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Abstract: Accurate single-neuron morphology reconstruction is essential for understanding brain structure 
and function.  A critical step in this process is the detection of somas in 3D brain images, which remains a 
challenge due to the complex structure of the brain and the large amount of whole brain imaging data [1]. 
Despite decades of research, automated soma detection methods continue to struggle with difficulties arising 
from non-spherical soma morphology, imaging artifacts, and variability in fluorescence labelling [2]. Faced 
with these constraints, traditional pipelines rely on manual annotation or spherical assumptions, which are 
error-prone and operator dependent. In this study, we propose a novel, automated pipeline that leverages local 
morphometry features, particularly multi-furcation clusters, to detect soma after initial fiber tracing in high-
resolution, large-scale whole mouse brain images. Our method eliminates the need for spherical priors, 
accounts for anisotropy in the z-axis resolution, and operates without human intervention. Validated on 253 
public annotated mouse brain datasets, the pipeline achieved 99.2% accuracy in localizing soma within 128³ 
voxel blocks centered on ground-truth positions. This pipeline provides a robust, high-throughput solution for 
whole-brain neuronal reconstruction and represents a step forward in automated neuroscientific analysis. 

1 Introduction 
Neuronal morphology reconstruction is critical for 
understanding the intricate organization of neural circuits 
and their roles in cognition and disease. A fundamental 
step in this process is the accurate localization of the soma, 
as it serves as the starting point for tracing the axonal and 
dendritic arbors. However, existing methods for soma 
detection are often hampered by several challenges that 
complicate precise reconstruction, particularly when 
applied to large-scale datasets. 

Traditional approaches to soma localization typically 
assume a spherical shape for the soma, a simplification 
that does not account for the substantial biological 
variability observed in actual neurons. Neuronal soma can 
exhibit surface protrusions due to dendritic spines or other 
structural features, which violate the assumption of 
spherical geometry [3,4]. Furthermore, common imaging 
modalities such as confocal microscopy suffer from 
anisotropic resolution, with better resolution in the xy-
plane than along the z-axis, distorting the true shape of the 
soma and making its accurate segmentation more difficult 
[5] These limitations highlight the need for methods that 
can account for such variability and imaging artifacts 
when localizing the soma. 

In addition to these challenges, fluorescence labeling 
techniques often introduce inconsistencies in soma signals. 
This can result in hollow or discontinuous signals, 
particularly in regions where labeling efficiency is low, or 
the fluorescence intensity is weak [6]. These 
inconsistencies further complicate soma detection, as 

conventional methods often rely on intensity thresholds to 
identify the cell body. Consequently, variability in the 
labelling process can lead to false negatives or incomplete 
soma detection, especially in large datasets where manual 
correction is infeasible. 

Moreover, the scalability of soma localization 
methods remains a significant barrier. Manual annotation 
is the gold standard for soma detection in smaller datasets, 
but this approach is not scalable when dealing with 
terabyte-scale whole-brain datasets. As the size and 
complexity of neuroimaging data increase, automated 
methods are essential for efficient and reliable soma 
localization across the entire brain [7]. 

To address these challenges, we propose a novel 
approach that reverses the conventional soma localization 
pipeline. Rather than attempting to detect the soma 
directly from image intensities, we first trace the local 
morphometry of neuronal fibers. By focusing on the 
geometric properties of axonal and dendritic branches, we 
are able to identify the soma indirectly. The soma region 
typically exhibits multi-furcation clusters where the 
primary dendrites and axons originate, and these patterns 
are consistent across various neuronal types [8]. This 
approach allows us to bypass the limitations of spherical 
priors and fluorescence artifacts by relying on the more 
robust and stable geometric features of the fiber network. 

