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Abstract 

Quantitative analysis of the central nervous system (CNS) - comprised of the brain, 

the spinal cord, and the eyes - for a deeper intuition into its function often requires in vivo 

visualization of its microscopic structures. For the brain, calcium imaging using 

genetically encoded calcium indicators (GECIs) allows targeted, large-scale imaging of 

neuronal populations with cellular resolution in animals. Combined with closed-loop 

optogenetic control of single cells, neuroscientists can potentially test population-based 

models of the underlying neuronal system, adding a significant body of knowledge to the 

field. Realization of a closed-loop optical neuronal control system currently lacks 

computational frameworks (e.g., neuron segmentation) that drive the system’s 

components based on recent data. Current neuron segmentation methods either require 

the acquisition of the full movie or are unable to reliably identify active neurons.   

On another front, in vivo visualization of retinal cells has become possible with the 

incorporation of adaptive optics (AO) into existing retinal imaging systems, such as 

optical coherence tomography (OCT). A complete morphometric analysis of the living 

human retina at cellular level could potentially improve diagnosis, treatment planning, 

and monitoring of retinal diseases. The current standard approach for quantifying 

ganglion cells (GCs; one of the fundamental cell types for vision) from AO-OCT volumes 

is manual, making the task highly subjective, time consuming, and thus not feasible for 

large-scale studies and clinical use. 
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This dissertation describes the development of computational frameworks for 

accurate analysis of neurons from high-resolution optical images of the brain and the 

retina. In part 1, a statistical and information theoretic framework was developed for 

quantifying the resolution limit and the Cramer Rao lower bound (CRB) in detecting 

closely timed neuronal spikes from two-photon calcium imaging recordings. Monte-Carlo 

simulations with biologically derived parameters were used to numerically calculate the 

resolution limit and compare the performance of the optimal estimators with the CRB. 

Additionally, we applied our detector to distinguish overlapping transients from 

experimentally obtained calcium imaging data. 

In part 2, a fast and robust framework was developed to automatically segment 

active neurons from two-photon calcium imaging recordings. A convolutional neural 

network (CNN) is at the core of the framework which exploits the spatiotemporal 

information in the recorded movies. The method is validated using two separate online 

datasets and its performance is compared against other state-of-the-art techniques.  

In part 3, the focus is shifted to analyzing AO-OCT images of the human retina. 

We developed a weakly-supervised deep learning-based method to automatically 

segment GCs in the AO-OCT volumetric images. We validated the performance of our 

framework using images from healthy and glaucoma subjects acquired with two different 

imagers across various retinal locations and compared the performance with expert 

graders. 
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In conclusion, this dissertation provides a set of statistical and deep learning 

frameworks for high throughput neuronal signal and image processing. Our modern 

computational frameworks can be used to rapidly and accurately parse neuronal activity 

from calcium imaging data and measure neuronal biomarkers for in vivo monitoring of 

retinal diseases. The presented automatic frameworks have comparable performance to 

human experts in detecting brain neurons and retinal GCs, which is important in the long-

term goal to facilitate the monitoring of microscopic structures of the CNS through 

optimal quantification tools. 
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1. Introduction 

1.1 Motivation 

Understanding how neuronal activities drive cognition and behavior and how 

functionality is impaired during the diseased states are among the greatest challenges in 

neuroscience. The underlying biological basis of many normal and impaired functional 

processes is still unknown due to the complexity of the central nervous system. To add 

new knowledge to the field, minimally invasive recording techniques with single cell 

resolution are critical. Optical recording techniques allow high resolution imaging of 

neurons in the central nervous system, e.g. the brain and retina.  

Currently neuroscientists are using the combination of optical recording 

techniques and genetically encoded calcium indicators (GECIs) to image neuronal 

activities with high spatiotemporal resolution in animal brains. Beyond recording 

neuronal activity, precise mapping of different neuron populations’ contribution to 

circuit-level brain activity and behavior can be achieved by utilizing optogenetic tools [1]. 

Most published optogenetic experiments in behaving animals, especially those with 

simultaneous optical neuronal readout, don’t receive real-time feedback from the 

recordings to guide the stimulation hardware [1-3]. Full realization of an all optical closed 

loop optogenetic experiment has been impeded due to the lack of fast and accurate 

computational frameworks that can drive the optical components of the system. Thus, to 

fully understand how stimuli are transmitted among neurons by real-time optical 

manipulations, we need image and signal processing algorithms with high accuracy, 

precision, and speed in parsing neuronal activities. Other types of experiments may also 
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benefit from fast data processing frameworks. For example, single day experimental 

paradigms that are a series of behavioral sessions interleaved with rest sessions will have 

the opportunity to plan or modify the following behavioral session based on the results 

of the current session. This opportunity can be provided only if the processing 

frameworks yield the required numerical results within the rest session, which typically 

last for minutes. 

Optical imaging systems can monitor neuronal activities from hundreds to 

thousands of neurons. Recording this amount of information in behavioral experiments 

that typically last about tens of minutes, result in gigabytes of data. To extract neuronal 

activity traces, regions of interest (ROIs) corresponding to neuron somas need to be 

identified. ROI segmentation from this amount of data is challenging, especially if it is 

done manually. Additionally, optical recording of neuronal activity with GECIs suffers 

from limited temporal resolution due to the slow dynamics of the indicator. Thus, accurate 

spike detection algorithms are needed to infer action potentials from these traces.  

Current processing methods for calcium imaging data can be categorized into 

three groups: 1) Methods that infer spike trains from neuronal traces assuming known 

spatial maps of neurons (e.g., determined manually) [4-12], 2) methods that segment 

neurons by processing a summary image that aggregates temporal information (e.g., the 

mean image) [13], and 3) methods that jointly segment neurons and infer spike trains [14-

20]. 
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In terms of spike time estimation, closely timed action potential evoked 

fluorescence transients accumulate, making the detection of individual spikes a challenge. 

Over the past years, several groups have tackled the problem of spike train extraction or 

firing rate inference from the observed fluorescence signals. However, there is a lack of 

theoretical analysis on the resolution limit of resolving two closely timed fluorescence 

traces. Such analysis could aid in future spike detection methods and serve as a reference 

for evaluating the capability of computational methods in detecting closely timed action 

potentials.  

From the three groups of processing methods, methods from the third group are 

superior because they exploit the full spatiotemporal information in the data. Based on 

the high temporal correlation between pixels belonging to an individual neuron, 

Mukamel et al. [14] proposed an independent component analysis (ICA) based method to 

segment neurons. However, this method will fail in large field-of-view recordings where 

spatially distant neurons can have high temporal correlations. Pnevmatikakis et al. [16] 

proposed constrained matrix factorization (CNMF) to simultaneously segment neurons 

and deconvolve their temporal traces. Compared to ICA, this method is more robust in 

low signal-to-noise ratio (SNR) cases [16], but is highly sensitive to initialization. Both 

methods have the disadvantages of requiring the entire data to be available and take hours 

to converge. These methods also require determining the number of neurons (N) prior to 

the analysis, which is unknown in general. Underestimating N will result in missing 

neurons, and overestimation of N will falsely detect non-neural structures as neurons. 
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Therefore, these methods require human evaluation or automated post-processing 

pipelines to validate the end results. These drawbacks make such methods unsuitable for 

experiments that require fast data processing frameworks such as conditional stimulation 

based on real-time readout of neural activity. 

Taking advantage of online dictionary learning, Giovannucci et al. introduced 

OnACID [19], which processes the video as it becomes available and does not require N 

to be determined beforehand. More recently, Giovannucci et al. [18] have improved the 

scalability of CNMF and extended OnACID with new initialization methods and a 

convolutional neural network (CNN), referred to as CaImAn Batch and CaImAn Online, 

respectively. These improvements have increased the processing speed, however, as we 

will show in chapter 3, there is a gap between human-level and the methods’ 

performances. 

Shifting the focus from the brain to the retina, successful diagnosis, prognosis, and 

treatment of many retinal neurodegenerative diseases, including glaucoma, Parkinson’s 

disease, and Alzheimer’s disease depend on the visualization of microscopic retinal 

structures. The incorporation of adaptive optics (AO) with the high-resolution optical 

coherence tomography (OCT) allows volumetric visualization of the retina at cellular 

resolution. In glaucoma, the second leading cause of blindness worldwide [21, 22], the loss 

of retinal ganglion cells (GCs) is directly associated with the loss of the visual field [23]. 

Recently, GC layer somas have been visualized with AO-OCT systems [24, 25]. Currently, 

manual marking of AO-OCT volumes is the standard approach for quantifying the GC 
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population, which is subjective, time consuming, and not practical for large-scale studies 

and clinical use. Thus, there is a critical need for an automated, high throughput GC 

detection and sizing algorithm from AO-OCT volumes. 

In this dissertation, in addition to presenting statistical and information-theoretic 

analysis tools for neuronal fluorescence traces, automatic methods for rapid and high 

throughput segmentation of neuronal images were developed. Our computational 

frameworks will aid in new discoveries in basic neuroscience, such as adaptation, 

plasticity, and neural state changes, or clinically relevant illnesses. More specifically, due 

to the computational speed of our proposed frameworks, it will facilitate all optical, 

closed-loop optogenetic experiments where rapid parsing of neuronal activity is needed. 

Additionally, the developed frameworks will aid in repeatable measures of retinal GCs and 

thus, improve retinal neurodegenerative care and potentially facilitate treatment 

strategies 

1.2 Innovation 

The developed frameworks in this dissertation are innovative in approach. We 

have built upon modern information theory and machine learning methods to accurately 

convert optical recordings of the brain and the retina into desired quantitative features. In 

the context of in vivo two-photon microscopy studies, the frameworks are innovative in 

that they rapidly parse neuronal activity based on learned features with little dependence 

on recent information, allowing for closed-loop, simultaneous optical recording and 

manipulation experiments. By taking advantage of supervised learning techniques, we 
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developed generalizable calcium imaging data analysis frameworks without the need for 

excessive parameter tuning per recorded data.  

On another front, the frameworks developed in this dissertation are innovative 

with respect to combining the advanced retinal imaging modality of AO-OCT with novel 

deep learning techniques to accurately quantify morphological properties of retinal 

neurons. Aside from novelty in application, the proposed deep learning-based methods 

are innovative in network architecture and the CNN for GC segmentation is innovative 

in that it segments individual GC somas using weakly-supervised training, requiring 

significantly less human input for the training process. Our GC soma segmentation 

framework is the first fully automatic approach for volumetric processing of AO-OCT 

images, leading to a shift in clinical and research practice in the future. 
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2. Fundamental Limits in Resolving Neural Spikes in Two-

photon Calcium Imaging Recordings 

Although optical imaging of neurons using fluorescent genetically encoded 

calcium sensors has enabled large-scale in vivo experiments, the sensors’ slow dynamics 

often blur closely timed action potentials into indistinguishable transients. While several 

previous approaches have been proposed to estimate the timing of individual spikes, they 

have overlooked the important problem of estimating inter-spike-interval (ISI) for 

overlapping transients. The purpose of this chapter was to quantify the resolution limits 

of detecting closely timed fluorescent transients using statistical and information theoretic 

tools. The methods developed in this chapter were published in IEEE Transactions of 

Biomedical Engineering under the title “Information-theoretic approach and fundamental 

limits of resolving two closely timed neuronal spikes in mouse brain calcium imaging” 

[26], and presented at the Biomedical Engineering Society annual meeting under the title 

“Statistical analysis and performance limits of inter-spike interval estimation in calcium 

imaging”. Thus, the content of this chapter (text, figures, tables, and equations) were 

mainly reproduced from these publications. 

2.1 Introduction  

Recent advances in optical microscopy and genetically encoded calcium indicators 

(GECIs) have increased the use of these tools in large scale in vivo recording of neuronal 

populations [2, 27, 28]. Accurate extraction of neuronal activities from the optical 

recordings is expected to give insight into how neuronal circuitry process information. 
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Therefore, to fully understand how stimuli are processed and transmitted among 

neurons, spike extraction approaches with high accuracy and precision are needed. 

However, during periods of rapid activity, closely timed AP induced fluorescence 

transients accumulate, making the detection and separation of individual spikes a 

challenge (Figure 1(a)). 

Over the past years, several groups have tackled the problem of firing rate 

inference or spike train extraction from the observed fluorescence signals. Methods that 

estimate firing rate or spiking probabilities include fast nonnegative deconvolution [29], 

supervised learning with probabilistic models [30], and the Markov Chain Monte-Carlo 

methods [31]. Methods that estimate spike trains include nonnegative deconvolution [16], 

sparsity-based reconstruction [32-35], template matching [8, 36, 37], finite rate of 

innovation [6, 38], and Bayesian methods [4].  

Several of these past studies behave well in reconstructing neuronal bursting 

activities [30, 33-35, 38]. However, few of these studies have conducted theoretical 

performance limit analysis. Such analysis can aid in resolving experimental design issues 

for optimal spike detectability, such as sensor kinetics, recording speed, and photon 

counts [37]. Among the above-mentioned studies, only [37] and [38] have compared their 

single spike time estimation method with the optimal performance of any unbiased 

estimator through the Chapman-Robbins and Cramer-Rao lower bounds (CRB), 

respectively. 
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Figure 1: Closely timed AP induced fluorescence transients accumulate, 

making the detection of individual spikes a challenge. Simultaneous optical and 

electrical recording from a neuron. Red markers show spike times. (b) Illustration of 

the null hypothesis with one AP-induced signal (top), and the alternative hypothesis 

of two closely timed fluorescence signals with sub-second ISI (bottom). Figure taken 

from [26]. © [2018] IEEE 

Here we extend the application of previous studies [37, 38] which considered only 

isolated spikes, by investigating the case of temporally overlapping waveforms. In 

parallel to other computational spike extraction methods, we quantify 1) resolution from 

the statistical point-of-view and 2) the theoretical bound on the precision of estimating the 

ISI. Our work is based on the statistical and information theoretic tools developed in the 

past two decades for estimating the fundamental resolution of optical systems [39-43]. As 

the symmetric point spread function (PSF) considered in the numerical results of these 
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optically oriented papers does not match our problem, we extend this framework for the 

ISI estimation and study possible consequences of asymmetric waveforms.  

Experiments based on simulated and real data across different SNR levels and 

recording speeds showed that our algorithms can accurately distinguish two fluorescence 

signals with ISI on the order of tens of milliseconds, shorter than the waveform’s rise time. 

Our study showed that the statistically optimal ISI estimators closely approached the 

CRBs. Such analysis aids not only in future spike detection methods, but also in future 

experimental design when choosing sensors of neuronal activity. 

2.2 Methods 

2.2.1 Action Potential Evoked Fluorescence Signal Model 

In response to an AP, the intracellular calcium concentration rises rapidly, which 

is followed by a slow decay to its baseline value [44]. As validated by experiments in [45], 

we assume that the measured fluorescence signal is linearly related to the intracellular 

calcium concentration. Given samples at time points tk (k = 1, 2 ..., K), the mean fluorescence 

signal generated in response to a single AP at time t = 0 with normalized peak amplitude 

θ0 = A is expressed as [36] 

where the change in the fluorescence signal is modeled as 

 

In Eq. 1, F0 is the baseline photon rate due to the neuron’s resting state fluorescence, auto-

fluorescence from cellular structures, and fluorescence from the extracellular space. In Eq. 

s0 (tk; θ0) = AF0 h(tk) + F0,  (1) 

h(tk) = a (1 – exp(-tk/τon)) exp (-tk/τd) u(tk). (2) 
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2, u(tk) is the unit step function, a is a normalization factor, and τon and τd are known rise 

and decay time constants, respectively. Assuming the optical technique used for 

measurement has negligible read out noise, the recordings are photon shot noise limited. 

Therefore, the K-element measurement vector y is distributed according to Poisson 

statistics with a time-varying mean s0 (tk; θ0). 

2.2.2 Statistical Analysis of Resolution 

We test the hypothesis of whether one or two spikes are present at an observation 

window of length K points, as illustrated in Figure 1(b). The null hypothesis H0 denotes 

the case where there is one spike present as described in the previous section. The 

alternative hypothesis H1 refers to the case where we have two spikes with ISI ≠ 0. The 

peak amplitude of the signal generated by the two spikes in H1 should be comparable to 

the peak amplitude of a single spike under the H0 hypothesis. Thus, in the case where the 

neuron spikes twice at times d1 and −d2 (ISI = d1 + d2 = d) with normalized peak amplitudes 

α and β (where A = α + β), we define the accumulated mean signal as 

 

where θ1 = [d1 , d2 , α, β] is the parameter vector defining the signal. 

The probability distribution of the set of photon measurements y under Hj (j ∈ [0, 

1]) is then modelled as 

 

 

s1 (tk; θ1) = αF0h (tk − d1) + βF0h (tk + d2) + F0, (3) 

𝑝(𝑦|𝐻𝑗) = ∏ Poisson (𝑠𝑗(𝑡𝑘; 𝜽𝑗)) = ∏ exp (−𝑠𝑗(𝑡𝑘; 𝜽𝑗))
𝑠𝑗

𝑦(𝑡𝑘)
(𝑡𝑘; 𝜽𝑗)

𝑦(𝑡𝑘)!
.

𝐾

𝑘=1

𝐾

𝑘=1

  (4) 
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The Log-likelihood Ratio Test (LRT) can be used to choose between the two hypotheses 

[46] for a given set of measurements: 

For any given dataset, H1 is selected as the more likely hypothesis if the log-likelihood 

ratio exceeds a predefined threshold. The choice of threshold depends on the desirable 

value for the probability of detection, PD, or the tolerable value for the probability of false 

positive, PF [46]. 

Parameters (τon, τd, and F0) for a specific calcium probe in a biological system can 

be systematically characterized and thus are assumed to be known quantities. However, 

the model parameters ([θ0, θ1]) in the above LRT are unknown in general. To address this 

composite hypothesis problem, we use the Generalized Likelihood Ratio Test (GLRT) to 

simultaneously assess the existence of two spikes and estimate the ISI between them. 

GLRT uses the maximum likelihood (ML) estimates of the unknown parameters to form 

the Neyman-Pearson detector [46]. The ML estimates of the unknown parameters in θj are 

found by maximizing the log-likelihood function of the data under Hj (j ∈ [0, 1]). 

 

where we have kept only the parameter dependent parts. We numerically solve the above 

nonlinear maximization problem using MATLAB’s optimization toolbox. Note that 

without loss of generality, we have set the single spike model characterized in Eq. 1 to 

start at t = 0. In the case of aiming to detect the timing of single spikes, modifying the 

𝐿(𝒚) = ln (
𝑝(𝒚|𝐻1)

𝑝(𝒚|𝐻0)
) = ∑ 𝑦(𝑡𝑘) ln (

𝑠1(𝑡𝑘; 𝜽𝟏)

𝑠0(𝑡𝑘; 𝜃0)
) − ∑(𝑠1(𝑡𝑘; 𝜽𝟏) − 𝑠0(𝑡𝑘; 𝜃0))

𝐾

𝑘=1

𝐾

𝑘=1

 (5) 

𝜃𝑗 = argmax
𝜃𝑗

[ln(𝑝(𝒚|𝐻𝑗))] = argmax
𝜃𝑗

∑ [𝑦(𝑡𝑘) ln (𝑠𝑗(𝑡𝑘; 𝜽𝒋)) − 𝑠𝑗(𝑡𝑘; 𝜽𝒋)]

𝐾

𝑘=1

, (6) 
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signal model in Eq. 2 to include the unknown time shift and using this model in the 

maximum likelihood equation will solve the problem. Before addressing the general case 

of detecting spikes with fully unknown parameters, we consider the more intuitive case 

of detecting spikes with known amplitudes, as in [41]. 

2.2.2.1 Spikes with known amplitudes 

The hypotheses for differentiating the case of one large spike starting at the test 

origin (defined as time zero), versus the case of two smaller amplitude spikes located 

around the test origin are expressed as 

 

 

Note that while the amplitudes (α, β) are assumed to be known, their values can be equal 

or different. Also, the spikes in the H1 case can be symmetrically (d1 = d2 = d/2) or 

asymmetrically (d1 ≠ d2) distributed around the test origin. 

The minimum detectable distance between two spikes that can be distinguished 

from a single spike is modified by how the time origin of the test is defined. Conceptually, 

the most challenging problem set up has high temporal overlap between s1 (tk; θ1) and s0 

(tk). Numerically, such a set up can be attained by finding the maximum point of cross-

correlation between s1 (tk; θ1) and s0 (tk) [41]. This setup, using the Taylor expansion, then 

defines the test time origin 𝜏 as  

             𝐻0: 𝑠0(𝑡𝑘) = (𝛼 + 𝛽)𝐹0ℎ(𝑡𝑘) + 𝐹0, (7) 

𝐻1: 𝑠1(𝑡𝑘; 𝜽𝟏) = 𝛼𝐹0ℎ(𝑡𝑘 − 𝑑1) + 𝛽𝐹0ℎ(𝑡𝑘 + 𝑑2) + 𝐹0, 

                          𝜽𝟏 = [𝑑1, 𝑑2]. 

(8) 
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Therefore, fixing the location of the test origin to 𝜏 = 0 leads to 𝛼𝑑1 = 𝛽𝑑2, or equivalently, 

 

This suggests that, for α = β, the “best” (i.e. most challenging) location to carry out the 

hypothesis test is in the middle of the two transients and for α ≠ β, the point should be 

closer to the larger signal. The condition of whether the spikes are symmetrically or 

asymmetrically located around the test origin is studied to investigate the effect of 

defining the test origin, or equivalently the H0 hypothesis, in quantifying the resolution 

limit. 

