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Abstract 

Two-photon calcium imaging has emerged as a powerful technique for monitoring 

neuronal activity in neuroscience; however, its data processing remains challenging. 

Here, we introduce NeuronID, an automatic toolkit designed to process two-photon 

calcium imaging data. The NeuronID toolkit features a modular architecture that 

includes motion correction, noise reduction, segmentation of neuronal components, 

and extraction of neuronal signals. Notably, the NeuronID toolkit offers an optimized 

strategy for segmenting neuronal components, which systematically integrates 

morphological boundary identification, cross-correlation analysis between pixels, and 

evaluation of neuronal signal quality. Compared to existing tools or manual anno-

tation by experts, the NeuronID toolkit reduces the likelihood of over-segmentation 

while achieving near-human accuracy. Overall, this study provides an effective solu-

tion to the segmentation of neuronal components, offering a standardized analytical 

tool for processing two-photon calcium imaging data.

Introduction

Monitoring single-neuron activity is essential for understanding the functional orga-
nization of the nervous system. Among available techniques for monitoring neuronal 
activity, two-photon calcium imaging has emerged as a powerful approach [1,2]. This 
approach detects neuronal activity by measuring changes in the fluorescence inten-
sity of genetically encoded calcium indicators [3–7]. Two-photon calcium imaging 
has undergone substantial technological advancements, evolving from deep-tissue 
microscopy to high-speed volumetric imaging and miniaturized systems [1,2,8–10]. 
These developments now permit the recording of neuronal activity across entire 
brain regions in both head-fixed and freely moving animals. Importantly, the tech-
nique offers many advancements, including high-resolution visualization of neuronal 
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morphology, precise anatomical mapping of single neurons, and detailed characteri-
zation of their spatiotemporal firing patterns over extended experimental periods.

However, as the scale and scope of two-photon calcium imaging continue to 
expand, the absence of standardized analytical tools has become a critical limitation. 
In particular, the accurate segmentation of neuronal components (e.g., soma), which 
is a fundamental step for converting raw imaging data into single-neuron activity, 
remains challenging, with existing methods often suffering from over-segmentation 
or suboptimal accuracy compared to manual annotation by experts [11–13]. This 
prevalent issue of over-segmentation, wherein single neurons are erroneously split 
into multiple fragments, severely compromises downstream functional analysis. While 
manual annotation methods offer scalability, they often fail to reliably resolve this 
issue, creating a trade-off between throughput and accuracy.

To directly address this segmentation challenge, we introduce NeuronID, an 
open-source, automatic toolkit for processing two-photon calcium imaging data. The 
NeuronID toolkit employs an optimized segmentation strategy that is designed to 
systematically leverage both morphological and temporal information to segment 
neuronal components. This strategy minimizes over-segmentation errors encoun-
tered in existing methods while achieving accuracy comparable to manual annotation 
by experts.

Materials and methods

Two-photon datasets collection

In this study, we utilized six two-photon calcium imaging datasets from a previous 
study (Example Datasets 1–6, S1 Table) [14]. In these datasets, neuronal activity in 
layer II/III of the Posterior Parietal Cortex (PPC) was recorded in freely moving mice 
using FHIRM-TPM microscopy at a resolution of 600 × 512 pixels (487.80 × 416.20 
μm) and a frame rate of 10 Hz for 60 minute. For validation, we used nine additional 
expert-annotated benchmark datasets from CaImAn (Example Datasets 7–15, S1 
Table) [13]. Additionally, to further evaluate the performance of the NeuronID toolkit, 
we applied it to three two-photon calcium imaging datasets acquired from zebrafish 
(Example Dataset 16–18, S1 Table) [15].

Motion correction

In the NeuronID toolkit, we utilized the NoRMCorre algorithm to correct both rigid 
translations and non-rigid deformations in two-photon calcium imaging data [16]. To 
generate an initial reference template, we uniformly sampled 60 frames across the 
recording (one frame every 500 frames), ensuring coverage of diverse neural activity 
states. Notably, we implemented the latest Python version of NoRMCorre, while the 
original GitHub repository maintains only MATLAB code.

