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Abstract Currently, calcium imaging allows for the long-term recording of large-scale neuronal

activity in diverse states. However, it remains difficult to extract neuronal dynamics from

recorded imaging data. In this study, we propose an improved CNMF-based algorithm and an

effective method for extracting cell shapes with fewer false positives and false negatives caused

by image processing. We also showed that the values obtained during image processing can be

combined and used for false positive determination of cells. For the CNMF algorithm, we

combined cell-by-cell regularization and baseline shrinkage estimation, which greatly improved

its stability and robustness. We applied these methods to artificial and real data and confirmed

their effectiveness. Our method is simpler and faster, detects more cells with lower firing rates

and signal-to-noise ratios, and enhance the quality of the extracted cell signals. These advances

can improve the standard of downstream analysis and contribute to progress in neuroscience.

Introduction
A major goal of neuroscience is to understand interactions within large populations of neurons,

including network dynamics and emergent behaviors. This requires recording diverse activities in

large populations of neurons. In recent years, genetic indicators have been widely recorded by

microscopy, and advances in genetic optics have greatly improved the signal strength of calcium-
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binding protein indicators (Chen et al., 2013). Currently, neuronal activity can be imaged in vivo

in a wider region of the brain for longer periods (Cotton et al., 2013; Ahrens et al., 2013; Prevedel

et al., 2014; Diego Andilla and Hamprecht, 2013). In addition to two-photon microscopy, the de-

velopment of miniaturized microscopes such as microendoscopes has greatly expanded the area

that can be visualized, such as the deep brain of a freely movingmouse, and the data obtained has

burgeoned (Flusberg et al., 2008; Ghosh et al., 2011; Ziv and Ghosh, 2015). Therefore, an efficient

and accurate method is required to detect the spatial positions and shapes of neurons as well as

their temporal firing patterns from the obtained imaging data.

The first method for extracting individual cells from calcium imaging data is region of interest

(ROI) analysis, which first extracts an ROI and then extracts the temporal changes in calcium con-

centration within the ROI (Smith and Häusser, 2010; Pinto and Dan, 2015; Barbera et al., 2016;

Klaus et al., 2017). However, this method cannot effectively separate the signals of spatially over-

lapping neurons. In addition, there is no accurate and efficient method for obtaining ROIs for large

data sets (Resendez et al., 2016). The second method is PCA / ICA analysis (Mukamel et al., 2009).

Because this method is a linear separation method, it still cannot accurately separate cells with

respect to spatial overlap (Resendez et al., 2016). Consequently, a third method, that includes non-

negative matrix factorization (NMF) (Maruyama et al., 2014) and constrained NMF (CNMF) analysis

(Pnevmatikakis et al., 2013, 2016), has been proposed. CNMF analysis models the position and

shape of cells (footprint), the relationship between spikes and calcium fluctuations, and the sta-

tistical nature of noise. Therefore, it is possible to deconvolve overlapping cells into pure activity

without causingmutual noise contamination. However, algorithms that simply optimize themodel

are computationally expensive. The standard solution uses an iterative algorithm that alternately

improves calcium fluctuations and cell shapes. But instabilities arise during this iteration that de-

grade accuracy. For this reason, various computational innovations have been proposed. Among

them, CNMF-E is awidely used, high-performancemethod that considers the effects of background

fluctuations in addition to numerous computational innovations (Zhou et al., 2018).

However, CNMF-E also presents some areas for improvement. It uses three parameters for

initialization: cell size, intensity (signal-to-noise ratio), and a threshold for correlation with neigh-

boring pixels. The greedy method detects cells by order of signal size, a rather complicated and

arbitrary procedure that repeats a small algorithm that analyzes the spatio-temporal structure of

single cells at each step. Particularly for regions such as the hippocampus, where cell size variation

is large, it is difficult to set parameters, requiring multiple attempts to adjust them, including by

manual procedures.

Another drawback is that the iterativemethod computes the background in a step independent

of the cellular activity. The CNMF-based algorithm does not penalize the background activity for

footprint and fluorescence intensity variations, variables that are penalized due to sparsity limi-

tations arising from its structure. Therefore, if background activity is regarded as a component,

the risk is that fluctuations that are essentially cellular activity will be forced into the background

activity. Otherwise expressed, the determination of the reference baseline is critical for estimating

the non-negative cellular activity, and since cellular activity and the baseline significantly influence

each other, it is a difficult question whether the iterative method is sufficiently effective. Specifi-

cally, the same fluorescence intensity fluctuation can be estimated as a continuous firing activity

or a low-frequency firing state, depending on how the baseline is taken (Takekawa et al., 2017).

In this paper, weproposeHOTARU (HighperformanceOptimizer to extract spike TimingAnd cell

location from calcium imaging data via lineaR impUlse), a simple, automatic calcium imaging data

analysis system that improves on the above two limitations. First, multiple cell size parameters

are set within a certain range, and an initial footprint is formed using a Laplacian of Gaussian

(LoG) filter and watershed cuts algorithm (Cousty et al., 2008), which is effective for blob detection

(Lindeberg, 2013). In addition, candidate cells are detected independently from every frame of

the video to prevent missing those with low firing rates. This means that a huge number of cell

candidates are generated in the first step, from which a greedy method that takes advantage of
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Table 1. Variables and parameters used in the HOTARU model.

kind parameter description

Data F[t, x] normalized video data

T number of frames

X number of pixels

Independent parameters 
[�] response function (�[t − �, t] = 
[�])

�T coefficient of temporal baseline penalty

�X coefficient of spatial baseline penalty

�U coefficient of spike penalty

�A coefficient of footprint penalty

Independent variables K number of components

ak[x] footprints

uk[t] spike trains

Dependent parameters �2
T

shrinkage parameter
(
=
(
1 + �X

)−1)

�2
X

shrinkage parameter
(
=
(
1 + �T

)−1)

Operators Ety[t] Average operator 1

T

1
t
y[t]

B� Baseline operator �2
T

(
Et − Et,x

)
+ �2

X

(
Ex − Et,x

)
+ Et,x

Dependent variables vk[t] calcium fluctuation
(
=
1

�
uk[t − �]
[�]

)
b[t, x] baseline

(
= B�

(
F[t, x] −

1
k
ak[x]vk[t]

))

the size of cells with variations, efficiently redues the number of candidate cells to the minimum

necessary. There are no arbitrary parameters in the algorithm, and it operates automatically.

