GNB2023, June 21st-23rd 2023, Padova, Italy

Hessian-based neck tracing of dendritic spines:
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Abstract— Alterations in dendritic spines morphology and
topology are known to be implied in several neurodegenerative
diseases. However, visualizing and reconstructing the exact
morphology of spine necks using conventional confocal imaging
is still a challenge. In the light of this, we propose the extension of
Hessian matrix eigenvalue analysis for the detection of tubular
structures to the problem of 3D neck tracing. In this work we
stress the relevance of the tracing procedure initialization, for the
novel application of this standard approach to the specific
scenario. Preliminary results on confocal microscopy images
from ex-vivo human samples allowed to obtain almost 80% of
necks keeping an average distance of less than one voxel from the
reference segmentation and half of them fully overlapping with
it. The preliminary results are promising, since they pave the way
towards the development of this model-free solution to accurately
trace spine neck.

Keywords—Confocal microscopy, pyramidal cells, dendritic
spines, tracing, neuronal reconstruction.

I. INTRODUCTION

endritic spines are neuronal protrusions implied in

synaptic function, supporting learning, memory and
motivation [1]-[6]. Changes in spine density, size, shape and
distribution have been detected in neurodegenerative diseases
such as Alzheimer’s, autism spectrum disorders and many
others [7]-[9]. To this end, quantitatively characterizing such
features would be of particular interest. However, obtaining
faithful information on dendritic spine morphology is not an
easy task. Indeed, spines necks have a thin and small structure
which is hard to discriminate with conventional microscopy,
since its size is close to the optical resolution limit of the
imaging techniques [10]. On the other hand, the high density
of spines makes the manual or a semi-automatic segmentation
tedious and time-consuming, increasing the necessary
introduction of automatic procedures.

Several approaches have been proposed for reconstructing
spine necks. Some of them require a large database of images
to create a library of deformable models [11] or train
convolutional neural networks [12]. Models based on global
approaches to segmentation might fail in detecting spine necks
given the different signal-to-noise ratio (SNR) properties of
small structures [13], [14]. Thus, approaches based on local
intensity or morphological local characteristics were proposed
[14]-[18]. One of the most adopted tools, NeuronStudio [16]
exploits local geometrical models. However, this approach is
optimized for head spine detection and is suboptimal for neck
spine shape characterization. In [17], a curve based on
Legendre functions is fitted between dendrite shafts and
detached spine head in 2D microscopy images, to adapt to
different possible neck geometries. Geometrical features, as

those based on tubular structures exploited in [19] for vascular
tree, was evaluated in [18]. Specifically, eigenvalue analysis
of the Hessian matrix has been introduced to define vesselness
measures in biomedical images [19]. In fact, within tubular
structures, the smallest-magnitude eigenvalue of Hessian is
associated with the eigenvector directed along the minimum
intensity variation, i.e., the longitudinal axis of the tubular
structure. In [18] the information from local Hessian matrix
was used to design an adaptive filter for dendrite tracing and
spine head detection. The approach proved to achieve a good
performance on stimulated depletion image but was not
applied to image stacks.

In this work, we present a novel neck-tracing approach that
exploits the eigenvalue analysis of the Hessian matrix.
Specifically, the proposed method will be applied to images
where both dendrites and spine heads have already been
segmented. The aim is to correctly identify and trace the spine
necks. We will point out the relevance of the tracing algorithm
initialization and we will propose and evaluate different
strategies. We test our method on 3D stacks of confocal images
of a human pyramidal cell dendrite. We validate our approach
against ground truth assisted segmentation of spines
performed by expert-users.

II. MATERIAL AND METHODS

A. Experimental data

We processed a confocal image stack of an intracellular
injected layer III pyramidal neuron from the human brain
cingulate cortex (freely available for the scientific community
and presented in [20]). Sections were imaged with a Leica TCS
4D confocal scanning laser equipped with to a Leitz DMIRB
fluorescence microscope. All the data was also provided with
a reference segmentation of the dendritic branch and spines
reconstructed manually using Imaris 6.4.0 (Bitplane AG,
Zurich, Switzerland).

B. Neck tracing procedure

Tracing a neck consists in connecting two disconnected
clusters of segmented voxels, one linked to the spine head, and
one linked to the dendrite. Therefore, to test our approach, we
firstly performed a binary segmentation of the intensity image
leaving some spines disconnected. We created such
segmentation employing Otsu’s method in the Icy software
[21] which defines the optimal threshold based on the observed
intensity distribution of pixel values. We refer to this
segmentation as Otsu segmentation, OS [22]. The proper neck
tracing approach is run on the unsegmented portions of the
intensity image, and it is composed of an initialization phase
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Fig. 1 Schematization of the neck tracing approach. OS is marked in
red, OB in yellow. Phase I) selection of the first voxel in the trace
among those in OB, with the three tested criteria. Phase II) thanks to
the properties of the Hessian matrix eigenvalues within tubular
structures, the neck can be traced by 1) performing the eigenvalue
analysis at voxel vi; 2) defining vi+1 as the neighboring voxel
intersected by the smallest eigenvector.
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Fig. 2 Validation example simplified in a 2D case: necks (black)
connecting disconnected clusters of OS (red) are compared against
RS (white with green borders) in terms of average FEuclidian
distances. Distance values in cells are rounded to the highest integer.