Noise reduction

In the NeuronID, we incorporated the DeepInterpolation algorithm to reduce noise 
in two-photon calcium imaging data [17]. This approach utilizes an encoder-decoder 
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deep network architecture with skip connections, which reconstructs each target frame from its temporal context (30 pre-
ceding frames and 30 succeeding frame). Given that calcium indicator dynamics are scanning-frequency dependent, we 
provided multiple pre-trained DeepInterpolation networks optimized for different acquisition rates. For further customiza-
tion, the NeuronID toolkit included a transfer learning module, enabling users to finetune models to their specific imag-
ing conditions. By default, this module selects 360 representative frames (spaced at 100-frame intervals) and performs 
10,000 training iterations, though these parameters remain user-adjustable. To ensure optimal performance, the NeuronID 
toolkit offers two key evaluation metrics: (1) reconstruction loss, calculated as the mean absolute difference in fluores-
cence intensity between original and reconstructed frames, and (2) pixel-wise signal-to-noise ratio (SNR), derived from 
the ratio of mean intensity to standard deviation for each pixel across all frames. A persistently high reconstruction loss or 
a low overall SNR suggests that the transfer learning may have failed to produce a high-quality model for the given data. 
We recommend that users discard the results under such circumstances and consider adjusting key parameters before 
re-running the transfer learning process.

Quantitative assessment of image quality

To quantitatively evaluate motion correction and noise reduction, we analyzed three key metrics on the mean projec-
tion images. Brightness was computed as the mean pixel intensity. Contrast was measured as the standard deviation 
of pixel intensities. Sharpness was quantified by calculating the standard deviation of the gradient magnitude across 
the image.

Segmentation of neuronal components

Step 1. ROI segmentation across periodic blocks.  In the NeuronID toolkit, we segmented neuronal components 
by first identifying potential regions of interest (ROIs) within distinct periodic blocks. By default, each periodic 
block comprises 100 sequential frames, with a 20-frame gap between adjacent blocks. For each periodic block, 
we converted all sequential frames into mean or max projection image. Specifically, the mean projection image 
was generated by calculating the average fluorescence intensity of individual pixels across all frames. The max 
projection image was generated by determining the highest fluorescence intensity of individual pixel across all frames. 
Additionally, the max-mean projection image was generated by comparing these two projection images. Subsequently, 
the max-mean projection image was normalized to scale the pixel intensities to a standardized range from 0 to 1. This 
crucial step ensures that the subsequent thresholding operation is applied consistently across all periodic blocks, 
eliminating biases that could arise from global intensity variations between different time segments. The normalized 
max-mean projection image was processed using an adaptive thresholding method, which determines the threshold 
for each pixel based on its local neighborhood mean to segment ROIs amid uneven illumination or artifacts [18]. 
The resulting ROIs were refined using morphological operations (closing enclosed voids) and an area filter (default 
diameter of 5 μm). Finally, each ROI in the resulting periodic masks was assigned a unique identifier, where all pixels 
belonging to the same ROI shared the same ID.

Step 2. ROI integration into a temporal mask.  Following ROI detection in periodic masks, we integrated them 
into a temporal mask. We first retained pixels detected as an ROI in at least three distinct blocks, classifying others as 
background. For each pixel retained after background segmentation, we constructed a feature vector comprising its 
spatial coordinates, the probability of being classified as an ROI, and the ID sequence across periodic masks. We reduced 
the dimensionality of these features using Principal Component Analysis (PCA), retaining 90 principal components 
(covering 95% variance) [19]. Next, we projected the reduced data into a 2D embedding space using t-SNE [20]. To group 
pixels, we applied K-means clustering to the t-SNE embedding, selecting 9,000 clusters based on the size and number 
of neuronal components [21]. Here, we classified the clusters into three types based on the spatial compactness of their 
constituent pixels in the original image coordinate space. This was quantified by calculating the maximum Euclidean 
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distance between any two adjacent pixels in the 8-neighborhood connectivity graph within a cluster. Clusters were 
categorized as type 1 if this maximum distance was 1 pixel (immediate neighbors), type 2 if it was √2 pixels (diagonal 
neighbors), or type 3 if it exceeded √2 pixels. The cluster centers were designated as key pixels, with their 1,000 nearest 
neighbors in t-SNE space defining associated neighboring pixels. To quantity similarity between two pixels, we computed 
the Jaccard Index as the ratio of periodic masks where both pixels shared an ROI assignment to the total number of 
masks where either pixel was assigned to an ROI. Applying a JI threshold of 0.5 integrated the periodic masks into a final 
temporal mask.

Step 3. ROI Refinement into a spatial/soma mask.  We refined the temporal mask to produce the final soma mask by 
resolving overlaps and assessing signal quality. Where ROIs shared pixels, they were merged if more than 80% of their 
pixel pairs met the JI threshold of 0.5. ROI pairs failing this criterion were maintained as separate entities. This process 
yielded a spatial mask. Subsequently, the ROIs in this spatial mask were further refined based on their signal quality (as 
detailed in the following section), resulting in the final soma mask.