2.2.2.2 Spikes with random amplitudes 

Calcium ion influx through calcium channels and calcium binding to the sensor 

are stochastic processes that can lead to variations in the calcium signal response and thus, 

the fluorescence signal. Therefore, the signal peak value of a single spike can change from 

time to time and even drastically from one neuron to another. To encompass these 

variabilities, we consider the more general case of differentiating spikes with unknown 

intensities, by treating the peak amplitudes as random variables. The H0 hypothesis is 

described by Eq. 1, and the H1 hypothesis under the condition in Eq. 10 is expressed as 

This is a generalization of the previous work, in which the amplitudes of unknown signals 

were assumed to be deterministic [41]. Since a Bayesian hypothesis testing approach to 

|𝜏| =
𝛼𝑑1 − 𝛽𝑑2

𝛼 + 𝛽
. (9) 

𝑑1 =
𝛽

𝛼 + 𝛽
𝑑  𝑎𝑛𝑑  𝑑2 =

𝛼

𝛼 + 𝛽
𝑑. (10) 

𝐻1: 𝑠1(𝑡𝑘; 𝜽𝟏) = 𝛼𝐹0ℎ(𝑡𝑘 − 𝑑1) + 𝛽𝐹0ℎ(𝑡𝑘 + 𝑑2) + 𝐹0, 

            𝜽𝟏 = [𝑑, 𝛼, 𝛽]. 

(11) 
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combine observation data and a priori information about the peak amplitude distribution 

involves integrations that are not analytically solvable, we used the GLRT based 

conditional ML estimation technique [47]. We incorporate the prior information in 

quantifying the performance of the detector through computing the expected value of PD 

(and PF) over p(α, β), the joint probability distribution of the amplitudes [47]. 

The prior probability distribution of the single spike amplitude has not been 

previously investigated. Therefore, we set to find the best probability model from a set of 

measurements.  

2.2.3 Extraction of Single and Double AP Evoked Fluorescence 

Transients 

We used the publicly available experimental dataset, provided by the Svoboda lab 

[45] as reference. The dataset contains simultaneous optical imaging and loose-seal cell-

attached recording of nine GCaMP6s and eleven GCaMP6f (types of GECIs) expressing 

neurons. We extract single AP induced transients to find the best probability model for 

peak fluorescence response. The outline of the processing steps is highlighted in Figure 2. 

First, we identify single fluorescence transients using the electrophysiological data and 

extract them from the optical recordings. To ensure accurate estimation of single AP 

evoked fluorescence peak values, we discard spikes with ISI values less than twice the 

fluorescence half decay time constant (2τ1/2, approximately 1s for GCaMP6s and 0.3 s for 

GCaMP6f [45]). We also discard cases with high neuropil contamination. Second, the 

background signal F0 for each spike is calculated by averaging the baseline near the onset 
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time in periods with no neuronal activity. Next, we use a two-step nonlinear least square 

procedure to fit a double exponential model as in Eq. 2 to the extracted spike transients. 

The least square curve fitting method finds the best fit of the model to the data, yi, by 

minimizing 

 

where f is the set of estimated values and σi2 is the standard deviation (std) of each data 

point [48]. Since the data has Poisson statistics, in the first step, we use the data itself as 

an estimate of σi2. We repeat the fitting for a second time to reduce the overemphasis of 

data points with lower variance [49]. In this step, we use the fitted values, fi, as the 

estimates of σi2. Lastly, we evaluate the goodness of fit by calculating the p-value 

associated with the final χ2 value. Signals that have a poor fit (p-value < 0.05) to the model, 

are discarded from further analysis. 

 

Figure 2: Overview of the single spike waveform extraction and curve fitting 

for characterizing the prior probability model.  

We use the fitted results to obtain the distribution of normalized peak values for 

each neuron. We test fifteen different one-sided distributions listed in Table 1 on all 

neurons separately. We determine the best distribution model among all neurons using a 

two-step procedure. First, for each neuron, we calculate the ML estimates of each model’s 

parameters. We then use Pearson’s χ2 goodness of fit test for each fitted model. Models 

Extract spikes 
with ISI > 2τ1/2

Extract baseline 
fluorescence 

values

Two step non-
linear least-

squares fitting

Reject fits with 
p-value < 0.05

𝜒2 =  ∑ (𝑦𝑖 − 𝑓𝑖)
2 𝜎𝑖

2⁄

𝑛

𝑖=1

, (12) 
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that result in p-values<0.05 are discarded from the set of possible probability models. In 

the second step, we choose the best probability model among the remaining models using 

the Akaike Information Criterion (AIC), defined as [50] 

where 𝜽̂ is the ML estimates of the model’s k parameters based on the observations, x. For 

a single dataset, the model resulting in the smallest AIC score is the best model that 

represents the data [50]. We select the probability model with the lowest sum of AIC score 

across all neurons as the model that best describes the dataset (among the considered 

models). 

Table 1: List of one-sided distributions used in model fitting.  Table taken 

from [26]. © [2018] IEEE 

# Distribution Name # Distribution Name 

1 Rayleigh 9 Log-Normal 

2 Birnbaum-Saunders 10 Nakagami 

3 Extreme Value 11 Normal 

4 Gamma 12 Rician 

5 Half Normal 13 Weibull 

6 Inverse Gaussian 14 Burr 

7 Logistic 15 T Location Scale 

8 Log-Logistic   

 

We also extract visually indistinguishable double spike cases to demonstrate the 

detection performance of our framework on experimentally obtained data. Double spike 

signals are defined as cases with two closely-timed spikes without any other spike 

occurring within 2τ1/2 time interval around them. Further, we discarded cases in which 

the two spikes were visually distinguishable. We centered the two spike signals such that 

AIC =  −2ln(𝑓(𝑥|𝜽̂) + 2𝑘, (13) 
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time t = 0 is in the middle of the two waveforms. Examples of one and two spike signals 

are illustrated in Figure 1(a). 

2.2.4 The Cramer-Rao Lower Bound 

In this section, we utilize the Cramer-Rao based lower bounds as reference to 

study the limits of attainable precision in the estimation of the AP evoked fluorescence 

transient peak amplitudes and ISI under H1 hypothesis. The covariance matrix C of any 

unbiased estimator of the p-parameter vector θ1 is a p × p matrix that satisfies [51] 

 

where IF is the p × p Fisher information matrix. The elements of IF for data with Poisson 

statistics are calculated as 

 

 

In the following sections, the CRBs for estimating ISI, α, and β are derived for the 

problems described in sections 2.2.2.1 Spikes with known amplitudesand 2.2.2.2 Spikes 

with random amplitudes. 

2.2.4.1 CRB for known amplitude signals 

For this case, under the assumption of Eq. 10, the only unknown parameter is d. 

Therefore, the Fisher information matrix reduces to a scalar calculated as 

𝐂𝜃̂1
≥ 𝐈𝐹

−1, (14) 

𝐈𝐹𝑖𝑗
= −E {

𝜕
2

𝑝(𝒚; 𝜽1)

𝜕𝜽1𝑖𝜕𝜽1𝑗
} = ∑

1

𝑠1(𝑡𝑘; 𝜽1)

𝜕𝑠1(𝑡𝑘; 𝜽1)

𝜕𝜽1𝑖

𝜕𝑠1(𝑡𝑘; 𝜽1)

𝜕𝜽1𝑗
.

𝐾

𝑘=1

 (15) 

𝐈𝐹 = −E {
𝜕2𝑝(𝒚; 𝑑)

𝜕𝑑2
} = ∑

1

𝑠1(𝑡𝑘; 𝑑)
(

𝜕𝑠1(𝑡𝑘; 𝑑)

𝜕𝑑
)

2

.

𝐾

𝑘=1

 (16) 
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Thus, the lower bound for the unbiased estimation of d is var(𝑑̂) ≥ 𝐼𝐹
−1. We refer to 

Appendix A for the full derivation of the above quantity. 

2.2.4.2 Hybrid CRB for random amplitude signals 

To address the more challenging case of random spike amplitudes combined with 

unknown deterministic ISI, we estimate the unknown parameters through a joint ML and 

maximum a posteriori (MAP) estimator. This optimization problem involves the 

simultaneous ML estimation of ISI (or d) and MAP estimation of the normalized peak 

amplitudes [47] (α and β): 

where 𝑝𝛼,𝛽|𝑑(𝛼, 𝛽|𝑑) is the conditional joint prior distribution of the amplitudes. For this 

hybrid problem, we utilize the more general Hybrid CRB (HCRB) [47] method, which is 

defined as 

 

IH is called the Hybrid information matrix, which defines the lower limit on the mean 

square error (MSE) of any estimator. It is a 3×3 matrix for the problem in section 2.2.2.2 

Spikes with random amplitudes (𝜽1 = [𝑑, 𝛼, 𝛽]), expressed as the sum  

 

where 

 

and 

𝜃1 = [

𝑑̂𝑀𝐿

𝛼̂𝑀𝐴𝑃

𝛽̂𝑀𝐴𝑃

] = argmax
𝑑,𝛼,𝛽

[ln 𝑝𝑦|𝜃1
(𝑦|𝜃1) + ln 𝑝𝛼,𝛽|𝑑(𝛼, 𝛽|𝑑)] , (17) 

HCRB ≥ 𝐈𝐻
−1, (18) 

𝐈𝐻 = 𝐈𝐷 + 𝐈𝑃 , (19) 

𝐈𝐷(𝑑) = E𝜃𝑟|𝑑[𝐈𝐹(𝑑, 𝜃𝑟)], (20) 
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The elements of the Fisher information matrix are calculated according to Eq. 15, in which 

the derivatives of the mean signal s1(tk; θ1) relative to the amplitudes are derived in 

Appendix A. To attain ID, we calculate the expectation of IF with respect to α and β. Note 

that the amplitudes of the two spikes are independent and identically distributed (i.i.d) 

random variables and independent from d, i.e. p(α, β|d) = p(α)p(β). This integral is 

numerically solved using MATLAB. IP on the other hand, can be attained analytically, 

which is derived in section 2.3.3 Prior Knowledge about Signal Amplitudes Yields 

Theoretically Equal ISI Estimation Performance to the Known Case based on the best 

model match for the prior distribution of α and β. 

2.3 Results 

Numerical analysis of the minimum detectable ISI and the CRBs through 

biologically plausible simulations and using experimental data are presented in this 

section. Our simulations are parameterized based on the experimental results in [5, 45] for 

two different calcium sensors: GCaMP6s and GCaMP6f. Since multiple existing scanning 

techniques have different imaging speeds, we consider multiple frame rates (fs) in our 

simulations as well. Acousto-optical deflector (AOD) based two-photon microscopes have 

allowed high speed imaging of neuronal activities up to 500 Hz [5], enabling millisecond 

precision spike time estimations. Resonant scanning methods are more widely used, 

𝐈𝑃𝑖𝑗
= −E𝜃𝑟|𝑑[

𝜕2 ln 𝑝(𝜃𝑟|𝑑)

𝜕𝜽𝑟𝑖𝜕𝜽𝑟𝑗

], 

𝜃𝑟 = [𝛼, 𝛽]. 

(21) 



21 

achieving 30 Hz for a 512×512 pixels field-of-view, or 60 Hz for a smaller area such that 

the laser dwell time per neuron is approximately kept the same. Without loss of 

generality, we consider the case in which the dwell time per neuron is constant across 

different recording speeds for the comparison between their resolution limits and 

theoretical lower bounds. Table 2 lists the values of parameters used in the simulations. 

We determine the dwell time by considering a 15 µm diameter neuron imaged by systems 

with 1 µm pixel size. 

Table 2: List of values used for the known parameters in simulation test. Table 

taken from [26]. © [2018] IEEE 

Parameter GCaMP6s GCaMP6f 

τon 72 ms [45] 18 ms [45] 

τd 793.5 ms [45] 204.9 ms [45] 

fs 500 Hz (AOD),  

60 Hz and 30 Hz 

(Resonant) 

500 Hz (AOD),  

60 Hz and 30 Hz 

(Resonant) 

Dwell time 25 µs 25 µs 

 

2.3.1 The Gamma Distribution Characterizes the Peak Amplitude 

The data extraction pipeline described in section 2.2.3 Extraction of Single and 

Double AP Evoked Fluorescence Transientsresulted in n = 44, 10, 13, 51, 48, 30, 61, 10, and 

13 waveforms per GCaMP6s labeled neurons and n = 100, 63, 88, 39, 14, 60, 99, 283, 54, 38, 

and 93 waveforms per GCaMP6f labeled neurons. The χ2 test eliminated distribution 

numbers 1, 10, 11, 12, 13, 14, and 15 for GCaMP6s neurons and 1, 2, 3, 5, 6, 8, 9, and 15 for 

GCamp6f neurons from Table 1. Among remaining models, the Gamma distribution 
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resulted in the minimum sum of AIC score for both calcium sensors. The Gamma 

probability distribution with parameters k and c is defined as [52]  

where Г(k) is the gamma function with argument k. The mean and variance of this 

distribution are kc and kc2, respectively [52]. 

Similar to previous calcium imaging studies [5], we define signal-to-noise ratio 

(SNR) as  

where ΔF is the change in fluorescence of one AP evoked calcium transient at its peak 

amplitude, equal to AF0 in Eq. 1. Noting that the mean and variance of the Gamma 

distribution are dependent, we carry out simulations with different levels of SNR by fixing 

k and c (thus fixing the mean and variance) while changing the baseline photon rate F0. 

Based on the mean and standard deviation of ΔF/F values from all neurons in each dataset, 

we selected the mean and standard deviation of both sensors’ ΔF/F prior distributions as 

listed in Table 3. To be consistent in simulations between the known and unknown 

amplitude cases, we carried out the simulations related to section 2.2.2.1 Spikes with 

known amplitudes with α + β = 0.46 for GCaMP6s and α + β = 0.38 for GCaMP6f. 

Table 3: List of chosen mean and standard deviations for prior distributions.  

Parameter GCaMP6s GCaMP6f 

Mean 0.23 0.19 
Std 0.03 0.06 

𝑓(𝑥; 𝑘, 𝑐) =
𝑐−𝑘𝑥𝑘−1 exp (−

𝑥
𝑐

)

Γ(𝑘)
, 𝑥 > 0 (22) 

SNR = (
Δ𝐹

𝐹0
) √𝐹0, (23) 
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2.3.2 The Detector Distinguishes Two Fluorescence Transients with ISI 

on the Order of Tens of Milliseconds 

2.3.2.1 Performance characterized through data simulation 

Due to the asymmetry of the transients, ISI values greater than trise (the time when 

the fluorescence transient h(t) reaches its maximum) result in visually distinguishable 

transients. Therefore, we are interested in the range of values ISI < trise. For the bi-

exponential model described in Eq. 2 and according to GCaMP6s parameters in Table 2: 

 

Numerical evaluation of the smallest detectable ISI depends on the selection of PD 

and PF. We set the number of false positives to be equal to the number of misses, relating 

PF and PD through 

 

where p(H1) is the probability of the H1 hypothesis. Assuming a Gamma distribution for 

ISI values [53], p(H1) is the probability of ISI < trise, calculated by 

 

were the Gamma distribution is defined in Eq. 22. We determined the parameters k and c 

using the dataset from section 2.2.3 Extraction of Single and Double AP Evoked 

Fluorescence Transients. Since this dataset was obtained from anesthetized mice (which 

include very large ISIs not observed in awake state), we used only ISI values less than 1 

ms for estimating biologically plausible values for the Gamma distribution in awake mice. 

Fitting Gamma distributions to the ISI values of individual neurons, we estimated a mean 

trise = 𝜏𝑜𝑛 ln (1 +
𝜏𝑑

𝜏𝑜𝑛
) ≅ 0.2 s. (24) 

𝑃𝐹 =
𝑝(𝐻1)

1 − 𝑝(𝐻1)
(1 − 𝑃𝐷), (25) 

𝑝(𝐻1) = ∫ Gamma(𝑘, 𝑐)𝑑𝑥
0.2

𝑥=0

, (26) 
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value of k = 1 and c = 0.2. Substituting these values in Eq. 26 and considering a high 

detection threshold of PD = 0.99 result in PF = 0.017; the same values of PD and PF are used 

for analyzing the resolution limits of GCaMP6s and GCaMP6f. 

 It is illuminating to see how well the GLRT detector performs compared to the best 

optimal detector (LRT), in which all the parameters are known. Figure 3(a) shows the 

smallest detectable ISI (ISImin) of both sensors for the symmetrically located spikes with 

equal known amplitudes versus SNR for an AOD scanner operating at fs = 500 Hz. The 

results were obtained by generating receiver operating characteristic (ROC) curves from 

2000 Monte-Carlo simulations at each SNR and ISI sampled with 0.5 ms spacing. ISImin 

was determined by the smallest ISI value for which the corresponding ROC curve satisfied 

PD = 0.99 and PF = 0.017. Comparing the two detectors of each sensor, Figure 3(a) suggests 

that GLRT performs very close to the optimal detector. It also shows that we can 

accurately resolve ISI values much smaller than the fluorescence waveforms’ rise times 

(trise ≅ 200 ms and 45 ms for GCaMP6s and GCaMP6f, respectively). At SNR = 3 (SNR = 2) 

for GCaMP6s (GCaMP6f), the detector distinguishes fluorescence waveforms with ISI as 

small as about 60 ms (40 ms). 

Figure 3(b) compares two cases of the known amplitudes, namely, d1 = d2 and αd1 

= βd2, for different combined SNR levels (i.e., sum of the two transients’ SNRs) and 

amplitude ratios between the waveforms. The α ≠ β case gives better detection 

performance under the d1 = d2 condition, suggesting that at a fixed SNR level, we can 

resolve smaller ISIs compared to the equal amplitudes case. This result was also reported 
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in [41] for a symmetric PSF. As explained in section 2.2.2.1 Spikes with known amplitudes, 

for the case of  α ≠ β with d1 = d2, the H0 hypothesis is not located in the most challenging 

distance between two signals of the H1 hypothesis, making the detection problem easier. 

However, when the test is conducted according to Eq. 10 the α ≠ β case is a more 

challenging problem compared to α = β. That is, with the same SNR level, the detector can 

resolve a larger ISI. This result emphasizes the importance of the H0 hypothesis in the 

performance of the detector.  

For the case of unknown amplitudes with prior probability distribution, as 

explained in section 2.2.2.2 Spikes with random amplitudes, the performance of the 

detector is characterized by averaging PD and PF. Since a closed form expression is not 

available for PD and PF relating them to α and β, Monte-Carlo simulation with fs = 500 Hz 

was used to numerically solve the problem. At each SNR value, 200 independent values 

of α and β were drawn from their prior distribution. For each draw at each SNR and ISI 

sampled with 0.5 ms spacing, 2000 simulations were executed, and the results are shown 

in Figure 3(c). Comparing the result of this problem with the known amplitude case, we 

note that the prior knowledge about the amplitudes in the random case has resulted in a 

performance very close to the known case, with the latter slightly outperforming the 

former especially at the low SNR = 2. In all cases, the utilized detector can distinguish the 

presence of two spikes at ISIs much smaller than the fluorescence waveforms’ rise times. 

At the SNR levels of the GCaMP6s and GCaMP6f datasets (SNR = 3 and 2, respectively), 



26 

the detector for the general case of random amplitudes, on average, detects two 

fluorescence waveforms that are about 70 ms and 60 ms apart.  

 

Figure 3: The smallest detectable ISI (ISImin) determined the resolution 

limit. ISImin smaller than the fluorescence waveform’s rise time can be achieved under 

certain experimental conditions. (a) GLRT achieves similar ISImin values to LRT. (b) 

ISImin versus combined SNR and ratio between signal amplitudes for (lower curves) d1 

= d2 and (upper curves) αd1 = βd2. (c) Prior knowledge about the probability 

distribution of randomly distributed amplitudes results in similar detection 

performance to the equal known amplitude case. (d) ISImin calculated for different 

recording speeds. All results (c)-(d) were obtained with 2000 Monte-Carlo simulation 

and at detection performance point of PD = 0.99 and PF = 0.017. Figure adapted from 

[26]. 

We compare the detection performance of different recording speeds under equal 

dwell time and baseline photon emission rates in Figure 3(d). Results from this analysis 

indicate that higher recording speeds can resolve significantly smaller ISI values for both 

calcium sensors at low photon emission rates. Nonetheless, experimentalists equipped 
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with a conventional recording system can attain resolution limits smaller than the 

fluorescence waveform’s rise time by imaging a smaller field-of-view and thus, increasing 

dwell time and SNR. Overall, when designing experiments, sensor properties, SNR, and 

frame rate should all be considered to achieve the desirable spike detection performance. 

2.3.2.2 Detector performance on experimental dataset 

We applied the formulated detector under the unknown amplitudes case on the 

experimental data described in section 2.2.3 Extraction of Single and Double AP Evoked 

Fluorescence Transients. The data extraction pipeline resulted in 82 and 258 two spike 

samples for GCaMP6s and GCaMP6f expressing neurons, respectively. In analyzing 

experimental data, the test origin needs to be determined first. This can be done by finding 

the maximum point of cross-correlation between individual signals and s0 (tk). To avoid 

erroneous calculation of the time origin due to noise, we used the true spike times to center 

the extracted signals on t = 0.  

We determined the detection threshold based on a desired value for PF common 

between all SNR values. This can be done because the probability distribution of the log-

likelihood ratio under the H0 hypothesis is independent from the true values of 

parameters defining the model under H0 [27]. As an illustrative example, we performed 

the detection problem by setting PF = 0.3. Figure 4(a) illustrates examples of one and two 

spike fluorescent signals that were either correctly or incorrectly labeled by the detector. 

Fixing the detection threshold at the desired PF level, different theoretical PD values are 

derived from the ROC curves of 2000 simulated data for each different SNR and ISI pair 
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values (Figure 4(b) illustrates the case for GCaMP6f). The detector achieved total detection 

rates of 0.74 and 0.87 for GCaMP6s and GCaMP6f datasets, respectively. It also resulted 

0.26 in (GCaMP6s) and 0.37 (GCaMP6f) total false positive rates, which are approximately 

the expected values from setting PF  = 0.3. 

To further compare the detector’s expected performance through theoretical 

analysis to the observed performance on experimental data, we took the following steps. 

First, we grouped the two spike data points based on their theoretical PD values (PD,Expected). 

We discretized PD values by rounding to obtain the sample groups. Next, real PD value 

(PD,Real) for each group was calculated as the percentage of samples correctly detected as 

two spikes in each group. We utilized the binomial confidence interval to assess PD,Real 

values [54]. Since the number of samples in each group was relatively small, we used the 

68% confidence interval corresponding to data within one standard deviation of the mean 

to assess whether our detector attained performance close to the theoretically predicted 

performance. Our analysis revealed that the detector’s detection performance on 

experimental data was indeed close to that predicted in theory (Figure 4(c)), as the 

PD,Expected values fall in the confidence intervals of PD,Real. 

