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Summary
Modern fluorescence microscopy enables fast 3D imaging of biological and inert systems alike. In many studies, it is important
to detect the surface of objects and quantitatively characterize
its local geometry, including its mean curvature. We present
a fully automated algorithm to determine the location and
curvatures of an object from 3D fluorescence images, such
as those obtained using confocal or light-sheet microscopy.
The algorithm aims at reconstructing surface labelled objects
with spherical topology and mild deformations from the spherical geometry with high accuracy, rather than reconstructing
arbitrarily deformed objects with lower fidelity. Using both
synthetic data with known geometrical characteristics and
experimental data of spherical objects, we characterize the
algorithm’s accuracy over the range of conditions and parameters typically encountered in 3D fluorescence imaging. We
show that the algorithm can detect the location of the surface
and obtain a map of local mean curvatures with relative errors
typically below 2% and 20%, respectively, even in the presence
of substantial levels of noise. Finally, we apply this algorithm
to analyse the shape and curvature map of fluorescently labelled oil droplets embedded within multicellular aggregates
and deformed by cellular forces.

Introduction
From medicine to entertainment, industrial design to archeology, there is a long and growing interest in engaging with
3D data captured from real-world objects, with methods as
varied as the applications. The increasing use of 3D imaging in fluorescence microscopy applications, with confocal
microscopy being now mainstream, has allowed for the acquisition of large amounts of 3D data in both biological and
physical systems. Examples include biological studies of the
morphological changes that occur during cell migration (Soll,
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1999; Soll et al., 2000), the microbial cell shape (Ursell
et al., 2014), the cellular packings during tissue morphogenesis (Hayashi & Carthew, 2004; Lecuit & Lenne, 2007) and
early embryonic development (Pierre et al., 2016) and even
the geometry of the cell nucleus at the subcellular scale (Kim
et al., 2015; Wang et al., 2016). Studies of the mechanics
of emulsions in soft-matter physics also rely on the ability to
characterize the geometry of individual droplets (Brujić et al.,
2002; Zhou et al., 2006). Importantly, several new techniques
to either measure or infer cellular stresses in 3D multicellular
systems require a quantitative measure of surface curvature
from 3D fluorescence images. This includes 2D (Brodland et al.,
2014) and 3D (Veldhuis et al., 2017) force inference methods
and techniques that use oil droplets (Campàs et al., 2014) or
deformable elastic beads (Delarue et al., 2017) to quantify cellular stresses. In all these cases, it is essential to be able to
characterize the geometry of the imaged object with sufficient
accuracy so that quantitative studies can be performed.
A myriad of customized image segmentation and analysis methods have been developed and used to analyse 3D
fluorescence microscopy images. Many computationally efficient algorithms have been developed for detecting interfaces and surfaces, including automated thresholding (Otsu,
1979), watershed (Beucher & Lantuéjoul, 1979), marching
cubes (Lorensen & Cline, 1987) and active contour (Kass
et al., 1988; Sander & Zucker, 1990). Generally, the accuracy of these methods is suitable for most visualization purposes (Evans et al., 2001) and some quantitative analyses like
cell counting and tracking (Dzyubachyk et al., 2010). In some
cases, morphology and curvature measurements are possible (Elliott et al., 2015; Welf et al., 2016), albeit with relatively
low accuracy. Indeed, small errors in surface segmentation
can cause significant errors in the analysis of the surface geometry, especially for curvature measurements.
In this work, we present an automated algorithm for surface segmentation and curvature characterization, developed
using MATLAB (MathWorks). Starting from 3D tiff stacks of
isolated objects with a fluorescently labelled surface, we use
a ray-tracing algorithm to detect the location of the surface
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with high (subpixel) resolution and build a point cloud that
mathematically represents the object’s surface. Since the algorithm relies on ray tracing, it can detect the object surface with high precision but it cannot reconstruct objects
with very large departures from the spherical geometry, for
which the rays would intersect the surface more than once.
The local curvature at every point of the surface is then obtained through local quadratic fitting of the surface in a small
neighbourhood of each point, with a size determined by an
adaptive algorithm aimed at minimizing the errors in local
curvature measurements. The work is focused on obtaining
the surface map of mean curvature, but principal curvatures
and Gaussian curvature can also be obtained. Using synthetic
data with known geometrical characteristics and experimental data from known objects (droplets), we show that the algorithm is able to locate the surface with subpixel precision even
in the presence of substantial levels of noise. For the range of
imaging parameters explored here, the presented algorithm
can detect the location of the surface and local mean curvatures with relative errors below 1.6% and 12.5%, respectively.
Estimation of errors using synthetic data for a wider range of
imaging conditions indicates that the algorithm can detect the
surface and obtain its local curvature with relative errors below 2% and 20%, respectively. As proof-of-principle, we use
the developed algorithm to analyse the shape and mean curvature map of fluorescently labelled oil droplets embedded in
multicellular aggregates. In this realistic situation, we estimate the relative error in the detection of the surface and the
measurement of the mean curvature to be smaller than 2%
and 13%, respectively.
Surface segmentation: generating the point cloud
In order to obtain a mathematical representation of the object’s
surface in terms of a point cloud (coordinates of surface points),