Refinement of fluorescence signal and identification of calcium transient

In the NeuronID toolkit, we implemented a gradient reduction algorithm to reduce neuropil contamination in ROI fluores-
cence signals [11,22]. The goal of this algorithm is to find an optimal scaling factor (ranging from 0 to 1) for the neuropil 
signal [11]. The algorithm operates iteratively, where every step involves subtracting a scaled version of the neuropil signal 
from the raw ROI signal and computing the resulting residual. The algorithm then adjusts the scaling factor to minimize the 
variance of this residual signal, under the principle that a properly corrected signal should exhibit minimal contamination 
from the surrounding neuropil. This process effectively isolates the neuron’s true fluorescence signal from the neuropil. 
Furthermore, we estimated and removed a polynomial trend from the fluorescence signal to account for photobleaching 
of calcium indicators, which is characterized by a gradual decline in fluorescence intensity over the course of imaging 
[6,23]. This polynomial trend was obtained by fitting a low-order polynomial to the long-term trend of the bleached signal. 
Subtracting this fitted polynomial restores a stable baseline, which is crucial for accurately detecting calcium transients 
and calculating ΔF/F. Additionally, we applied a 2σ threshold-based method to detect positive or negative transients in the 
calcium signal [24]. Specifically, positive transients were defined as increases in the calcium signal exceeding +2σ, where 
σ was calculated from the negative calcium signal; negative transients were defined as decreases exceeding −2σ, with σ 
derived from the positive calcium signal.

Comparative analysis

To evaluate the accuracy of the NeuronID toolkit, we compared its performance to CaImAn and Suite2p [12,13]. Notably, 
Suite2p was run using both its standard cell detection algorithm and the integrated Cellpose algorithm, while CaImAn was 
evaluated in both its BATCH and ONLINE processing modes [12,13,25]. We applied CaImAn (ONLINE) and Suite2p to 
Example Datasets 1–6 using their recommended default parameters. Since Suite2p (Cellpose) lacks a universal default 
setting, we employed a customized parameter set optimized for our data (S2 Table). Furthermore, to compare the per-
formance of different cross-correlation strategies, we evaluated the method used by the NeuronID toolkit, which employs 
ID sequences across periodic blocks, against that of other toolkits, which rely on fluorescence signals across individual 
frames. Specifically, for each neuronal component identified by NeuronID, we computed the Pearson correlation coef-
ficient (PCC) between pixels based on both their fluorescence signals across all frames and their ID sequences across 
blocks. Since these pixels originate from the same neuron, a higher PCC value indicates a stronger correlation and thus 
better performance of the method. Additionally, the overall segmentation accuracy of the three toolkits was benchmarked 
using the F1 score.

To further validate the NeuronID toolkit, we compared its performance with manual annotation by experts using 
Example Datasets 7–15 [13]. For these specific benchmark datasets, we directly utilized the pre-processing results and 



PLOS One | https://doi.org/10.1371/journal.pone.0343516  March 9, 2026 5 / 17

optimized parameters generated by the official CaImAn pipeline, ensuring a comparison against its best-performing, 
non-default state. The corresponding F1 scores for the Suite2p and CaImAn (ONLINR or Batch) tools on these nine 
datasets were sourced directly from the CaImAn study’s own benchmarking results [13]. Furthermore, each dataset was 
independently labeled by two to three experts, and consensus masks were used as the ground truth. We assessed the 
overlap between neuronal components identified by the NeuronID toolkit and those labeled by experts using the Intersec-
tion over Union (IoU), calculated as the area of overlap divided by the area of union for each pair of components. For each 
neuronal component labeled by experts, we calculated the IoU with each neuronal component segmented in the Neu-
ronID toolkit, selecting the maximum value as the best match. The F1 score was then calculated based on a one-to-one 
matching between expert-labeled and NeuronID-segmented components. Specifically, a match was considered valid only 
if the IoU exceeded a threshold of 0.5. We then applied a greedy matching algorithm. This algorithm iteratively selected 
the expert-NeuronID pair with the highest IoU, recorded it as a true positive (TP), and removed both components from fur-
ther consideration. The iteration continued until no remaining pairs had an IoU > 0.5. All unmatched NeuronID components 
were counted as false positives (FP), and all unmatched expert-labeled components were counted as false negatives 
(FN) [26]. From these values, we derived precision (TP/(TP + FP)), recall (TP/(TP + FN)), and the F1score (harmonic mean 
of precision and recall) (Table 1) [26].

