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ABSTRACT
Quantifying and visualizing the shape of developing biological tissues provide information about the morphogenetic processes in multicellular organisms. The size and shape of biological tissues depend on the number, size, shape, and arrangement of the constituting cells. To better understand the mechanisms that guide tissues into their final shape, it is important
to investigate the cellular arrangement within tissues. Here we present a data processing pipeline to generate 3D volumetric
surface models of epithelial tissues, as well as geometric descriptions of the tissues’ apical cell cross-sections. The data
processing pipeline includes image acquisition, editing, processing and analysis, 2D cell mesh generation, 3D contourbased surface reconstruction, cell mesh projection, followed by geometric calculations and color-based visualization of
morphological parameters. In their first utilization we have applied these procedures to construct a 3D volumetric surface
model at cellular resolution of the wing imaginal disc of Drosophila melanogaster. The ultimate goal of the reported effort
is to produce tools for the creation of detailed 3D geometric models of the individual cells in epithelial tissues. To date, 3D
volumetric surface models of the whole wing imaginal disc have been created, and the apicolateral cell boundaries have
been identified, allowing for the calculation and visualization of cell parameters, e.g. apical cross-sectional area of cells.
The calculation and visualization of morphological parameters show position-dependent patterns of cell shape in the wing
imaginal disc. Our procedures should offer a general data processing pipeline for the construction of 3D volumetric surface
models of a wide variety of epithelial tissues.
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1. INTRODUCTION
Biological tissues display a large diversity of shapes and sizes. The shape and size of tissues depend on the interplay
between chemical signals (morphogens) and cell mechanics. While chemical signals important for tissue development
have been identified, relatively little is known about the mechanical properties of cells and tissues. Quantification and
visualization of cell morphology and cell behavior provide a basis for understanding tissue mechanics. The ultimate
goal of the reported effort is to produce tools for the creation of detailed 3D geometric models of the individual cells in
epithelial tissues. In our initial efforts, our tools have been employed to create 3D volumetric surface models of the larval
wing primordium of the fruit fly Drosophila melanogaster, and to identify the apicolateral cell boundaries on the surface.
The larval Drosophila wing primordium, the so-called pouch region of the wing imaginal disc, is an excellent model
system for studying epithelial morphogenesis during development. In this single-layered main epithelium initially cuboidal
cells elongate during development, forming a pseudostratified epithelium composed of highly columnar cells at later stages.
Morphogen gradients (Dpp and Wingless), derived from two linear sources perpendicular to each other in the center of the
wing disc, most likely control this cell shape transition.1, 2 To better understand the mechanisms that guide this transition,
quantitative measurements of morphological parameters, such as cell area, cell height and cell volume, will be required.
In this paper, we describe a set of techniques that, when applied to a stack of confocal microscopy images of a latelarval-stage fruit fly, produce a high-resolution 3D geometric model of the fly’s wing imaginal disc. A geometric description
of the apical cell faces may then be generated and projected onto the 3D model. The construction allows for the calculation
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of a number of geometric parameters of the wing imaginal disc. This data provides quantitative and visual evidence that
morphogen gradients influence the size of cells during wing disc development.
The 3D models which provide the evidence are produced via a data processing pipeline that includes image acquisition,
editing, processing and analysis, 2D cell mesh generation, 3D contour-based surface reconstruction, cell mesh projection,
followed by geometric calculations and color-based visualization. The components of the pipeline are described in detail
in the following sections, along with the rationale for their inclusion. Several reconstructed models of Drosophila wing
discs are provided to demonstrate the efficacy of our approach.