we first manually crop the original image stack to isolate the
object of interest, as the presence of multiple objects too close
to each other may cause errors in the reconstruction. If it is
not possible to isolate the object of interest by cropping the
image volume with a rectangular box, a 3D mask must be
manually defined and employed. After isolating the object of
interest, the raw images are preprocessed with a 3D median
filter to reduce salt and pepper noise levels (Bovik, 2000). In
what follows, the filter size is set to 5 × 5 × 5 voxels for images
with uniform resolution in x, y and z. If the voxel size in x (x )
is different from the voxel size in z (z ), as is often the case for
experimental images, the size of the filter is adjusted in z to
the nearest odd integer such that the filter’s extent in z most
nearly approximated the filter’s extent in x and y. Additionally,
images with nonuniform voxel resolution are resampled via
cubic interpolation to a higher resolution so as to achieve a
uniform x, y, z voxel size. From this new array of intensities,
we define a linearly interpolating function that associates any
(x, y, z) coordinate in the image volume and to an intensity
value.
After resampling the data, it is necessary to locate the
fluorescently labelled surface of the object of interest. This is
done by tracing line segments (rays) through the image volume and locating peaks in intensity along these rays (Fig. 1).
This procedure is inspired in single-molecule experiments for
subdiffraction-limit localization measurements (Rust et al.,
2006) as well as subpixel edge detection algorithms (Nalwa
& Binford, 1986). The major categories of subpixel segmentation methods are moment-based, interpolation-based
and least-squared-error-based (Ye et al., 2005). We choose
here to employ a least-squared-error-based method as it has
been demonstrated to be the more accurate than other approaches (Ye et al., 2005). A similar least-squared-error-based
method for segmenting droplets was presented before in 2.5D,
but it was unable to segment closed surfaces properly and its