Quantification and statistical analysis

In this study, we employed various statistical methods to analyze the data, including the paired t-test, the one-way 
ANOVA, and the Mann-Whitney U test. For comparisons involving multiple groups, one-way ANOVA was performed 
followed by post hoc Tukey’s test for detailed pairwise comparisons. For multiple paired t-tests, p-values were 
adjusted using the Holm-Bonferroni correction to control the family-wise error rate. P-values from the Mann-Whitney 
U test were adjusted using the Benjamini-Hochberg method. P-values were reported using scientific notation and 
rounded to two decimal places. In our data presentation, we utilized a variety of graphical representations to effec-
tively convey our findings. Specifically, bar graphs were employed to illustrate mean values accompanied by Standard 
Error of the Mean (SEM) as error bars, with individual data points represented as dots for clarity (e.g., Fig 5D). More-
over, a specific graph was used to illustrate the distribution of the original data, presented through median values and 
interquartile ranges (e.g., Fig 2E).

Table 1.  Accuracy of different toolkits.

Dataset ID Suite2pa CaImAn (ONLINE)b CaImAn (BATCH)b Manual Annotationc NeuronIDd

J123 – 0.82, 172 0.73, 157 0.87, 183 0.86, 160 (148, 12, 35)

J115 0.45 0.79, 1091 0.78, 738 0.85, 891 0.86, 794 (727, 67, 164)

K53 0.56 0.81, 1025 0.76, 809 0.88, 920 0.89, 816 (769, 47, 151)

N.00.00 0.65 0.69, 259 0.72, 366 0.83, 425 0.81, 354 (317, 37, 116)

N.01.01 0.66 0.75, 298 0.76, 317 0.79, 333 0.77, 247 (223, 24, 110)

N.02.00 0.75 0.78, 334 0.78, 351 0.85, 394 0.82, 398 (325, 73, 73)

N.03.00.t 0.53 0.74, 150 0.78, 154 0.80, 178 0.78, 147 (127, 20, 53)

N.04.00.t 0.66 0.70, 260 0.69, 218 0.73, 257 0.71, 236 (174, 62, 87)

YST 0.40 0.77, 330 0.77, 332 0.77, 405 0.77, 306 (275, 31, 134)
aF1 score against manual annotation by experts [13].
bF1 score against manual annotation by experts and the number of neurons identified [13].
cF1 score against different experts and the number of neurons identified [13].
dF1 score against manual annotation by experts and the number of neurons identified and the number of neurons identified, with the values of TP, FP, 
FN.

https://doi.org/10.1371/journal.pone.0343516.t001

https://doi.org/10.1371/journal.pone.0343516.t001
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Results

Overview of the NeuronID toolkit

The NeuronID toolkit is an automatic, modular pipeline for two-photon calcium imaging analysis, including motion correc-
tion, noise reduction, segmentation of neuronal components, and extraction of neuronal signals (Fig 1A). Particularly, the 
NeuronID toolkit integrates morphological boundary identification, cross-correlation analysis between pixels, and evalu-
ation of neuronal signal quality to segment neuronal components (S1 Fig). It is important to note that the segmentation 
module in this release is specifically designed and validated for somatic signals. Furthermore, its adaptable design sup-
ports continuous integration of novel algorithms, and a MATLAB implementation is publicly available (https://github.com/
Peng-Jikan/NeuronID). The toolkit is deployed as a standalone desktop application (APP) with an intuitive graphical user 
interface (GUI), greatly enhancing its accessibility for experimental researchers without programming expertise (Fig 1A).

Motion correction and noise reduction

Motion artifacts in two-photon calcium imaging data result from either rigid displacement or non-rigid deformations [27,28]. 
While multiple correction algorithms exist, we implemented the NoRMCorre algorithm in the NeuronID toolkit due to its 
proven efficacy and integration into widely used pipelines such as CaImAn (Methods) [13,16]. This algorithm successfully 
corrected both types of motion artifacts, as indicated by improved sharpness in mean projection images before and after 
procession (Figs 1B-C; S2A-B Figs). In addition, two-photon calcium imaging data is often contaminated by noise origi-
nating from electronic sources or the dynamics of calcium indicators [29]. To reduce this noise, we employed the DeepIn-
terpolation algorithm, which utilizes an encoder-decoder deep network with skip connections to remove noise within each 
frame based on temporal context (Methods) [17]. This algorithm effectively reduced nearly all noise in individual frames 
(Figs 1D-E; S2C-D Figs).