HOTARU also makes some modifications to the basic CNMF model and the optimization algo-

rithm is proposed accordingly. L1 regularization is performed for normalized footprints and spike

firings per footprint. By using a proximal operator for group-normalized L1 regularization, we can

define an algorithm that extends the proximal gradient method with Nesterov’s (Nesterov, 1983,

1988). The background variation is estimated simultaneously with cellular activity by assuming

that background variation is independent in time and space, and that background variation is the

dependent variable for footprint and fluorescence intensity changes. Furthermore, by setting a

normally distributed prior on the variance of the background variation, we avoid indeterminacy

in the baseline estimation by penalizing it with a reduced estimation of the background variation.

Mathematically, this prior corresponds to a change in the diagonal components of the matrix used

in the optimization problem and affords increasing computational stability.

Model and model ûtting

Basic concept

The recoded video data can be represented by the matrix F [t, x] * ℝ
T×X , where T is the number of

frames andX is the number of pixels in the target area. In our’s, as in the CNMFmodel the activity

of each neuro k is modeled by multiplying a spatial footprint vector ak[x] * ℝ
X
+
representing the

location and shapeof the cell and calciumactivity vector vk[t] * ℝ
T
+
. Both ak[t] and vk[t] are restricted

to be non-negative by the physical interpretation. However, since indeterminacy arises for ak[x]

and vk[t], we restrict them to satisfy the condition maxx ak[x] = 1. If the recording region contains

K cells, the recorded video data is modeled by the sum of the spatio-temporal activity of all cells,

background variation "[t, x] * ℝ
T×X which incluses additive noise:

F [t, x] =

K1
k=1

ak[x]vk[t] + "[t, x]. (1)
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A B C

Figure 1. Simulation video: the maximum (A), standard deviation (B), and local correlation (C).

Calcium fluctuation vk[t] is represented by the linear sum of response function 
[�] * ℝ+ to

spikes uk[t] * [0, 1]:

vk[t] = sk

�max1
�=1


[�]uk[t − �]. (2)

where sk * ℝ+ corresponds to cell k’s fluorescence intensity. Although any response function can

be used as a model and a solution method, this paper presents the results of using a general

second-order AR model and the corresponding double exponential function.

Baseline regurization

The video is assumed to be subject to background variations corresponding to time bT [t] * ℝ
T and

space bT [t] * ℝ
T , respectively:

"[t, x] = bT [t] + bX[x] + b0[t, x]. (3)

It is assumed that bT , bX , and b0 obey normal distributions. In this case, the mean of bT and bX does

not lose generality even if the mean of bT and bX is 0. The standard deviations of bT and bX were

assumed to be the constant times the standard deviation of b0:

b0[t, x] < ü
(
�, �2

)
, bT [t] < ü

(
0, �−1

T
�2
)
, bX[x] < ü

(
0, �−1

X
�2
)
. (4)

Minimizing the variance of the whole b[t, x] under these assumptions, b[t, x] can be expressed in a

dependent manner by letting F − AV act on the operator B� (see Table 1).

Normalized group L1 regurization

Because cells are spatially localized, footprints ak[x] have the sparse property of being 0 inmany lo-

cations. The local structure is not explicitly incorporated into themodel, but sparsity is represented

by the L1 regularization term. However, the restriction of maxx ak[x] = 1 requires a special solution

method. Similarly, for spike uk[t], we assume the sparsity of the firing rate rather than the change

in fluorescence intensity itself under the condition uk[t] d 1. As such, a normalized L1 regulariza-

tion term is introduced as in ak[x]. Given the assumption of MAP inference, the addition of the L1

regularization term corresponds to assuming a Laplace distribution for the variables. The Laplace

distribution is idential to an exponential distribution ó when the variables are non-negative:

ak[x] < ó
(
�A

)
, uk[t] < ó

(
�U

)
. (5)

Further details are provided in the Materials and methods section.
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Fitting algorithm

TheMAP inferece of model Equation 1, Equation 2 and the prior Equation 4, Equation 5maximizes

the following logarithm of posterior likelihood L:

L = −
TX

2
log �2 −

1

2�2

1
t,x

(
F [t, x] −

1
k

skak[x]
1
�


[� − t]uk[t] − b[t, x]

)2

−
X

2
log �2 −

T �X

2�2

1
x

bX[x] −
T

2
log �2 −

X�T

2�2

1
t

bT [t] − �A

1
k,x

ak[x] − �U

1
k,t

uk[t]. (6)

The following conditions must be satisfied:

sk e 0, ak[x] e 0, uk[t] e 0, max
x

ak[x] = 1, max
t

uk[x] = 1. (7)

Here, we denote the parameters in the matrix form by F * ℝ
X×T , A * ℝ

K×X
+

, and A * ℝ
K×X
+

,

respectively. Even if the data is centralized so that
1

x
F = 0 and

1
t
F = 0, the generality of the

solution is preserved andB�F = 0 always holds for the operationB� . Considering themaximization

of L regarding �2, the solution of Equation 6 satisfies the following condition:

E = (TX + T +X) �2 =
‖‖‖F − A⊤V + B�A

⊤V
‖‖‖
2

2
, (8)

where ‖ ç ‖2 is the Frobenius norm. Thus, we can simplify the problem as follows:

L̂[s, a, u] = logE + �̂A

1
k,x

ak[x] + �̂U

1
k,t

uk[t], (9)