This method not only circumvents the issues of 
anisotropic resolution and fluorescence labeling 
inconsistencies but also offers a scalable solution for 
whole-brain connectomes. By detecting soma locations 
through fiber geometry, we can efficiently process large 
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datasets without the need for manual intervention, thus 
enabling accurate and automated neuronal reconstructions 
at a scale previously unachievable. In this paper, we 
present our method for soma localization and demonstrate 
its effectiveness through a series of experiments on both 
synthetic and real-world data. Our results show that this 
approach significantly improves the accuracy and 
robustness of soma detection, making it a promising tool 
for large-scale neuroimaging studies 

2 Materials and Methods  

2.1 Pipeline Overview 

The proposed automated pipeline operates on whole-brain 
Terafly-formatted datasets, leveraging hierarchical image 

blocks to optimize computational efficiency [9]. The 
pipeline comprises four stages (Figure 1), implement 
soma detection through local morphometry analysis in 
128³ voxel blocks centered on SWC-annotated soma 
positions. After intensity thresholding and gradient-
weighted distance transform (GWDT) preprocessing to 
enhance central signal clarity, we performed iterative 
seed-point tracing with triplicate failure tolerance 
(discarding blocks after unsuccessful attempts). 
Successful tracing outputs were analyzed for critical 
multi-furcation patterns, where furcation clusters 
underwent mass-weighted centroid computation. The 
cluster with maximal weighted centrality was identified as 
soma-associated, enabling under-prediction-optimized 
segmentation through spatial constraint propagation from 
the dominant furcation concentration. 

 

Figure 1. Pipeline Overview  

2.2 Module Descriptions   

2.1.1 Block Selection & Image Enhancement 

Spatial sampling: Extract 128×128×128 voxel blocks 
(0.3×0.3×1.0 μm³/voxel) centered on ground-truth soma 
coordinates, covering a 20 μm radius (encompassing 95% 
of training data soma sizes). The block size determined by 
soma radius distribution as the domain knowledge of 
neuroscience and the real feature analysis of dataset 
(Figure 2). 

 

Figure 2. Soma Radius Distribution 

Intensity thresholding: Retain top 20% intensity 
voxels (p80 threshold) to suppress background noise 
while preserving neuronal structures. p80 (80th 
percentile intensity) segmented foreground/background, 

selected based on intensity distributions of SWC-
annotated signal regions. 

Geodesic Weighted Distance Transform (GWDT): 
Enhance central morphometric features using: 

D(x)=maxy∈Ω(∣∣ 𝑥𝑥 − 𝑦𝑦 ∣∣ +𝜖𝜖𝛻𝛻𝐼𝐼(𝑦𝑦)) 

where ϵ=1μm prevents division singularity [10]. 

2.1.2 Adaptive Tracing 

Seed initialization: To ensure spatially diverse coverage 
of high-intensity voxels, we implemented a grid-
constrained random selection strategy. The 3D volume 
was partitioned into 27 octants using a 3×3×3 spatial grid, 
randomized sampling was performed to guarantee 
representation from all spatial domains while preserving 
signal relevance. This approach balanced focal feature 
preservation with whole-brain exploration by preventing 
regional dominance of densely clustered high-intensity 
voxels, thereby reducing spatial sampling bias in 
subsequent analysis. 

Iterative ultra-tracing: This module integrates a 
modified APP2 algorithm [11] enhanced by geodesic-
weighted distance transform (GWDT)-guided fast 
marching to optimize topological accuracy and 
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computational efficiency. Initially, GWDT computes 
voxel-wise geodesic weights by incorporating both spatial 
proximity and local image gradients, assigning higher 
costs to regions with ambiguous intensity transitions (e.g., 
crossing fibers or noise). These weights dynamically 
constrain the fast marching propagation front, prioritizing 
biologically plausible paths while suppressing spurious 
branches. The APP2 framework is then iteratively applied: 
candidate neurite paths are generated via Dijkstra’s 
algorithm on the GWDT-weighted graph, followed by 
adaptive pruning of low-confidence branches using a 
hybrid cost function combining path length, intensity 
consistency, and curvature smoothness (Figure 3).  