Asynchronous firing gives rise to segmentation of neuronal components

In the NeuronID toolkit, we utilized asynchronous firing to segment neuronal components in two-photon calcium imaging 
data. First, we observed asynchronous firing across neurons, where only a subset of all recorded neurons was active 
in any given imaging frame (Fig 2A). This characteristic allowed us to identify distinct subsets of neuronal components 
across different time periods and then combine them to segment all neuronal components (Fig 2A). To implement this 
strategy, we divided the recording into temporally continuous periodic blocks (Fig 2B; Methods). Second, we discovered 
asynchronous firing between central pixels and boundary pixels within individual neurons. Specifically, central pixels main-
tained stable fluorescence signals during active periods, while boundary pixels exhibited transient intensity changes, lead-
ing to significantly greater max-mean intensity differences at boundary (Figs 2C, 2D and 2E). This characteristic allowed 
us to highlight the morphological boundaries of neuronal components in each periodic block by using the corresponding 
max-mean projection image (Fig 2F; Methods). To identify the morphological boundaries of neuronal components in each 
periodic block, we normalized the max-mean projection image and applied an adaptive threshold filter to generate periodic 
masks containing distinct regions of interest (ROIs) (Fig 2G). Subsequently, we refined the ROIs in the periodic masks 
using morphological operations (closing enclosed voids) and area criteria (by default, 5μm in diameter) (Fig 2G). Finally, 
each ROI in the periodic masks was assigned a unique identifier, with all pixels belonging to the same ROI sharing the 
same ID.

Cross-correlation analysis refines segmentation of neuronal components

As previous described, integrating ROIs across periodic masks is necessary to segment all neuronal components in 
two-photon calcium imaging data. To achieve this, we first retained pixels detected as an ROI in at least three dis-
tinct blocks, while classifying those with fewer occurrences as background, thereby excluding them from subsequent 
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Fig 1.  Overview of the NeuronID toolkit and its preprocessing pipeline. (A) The integrated workflow (top) and user-friendly graphical user interface 
(GUI, bottom) of the NeuronID toolkit. (B-C) Mean projection images before (B) and after (C) motion correction. (D-E) A typical frame before (D) and after 
(E) noise reduction. Scale bar: 30 μm (green) or 10 μm (blue).

https://doi.org/10.1371/journal.pone.0343516.g001

https://doi.org/10.1371/journal.pone.0343516.g001
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segmentation as they predominantly represent non-neuronal, neuropil signals (Fig 3A). We then grouped pixels sharing 
highly similar ID sequences with a Jaccard Index (JI) threshold of 0.5 (Figs 3B and 3C; Methods). However, performing 
cross-correlation analysis on all pixel pair imposed a substantial computational burden. For instance, in our example 

Fig 2.  Asynchronous firing facilitates the segmentation of neuronal components. (A) Three representative neuronal components at different 
frames and in the corresponding merged image. (B) An example of a periodic block, with the positions of two representative pixels indicated. (C, D) 
Fluorescence signals of two labeled pixels during the periodic block. (E) Distribution of the max-mean values of central pixels or boundary pixels within a 
given neuronal component. Mann–Whitney U test. (F) Example images of maximum projection, mean projection, and max-mean projection. (G) A repre-
sentative periodic mask. Scale bar: 10 μm.

https://doi.org/10.1371/journal.pone.0343516.g002

https://doi.org/10.1371/journal.pone.0343516.g002
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dataset, background segmentation left 280,338 pixels, resulting in over 39.3billion pixel pairs. To mitigate this, we identi-
fied 9,000 key representative pixels using an unsupervised clustering method and computed JI values only between these 
key pixels and their 1,000 neighboring pixels (Figs 3D and 3E; Methods). Consequently, we integrated periodic masks into 
a temporal mask (Fig 3F). In the temporal mask, we observed that some ROIs shared pixels, meaning the same physical 
pixel location was assigned to multiple ROIs. This phenomenon could result from either repeated segmentation of the 
same neuronal component or an overlapping field of view, where the somatic regions of two distinct neurons were in such 
close proximity that their 2D spatial projections overlapped in the imaging plane (Fig 3G). To address this, we merged 
any two overlapping ROIs if more than 80% of their pixel pairs met the JI threshold. ROI pairs failing to meet this merging 
criterion were maintained as separate entities. In these cases, the overlapping pixels were excluded from signal extraction 
for both ROIs to prevent signal cross-contamination. Finally, a spatial mask was derived from the temporal mask (Fig 3H).