Then, by defining âk[x] = skak[x] and ûk[t] = skuk[t], we can split this problem into the following two

sub-problems:

maximize
Â

log
‖‖‖F − V∗Â + B�V∗Â

‖‖‖
2

2
+
1
k

�̂A
1

x
âk[x]

maxx âk[x]
subject to âk[x] e 0, (10)

maximize
Û

log
‖‖‖F − A∗�Û + B�A∗�Û

‖‖‖
2

2
+
1
k

�̂U
1

t
ûk[t]

maxt ûk[t]
subject to ûk[t] e 0. (11)

Both Equation 10 and Equation 11 consist of a logarithm of quadratic form and a regularized

L1 regularization term, which can be generalized as follows:

L[X] = log g[X] +
1
i

�
1

j
xij

maxj xij

. (12)

The proximal operator for this regularization term can be constructed as follows:

proxL[x
∗] = max

{
0, x∗ − �

(
∇g[X]

g[X]
+ �ij

)}
, �ij =

⎧
⎪⎨⎪⎩

0 xij = maxk xik

�∕maxk xik xij � maxk xik

, (13)

and the optimization problem can be solved by repeatedly applying the proximal operator. In

addition, speed-ups such as Nesterov acceleration can be achieved during iterative application.

In both Equation 10 and Equation 11, the target function g is the quadratic form of the variable

vector. Therefore, by computing the necessary matrices in advance, only simple matrix products

are needed at iteration. Consequently, the proposed algorithm can be processed at high-speed

using GPUs’ parallel operations.

Image processing

A LoG filter is a spatial filter with size parameter r used in image processing to detect edges and

blobs, which is expressed as the following equation:

LoGr =
1

�r2

[‖x‖2
2r2

− 1

]
exp

[
−
‖x‖2
2r2

]
. (14)

In our method, the LoG filters with multiple size parameters {r}
Nr

i=1
are used to create an initial

footprint, and to shape and evaluate the footprint obtained by an iterative method.

5 of 24

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 7, 2022. ; https://doi.org/10.1101/2022.04.05.487077doi: bioRxiv preprint 

https://doi.org/10.1101/2022.04.05.487077
http://creativecommons.org/licenses/by-nc-nd/4.0/


image

t=
50

r=4.0 r=8.0 peaks

t=
15

0
t=

25
0

t=
35

0
t=

45
0

2 4 8 16
radius (pixel)

0.0

0.5

1.0

1.5

2.0

2.5

3.0

in
te

ns
ity

2 4 8 16
radius (pixel)

A

B C D

Figure 2. Detection of cell candidate peaks: (A) Example of applying a LoG filter with different r to each frame of the video to detect the maxima.

(B) Distribution of filter size r and maximum value when collapsed per pixel after detection. (C) Distribution after cells are reduced using the

greedy method with the cell overlap criteria � = 1.2. (D) Overall view of the obtained peaks.
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Figure 3. Effects of repeated improvement treatments: (A) changes in false positives; (B) changes in true

positive.

Peak finding by LoG filter

In creating the initial footprint, each frame t of the video F [t] is filtered by LoGri
of different sizes

ri are applied to the image:

zt[i, x] = LoGri
∗ Ft. (15)

Then we collect all the local maxima (peaks) in (i, x). Next, the peaks (i, x) with the largest ’intensity’

z[i, x] are adopted from the large number of peaks obtained by the greedy method so that the

distance between the peaks employed is always less than �r. The algorithm for efficiently obtaining

a set of peaks that satisfy this condition will be described later. � is a parameter that represents

the distance between cells, otherwise expressed, the possible cell overlap.

Segmentation of footprint

The initial footprint is from the filtered image corresponding to the obtained peak, the watershed

method (Cousty et al., 2008) is applied to the area around the peak to extranct a region in which

a cell exists. For the iterative footprint, multiple LoG filters are similarly applied, the largest peak

is selected, and the watershed method is used to calculate the area to be cut out. Each footprint

ak is limited to a maximum value of 1, thus the z value obtained by the LoG filters is interpreted

differently than in the case of initial footprint and is referred to as ’firmness’ ẑ in our paper. The

obtained values ẑ and r at the peak are useful for determining false positives.

Full details on the algorithms for initializing and then solving these three sub-problems are

provided in the Materials and methods section.

Results

HOTARU reliably detect weak and low-ûring-rate cells

First, as an initial condition, artificial data were used to verify the efficacy of the proposed cell-

detection approach. Cells in the artificial data varied greatly in their sizes, firing frequencies, and

signal-to-noise ratios, and included some that were extremely difficult to detect (Figure 1). As an

initial condition, a LoG filter was applied to each frame of the video (Figure 2A left) (Figure 2A

middle) to obtain a pair of peak positions, intensities, and radii (Figure 2A right). The frame-by-

frame calculation allows detection of cells with low firing rates. Small signals are not excluded at

this point, leaving little chance of missing a cell.

The resulting scatterplot of radii and intensity consists of roughly two groups (Figure 2B). Peaks

around radii of two pixels correspond to false positives, and peaks between four and eight pixels

in radius correspond to true cell candidates. When these peaks are condensed using the greedy
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obtained spike time series.

Figure 43video 1. Video comparing CNMF-E and HOTARU results for artificial data.
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Figure 5. (A) false positives per parameter �U and �A; (B) number of detected cells per parameter �U and �A;

(C) accuracy of time series estimation per �U ; (D) variation of computation time with b.

method with cell radius information, the two groups are more clearly separated (Figure 2C). Elimi-

nating the peaks corresponding to the twp-pixel radius filter as false positives allows for accurate

cell detection.

Figure 2D shows the position, radii, and intensities of the obtained cells simultaneously. By

using multiple filters with different radii, the distribution of peak intensities of potentially false

positive cells overlaps with the distribution of peak intensities of actual cells, thus enabling a reli-

able false positive determination. Because the only parameters to be set are those that control the

range of the cell radius and the allowed overlap of cells, whether the parameters are appropriate is

easy to read from the results in Figure 2C and is amajor practical advantage for reducing analytical

arbitrariness.