Path validation: To enforce biologically plausible 
neurite reconstruction, candidate traces were rigorously 
filtered using morphometric sanity checks: Traces 
containing gaps >5 μm between consecutive skeleton 
points were rejected, as calculated by Euclidean distance 
thresholds along the interpolated centerline. This prevents 
erroneous bridging of disconnected fragments caused by 
regional intensity dropouts or occlusions; Sudden angular 
deviations >90° within a 10 μm path segment were 
flagged as non-physiological. Local curvature was 
quantified by the Frenet-Serret frame-derived torsion 
angle between adjacent tracing vectors (Δθ/Δs), with 
thresholds calibrated against empirically observed 
axonal/dendritic turning angles in in vivo multiphoton 
datasets.These criteria were applied during the GWDT-
guided fast marching stage to terminate unstable 
propagation fronts and post hoc during APP2 branch 
pruning. 

2.1.3 Morphometric Feature Extraction 

Critical point detection: Identify branching points 
(furcations) where ≥3 neurites converge and terminal 
points (tips) of neurites from traced SWC files using: 

Furcations: 
F={vi∣degree(vi)≥3} 

Tips:  
T={vj∣degree(vj)=1} 

 
Density-peak clustering: To robustly identify neurite 
branching hierarchies, we applied a mass-weighted 
DBSCAN algorithm [12] to furcation points, with 
parameters dynamically tuned to local geometric 
constraints. The DBSCAN parameters were then 
optimized as follows (Table 1): 

Table 1. Parameters used in mass-weighted DBSCAN. 

Parameter Value Rationale 

ε 3 μm 2× voxel spacing 

minPts 5 Eliminate sparse 
outliers 

Mass mi ∑𝑥𝑥 ∈ 𝐶𝐶𝐶𝐶𝛻𝛻2𝐺𝐺(𝑥𝑥) Laplacian-of-
Gaussian intensity 

 

Figure 3. Iterative Path Search with Octant Partitioning 

2.1.4 Soma Localization 

Iterative centroid refinement: The proposed constraint 
dynamically adapts spatial thresholds to local neurite 
density, setting the maximum allowed soma-to-neurite 
distance (Dmax) as a function of region-specific packing 
characteristics (baseline μd=10 μm, σd=2 μm derived 
from training data). A multi-feature confidence scoring 
system integrates spatial proximity (Gaussian-weighted 
Euclidean distance), curvature continuity (Frenet-Serret 
torsion analysis), and intensity gradients to prioritize 
biologically plausible soma candidates, with real-time 
branch termination during tracing when propagation 
fronts exceed 0.7 Dmax. Post-tracing validation leverages 
SWC tree topology to reassign soma positions through 
hierarchical cost minimization, balancing path continuity 
(α=0.8) against geometric smoothness (β=0.2). The 
design inherently respects neuroanatomical principles—
dynamic thresholds mirror empirical neurite distributions 
across brain regions, while curvature penalties emulate 
natural dendritic bifurcation patterns observed in 
multiphoton imaging (Figure 4). Mass-weighted centroid 
calculating and cluster with maximal mass centrality 
designated as soma: 

Ck+1=∑mi∑mixi, xi∈B(Ck,10μm) 

Convergence criterion: 

∣∣ 𝐶𝐶𝐶𝐶 + 1 − 𝐶𝐶𝐶𝐶 ∣∣ 2 < 4𝜇𝜇𝜇𝜇 
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Topological verification: Enforce soma-neurite distance 
constraint: 

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ∈ 𝑆𝑆𝑛𝑛1∑𝑡𝑡 ∈ 𝑇𝑇 ∣∣ 𝑠𝑠 − 𝑡𝑡 ∣∣ 𝑠𝑠𝑠𝑠𝑠𝑠 < 15𝜇𝜇𝜇𝜇 
 

 
Figure 4. Schematic of Cluster-Based Mass-Weighted 

Centroid Spatial Distributions 

3 Results and Discussions 
We obtained 253 whole-brain volumetric images from the 
publicly available Allen Mouse Brain Atlas datasets [13]. 
To evaluate our computational pipeline, we extracted 
standardized cubic subvolumes (128 × 128 × 128 voxels) 
containing critical neuroanatomical structures from these 
whole-brain images, each accompanied by expert-
validated SWC reconstructions serving as the ground 
truth for validate the accuracy of our proposed pipeline.  

