#bib52
https://elifesciences.org/articles/38173#bib17
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detecting calcium transients from overlapping cells. The ability to use it in real time and 

online makes it user-friendly. The demerit of CNMF based system is that it is optimized 

explicitly for in-vivo two-photon or light sheet imaging. The adaptation of this system 

will require extensive tweaking of the constraints which is a complicated task which 

increases the chances of obtaining incorrect results. 

After extensive calcium imaging dataset was made available to the public 

recently, a dictionary-based learning approach was also developed for analysis. Scalpel is 

an R package developed using this technique (Petersen et al., 2018). R is a free data 

analysis software unlike MATLAB and can be used without any requirement of a license. 

 

Figure 1. Use of calcium imaging in-vitro applications 
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1.4. The rationale behind choosing ROI based analysis: 

This research is mainly focused on the analysis of data obtained by in-vitro 

experiments. The data has a much better spatial resolution than in-vivo data because cell 

confluency is generally controlled up to 75-80%. Thus, spatially overlapping cells are not 

a significant concern. Also, it does not contain any motion artifacts. Hence, it is possible 

to simplify and speed up the process by discarding the motion artifact elimination section 

which is the critical part of in-vivo pipelines. ROI based analysis is a straightforward way 

of analyzing data obtained by in-vitro imaging. 

It is also easy to verify the accuracy of results by spot-checking a few cells which 

are not feasible in the other methods. Calcium analysis is used to verify if human induced 

pluripotent stem cell (hiPSC) derived neuron are functional as described in figure 1. This 

data is compared with trends observed in primary astrocytes and neuron cultured in-vitro, 

and it is not directly comparable to data obtained using in-vivo. Only ROI based method 

can detect both the actively firing and passive cells. The percentage of spiking cells is an 

can provide crucial insight for accessing effectivity of differentiation protocol used.  

The videos used in this research are acquired using epifluorescence microscope 

and fluo-4 calcium indicator. Another concern with using most already existing methods 

is that these methods are designed explicitly for specific modalities like two-photon 

microscopy or endoscopy. They have to be extensively modified and validated on the in-

vitro calcium imaging data acquired using epifluorescence microscopy. Some of these 

methods are developed for specific calcium indicators like ratiometric dyes like fura-2 or 

GECIs and hence cannot be used directly for data acquired using a non-ratiometric dye 
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fluo-4. Thus, ROI based method has distinguished merits over the other methods in the 

context of this research.  

 

1.5. Basic imaging workflow: 

The calcium imaging workflow consists of two main sections: video analysis 

using Fiji and graphical and data analysis using MATLAB. In the video analysis 

segment, cell ROIs are generated using manual, automatic image segmentation or 

machine learning approaches. Additional background ROI which is necessary for 

background correction is also created. Then, the mean pixel intensity of all the ROIs for 

each time frame is measured, and an excel datasheet is containing these values is created.  

 

 

Figure 2: Basic calcium imaging pipeline 
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The intensity datasheets for all samples are read using MATLAB and 

preprocessed. After preprocessing, this data is analyzed using a custom-made peak 

analysis function. The function is capable of generating excel datasheet with peak height, 

time point data, number of spikes per cells and percentage of cells that spike at least once 

and more than once. It also returns these parameters as output arguments which are used 

for graphical (dot plots, histograms) and statistical analysis (t-test, Kolmogorov-Smirnov 

test). 

 

1.6. Supervised machine learning concepts 

1.6.1  Decision tree: 

 

Figure 3: Decision tree schematic 

 



 

  11 

 

A decision tree is the simplest method to classify the object into subcategories by using 

some unique features of the object. Figure 3 illustrates the idea behind the decision tree 

algorithm. The root node in this example is checking if the intensity is larger than the 

threshold. The root node is the node that will generate maximum separation in the first 

step.  Intensity divides the data into two categories: background and object. Then 

circularity sub-node is used to determine if the segment selected is soma or neuronal 

process. The decision tree approach is not very robust when used with samples other than 

the training set.  