HOTARU consistently eliminates false positives

The number of cells detected depends on the parameters that controll cell overlap. If this param-

eter is small, a single cell may be split into multiple candidates or contain false positives that are

difficult to distinguish. Conversely, if the value of this parameter is too large, one of the adjacent

cells may be missed. However, our algorithm intends that such initial state irregularities would be

ameliorated by iterations of the optimization algorithm.

Indeed, the number of false positives becomes zero after repeated iterations, even if the initial

condition contains a large number of false positives (Figure 5). However, the number of correctly

detected cells remains constant (Figure 5). The start has more candidate cells and more false

positives and allows a higher final number of cells to be detected. It also inccreases the required

number of iterations, indicating a trade-off. Ultimately, HOTARU correctly detected about 150 cells

on average and more than 125 cells even with inappropriate parameters, while 120 cells were
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A B C

Figure 6. Data 1, hippocampal CA1 data by miniature microscopy: the maximum (A), standard deviation (B),

and local correlation (C).

detected with the standard CNMF-E parameters. Neigher method detected false positives for this

data.

HOTARU improves cell shape

Next, we examine in detail the elimination of false positives and the quality of the estimation results

by iteration. HOTARU starts with an initial footprint and iterates between estimaing spike firing

and background activity or footprint and background activity, and post-processing tomask cellular

regions. The MAP inference algorithm, which includes a prior distribution, reduces the number of

uncertain cell candidates as an effect of automatic relevance determination (ARD). During post-

processing, the cell radius is calculated and cells are removed if the cell radius falls outside the set

range; like in CNMF-E, interventions such asmerging, splitting, deleting, or adding undetected cells

are not performed.

For the initial footprint (Figure 4), the cell radii of some (red) cell candidates are reduced and

removed after the first iteration. In this case, most of the remaining cells have a firmness of ap-

proximately 0.55, but some cells have a smaller value. After further iterations, the firmness ofmost

of the cells eventually clusters around 0.55, and there are no cells with firmness in the range of

0.0–0.3. This result indirectly indicates that actual and not arbitrary cell candidates were detected.

HOTARU correctly separates overlapping cell activities and is stable to parameter

changes

The parameters of the HOTARU iteration are footprints, spikes, and the respective normalization

terms for background variation in time and space. The cell-radius range used in cell detection was

used for post-processing and firmness calculations. � = 1.2 was used to test the extent to which

the four normalization terms changed the results. If the normalization term for footprints is zero

and the value of �U is small, false positive cells cannot be removed (Figure 5B). In contrast, when a

is greater than 20, false positives are zero regardless of the value of �U . In this case, the number of

correctly detected cells tends to decrease relateive to �A. However, evenwhen �A is 30, the number

of correctly detected cells is 130, which is higher than 120 in CNFM-E (Figure 5A).

The similarity was calculated between the estimated spike activity and the resulting de-noised

fluorescence intensity variation and the true fluorescence intensity variation was calculated. On

average, the similarity was higher than that of CNMF-E, regardless of the parameter values (Fig-

ure 5C). This indicates that the activity is correctly separated for overlapping cells, with �U > 0

being more stable and similar for all cells compared to �U = 0. The best parameter for this data

would be from 30–40, with some low similarity candidates at �U = 40, corresponding to cells with

low signal strength and low firing rates not detected by the other parameters.

For bspace and btempo, the larger b, the faster the convergence of the optimization steps of the

iterations and the effect of a shortened total computation time was observed (Figure 5D). For b

greater than 0.3, the number of detected cells decreased, while in the 0.0–0.2 range and there was

no significant difference in the results.
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Figure 7. Summary of data 1: (A) distribution of filter size r and maximum value when collapsed per pixel after detection; (B) distribution after

cells are reduced using the greedy method with the cell overlap criteria � = 1.6; (C) Overall view of the obtained peaks. (D) number of estimated

cells after repeated improvement treatments. (E) distribution of cell radius and firmness at final step.

Application of HOTARU to the data from hippocampal CA1 obtained by miniature

microscopy

Below is an analysis of data recorded by microendoscopy frommice (Figure 6) (Full experimen-

tal details and algorithm parameter settings for this and the next dataset are given in the Methods

and Materials section). The video consists of 1200 frames of 720 × 540 pixel images taken at 20 Hz

for 60 sec. We applied both HOTARU and CNMF-E to the data set and compared their performance.

During initial footprint detection, the peaks of all the frames are similar to the distribution of the

artificial data (Figure 7ABC). The maximum radius size of LoG filter rmax and the neuron overlap

criteria � was set to 20.0 and 1.6, respectively. and The distribution after the reduction step shows

a slightly larger number of false positive cell candidates near the two-pixel cell radius compared to

the artificial data. In this case, the cell candidates are clustered in the center where cells are con-

centrated, and no cell candidates are detected from the surrounding area. It is important to note

that these results can be obtained without setting a specific threshold. After repeated iterations,

the final footprint distribution of cell candidates was neatly distributed around seven pixels and

firmness was 0.5.

HOTRU extracted 143 cells from this dataset while CNMF-E detected 92 cells (Figure 7D, Fig-

ure 8A). The 84 cells detected by both CNMF-E and HOTARU exhibited almost identical behavior

regarding calcium fluctuations (Figure 8D), while the 59 cells detected by HOTARU only showed no

irregularities in shape or calcium response (Figure 8CD).

11 of 24

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 7, 2022. ; https://doi.org/10.1101/2022.04.05.487077doi: bioRxiv preprint 

https://doi.org/10.1101/2022.04.05.487077
http://creativecommons.org/licenses/by-nc-nd/4.0/


0 10 20 30 40 50 60
time (sec)

ce
lls

A B C

D

Figure 8. Comparison of CNMF-E and HOTARU on data 1: (A) CNMF-E (red) and HOTARU (blue) footprint contours superimposed; (B) footprint

obtained with CNMF-E; (C) footprint obtained with HOTARU; (D) estimated cell-by-cell calcium variability by CNMF-E (red) and HOTARU (blue).

Overlapping areas indicate that the footprints of the candidate cells are similar.