Extraction of neuronal signals

For each ROI in the spatial mask, we first identified its constituent pixels and selected an equivalent number of surround-
ing background pixels as neuropil (Fig 4A). We then extracted the fluorescence signals of both the ROI and neuropil by 
calculating the mean fluorescence intensity of their respective pixels in each frame (Fig 4B). ROIs were retained if their 

Fig 3.  Segmentation of background and neuronal components. (A) Probability distribution for pixel classification into ROIs and segmentation of 
background (light green). (B) Four representative periodic masks with the positions of three selected pixels indicated. (C) ID sequences of the three 
pixels across periodic blocks. (D) t-SNE visualization of individual pixels, revealing 9,000 clusters identified by K-means clustering. (E) Distribution of the 
9,000 clusters within the max-mean projection image. (F) Temporal mask. (G) Four representative ROIs repeatedly segmented. (H) Spatial mask. Scale 
bar: 30 μm in A and the left panels of E, F, and H; 10 μm in B and the right panels of E, F, and H.

https://doi.org/10.1371/journal.pone.0343516.g003

https://doi.org/10.1371/journal.pone.0343516.g003
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fluorescence signals exceeded the 3σ level of their corresponding neuropil signals for at least three consecutive frames 
(Fig 4B). Next, we refined the ROI fluorescence signals by reducing neuropil contamination using a gradient reduction 
algorithm and removing photobleaching artifacts from the calcium indicators by eliminating polynomial trends in fluores-
cence decay over time (Fig 4C). Subsequently, we extracted the calcium signal of the ROI from the refined fluorescence 
signal using the ∆F/F metric, where ∆F represents the deviation from baseline fluorescence (F), estimated as the mode 
fluorescence intensity (Fig 4D). We further selected ROIs as neuronal components if they exhibited a ratio of positive- 
to-negative transients greater than ten (Methods) and removed the negative calcium signals to isolate calcium signal of 
the neuronal component (Fig 4E). Finally, we extracted event signal of the neuronal component by deconvolving its cal-
cium signal using imaging parameters (100ms frame rate, 860ms decay constant of calcium indicator) and a 2σ threshold 
of the calcium signal (Fig 4F; Methods) [30]. The resulting positive signal within the event signal represented the firing 
status of the neuronal component, while the remaining signal represented the resting status (Fig 4G). This refined event 

Fig 4.  Extraction of neuronal signals. (A) The illustration of a ROI (green) and its corresponding neuropil region (blue). Scale bar: 30 μm (green) or 
10 μm (blue). (B) Fluorescence signals of the ROI (green) and the neuropil (blue) across individual frames. The black line indicates the 3σ level of the 
neuropil fluorescence signal. (C) Fluorescence signal of the ROI after neuropil contamination reduction and polynomial trend removal. The purple line 
represents the polynomial trend that was removed, illustrating the correction for photobleaching. (D) Distribution of fluorescence intensities, with the 
baseline indicated. (E) Calcium signal. (F) The calcium signal (dotted line) and the resulting event signal (solid line). (G) Event signal.

https://doi.org/10.1371/journal.pone.0343516.g004

https://doi.org/10.1371/journal.pone.0343516.g004
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signal can subsequently serve as a reliable basis for estimating spike timing or probability using algorithms appropriate for 
cognitive neuroscience analyses.

Accuracy of the NeuronID toolkit

Following the identification of morphological boundary, cross-correlation analysis between pixels, and evaluation of sig-
nals, the NeuronID toolkit successfully performed the segmentation of neuronal components, as illustrated in the soma 
mask (Fig 5A; S3A-C Figs; Methods). To evaluate its accuracy, we initially compared it against existing tools (CaImAn and 
Suite2p) on Example Datasets 1–6 [12,13]. First, we observed that some neuronal components were over-segmented in 
existing tools (Fig 5A and S4 Fig). We further observed that the morphological boundaries of some neuronal components 
were recognized more accurately in the NeuronID toolkit (Figs 5B and 5C). These observations indicated that the Neuro-
nID toolkit effectively reduces over-segmentation. Indeed, the number of neuronal components segmented by the Neu-
ronID toolkit was significantly fewer than that segmented by the two existing tools (Fig 5D; S3D Fig). To investigate the 
mechanism behind this improvement, we compared the temporal scales used for cross-correlation analysis. We found that 
cross-correlation analysis across periodic blocks yielded systematically higher pairwise pixel correlations (PCCs) within 
neuronal components than the frame-based correlation approach employed by other toolkits (Fig 5E).