2. RELATED WORK
The work most related to ours focuses on reconstruction of the cellular structures of biological samples. A recent review
on image analysis of embryo development3 places our work into the larger context of imaging for developmental biology
and references many of the papers described below.
A 2D cell mesh of the Drosophila wing imaginal disc epithelium has been reconstructed and used to extract quantitative
data on cell topology and shape. Classen et al.4 used the Cellenger software (Definiens AG, Munich) to perform cell
neighborhood analysis in order to study hexagonal packing in Drosophila wing epithelial cells. “Packing Analyzer”5, 6 has
been utilized in a number of research investigations that require 2D models of cell boundary networks.7–9
Miodownik et al.10, 11 create 3D models of an early-stage Drosophila melanogaster embryo with a mixture of imaging
and interactive modeling techniques. The ellipsoidal shell that they create is used for finite element modeling of the ventral
furrow invagination of the embryo in both 2D and 3D.10, 11 Müller-Reichert et al.12 construct 3D models of individual
neurons from the dorsal nerve cord of Caenorhabditis elegans based on scanning electron microscopy images. The images
are manually segmented using the Imaris software (Bitplane, Zurich, Switzerland),13 and the segments are formed into 3D
models with the IMOD software.14, 15
Mosaliganti et al.16 describe a three-stage approach for reconstructing 3D cell nuclear structures from optical microscopy images of stained cell nuclei. The three stages include: a rough segmentation of cell nuclei, refinement of the
segmentation based on tessellations and slice interpolation. The major contribution of the paper is related to 2D segmentation of stained cell nuclei.
A 3D digital atlas of C. elegans has been built by staining and segmenting cell nuclei of newly hatched worms.17
Based on stained nuclei detection algorithms applied to images obtained by digital scanned laser light sheet fluorescence
microscopy, the dynamic 3D positions of the cell nuclei in a developing zebrafish embryo are computed and tracked18 to
produce a high resolution spatial/temporal dataset that captures numerous features of zebrafish embryogenesis. Digital
scanned laser lightsheet fluorescence microscopy is then combined with incoherent structured-illumination microscopy to
produce the 3D locations of stained nuclei in Drosophila embryos.19
A contour grouping algorithm based on three geometric metrics is proposed to determine the correspondences between
cell outlines in adjacent images in an image stack.20 This algorithm, which could be used during the 3D reconstruction
of individual cells, achieved high accuracy when tested with synthetic data sets and with contours produced by manual
segmentation of confocal images of gastrulating zebrafish cells.
Mebatsion et al.21 developed a method for the 3D reconstruction of fruit cell structures. 2D synchrotron tomographic
images are manually segmented to identify cell boundaries. Ellipsoids are fit to these boundary data, which are then clipped
in overlapping areas to produce a 3D model of truncated 3D ellipsoids of the tissue. 4D reconstructions of the individual
cells of a developing Arabidopsis thaliana flower are generated via 3D imaging, reconstruction and tracking of stained
floral meristem membranes.22 The technique utilizes manual landmark specification, automated registration and a 3D
watershed algorithm to produce 3D models of the cells. Cell growth is tracked by computing a deformation field based on
a manually identified surface, pairwise registration of sequential images and cell lineage updates.
Other notable, related visualization research developed 3D techniques for visualizing gene expression in Drosophila
melanogaster.23, 24 A framework was implemented to objectively define spatial pattern boundaries and temporal profiles of
genes and to analyze how mRNA patterns are controlled by their regulatory transcription factors. To better understand the
underlying gene regulatory networks methods were developed that support quantitative computational analysis of threedimensional (3D) gene expression in early Drosophila embryos at cellular resolution. Two aspects of gene expression

Figure 1. (Left) A single image from a confocal image stack of the pouch region of the wing imaginal disc. E-cadherin (blue) and F-actin
(red) are shown. Anterior is to the left and dorsal is to the top. (Right) A blue-channel image derived from the full-color image that
captures the illumination of the E-cadherin stain. The brightest regions are the apical surface boundaries.

of particular interest are: 1) gene expression patterns defined by the spatial locations of cells expressing a gene and 2)
relationships between the expression levels of multiple genes.
Our work stands apart from previous work in that we have developed techniques to process imaging data from tissues
where only the apical and basal surfaces can be readily identified. This is, for example, the case for pseudostratified
epithelia like the late-larval wing imaginal disc, where cells are too densely packed for their lateral sides to be traced from
the apical to the basal surface. Our images therefore capture cell features only on the apical and basal sides of the wing disc
(See Sections 3 and 4.3 for more information.), with little imaging information present in the disc’s interior. Our techniques
produce high-quality 3D surface models of the Drosophila wing disc, along with detailed geometric descriptions of the
apical cell faces. Given the nature of our input data, previously developed techniques would not be effective for processing
our type of images. For example, some methods rely on whole tissue nuclear staining16–19 or are provided with interior
membrane staining12, 22 that is unavailable in our images.