2.3.3 Prior Knowledge about Signal Amplitudes Yields Theoretically 

Equal ISI Estimation Performance to the Known Case 

In this subsection, we present the CRB and HCRB for the known and the random 

amplitude cases, respectively. Figure 5(a) illustrates the effect of amplitude ratios on 

CRB1/2 for the α ≠ β case under the two conditions, d1 = d2 and αd1 = βd2, with fixed ISI = 60 
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ms and combined SNR = 8. As the ratio between the amplitudes diverges from one, CRB 

gets larger for the αd1 = βd2 case, whereas it decreases in d1 = d2. This result is similar to the 

result in Figure 3, where we emphasized on the effect of defining the H0 hypothesis. 

 

 

Figure 4: Two spike detection results from the experimental dataset.(a)  

Examples of true positive (TP), false negative (FN), false positive (FP), and true 

negative (TN) from the GCaMP6f dataset. Vertical red lines correspond to spike times 

in the two spike cases. (b) GCaMP6f two spike samples overlaid on heat map of PD 

versus SNR and ISI at a fixed PF. Green and navy circles denote TP and FN samples, 

respectively (n = 258 samples). The detector obtained 0.87 TP rate and 0.37 FP rate. (c) 

The detector approximately achieves the expected performance calculated through 

theoretical analysis. Error bars indicate 68% confidence intervals. Gray shaded areas 

denote discretized intervals. Number of samples in each interval is written along the 

corresponding interval. All results are obtained at fixed PF = 0.3. Figure taken from 

[26]. © [2018] IEEE 
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Figure 5: Lower bounds on ISI estimation at fs = 500 Hz for GCaMP6s and 

GCaMP6f. (a) CRB1/2 for two cases of known and unequal amplitudes versus the 

amplitude ratio at combined SNR = 8 and ISI = 60 ms. Estimating ISI from two 

unequally bright transients that are symmetrically located around the test origin gives 

better precision.  (b) CRB1/2 and HCRB1/2   for the case of known and random 

amplitude cases, respectively, versus (left) ISI at combined SNR = 8, and (right) SNR 

at ISI = 60 ms (αd1 = βd2). An optimized ISI estimator with a random but known prior 

distribution about the amplitudes asymptotically performs similar to an optimized 

unbiased estimator of ISI with known α = β. Figure adapted from [26]. 

We complete the derivation of the HCRB described in section 2.2.4.2 Hybrid CRB 

for random amplitude signals by calculating IP according to Eq. 21. Based on the i.i.d 

assumption of α and β, and their independence from ISI, only the second and third 

diagonal elements of IP corresponding to α and β are none-zero and equal. Referring that 

α, β ~ Gamma(k, c), these two elements are derived as 
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Note that 

 

 with the probability distribution function defined as 

 

 

The mean and variance of this distribution are 𝑐−1 (𝑘 − 1)⁄  (for k>1) and c-2/[(k – 1)2(k-2)]  

(for k>2), respectively [52]. Thus, we arrive at  
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We compare the HCRB1/2 with CRB1/2 of the known and equal amplitude case at combined 

SNR = 8 and ISI = 60 ms in Figure 5(b); The two bounds are nearly identical (mean ± std 

difference of 0.2 ± 0.05 ms and 0.24 ± 0.04 ms (right) and 0.05 ± 0.07 ms and 0.05 ± 0.09 ms 

(left) for GCamp6s and GCamp6f, respectively). We thus conclude that an optimized 

unbiased ISI estimator with known α = β asymptotically performs similar to an optimized 

ISI estimator with a random but known prior distribution about the amplitudes. 

𝐈P2,2 = 𝐈𝑃3,3 = −E {
∂2 ln 𝑝(𝛼)

∂α2 } = E {
k − 1

α2 }. (27) 

𝑥 ≜ 1/𝛼~InvGamma(𝑘, 𝑐−1). (28) 

𝑓(𝑥; 𝑘, 𝑐−1) =
𝑐−𝑘𝑥−𝑘−1 exp (−

𝑐−1

𝑥
)

Γ(𝑘)
, x > 0. 

(29) 

𝐈P2,2 = 𝐈𝑃3,3 = −E {
𝑘 − 1

α2 } = (𝑘 − 1) [var (
1

α
) + (E {

1

𝛼
})

2

] =
𝑐−2

𝑘 − 2
. (30) 
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2.3.4 Maximum Likelihood and Maximum a Posteriori Estimators 

Closely Approach the Theoretical Bounds 

In this section, we compare the performance of ML and MAP estimators with their 

corresponding lower bounds. Figure 6(a) and (b) show the comparison of bias and 

standard deviation of ISI estimation for both GECIs (through 5000 Monte-Carlo 

simulations) to the CRB1/2 limit, assuming symmetrically located spikes with known 

amplitudes fixed at combined SNR = 20. Except for very small ISI values in Figure 6(a), 

the results show that the ML estimator is unbiased and its standard deviation is very close 

to the lower limit, emphasizing its ability to achieve the theoretically best possible 

precision. However, for small values of ISI in the 𝛼 = 𝛽 problem, the standard deviation of 

ISI estimations becomes smaller than the lower limit. Note that in the 𝛼 = 𝛽 problem, the 

maximization problem in Eq. 6 has two answers: ISI = d and ISI = -d. The ML estimator 

achieves asymptotic consistency and efficiency under certain conditions; one is that the 

maximum of Eq. 6 should be unique [55]. For large ISI values, where the two peaks are 

relatively far from each other, iterative optimization methods used to numerically solve 

the maximization problem converge to one of the two peaks depending on the starting 

point. Therefore, we may assume a “unique” peak at the local region around either one of 

the maximums where the consistency and efficiency properties hold. However, as ISI gets 

smaller and the precision of estimation decreases, observation noise will deviate the peak 

locations of the log-likelihood function towards ISI = 0. In the presence of such bias, the 

comparison of ML variance to CRB is theoretically invalid. We specify the boundary of 

the valid region for ML and CRB comparison based on the simulation results presented 
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in Figure 7. The histograms of numerically calculated ISI values at combined SNR = 20 

show that for small values of ISI, a discernible peak appears at ISI = 0. This results from 

the estimator being trapped around zero.  

At ISI > 8 ms (GCaMP6s) and ISI > 4 ms (GCaMP6f) the peak at zero becomes less 

prominent peak height becomes smaller than half of the height at true value), reducing 

the bias. Therefore, we determine ISI = 8 ms and 4 ms as the boundary of the valid region 

of ML and CRB comparison for GCaMP6s and GCaMP6f with 500 Hz recording speed, 

respectively. The estimations to the left of these boundaries have considerable bias, 

therefore making the comparison of the standard deviation to the CRB1/2 invalid.  

Figure 8 compares the root-mean-squared error (RMSE) of the GECI parameter 

estimations to the HCRB1/2 limits versus ISI for the case of random amplitudes with αd1 = 

βd2, and combined SNR = 20 and fs = 500 Hz. The results suggest that the simultaneous ML 

and MAP estimation of ISI and the amplitudes achieves very close performance to the 

asymptotic limit, especially for α and β. In the small ISI region, bias in the amplitude 

estimations towards α = β leads to the previous problem of non-unique solution for ISI. 

Therefore, we included the valid boundary as in Figure 6(a) for completeness. The 

comparison of the results on the left of this line to the boundary is not valid. 

Finally, we analyze the information theoretic lower bound for different recording 

systems. Under the equal amplitude case, Figure 6(c) compares the calculated standard 

deviation of ISI estimation through 5000 Monte-Carlo simulations to the lower bounds for 

both calcium sensors at the fixed combined SNR = 20. At the same SNR level, the CRB for 
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ISI estimation using higher recording rates is smaller compared to lower recording rates. 

More importantly, the very high 500 Hz recording speed comes very close to achieving its 

estimation lower bound, as can be seen from the small distance between the calculated 

standard deviation and the theoretical lower bound. 

 

Figure 6: ML estimators nearly achieved the information-theoretic bounds. 

Results obtained from 5000 Monte-Carlo simulations at combined SNR = 20. Standard 

deviation (std) and bias of ISI estimation compared to CBR1/2 for known values of (a) 

α = β and (b) 3α = β with d1 = d2 at fs = 500 Hz. (c) Std of estimating ISI from simulated 

dataset compared to CBR1/2 for the case of equal amplitudes with different recording 

rates. Only valid regions are depicted. Figure adapted from [26]. 
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Figure 7: Histograms of experimentally calculated ISI values in the 𝜶 =

𝜷 known case and combined SNR = 20. Discernible peaks at ISI = 0 introduce large 

bias in the estimation, making the comparison of ML and CRB invalid. At ISI > 8 ms 

(GCamp6s) and ISI > 4 ms (GCaMP6f) the peak at zero becomes less prominent. 

Figure taken from [26]. © [2018] IEEE 

2.4 Discussion 

Calcium sensor kinetics and SNR significantly impact spike detectability and 

precision of spike time estimation [12]. Thus, there is a need for understanding the 

theoretical resolution limits of detecting closely-timed neuronal spikes from fluorescence 

signals. Similar to studies that have shown resolutions beyond the Rayleigh Diffraction 

limit is possible in optical imaging systems [40-43, 56], our work showed that by using the 

statistical approach, attaining resolution finer than the peak time of the indicator is 

possible. While this result was expected from a previous algorithm conducted on OGB-1 
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labeled neurons which assumed uniform calcium spike responses [5], our detector 

achieved equal performance considering randomly distributed calcium responses. The 

latter scenario better matches the true, stochastic response of calcium indicators during 

live animal experiments. The CRB lower bounds on the variance of ISI estimation further 

verified the results of the detection framework. 

 

Figure 8: MAP estimators nearly achieve the information-theoretic 

bounds.(left) ISI and (right) α and β estimations compared to their HCRB1/2, with αd1 = 

βd2 at fs = 500 Hz. Dashed-dot vertical line shows the smallest ISI for which the CRB 

comparison is valid. Figure adapted from [26]. 
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Our detection theoretic framework assumed no definite knowledge about the peak 

value of a single spike, which is beneficial for modeling experiments with no ground truth 

available. This was a particularly challenging case since the peak amplitude of the single 

spike in the H0 hypothesis is comparable to the peak amplitude of the signal generated by 

two spikes in the H1 hypothesis. Thus, a simple decision between H0 and H1 based on 

amplitude alone, especially in low SNRs, cannot provide accurate results. We showed that 

utilizing the signal’s temporal information, as modeled through s0(t; θ0) and s1(t; θ1), 

enabled accurate detection. 

The resolution limits and estimation bounds were estimated based on a set of 

experimentally derived parameters. We determined the detection criteria, i.e. PD and PF, 

by relating them through the prior probabilities of the two hypotheses, which were 

derived using the available dataset with ground truth spike times. The prior probabilities 

derived in our work are applicable to this specific data and need to be recomputed for any 

new experiment. In general, accurate information about the spiking behavior of the 

neurons might not be available. In such events, experimentalists can use any desirable 

values for PD and PF to derive the resolution limits of detecting temporally overlapping 

fluorescence waveforms. A good performing detector is one with very high PD (usually 

above 0.9) and low PF (such as 0.01). In general, a very high PD along with a very low PF 

value will make the detection of two spikes a harder problem, resulting in larger 

resolution limits (i.e. ISImin). 
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Our model was based on Poisson statistics of the signals, which is generally true 

for shot-noise limited recordings. Importantly, we have demonstrated that our formulated 

detector performs as expected on experimentally obtained datasets. However, under 

certain conditions this assumption can be violated. For example, some signal extraction 

methods are based on the weighted average of multiple pixel values, generating signals 

that are not purely Poissonian. Another case is when neuropil contamination is removed 

by subtracting the average pixel values around the neuron soma. Nevertheless, our 

formalism should allow incorporation of other noise models in future work. 

We have assumed linear relationship between calcium dynamics and fluorescence 

response. In general, this relationship is non-linear and sensor saturation occurs at very 

high firing rates. This effect is especially pronounced for past generations of protein 

calcium sensors with high dissociation constant. For the case of GCaMP6 sensors 

considered here, which are currently the best GECIs due to their favorable properties, the 

fluorescence response is linear in the low spike regime [45]. Therefore, the non-linear 

dynamics and saturation assumptions are not necessary for the work presented here, 

which deals with one and two spike cases. 

This work is the first step in the continuum research to utilize detection theoretic 

tools to set the optimal resolution limits for temporally overlapping fluorescence signals. 

Future work will extend the current framework to the more general case of more than two 

spikes. Such analysis should take into account the non-linearity and saturation effect [57, 

58]. 
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3. Active Neuron Segmentation from Two-Photon Calcium 

Imaging Recordings Using Deep Learning  

Automated, fast, and reliable active neuron segmentation from calcium imaging 

recordings is a critical step in the analysis workflow for discovery of neuronal coding 

properties in real-time behavioral studies. The purpose of this chapter was to exploit the 

full spatio-temporal information in two-photon calcium imaging movies for segmenting 

active neurons. The method developed in this chapter was published in the Proceedings of 

National Academy of Sciences under the title “Fast and robust active neuron segmentation 

in two-photon calcium imaging using spatiotemporal deep learning”[59] and presented 

at the 40th International Conference of The IEEE Engineering in Medicine and Biology Society 

under the title “Deep-learning based active neuron segmentation in two-photon calcium 

imaging”. The contents in this chapter, including texts, figures, and tables were mainly 

reproduced from these publications.  

We proposed a three-dimensional convolutional neural network to identify and 

segment active neurons from two-photon calcium imaging data. By utilizing a variety of 

two-photon microscopy datasets, we showed that our method outperformed state-of-the-

art techniques and was on a par with manual segmentation. Furthermore, we 

demonstrated that the network trained on data recorded at a specific cortical layer can be 

used to accurately segment active neurons from another layer with different neuron 

density. Finally, our work documented significant tabulation flaws in one of the most 

cited and active online scientific challenges in neuron segmentation. 
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3.1 Introduction 

Fast, automatic processing of the large calcium imaging datasets is a critical yet 

challenging step for discovery of neuronal coding properties in behavioral studies. Often 

the investigators are interested in identifying a subset of active neurons from the large 

imaged population, further complicating the neuronal segmentation task. The subset of 

modulating, and thus active, neurons in many behavioral experiments carry the 

meaningful information for understanding the brain’s coding characteristics. Automatic 

identification of active neurons from the imaging movies in high speed enables scientists 

to directly provide dynamic complex behavioral or neural stimulus to the subjects in real-

time. 

Recent efforts from several groups have produced automatic methods to detect 

and quantify neuronal activity in calcium imaging data. These methods span from 

unsupervised classic machine learning techniques [14, 16, 17, 19, 20, 60-65] to deep-

learning based supervised algorithms [66, 67]. Among the former class of neuron 

segmentation algorithms are the popular methods of principal component and 

independent component analysis (PCA/ICA) [14], constrained non-negative matrix 

factorization (CNMF) [16], extension of CNMF to one-photon microscopy [65], and the 

more recent and faster version of CNMF, called OnACID [19], which is based on online 

dictionary learning. Recently, Giovannucci et al. [18] have improved the scalability of 

CNMF and extended OnACID with new initialization methods and a convolutional 

neural network (CNN), referred to as CaImAn Batch and CaImAn Online, respectively. 
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In general, the accuracy of assumptions in these model-based methods in characterizing 

the embedded patterns is a critical factor in the performance of such methods [68]. For 

example, CNMF models the background as a low-rank matrix, which might not capture 

the complex dynamic of the background in one-photon imaging recordings. To 

compensate for this background, Zhou et al. [65] incorporated an autoregressive model 

for the background components to process one-photon imaging data.  

Deep learning can serve as an alternative to the above classic machine learning 

techniques. CNNs learn hierarchies of informative features for a specific task from labeled 

datasets [68]. Modern fully convolutional neural networks have become a staple for 

semantic image segmentation, providing an end-to-end solution for the pixel-to-pixel 

classification problem [69]. These networks are often more efficient compared to the 

traditional CNN-based segmentation approaches that label each pixel of an image based 

on the local intensity values [69].  

A few recent approaches have utilized CNNs to segment neurons from two-

dimensional (2D) images for subsequent temporal analysis. These methods treat multiple 

frames of imaging data as either additional channels [66] or one image averaged from all 

frames (the “mean image”) [67]. One example of this class of CNN-based methods is the 

method of Apthorpe et al. [66], which applies 2D kernels to individual frames and 

aggregates temporal information with a temporal max-pooling layer in the higher levels 

of the network. While the performance was not significantly different from a similar 

network that only processed the mean image, this CNN method outperformed PCA/ICA. 
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More recently, based on the fully convolutional UNet [70], Klibisz et al. [67] developed 

the UNet2DS method that segments neurons from the mean image. In general, these 

methods are suboptimal for differentiating active from non-active neurons due to the loss 

of temporal dynamics when summarizing temporally collected images into a mean image. 

Similarly, sparsely firing neurons may appear at unidentifiable contrasts compared to the 

background after undergoing averaging to the mean image. Lastly, 2D segmentation of 

mean images has difficulty in delineating the neuron boundaries between overlapping 

neurons that independently fire in time (Figure 9).  

 

Figure 9: Overlapping neurons complicate active neuron segmentation. (A) 

Neurons can have overlapping regions due to the projection of a 3D volume onto a 2D 

imaging plane. (B) The temporal evolution of neuron intensities provides important 

information for accurate segmentation of overlapping cases, which is exploited by our 

proposed method. The time-series in green and orange correspond to neurons 

outlined with matching colors. Images in the middle panel show the recorded data at 

the marked time-points, and the images in the left panel are the normalized mean 

images of frames corresponding to each neuron’s active time-interval (defined as 0.5 

seconds after the marked spike times). Scale bars: 10 µm. Figure taken from [59]. 

Three-dimensional (3D) CNN architectures could be superior to 2D segmentation 

networks as they have the advantage of incorporating temporal information into an end-

to-end learning process [71]. Compared to methods that process 2D images, 
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spatiotemporal methods can provide more accurate results in identifying sparsely spiking 

and overlapping neurons, but are also computationally more challenging [16]. Compared 

to iterative methods such as CNMF, a 3D CNN architecture could produce high 

computational efficiency for long-duration, large-scale recordings. 3D CNNs have already 

been impactful in other video [71, 72] and volumetric biomedical [73-75] data analyses. 

A critical factor prohibiting development and accurate assessment of such novel 

learning-based techniques (e.g. 3D CNNs) is the absence of a comprehensive public 

dataset with accurate gold-standard ground truth markings. Indeed, the Allen Brain 

Observatory (ABO) (http://observatory.brain-map.org/visualcoding) and the Neurofinder 

challenge (https://github.com/codeneuro/neurofinder) have provided invaluable online 

resources in the form of diverse datasets spanning multiple brain areas. We demonstrate 

that existing markings that accompany these datasets contain significant errors, further 

complicating algorithm development and assessment. Like many other medical imaging 

modalities that lack empirically driven ground truth, human expert markings could serve 

as the gold-standard. In such situations, the agreement between multiple expert human 

graders has traditionally determined the practical upper bound for accuracy. No 

automated algorithm to-date is shown to be closer in accuracy to the markings of an expert 

human grader than another experienced grader. 

Here we present a novel CNN-based method with spatiotemporal convolutional 

layers to segment active neurons from two-photon calcium imaging data. To train and 

validate the performance of this algorithm, we utilize online datasets from the ABO and 

https://github.com/codeneuro/neurofinder
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Neurofinder challenge. Since we show that the original manual markings that accompany 

these datasets are imperfect, we carefully manually-relabel active neurons in these 

datasets. We compare the performance of our network with other state-of-the-art neuron 

segmentation methods on these datasets. The results indicate that our trained network is 

fast, superior to other methods, and achieves human accuracy. To demonstrate the 

generalizability of our method, we show that the network trained on data recorded at a 

specific cortical layer from the ABO dataset can also accurately segment active neurons 

from other layers and cortical regions of the mouse brain with different neuron types and 

densities. We demonstrate that adding region-specific recordings to the ABO training set 

significantly improves the performance of our method. To promote future advancement 

of neuron segmentation algorithms, we have provided the manual markings, source code 

for all developed algorithms, and weights of the trained networks as an open-source 

software package (https://github.com/soltanianzadeh/STNeuroNet). 

3.2 Methods 

3.2.1 Allen Brain Observatory Dataset and Labeling 

This dataset consists of two-photon recordings from neurons across different 

layers and areas of the mouse visual cortex. Transgenic Cre-line mice drove expression of 

the genetically encoded calcium indicator GCaMP6f. We selected a subset of the entire 

recordings in our work. This dataset included the first 12 minutes and 51 seconds of 

recordings from 275 µm and 175 µm deep in the primary visual cortex (VISp) of ten mice 

per cortical depth. Table 4 shows the correspondence between the mouse lines and videos 

https://github.com/soltanianzadeh/STNeuroNet
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used in our work. We used the recordings at 275 µm deep in the cortex to compare 

different algorithms and the recordings at 175 µm to assess the generalizability of all 

methods. 

Table 4: Description of data used from the Allen Brain Observatory. All data 

are from the primary visual cortex. 

Cortical Layer Transgenic Line Experiment ID 

275 µm Cux2-CreERT2-Cre 539670003, 531006860  

501574836, 501484643  

503109347, 534691284  

502608215, 501729039 

Rorb-IRES2-Cre 510214538, 527048992 

175 µm Cux2-CreERT2-Cre 501704220, 501836392 

510514474, 504637623 

501271265, 502115959 

502205092, 510517131 

Emx1-IRES-Cre 540684467, 545446482 

 

The data was previously corrected for motion and had an accompanying set of 

automatically identified neurons that were not manually inspected [76]. We used these 

automatically detected neurons as initializations for our manual labeling. We developed 

a custom software with graphical user interface (GUI) in MATLAB 2017b (Mathworks, 

Natick, MA) that allowed our graders to add to the initial set by drawing along the 

boundary of newly found neurons (phase 1) and to dismiss wrongly segmented neurons 

that do not correspond to the soma of an active neuron (phase 2). In phase 1, the GUI 

provided simultaneous visualization of the video overlaid with segmented neurons’ 

masks on two separate panels. On one panel, background corrected video and in the other 
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panel a summary image of choice (mean, max-projected, or correlation image, defined as 

the mean correlation value between each pixel with its 4-connected neighborhood pixels) 

were displayed. In phase 2, the GUI showed the zoomed-in region of the video for each 

segmented neuron in three panels, which included the background corrected video, the 

mean image, and the ΔF/F trace of the average pixel intensities within the neuron’s mask. 