(phase I) aiming at selecting the starting seed of the path-
finding phase (phase II). The approach is sketched in Fig. 1.

Phase I defines the first voxel of the trace among those
composing the outer border (OB) of the disconnected spine.
We tested 3 different criteria: C1) the voxel in OB that is
closest to the dendrite in terms of Euclidean distance; C2) the
maximum intensity voxel within OB; C3) the voxel in OB
intersected by the principal axis of the spine, placed on the side
of OB that is closest to the dendrite.

Instead, phase II consists of a one-voxel step procedure
starting from the first voxel and iteratively repeated to define
the trace of the neck. For each voxel v; in the trace, the Hessian
matrix is defined computing the second order derivatives Dy,
Dyy, Dz, Dxy, Dy, Dy,. Eigenvectors and eigenvalues of the
Hessian matrix are then extracted. Eigenvalues encode the
information on second-order intensity variability along the
axis defined by the eigenvector. Within a tubular structure, the
direction parallel to the main axis is the one meeting no

structure boundaries, i.e., the one along which the smallest
intensity variations occur. This situation, schematized in the
lower-left panel of Fig. 1, can be summarized by the formula
[A3l< [A2f= [M1]. Therefore, starting from v; as defined in Phase I
(shown in green in Fig. 1), v» is chosen within the 26-
neighborhood of v, as the voxel being intersected by the
eigenvector of the Hessian matrix associated to the smallest
absolute eigenvalue A3, visualized with a golden arrow in Fig.
1. The procedure is repeated starting from v, to define v;
(lower-right panel in Fig. 1), and then iterated on each v;, to
define v;+;, until the trace meets the dendrite, or a given
number of steps, Max Steps, is reached. Max_Steps is
identified to avoid the algorithm getting lost in a non-tubular
structure or failing to reach the dendrite.

C. Validation

We preliminary validated our method on 350 spines
included in one image stack. A gold-standard semi-automatic
segmentation of these spines was published in [20] and is here
labelled as Reference Segmentation, RS. This ground-truth
was obtained with the software Imaris by combining spine-by-
spine segmentations defining multiple ad hoc binary
thresholds. Among the total number of spines, we focused only
on those disconnected (26-neighbors) from the dendrite in the
Os.

The tracings obtained using the three initialization strategies
were evaluated, using a distance measure dgs of each traced
neck from the RS. Such measure is 0 when all the voxels in the
neck overlap with the reference segmentation, and non-zero
otherwise. The validation measure drs was estimated as it
follows:

e  For each voxel of the traced neck
o we assign 0 if the voxel belongs to the RS
o we estimate the Euclidean distance dgsfrom
the edge of the RS
e  We average the obtained value across the voxels of
the considered neck, to obtain the average drs

Using this approach, we can provide a quality assessment

also for necks that do not fully overlap with RS.

III. RESULTS

A. Quantitative analysis

Out of the 350 spines marked in RS, OS results in 88 spines
disconnected from the structure core. We observed that
segmented spines are separated on average by less than 10
voxels from the segmented dendrite, so we empirically set
Max_Steps to 20. In Fig. 3, we report the quantitative
evaluation of the three initialization criteria implemented for
phase I, in terms of percentage of necks that fully overlap with
RS, i.e., that show drs= 0, and percentage of necks showing
drs< 1. C2 is the criterion providing the best results, with drs
= 0 for the 47.7% of the 88 necks and drs< 1 for the 77.3% of
them.

B. Neck reconstructions

In Fig. 4, we report four examples of traced necks, visualized
with 3D reconstructions and overlayed on OS and RS. We
observe that, with a good approximation, the majority



GNB2023, June 21st-23rd 2023, Padova, Italy

- i
"3‘403 CRITERION 1 l
Bl dps=0 : 182% | |
o dge==1 : 63.8% l
‘5.3 20} 3
S |
5! i » |
= 0 e

0 1 2 3 4 5 &

Average distance [voxels]

w |
S 40f CRITERION 2 I
E 35:,.. dnj= o :47.7% !
5 des<=1:77.3% | |
@ 20} 1
£ !
5 10} |
z U fur e |

0 1 2 3 4 § 6

Average distance [voxels)
2 i
E 40} CRITERION 3 i
_E a0t dps=0 : 30.7% |
2] dps<= 1 : 59.1% i
@ 20}
E l
3 10} |
oLl . Bem o
0 1 2 3 4 S 8

Average distance [voxels]

of
Fig. 3 Evaluation of the three initialization approaches of phase I in
terms of average distance from RS for the 88 disconnected spines.