3. INPUT DATA
Wing imaginal discs of late-third instar stage larvae (72, 96 and 108 hours after egg lay (AEL)) were dissected, fixed
and immunostained for E-cadherin, a marker of adherens junctions and stained with phalloidin, a marker of filamentous
(F-) actin. E-cadherin highlights the adherens junctions present at the apicolateral side of cells. Entire cell boundaries are
highlighted by the F-actin meshwork underlying the cell plasma membrane. Next, we acquire in 3D high resolution images
(∼1024 × 1024 pixels) of the complete wing pouch on a confocal microscope (Olympus FV1000, 40x lens), generating
stacks of images with 2 different color channels. See Figure 1 (Left). The distances between pixels range from 0.155 µm
to 0.207 µm and the distances between two images range from 0.5 µm to 2.0 µm, depending upon the sample. If the wing
disc is larger than the section covered by the microscope lens, two or more stacks are taken and later stitched together.
Since our initial work focuses on generating 3D models of the cell boundaries on the apical surface, we process the blue
channel (E-cadherin stain) of the images, which highlights the wing disc’s apical adherens junctional network. Figure 1
(Right) presents a single blue-channel image from a confocal image stack.

4. DATA PROCESSING COMPONENTS
A number of data processing steps are applied to the confocal image stack in order to produce a 2D mesh that captures the
geometry of the apical cell faces, the 3D model of the wing imaginal disc, and the 3D mesh that represents the cell faces
lying on the apical surface.

4.1 Image Editing and Merging
Individual blue-channel images are manually edited using Photoshop to isolate the stained and clearly recognizable adherens junctions on the apicolateral surface. See Figure 2 (Left). This involves removing unspecific staining of regions on

Figure 2. (Left) The image from Figure 1 (Right) has been manually edited in order to isolate the apical surface strongly highlighted by
the E-cadherin stain. (Right) The highlighted outlines of the apical surface present in the edited image stack are merged together into a
single image.

Figure 3. (Left) A 2D geometric description of the cell boundaries is derived from the merged image. (Right) A red-channel image
derived from the image in Figure 1 (Left) that captures the illumination of the F-actin stain. The arrows point to the basal surface
boundary.

top of and below the adherens junctions, as well as removal of the E-cadherin positive adherens junctions of the upper cell
layer, the peripodial membrane, above the pouch region. The editing is necessary since the wing disc displays a convex
apicolateral surface. The stack of edited images is merged into a single image using the maximum intensity projection
function of ImageJ.25 This results in an image that displays a two-dimensional cell mesh consisting of the network of
adherens junctions on the apical surface of the wing pouch’s main epithelium. See Figure 2 (Right).

4.2 2D Cell Mesh Generation
A 2D geometric model of the cell mesh is extracted from the merged image using the program “Packing Analyzer v2.0”,6, 7
producing the 2D coordinates of the vertices of the mesh, where each cell is defined as a simple, 2D polygon. Other
software packages, e.g. Cellenger (Definiens AG, Munich), have been evaluated for the accuracy of their cell segmentation
capability, but Packing Analyzer has been found to be most effective at identifying single cells in our maximum-intensityprojection images. It has also been successfully utilized in a number of other research efforts.8, 9 Packing Analyzer uses a
watershed algorithm26 to find individual cells in the images. Each watershed catchment’s basin is defined as a cell, with
pixels shared between three or more cells defined as cell vertices. Cell boundaries are identified as pixels shared by exactly
two cells, and boundaries smaller than three pixels in length are reclassified as vertices.
Given the complexity of and the noise present in the maximum-intensity-projection image, many errors are present
in the computed 2D cell mesh. We estimate that once obvious self-intersections are removed (which may be detected
automatically) approximately 80% of the cells are correctly identified and modeled by Packing Analyzer, with the other

Figure 4. (Left) The blue- and red-channel images (e.g. Figures 2 (Left) and 3 (Right)) are manually contoured to create closed
curves along the apical and basal surface boundaries. The closed contour curves are filled to identify the interior of the imaginal
disc. (Right) Another image that only contains an apical boundary has been contoured and filled.