Graders used the following criteria to label each marked mask as neuron: (1) the marked 

area had a bright ring with a dark center that changed brightness during the recording, or 

(2) the area was circular and had a size expected from a neuron (10-20 µm in diameter) 

that changed brightness during the recording. Criterion 1 filters for nuclear-exported 

protein calcium sensors used by the ABO investigators, while criterion 2 filters for spatio-

temporal features of neuron somas that have calcium activity transients. 

Two graders independently corrected the markings of the ABO dataset. Matching 

marks from the two graders were labeled as true neurons, whereas disagreements were 

reevaluated by the senior grader (grader #1). This grader, blind to the identity of the non-

matching masks (meaning who marked it), used the phase 2 of our GUI to assess all 

disagreements and label the masks as neuron or not a neuron. The set of masks marked 

by both graders and the set of masks that corresponded to active neurons from the 

disagreement set comprised the final ground truth (GT) masks. We created spatio-

temporal neuron labels for training by extracting the neurons’ active time-intervals. We 

first separated traces of overlapping neurons using the linear regression approach of [76]. 

Using the extracted time-series for each neuron, we removed neuropil signal, scaled by 
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factor of 0.7 [45], and removed any remaining background fluctuation using a 60 s 

moving-median filter. For each neuron, we defined the neuropil signal as the average 

fluorescence value in an annulus of 5 µm around the neuron mask, from which we 

excluded pixels that belonged to other neurons. We found activity-evoked calcium 

transients with high detection fidelity (see section 3.2.8 Spike Detection and 

Discriminability Index). We considered neurons as active until 0.5 seconds after the 

detected spike times, equal to 3.5 times the half-decay time of spike-evoked GCaMP6f 

fluorescence signals reported in [45].   

3.2.2 Neurofinder Dataset and Labeling 

The Neurofinder challenge consists of nineteen training and nine testing two-

photon calcium imaging datasets acquired and annotated by four different labs. These 

datasets are diverse: they reported activity from different cortical and subcortical brain 

regions and varied in imaging conditions such as excitation power and frame rate. The 

GT labels were available for the training sets, while they were held out for the test set. 

The first dataset (called the 00 set) segmented neurons using fluorescently labeled 

anatomical markers, while others were either manually marked or curated with a semi-

automatic method. Upon inspection of the fourth dataset (called the 03 set), we found that 

this dataset was labelled based on anatomical factors. We excluded the first and fourth 

sets from the comparison in the Results section because the activity-independent marking 

of these datasets is incompatible for assessing active neuron segmentation methods. The 

remaining datasets referred to as 01, 02, and 04 each had two training videos. Similar to 
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ABO, we created spatio-temporal labels for the Neurofinder training set by detecting 

neuronal spikes that satisfied the minimum required d’ (see section 3.2.8 Spike Detection 

and Discriminability Index), which we iteratively reduced down to d’ = 0.5 if a spike was 

not identified. 

3.2.3 Proposed Active Neuron Segmentation Method 

The key feature of our active neuron segmentation framework (Figure 10A) was a 

new 3D CNN architecture, which we named SpatioTemporal NeuroNet (STNeuroNet) 

(Figure 10B). The 3D convolutional layers in STNeuroNet extracted local spatiotemporal 

information that capture the temporal dynamics of the input recording. STNeuroNet 

consisted of downsampling, upsampling, convolutional skip connections, and temporal 

max-pooling components that predict neuron masks based on spatiotemporal context of 

the input recording. After initial background compensation of individual movie frames, 

STNeuroNet processed sequences of short temporal batches of N = 120 frames and output 

a 2D probability map of active neurons for each batch. We then applied an optimal 

threshold to the neuron probability maps and automatically separated high probability 

regions into individual neuron instances. Lastly, the final set of unique active neurons for 

the entire recording was determined by eliminating duplicate masks of the same neurons 

that were identified in different temporal intervals of the video. These steps are discussed 

in detail in the following sections. 



49 

 

Figure 10: Schematic for the proposed spatiotemporal deep learning-based 

segmentation of active neurons in two-photon calcium videos.(A) After removing 

background non-uniformity of each video batch (N = 120 frames), STNeuroNet 

predicts the neuron probability map. We identify neuron instances in the binarized 

probability maps from multiple temporal batches, which we then fuse into the final 

set of active neurons for the entire video. The right inset is the mean image of the 

region enclosed by the white box. Scale bar: 10 µm. (B) STNeuroNet architecture 

details. Numbers on top of the dense feature stacks indicate the number of 

convolutional layers involved, and numbers for the bilinear upsampling blocks 

indicate the upsampling factor. BN: Batch normalization. Figure taken from [59]. 
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3.2.4 Image Processing Steps 

All data used in our work were previously registered. We first cropped the 

boundary region of the data to remove black borders introduced in the registration 

processes (10 µm in each direction for the ABO data and 4-50 µm for the Neurofinder 

data). To increase SNR, reduce the computational complexity, and allow utilization of the 

trained network for future data with different recording speeds, we temporally binned 

ABO and Neurofinder videos to 6 Hz and 3 Hz videos (lowest frame rate among the five 

datasets in the Neurofinder challenge), respectively. We performed temporal binning by 

combining a set of consecutive frames into one frame via summation. We then corrected 

for non-uniform background illumination using homomorphic filtering [77] on each 

frame of the video. We formulated a high-pass filter by subtracting a low-pass Gaussian 

filter with standard deviation of 0.04 µm-1 from 1. Then, we normalized the intensity of 

each video by dividing by its overall standard deviation. 

3.2.5 Neural Network Architecture 

Much like action recognition from videos, active neuron segmentation requires 

capturing context from multiple frames. This motivated us to utilize 3D convolutional 

layers in our deep learning network. 3D convolutional layers extract local spatiotemporal 

information that capture the temporal dynamics of the input recording. We used the 

DenseVNet [78] as the backbone for our STNeuroNet network. DenseVNet is composed 

of downsampling, upsampling, and skip connection components (Figure 10B). Each 

encoder stage of is a dense feature stack. In the encoder path, strided convolutional layers 
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reduce the dimensionality of the input feature map and connect dense feature stacks. 

Single convolutional layers in the skip connections, followed by bilinear upsampling, 

transform the output feature maps from each stage of the encoder path to the original 

image size [78]. All convolutional layers in DenseVNet perform 3D convolutions, use the 

rectified linear unit (ReLU) non-linearity as the activation function, and consist of batch 

normalization [79] and dropout [80] with probability of 0.5 (except the last layer). Unlike 

the original implementation of the network, we did not use spatial priors, dilated 

convolutions, and batch-wise spatial dropout, as these did not have a significant effect on 

the final results reported in the original paper [78]. 

We made the following two modifications to DenseVNet for our application: (1) 

we changed the last convolutional layer of DenseVNet to have ten output channels instead 

of the number of classes, and (2) we added a temporal max-pooling layer to the 

upsampled features, followed by a 2D convolutional layer with ten 3×3 kernels, and a final 

convolutional layer with two 3×3 kernels to the output of DenseVNet. The temporal max-

pooling layer summarizes the extracted temporal feature maps, greatly increasing the 

speed of the training process and reducing inference time by reducing the number of 

output predictions (2D predictions instead of 3D predictions). This step is important for 

high-speed network validation and low-latency inference. The last convolutional layer 

computes two feature maps for the background and neuron classes. We applied Softmax 

to each pixel of the final feature maps to transform them into probability maps. We used 

the Dice-loss objective function [75] during training, defined as 
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Dice − loss = 1 −
2 ∑ 𝑝𝑖𝑞𝑖

𝑁
𝑖=1

∑ 𝑝𝑖
2𝑁

𝑖=1 + ∑ 𝑞𝑖
2𝑁

𝑖=1

, (1) 

where the summation is over N, the total number of pixels, and pi and qi are the Softmax 

output and GT label for pixel i, respectively. The Dice-loss is suitable for binary 

segmentation problems and handles highly unbalanced classes without the need for 

sample re-weighting [75]. 

3.2.6 Training the Network 

To create a large set of training samples, we cropped smaller windows of size 

144×144×120 voxels from the rotated (0°, 90° and 180°) training videos and GT markings 

and applied random flips during training. We performed cropping using a 

spatiotemporal sliding window process with 75% overlap between adjacent windows. 

Within this large set of samples, we kept samples that contained at least one active neuron 

in the selected 120 frames time-interval. We trained the networks using sample-level 

whitening, defined as 

𝐼 − mean(𝐼)

std(𝐼)
, (2) 

where I is the 3D input sample to the network. We used the Adam optimizer [81] with 

learning rate of 0.0005 and mini-batch size 3. We trained the ABO and Neurofinder 

networks for at least 35,000 iterations, or until the loss function converged (maximum 

40,000 iterations). To optimally utilize our labeled dataset yet strictly separate training 

and testing datasets, we used leave-one-out cross-validation to assess the performance for 

detection and segmentation of active neurons. 
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3.2.7 Post-processing 

3.2.7.1 Binarizing neuron probability maps 

We used the entire spatial extent of video frames at test time to estimate the neuron 

probability maps, which we processed to isolate individual neurons. We processed video 

frames in non-overlapping batches of N = 120 frames, equal to the number of frames used 

during training. We binarized the probability maps by applying the optimal threshold 

that yielded the highest mean F1 score on the training set (Figure 11). We then separated 

potential overlapping active neurons from each binarized map and removed small 

regions. Finally, we aggregated all identified active neuron masks from different time-

intervals to obtain the segmentation masks for the entire recording. These steps are 

described in detail in the following subsections. 

 

 

Figure 11: The optimal thresholds in the post-processing step of our algorithm 

are determined through leave-one-out cross-validation. Example results of recall, 

precision, and F1 scores by applying different levels of probability and minimum area 

thresholds to the training videos. Figure taken from [59]. 
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3.2.7.2 Instance segmentation 

The temporal max-pooling layer in our network merges overlapping active 

neurons in the segmentation mask. To separate these neurons, we used the watershed 

algorithm [82]. We first calculated the distance transform image as the distance of each 

pixel to the nearest background pixel. We then applied the MATLAB watershed function 

to the distance transform of connected components which had an area greater than a 

predefined threshold, empirically set to the average neuron area (107.5 µm2 for ABO and 

100-200 µm2 for Neurofinder). After separating neuron instances, we discarded small 

segmented regions as background, with the minimum area determined to maximize the 

mean F1 score across the training set (Figure 11). Since the watershed algorithm alone 

cannot accurately determine neuron boundaries for overlapping cases, we used 

segmentation results from multiple temporal batches to yield the final neuron masks. This 

step is detailed in the following section. 

3.2.7.3 Neuron fusion 

Since STNeuroNet outputs a single 2D probability map of active neurons for the 

input time-interval, we processed two-photon video recordings in subsequent short 

temporal intervals to better resolve overlapping neurons. Unlike the approach of [66] 

which used the network predictions to find neuron locations, we used STNeuroNet’s 

predictions to determine the final neuron masks. In each of these time-intervals, we 

identified and segmented active neurons. Because neurons may activate independently 

and spike in different times, we aggregated the segmentation results from all time-
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intervals to attain the segmentation for the entire recording. Aggregation of neuron masks 

from multiple inferences corresponding to different time-intervals was done in two steps. 

First, we matched neurons between these segmentations to identify if the same neuron 

was segmented multiple times and kept the mask with the mean size. We used the 

distance between the masks’ center of mass for this step. Masks with distance smaller than 

4 µm were identified as the same neuron. Second, we removed any mask that 

encompassed one or more neurons from other time-intervals. We removed any mask mi 

that overlapped with mask mj such that 

Normalized Overlap(𝑚𝑖, 𝑚𝑗) =  
|𝑚𝑖∩𝑚𝑗|

|𝑚𝑗|
> 𝜃𝑝, (3) 

where θp is the overlap threshold, which we empirically set to 0.75. 

3.2.8 Spike Detection and Discriminability Index 

Using tools from statistical detection theory [37, 83], we detected prominent spike-

evoked fluorescence signals and quantified their detection fidelity. Specifically, we 

performed a matched filter approach with an exponentially decaying signal as the 

template (S), with mean decay time of τ, on the ΔF/F traces to reduce the effect of noise on 

spike detection [37]: 

𝐿 = 𝐹0  ∑ [−𝑆𝑖 + (1 + (Δ𝐹/𝐹)𝑖 ) ln(1 + 𝑆𝑖))]𝑛
𝑖=1 , (4) 

in which the summation is over a sliding window of length n, and F0 is the baseline 

photon-rate. Using the relationship between the mean decay time τ and half-decay time 

τ1/2 as 
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𝜏 =
𝜏1/2 

ln (2)
, (5) 

we used 0.8 s and 0.2 s as the value of τ for GCaMP6s and GCaMP6f data in S, respectively. 

We detected spikes as local-maxima time points in a 1 s window of the filtered signal (L) 

that passed a predefined threshold of γ: 

𝛾 = 𝜇 + 𝜎Φ−1(𝑃𝑁), (6) 

which was determined by the tolerable probability of false-negative (PN) and the mean (µ) 

and standard deviation (σ) of the distribution of L under the hypothesis of a spike having 

occurred [37]. In the above equation, ϕ-1(.) is the inverse of the standard Gaussian 

cumulative distribution function [37].  

We further narrowed down the true spikes using the discriminability index, d’, 

which characterizes the detection fidelity by considering the amplitude and temporal 

dynamics of the fluorescence signals [37]. Higher values of d’ provide higher spike 

detection probabilities and lower errors, with d’ ≥ 3 achieving area under the receiver 

operating characteristic curve (a metric for spike detectability) greater than 0.98 [37]. We 

determined the minimum required detectability index (d’min) for labeling spikes with the 

aim of balancing the number of false-positive (PF) and false-negative (PN) errors [83]: 

(𝑓𝑠 − 𝜆)𝑃𝐹 = 𝜆𝑃𝑁 , 
(7) 

𝑑𝑚𝑖𝑛
′ = Φ−1(1 − 𝑃𝑁 ) − Φ−1 (𝑃𝐹 ) =  Φ−1(1 − 𝑃𝑁) − Φ−1(𝑃𝑁𝜆(𝑓𝑠 − 𝜆)−1). (8) 

In Eq. (7),  fs and λ denote the recording and neuron spike rates, respectively. For the ABO 

dataset, since the majority of mice were stationary during the visual stimulus behavior, 

we selected λ = 2.9 spikes/s in accordance to previous experimentally obtained spike rates 
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during similar behaviors [84]. We then set a low PN = 0.035, which corresponded to a spike 

detection threshold of d’ = 3.6 based on Eqs. (7)-(8). For the Neurofinder challenge, we 

used a lower threshold of d’ = 1.7 to compensate for the overall lower SNR of the data 

compared to the ABO dataset. 

3.2.9 Quantification of Peak Signal-to-noise Ratio (PSNR) 

To calculate the PSNR of neurons, we first separated traces of overlapping neurons 

using the linear regression approach of [76]. We then removed neuropil signal, scaled by 

factor of 0.7 [45], and removed any remaining background fluctuation using a 60 s 

moving-median filter. We then calculated the PSNR for neural traces as 

PSNR = 
∆𝐹peak

σn
, (9) 

where ΔFpeak is the difference between the biggest spike value and the baseline value, and 

σn is the noise standard deviation calculated from non-active intervals of traces. 

3.2.10 Evaluation Metrics 

We evaluated segmentation methods by comparing their results with the manual 

GT labels. We assessed each algorithm by quantifying three neuron detection metrics: 

recall, precision, and F1 score, defined as 

Recall = 
NTP

NGT
, (10) 

Precision = 
NTP

Ndetected
, (11) 

F1 = 2
Recall × Precision

Recall × Precision
. (12) 
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These quantities derive from the number of manually labelled neurons (ground truth 

neurons, NGT), number of detected neurons by the method (Ndetected), and number of true 

positive neurons (NTP). We used the Intersection-over-Union (IoU) metric along with the 

Hungarian algorithm to match masks between the GT labels and the detected masks [18]. 

The IoU for two binary masks, m1 and m2, is defined as 

IoU(𝑚1, 𝑚2) =  
|𝑚1 ∩ 𝑚2|

|𝑚1 ∪ 𝑚2|
. 

(13) 

We calculated the distance between any pair of masks from the GT (miGT) and the 

detected set (Mj) as described by [18]: 

Dist(𝑚𝑖
𝐺𝑇 , 𝑀𝑗) = {

1 − IoU(𝑚𝑖
𝐺𝑇 , 𝑀𝑗), IoU(𝑚𝑖

𝐺𝑇 , 𝑀𝑗) ≥ 0.5

0, 𝑚𝑖
𝐺𝑇 ⊆ 𝑀𝑗  or 𝑀𝑗 ⊆ 𝑚𝑖

𝐺𝑇

∞, otherwise.

 (14) 

In the above equation, a distance of infinity denotes masks that are not matching due to 

their small IoU score. Next, we applied the Hungarian algorithm to solve the matching 

problem using the distance matrix defined in Eq. (14), yielding the set of true positive 

masks. 

3.2.11 Speed Analysis 

For each algorithm, we calculated the speed by dividing the number of frames by 

the processing time (excluding read and write times). For CaImAn Batch, we used all of 

the logical Cores of our CPU (28 threads) for parallel processing. For STNeuroNet and 

CaImAn online, we calculated an initialization-independent speed by disregarding the 

algorithms’ initialization times, which were the prefetching of the first batch and the 

initialization of the components, respectively. 
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3.2.12 Quantification and Statistical Analysis 

Statistical parameters including the definitions and exact values of n (number of 

frames, number of videos, or number of neurons), location and deviation measures are 

reported in the Figure Legends and corresponding sections in the main text. All data were 

expressed as mean ± standard deviation. We used two-sided Z-test for the statistical 

analysis of calcium transients’ d’ compared to the distribution of d’ values from the 

baseline due to noise. For all other statistical tests, we performed two-sided Wilcoxon rank 

sum test; n.s.: not significant, *: p-value < 0.05, and **: p-value < 0.005. We determined 

results to be statistically significant when p-value < 0.05. We did not remove any data from 

statistical analyses as outliers. 

3.2.13 Hardware 

We ran CaImAn, Suite2p, HNCcorr, and the pre- and post-processing part of our 

algorithm on a Windows 10 computer with Intel Xeon E5-2680 v4 CPU and 256 GB RAM. 

We trained and tested STNeuroNet and UNet2DS using a single NVIDIA GeForce GTX 

Titan X GPU. All CNNs in the CaImAn package were deployed on the NVIDIA GeForce 

GTX Titan X GPU. 

3.3 Results 

3.3.1 STNeuroNet Accurately Segmented Neurons from the Allen Brain 

Observatory 

We first quantified the performance of our method using the 275 µm deep 

recordings from the ABO dataset. Upon our inspection of the provided set of masks, we 
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found that some of the masks did not correspond to active neurons in the selected ~13 

minutes time-interval, and some active neurons were not included in the set (Figure 12). 

Thus, the gold-standard ground truth (GT) labels were created by our two expert human 

graders who sequentially edited the initial labeling. Overall, we removed n = 40 ± 23.6 

masks (mean ± standard deviation over n = 10 videos) from the initial ABO marking as 

they were not located on the soma of active neurons, accounting for 13.9 ± 5.7% of the 

initial neurons, and added n = 72.7 ± 20.9 neurons, accounting for 24.2 ± 5.9% of the final 

GT neurons. The final set of neurons comprising the GT demonstrated peak calcium 

responses with d’ ≥ 4 within the spike detection formalism, which were at significantly 

higher levels compared to the distribution of d’ values from the baseline due to noise (p-

values < 0.001, one-sided Z-test using n = 500 baseline samples for each of the 3016 GT 

neurons).  

Training our network on 144×144×120 segments of input data took 11.5 hours for 

36,000 iterations. After training, STNeuroNet generated neuron predictions in 171.24 ± 

21.28 seconds (mean ± standard deviation over n = 10 videos) when processing 4624 ± 5 

frames of size 487×487 pixels. The complete framework, from preprocessing to the final 

neuron aggregation, processed these recordings with 17.3 ± 1.2 frames/s (mean ± standard 

deviation over n = 10 videos) speed. Note that considering the binning of videos from 30 

Hz to 6 Hz, the effective processing rate can be up to 5 times better than the reported 

number.  
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Figure 12: Representative examples of active neuron labeling errors in the 

ABO dataset. Example cases that were (left) removed from the initial set of marking 

accompanied with the ABO dataset and (right) manually added by graders to produce 

the final ground truth set. Images are normalized mean of video frames at peak signal 

time-points. Scale bars: 10 µm. Figure taken from [59]. 

Figure 13 shows an illustrative example of our framework applied on a time-

interval of N = 1200 background compensated frames from one mouse, which achieved 

neuron detection scores (recall, precision, F1) of (0.86, 0.88, 0.87). The first frame, last 

frame, and the normalized temporal average of all frames in the batch are shown in Figure 
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13B. To better illustrate temporal neuronal activity, we also show the correlation image, 

defined as the mean correlation value between each pixel with its 4-connected 

neighborhood pixels. Temporal ΔF/F traces for selected true positive, false negative, and 

silent neurons highlight the presence or absence of activity in the selected time-interval, 

indicating that STNeuroNet effectively selected active neurons while disregarding silent 

neurons (Figure 13B-C).  

Using the same ten videos, we compared the performance of our framework to the 

performance of CaImAn Online and CaImAn Batch [18], Suite2p [20], HNCcorr [64], and 

to the deep-learning based UNet2DS [67] algorithm, quantifying each algorithm in terms 

of recall, precision, and F1 (Figure 14). To compare all algorithms on an equal footing, we 

optimized the algorithmic parameters for each method through leave-one-out cross-

validation (Appendix B). Since F1 quantifies a balance between recall and precision, we 

used this score as the final metric to optimize and assess the performance of all methods. 