 

Figure 4: Random forest algorithm 

 

1.6.2  Random forest algorithm 

Random forest algorithms are used to make learning processes more dynamic 

without losing out the simplicity of the decision tree approach. Random forest algorithm 
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generates several decision trees that are trained using a different set of features. The 

outcome of the random forest is decided majority voting techniques. The training features 

are a subset of the total number of features, i.e., the total number of feature (n) is always 

more the features used to train each decision tree (m). Thus, this method ensures that 

each tree has a different training experience making it much more robust and accurate. 

 

1.6.3  Trainable WEKA segmentation (TWS) using Fiji 

Waikato Environment for Knowledge Analysis (WEKA) is a Java-based open 

source environment developed for machine learning and data mining application such as 

data processing, clustering, classification, regression, feature extraction (Hall et al., 

2009). TWS plug-in available in Fiji uses numerous WEKA feature extraction techniques 

to allow the user to segment their data (Arganda-Carreras et al.,2017). It classifies the 

image pixels into different classes depending on their unique features such as edge 

detection, noise reduction, membrane detection, and texture extraction. TWS allows users 

to select features that are most suitable for the application. It uses fast random forest 

classifier with 200 decision trees. 
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CHAPTER 2 

MATERIALS AND METHODS 

2.1 Uneven illumination correction 

Uneven illumination is a common issue observed in many biological sample 

images including the calcium analysis videos. One of the most common and reliable ways 

of uneven background illumination correction is achieved by subtracting as a gaussian 

blurred copy of the image from the image. Sigma of the gaussian blur filter should be 

approximately one-third of the dimension of the image.  

 

2.2 Image segmentation 

2.2.1 Manual method 

This method relies on the user’s ability to draw ROIs manually. It is an extremely 

tedious and time-consuming process. It is prone to human errors, and the results are not 

reproducible if the set of ROIs generated is not saved. This method can not be employed 

for large scale data analysis. It can prove useful to validate the automatic ROI generation 

methods.  

 

2.2.2 Segmentation using basic image processing workflow  

General steps involved in image segmentation are described in Figure 5. a. and 

complete flowchart of astrocyte calcium imaging segmentation is mentioned in Figure 5. 

b.  The first step is to extract the first slice from the video for segmentation. This step is 

used to reduce the processing time.  It is acceptable because cells in-vitro culture are 
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adherent to the surface due to the use of substrates such as poly-ornithine. It also ensures 

that the original video file is not modified and the intensity values are unaltered. 

Preprocessing steps are required to make the image easily segmentable and also to correct 

noise. 

 

Figure 5: Segmentation techniques a. Basic image segmentation workflow, b. Flow 

chart for stepped used in astrocyte segmentation using basic workflow. 

 

Uneven illumination correction is the next step in this analysis. Contrast enhancement is 

used to distinguish the cells from the background clearly. Although this step does not 

help with the actual segmentation process, it is useful during verification when ROIs are 

overlayed. After the preprocessing is complete; automatic thresholding is used to 

generate a binary mask. The automatic thresholding uses Otsu method which is the most 
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popular auto-thresholding algorithm. Manual thresholding can also be used. Tiny non-cell 

fragments are removed by setting circularity and size filters. The size and circularity filter 

varies according to cell morphology and size. This edited binary mask is then used to 

generate ROIs. The cell ROIs touching the image borders are eliminated. A background 

ROI is drawn in the place that seems relatively the darkest, and by avoiding the proximity 

of the cells.  The ROIs are overlayed on the original unedited calcium imaging video. The 

average pixel intensity for all ROIs for all the time frames is measured and saved in the 

form of an excel sheet. All the steps performed can be scripted using and Fiji compatible 

languages and directly used to analyze other videos.  

 

Figure 6: Training window of Trainable Weka Segmentation GUI 
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2.2.3 Segmentation using supervised machine learning approach 

This approach was tried for both astrocyte and neuron calcium imaging videos. 

The first slice is extracted from the video. Next step is to run the Trainable Weka 

Segmentation (TWS) plugin. Figure 6 is a representative image of the TWS GUI. The 

features selection is application specific step. The default options along with variance and 

structure are selected for this application. The user has to train the classifier by selecting 

specific areas that represent different classes using a freehand selection tool and then run 

the classifier. The classifier then generates the segmentation result. The user can retrain 

the classifier by adding more representative areas until they obtain satisfactory results and 

the classifier can be saved. Care must be taken to avoid over-training of the classifier. 