Fig. 4 Four examples of necks reconstructed by the algorithm (in
black) overlaying OS (red) RS (gray).

spines have been successfully connected with the proper
section of the dendrite.

IV. DISCUSSIONS

In this work, we present a novel approach for spine neck
reconstruction using the local information of the Hessian
matrix. The geometrical information achievable by such
analysis was already exploited for spatial filter design in [19]

for spine head and neuron tracing. To our knowledge, the
implementation for spine neck sequential tracing presented
here is novel. Moreover, by testing three initialization criteria,
we highlighted the relevance of this phase and assessed the
maximum intensity voxel within the outer border of the spine
as best starting point. With this criterion, we obtain a good
percentage of tracings being in line with a published reference
segmentation produced with a deep learning-based approach.

For the image used in this work, a reference segmentation
RS capable of keeping spines connected to the corresponding
dendrite was already available, since spine and neck
identification was obtained using a manual 3D reconstruction
of the same image sample performed with the software Imaris.
Future tests will be required on samples on which a
segmentation able to keep spines connected has not yet been
achieved. This could be the case of confocal standard- or
super-resolution STED images from clarified tissue. These
tests will require a validation based on manual segmentation
and a comparison against other available methods.

Due to the image type, which describes injected cells, and
due to the bimodality of the intensity histogram, Otsu’s
method, that exploits a global intensity threshold, was selected
as one of the simple strategies to segment this type of dataset.
However, other methods employing different segmentation
strategies can be used [23] and their results merged with the
proposed approach when spine neck segmentation is failing.

To validate our results, we designed a strategy that estimates
an average distance of the reconstructed neck from the RS.
Since RS can be as thin as a single voxel, this strategy better
characterizes the results with respect to a binary decision on a
complete overlap between the reconstruction and the RS. We
provide histograms of the average Euclidean distances
between necks and RS, and we report the percentage of necks
showing dgrs<I, considered as satisfying reconstructions. In
this work, this validation measure is also used to compare the
three initialization criteria, highlighting a far better
performance by C2 with respect to both C1 and C3 (Fig.3).
Performance of the minimum distance criterion (Cl1) is
impaired by the neck curvatures, which are often bent with
respect to the direction normal to the dendrite surface. The
performance of spine principal axis criterion (C3) is impaired
by the multiple shapes that can be assumed by spine heads
[24], which can present very wide caps and thus a principal
axis that is aligned to the dendrite. Choosing the highest-
intensity sub-threshold voxel resulted to be the best
initialization criterion. In addition, on segmentations that do
not rely on the sole magnitude (e.g., segmentation algorithms
based on deep learning [11], [25], [26] structure enhancement
filters [27], [28] or statistical modelling [29]), the use of C3
might not be optimal and should be further tested.

We have to stress that the generalizability of C2 criterion to
images with lower SNR, with respect to the one here analysed,
should be further tested. In fact, this solutionis likely to be
sensitive to noise since it selects the maximum intensity voxel.
As a result, a different criterion could better perform on a
different image type.

We observed that definitions of the starting point on the
wrong side of the spine produce erroneous tracings that could
hardly be recovered. In this light, further research on the
proper initialization of neck tracing algorithms is crucial.
Future developments should focus on providing a less local
definition of maximum intensity, e.g., adopting smoothing
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filters in phase I prior to applying C2, or employing measures
based on percentiles within a neighbourhood. Similarly, in
phase II the eigenvalue analysis could be conducted with an
approach that is still local, but less punctual, to be more robust
to noise. A more noise-robust local eigenvalue analysis should
impact the performance as well in Phase II: this could be
achieved in the computation of the Hessian by weighing the
contribution of a neighbourhood of voxels, e.g. using
convolutions with derivatives of gaussians instead of punctual
differentiation, as in [19], [30].

As our algorithm does not perform spine assignment, the
presence of spines belonging to different dendrites within the
same stack could lead it to the tracing of non-existing necks.
To target this issue, in an interesting future development a
crucial preliminary spine assignment step based on a 3D
watershed transform could be integrated in the algorithm.

An application of our approach on super-resolution
techniques (e.g., STED, STORM), which allow to resolve
spine morphology even in clarified thick slices (500 wm), will
be also explored in the future.

V. CONCLUSION

We present an algorithm to detect neck spines using an
approach based on the Hessian matrix eigenvalue analysis
applied to confocal microscopy. The centrality of initialization
is addressed, assessing important changes in algorithm
performance when different initialization criteria are
employed. Our results suggest that a precise tracking of spine
necks could be obtained using a model-free solution. An
accurate reconstruction of spine necks will help to define the
morphology of the synaptic transmission centre implied in
neurodegenerative diseases.
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