Our framework outperformed all other algorithms in the F1 score (p-value < 0.005, two-

sided Wilcoxon rank sum test over n = 10 videos; Figure 14A and Table 5) at higher speed 

compared to CaImAn Batch and HNCcorr (p-values < 0.005, two-sided Wilcoxon rank 

sum test over n = 10 videos), while being as fast as CaImAn Online and slower than 

Suite2p (p-values = 0.3075 and < 0.005, respectively; two-sided Wilcoxon rank sum test 

over n = 10 videos; Figure 14B) when processing 487×487 pixels videos. After disregarding 

the initialization time of STNeuroNet, our framework was significantly faster than Suite2p  
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Figure 13: STNeuroNet accurately identified active neurons from the ABO 

dataset. (A) Detection results from 1200 frames (200 seconds) of a test video overlaid 

on the 200 × 200 pixels (156 µm × 156 µm) cropped region from the correlation image. 

Green: true positives, cyan: false negatives, and red: false positives. (B) First and last 

frames, normalized mean image, and correlation image from the region enclosed in 

the white box in A. While many neurons are visible in the mean image, only active 

neurons were segmented (green outlines). The neuron marked with magenta is an 

example silent neuron that STNeuroNet effectively disregarded. (C) Example mean 

images of true positive, false negative, and silent neurons (green, cyan, and magenta 

outlines, respectively; left) and their time-series (right) from B. Scale bars: (A-B) 50 

µm and (C) 10 µm. Figure taken from [59]. 
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(p-values = 0.026, two-sided Wilcoxon rank sum test over n = 10 videos). For CaImAn 

Online, the initialization time was 10.4 ± 0.8 s for 100 frames and did not contribute 

significantly to the total processing time. Because UNet2DS processed a single 2D image, 

it was extremely fast (speed = 2263.3 ± 2.6 frames/s for n = 10 videos), but it was not able 

to separate overlapping neurons, resulting in low recall values compared to other 

methods (Figure 14C). 

We further investigated the underlying source for our framework’s superior recall 

compared to other spatio-temporal methods. Figure 14D-E illustrate examples of sparsely-

firing neurons with low ΔF/F value calcium transients that were identified by 

STNeuroNet and missed by other algorithms. We further validated this observation by 

quantifying the percentage of GT neurons detected at different levels of PSNR in Figure 

14F. STNeuroNet’s higher percentage of true positive neurons compared to other 

algorithms in the low PSNR regime indicates that our network achieved high recall 

because it identified a larger portion of spiking neurons with relatively low PSNR calcium 

transients. On average, our algorithm detected 22.4 ± 7.5%, 7.9 ± 3.6%, 21.0 ± 4.8%, 26.1 ± 

4.6%, and 38.1 ± 5.9% more neurons (mean ± standard deviation for n = 10 videos) from 

the GT compared to CaImAn Online, CaImAn Batch, Suite2p, HNCcorr, and UNet2DS, 

respectively. 
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Figure 14: STNeuroNet outperformed other methods on the ABO dataset.(A) 

STNeuroNet’s performance score was significantly higher (*: p-value < 0.05 and **: p-

value < 0.005, two-sided Wilcoxon rank sum test, n = 10 videos). (B) We achieved 

superior detection performance at practically high processing speed. Error bars in A 

and B are stds for n = 10 videos. (C) UNet2DS cannot separate overlapping neurons. 

(D) Example results of all methods. Each method’s segmented neurons are marked 

with different colors on top of the correlation image. Yellow markings denote the GT. 

(E) Example neurons from D identified by STNeuroNet and missed by other methods 

along with their time-series (black traces) and aligned activity-evoked signals (gray 

traces; red traces: average of gray traces). Traces are from a portion of the entire 

recording, with red markers denoting the times of putative calcium transients. (F) 

Percentage of detected GT neurons versus binarized PSNR. Scale bars: (C-D) 50 µm 

and (E) 10 µm. Figure taken from [59]. 
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Table 5: Summary of performances on all datasets. Reported numbers are in F1 

(Recall, Precision) format, where in each field we report the mean ± standard 

deviation across n = 10 and n = 6 videos for the ABO and Neurofinder dataset, 

respectively. 

 ABO Layer 275  

(cross-validation) 
ABO Layer 175 Neurofinder Test 

STNeuroNet 
0.84±0.02 

(0.87±0.04, 0.82±0.03) 

0.86±0.03 

(0.86±0.03, 0.85±0.04) 

0.70±0.03 

(0.82±0.07, 0.61±0.03) 

CaImAn 

Online 

0.68±0.03 

(0.64±0.07, 0.73±0.06) 

0.62±0.05  

(0.55±0.07, 0.72±0.05) 

0.53±0.09 

(0.50±0.10, 0.58±0.10) 

CaImAn 

Batch 

0.77±0.02 

(0.79±0.04, 0.76±0.05) 

0.75±0.03 

(0.75±0.05, 0.74±0.03) 

0.62±0.05 

(0.67±0.06, 0.58±0.06) 

Suite2p 
0.73±0.03 

(0.66±0.05, 0.83±0.03) 

0.67±0.08 

(0.62±0.09, 0.73±0.08) 

0.61±0.08 

(0.64±0.12, 0.61±0.15) 

HNCcorr 
0.65±0.04 

(0.59±0.05, 0.72±0.04) 

0.59±0.06 

(0.58±0.08, 0.62±0.07) 

0.47±0.08 

(0.43±0.07, 0.53±0.12) 

UNet2DS 
0.57±0.04 

(0.49±0.06, 0.71±0.07) 

0.59±0.04 

(0.55±0.04, 0.65±0.07) 

0.49±0.10 

(0.46±0.15, 0.58±0.14) 

 

To assess the reproducibility of our GT markings, we trained a third grader to 

conduct an inter-human agreement test. Grader #3 labelled these data from scratch 

without access to the initial masks from the Allen Institute or the consensus GT 

segmentations produced by the first two graders. GT and grader #3 were consistent in 

segmenting neurons with high PSNR (Figure 15A-B). The resulting distribution of 

mismatched cases (set of missed and falsely-labelled neurons) was weighted towards 

neurons with low PSNR values, which challenge human perception during manual 

marking of the video (Figure 15B). Our framework achieved a higher F1 score compared 

to grader #3 (mean of 0.84 vs 0.78, p-value = 0.0013; two-sided Wilcoxon rank sum test for 

n = 10 videos; Figure 15C). To mimic the case of semi-automatic marking, we asked a 
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fourth grader to independently correct the ABO markings for these videos. Compared to 

grader #4, both grader #3 and STNeuroNet achieved lower F1 scores (p-values = 0.0002 and 

0.0036, respectively; two-sided Wilcoxon rank sum test for n = 10 videos; Figure 15C), 

which is due to the inherent bias between the GT set and grader #4’s markings. 

 

Figure 15: Inter-human agreement test for ABO neuron segmentation.  

(A)Examples of common neurons between GT and grader # 3 (red data) and missed 

neurons by grader #3 (green data). Normalized mean images of neurons over their 

active time-intervals are shown. Missed neurons exhibit low peak ΔF/F or atypical 

appearance. Scale bars: 10 µm. (B) Histogram of the PSNR for mismatched (green 

data) and matched neurons (red data) between GT and graders #3 and #4. (C) Our 

algorithm achieved similar recall score as grader #4 (p-value = 0.0757) and similar 

precision as grader #3 (p-value = 0.6776) resulting in a F1 score between that of the two 

graders (n.s.: not significant; **: p-value < 0.005). Figure taken from [59]. 

 

3.3.2 Trained STNeuroNet Segmented Neurons from Unseen Recordings 

of Additional Cortical Layers 

To demonstrate the generalizability of our trained STNeuroNet, we next applied 

our segmentation framework to recordings from a different cortical layer in VISp. We 

trained STNeuroNet with the same ten videos as in the previous section, from 275 µm 
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below the pia in VISp. The neurons in these datasets were drawn from the Rorb-IRES2-

Cre mouse line, which restricts expression to layer 4 neurons, and the Cux2-CreERT2 

mouse line, which restricts expression to excitatory cell types. We tested this network on 

data acquired from ten different mice, this time from a different cortical layer at 175 µm 

deep in VISp. The neurons in these datasets were drawn from the Cux2-CreERT2 and 

Emx1-IRES-Cre mouse lines, which express calcium sensors in excitatory neurons (Table 

4).  

The data from 175 µm deep is putatively in layer 2/3, while the data from 275 µm 

deep is at the interface between layer 4 and layer 2/3. Neurons from the test dataset were 

qualitatively visually different from neurons in the training set (Figure 16A). 

Quantitatively, the test set had bigger neurons (median of 112.6 µm2 versus 102.8 µm2; p-

value < 0.005, two-sided Wilcoxon rank sum test over n = 2182 and 3016 neurons, 

respectively; Figure 16B) and lower densities of identified active neurons (0.0014 ± 0.0002 

neurons/µm2 versus 0.0019 ± 0.0003 neurons/µm2 for 175 and 275 µm data, respectively; 

p-value<0.005, two-sided Wilcoxon rank sum test over n = 10 videos). Despite the 

differences in the size and density of neurons within these two datasets, our network 

trained on 275 µm data performed at indistinguishable levels on 275 µm test data and 175 

µm data (p-value = 0.1212 for F1; two-sided Wilcoxon rank sum test with n = 10 videos for 

both groups; Figure 16C and Table 5). Using the layer 275 µm data to set the algorithmic 

parameters of other methods, our framework achieved the highest mean F1 score on the 

175 µm data (p-value < 0.005, two-sided Wilcoxon rank sum test over n = 10 videos; Figure 
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16D). Unlike our method, the F1 scores of all other methods except UNet2DS were 

significantly lower on the 175 µm data compared to the 275 µm test data (p-values = 0.006, 

0.031, 0.021, and 0.045 for CaImAn Online, CaImAn Batch, Suite2p, and HNCcorr, 

respectively; two-sided Wilcoxon rank sum test over n = 10 videos; Table 5). 

3.3.3 STNeuroNet Accurately Segmented Neurons from the Neurofinder 

Dataset 

We also applied our framework on two-photon calcium imaging data from the 

Neurofinder challenge. We used this dataset with activity-informed markings for training 

and comparison between different algorithms. Upon systematic inspection of 

Neurofinder GT sets, we found many putative neurons (n = 2, 2, 81, 60, 50 and 19 neurons 

for datasets called 01.00, 01.01, 02.00, 02.01, 04.00, and 04.01, respectively, corresponding 

to 0.5%, 0.6%, 41.1%, 33.7%, 21.2%, and 7.67% of the original GT neurons) with spatial 

shape and fluorescence temporal waveforms expected from GCaMP6-expressing 

neurons. Examples of such GT errors from the data called 04.00 in the Neurofinder 

training set are shown in Figure 17A-B. The extracted transients in the time-series of 

newly-found neurons among all datasets had high detectability index d’ > 3.2, 

emphasizing that these signals are truly activity-evoked transients. We also computed the 

average fluorescence image during these highly detectable transients, which yielded high 

quality images of the neurons (Figure 17B left).  
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Figure 16: Trained STNeuroNet performed equally well on data from a 

different cortical layer and outperformed other methods. (A) Qualitative comparison 

between Layer 275 µm and 175 µm data. Images are the normalized maximum- 

projection images over the entire recording. (B) The area of neurons labeled from the 

two cortical depths were different (**: p-value < 0.005; n = 2182 and 3016 neurons from 

the 175 µm and 275 µm datasets, respectively), with the higher depth exhibiting 

smaller neurons. (C) The performance scores were not significantly different for recall 

and F1 (p-values = 0.5708 and 0.1212, respectively; *: p-value < 0.05) between the two 

datasets using the network trained on the 275 µm data. (D) STNeuroNet’s 

performance on the 175 µm data was superior compared to other methods (*: p-value < 

0.05 and **: p-value < 0.005). Figure taken from [59]. 
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Figure 17: STNeuroNet achieved best performance in the Neurofinder 

challenge, which contained suboptimal markings. (A) Overlay of the initial GT 

neurons (cyan outlines) and the added neurons after manual inspection (red outlines) 

on the maximum-projection of ΔF/F from the 04.00 training data. (B) Example neurons 

missed by the Neurofinder-supplied markings from A along with their neuropil-

subtracted time-series (black traces). These neurons exhibit transients (gray traces: 

temporally aligned activity-evoked signals; red traces: average of gray traces) typical 

of GCaMP6-expressing neurons with high detection fidelity d’. Images are the 

average of frames within active time-intervals. (C) When tested on grader #1’s GT, 

STNeuroNet’s performance was not significantly different from when it was trained 

on either of Neurofinder’s GT or grader #1’s GT (p-value = 0.9372). Both networks 

achieved above-human performance in average F1 score across the test dataset 

compared to grader #2, when tested with grader #1’s GT (p-values = 0.0411 and 0.0087). 

(D) STNeuroNet outperformed other methods as denoted by the average F1 score (*: p-

value < 0.05 and **: p-value < 0.005). Scale bars: (A) 50 µm and (B) 10 µm. Figure taken 

from [59]. 

 

We analyzed the impact of using different training GT sets on STNeuroNet’s 

performance. The senior grader (grader #1) corrected the labeling of the training data by 

adding the missing neurons to the GT sets and labelled the Neurofinder test set. 

Compared to the case of using Neurofinder’s GT for training, the average F1 score was not 

significantly different to the case of employing the markings from grader #1 for both 
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training and testing (p-value = 0.9372, two-sided Wilcoxon rank sum test over n = 6 videos; 

Figure 17C). Similar to the ABO dataset, we conducted an inter-human agreement test. 

Independent from grader #1, grader #2 created a second set of markings for the test 

datasets. When tested on grader #1’s markings, our algorithm attained comparable 

average F1 score to grader #2 (p-value = 0.2403 and 0.3095 for training on Neurofinder’s 

GT and grader #1’s GT, respectively; two-sided Wilcoxon rank sum test over n = 6 videos; 

Figure 17C). 

Using our expert manual markings as GT for the Neurofinder dataset, we 

compared our framework to other methods (Figure 17D and Table 5). For all algorithms, 

we used the entire Neurofinder training set to optimize the algorithmic parameters for 

each method. Our framework (STNeuroNet trained with the entire training set) achieved 

higher but statistically insignificant F1 score than Suite2p (mean ± standard deviation of 

0.70 ± 0.03 and 0.61 ± 0.08, respectively; p-value = 0.0649, two-sided Wilcoxon rank sum 

test over n = 6 videos). Compared to all other methods, STNeuroNet’s F1 score was 

significantly higher (p-values < 0.005, two-sided Wilcoxon rank sum test over n = 6 videos). 

To further test the generalizability of our framework to data acquired with 

different experimental conditions, we compared the performance of STNeuroNet trained 

on the ABO Layer 275 µm dataset to STNeuroNet trained on all Neurofinder training set, 

when evaluated on the Neurofinder test data (Table 6). Although using the ABO Layer 

275 µm data for training resulted in lower mean F1 score, the scores were not statistically 

different (p-value = 0.485, two-sided Wilcoxon rank sum test for n = 6 videos), and the 
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performance was comparable to that of Suite2p (p-value = 1, two-sided Wilcoxon rank 

sum test for n = 6 videos). With the addition of the high-quality ABO Layer 275 µm data 

to the Neurofinder training set, STNeuroNet achieved higher F1 score compared to the 

network trained only on the Neurofinder training set (p-value = 0.026, two-sided Wilcoxon 

rank sum test for n = 6 videos; Table 6). 

Table 6: STNeuroNet performance on all data when trained on different 

datasets. Reported numbers are in F1 (Recall, Precision) format, where in each field we 

report the mean ± standard deviation across n = 10 and n = 6 videos for the ABO and 

Neurofinder datasets, respectively. 

 Train Data 

Test Data ABO Layer 275 Neurofinder Train 
ABO Layer 275 + 

Neurofinder Train 
All ABO 

ABO Layer 

275 
0.84±0.02 a 

(0.87±0.04, 0.82±0.03) 

0.74±0.04 

(0.86±0.02, 0.64±0.05) 
N/A N/A 

ABO Layer 

175 

0.86±0.03 

(0.86±0.03, 0.85±0.04) 

0.74±0.04 

(0.82±0.05, 0.68±0.05) 

0.85±0.03 

(0.88±0.03, 0.82±0.05) 
N/A 

Neurofinder 

Test 

0.62±0.17 

(0.52±0.24, 0.88±0.08) 

0.70±0.03 

(0.82±0.07, 0.61±0.03) 

0.75±0.04 

(0.72±0.11, 0.79±0.04) 
0.67±0.11 

(0.60±0.21, 0.83±0.09) 

Neurofinder 

Train 

0.48±0.13 

(0.37±0.18, 0.83±0.13) 
N/A N/A 

0.55±0.11 

(0.45±0.18, 0.80±0.13) 

a: Performance quantified with leave-one-out cross-validation. 

3.4 Discussion 

We presented an automated, fast, and reliable active neuron segmentation method 

to overcome a critical bottleneck in the analysis workflow of utilizing neuronal signals in 

real-time behavioral studies. The core component of our method was an efficient 3D CNN 

named STNeuroNet. The performance of this core was further improved by intuitive pre- 

and post-processing steps. Our proposed framework for sequential processing of the 
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entire video accurately segmented overlapping active neurons. In the ABO dataset, our 

method surpassed the performance of CaImAn, Suite2p, HNCcorr, UNet2DS, and an 

expert grader, and generalized to segmenting active neurons from different cortical layers 

and regions with different experimental setups. We also achieved the highest mean F1 

score on the diverse datasets from the Neurofinder challenge.  

STNeuroNet is an extension of DenseVNet [78], which consists of 3D 

convolutional layers, to segment active neurons from two-photon calcium imaging data. 

The added temporal max-pooling layer to the output of DenseVNet summarized the 

spatio-temporal features into spatial features. This step greatly increased the speed of 

training and inference processes, which is important for high-speed network validation 

and low-latency inference in time-sensitive applications such as closed-loop experiments.  

We showed the superior performance of our method for active neuron detection 

and segmentation by direct comparison to the state-of-the-art classic machine learning as 

well as deep learning methods. We achieved this level of performance by consistently 

detecting larger number of true active neurons compared to other algorithms. Our 

superior performance was not dependent on the GT created by graders #1 and #2. This is 

in part due to the fact that unlike the model-based spatiotemporal deconvolution methods 

of CaImAn and Suite2p, our proposed STNeuroNet extracts relevant spatiotemporal 

features from the imaging data without prior modeling; the deep-learning approach could 

be more flexible for detecting arbitrary spatiotemporal features. Compared to the deep 

learning based UNet2DS that is applied to a single aggregate (mean) image, our proposed 
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framework was more powerful in discriminating overlapping neurons and identifying 

neurons with low activity-evoked contrast because it assesses information in each video 

frame individually, and in concert with other frames. 

One advantage of deep learning-based methods is that once trained, they are 

computationally fast at inference time. We showed that our framework achieved 

significantly higher detection scores compared to all other methods at practically high 

processing speed. While we measured the computational speed of all algorithms on the 

same computer, we acknowledge that some of these algorithms could potentially benefit 

from more computationally optimal coding that target other specific hardware 

architectures. Combined with signal separation [14, 29, 85] and fast spike detection 

algorithms [4, 29, 35], our framework could potentially enable fast and accurate 

assessment of neural activity from two-photon calcium imaging data. Our current 

implementation performed neuron detection at near video-rate processing of individual 

frames when processing sets of sequential frames, which suggests that our framework can 

interleave updates of the segmentation results with data acquisition. Because our 

framework can be applied to overlapping or non-overlapping temporal batches, it 

presents a flexible trade-off to either increase speed or accuracy: processing non-

overlapping temporal batches speeds up the algorithm, while using the median or mean 

probability map of highly overlapping batches could potentially improve the 

performance at inference time.  
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Depending on the complexity of the problem and the architecture of neural 

networks, deep-learning methods need different amount of training data to achieve high 

performance scores and to be generalizable. We utilized data augmentation, dropout [80], 

and batch-normalization [79] to achieve generalizability and prevent overfitting. We 

demonstrated the generalizability of our trained STNeuroNet by applying the processing 

framework on recordings from different cortical layers and regions. We were able to train 

STNeuroNet on neurons from 275 µm deep in the mouse cortex and segment active 

neurons from 175 µm deep at an indistinguishable performance level, despite the 

differences in the neuron size and densities at these two depths. This experiment 

confirmed that our network was not over-trained to segment active neurons from a 

specific cortical depth. Adding ABO Layer 275 µm data to the Neurofinder training 

dataset improved accuracy of segmenting the Neurofinder test dataset. These results 

suggest that utilizing training data acquired with different experimental setups is 

beneficial for generalizing STNeuroNet. Also, training on the entire ABO dataset and 

testing on Neurofinder recordings shows that having more training data from one 

experimental set up improves performance of segmenting videos from a different 

experimental set up. These experiments confirm that other neuroscientists with 

significantly different recordings can take advantage of our trained network through 

transfer learning [86] to adapt the network to their specific data. Combined with transfer 

learning, our trained network has the potential to achieve high performance and 

generalizability on experimentally diverse recordings.  
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In this work, we carefully relabeled active neurons from the ABO dataset to 

compare the performance of different algorithms. To minimize the probability of human 

error in marking active neurons, we created the final set of GT masks by combining the 

markings from two independent graders. To assess human grading consistency, we 

compared the markings of a third independent grader performing manual segmentation 

from scratch to the GT. We showed that our framework’s performance was higher than 

grader #3’s, suggesting that STNeuroNet learned informative features and surpassed 

human-level accuracy in active neuron segmentation. For the sake of completeness, we 

added an additional experiment to reflect the effect of bias in performance of human 

graders. We compared our method to grader #4, a grader who corrected the ABO dataset 

markings with similar procedures to, but independently of, graders #1 and #2. As 

expected, due to the bias created by having access to pilot segmentation labels, grader #4’s 

markings were closer to the GT than grader #3’s markings.  