This classifier is loaded on to the image, and the probability maps are generated. A binary 

mask is generated using thresholding. The value that worked best on the neuron videos is 

0.65. The watershed function is used to divide unseparated cells. This technique works 

exceptionally well with round objects like neurons but fails when used for irregularly 

shaped astrocyte. Then circularity and size filters are applied to the mask to ensure all the 

non-cellular fragments if eliminated. These values are dependent on cell size and 

morphology. Circularity filter with the value range from 0.3 to 1 and size filter with 

values 70 pixel2 to infinity allowed successful detections of neurons. Another critical step 

is to exclude cells that are touching the border of the image. Finally, the binary mask is 

then converted into ROIs, and the mean intensity values for all the ROIs are measured. 

This data is saved as a comma separated value (CVS) file. 
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The efficiency classifier is then validated by comparing the segmentation results 

with manual ROI segmentation and by using it on several other videos. TWS is a macros 

recordable plug-in. 

 

Figure 7: MATLAB data analysis flowchart 

 

2.3 Data analysis using MATLAB 

Statistical and graphical analysis is divided into four stages as indicated in Figure 

7. Firstly all the datasheets that need to be analyzed are read by MATLAB and stored 
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according to the sample names and subtypes, i.e., fields of views for different samples. 

The first step in preprocessing making sure that all samples have the same number of 

time frames (rows) and eliminating the extra time frames. The second step is background 

subtraction. It is a standard way to ensure that the extrinsic noise is nullified. It is 

achieved by subtracting the background ROI intensity column from each column that 

represents cells. After this step, the background ROI column is eliminated. This step is 

followed by normalizing all intensity values by dividing with minimin intensity value in 

the corresponding cell. Then all the fields of view of each sample are combined. After 

preprocessing is complete, custom made peak analysis function is called. Peak calling 

depends on the values of minimum peak height and minimum peak prominence. These 

values may be different for different cell types. The output variables of the function 

include the number of peaks, spike height, number of cells that spike at least once. This 

raw data directly saved as excel sheets or can be used for further graphical and statistical 

analysis.  

 

 



 

  19 

 

CHAPTER 3 

RESULTS 

3.1 Uneven illumination correction: 

 

Figure 8. Uneven illumination correction: a. Original image with thresholding, b. 

Gaussian blurred a copy of the image with sigma=150, c. Corrected image obtained 

after subtracting gaussian blurred copy from the original image. 

 

Uneven illumination is a common issue in many biological sample image. It can be 

considered as low-frequency noise spread throughout the image (Leong et al.,2003). 

Gaussian filter is a low pass filter that eliminates sharp features like edges. Gaussian filter 

with sigma approximately equal to one-third of the image when applied to image mainly 
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represents the background gradient. This image is then subtracted from the original image 

to achieve image segmentation.  

 

3.2 Calcium imaging analysis for astrocytes 

3.2.1 Image segmentation using basic image processing workflow 

 

Figure 9. Astrocyte ROI segmentation using the primary image processing method: 

a. Segmentation on the training video, b. Segmentation on test video, c. GUI for 

input parameters, d. Results saved in CVS format. 
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Figure 9 a. and b. the image segmentation results in training and test videos. 

Decent image segmentation is achieved for the training video, but when the pipeline was 

tested on other test videos, it did not work very well. Even though the desired results 

could not be achieved in the test video, it is still much easier to use the code and 

manually curate ROIs according to expectation. Since the number of cells is low for 

astrocyte videos, the manual method can also be used for segmentation purpose. Figure 8. 

c. displays the GUI generated that asks for coordinates of background ROI, the threshold 

for segmentation, and the file name for the results. Figure 8. d. displays the Excel result 

file generated after the analysis. Astrocyte calcium imaging videos extremely difficult to 

segment because of their irregular morphology and variability in size. 