Fig. 1. Generation of the point cloud and measurement of local mean curvatures. (A) Object to be reconstructed, featuring a cutaway displaying voxels
along x-, y- and z-planes. Upper right: Detail of x-plane section with the nearby reconstructed surface coordinates overlaid (red dots). Voxel length is
 and typical spacing between reconstructed points is d . For the case shown, d = . The light blue arrow illustrates a segment along the local normal
direction to the surface used to locate peaks in intensity. The intensity along the length of the segment (blue dots), as well as a Gaussian fit to the intensity
profile (continuous red line), are shown in the lower right panel. The measured centre-to-surface distance Rm and the interface width σm are determined
from a gaussian fit of this trace. (B) Reconstructed point cloud (red dots) representation of the surface, with an example of a patch of coordinates of radius
R p (dark blue dots). A local reference frame for the patch is determined and a 2D second-order polynomial is fitted (golden surface) to the reconstructed
surface coordinates within the patch (lower right panel; vertical scale is exaggerated for clarity). (C) Surface map of measured mean curvatures Hm
obtained as described in the main text.
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accuracy was not characterized (Campàs et al., 2014). In addition, this previous 2.5D algorithm used Steerable filters (Aguet
et al., 2005) combined with 2D ray tracing for edge detection
and obtained in-plane coordinates at each slice. Here, we use
median filters to significantly reduce background noise in
the raw image and use ray tracing in full 3D to reconstruct
the surface of the object, without making use of Steerable
filters. Initially, 100 rays are traced radially outward from an
estimated centre of the object, which is obtained in a two-step
process: First, we calculate the intensity-weighted 3D centroid
taken over the entire volume to obtain a rough estimate of the
object’s centre. Second, we perform maximal intensity projections along each axis (x,y,z). On these projections, we trace
lines along the remaining axes passing through the projected
coordinates of the centroid. By determining the positions of
the object boundaries along these lines (via thresholding), we
define the new centre location on that projection as the point
equidistant from the object boundaries along both axes. Rays
are then traced out from this centre position. The endpoints of
these rays are spaced out in the volume according to a golden
angle spiral pattern in such a way that the densities of rays are
approximately uniform over the object’s surface. Intensities
along the rays are sampled with /2 spatial resolution, using
the linearly interpolating function described above. Intensity
peaks along the rays are determined through Gaussian fitting,
and the positions of the peaks along the rays determine
a set of 3D coordinates in the image volume (Fig. 1A).
This set of point coordinates is used to construct a coarse
point cloud model of the object’s surface. Since the detection
of the interface location relies on ray tracing, situations
leading to multiple intensity maxima along the rays, such
as very deformed surfaces in which rays intersect the surface
more than once, cannot be detected properly with this
algorithm.
From the initial point cloud, we estimate the surface’s ellipsoidal eccentricities, orientation and surface area. With this
new information about the object’s size, we increase the number of rays to achieve a desired surface density and retrace
them through the volume to achieve nearly even density at
the object’s surface, with the average distance between neighbouring points (d ) being equal to the voxel size () (Fig. 1A).
Gaussian fitting along the rays is again used to locate points
on the surface and obtain a second, higher density and more
uniform, point cloud (Fig. 1B). Using this point cloud, we calculate the local normal vector of the surface at each point
by diagonalizing the covariance matrix using the coordinates
of the 30 points nearest to the point considered. Finally,
we retrace all rays through coordinates of the second point
cloud along the direction of the local normals to the surface. We again use Gaussian fitting of the intensity profile
along the normally traced rays to obtain our final point cloud.
The resulting data set from this procedure is a coordinatefree, high-resolution, point cloud segmentation of the surface
(Fig. 1 B).
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Measuring curvature from the point cloud
Obtaining curvatures from ordered or coordinate-free point
clouds can be done in different ways (Gatzke & Grimm,
2006; Kalogerakis et al., 2009; Mérigot et al., 2011; Elliott
et al., 2015). Using local derivatives leads to significant errors even after smoothing the data (Gatzke & Grimm, 2006).
For this reason, and also because we are interested in developing a coordinate-free method to analyse arbitrary shapes
(Fleishman et al., 2005), we use local quadratic fits to the
surface within a neighbourhood (or patch) of every surface
point (Sander & Zucker, 1990; Gatzke & Grimm, 2006). Performing a local quadratic fit is equivalent to performing an
integral, providing higher precision in the calculation of local
curvatures.
We define the patch around an arbitrary point Q as the
interior of a sphere with patch radius R p centred at Q, with
all the points within a distance R p from Q considered part of
Q ’s patch. For each patch, we calculate the eigenvectors of the
local covariance matrix, which form a natural right-handed
coordinate system (x,y,z) and define the local frame of the
patch. We then fit a second-order polynomial z = f (x, y) to
the points in that patch, where
f (x, y) = a 1 x2 + a 2 xy + a 3 y2 + a 4 x + a 5 y + a 6 ,

(1)

and z is the distance from the centroid of the patch along
the eigenvector that characterizes the direction normal to the
patch (Fig. 1B). The other dimensions, x and y, are also measured from the patch’s centroid. The mean and Gaussian curvatures, H and K , respectively, at point Q are obtained from
the coefficients of the second-order fit evaluated at the projection of Q onto the fitted surface along z. In terms of the fitted
polynomial f (x, y), the mean and Gaussian curvatures read
(Gray, 1997)