Figure 83video 1. Video comparing CNMF-E and HOTARU results for data 1.
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A B C

Figure 9. Data 2, the hippocampal data by two-photon microscopy: the maximum (A), standard deviation (B),

and local correlation (C).
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Figure 10. Summary of data 2: (A) distribution of filter size r and maximum value when collapsed per pixel after detection; (B) distribution after

cells are reduced using the greedy method with the cell overlap criteria � = 1.6; (C) Overall view of the obtained peaks. (D) number of estimated

cells after repeated improvement treatments. (E) distribution of cell radius and firmness at final step.

Figure 103Figure supplement 1. Detailed distribution of radius and firmness and activity intensity sk.
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Figure 11. Comparison of CNMF-E and HOTARU on data 2: (A) footprints’ contours by CNMF-E; (B) footprints by HOTARU; (C) part of estimated

cell-by-cell calcium variability by CNMF-E (red) and HOTARU (blue). Overlapping areas indicate that the footprints of the candidate cells are

similar.

Figure 113video 1. Video comparing CNMF-E and HOTARU results for data 2.

14 of 24

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 7, 2022. ; https://doi.org/10.1101/2022.04.05.487077doi: bioRxiv preprint 

https://doi.org/10.1101/2022.04.05.487077
http://creativecommons.org/licenses/by-nc-nd/4.0/


Application of HOTARU to the data from hippocampus obtained by two-photonmi-

croscopy

We then analyzed the imaging data obtained by two-photon microscopy (experimental details and

algorithm parameter settings for this data set are given in theMethods andMaterials section). The

data consists of 8989 frames of 512 × 512-pixel images of 532 × 532 µm taken at 15 Hz for 10 min.

As with the data obtained by head-mount camera, we applied both HOTARU and CNMF-E to this

data set to compare their performance.

In this data-set, a large number of small footprints were detected in the initial placement (Fig-

ure 10ABC). The small size of the footprints makes it difficult to distinguish neurons from false

positives (Figure 10B). Based on the distribution of footprint radii in Figure 10B with the first set of

parameters, rmax was re-set to 9 and the neuron overlap criteria � was set 1.6. After 10 iterations,

the number of cells stabilized (Figure 10D), and a clean solidity distribution was obtained in the

radius range of 2.2–6 (Figure 10E). The radius distribution of the detected cell candidates includes

two groups, one centered at 2.7 pixels and the other at 4.5 pixels (Figure Supplement 1). They are

thought to correspond to portions of dendrites and cell bodies, respectively.

Finally, 592 cells were detected by CNMF-E and 948 cells were detected by HOTARU, including

some dendrites. Of the candidate cells, 506 were presumed identical because they had similar

footprints and activity (Figure 11). As with previous data, the shape or activity pattern of the neu-

rons detected with HOTARU only were undistinguishable from those detected by both methods

(Figure 11).

Application of HOTARU to the large scale data from hippocampal CA3 obtained by

miniature microscopy

Next, we analyze a large dataset of hippocampal data (Figure 12) (Full experimental details and

algorithm parameter settings for this dataset are given in the Methods and Materials section). The

video consists of 74000 frames of 607×344 pixel images taken at 20 Hz for 61 min. We applied both

HOTARU and CNMF-E to the dataset and compared their performance with the previous data.

In the initial arrangement, the high-intensity cell candidates are concentrated in 4–8 pixels and

appear to be easily distinguishable from false positives (Figure 13AB). We set rmax to 32 and � to

1.6 to include the entire radius distribution. The cells recorded by miniature microscopy often

appear blurred and larger due to peripheral distortion and depth of focus. Therefore, the value

of rmax was set larger than the previous two sets of data. With the current data, many iterations

were required for the cell counts to stabilize after the improvement iterations (Figure 13C). The

final radius and firmness distributions obtained are sufficiently solidly distributed, as are the other

data (Figure 13D).

Finally, 674 and 701 cell candidates were detected in CNMF-E and HOTRU, respectively (Fig-

ure 14). As in the previous two cases, 592 cell candidates were shown to be identical by CNMF-E

and HOTARU. The number of cells detected is about the same, but the details of the candidate cells

detected differ significantly (Figure 14AB). Many small cells are detected in the upper left region of

the image when CNMF-E is used, whereas large cell candidates that may correspond to the distor-

tion are detected when HOTARU is used. It is possible that the background removal in CNMF-E has

produced a desirable result, but since no cell-like objects were detected in the upper left region of

each frame from Figure 13C, it is necessary to fully consider which result is closer to the truth. In

addition, the footprints of the cells detected by CNMF-E are uniform in size, while the footprints

detected by HOTARU are diverse in size and shape; CNMF-E may produce very different results

when the cell size parameter is changed.

However, for this data, HOTARU shows some large size false positives corresponding to blood

vessels and background. If rmax is reduced to eliminate false positives, even plausible cell candi-

dates will not be detected. Therefore, it is desirable to increase rmax and eliminate obvious false

positives. It is easier to identify large false positives that correspond to the background than small
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A B C

Figure 12. Data 3, large hippocampal CA3 data by miniature microscopy: the maximum (A), standard

deviation (B), and local correlation (C).
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Figure 13. Summary of data 3: (A) distribution after cells are narrowed down using the greedy method with the cell-overlap criteria � = 1.6; (B)

Overall view of the obtained peaks. (C) number of estimated cells after repeated improvement treatments. (D) distribution of cell radius and

firmness at final step.
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Figure 14. Comparison of CNMF-E and HOTARU on data 3: (A) footprints’ contours by CNMF-E; (B) footprints by HOTARU; (C) part of estimated

cell-by-cell calcium variability by CNMF-E (red) and HOTARU (blue). Overlapping areas indicate that the footprints of the candidate cells are

similar.

Figure 143video 1. Video comparing CNMF-E and HOTARU results for data 3.

17 of 24

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 7, 2022. ; https://doi.org/10.1101/2022.04.05.487077doi: bioRxiv preprint 

https://doi.org/10.1101/2022.04.05.487077
http://creativecommons.org/licenses/by-nc-nd/4.0/


false positives or excessive segmentation. HOTARU can also be used to mask out cell-free areas

and areas on blood vessels from the calculation.