To further evaluate the accuracy of the NeuronID toolkit, we compared it against manual annotation by experts using 
nine Example Datasets 7–15 [11,13]. First, we observed that segmentation of neuronal components using the NeuronID 
toolkit showed high concordance with manual annotation by experts (Fig 6A; S5 Fig). We further observed that the iden-
tification of morphological boundaries in some neuronal components approached the accuracy of manual annotation (Fig 
6B). Our analysis revealed that approximately 80% of neuronal components were accurately segmented by the NeuronID 
toolkit, as measured by the Intersection over Union (IoU) (Fig 6C; Methods). The NeuronID toolkit achieved an average 
F1 score of 0.80, indicating near-human performance (Fig 6D; Table 1). Furthermore, this accuracy significantly surpassed 
that of existing toolkits on the same benchmark (Fig 6D; Table 1). Finally, to evaluate the performance of the NeuronID 
toolkit, we successfully applied it to two-photon calcium imaging datasets from zebrafish (S6 Fig). Together, these results 
established the NeuronID toolkit as a robust solution for reducing over-segmentation while maintaining high segmentation 
accuracy.

Discussion

In this study, we introduced the NeuronID toolkit, which provides a standardized and automated pipeline for analyzing 
two-photon calcium imaging data. The NeuronID toolkit integrates four core modules, including motion correction, noise 
reduction, segmentation of neuronal components, and extraction of neuronal signals. Critically, the NeuronID toolkit is by 
design not restricted to a single model organism. While the present study has focused on its application in mouse, its suc-
cessful preliminary application to zebrafish data also indicates promising potential for broader use. It would be intriguing to 
further apply and validate this toolkit across different species and experimental paradigms in future work.

Notably, the NeuronID toolkit offered a new strategy for segmenting neuronal components, which systematically 
combines morphological boundary identification, cross-correlation analysis between pixels, and evaluation of neuronal 
signal. In contrast, existing tools predominantly rely on cross-correlation analysis between pixels across individual frames 
to segment neuronal components [12,13]. Although these existing tools are computationally efficient and enable rapid 
processing, the frame-wise approach can be susceptible to transient noise and neuropil contamination, often resulting in 
over-segmentation, particularly in regions with high neuronal density or background activity. To address this, the Neuro-
nID toolkit conducted the cross-correlation analysis between pixels across periodic blocks rather than across individual 
frames. This block-wise approach increased the likelihood of identifying pixels belonging to the same neuronal compo-
nents, thereby reducing the likelihood of over-segmentation. Additionally, such reduction in over-segmentation could also 
result from the identification of morphological boundaries, which was not employed by existing tools. These comparative 
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Fig 5.  Comparative analysis of the NeuronID toolkit against two existing tools. (A) Max-mean projection image (Raw) and soma masks generated 
by NeuronID, CaImAn (ONLINE), Suite2p, and Suite2p (Cellpose). Scale bar: 30 μm (left) or 10 μm (right). (B) Representative examples of somatic 
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structures segmented by different toolkits. (C) Examples of complex neuronal components segmented by the three toolkits. (D) Number of neuro-
nal components segmented by the three toolkits. N = 6. NeuronID: 342 ± 34 (Mean ± s.e.m.); CaImAn (ONLINE): 722 ± 25; Suite2p: 422 ± 57; Suite2p 
(Cellpose): 469 ± 41. Paired t-test. (E) Distribution of Pearson correlation coefficients (PCCs) between pixels within a given neuronal component across 
individual frames or periodic blocks. Mann-Whitney U test.

https://doi.org/10.1371/journal.pone.0343516.g005

Fig 6.  Comparative analysis of the NeuronID toolkit versus manual annotation by experts. (A) Max-mean projection image (Raw) and soma 
masks generated by manual annotation or the NeuronID toolkit. Scale bars: 30 μm (left) and 10 μm (right). (B) Representative examples of neuronal 
components segmented by both methods. (C) Distribution of the Intersection over Union (IoU) between a NeuronID-segmented neuronal component and 
its best-matching component from the expert manual annotation. 0: 2.52 ± 0.41%; 0-0.5: 14.32 ± 0.58%; 0.5-1: 83.16 ± 0.41%. N = 9. One-way ANOVA. 
(D) F1 score of different methods. Manual Annotation: 0.82 ± 0.02, N = 9; NeuronID: 0.80 ± 0.02, N = 9; CaImAn (ONLINE): 0.76 ± 0.01, N = 9; CaImAn 
(BATCH): 0.75 ± 0.01, N = 9; Suite2p: 0.58 ± 0.04, N = 8.

https://doi.org/10.1371/journal.pone.0343516.g006

https://doi.org/10.1371/journal.pone.0343516.g005
https://doi.org/10.1371/journal.pone.0343516.g006
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advantages position the NeuronID toolkit as a suitable tool for applications where precise segmentation of neuronal com-
ponents is paramount. Users should consider these advantages alongside the toolkit’s limitations, detailed in the following 
section, when selecting an analysis method for their specific experimental needs.