1 + f y2 f xx − 2 f x f y f xy + 1 + f x2 f yy
H =
,
(2)

3/2
2 1 + f x2 + f y2
K = 

2
f xx f yy − f xy
2 ,
1 + f x2 + f y2

(3)

where f x = 2a 1 x + a 2 y + a 4 , f y = a 2 x + 2a 3 y + a 5 , f xx =
2a 1 , f yy = 2a 3 and f xy = a 2 .
In order to calculate local curvatures on the surface, it is necessary to specify the patch size, R p . Importantly, the precision
in the calculation of the local curvature depends on the patch
size: small patches contain very few points, whereas large
patches may capture curvature variations along the surface
rather than performing a local measurement. More specifically, if R p is too large, then a second-order polynomial fit may
not adequately capture the surface within the patch, leading
to a larger error in the determination of the local curvature.
Alternatively, given the finite precision of the point cloud, if R p
is too small, the patch contains insufficient information to accurately assess the local shape of the object. The proper choice
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of R p depends on the local curvature and for this reason, we
develop an adaptive algorithm, as described below.
We first roughly estimate the patch size as R p = (2/
Hest )1/2 , where  is the voxel size (Fig. 1A) and Hest is an
estimate of the mean curvature at Q corresponding to the
local mean curvature of the globally fitted ellipsoid at Q . To
better adapt the patch size to the local geometry of the surface, we perform local surface fittings using a local patch size
with this estimate for the local R p . From these surface fittings, we obtain the mean and Gaussian curvatures, which
we then use to determine the principal curvatures κ1 and κ2 ,
where
κ1 = H +



H 2 − K and κ2 = H −



H2 − K .

(4)

To further adapt the patch size to the local surface geometry,
we then estimate the new local patch size using the local
value of the maximal principal curvature κmax = max(κ1 , κ2 ),
namely R p = (2/κmax )1/2 . Note that this is the size of the
patch for which the displacement of the surface along its
normal direction becomes . We ensure that the value of R p
does not lead to too large or too small patches that would
increase the error of the curvature measurement by imposing
both a minimum patch radius and a maximum range of the
mean curvature variation within the patch. We require R p
to be larger than (18/π)1/2 , so that there are, on average,
at least three points for every fitting parameter. Moreover, if
the measured mean curvatures within the patch change by a
factor of 2 or more compared to the measured mean curvature
Hm at Q , R p is reduced until the variation is less than a factor
of 2, or until R p = (18/π)1/2 , whichever comes first. Once
the new patch size has been determined for every point in the
point cloud (each point may have a different patch size) using
the adaptive method and rules defined above, we obtain the
mean curvature from the second-order polynomial fittings
described above. To prevent high-frequency noise from
derailing the adaptive algorithm upon successive iterations,
we apply median filters to the radial coordinate of the point
cloud and to the measured curvatures at each iteration.
The resulting data set from the procedure described above
is a surface map of the mean curvature H (Fig. 1C). Similar
maps for the Gaussian curvature and principal curvatures
can be obtained from the analysis, but we focus on the mean
curvature below for simplicity.
Testing accuracy with model objects
Many factors affect the accuracy of the segmentation and analysis of the surface geometry. We examine the effect of the object shape and size, as well as image noise and resolution, on
the segmentation accuracy and the determination of surface
mean curvatures of the algorithm presented above. To do so,
we mathematically define an object, simulate a 3D fluorescence microscopy image of the object and use the algorithm

described above to reconstruct the object from the generated
synthetic image data. The accuracy of the algorithm is quantified by comparing the measured centre-to-surface distances,
Rm , and mean curvatures, Hm , to their true values.
We considered shapes for which the inverse square of the
radial coordinate can by expressed as a sum of l = even, m =
0 terms in a spherical harmonic expansion, up to sixth order.
These include a sphere, an ellipsoid, a fourth-order shape and
a sixth-order shape, defined by
−1/2

, (5)
r (φ) = AY00 + BY20 (φ) + C Y40 (φ) + D Y60 (φ)
where


Yl0 (φ)