20% either containing extra invalid edges or missing edges, thus creating incorrectly merged cells. Packing Analyzer
provides interactive tools both for removing cell edges that cause ill-defined, self-intersecting polygons, and for adding
edges to thin cells or to low-contrast/intensity features that are not identified as cell boundaries. Figure 3 (Left) presents
a 2D cell mesh produced via this hybrid computational/manual process, which required approximately 2 person-days of
post-processing clean-up to produce.

4.3 Manual Contouring of Images
Since we are interested in reconstructing the complete wing disc pouch, the apical and basal surface boundaries of the
wing disc must be manually specified. For the apical boundary, the edited blue-channel images (e.g. Figure 2 (Left)) are
used to inform the contouring process. A contour line is placed in the middle of the stripe of E-cadherin staining, where
the staining intensity is greatest. Since E-cadherin is not present on the basal surface, the red channel from the original
confocal image (Figure 1 (Left)) is used for obtaining the basal surface boundary, since it captures the red F-actin stain.
F-actin is strongly enriched at the basal side of wing disc cells compared to the lateral sides, forming a basal cytoskeletal
network. Similar to E-cadherin at the apical side of the wing disc cells, the F-actin web at the cells’ basal side can be used
to guide contouring. In each red-channel image from the image stack the contour line is placed in the middle of the stripe
of the basal F-actin staining. The thin, light stripe that defines the basal surface boundary is indicated by the arrows in
Figure 3 (Right). Illustrator is used during the contouring process to produce closed polylines, which are then filled, to
generate images that define the interior of the wing imaginal disc between the apical and basal surfaces. Figure 4 presents
two filled contours. Several person-days are needed to specify the filled contours for a single sample.
Filled contours between adjacent images in the stack are compared and adjusted to avoid significant “jumps” in contour
lines, which may produce undesirable artifacts during the 3D reconstruction stage. Given the editing that highlights the
apical surface, regions of the images that do not represent parts of the wing disc main epithelium, but belong instead to the
overlaying peripodial membrane cell layer, are excluded from the filled polygon.
Attempts were made to utilize computational techniques (e.g. edge detection, thresholding and flood-filling) to automatically identify the surface boundaries in both the full and edited blue-channel images, as well as the red-channel images.
Given the noise, varying intensity/contrast of the images and the complexity of the cell structures, we found it difficult to
specify the parameter values for these techniques that would give consistently correct results over all of the images. Thus
the “automated” methods would always require extensive post-processing and clean-up in order to rectify errors, as well
as significant parameter value tweaking in order to provide the desired result. Therefore manual methods for this stage of
our processing pipeline were deemed effective and time-efficient as compared to computational techniques.

4.4 3D Reconstruction
The image stack of filled contours provides the input to a 3D surface reconstruction method that utilizes implicit functions
to produce a closed, smooth model.27 The general approach involves interpreting contour information as points in 3D, and

Figure 5. (Left) 3D surface model of the wing imaginal disc produced from a stack of contoured and filled confocal microscopy images.
(Right) Outline of a reconstructed apical MPU surface (in yellow) projected into the edited image of Figure 2 (Left).