Naturally, using manual labeling as the gold-standard has the disadvantage of 

introducing human errors and bias in the GT data. However, currently available 

alternative approaches are even less suitable for generating GT. For example, 

simultaneous dual channel imaging of activity-independent nuclear tagged neurons 

provides reliable ground truth markings for all neurons. However, such labels which 

include both active and inactive neurons are not suitable for evaluating segmentation 

methods for active neurons in behavioral experimentations. Progress in activity-based 



78 

neuron labeling methods combined with simultaneous optical and structural imaging 

techniques may provide reliable gold-standard datasets in future. 

In addition to the ABO dataset, we also included the results of segmenting the 

diverse Neurofinder challenge datasets. We included these results because the 

Neurofinder dataset has been used to assess the accuracy of many recent segmentation 

algorithms [20, 63, 64, 67]. Our framework significantly outperformed all other methods 

except Suite2p, which could be due to the small sample size and the relatively large spread 

of Suite2p’s F1 scores. It is encouraging that our method achieved the highest mean F1, but 

our finding that the GT labeling of the training dataset from the challenge has missed 

neurons is nearly as important. While we do not have access to the labeling of the test 

dataset, we presume that GT accuracies in the publicly available training datasets match 

that of the test data. Thus, we carefully manually labeled the test set in the Neurofinder 

challenge. The availability of these carefully labeled GT training and test sets are expected 

to improve the fairness and accuracy of the evaluation metrics to be used for assessing 

future segmentation algorithms. Similar to the ABO dataset, we achieved above-human-

level performance when training on our carefully labeled markings. Furthermore, when 

using our carefully curated test labels to evaluate the performance of STNeuroNet under 

different training conditions, we found that training on our carefully curated training 

labels only marginally improved performance when compared to training on 

Neurofinder’s labels. This might be due to the nature of the CNN architecture. The 

architecture seeks to establish a complex yet consistent pattern in data and could average 
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out erroneous labeling of a subset of the training set as outliers. However, errors in 

labeling of the test set more affect the performance metrics, as experimentalists use these 

erroneous labels to directly evaluate the network’s output. The impact of training with 

noisy or incorrect labels on the performance of CNNs is still the subject of active research 

[87-89], and an in-depth analysis of their effect was beyond the scope of this work.  

We also note that regardless of correct labeling, the limited number of training 

samples per dataset in the Neurofinder challenge is a major bottleneck for optimal 

training of CNN-based methods. Our method achieved generalizability and human-level 

performance, and thus, could assist in the creation of additional accurate training sets for 

future algorithm development. CNN-generated GT datasets could potentially reduce the 

workload of human graders while improving the accuracy of the markings by minimizing 

human errors due to subjective heuristics. 

This work is the first step in a continuum of research to utilize 3D CNNs for 

detection and segmentation of neurons from calcium imaging data. The data used in our 

work were properly corrected for motion artifacts by the data owners. In the more general 

case of non-registered datasets, algorithms such as NoRMCorre [90] can be used to 

accurately correct motion prior to the application of our framework. We used watershed 

to separate the identified overlapping neurons co-activated in the same time interval 

processed by STNeuroNet, which can give inaccurate masks. Since such overlapping 

neurons might segregate themselves in other time intervals, we presented the neuron 

fusion process to circumvent this issue and obtain masks that had overlapping pixels. 
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Each component of our method, individually or together, can be used by us and other 

researchers in many related projects. To this end, as our computationally fast and accurate 

method is an invaluable tool for a large spectrum of real-time optogenetic experiments, 

we have made our open-source software and carefully annotated datasets freely available 

online. Future work will extend the current framework to minimize parameter 

adjustments in pre- and post-processing steps by encapsulating these steps into an end-

to-end learning process. Such an approach would remove the need for watershed-based 

separation of overlapping neurons, which is prone to error for one-photon recordings or 

two-photon imaging of species or brain areas with significantly overlapping populations, 

which was not present in the data utilized in our work. 
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4. Instance Segmentation of Ganglion Cells from AO-OCT 

Volumes via Weakly-Supervised Deep Learning 

The purpose of this chapter was to develop a reliable automatic ganglion cell (GC) 

counting and segmentation method from adaptive optics optical coherence tomography 

(AO-OCT) volumes of human retina. The material in this chapter were partially presented 

at the SPIE Photonics West BiOS Conference on Ophthalmic Technologies XXX under the title 

“Fully automatic quantification of individual ganglion cells from AO-OCT volumes via 

weakly supervised learning” [91] and ARVO annual meeting under the title “Automatic 

cellular level differentiation of glaucomatous and healthy eyes via deep learning-based 

adaptive optics OCT analysis” [92]. The full material of this chapter has been submitted 

for journal publication. The contents in this chapter including texts, figures, and tables 

were mainly reproduced from these manuscripts. 

Here we present an automated GC layer (GCL) soma quantification method from 

AO-OCT volumes based on weakly-supervised deep learning. We show that: (1) for 

localizing GCL somas from healthy and glaucoma subjects, our method performed on par 

or superior to human experts and (2) the measures of soma diameters were in line with 

previous histological and semi-automatic in vivo studies. These results suggest that our 

method should have broad appeal for long-term investigations of GC populations. 

4.1 Introduction 

Ganglion cells are one of the fundamental retinal neurons that process and 

transmit vision information to the brain. These cells are degenerated in optic 



82 

neuropathies, such as glaucoma, which can lead to irreversible blindness if not managed 

properly [22, 93]. In glaucoma clinical practice, visual function measured through 

standard automated perimetry and structural measurements using fundus imaging and 

OCT are utilized for diagnosis and monitoring of the disease. The visual field test is 

subjective, has poor sensitivity to early disease [22, 94], and its high variability limits 

reliable identification of vision loss [95-97]. OCT has been increasingly incorporated into 

clinical practice to improve disease care, with the thickness of the nerve fiber layer (NFL) 

as a widely used metric [98-100]. While the NFL is composed of GC axons, it also contains 

significant glial tissue, which varies across the retina [101], and at advanced stages of 

glaucoma, the NFL thickness reaches a nadir despite continued progression of the disease 

[102-104]. Alternatively, the ganglion cell complex (GCC; comprised of the NFL, GC layer, 

and the inner plexiform layer) thickness has been suggested as a better candidate for 

monitoring glaucoma progression [102]. Although the GCC thickness measured through 

OCT is promising, it still reflects the coarse aggregate of underlying cells, and therefore 

does not finely capture soma loss and morphology changes at the cellular level. Since 

using one of the aforementioned data alone does not provide a complete picture of 

glaucomatous damage, more recent studies have employed different combinations of 

these structural and functional datasets – some with machine learning approaches – to 

assess disease damage[105-108]. Study of these methods remain ongoing. 

In principle, the ability to quantify features of individual GCs offers the potential 

of highly sensitive biomarkers for improved diagnosis and treatment monitoring of GC 
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loss in glaucoma and other neurodegenerative diseases. The recent incorporation of 

adaptive optics (AO) with OCT [24, 25, 109, 110] and scanning light ophthalmoscopy 

(SLO) [111] allows visualization of GC layer (GCL) somas in the living human eye. While 

successful, the current standard approach for quantification – manual marking of AO-

OCT volumes – is subjective, time-consuming, and not practical for large-scale studies 

and clinical use. Thus, there is a need to develop an automatic technique for rapid, 

high-throughput, and objective identification of GCL somas and quantification of their 

morphological properties. 

To date, many automated methods for localizing various retinal structures and cell 

types from different ophthalmic imaging systems have been proposed. Segmentation of 

retinal layer boundaries from OCT images [112-116], segmentation of retinal blood vessels 

[117-123], detection of photoreceptors from AO images [124-129], and segmentation of 

various anatomical and pathological features [115, 126, 130-132] are just few examples of 

previous work in the field of ophthalmic image processing. These methods span from 

mathematical model-based techniques to the more recent deep learning-based algorithms. 

In the field of deep learning, convolutional neural networks (CNNs) have become a staple 

in image analysis tasks such as classification and segmentation due to their exceptional 

performance. Previous deep learning-based ophthalmic image processing studies mainly 

used CNNs with 2-dimensional (2D) filters to segment different retinal structures. 

However, depending on the imaging system resolution and sampling scheme, some 

structures like GCs cannot be summarized into a single 2D image as they occupy a large 
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3-dimensional (3D) space. Therefore, CNNs that make use of 3D context information 

could be superior to 2D CNNs when processing volumetric data. To incorporate 3D 

information into the learning process, some studies have treated multiple adjacent slices 

of a volume as different channels in the input layer of their CNN. Although this approach 

accepts a volume as the input, the first convolutional layer collapses the 3D input into 

multiple 2D feature maps. An alternative for exploiting 3D contextual cues is to utilize 3D 

convolutional operations in the CNN. In the past few years, CNNs with 3D filters have 

been successfully applied to various medical image processing applications [73-75, 133-

136] and spatiotemporal analysis of videos [59, 71, 72]. 

Fully supervised training of CNNs usually requires large training datasets to 

achieve acceptable performance. To address this problem for detecting photoreceptors 

from AO-OCT images, Heisler et al. [129] used transfer learning by taking advantage of 

existing manually-labeled AO scanning light ophthalmoscope datasets. Unfortunately, a 

dataset of volumetric manually segmented GCs from any imaging system does not 

currently exist. Adding to the difficulty of training CNNs, the pixel-level annotations 

needed for semantic segmentation is a strenuous task for densely packed GCs in AO-OCT 

volumes. Currently there is growing interest in weakly supervised segmentation schemes 

using different levels of weak annotation such as image-level labels [137, 138], scribbles 

[139-141], bounding boxes [142-145], and click-points [146]. Studies that use image-level 

labels for instance segmentation often utilize class activation maps [147, 148] to localize 

objects in the image. After localization, these methods use a segmentation proposal 
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technique (e.g. multi-scale combinatorial grouping [149]) to obtain the final object masks. 

Other group of studies often combine graphical models with bounding boxes or seeds to 

obtain initial object masks for fully supervised training. Although the segmentation masks 

are iteratively updated during the training of the segmentation network as described in 

[142, 143], errors in the initial training steps of this approach could negatively affect the 

training process [150, 151]. To avoid this problem, Tang et al. [140, 141] incorporated 

criteria from unsupervised segmentation techniques into the training loss function. They 

used partial cross-entropy loss on labeled pixels and a normalizedcut-based [140] and 

conditional random field (CRF)-based loss [141] for unlabeled pixels. Such intricate 

measures are often necessary for weakly supervised segmentation of objects with complex 

structures frequently present in natural images. As we show, we can obtain accurate GCL 

soma segmentation masks from our CNN trained on click-points using straightforward 

post-processing steps. 

Here we present the first automatic deep learning-based method for localizing 

GCL somas and measuring their diameters in independent sets of AO-OCT volumes 

acquired with two imaging devices from healthy and glaucoma subjects. Unlike 

fully-supervised, multi-task CNNs, we trained our network only with click-points in the 

context of weakly-supervised training to segment individual GCL somas (instance 

segmentation of GCL somas). We demonstrate that our method achieved high detection 

performance on par with expert graders and diameter measurements in line with previous 

histological and in vivo semi-automatic measurement studies. In addition, our method 
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was generalizable to a previously unseen retinal location between both imaging devices 

and groups of subjects. Experiments on glaucoma subjects showed that in addition to 

expert-level performance, cellular-level measurements correlated with GCL thickness and 

can potentially aid in disease diagnosis. 

 

Figure 18: Overview of the weakly supervised deep learning method for GC 

segmentation.During training, after segmenting the GCL from the entire AO-OCT 

volume, the volumes along with the manually marked soma locations are fed into the 

CNN. The CNN outputs are then post-processed to segment individual somas. At test 

time, we use the trained CNN and post-processing parameters on new AO-OCT 

volumes. 

4.2 Methods 

We developed and trained a weakly supervised deep learning-based framework 

for segmenting individual GCL somas from AO-OCT volumes (Figure 18). Briefly, we first 

narrowed the search space for GCL somas by automatically extracting this retinal layer 

from the complete AO-OCT volume (section 4.2.4.1 Data pre-processing). During the 

CNN training phase, instead of directly training our CNN (Figure 20, see section 4.2.4.2 

Neural network and training process) to learn the segmentation task, the CNN was 
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trained to localize GCL somas using manually marked soma locations. At testing phases, 

the network’s output volumes were used to segment individual somas with additional 

post-processing steps (see section 4.2.4.3 Soma localization and segmentation). In the next 

sections, we present details about the data and each step of our framework. 

4.2.1 AO-OCT Datasets 

We used two separate datasets acquired by the AO-OCT systems developed at 

Indiana University (IU) and the U.S. Food and Drug Administration (FDA), previously 

described[24]-[25]. Briefly, IU’s resolution in retinal tissue was 2.4 × 2.4 × 4.7 μm3 (width × 

length × depth), with width and length specified by the Rayleigh resolution limit.  The 

dataset consisted of 1.5° × 1.5° AO-OCT volumes from eight healthy subjects (seven males 

and one female, age: 32.4 ± 10.6 years) at 3°-4.5°, 8°-9.5°, and 12°-13.5° temporal to the 

fovea. Since the 3°-4.5° and 8°-9.5° retinal locations are densely packed with somas, the 

volumes from these locations were cropped to 0.67° × 0.67° (centered at 3.75°) and 

0.83°×0.83° (centered at 8.5°), respectively, to facilitate manual marking. For brevity, we 

refer to these three retinal locations as 3.75°, 8.5°, and 12.75°.  

The FDA dataset consisted of 1.5° × 1.5° volumes at 12° temporal to the fovea, 2.5° 

superior and inferior of the raphe (for brevity, we refer both locations as 12°) from five 

glaucoma patients with hemifield defect (ten volumes; one male and four females, 56.6 ± 

3.8 years) and four healthy age-matched subjects (six volumes; three males and one 

female, 57.3 ± 7.3 years). These volumes were acquired by the multimodal AO retinal 

imaging system[25] with in retinal tissue resolution of 2.5 × 2.5 × 3.7 μm3 (Rayleigh 
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resolution limit). Volumes from both institutions were the average of 100-250 registered 

AO-OCT volumes of the same retinal patch. All protocols adhered to the tenets of the 

Helsinki declaration and were approved by the Institutional Review Boards of Indiana 

University and the FDA. 

4.2.2 Ophthalmic Examination and Glaucoma Diagnosis 

All participants underwent a complete ophthalmological examination. The exam 

included the measurement of intraocular pressure, a slit lamp examination, dilated 

fundus examination, determination of axial length with biometry (IOLMaster, Zeiss and 

Lenstar, Haag Streit), and OCT imaging (Heidelberg Spectralis, Heidelberg, Germany) of 

the peripapillary retinal nerve fiber layer and macula. The glaucoma subjects were 

examined by a glaucoma subspecialist and included Humphrey 24-2 and 10-2 visual field 

(VF) tests (Humphrey Field Analyzer, Carl Zeiss Meditec Inc.). Full clinical records and 

OCT imaging data were examined to confirm the diagnosis of glaucoma. Automatic OCT 

retinal layer segmentation of GCL was confirmed and compared to AO imaging locations 

accounting for the raphe angle. To determine the total deviation (TD) values in the areas 

corresponding to AO imaged locations, VF 24-2 map was used with accounting for GC 

displacement[152]. All glaucoma patients included in this work underwent treatment to 

control intraocular pressure.  

4.2.3 Study Design 

 We used our datasets to conduct four different experiments to evaluate the 

performance of our algorithm in: (1) healthy subjects at two trained retinal locations, (2) 
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healthy subjects at an untrained retinal location (generalizability test), (3) glaucomatous 

subjects at trained retinal locations, and (4) healthy subjects imaged by two different AO-

OCT imagers with training on one and testing on the other (generalizability test). 

In the first experiment, we used 3.75° and 12.75° volumes from the IU dataset to 

train and validate our algorithm and compare against expert-level performance. To attain 

the gold-standard ground truth GCL soma locations, two expert graders sequentially 

marked the AO-OCT volumes. After the first expert grader marked the soma locations, 

the second grader reviewed the labelled somas and corrected these markings as needed. 

To compare with expert-level performance, we performed an inter-grader variability test 

in which we obtained a 2nd set of manual markings by assigning graders to previously 

unseen volumes. In total, nine graders were involved in the creation of the manual 

markings. Details on the assignment of graders to AO-OCT volumes are reported in 

Supplementary Table 5. During training, we used leave-one-subject-out cross-validation 

to optimally utilize our limited number of labeled datasets. In each fold of cross-

validation, we separated one 12.75° volume from the training set as the validation data 

for monitoring the training process and optimizing the post-processing parameters (see 

Soma localization and segmentation). In the second experiment, we used the trained 

CNNs from the first experiment and tested their performances on the 8.5° volumes of the 

corresponding test subjects without any fine-tuning or modification. 

For the third experiment, we used the FDA dataset to evaluate our performance 

on glaucomatous eyes. To create the gold-standard ground truth, two expert graders 
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sequentially marked the GCL soma locations. Similar to the IU dataset, the second grader 

reviewed the first grader’s labels and corrected them as needed. A third independent 

grader created the “2nd Grading” set, which served as the expert-level performance. We 

trained and optimized our method for both healthy and glaucoma volumes from FDA 

independently through leave-one-subject-out cross-validation. Next, to test the 

generalizability of the method between healthy and diseased eyes, we applied the CNN 

trained on all subjects of one group (healthy or glaucoma) to the other set.  

In the last experiment, we tested the generalizability of the method between 

different imaging systems. We applied the optimized pipeline on data from one device to 

data from the other device. Specifically, we used the 3.75° and 12.75° volumes from IU 

and the 12° volumes in the healthy subjects from FDA. Since the devices from these two 

centers have different voxel sizes (IU: 0.97 × 0.97 × 0.94 μm3, FDA: 1.5 × 1.5 × 0.685 μm3), 

we quantified the detection performance with and without test data resized to the training 

data voxel size. We used cubic interpolation for resizing the AO-OCT volumes. 

4.2.4 GCL Soma Segmentation 

4.2.4.1 Data pre-processing 

We performed retinal layer boundary segmentation as a pre-processing step to 

narrow the search space for GCL somas. For each volume, we identified the vitreous- NFL 

and GCL-inner plexiform layer (IPL) boundaries using the graph theory and dynamic 

programming (GTDP) method described in [112]. Briefly, the GTDP algorithm represents 

a B-scan image as a graph of connected nodes which are the image pixels. Neighboring 
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pixels are connected by edges with weights calculated from the image vertical intensity 

gradients. GTDP then identifies retinal layer boundaries as the minimum weighted path 

using Dijkstra’s algorithm [153].  

 

Figure 19: Extraction of the ganglion cell layer (GCL) from AO-OCT 

volumes.(Top) Overview of the layer segmentation steps applied to the contrast-

enhanced median B-scan image, denoted as the input image, and (bottom) illustrative 

examples for each step of the pipeline. The less transparent areas in R0, R1, and R2 

denote regions excluded from the boundary search space. 

Using GTDP, we sequentially segmented retinal layer boundaries from the 

contrast-enhanced median B-scan image (denoted as the input image in Figure 19) by 

limiting the search region using the segmentation result of the previous layer. The 

schematics in Figure 19 outlines the segmentation steps. First, we set the initial search 

region (R0) to be the upper half of the image based on the prior knowledge that all layers 

above the inner nuclear layer (INL) are in this region. Specifically, R0 is a binary mask with 
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only the upper half being one. In the case where the outer retina was cropped out from 

the AO-OCT volume during the manual grading process, R0 was set to 1 for the entire 

image. We then segmented the vitreous-NFL. Since the IPL-INL boundary is generally 

stronger than the GCL-IPL, we identified the IPL-INL prior to segmenting the GCL-IPL. 

While the vitreous-NFL is easily discernable due to its strong hyper-reflectivity, IPL-INL 

and GCL-IPL are not as prominent. To accurately segment these two boundaries, we 

applied a bilateral filter [154] with photometric spread of  σr = 1 and geometric spread of 

σd = (12, 1.5) (horizontal and vertical directions, respectively) to primarily smooth the 

input image in the horizontal direction while preserving the edges. We then generated a 

binary mask to narrow the initial search region, R0, for a more accurate identification of 

IPL-INL. We removed the region within W µm of the vitreous-NFL boundary from R0 to 

get the final search region R1 for IPL-INL. After identifying the IPL-INL with GTDP, we 

constructed the search region for GCL-IPL (R2). We defined R2 to be between S µm below 

vitreous-NFL and 10 pixels above IPL-INL. We empirically set the parameters as 

𝑊 =  {

3

4
𝐶, Healthy

3

8
𝐶, Glaucoma

, (1) 

and, 

𝑆 =  {

1

3
𝐶, Healthy

1

10
𝐶, Glaucoma

, (2) 

where C was selected to be 94 µm, 70 µm, and 55 µm for 3.75°, 8.5°, and 12.75° recordings, 

respectively. Based on these boundaries, we extracted volumes extending from the 
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vitreous-NFL to the GCL-IPL for further analysis. To avoid missing sparsely scattered 

somas at the GCL-IPL boundary, we kept N = 10 more slices below this boundary. 

4.2.4.2 Neural network and training process 

Our neural network is an encoder-decoder CNN with 3D convolutional filters. We 

designed our CNN such that its encoder path consisted of three down-sampling scales 

with skip connections to the one-level decoder path (Figure 20). Instead of using max 

pooling layers to reduce the resolution of the feature maps, we used convolutional layers 

with stride of 2 for down-sampling and to additionally double the number of feature 

channels. We incorporated residual learning [155] into the encoder path of our network, 

which has been shown to facilitate the optimization of deep neural networks. To upscale 

the feature maps to the input resolution, we used nearest neighbor up-sampling followed 

by a single convolutional layer. After concatenating the up-sampled feature maps, we 

used a convolutional layer with two filters to predict features for the background and 

soma classes. A final softmax layer converted the predicted features into normalized 

values between 0 and 1 that can be interpreted as class probabilities. All convolutional 

layers used filters of size 3×3×3 voxels (width × length × depth) and, except the last layer, 

were followed by batch normalization and rectified linear unit (ReLU) activation. 
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Figure 20: Network architecture.The numbers in parentheses denote the 3D 

convolutional filter size. The number of filters for each convolutional layer is written 

on each level. Nf = 32 is the base number of filters. ReLU: rectified linear unit; BN: 

batch-normalization; Conv: convolution; S: stride. 