=

2l + 1
Pl (cos φ),
4π

(6)

and Pl (x) is the lth-degree Legendre polynomial. The shape of
the object is determined by the particular choice of coefficients
A,B,C and D in Eq. (5). The size of the object is determined by
the parameters chosen to simulate the synthetic image data,
which include the pixel size, the step size in z and the size of
the point spread function (PSF). For simplicity, the pixel size
and step size are both equal to  and the PSF is modelled as a
spherically symmetric Gaussian of width σt . The image stack
is constructed by convolving the PSF with a set of points located on the analytical surface, a process analogous to imaging a closed object with fluorescent molecules located at its
surface using 3D fluorescence microscopy (such as confocal
microscopy). We used approximately two points per square
pixel to generate these images and all intensity values in the
array are scaled such that the maximum intensity is 128.
The image is then saved as an 8-bit tiff stack. To simulate even
surface illumination, the intensity of each point is weighted
inversely to its local density, so that regions with higher local density of points generate approximately the same surface
intensity as regions with lower densities.
We evaluated the accuracy of the algorithm’s surface segmentation for four differently shaped objects of the same
size (Fig. 2). To quantify the algorithm’s error in detecting
the location of the surface, we define the centre-to-surface
distance as R and a measure of the relative error of R as
 R = (Rm − Rt )/R0 , where Rt are the true values of the centreto-surface distances and R0 is the global average of Rt . In general, we observe that  R is largest in magnitude at local maxima
of R (Fig. 2B). For this reason,  R varies with elevation in objects in which R also varies with elevation (Fig. 2B). These
errors are systemic and negative, meaning that the centre-tosurface distance is generally underestimated. In these objects,
local maxima in R are also local maxima in H . The observation
that  R increases with H can be explained by the asymmetry in
the intensity profile which occurs at a curved interface, analogous to how the centre of mass of a segment of a thin ring may
lie inside the ring. Despite the small bias in the surface determination, this algorithm can detect the surface with subpixel
resolution (absolute error less than 0.34) and the magnitude
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Fig. 2. Accuracy in the determination of the surface location. (A) Side and top views of objects (from left to right: sphere, ellipsoid, fourth-order shape
and sixth-order shape), colour coded with the radial distance from the object centre. The different quadrants show the analytical surface (Quadrant 1),
the reconstructed surface in the absence of noise (Quadrant 2), the reconstructed surface in the presence of 8.84% shot noise (Quadrant 3) and the
1/2
reconstructed surface in the presence of 5% background noise (Quadrant 4). The parameters for constructing the objects are: sphere: Aσt = 0.016,
1/2
1/2
B = 0, C = 0, D = 0; ellipsoid: Aσt = 0.016, B/A = 0.1, C = 0, D = 0; fourth-order object: Aσt = 0.016, C /A = 0.05, B = 0, D = 0; sixth1/2
order object: Aσt = 0.016, D /A = 0.025, B = 0, C = 0. σt / = 2 and Rt / spans 26.8 to 31.4. (B) Reconstructed surface position, Rm , and relative
errors in the detection of the surface position,  R , in the absence of noise. Vertical left (blue) and right (orange) axes show Rm (normalized by ) and  R as
a function of the zenith angle φ.