approximately fitting an implicit surface to them. The individual contoured and filled images (slices) are stacked to produce
a 3D binary dataset. The indices of the contour pixels (pixels on the boundary of the filled regions) along with the slice
number allow us to convert the contour data into a set of points in R3 . We employ Multi-level Partition of Unity (MPU)
implicit surfaces28 to create an approximating surface based on the contour point set. While a number of techniques do exist
for creating surfaces from points, MPU implicits were chosen for a number of reasons. Firstly, they adaptively conform
to local features and details using octree subdivision, which provides control over subsequent approximation errors. The
local nature of MPU implicit calculations are computationally efficient and scale favorably for large datasets. These two
characteristics are important when dealing with high resolution biological data. Methods for triangulating the input data
were not considered, because these approaches in general interpolate and therefore include the noise of the contours in the
reconstructed surface; thus necessitating a smoothing operation as a post-process.
A new enhancement was incorporated into the reconstruction method: the insertion of additional points into “empty”
regions on the surface. This new step improves the reconstruction by providing a more consistent and regular distribution
of points over the surface. These regions devoid of surface data occur when adjacent contours have drastically different
size and/or shape. This produces flat areas that are not near a contour, and therefore contain no point information. These
empty regions are filled by placing points at regular intervals (every fourth voxel in this work) at locations that are inside
the contour of their slice (image), but are next to a voxel in an adjacent slice which is outside the contour of its slice.
MPU implicit surface fitting, however, also requires that a surface normal be defined for every point in the point set.
This information is not readily available from the input binary contours. Surface normals are therefore estimated using
a technique similar to Yagel et al.’s.29 The approach for estimating normals begins by creating a 3D binary volume with
explicit inside and outside information that is produced by stacking the filled contour images. The voxels inside and on the
contours are set to 1. All other voxels are set to 0. Next, a Gaussian filter is applied to the volume blurring the boundary
of the 3D binary object. The negative gradient of the blurred volume is calculated at every original contour voxel, and then
used to estimate the surface normal at each input data point.
Given the 3D point and normal information, MPU implicits generate a space-filling scalar field, stored as a volume
dataset, whose zero iso-surface defines a smooth 3D surface. MPU implicits use a partition of unity approach, where
surface estimation is performed locally and the local implicit functions are blended together globally to produce the overall
field. See Ohtake et al.28 and Braude et al.27 for more details.
A 3D MPU surface of a Drosophila wing disc generated from a contoured and filled image stack is presented in Figure
5 (Left). Two parameters control the quality of fit and smoothness of the reconstructed MPU surface. The first is the
minimum number of points (Nmin ) that must be associated with each octree cell. The second is an error tolerance value
(tol) that guarantees that the reconstructed surface lies within tol distance of the input data points. All of the 3D surface
reconstructions presented in this paper use the parameter values, Nmin = 1500 and tol = 18 (voxels).

Figure 6. (Left) The cell mesh of Figure 3 (Left) transformed to 3D model space and placed above the reconstructed wing disc surface.
(Right) The cell mesh is projected onto the apical surface of the imaginal disc model of Figure 5 (Left).

4.5 Reconstruction Assessment
Since MPU implicits produce a surface that only approximates the point set data provided as input, we computed images
that allow us to assess the closeness of the generated approximating surface. This is accomplished by reprojecting the
reconstructed MPU surface back into the input images. Visual evaluation of the quality of the reconstruction is conducted
by inspecting the individual, merged images, and evaluating how well the surface fits to the features in the original data.
Figure 5 (Right) presents one such image where the reconstructed apical MPU surface (in yellow) has been projected into
the edited blue-channel image of Figure 2 (Left).
This reprojection step produces a series of images which shows how the reconstructed surface compares to the highlighted surface boundaries in the original image data. A user can quickly scan through these images to visually assess
the quality of the reconstruction, a process performed for our datasets. During this evaluation process no portions of our
reconstructions were found to significantly stray (1 to 4 pixels) from the expected result. The reprojected outlines of the
reconstructed surface can also be compared with the manually-defined contours, the only ”ground truth” available for these
rare datasets. Finally, it has been shown in Braude et al.27 that for most MPU-based surface reconstructions the average
distance between the reconstructed surface and the original input data is less than 0.5 voxels, with 98% of the input data
being within 1 voxel length to the reconstructed surface. Since MPU implicits approximate, rather than interpolate the
input data, these results demonstrate that our approach provides smooth surfaces that faithfully capture the object defined
by the binary input data.