We created training labels by placing a small sphere (radius of 2 µm) at each 

manually annotated GCL soma location. In such labels, most pixels belonged to the 

background class. We thus used the weighted binary cross-entropy loss to account for this 

class imbalanced problem. The loss, L, is defined as 

𝐿 =  − ∑[𝑤𝑝𝑜𝑠 𝑦𝑖 log(𝑝𝑖) + 𝑤𝑛𝑒𝑔(1 − 𝑦𝑖) log(1 − 𝑝𝑖)]

𝑖

, 
(3) 

where yi is the true class label (0 for background, 1 for soma) of voxel i, pi is the predicted 

probability for voxel i to be located on a soma, and wneg and wpos are the weights for the 

background and soma classes, respectively. To reduce the bias towards the background 

class with higher number of samples, we set wneg in L to a lower value than wpos, thus 

decreasing its importance in the training process. Specifically, we set wpos = 1 and wneg = 

0.008 for the IU dataset and wpos = 1 and wneg = 0.002 for the FDA dataset, which were 
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determined based on the ratio between the number of voxels in the soma class to the 

background class in the training labels. 

 During training, we sampled random batches of two 120×120×32 voxel volumes. 

To improve the generalization abilities of our model, we applied random combinations of 

rotations (90°, 180°, and 270° in the lateral plane) and flips (around all three axis) over the 

input and label volumes. In addition to these data augmentations, we applied additive 

zero-mean Gaussian noise with standard deviation of 1.5 to the input volume. We used 

the Adam optimizer [81] with learning rates of 0.005 and 0.001 for the IU and FDA 

datasets, respectively. We trained the network for a maximum of 120 epochs with 100 

training steps per epoch, during which the loss function converged in all our experiments. 

We used the network weights that resulted in the highest detection score (explained in 

4.2.5 Performance Evaluation) on the validation data for further analysis. 

During the CNN training on the 3.75° and 12.75° volumes, we accounted for the 

inhomogeneous presence of the larger parasol GCs between these two locations by 

exposing the CNN to the 12.75° volumes more than the 3.75° location. Specifically, we set 

the probability of selecting the 12.75° volumes to be five times higher than the 3.75° 

volumes. 

4.2.4.3 Soma localization and segmentation 

As the final step of our method, we post-processed the network’s predictions and 

final feature map (features before the Softmax layer) to localize GCL somas and obtain the 

segmentation masks, respectively. We input AO-OCT volumes into the trained network 
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using a 256×256×32 voxel sliding window with step size equal to half the window size. In 

the overlapping regions, we averaged the predictions (and features). Additionally, we 

used test-time-augmentation (TTA) to enhance soma detection and segmentation. This 

step consisted of averaging network predictions (and features) for eight rotations and 

reflections in the en face plane of the input volume. Next, we applied median filter of size 

3×3×3 to the prediction maps to remove spurious maxima. We then located somas from 

the filtered maps by finding points that were local maxima in a 3×3×3 (3×3×7 for FDA) 

voxel window and had probability values greater than T. We used the validation data to 

find the value of T that maximized the detection performance (see 4.2.5 Performance 

Evaluation). 

 

Figure 21: Unsupervised segmentation of GCL somas using the CNN’s learned 

features.The colored boxes correspond to steps with matching colors. Scale bar: 50 

µm. 

To segment somas, we used the network’s final feature volumes belonging to the 

soma class (Figure 20 and Figure 21). After normalizing the features to the range between 
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0 and 1 and inverting the intensities (0s became 1s and vice versa), denoting the result as 

Fmap, we used the 3D watershed algorithm to obtain the masks for individual somas. To 

prevent over-segmentation by the watershed algorithm, we first smoothed Fmap with a 

3D Gaussian filter and applied the H-minima transform using MATLAB’s (MathWorks) 

imhmin function with parameter 0.01. We set the filter’s standard deviation to (1.5, 1) 

pixels (en face and axial planes, respectively) and (0.4, 0.7) pixels for the IU and FDA 

datasets, respectively. Finally, we removed voxels with intensity values greater than 0.6 

in the filtered Fmap volume from the set of watershed masks. We estimated soma diameter 

as the diameter of an equivalent circle with an area equal to that of the soma’s en face mask 

image. In practice, we used information from one C-scan below to one C-scan above the 

predicted soma center to obtain more accurate estimates. Eye length was used to scale the 

retinal images from degrees to millimeters [156]. 

4.2.5 Performance Evaluation 

After training, we applied the network to the hold-out data for testing the 

performance. We evaluated the detection performance of our method by comparing the 

results with the gold-standard labels. We assessed the detection performance by using 

recall, precision, and F1 scores.  

 To determine the true positive somas, we used the Euclidean distance between 

the automatically found and the manually marked somas. Each manually marked soma 

was matched to its nearest automatic soma if the distance between them was smaller than 

D. We set the value for D to half of the previously reported mean GCL soma diameters in 
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healthy eyes for each retinal location. For the glaucoma case, we used 0.75 times the 

median spacing between manually marked somas. This yielded D values of 5.85 µm and 

8.78 µm for the 3.75° and 12°-12.75° volumes for healthy subjects, respectively, and 10.78 

µm for the 12° volumes from glaucoma patients. To remove border artifacts, we did not 

analyze somas within 10 pixels from the volume edges. For inter-observer variability, we 

compared the markings of the 2nd grading to the gold-standard markings in the same way.  

In addition to detection performance scores, we compared our estimated cell 

densities to the gold-standard values.  We measured cell density by dividing the cell count 

to the image area after accounting for large blood vessels and image edges. We did not 

differentiate GCs from displaced amacrine cells, which represent 22% of the somas in the 

GCL at 13° in healthy eyes [157]. We did not offset our counts with this value to facilitate 

comparison between healthy and glaucomatous eyes, for which we cannot determine the 

level of amacrine cell degeneration. Finally, for evaluating the segmentation accuracy, we 

compared our predicted soma diameters to data from previous in vivo semi-automatic 

measurements [24, 111] and histological studies [157-161]. 

4.3 Results 

4.3.1 Achieving Expert Performance on Healthy Subjects and 

Generalizing to an Unseen Retinal Location 

We first quantified the performance of our method using AO-OCT volumes taken 

from healthy individuals using Indiana University’s imaging system. In the human retina, 

GCL somas reach a maximum density and cell stack depth near 3°-4.5°, where these GCs 
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project to the densely packed cone photoreceptors at the foveal center [24, 157, 162]. At 

increasing eccentricities from this peak, the cell density and GCL thickness monotonically 

decrease, with GCs eventually arranged in a monolayer around 12°-13° [24, 157, 162]. The 

GC soma size also varies with retinal eccentricity, with some GC types varying more than 

others. The two primary subtypes of GCs are the midget and parasol cells; parasol GC 

somas are generally larger than midget GC somas (e.g. at 12°-13°) but are increasingly 

similar and smaller in size closer to the fovea. At 3°, the two GC types are effectively 

identical in size and thus indistinguishable based on size [159, 160, 163].  

Using the characteristically different 3.75° and 12.75° volumes (in terms of GCL 

soma sizes and size distributions), we trained our CNN through leave-one-subject-out 

cross-validation. The GCL soma detection performance of our automated method 

compared to the gold-standard manual markings and an inter-observer test are 

summarized in Table 7. Our method surpassed or was on par with expert performance in 

detecting GCL somas (p-values = 0.008 and 0.078 for 3.75° and 12.75° volumes, 

respectively; two-sided Wilcoxon signed rank test over F1 scores of n = 8 subjects). 

Next, with the aim of evaluating the generalizability of the method to a previously 

unseen location, we applied the optimized method to a new retinal region. To this end, 

we used the trained networks and optimized parameters on the 3.75° and 12.75° volumes, 

and we tested the performance on the 8.5° data. On the unseen 8.5° volumes, our method 

performed at a level indistinguishable from those of the former two retinal locations in 

terms of the F1 score (Table 7) and was on par with expert performance (p-value = 0.063; 
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two-sided Wilcoxon signed rank test over n = 5 subjects). To provide a more complete 

picture of the performance, the average precision-recall curves of our method compared 

to the average expert grading performance are shown in Figure 22a. The average curves 

were obtained by taking the mean of the precision and recall values of all the trained 

networks at the same threshold value. When matched to have the same average precision 

as the expert grader, the average recall scores of our method were 0.16, 0.08, and 0.08 

higher at the 3.75°, 8.5°, and 12.75° locations, respectively. Our method’s generalizability 

and expert-level detection performance persisted even if we used other intensity 

transformations on the GCL volumes prior to network training or disregarded test-time-

augmentation (Figure 22a and Table 8). 

Table 7: GCL soma detection performance scores for the IU dataset. Scores are 

reported as mean (standard deviation) calculated across n = 8 subjects for 3.75° and 

12.75° and a subset of n = 5 subjects for the 8.5° location. The 8.5° volumes were not 

involved in the training or optimization process. At each retinal eccentricity, the 

higher detection performance score (CNN vs 2nd Grading) is written in bold 

  GCL Soma Detection 

Eccentricity Method Recall Precision F1 

3.75° 
CNN 0.88 (0.09) 0.87 (0.06) 0.87 (0.04) 

2nd Grading 0.77 (0.16) 0.80 (0.08) 0.77 (0.06) 

12.75° 
CNN 0.88 (0.07) 0.85 (0.06) 0.87 (0.04) 

2nd Grading 0.83 (0.10) 0.82 (0.12) 0.81 (0.05) 

8.5° 
CNN 0.90 (0.05) 0.85 (0.04) 0.87 (0.02) 

2nd Grading 0.79 (0.02) 0.90 (0.03) 0.84 (0.02) 
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Table 8: Effect of intensity normalization and test-time-augmentation on 

detection performance for IU’s dataset. Scores are reported as mean ± standard 

deviation for F1 (recall, precision), calculated across n = 8 subjects for 3.75° and 

12.75°and n = 5 subjects for the 8.5° locations. 

  
Test-Time-Augmentation 

Intensity 

normalization 
Eccentricity Yes No 

Identity 

3.75° 
0.87 ± 0.04 

(0.88 ± 0.09, 0.87 ± 0.06) 

0.87 ± 0.04 

(0.87 ± 0.10, 0.88 ± 0.05) 

8.5° 
0.87 ± 0.02 

(0.90 ± 0.05, 0.85 ± 0.04) 

0.88 ± 0.01 

(0.89 ± 0.04, 0.87 ± 0.02) 

12.75° 0.87 ± 0.04 

(0.88 ± 0.07, 0.85 ± 0.06) 

0.86 ± 0.05 

(0.88 ± 0.06, 0.85 ± 0.07) 

Whiten 

3.75° 
0.85 ± 0.06 

(0.85 ± 0.14, 0.87 ± 0.07) 

0.86 ± 0.05 

(0.86 ± 0.13, 0.88 ± 0.05) 

8.5° 
0.88 ± 0.02 

(0.89 ± 0.03, 0.86 ± 0.02) 

0.88 ± 0.01 

(0.90 ± 0.04, 0.86 ± 0.02) 

12.75° 0.85 ± 0.06 

(0.86 ± 0.08, 0.85 ± 0.08) 

0.88 ± 0.06 

(0.87 ± 0.06, 0.85 ± 0.08) 

 

Using the method’s soma segmentation masks, we estimated the GCL soma 

diameters in the en face plane. The histograms of soma diameter values in Figure 22b 

reflect the trend of gradual increase in soma size from 3.75° to 12.75°, which is consistent 

with the retinal GC populations at these locations. The comparison between the estimated 

diameters with reported values from literature (Figure 22c) indicates that our predicted 

values are in line with values from ex vivo histological [157-161] and in vivo semi-

automatic [24, 111] measurement studies. To further validate the segmentation accuracy, 

we manually segmented 300-340 randomly selected GCL somas from the 12.75° volumes 

of three subjects. For each soma, we used the en face plane at which the soma center was 

located. The automatic segmentation masks agreed with the manual masks (mean (95% 
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confidence interval) of Dice similarity coefficients =  0.83 (0.82, 0.84), 0.81 (0.79, 0.82), and 

0.86 (0.85, 0.87) for subjects S1, S4, and S5, respectively; Figure 23a). 

 

Figure 22: Our method achieved expert-level performance across different 

retinal locations on the IU dataset. a, Average precision-recall curves of our method 

compared to average expert grader performances (circle markers). Each plotted curve 

is the average of n = 8 and 5 curves at the same threshold values for the 3.75°/12.75° 

and 8.5° data, respectively. TTA: test-time-augmentation. b, Soma size distributions 

for three subjects across different retinal locations. c, GCL soma diameters across all 

subjects compared to previously reported values. Error bars denote one standard 

deviation unless labeled with “r” to denote range of values. P: parasol GCs, M: midget 

GCs, fm: foveal margin, pm: papillomacular, pr: peripheral retina.  
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Figure 23: Comparison between automatic and manual GCL soma 

segmentations. a, Dice similarity coefficients between the automatic and manual 

masks, b, error in soma diameter measurements, and c, histogram of measured 

diameters for subjects S1, S4, and S5. Markers denote individual somas (n = 300-343 

somas). Error is defined as the automatically determined soma diameter minus the 

automatically measured diameter. Dice coefficients and soma diameters were 

calculated based on the binary masks at the en face plane where each soma’s center 

was located. Dashed black lines in a are the 95% data intervals. 

Example results with their comparison to the gold-standard manual markings are 

illustrated in Figure 24. The cyan, red, and yellow markers indicate correctly identified 

(true positive), missed (false negative), and incorrectly identified (false positive) somas, 

respectively. The average prediction times were 2.0 ± 0.5, 1.3 ± 0.1, and 3.2 ± 0.5 

minutes/volume for the 3.75°, 8.5°, and 12.75° data, respectively. These prediction speeds 
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were at least two orders of magnitude faster than that of manual grading, which took 7-8 

hours/volume. 

 

Figure 24: Illustrative results on the IU dataset.Soma detection and 

segmentation results on volumes from one subject. En face (XY) and cross-sectional 

(XZ and YZ) slices illustrate (top) soma detection results compared to the gold-

standard manual markings and (bottom) overlay of soma segmentation masks, with 

each soma represented by a randomly assigned color. Cyan, red, and yellow markers 

denote true positives, false negatives, and false positives, respectively. Only somas 

with centers located within 5 μm from the depicted slices in the top row are marked. 

The intensities of AO-OCT images are shown in log-scale. Scale bars: 50 μm and 25 

μm for the en face and cross-sectional slices, respectively. 

4.3.2 Achieving Expert Performance on Glaucoma Patients 

To demonstrate the ability of our method to process diseased eyes, we next applied 

it to AO-OCT volumes taken from glaucomatous eyes. Volumes from healthy and 
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glaucoma subjects at 12° temporal to the fovea were acquired with FDA’s imaging system. 

We whitened each extracted NFL+GCL volume by subtracting its mean and dividing by 

its standard deviation. We then trained our method separately on the two groups of 

subjects and validated the performances through leave-one-subject-out cross-validation. 

Table 9: GCL soma detection performance scores on the FDA dataset.Scores 

are reported as mean (standard deviation) calculated across n = 6 healthy and n = 10 

glaucoma AO-OCT volumes. For each group, the higher detection performance score 

(CNN vs 2nd Grading) is written in bold. 

  GCL Soma Detection 

Group Method Recall Precision F1 

Healthy 
CNN 0.90 (0.04) 0.78 (0.07) 0.84 (0.05) 

2nd Grading 0.93 (0.02) 0.72 (0.09) 0.81 (0.06) 

Glaucoma 
CNN 0.75 (0.14) 0.78 (0.15) 0.75 (0.11) 

2nd Grading 0.88 (0.07) 0.53 (0.16) 0.64 (0.13) 

 

 The method’s automatically estimated cell densities were similar to the gold-

standard values for both groups (p-values = 0.125 and 1 across n = 4 and 5 healthy and 

glaucoma subjects, respectively; two-sided Wilcoxon signed rank test; Figure 25a). Table 

9 summarizes the method’s detection results compared to the gold-standard manual 

markings and the inter-observer test results. For both groups, our results were on par with 

expert performance based on the average F1 scores of each subject (p-values = 0.125 and 

0.063 over n = 4 and 5 healthy and glaucoma subjects, respectively; two-sided Wilcoxon 

signed rank test).  
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Figure 25b depicts the average precision-recall curves of our trained networks 

compared to the average expert grader performance; at the same level of average expert 

grader precision, our method achieved 0.04 and 0.03 higher average recall scores for the 

healthy and glaucoma subjects, respectively. Our method achieved high detection scores 

even without data whitening or test-time-augmentation (Figure 25b and Table 10). 

Moreover, the method retained expert-level performance when tested on a group not used 

during training (Figure 25c and Table 11), reflecting its generalizability between healthy 

and diseased eyes. Figure 26 illustrates comparisons between our detection results with 

the gold-standard manual markings and the volumetric soma segmentation results for a 

healthy and a glaucoma subject. 

Table 10: Effect of intensity normalization and test-time-augmentation on 

detection performance for FDA’s dataset.Training and optimizations were done 

independently for the two groups of subjects. 

 
 

Test-Time-Augmentation 

Intensity 

normalization 
Dataset Yes No 

Identity 

Healthy 
0.76 ± 0.17  

(0.76 ± 0.24, 0. 83 ± 0.05) 

0.77 ± 0.12  

(0.78 ± 0.21, 0.80 ± 0.06) 

Glaucoma 
0.64 ± 0.19  

(0.59 ± 0.25, 0. 74 ± 0.16) 

0.61 ± 0.20  

(0.57 ± 0.27, 0. 71 ± 0.20) 

Whiten 

Healthy 
0.84 ± 0.05  

(0.90 ± 0.04, 0.78 ± 0.07) 

0.83± 0.05  

(0.87 ± 0.06, 0.80 ± 0.05) 

Glaucoma 
0.75 ± 0.11  

(0.75 ± 0.14, 0.78 ± 0.15) 

0.73 ± 0.12  

(0.78 ± 0.14, 0.72 ± 0.16) 
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Figure 25: Results on FDA’s healthy and glaucoma subjects.a, Automatically 

estimated cell densities (cross markers) agreed with the gold-standard manual values 

(circle markers) for both groups. Corresponding points from the automatic and 

manual sets are connected. Error bars denote one standard deviation. P-values = 0.125 

and 1 (two-sided Wilcoxon signed rank test with n = 4 and 5 subjects) for the healthy 

and glaucoma groups, respectively. n.s: not significant. b, Average precision-recall 

curves of our method compared to average expert grader performances (circle 

markers). c, Average precision-recall curves of our method trained on one group of 

subjects and tested on the other compared to the average expert grader. Each plotted 

curve is the average of n = 6 and 10 curves for the healthy and glaucoma volumes, 

respectively. 
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Table 11: Generalizability test between groups of subjects from the FDA 

dataset.Networks were trained with whitened volumes, and predictions were made 

with test-time-augmentation. Validation data denote volumes used to determine the 

post-processing parameters. For tests with inter-group test and validation data, 

parameters were optimized on a randomly selected dataset from the validation group. 

Leave-one-subject-out cross-validation was used for tests with intra-group test and 

validation data. 

 Validation Data 

Test Data 
Training 

Data 
Healthy Glaucoma 

Healthy 

Healthy 
0.84 ± 0.05  

(0.90 ± 0.04, 0.78 ± 0.07) 
- 

Glaucoma 0.84 ± 0.03  

(0.88 ± 0.05, 0.81 ± 0.05) 

0.84 ± 0.03  

(0.89 ± 0.04, 0.81 ± 0.05) 

Glaucoma 

Healthy 
0.58 ± 0.22  

(0.47 ± 0.27, 0.92 ± 0.07) 

0.71± 0.11  

(0.71 ± 0.18, 0.75 ± 0.11) 

Glaucoma - 
0.75 ± 0.11  

(0.75 ± 0.14, 0.78 ± 0.15) 

 

Using the soma segmentation masks, we estimated cell diameters in the en face 

plane. As illustrated in Figure 27a, the estimated soma diameters on the healthy cohort 

agrees with the estimates from the IU dataset and previous studies at 12°-13°. The results 

also reflect an increase of 2.88 µm (p-value = 0.03, Wilcoxon rank sum test with n  = 5 

glaucoma and 4 healthy subjects, respectively) in the average soma size of glaucoma 

subjects compared to healthy individuals, which is in line with recently reported semi-

automatic measurements [164]. 
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Figure 26: Illustrative results on FDA’s dataset. En face (XY) and cross-sectional 

(XZ and YZ) slices illustrate (top) soma detection results compared to the gold-

standard markings and (bottom) overlay of individual segmentation masks, with each 

soma represented by a randomly assigned color. Cyan, red, and yellow markers 

denote true positives, false negatives, and false positives, respectively. Only somas 

with centers located within 5 μm from the depicted slices in the top row are marked. 

Scale bars: 50 μm and 25 μm for the en face and cross-sectional slices, respectively. 