of  R is less than 1.24% in the absence of noise for the objects
considered (Fig. 2).
We also evaluated the accuracy of the algorithm in determining the local mean curvature for the four shapes described above (Fig. 3). We define the relative error of H as
 H = (Hm − Ht )/H0 , where Hm and Ht are the measured and
true values of the mean curvature, respectively, and H0 is the
global average of Ht . The error in the determination of the local
curvature depends on the local geometry of the object. Regions
with high mean curvature tend to have smaller relative errors
than regions with low mean curvature (Fig. 3B). Moreover,
in surface regions where the curvature varies considerably
within the patch, the relative error of the curvature can also
be significant. We observe that regions with low mean curvature display both higher relative and absolute errors in H .
We believe that this is because accurate measurements of the
curvature can only be obtained if the surface inside the patch
is reasonably approximated by its second-order (quadratic)
expansion. Given the finite resolution of our representation
of the object (in the image and in the point cloud), it is not
always possible to make the patch small enough for this approximation to be suitable. In such cases, we must accept that
we are not able to discern the true curvature of an object’s
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surface with limitless precision; rather, we are characterizing
variations in shape which occurs above a certain length scale.
In most experimental situations, it is important to quantify
the robustness of the algorithm when noise is present in the
system and when images are obtained at different resolutions.
To test such conditions, we simulated imaging of the sixthorder shape from Figs. 2 and 3 at three different resolutions
(σt / = 1, σt / = 2, σt / = 4) and a range of noisy conditions
(Fig. 4A). The simulated images are 8-bit and the maximum intensity Im in the raw (noise-free) images was set at Im = 128.
We consider both the effect of uncorrelated and correlated
noise sources in the intensity, which we call background and
shot noises, respectively. Background noise, defined as an spatially uncorrelated noise in the intensity with magnitude following an exponential distribution, is added directly to the raw
image volume. We report the level of background noise as the
ratio of the average intensity of noise to the maximum intensity in the raw image. To simulate shot noise, the intensity in
each voxel in the noisy image is drawn from a Poisson distribution with a mean proportional to the corresponding raw voxel
intensity in the absence of noise. That is, if the raw intensity
of a given voxel is Ir , we substitute the intensity value at this
voxel by In ≡ αm, where m is a number drawn from a Poisson
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Fig. 3. Accuracy in the determination of local mean curvatures. (A) Side and top views of objects (as described in Fig. 2A), colour coded with the surface
map of mean curvatures. Quadrants are as described in Fig. 2(A). Ht  spans 0.0046 to 0.046. (B) Reconstructed mean curvature, Hm , and relative errors
in the detection of the mean curvature,  H , in the absence of noise. Vertical left (blue) and right (orange) axes show Hm (normalized by −1 ) and  H as a
function of the zenith angle φ.

distribution with mean Ir /α and α is a positive real number
analogous to a digital gain. The parameter α is introduced to
study the effect of varying noise while keeping the average
image intensity constant. With these definitions, the level of
√
noise is given by α/Im (Fig. 4A).
In order to evaluate the quality of the reconstruction and
characterization of a surface’s mean curvature map in the presence of noise, we defined two scalar metrics, E R and E H , for the
error in R and H , respectively. A given surface reconstruction
is characterized by different relative errors at every point of the
surface (Figs. 2 and 3). The probability distribution of the absolute values of  R and  H (Fig. 4B) allows us to calculate statistics
of the errors on the surface. We define E R as the value of | R |
for which its cumulative distribution function is 0.95 (Fig. 4C),
such that 95% of the relative errors | R | are smaller
than E R . Similarly, E H is the value of | H | for which
its cumulative distribution function is 0.95 (Fig. 4C),
such that 95% of the relative errors | H | are smaller than
E H . For almost all noise levels investigated here, increasing
resolution led to smaller errors in both the segmentation and
curvature measurements. It was also observed that increasing the noise level increased the error in the segmentation and
curvature measurements, though the effect is moderate even
for relatively large noise levels (Fig. 4D). Due to the preprocessing of the images with median filtering, and the nature
of the segmentation by 1D fitting and curvature analysis by

2D fitting, we can detect the surface with very high precision
even with substantial amount of noise (relative errors below
3% even at 50% noise levels; Figs. 4A, D) and we can obtain
the mean curvature with good precision even for levels of noise
that considerably affect the image (relative errors below 30%
even at 50% noise levels; Figs. 4A, D). Our results indicate that
improving image resolution has a stronger effect in reducing
both the segmentation error and the error in the determination
of the curvature than reducing the noise in the images.
Analysis of experimental data
After having characterized the performance of the algorithm
with controlled, synthetic data, we tested its performance
with experimental data. To do so, we first used fluorocarbon
oil droplets with fluorescently labelled surfaces, as previously
described (Campàs et al., 2014; Lucio et al., 2015). Droplets
were generated and coated as described in Lucio et al. (2015)
and mixed with an aqueous solution containing low melting
point agarose at 1% (v/v). Temperature was lowered below
the gelation point, immobilizing the droplets in the agarose
gel. The droplet radii (9–11 µm) were well below the capillary
length for these droplets (569 ± 5 µm in water, 543 ± 5 µm
in cell culture media), and therefore, gravity did not significantly deform the droplets from a pure spherical shape.
The spherical droplets were imaged using a laser scanning