4.6 Cell Mesh Projection
The next stage of processing involves projecting the 2D cell mesh (Figure 3 (Left)) onto the upper (apical) surface of
the reconstructed imaginal disc model (Figure 5 (Left)) to produce a 3D model of the apical cell boundaries. There
are two coordinate systems in the projection process. One is the volume coordinate system which is associated with
the reconstructed MPU surface. The other is associated with the pixels of the input images and directly reflects the
measurements of the Drosophila wing disc. The cell mesh is defined in the 2D pixel coordinate system, and is transformed
into the 3D volume coordinate system before the projection. After the coordinate system transformation, we assign zero
to the Z coordinate of each vertex of the transformed mesh. This step generates a flat 3D mesh in the volume coordinate
system, with the mesh positioned above the reconstructed surface. See Figure 6 (Left).
The mesh is then “dropped” onto the apical surface by incrementing the Z coordinate of each vertex. Since the MPU
volume that represents the reconstructed surface has negative values outside of the object and positive values inside, the
intersection point is defined by a zero-crossing. Each vertex is dropped until a sign change is detected, thus indicating that
the surface is embedded in the current voxel. A linear interpolation in the Z direction then computes the exact intersection
point. A 2D cell mesh projected onto a reconstructed surface is presented in Figure 6 (Right).
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Figure 7. (Left) The distribution of apical cross-sectional area of cells for the imaginal disc model of Figures 6 and 8. Note that the bin
counts are presented with a logarithmic scale. (Right) An apical surface of a wing imaginal disc at 108h AEL expressing membranebound CD8-GFP (green) under control of ptc-GAL4 and wg-GAL4 drivers stained for E-cadherin (magenta). The vertical and horizontal
stripes of CD8-GFP-expressing cells illustrate the sources of the Dpp and Wingless morphogens, respectively.

4.7 Geometric Calculations and Visualization
The cell mesh projection process produces a 3D cell mesh model lying on the apical side of the reconstructed wing disc
volumetric surface model. Several geometric calculations may be performed on the mesh model and, with visualization,
provide a number of insights into the wing disc development process. The most germane geometric quantities that can be
generated from the cell mesh are apical cross-sectional cell area, bond (edge) length, number of vertices and number of
neighboring cells. Initially we focused on cross-sectional cell area as the most important quantity to compute, and therefore
performed it first. Area of an apical cross-section is computed by first subdividing the apical face, which is defined by an
arbitrary 3D polygon, into a set of triangles. The area of the face is simply the sum of the areas of the triangles. Figure 7
(Left) contains a histogram of the apical cross-sectional areas for the cell mesh model presented in Figure 6. Note that the
bin counts are presented with a logarithmic scale. It can be seen that most cross-sectional areas lie within the range of 3 to
8 microns2 .
For visualization purposes the areas are mapped to the Hue channel of the HSV color space with the formula
H = ((max area − area)/(max area − min area))2 ∗ 240
and the cell faces are displayed with the associated color. The resulting color distribution ranges from dark blue for the
smallest cells to bright red for the largest. The quotient is squared in order to produce a greater color spread in the blue
to green range, which provides better differentiation of the cells in the center of the disc. Since a few large, dividing cells
skew the color map in the yellow to red range, changing the color mapping from linear to quadratic improves the color
distribution in the most populated range of cell face areas (2 to 12 microns2 ). Figure 8 presents the visualization of apical
cross-sectional cell areas for the 3D cell mesh of Figure 6.

5. RESULTS
Figures 8, 9 and 10 present three reconstructed wing imaginal discs. The model in Figure 8 is reconstructed from a stack
of 76 confocal images, with a resolution of 1669 × 1044, of a Drosophila wing imaginal disc at 108 hours AEL (after egg
lay). The model in Figure 9 is reconstructed from a stack of 43 confocal images, with a resolution of 1941 × 1125, of
another wing disc at 108 hours AEL. The model in Figure 10 is reconstructed from a stack of 51 confocal images, with a
resolution of 1024 × 1024, of a wing disc at 96 hours AEL. The reconstructions include geometric descriptions of the cell
faces on the apical side of the wing discs. The areas of the apical cross-sections have been computed and the individual
cells have been displayed with their color being a function of the area. The cross-sectional cell areas range from 0.18 µm2
(dark blue) to 43 µm2 (bright red). The color code for mapping area to color can be found in Figure 8. Two wing imaginal
discs from 72 hours AEL specimens have also been reconstructed. The total computation time needed to complete all steps
of the reconstruction process is approximately 3 minutes on 2.66 GHz dual-core MacBook Pro with 4 GB of memory.
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Figure 8. Projected cell mesh displayed with the reconstructed surface. The cells’ apical cross-sections have been color-shaded as a
function of their areas. The area units are microns squared. Wing imaginal disc at 108 hours AEL (after egg lay).