Although the ground truth is unknown, a large number of identical cells were detected by HO-

TARU and CNMF-E, and each is considered to be sufficiently reliable. Validation ofmultiple analyses

by comparing them with each other continues to be an important issue.

Discussion
In neuroscience, calcium imaging is an importantmethod for recording large neuronal populations,

and CNMF for two-photon microscopy and CNMF-E for endoscopic microscopy enable highly accu-

rate detection of cell activity even in large data sets. However, even in CNMF-E, parameter settings

and algorithms can be arbitrary, making it difficult to verify whether the detected cells are truly

correct, and there is a possibility that many detection errors occur in order to avoid false positives.

Therefore, this paper proposes a simple, almost fully automatic cell activity detection system that

is less arbitrary and less sensitive to parameter changes.

HOTARU is a very simple algorithm with few parameters, yet it can detect more cells with low

firing frequency and low signal-to-noise ratio than CNMF-E. In addition, the fluorescence intensity

estimates show a higher correlation with the true value in artificial data than CNMF-E. Detected

cell candidates can be clearly distinguished from false positives by the distribution of two param-

eters: cell radius and solidity. These improvements should allow for more stable interpretation in

downstream analyses. Conversely, in comparison to CNMF-E, there were cells detected only with

CNMF-E and cells detected only with HOTARU. Objective evaluation of this result is difficult.

In this paper, we simply applied initialization and CNMF expansion, narrowed the cell removal

criteria to cell radius shrinking, and did not perform any heuristic dividing, merging, or removal.

This resulted in more iterations of footprint and spike improvements for larger data. The fact

that very stable results were obtained despite a large number of iterations indicates the stability

of the algorithm and increases confidence in the results. It should also be emphasized that the

computation time per iteration is sufficiently small to allow such a verification.

HOTARU has six parameters: rmax, �, �A, �U , bT , and bX . The appropriate value of rmax can be

determined without arbitrariness, corresponding to the spread of the intensity distribution using

a tentative value of rmax. Small value of � will not only caouse a slight increase in the number of

neurons that are eventually detected, but also increase the computation time. In practice, there

is little difference in the number of cells for � = 1.6 and smaller values of �. The regularization

parameter for background bT and bX contribute to the stability of the optimization method. Based

upon the effect of bT and bX on the obtained footprints and activities, the value of bT and bX can

be set to 0.1. The larger value of �A detects fewer neurons but also results in fewer false positives.

Setting �A = 20 almost eliminates false positives. Reducing �A may increase the number of neurons

detected, but the change of number is small and does not result in a significant increase in false

positives. The number of cells detected and the output footprint are not significantly affected by

�U . Despite its impact on the accuracy of spike estimation, but it does not significantly affect the

results. Furthermore, we can easily redo the spike estimationwith a different �U after obtaining the

final footprints. In conclusion, the analysis of artificial and experimental data shows that HOTARU

can detect a large number of neurons with few false positives without arbitrary settings.

HOTARU is implemented in Python and TensorFlow and makes effective use of GPUs. The im-

plementation is released as open source software (https://github.com/tk2lab/HOTARU), ver. 4.0,

which corresponds to that used in this study. The implementation of HOTARU in this paper is

sufficiently simple to evaluate the basic concept and is therefore easily extendable; there is room

for further improvement by introducing local background processing and appropriate heuristics

similar to those in CNMF-E.
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Algorithm 1 Find initial peaks

Require: data F [t, x], neuron size list {rl}
Nr

l=1
, minimal distance ratio �

Ensure: peak information O

1: L ± {}

2: for t * {1, 2,& , T } do ⊳ find local maxima of z on x, l

3: z[t, l, x] ± F [t, x] ∗ LoG[rl, x]

4: Z[t, l, x] ± MaxmumFilterx,lz[t, l, x]

5: append {(t, l, x) E Z[t, l, x] = z[t, l, x]} to L

6: end for

7: P ± {}

8: for all pixels x∗ do ⊳ reduce peaks (optional): |P | d X

9: Q ± {(t, l, x) E x = x∗, (t, l, x) * L}

10: if Q is not empty then

11: append the element with the largest z[t, l, x] in Q to P

12: end if

13: end for

14: sort P in descending order by z[t, l, x]

15: O ± {}

16: while P is not empty do ⊳ greedy selection

17: t̂, l̂, x̂ ± pop first element of P

18: r̂ ± rl̂

19: if "(t, r, x) * O, |x̂ − x| > �r̂ then ⊳ check overlap

20: append (t̂, r̂, x̂) to O

21: P ± {(t, l, x) E |x̂ − x| > �r̂, (t, l, x) * P }

22: end if

23: end while

Algorithm 2Make intial footprints

Require: peak information t̂, r̂, x̂

Ensure: radius r̂, intensity z
max
, footprint a[x]

1: z[x] ± F [t̂, x] ∗ LoG[r̂, x]

2: M ± connected region mask around peak x̂ in image z

3: zmin ± minx*M z[x]

4: zmax ± maxx*M z[x] ⊳ intensity

5: a[x] ± (z[x] − zmin)∕(zmax − zmin) if x * M else 0 ⊳ footprint

Algorithm 3 Clean up footprints

Require: dirty footprint a[x], neuron size list {rl}
Nr

l=1

Ensure: radius r, firmness g, clean footprint a[x]

1: z[l, x] ± a[x] ∗ LoG[rl, x]

2: l̂, x̂ ± argmaxl,x z[l, x]

3: M ± connected region around peak x̂ in image z[l̂]

4: amin = minx*M a[x]

5: amax = maxx*M a[x]

6: g ± z[l̂, x̂]∕(a
max

− a
min

) ⊳ firmness

7: a[x] ± (a[x] − amin)∕(amax − amin) if x * M else 0 ⊳ clean footprint
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Methods and Materials

Finding cell candidates from video data using LoG ûlters

To determine initial cell candidates, we first prepared a list of cell size parameters
{
rl
}L

l=1
. The LoG

filter corresponding to all rl was applied to the image ft[x] at time t to create L kinds of filtered

images. This collection of images is considered to be a 3D structure of L × W × H and all the

maxima and their positions in the 3D space are collected.