C 2017 The Authors
C 2017 Royal Microscopical Society, 269, 259–268
Journal of Microscopy 

GEOMETRICAL CHARACTERIZATION OF FLUORESCENTLY-LABELLED SURFACES

Fig. 4. Effect of image resolution and noise in surface segmentation and
measurement of mean curvatures. (A) Matrix of image sections through
a sixth-order shape showing the range of resolutions and noise (both
background and shot noise) levels considered. (B) Example of frequency
histograms of  R and  H for a reconstructed object. (C) Cumulative distribution functions for  R and  H illustrating the definition of error metrics
E R and E H . (D) Obtained values of E R (blue) and E H (orange) as a function of background and shot noise levels, for different imaging resolutions,
namely σ/ = 1, 2, 4 (squares, circles and triangles, respectively).

confocal microscope (Zeiss LSM 710, Zeiss Inc., Oberkochen,
Baden-Württemberg, Germany) at various laser powers
with a resolution of x =  y = 0.42 µm and step size in z of
z = 1 µm. We reconstructed the droplets using the algorithm
described above (Figs. 5A–D) and quantified the error in
the reconstructions (Figs. 5E–F). For a spherical droplet, the
average droplet radius can be approximated by the global
average over the droplet surface of the measured radius
Rm , which we define as R0 . Similarly, we define H0 as the
global average over the droplet surface of the measured mean
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Fig. 5. Reconstruction of spherical droplets with a surface fluorescent
label. (A-B) x − y (A) and x − z (B) sections from a confocal image
stack (inverted) of a spherical droplet in 1% agarose gel (R0 /x = 22.1,
x = 0.42 µm, z = 1 µm), after median filtering and with reconstructed
coordinates overlaid (red dots). (C-D) Reconstructed droplet shape displaying the estimated error in the radial coordinate  R (C) and in the mean
curvature  H (D). (E-F) Measured values of E R (E) and E H (F) as a function of VI for a droplet imaged at different laser powers (black squares).
Error bars correspond to the standard deviation. Values of E R (E; blue
circles) and E H (F; blue circles) as a function of VI for a spherical object
(Rt / = 22, σt / = 1.4) simulated at levels of noise similar to those observed experimentally (different levels of shot noise are shown; constant
background noise of 0.62%).