4.3.3 Structural and Functional Characteristics of Glaucomatous Eyes 

Differ from Control Eyes 

Using our automatic quantification method, we next examined the differences in 

cellular-level characteristics and clinical data of glaucomatous eyes compared to healthy 

eyes. Figure 27b illustrates the GCL soma size against cell densities, reflecting that 

glaucoma subjects exhibited lower number of cells that were larger than somas in the 
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healthy group. As shown in Figure 27c, the automatically determined cell densities 

strongly correlated with GCL thicknesses measured from AO-OCT images (Pearson 

correlation coefficient, ρ = 0.860, p-value < 0.001), whereas they did not correlate with 

thickness values obtained from clinical OCT images (ρ = 0.471, p-value = 0.065). For 

analysis of functional measures in glaucoma subjects, we used the total deviation (TD) 

and pattern deviation (PD) values (in decibels) provided by the Humphrey 24-2 visual 

field test. TD and PD values represent the local loss in sensitivity and focal depressed 

areas compared with age-matched controls, respectively. PD values account for any 

depression of the hill of vision that might be caused by cataracts, vitreous hemorrhages, 

or other diffuse media opacities. When comparing these local functional measures with 

the local structural characteristics (Figure 27d), the soma density in log-scale correlated 

with TD (ρ = 0.715, p-value = 0.02) and PD (ρ = 0.662, p-value = 0.037). The log-scale GCL 

thickness from AO-OCT images also correlated with these measures (ρ = 0.684 and 0.698, 

p-values = 0.029 and 0.025 for TD and PD, respectively), while the measurements from 

clinical OCT lacked correlation with the functional data (ρ = 0.203 and 7420.119, p-values 

= 0.573 and 0.742 for TD and PD, respectively). GCL thickness and soma density, when 

used together as independent variables, increased the correlation with both TD and PD 

(coefficient of multiple correlation, R = 0.735 and 0.715, respectively). Adding the GCL 

soma diameters as an additional independent variable further increased the correlation 

with the functional measures (R = 0.760 and 0.756 for TD and PD, respectively). 
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Figure 27: Structural and functional characteristics of glaucomatous eyes 

compared to controls. a, GCL soma diameters across all subjects compared to values 

reported in the literature. b, Automatic cell densities and average diameters for all 

volumes. c, GCL thickness versus soma densities for all volumes measured with 

clinical OCT and AO-OCT images. d, Total deviation (TD) and pattern deviation (PD) 

measurements versus cell densities and GCL thickness values in log-scale for 

glaucoma subjects. ρ: Pearson correlation coefficient. In b-d, each subject is shown 

with a different marker shape. Some subjects had imaging at both 2.5° superior and 

inferior of the raphe at 12°. Error bars in a-b denote one standard deviation. 
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4.3.4 Generalizing Between Imaging Devices 

The aforementioned results were obtained from two imaging systems with 

different scan and sampling characteristics by training models separately for each device. 

The voxel size of AO-OCT volumes imaged with IU’s device were 0.97 × 0.97 × 0.94 μm3 

(width × length × depth), compared to 1.5 × 1.5 × 0.685 μm3 for volumes acquired by FDA. 

To evaluate the generalizability of the method between these devices, we applied the 

trained and optimized method on data from one device to volumes acquired by the other 

system (Table 12).  

Table 12: Generalizability of trained method across different AO-OCT 

imaging systems with different scan characteristics.Detection scores are reported as 

mean ± standard deviation for F1 (recall, precision) across n = 16 and 6 volumes for IU 

and FDA, respectively. The IU dataset consisted of the 3.75° and 12.75° locations. 

Networks were trained with whitened volumes, and predictions were made with test-

time-augmentation. Resizing denotes interpolation of the test volumes to the voxel 

size of the training dataset before passing them to the networks. 

 
 

Resizing Test Volumes 

Test Data 
Training 

Data 
Yes No 

IU 

IU - 
0.85 ± 0.06 

(0.86 ± 0.11, 0.86 ± 0.07) 

FDA Healthy 
0.86 ± 0.05  

(0.83 ± 0.08, 0.90 ± 0.05) 

0.64 ± 0.16  

(0.52 ± 0.17, 0.92 ± 0.04) 

FDA Healthy 

IU 
0.75 ± 0.10  

(0.93 ± 0.07, 0.63 ± 0.12) 

0.55± 0.16  

(0.43 ± 0.17, 0.83 ± 0.06) 

FDA Healthy - 
0.84 ± 0.05  

(0.90 ± 0.04, 0.78 ± 0.07) 

 

To this aim, we used IU’s 3.75° and 12.75° volumes and FDA’s healthy data at 12°. 

After resizing the test volumes to the same voxel size as the training data, the detection 
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performance of the inter-device testing scheme (mean ± SD F1 scores of FDA train, IU test: 

0.86 ± 0.05, and IU train, FDA test: 0.75 ± 0.10) was similar to that of the intra-device 

framework (IU: 0.85 ± 0.06, and FDA: 0.84 ± 0.05 with p-values = 0.844 and 0.125 over n = 

8 and 4 subjects, respectively; two-sided Wilcoxon sign rank test on the average F1 scores 

of each subject) without additional parameter optimization. Without test volume resizing 

and parameter tuning, the trained method on one device could not necessarily generalize 

to the other imager (F1 scores of FDA train, IU test: 0.64 ± 0.16, and IU train, FDA test: 0.55 

± 0.16 with p-values = 0.008 and 0.125 over n = 8 and 4 subjects, respectively; two-sided 

Wilcoxon sign rank test). 

4.4 Discussion 

Our work provides a first step toward automatic quantification of GCL somas 

from AO-OCT volumes. We developed a weakly-supervised deep learning-based method 

to automatically segment individual somas without manual segmentation masks, which 

are expensive to acquire. We trained the CNN using expert markings of soma locations. 

Using the trained localization network, we devised an unsupervised method to segment 

individual GCL somas. We trained and validated our method on healthy and glaucoma 

subjects and two separate imaging devices across multiple retinal locations. Compared to 

manual marking of volumes, which took between 7-8 hours/volume, our method was at 

least two orders of magnitude faster with a speed of less than 3 minutes/volume. 

Our method achieved high detection performance regardless of retinal 

eccentricity, imaging device, or presence of pathology. The ability of our technique to 
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identify GCL somas matched or exceeded that of experts and generalized to an unseen 

retinal location, between healthy and glaucoma subjects, and between devices. 

Additionally, our method’s soma segmentation masks agreed with manual segmentation 

masks and the mean and range of estimated soma diameter values were comparable to 

the reported values from previous ex vivo and in vivo measurement studies.  

Our estimated soma diameters differed from previous studies in two aspects. First, 

the inter-subject standard deviation (SD) of mean soma diameters for individuals 

involved in this study (measured automatically; error bars in Figure 22c) were smaller 

than the values reported by Liu et al. [24]. This dissimilarity could be due to differences 

between the soma diameter measurement approaches taken by us and this study. In our 

work, we approximated soma diameters with the diameter of a circle with the same area 

as the soma segmentation mask (for both manual and automatic). Whereas Liu et al. [24] 

defined soma diameter as twice the distance between the manually marked soma center 

and the minimum in the circumferential intensity averaged trace around the soma center. 

The other in vivo diameter measurement study by Rossi et al. [111] has reported the mean 

and SD over the set of all manually segmented somas of two human subjects, which 

cannot be directly compared to our inter-subject SD of mean soma diameters reported in 

Figure 22c. In addition, Rossi et al. measured GCL soma diameters from AO-SLO images, 

which are different from AO-OCT images in terms of image quality. The inherent inter- 

and intra- variability of human graders in marking images due to the subjective nature of 

the task, as has been demonstrated for OCT and AO-SLO images [132, 165, 166], could 
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also contribute to the higher SD values of previous studies. In contrast, our automatic 

method provides objective segmentations of GCL somas. The second difference between 

our results and previous studies was the distribution of the measured soma diameters. 

Previous literature [24, 157] has reported a bimodal distribution for the soma size at retinal 

eccentricities above 6°, with the peaks presumably corresponding to the mean diameters 

of parasol and midget cell populations. Although the distributions of our automatic 

diameter measurements for the 12.75° volumes did not appear bimodal for all subjects, a 

second smaller peak at higher diameter values was apparent for some subjects (S1 and S4 

in Figure 22b and for randomly selected set of somas in Figure 23c). The difference 

between diameters measured from the manually and automatically segmented somas 

(Figure 23b) reflect that the automatic method yielded larger diameters for smaller GCL 

somas (diameters < 15 µm) and smaller diameters for larger cells compared to the expert 

grader. These differences might ultimately render the two underlying peaks in the soma 

diameter distributions to be less distinguishable from each other over the set of all 

detected somas.   

We showed the generalizability of our method to an unseen retinal location using 

IU’s dataset. For this purpose, we used the AO-OCT volumes recorded at 3.75° and 12.75° 

retinal locations as the training data. When evaluated on the 8.5° AO-OCT volumes, the 

trained model achieved similar performance to the 3.75° and 12.75° dataset. As the two 

extreme locations involved in training encompassed the range of spatially varying GC 
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size, type, and density across much of the retina, we anticipate that the trained model 

would generalize to other untested retinal locations without additional training. 

Although the performance of our method on the glaucoma dataset was lower than 

that on the healthy group, the expert performance on these data was lower as well. This 

reflects the inherent differences between the data from the two groups of subjects and the 

difficulty of identifying cells within glaucoma volumes. It is likely that with larger 

datasets, the performance of our method would improve.  

To demonstrate the utility of our developed framework, we investigated the 

relationships between the automatically measured cellular-level characteristics of the 

GCL and its thickness values from AO-OCT and clinical OCT images and local functional 

measures from visual field test (TD and PD). Our results reflected larger GCL soma 

diameters in glaucoma subjects compared to healthy individuals. The structural analysis 

demonstrated a strong linear correlation between local GCL cell density and AO-OCT 

measured thickness across healthy and glaucoma subjects. Thickness values obtained 

from clinical OCT images, which were larger than values measured from AO-OCT 

images, did not exhibit strong relation to the local cell density. GCL cell density, AO-OCT 

measured thickness, and soma diameter (in log-scale) together increased the linear 

correlation with the functional measures in glaucoma subjects compared to when each 

measure was considered individually. As the population of glaucoma patients involved 

in this work was relatively small (five individuals) and the subjects varied in the stage of 

disease (early and moderate), future studies are needed to further investigate the 
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structure-function relationship throughout different stages of glaucoma. Our work paves 

the way towards these clinical studies. 

In this work, we trained a CNN to localize somas in the AO-OCT volumes and 

then used the 3D watershed algorithm on the trained network’s feature map to obtain 

individual soma masks. Future work could extend the current framework to additionally 

optimize the network’s features for the instance segmentation task by incorporating 

regularization terms into the training loss function. Additionally, our work could be 

further extended by exploiting interactive instance segmentation techniques [167, 168] to 

correct errors from the automatically obtained segmentation masks with active guidance 

from an expert. Such an approach may also result in a framework robust to the 

inaccuracies in the initial user-provided training labels. 

 Despite the great potential of AO-OCT for early disease diagnosis and treatment 

outcome assessment, the lack of reliable automated soma quantification methods has 

impeded clinical translation. To our knowledge, this is the first automated GCL soma 

quantification method for AO-OCT volumes that achieved high detection performance 

and accurate soma diameter measurement, thus offering an attractive alternative to the 

costly and time-consuming manual marking process. We envision that our automated 

method would enable large-scale, multi-site clinical studies to further understand 

cellular-level pathological changes in retinal diseases. 
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5. Conclusion 

The work presented in this dissertation described the development of frameworks 

for automatic analysis of neuronal signals and images. This included (1) quantification of 

the optimal resolution limits for temporally overlapping fluorescence signals of neural 

activity, (2) development of a fast and robust framework for automatic segmentation of 

active neurons, and (3) development of an automatic, weakly-supervised framework for 

volumetric segmentation of retinal ganglion cells. The performances of all developed 

frameworks were validated against either experimentally or manually obtained ground 

truth data and compared to other state-of-the-art methods, if applicable. 

In chapters 2 and 3, frameworks for processing two-photon calcium imaging 

recordings of mice brain were developed. First, using a statistical approach, we showed 

that attaining resolution finer than the peak time for the genetically encoded calcium 

indicators GCaMP6s and GCaMP6f is possible. We further calculated the Cramer-Rao 

based lower bounds to obtain the limits of attainable precision in estimating the unknown 

AP-evoked fluorescence signal parameters for overlapping transients. In the next chapter, 

to overcome the bottleneck of fast neuron segmentation in the analysis workflow, we 

presented an automated, fast, and reliable active neuron segmentation framework with a 

3D CNN named STNeuroNet. STNeuroNet was combined with intuitive pre- and post-

processing steps for improved performance. Our framework sequentially processed 

calcium imaging recordings and could segment overlapping neurons, surpassed other 
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state-of-the-art methods on two separate two-photon microscopy datasets, was on par 

with expert graders, and could generalize to unseen data from other cortical layers. 

In chapter 4, we shifted focus from segmenting neurons in two-photon calcium 

imaging data to segmenting retinal ganglion cells in AO-OCT images of human eyes.  We 

designed and validated a new deep learning-based method with a 3D CNN at its core to 

automatically segment individual GCs. The elegant design of our overall framework in 

the context of weakly-supervised learning resulted in a high-fidelity software with 

performance on par with human experts which generalized to an unseen retinal location, 

between healthy and glaucoma subjects, and between imagers. Additionally, our 

method’s soma segmentation masks agreed with manual segmentation masks and the 

mean and range of estimated soma diameter values were in the range reported in previous 

ex vivo and in vivo measurement studies. Through this technical advance, the processing 

time of AO-OCT volumes was significantly reduced from approximately 8 hours/volume 

to less than 3 minutes/volume. 

In summary, the results of this dissertation provide opportunities for accurately 

exploring the dynamism of neuronal populations in real-time for neuroscience 

applications and will facilitate early diagnosis, accurate prognosis, and treatment 

monitoring of neurodegenerative retinal diseases like glaucoma for clinical use and 

research purposes. 

 



120 

Appendix A: Calculation of the Fisher Information Matrix 

Here we calculate the Fisher Information matrix. The elements of the Fisher 

information matrix for data with Poisson statistics are calculated as 

𝐈𝐹𝑖𝑗
=  −E {

𝜕2𝑝(𝒚; 𝜽1)

𝜕𝜽1𝑖𝜕𝜽1𝑗
} = ∑

1

𝑠1(𝑡𝑘; 𝜽1)

𝜕𝑠1(𝑡𝑘; 𝜽1)

𝜕𝜽1𝑖

𝜕𝑠1(𝑡𝑘; 𝜽1)

𝜕𝜽1𝑗
,

𝐾

𝑘=1

 (A.1) 

in which θ1 contains the parameters defining the signal model. For the general case of 

unknown ISI (d) and amplitudes ([α, β]), θ1 = [d, α, β]. As described in section 2.2.2.1 Spikes 

with known amplitudes, we are defining the two spike model such that the spike times 

(d1 and d2) are located around time t = 0.  

𝑠1(𝑡𝑘; 𝜽1) =  𝛼𝐹0ℎ(𝑡𝑘 − 𝑑1) + 𝛽𝐹0ℎ(𝑡𝑘 + 𝑑2) + 𝐹0. (A.2) 

in which 

𝑑1 =
𝛽

𝛼 + 𝛽
𝑑  𝑎𝑛𝑑  𝑑2 =

𝛼

𝛼 + 𝛽
𝑑. (A.3) 

 The derivatives involved in calculating the elements of the Fisher Information matrix 

are derived below: 

𝜕𝑠1(𝑡𝑘; 𝑑)

𝜕𝑑
=

−𝛼𝛽

𝛼 + 𝛽
𝐹0 (

𝜕ℎ

𝜕𝑡
|

𝑡=𝑡𝑘−𝑑1

−
𝜕ℎ

𝜕𝑡
|

𝑡=𝑡𝑘+𝑑2

), (A.4) 

𝜕𝑠1(𝑡𝑘; 𝑑, 𝛼, 𝛽)

𝜕𝛼
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𝛽
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), (A.5) 

𝜕𝑠1(𝑡𝑘; 𝑑, 𝛼, 𝛽)
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and 
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Appendix B: Other Algorithms for Automatic Neuron 

Segmentation from Two-photon Calcium imaging Videos.  

B.1 CaImAn  

We used the available code at https://github.com/flatironinstitute/CaImAn to 

implement the algorithm of [18]. We selected the optimal parameter values for CaImAn 

Online and CaImAn Batch that resulted in the highest performance. Specifically, we 

performed a grid search over a range of values for the tuning parameters using leave-one-

out cross-validation to quantify the performance on the ABO Layer 275 µm data. We 

reported the performance scores on the ABO Layer 175 µm test set and the Neurofinder 

test set using the best parameters determined by the ABO Layer 275 µm data and the 

Neurofinder training data, respectively. The CaImAn toolbox includes two pre-trained 

CNNs for the analysis of calcium imaging data. One CNN is used during the processing 

pipeline of the CaImAn Online method, and the other is used as a post-processing step to 

reduce falsely detected masks. We have re-trained these two networks with the available 

data using the scripts provided by the authors.  

When applying CaImAn Online to the ABO Layer 275 µm data, we changed the 

expected half-size of neurons from 5 pixels to 10 pixels (3.9 µm to 7.8 µm) and selected 

the number of components during the initialization phase from [2, 10, 50, 150] and the 

number of frames for initialization from [100, 200, 300]. We selected the minimum signal-

to-noise ratio (SNR) for accepting new components from [2, 4, 6, 8], the maximum number 

https://github.com/flatironinstitute/CaImAn
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of neurons added per frame from [5, 10, 25, 50], the threshold of the trained classifiers for 

adding new components during the online processing from [0.5, 0.7, 0.8, 0.9, 0.95], and the 

threshold for eliminating false positives from 0 to 0.5 with step size of 0.01. When applying 

CaImAn Online to the Neurofinder dataset, we set the expected half-size of neurons, the 

initial batch size and the number of initialization components to the values used by [18]. 

We selected the minimum acceptable SNR from [2, 2.5, 4, 6] and the maximum number of 

added neurons per frame from [5, 10, 20] while changing the classifier thresholds for 

adding new components and eliminating components from [0.5, 0.75, 0.8] and from 0 to 

0.5 with step size of 0.1, respectively.  

For CaImAn Batch on both ABO and Neurofinder datasets, we used the optimal 

half-size of neurons found from the CaImAn Online results. We set the patches to be 

100×100 pixels with 10 pixels overlap between patches. We set the number of components 

per patch to 40, twice the maximum average number of neurons per 100×100 pixels area 

from the GT set, to avoid low recall. We selected the spatial correlation threshold from 

[0.75, 0.80, 0.85], the upper and lower thresholds for the CNN classifier from [0.8, 0.9, 0.95, 

0.98] and 0 to 0.5 with step size of 0.1, respectively. We selected the minimum SNR for the 

ABO dataset from 4 to 10 with increment of 2, and for the Neurofinder dataset from [1.8, 

2, 2.5, 3]. We used the optimal values that yielded the highest mean F1 score across the 

training set to quantify the final performances. As in [18], we binarized each real-valued 

detected mask by using 0.2 times the maximum value of the mask as the threshold. 
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B.2 Suite2p  

We used the code provided by [20] available online at https://github.com/cortex-

lab/Suite2P. Through leave-one-out cross-validation, we quantified the performance of 

Suite2p on the ABO Layer 275 µm dataset. We used all of the ABO Layer 275 µm data and 

Neurofinder training data to quantify the performance on the ABO Layer 175 µm test set 

and the Neurofinder test set, respectively. For both the ABO and Neurofinder datasets, 

we varied the diameter of neurons from 7.8 µm to 15.6 µm with step size of 3.9 µm, the 

number of singular value decomposition (SVD) components from 200 to 800 with step 

size of 100, number of frames for SVD from 1000 to 4000 in steps of 1000. We selected the 

probability threshold of their ROI classifier from 0 to 0.5 with step size of 0.1, and the 

minimum and maximum acceptable sizes from 15 to 120 µm2 and 100 to 845 µm2 in 

increments of 18 µm2 and 426 µm2, respectively. We kept all other parameters at the 

default values set by the authors of [20]. For each data, we ran the Suite2p procedure until 

the number of detected neurons did not change, or until we reached a maximum of one 

hundred iterations. We also trained their ROI classifier on the training videos by manually 

curating the results that yielded the largest number of detected neurons. For each 

validation iteration, we used the best combination of parameters that yielded the highest 

mean F1 score on the training data for the test data to report the final performance scores 

of Suite2p. 

https://github.com/cortex-lab/Suite2P
https://github.com/cortex-lab/Suite2P
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B.3 HNCcorr  

HNCcorr is a graph-cut based method that processes the correlation image. We 

used the code provided by [64] at https://github.com/hochbaumGroup/HNCcorr. Like 

other methods, we performed leave-one-out cross-validation to quantify HNCcorr’s 

performance on the ABO Layer 275 µm data, and used all of the ABO Layer 275 µm data 

and the Neurofinder training data to quantify the performance on the ABO Layer 175 µm 

test set and the Neurofinder test set, respectively.  For the ABO dataset, we set the 

segmentation window size to 37 pixels (28.9 µm) and the average neuron size to 107.5 µm2 

We selected the percentage of seeds from 0.1 to 0.7 with step size of 0.1, the seed size from 

1×1 pixel to 5×5 pixels, and the minimum and maximum acceptable sizes from 35 to 60 

µm2 and 122 to 243 µm2 with step size of 6 µm2 and 30 µm2, respectively. For the 

Neurofinder dataset, based on the parameters reported in [64], we set the segmentation 

window size to 41 pixels, the percentage of seeds to 0.4, and the average neuron sizes to 

the values reported in Supplementary Table 3 of [64]. In accordance with the values used 

in [64], we changed the seed size from 1×1 pixel to 5×5 pixels, and the minimum and 

maximum acceptable sizes from 30 to 50 pixels and 200 to 800 pixels with step size of 10 

and 100 pixels, respectively. We used the combination of parameters that yielded the 

highest mean F1 score on the training data for the test data to report the final performance 

scores of HNCcorr. 

https://github.com/hochbaumGroup/HNCcorr
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B.4 UNet2DS  

We used the code provided by [67] at https://github.com/alexklibisz/deep-calcium 

to train and test the UNet2DS network on the ABO dataset. This CNN is based on the 

popular UNet [70] and uses the mean image of the data to segment neurons. We 

performed leave-one-out cross-validation to quantify the performance of this network on 

the ABO Layer 275 µm data, and used the ABO Layer 275 µm data and the Neurofinder 

training data to quantify the performance on the ABO Layer 175 µm test set and 

Neurofinder test set, respectively. Using the same training procedure outlined by [67], we 

trained UNet2DS for 50 epochs with 100 training iterations in each epoch using sixteen 

randomly cropped 128×128 pixels regions from the mean image, utilizing the dice-loss 

and the Adam optimizer. In accordance with [67], we tracked the F1 score on a validation 

video selected from the training set to ensure the network was not overfitting. For the 

Neurofinder data, we used the exact scripts provided by [67] to train on the six training 

videos. At inference time, we averaged the predictions from eight rotations and reflections 

of the full spatial-extent of the test image to make the final prediction. We used the 

combination of parameters that yielded the highest mean F1 score on the training data for 

the test data to report the final performance scores. 

 

  

https://github.com/alexklibisz/deep-calcium
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