In addition to the reduction of over-segmentation, the NeuronID toolkit achieves accuracy comparable to that of human 
experts. While manual annotation by experts serves as a ground truth, its practical utility is limited by inter-observer 
variability and the scarcity of such expertise in most laboratories. In contrast, the NeuronID toolkit not only achieves near-
human accuracy but also delivers standardized, reproducible segmentation for any given dataset. Together, these features 
establish the NeuronID toolkit as an effective solution for neuronal segmentation. Although the current segmentation strat-
egy is specifically designed for two-photon calcium imaging, the core principle of leveraging asynchronous firing among 
different neurons or within a given neuron, could inspire new approaches for segmenting structures in other biological 
imaging datasets.

Limitation of the NeuronID toolkit

The current version of NeuronID is specifically designed for two-photon calcium imaging data capturing the somatic struc-
tures of hundreds of neurons. A key premise of our segmentation strategy is the exploitation of asynchronous neuronal 
activity to distinguish individual cells. Consequently, the toolkit may be less effective for populations of neurons that fire 
with a high degree of synchrony, where temporal correlation profiles become indistinguishable. Additionally, the computa-
tional processing speed of NeuronID may be a limiting factor for very large datasets, such as those involving continuous 
multi-day recordings. Furthermore, future developments should aim to extend its capabilities to process complex subcel-
lular structures (e.g., axons, dendrites, and synapses) as well as to handle volumetric data [31–34]. The modular architec-
ture of the NeuronID toolkit is intentionally designed to support future enhancements and adaptability.

Supporting information

S1 Table. The information of example datasets. 
(DOCX)

S2 Table. Customized parameters. 
(DOCX)

S1 Fig. The workflow of segmentation of neuronal components in the NeuronID toolkit. The schematic illustrates 
the key stages of the automated segmentation pipeline: (1) Detection of periodic masks via identification of morphological 
ROI boundaries; (2) Integration of periodic masks into a temporal mask through cross-correlation analysis; (3) Refinement 
into a spatial mask by resolving overlapping ROIs; (4) Generation of the final soma mask based on signal quality criteria.
(TIF)

S2 Fig. Quantitative assessment of motion correction and noise reduction. (A, B) Comparison of brightness (A) and 
sharpness (B) between the mean projections of the raw and motion-corrected frame stacks. (C, D) Comparison of contrast 
(C) and the single-pixel signal-to-noise ratio (SNR) (D) between the original and denoised frame stacks. In A-D, two-tailed 
paired t-test.
(TIF)

S3 Fig. Supplementary analyses of the segmentation workflow and outcomes. (A) The accumulative curves of 
probability for a pixel being detected as part of an ROI, for pixels within final neuronal components (black line) or pixels 
outside neuronal components (gray line). (B) The percentage of three types of clusters among the 9,000 clusters identified 
via unsupervised clustering (Methods). N = 6. Type 1: 55.90 ± 1.83%; Type 2: 15.83 ± 0.38%; Type 3: 28.27 ± 1.47%. (C) 
The distribution of the final, consolidated ROIs from the soma mask projected back into the t-SNE embedding space. The 

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0343516.s001
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http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0343516.s005
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emergence of larger, unified color patches, compared to the initial pixel-level clusters in Figure 3D, visually demonstrates 
the effective reduction of over-segmentation. (D) Comparison of the segmentation accuracy (F1 score) among the Neuro-
nID toolkit, CaImAn (ONLINE), Suite2p, and Suite2p (Cellpose).
(TIF)

S4 Fig. Comparative analysis among three toolkits. The max-mean projection images (Raw) and soma masks gener-
ated by NeuronID, CaImAn (ONLINE), Suite2p, and Suite2p (Cellpose) across five example datasets. Scale bar: 30 μm.
(TIF)

S5 Fig. Comparative analysis of the NeuronID toolkit versus manual annotation. Max-mean projection images (Raw) 
and soma masks generated by the human annotation or the NeuronID toolkit. Scale bar: 30 μm.
(TIF)

S6 Fig. Cross-species implementation of the NeuronID toolkit. The toolkit successfully processes two-photon calcium 
imaging datasets from zebrafish, as shown by the mean projection images (Raw) and soma masks (NeuronID). Scale bar: 
10 μm.
(TIF)
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