 

3.2.2 Image segmentation using TWS 

 
Figure 10: Stepwise TWS results for astrocyte calcium imaging videos 
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Figure 10. displays the results stepwise. The first image shows the first slice of the 

original video. The next image indicates, training process using TWS. The third image 

displays the probability map with the whitest portion representing the highest probability 

of cells being present. The next step is thresholding which is achieved automatical 

thresholding method called Otsu thresholding method. The threshold is then converted 

into a binary mask and ROIs. The intensity changes in the cells measured by overlaying 

ROIs on the original video and save in CSV format. 

 
Figure 11. Evaluating TWS models for astrocyte videos 

This approach did not work as expected when used to segment astrocyte videos. 

Figure 11. indicates that two models generated are unable to produce accurate 

segmentation on the test videos. Failure of this approach can be attributed to the low 

statistical power of the sample set, overfitting and irregular morphology of astrocytes. 

The active contouring approach using ABsnake plugin was also tried on FIJI, but it could 
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not be successfully implemented. This approach can be developed on MATLAB by 

leveraging the numerical superiority of the software. 

 

3.3 Calcium imaging analysis for neurons 

 
Figure 12. TWS results for neuron calcium imaging videos 

 

3.3 ROI generation for neurons calcium imaging video 

TWS method works exceptionally well with calcium imaging videos for neuron 

segmentation. Figure 12. describes the stepwise process. The first image is the first slice 

of the original video. Following image displays the training step where the user selects 

ROIs representing three classes namely, neurons (red), neuronal processes (green)  and 

background (violet). This information is used to train the classifier model. In the next 

image, the output of the classifier is displayed. Finally, the last three images display the 
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probability maps representing the three classes. White depicts the highest probability (1), 

and black represents the least probability (0) of the pixel belonging to a particular class. 

Figure 13 displays automatically generated ROIs overlayed on the original test 

video and manually generated ROIs. The manual and automatic ROIs are compared to 

generate the number of true positives, false positives and false negative. These values are 

then used to generate model evaluation parameters such as recall, precision, and F1 score. 

A similar analysis was performed for two cell lines APP (3 videos) and 414 (4 videos). 

The plots are comparing recall, precision and F1 score for size filters 100 pixel2- infinity 

(S100) and 70 pixel2- infinity (S70) is shown in figure 13. Although only seven videos 

have been considered for validation purposes which is not statistically conclusive, the 

precision and F1 score are significantly better for size filter S100.  

 

Figure 13: Segmentation using TWS for a test video for neuron. a. Test video 

overlayed with automatically generated ROIs, b. an image containing outlines of 

automatically generated ROIs in green and manually drawn ROIs in red.  

The table indicates the average values of an evaluation matrix for two cell lines 

and two size filters. All the averages for cell line 1 (APP) are higher than cell line 2 

(414). It is because the segmentation model had difficulty resolving aggregated cells that 
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were seen much more in the video for cell line 2. Hence, the performance of the model is 

dependent on the cell confluency or more accurately on the extent of cell aggregates 

present. It is advisable to control the confluency to about 75-85% in order to ensure 

decent segmentation results. It can also be worthwhile to work with all the permutations 

of the available features to find a set of features that find the best segmentation results. 

Average values of recall, precision, and F1 score for s100 and both the cell line combined 

(10 videos) are 0.89, 0.95, 0.92 respectively. 

 

Figure 14: Fine-tuning size filter and model validation. a. b. c. Plots for recall, 

precision, F1 score for each video for a size greater than 100 square pixel and 70 

square pixels respectively. 

  Cell line 1 (APP) Cell line 2 (414) 

SIZE (sq. pixel) 
FORMULA 

<100 (S100) 
<70 

(S70) 

<100 

(S100) 

<70 

(S70) 

RECALL 
 

0.92 0.94 0.8667 0.8841 

PRECISION 
 

0.9588 0.9406 0.9431 0.913 

F1 SCORE 
 

0.9384 0.9357 0.9031 0.8975 

Table 1. Evaluation matrix for segmentation: TP= true positive, FP= false positive, 

FN= false negative 
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Figure 15. MATLAB calcium imaging analysis outputs: a. Plot for calcium 

transients in a cell. The arrows are used to indicate the peaks. b. A number of spikes 

per cell histogram, c. Spike height Histogram, d. Spike height dot plot. e. Dot plot 

for a percentage of spontaneously spiking cells for each field of view. f. Overall 

summary. 
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3.4 Graphical and statistical analysis using MATLAB  

 The intensity data obtained after segmentation is analyzed using a custom-made 

MATLAB program. The in-built MATLAB function is used to detect peaks. The 

minimum peak height and prominence thresholds generally depend upon the cell type. 