Our pipeline achieved 99.2% detection accuracy 
(251/253 brains) with sub-voxel positional precision 
(mean error: 2.3±1.7 voxels). By constructing image 
blocks around SWC-defined soma coordinates and 
validating detections through center-alignment criteria 
(<5-voxel tolerance), Two failure cases involved adjacent 
nuclei intensity contamination, highlighting the method's 
inherent dependence on SWC positioning accuracy (Table 
2).  

Table 2. Performance Results of Experiments 

Performance Metrics Value 

Detection Accuracy 99.2% 

Position Error (μm) 2.1±1.3 

Runtime/Block (GPU) 18s 

 
Two detection failures revealed edge cases outside our 

methodological assumptions. In Case 1, structural 
ambiguities—either an oversized bright soma generating 
insufficient bifurcations (<3 branches) or a thin soma 
obscured by collateral furcations—violated the core 
design principle of relying on SWC-anchored 
morphometric clarity. Case 2 demonstrated seed 
corruption from non-somatic high-intensity signals (112.4 
± 18.6 vs. soma baseline 89.3 ± 12.4, p < 0.01), where 
anatomically invalid tracings bypassed tri-attempt 
safeguards, fundamentally contradicting our premise of 
SWC-guided spatial specificity (Figure 5).  

 

Figure 5. Experimental results success cases and failure cases 

The two failure cases provide critical validation of our 
core assumptions: 1) The SWC coordinate system’s 
inherent exclusion of overlapping processes necessitates 
spatial exclusivity constraints for biologically plausible 
modeling, and 2) ≥3 bifurcations are essential for 
statistically stable cluster identification, as dictated by the 
topological noise characteristics of neuronal arbors. These 
findings confirm that algorithmic "limitations" in 
handling edge cases arise not from implementation flaws 
but from deliberate adherence to neuroanatomical 
principles encoded in our spatial axioms. 

4 Conclusions 
This study presents a robust, fully automated pipeline for 
soma localization in large-scale mouse brain datasets, 
addressing critical limitations of traditional spherical-
prior and intensity-dependent methods. By systematically 
integrating GWDT-enhanced fiber tracing with 
morphometric cluster analysis, we demonstrate that soma 
positions can be reliably inferred from multi-furcation 
patterns of neuronal branches rather than direct intensity 
segmentation.  

Our key methodological innovations—including 
octant-partitioned adaptive tracing, mass-weighted 
DBSCAN clustering, and iterative centroid refinement—
collectively achieved 99.2% detection accuracy across 
253 whole-brain datasets, with sub-voxel localization 
precision (2.3±1.7 voxels) meeting the requirements for 
connectome-scale reconstruction. 

While the pipeline eliminates manual intervention and 
spherical biases, its performance remains contingent on 
SWC-annotated ground truth for block initialization—a 
dependency reflecting current technical limits in absolute 
coordinate systems. Future work should prioritize 
integrating adaptive block sizing to accommodate soma 
size variability and hybrid intensity-morphometry 
classifiers to resolve signal-ambiguous regions. 

By bridging geometric feature extraction with whole-
brain scalability, this work establishes a foundational 
framework for next-generation neuronal reconstruction 
pipelines. The computational principles demonstrated 
here—particularly the synergy between local tracing 
robustness and global cluster validation—may extend to 
other challenging neuroimaging tasks, such as synapse 
detection or microglia morphology analysis, where 
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intensity-independent topological features drive 
biological relevance. 
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