Since the collected peak information is huge, it is efficiently condensed. First, the collected

peaks are grouped by position x in the image, and only those with the largest maxima are retained.

Concurrently, the cell size r of the adopted peak is also recorded. Next, the remaining peaks are

sorted and adopted in descending order by the maximum value, i.e., signal intensity. However, if

the distance between the centers is within � times the radius of the peakswith stronger signals than

those already selected, the peaks are not selected. The detailed procedure is shown in Algorithm

1.

Next, the cell shape is specifically determined for the obtained peak position and filter size.

Once again, a LoG filter corresponding to the filter size is applied, and the watershed cut algorithm

is applied to the center of the peak position to extract the cellular region. The filter image is cropped

in the extracted region and normalized to [0, 1] as the initial footprint. These details are shown in

Algorithm 2.

The iterative footprint is also improved using a LoG filter and the watershed cut algorithm.

Again, multiple LoG filters are applied to each footprint. The maximum peak is then found, and

the watershed cut algorithm is applied to the filtered image around the peak to extract the cellular

region. The cellular region is extracted from the original footprint and normalized to [0, 1] to obtain

the improved footprint. These details are shown in Algorithm 3.

Statistical Model

First, the time and space averages of video F [t, x] should be set to zero:

F [t, x] ± F [t, x] − (MtF )[x] − (MxF )[t] +MtxF , (16)

and be normalized by the total standard deviation F [t, x] ± F [t, x]∕SD[F ].

To update the time variable Û * ℝ
K×T , the matrices P * ℝ

K×T , Q * ℝ
K×K , and R * ℝ

K×K are

computed a priori using the given A∗ * ℝ
K×X an its spatial mean A∗ * ℝ

K×1:

P = FA⊤

∗
, Q = A∗A

⊤

∗
, R = A∗A

⊤

∗
. (17)

To be evaluated, Equation 11 can be computed using P , Q, and R as follows:

g[Û ] =
‖‖‖F − A∗�Û + B�A∗Û�

‖‖‖
2

2
= |P ⊗ V̂ |1 + |Q⊗C|1 + |R⊗O|1 (18)

where

V̂ = Û�, C = V̂ ⊤V̂ , V = Mt[V̂ ], O = V
⊤

V . (19)

With the above preparations, we can find the Û that minimizes L under given A∗ by setting the

initial value of Û and repeatedly applying the proximal gradient method. The results in this paper

use an initial value of 1 and apply Nesterev acceleration during iterations. An epoch is defined as

100 iterations and the iteration is terminated if the change in the value of L is less than tol before

and after the epoch is performed.

A similar procedure is used for updating A. For given V = U�, we can define the evaluation

function g as:

g[Â] =
‖‖‖F − Â⊤V∗ + B� Â

⊤V∗
‖‖‖
2

2
= |P ⊗ Â|1 + |Q⊗C|1 + |R⊗O|1, (20)

P = FV ⊤

∗
, Q = V∗V

⊤

∗
, R = V ∗V

⊤

∗
, (21)

C = Â⊤Â, A = Mx[Â], O = A
⊤

A. (22)
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Table 2. Computational runnning time (sec) for processing the 4 datasets.

Dataset Simulation Data Data1 Data2 Data3

Size (W ×H × T ) 200 × 200 × 1000 720 × 540 × 1200 512 × 512 × 8989 606 × 344 × 74000

CNMF-E 35 289 870 11869

HOTARU 56 2371 5491 16540

(iteration) (3) (13) (10) (22)

Overall framework

The algorithm of the proposed method HOTARU is simple: (INIT) Algorithms 1 and 2 are used to

obtain the initial footprints A; (T-P) temporal optimization is applied to obtain the spike sequence

U ; (S-P) spatial optimization is applied to obtain footprints A from the spike sequence U ; (CLEAN)

footprint A was modified by Algorithm 3. T-P, S-P, and CLEAN are repeated until the cell count

stabilizes.

For all the analyses in the paper, therewere 13 different parameters r, with rmin as theminimum

value and rmax as the maximum value, for log r to be equally spaced. For all data, the rmin is fixed

to 2. Conversely, to fit the actural cell size that can be estimated from the distribution of radius

and firmness, the rmax were set to 20, 20, 9, and 32 respectively for the artificial and three real data

(data1, data2, data3). The overlap level parameter � was set to 1.2 for artificial data to evaluate

the iteration effect and to 1.6 for real data. The response function to the spike was assumed to

be 
[�] = exp(−t∕�rise) − exp(−t∕�fall) and �rise = 0.08 sec, �fall = 0.16 sec. In principle, the parameters

of the normalization term were �A = 20, �U = 30, and bT = bX = 0.1, except for the evaluation in

Figure 5. The learning rate � of the proximal gradient method was set to 0.01 and the tolerance of

the termination condition tol was set to 0.001.

Complexity analysis

Although calcium imaging is now being recorded on a larger scale, it is safe to assume that a cer-

tain upper limit is set for spatial resolution and that the computational complexity in the time

direction T is most important. Considering the computational complexity of a time-step update,

the matrix pre-computation is dominated by O(KTX) due to the matrix product of F and A. In ap-

plying the proximal gradient, the computation ofA dominates, O(K2T ). For the space step, the pre-

computation and the computational complexity per iteration respectively areO(KTX) andO(K2X).

Since the number of cellsK is proportional toX but independent of T , the computational complex-

ity for T is O(T ). For each frame, the process of finding the initial footprint can also be performed

independently or in parallel, and by using per-pixel shrinkage, subsequent operations are indepen-

dent of T .