curvature, Hm . These definitions allow the calculation of the
relative errors  R and  H in the R and H , respectively, as well as
E R and E H , as defined above. The average values of E R and E H
obtained for multiple droplets (N = 5) of different radii were
0.88% and 7.9%, respectively. The errors for the smallest drop
(R0 /x = 22.1) are shown in Figs. 5(C) and (D). The measured
values of both error measures, E R and E H , for all measurements of the R0 /x = 22.1 droplet were then compared to the
errors values from a simulated spherical droplet (Rt /x = 22,
σt /x = 1.4) and noise levels as those measured experimentally (Figs. 5E–F). In order to compare simulated droplets with
experimental droplets, we define the coefficient of variation of
the surface intensities, VI , as the average over all the z-planes
of the ratio of the standard deviation and average of surface
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pixel intensities in each z-plane. Since VI provides information
about the relative variation of the surface intensities, we use it
as a proxy metric for shot noise. Despite the additional potential sources of noise in the experiments, the values of E R and
E H for experimental and simulated (synthetic) droplets are in
good agreement (Figs. 5E–F) for similar values of VI , indicating
that the use of synthetic data provides reasonable estimates
of the errors in segmentation and curvature measurements.
After having established that the developed algorithm is
able to provide accurate segmentation and curvature maps
of surfaces, we use it to characterize the geometry of oil
droplets deformed by cellular forces. Fluorocarbon oil droplets
similar in size to individual cells, coated with ligands (RGD)
targeting integrin receptors, were generated as recently reported (Campàs et al., 2014; Lucio et al., 2015). These droplets
were injected in multicellular aggregates of tooth mesenchymal cells and subsequently imaged using previously described
protocols (Campàs et al., 2014). Once inside the cellular aggregate, droplets were deformed by compressive and tensile
stresses generated by the cells. The droplet deformations, and
specially the mean curvatures of the droplet surface (mean
curvature map), have been shown to provide a direct readout
of cell-generated mechanical stresses (Campàs et al., 2014).
Using the algorithm described above, we segmented the surface of the droplets and determined the mean curvature map.
An example of the droplet segmentation and measured mean
curvatures is shown in Fig. 6. Although it is impossible to obtain a true value of the error in the segmentation and mean
curvatures for these droplets, as their true shape in unknown
(in contrast to the data generated synthetically above), we estimate it as follows. For a given droplet, we obtain the value of VI
and estimate the error by simulating a spherical droplet with
similar resolution and noise. For the specific case of the droplet
shown in Fig. 6, VI = 0.10 ± 0.03 (mean ± std) and we estimate the segmentation error and the error in determination of
the mean curvature to be E R = 1.6% and E H = 12.5%. Although it is impossible to determine if this is the actual error as
the real droplet shape is unknown, we believe that it provides
a reasonable estimate of the accuracy of the reconstruction
given the good agreement between simulated and measured
errors described above (Fig. 5).
Conclusions
We have developed a fully automated algorithm to segment
fluorescently labelled surfaces obtained from 3D fluorescence
microscopy (confocal, multiphoton or light-sheet imaging)
and characterize their geometry. We thoroughly characterize the ability of the algorithm to perform accurate surface
segmentation and local mean curvature measurements using both synthetic data and experimental spheres (droplets).
Finally, we use the algorithm to reconstruct oil droplets embedded in multicellular aggregates and deformed by cellular
forces.

Fig. 6. Reconstruction of a droplet with a surface fluorescent label, deformed by cellular forces inside a multicellular aggregate. x − y (A), x − z
(B) and y − z (C) sections from a confocal image stack (inverted) of a droplet
(R0 /x = 23.0, x = 0.42 µm, z = 1 µm) embedded in a mesenchymal
cell aggregate and deformed by cellular forces, after median filtering, with
reconstructed coordinates overlaid (red dots). (D) Reconstructed droplet
shape displaying the measured values of mean curvatures Hm (normalized
by −1
x ) at the droplet surface.

Our results indicate that the algorithm can detect the location of fluorescently labelled surfaces with subpixel resolution,
and relative errors below 2% for typical imaging conditions
and even in the presence of substantial noise. The ability to
segment surfaces at high resolution can be used in many studies, from soft-matter physics to biology. Regarding the characterization of surface geometry, the presented algorithm can
obtain the mean curvature at each point of the surface with
high enough accuracy (typically better than 20%) to perform
quantitative measurements, even in the presence of substantial noise. We find that improving the image resolution, rather
than reducing image noise, leads to lower errors in both segmentation and mean curvature measurements.
However, the use of ray tracing to segment with high resolution carries some limitations. Objects with spherical topology
but with very large surface deformations leading to rays crossing the object’s surface multiple times cannot be reconstructed
using this algorithm. Similarly, extreme noise levels can generate multiple intensity maxima along the rays, hindering the
ability to properly reconstruct the surface of the object. Beyond limitations associated with ray tracing, in its present
form, this algorithm does analyse objects with a fluorescently
labelled surface but not objects labelled in their bulk. This limitation may easily be overcome by fitting functions other than
Gaussians (e.g. hyperbolic tangent) to determine the location
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of the interface along the ray. Finally, this algorithm does not
have the ability to automatically isolate an object of interest
if multiple objects are present in the image volume. Manual
cropping of the object of interest is required. Analysis pipelines
could be developed to automatically isolate multiple objects in
the original image for independent analysis with the presented
algorithm.
We believe that this method will enable researchers in different research disciplines to measure variations in surface curvature of microscopic objects such as cells, emulsion droplets,
vesicles, etc., in a quantitative manner. The source code of the
algorithm can be found at https://github.com/ElijahShelton/
drop-recon.
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