The minimum height and minimum prominence thresholds are set at 1.5 and 0.7 for 

astrocytes whereas 1.3 and 0.7 for neurons respectively. The function returns output 

arguments such as peak height, time point, number of spikes per cells, percentage of cell 

spiking at least once, and percentage of cells spiking more than once. These values are 

then represented using a dot (column scatter) plots or histograms. Kolmogorov-Smirnov 

(K-S) test is used to analyze the differences between the trends of different samples.The 

t-test is also used to determine the differences between samples. It is advisable to use the 

t-test when the sample data is normally distributed. The Mann-Whitney U test is a non-

parametric test what can be used as an alternative to the t-test if the data is not normally 

distributed. The raw data can also be saved in the excel sheets. Summary of the overall 

sample dataset is also generated. 
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CHAPTER 4 

CONCLUSION AND DISCUSSION 

 

Calcium imaging is an optical minimally invasive technique which is extensively 

employed to study the calcium transients. Several analysis techniques that have been 

developed in the past decade focus on in-vivo experiments. This research aims at 

developing reliable calcium imaging analysis technique for in-vitro applications using 

ROI based segmentation method for astrocytes and neurons.  

At present, the calcium imaging analysis pipeline is a two-step process. 

Segmentation is performed using Fiji, and graphical and statistical analysis can be 

performed using MATLAB. Cross-compatibility between these two platforms can be 

leveraged eventually combine the image processing and data analysis sections. In order to 

accomplish it, the background ROI detection process needs to be automated, and batch 

processing can be easily achieved. The segmentation using WEKA trainable 

segmentation plugin on Fiji could generate satisfactory results for neuron. Astrocyte 

segmentation is difficult because of irregular morphology and size, massive changes in 

intensity gradient in a cell, and low statistical power and overfitting due to several 

meager training data set or a number of cells in a single video. The results for astrocyte 

segmentation are sub-par, but they may be improved optimizing the hyperparameters 

used in the model. Before using this extensive pipeline; validation is required. The 

validation was performed using seven videos derived from two neuron cell lines and 

average recall, precision, and F1 score was achieved for neuronal segmentation 0.89, 
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0.95, 0.92 respectively. This segmentation pipeline can be used to detect calcium signal 

in other cell types such as cardiomyocytes or skeletal muscles. 

 

Figure 16. A tentative data analysis GUI design  

A graphical user interface (GUI) can be developed to make the process much 

more user-friendly data analysis section. A tentative design for the MATLAB GUI is 

shown in figure 15. Photobleaching is a widely encountered an issue with non-ratiometric 

calcium indicators such as Flou-4. Photobleaching can be corrected by fitting the calcium 

imaging data using exponential decay function specific to the dye and excitation energy. 

This step needs to be optimized meticulously to avoid extensive manipulation of data. 

This step can also be skipped altogether. Another way of resolving this problem is to use 

ratiometric calcium dyes or GECIs. The calcium influx caused by the action potential 

generation is more temporally spread out signal. The calcium imaging data need to 

temporally deconvoluted to obtain the accurate neuronal spiking rate and timing. This 
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feature can be incorporated in the future version of the analysis pipeline. It is a general 

observation that the generation of neurons from hiPSCs may result in the presence of 

some glial cells in the culture. Neuron and astrocyte co-cultures are also generated in 

order to study the effects of neuron-glial interactions. Owing to the differences in neurons 

and astrocyte calcium transient, independent component analysis followed by K-mean 

clustering can be used to distinguish glial signals from the neuronal signal. Constrained 

non-negative signal analysis methods modified and optimized so that it can be used for 

in-vitro epifluorescent image analysis.  
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