Running time

Evaluate the computation time for the four datasets used in this study (Table 2). The details for

the largest Data3 are: 269 sec for data normalization, 517 sec for peak discovery, 156 sec for peak

refinement and contour cropping, 94 sec for first spike estimation, 629 sec for first footprint estima-

tion, and 22 sec for cropping cell regions from footprints. Overall, CNMF-E is faster for small-scale

data. HOTARU was run on an Intel Xeon W-2123 @ 3.60GHz with 128GB memory and Ubuntu

20.04.2 LTS on NVIDIA TITAN RTX. CNMF-E was run on a Windows OS on an Intel Xeon E5-2640 v4

@ 2.40 GHz with 128 GBmemory. HOTARU was run until the cell counts were completely matched

before and after the improvement iteration. It should be emphasized that changes in the later

iterations were slight.
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Simulated Data

Artificial data was created with 1,000 frames of 200 × 200 pixels (Figure 1). The cell radius ri obeyes

a uniform distribution in the range 4 to 8-pixel range, and the cell footprint was assumed to follow

a two-dimensional Gaussian function of radius ri. The cell centers were randomly placed under

the condition that the distance between the centers of two adjacent cells was at least 1.8 times

the radius ri. Consequently, 181 cells ware located. The cell firing rates were set in the 0.2–2.0 Hz

range, causing individual cells to fire from 6-123 times. The SN ratio of the cells’ activity intensity

obeyed uniform random distribution in the 0.5–2.5 range.

The background activities was calculated as follows:

b[t, x] = −5
‖x − center‖2

R2
+ 0.5 cos

4�t

T
+ "[t, x], "[t, x] < ü (0, 12) (23)

Subject Details

All procedures involving the use of animals complied with the guidelines of the National Institutes

of Health, and they were approved by the Animal Care and Use Committee of the University of

Toyama and the Institutional Committee for the Care and RIKEN Animal Experiments Committee

and Genetic Recombinant Experiment Safety Committee. Thy1::G-CaMP7-T2A-DsRed2 mice that

express the fluorescent calcium indicator protein G-CaMP7 and the red fluorescent protein DsRed2

under the control of the neuron-specific Thy1 promoter were used. Details on the generation and

characterization of the transgenic mice are described in Sato et al. (2020).

Hippocampal data by miniature microscope

The mice were kept on a 12-h/12-h light-dark cycle (lights on 7:00 am) at 24 ± 3ċ C and 55 ± 5%

humidity, provided with food and water ad libitum, and housed with littermates until 1—5 days

before surgery. We performed hippocampal surgery for gradient refractive index (GRIN) lens set-

ting as previously described (Barretto et al., 2011; Ghosh et al., 2011; Ziv et al., 2013; Ghandour

et al., 2019). All surgery was conducted on approximately 12-week-old male Thy1::G-CaMP7-p2A-

DsRed mice on a C57BL/6J background. The mice were anesthetized with a pentobarbital solution

(80 mg/kg of body weight; intraperitoneal injection), and the fully anesthetized mice were placed

in a stereotactic apparatus (Narishige, Japan). To set the cannula lens sleeve (outer diameter, 1.8

mm; length, 3.6 mm; Inscopix, CA), craniotomy was performed with a diameter of 2.0 mm. The

cylindrical column of the neocortex and corpus callosum above the alveus covering the dorsal

hippocampus was aspirated using a 27-gauge blunt drawing up needle with saline. The cannula

lens sleeve was gently placed on the alveus and fixed to the edge of the burr hole with bone wax,

which was melted using a low-temperature cautery. The cannula lens sleeve targeted the right

hemisphere (AP 2.0 mm, ML 1.5 mm at center). After setting the anchor screws onto the skull, we

covered the skull with dental cement, which fixed the cannula lens sleeve to the skull and anchor

screws.

Approximately 3–4 weeks after surgery, mice were anesthetized with isoflurane (1.5–2%), and

a GRIN lens (outer diameter, 1.0 mm; length, 4.0 mm; Inscopix) was inserted into the cannula

lens sleeve and fixed with ultraviolet-curing adhesive (Norland, NOA 81). The integrated miniature

microscope (nVista HD, Inscopix) (Ghosh et al., 2011) with a microscope baseplate (Inscopix) was

placed above the GRIN lens, at which G-CaMP7 fluorescence was observed. The microscope base-

plate was fixed with the head of the anchor screw using dental cement. This shaded the GRIN

lens, after which the integrated microscope was detached from the baseplate. The GRIN lens was

covered by attaching the microscope baseplate cover to the base plate until calcium imaging was

performed.

Calcium imaging was performed during the light cycle, and calcium events were captured at

20 Hz using nVista acquisition software (Inscopix). The integrated microscope was re-attached to

the baseplate, and then the mice were introduced into a novel context consisting of a cylindrical

chamber (diameter × height: 180 × 230mm2) with a white acrylic floor andwalls covered with black
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tape. The captured video was processed as previously described (Kitamura et al., 2015; Ghandour

et al., 2019). Motion correction by Mosaic software (Inscopix) was applied to th dF/F signal video.

Two-photon calcium imaging

The two-photon microscopy images used in Figure 9, Figure 10, and Figure 11were acquired using

a Nikon A1MP (Nikon, Tokyo, Japan) equipped with a 16x, NA 0.8 water immersion objective lens

as described previously (Sato et al., 2020). Briefly, an optical window was surgically implanted

in cortex overlaying dorsal hippocampus. G-CaMP7 and DsRed2 were excited at 910 nm using a

Ti-sapphire laser (MaiTai DeepSee eHP, Spectra-Physics, Milpitas, CA). G-CaMP7 fluorescence was

separated using a dichroicmirror at 560 nm and collected using an external GaAsP photomultiplier

tube (10770PB-40, Hamamatsu Photonics, Japan). The microscope focused at approximately 150

µm from the hippocampal surface to image CA1 pyramidal cells labeled with G-CaMP7. A resonant-

galvo scanner attached to themicroscope acquired 512× 512 pixel images at 15 frames per second.

An imaging session lasted 10 minutes. The field of view was 532 × 532 µm.
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