20 µm

Figure 9. Another reconstructed wing imaginal disc at 108 hours AEL with apical cell cross-sections color-shaded by area. The color
code can be found in Figure 8.

20 µm

Figure 10. A reconstructed wing imaginal disc at 96 hours AEL with apical cell cross-sections color-shaded by area. The color code can
be found in Figure 8.

6. DISCUSSION
The 3D reconstructed models and cell meshes produced by our methods provide an undistorted view of the cell shapes
and cell topology of the wing imaginal discs. Previous studies have constructed 2D cell meshes based on projected image
stacks (See Section 2, Related Work). This, however, results in a distorted view of the cells whose surfaces are not parallel
to the plane of imaging. By projecting the 2D cell mesh onto a reconstructed 3D model of the wing imaginal disc, we
produce accurate descriptions of cell shapes. Our 3D visualizations reveal a stereotyped pattern of cell shapes in the wing
imaginal disc. Cells in the center of the wing disc pouch, in close proximity to the sources of the morphogens Dpp and
Wingless seen in Figure 7 (Right), display on average a smaller apical cross sectional area compared to cells further away.
The stereotyped pattern of cell shapes observed in the wing imaginal discs might result from the activities of the Dpp and
Wingless morphogens.1, 2
Geometric parameters have been calculated for the five reconstructed datasets and are presented in Table 1. These
initial results demonstrate the expected trend that cell face area decreases as development proceeds. This trend is also
evident in the visualizations of the reconstructed wing discs. There are a large number of green cell faces in Figure 10
(a 96 hours AEL specimen), while more cell faces are blue (and therefore smaller) in Figures 8 and 9 (108 hours AEL
specimens). This phenomenon occurs because cells elongate as the tissue develops, and it is hypothesized that cell volume
remains approximately constant; thus leading to the reduction in cell face area. In general, the 3D reconstructions provide
us with precise numerical data on cell shapes. These data furnish a basis for a better understanding of the processes that
guide the morphogenesis of the wing imaginal disc during larval development.

7. CONCLUSION
We have described a set of techniques that may be used to produce a high-resolution 3D model of biological epithelial
tissues. We have applied the techniques to the analysis of the developing imaginal wing disc of a late-larval Drosophila
melanogaster. An important feature of the 3D model is a detailed geometric description of the epithelial cell faces on the

72 AEL

96 AEL

108 AEL

Sample ID No.

16

13

259

91

54

Average Cell Face Area

10.75

7.60

7.23

5.33

4.87

Table 1. Average cell face area for five reconstructed wing imaginal discs at different development stages. The units of area are micron2 .

apical side of the tissue. The 3D models are produced with a data processing pipeline that includes image acquisition,
editing, processing and analysis, 2D cell mesh generation, 3D contour-based surface reconstruction, cell mesh projection,
geometric calculations and color-based visualization. The models allow for the calculation of a number of geometric
parameters of the tissue, e.g. apical cross-sectional cell area and bond length. While our approach has been applied to
the Drosophila wing disc, we believe that it could be used to reconstruct other types of epithelial tissue, e.g. the palisade
parenchym of leaf epithelia.
Future work will involve investigating methods for automating stages of the pipeline that currently require significant
manual effort, namely the identification of the apical and basal surface boundaries in the individual images. Once these
boundaries have been identified, methods could be developed for erasing unwanted regions away from the boundaries (for
the 2D cell mesh stage) and producing closed contours (for the MPU reconstruction stage).
The work described here has been recently extended to produce 3D geometric models of the individual cells in the
wing disc.30 A 3D cell mesh lying on the apical surface can be projected onto the basal surface in order to produce the
individual 3D epithelial cell models. The quantitative data on cell shape and cell topology that can be derived from this
enhanced 3D model will provide the groundwork for future biomechanical models of tissue morphogenesis.
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[5] Farhadifar, R., Röper, J., Aigouy, B., Eaton, S., and Jülicher, F., “The influence of cell mechanics, cell-cell interactions, and proliferation on epithelial packing,” Current Biology 17(24), 2095–2104 (2007).
[6] “Packing Analyzer, v2.0.” http://idisk-srv1.mpi-cbg.de/~eaton (Retrieved November 21, 2011).
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