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Abstract—The measurement of variation in characteristics of
an organism is referred to as phenotyping, and using image data
to extract phenotypes is a rapidly developing area in biological
research. For studying host-pathogen interactions, 3D microscopy
data can provide useful information about mechanisms of infection and defense. Performing research on a fungal pathogen of
a plant, we recently developed methods to image and combine
multiple fields of view of microscopy data across a macroscopic
scale. This study was focused on using macroscopic microscopy
data to digitally extract the top epidermal cell layer of plant
leaves and to count the number of fungal spores on the epidermis.
This was achieved using an active surface approach to estimate
the 3D position of the epidermis and a shape-template matching
approach to detect spores. A compact shape representation is
proposed to model spore shapes and generate candidate templates
for detecting spores. Our experiments show results that indicate
strong promise for the proposed approach in studying plantfungal interactions.
Index Terms—Spore Detection, Confocal Microscopy, Macroscopic Microscopy.

I. I NTRODUCTION AND R ELATED W ORKS
Object detection is an extensively studied topic in the field
of computer vision and image processing, which involves extracting invariant features of the object that capture appearance
and structure, learning to classify the features as belonging
to the object or not, and searching through the target image
to find regions whose extracted features match that of the
object. Object detection is useful for a range of applications
including robotics, surveillance, human computer interactions
and medical image analysis.
Recently, 3D fluorescence confocal microscopy was used to
image plant leaves [15]. This approach was extended to image
contiguous, millimeter-scale areas of leaves infected with fungi
using 3D confocal microscopy with fluorescent markers for
detection [17]. These data provide the opportunity to examine
aspects of plant-fungal interactions, such as the number of
spores on the surface of a leaf and those that germinate and
penetrate into the plant tissue. Locating and quantifying fungal
spores on inoculated leaves is an important part of understanding resistance to fungal growth and is the first step toward
quantifying other features such as germination and infection.
However, detecting spores on plant leaves is a challenging
task due to variability in appearance and shape of spores, the
size of the image (i.e. for macroscopic micrpscopy data [17]),
the relatively tiny area spores occupy, other structures of the
leaf that exhibit similarity to spores, and imperfections/noise
in biological specimens. In this study, we sought to develop
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an object detection method for the analysis of fungal spores
on plant leaves.
Toshev et al. [3] and Belongie et al. [4] proposed a shape
matching based object detection approach using global shape
representations which requires initial segmentation to form
hypotheses for the target object. Perner et al. [1] proposed
a case-based object recognition approach to detect fungal
spores in microscopy images. They generated prototype edge
orientation templates from manually marked spore shapes that
were aligned and clustered. The shape of a fungal spore
was approximated by a best fitting polygon. The approach
uses shape templates from specific cases which might not
account for variation in the shape and could require a large
number of templates for matching. Bai et al. [2] proposed
a shape matching approach to detect objects using a single
template. They represent the shape as a shape-band that models
variation in the shape within a bandwidth of its contour.
Building upon these approaches, the method described here
generates weighted-boundary/blob templates by sampling candidates from the distribution of spore shapes.
Shapes represented as point distribution models and polygons have been used to generate statistical models of shapes
and their variation [8]. However, such models are not compact and do not have implicit or explicit forms. Piece-wise
functions such as radial basis interpolation functions [6], [7]
have been used to implicitly model complex shapes, but
they usually require a large number of parameters. Geometric
shape models have both implicit and explicit forms [9]–[11]
that can compactly model a large class of shapes. In our
work, the shape of the fungal spore is modeled by a curved
ellipse, and the distribution of the shape parameters are learned
from manually marked spores. Candidate spore shapes (nonspecific) are sampled from parameter space of this distribution. The shape model is used to generate spore-shapedblob templates and weighted-boundary-orientation templates
for matching and detecting spores.
II. M ETHODS
The method used for detecting fungal spores can be outlined
as follows. First, because spores occur on the surface of the
leaf (epidermal cell layer), the location of the leaf surface
within the 3D image data is estimated. The extracted leaf
surface image is smoothed and the contrast is enhanced. Since
we employ a shape matching approach, the next step involves
generating a boundary/edge map to be matched with spore

shape boundary templates. Manually marked spore boundary
points are used to fit a compact shape model and candidate
spore shapes are then sampled from the parameter space of
the shape model. Spore shape boundary/blob templates are
constructed from the selected shape parameters. Finally, a
template matching scheme is used to match spore templates
with the processed input image to detect spores.

control points. The z position of the maximum intensity voxel
is used to initialize the depth of each control point. Subsequent
initialization of new control points in every iteration is done
by interpolating between previous set of control points. At
the beginning of every iteration, plane P is fit to the current
position of control points.

A. Leaf Surface Estimation

The shape of spores is banana-like which we model as a
curved ellipse. Parameters of the spore shape included center
of the shape (Cr , Cθ ), thickness T and width W . Cr is the
radius of curvature. Cθ is the orientation with respect to the
center of curvature (Ox , Oy ). W is measured as the angle
between the lines that join the ends of a spore shape to
(Ox , Oy ). T is the maximum thickness across the width of
the spore measured along the normal to the circle with radius
Cr and center (Ox , Oy ). The shape in its implicit form is given
as

In order to image the entire thickness of the leaf, confocal
images are captured at planes that start from above the leaf
and go beyond the thickness of the leaf. The surface of the leaf
is usually not parallel to the imaging plane of the microscope
and multi-scale topographical variation of the surface makes
estimation of its position non-trivial. It is expected that the
surface of the leaf appears bright and sharp.
We employed an active surface approach [12]–[14] that we
implemented using dynamic programming. The active surface
is defined by a set of 3D control points S ∈ N 3 that are
uniformly spaced in their projection onto the image plane (XYplane). The energy of the surface which is to be minimized is
given as:
E = αEext + βEint .
(1)
Where, α and β are weights that are set empirically. Given
an image I and set of control points S, external energy Eext
is the weighted sum of mean intensity and absolute central
moment calculated in a local image neighborhood.
P
Eext = − i∈S α1P
A(i) + α2 M (i),
A(i) = |n1i | · j∈ni I(j),
(2)
P
M (i) = j∈ni |I(j) − A(i)| · p(I(j))
where, ni is the set of points that form the neighborhood of
point i, p(x) is the probability function, α1 , and α2 are set
empirically.
Internal energy Eint of the active surface is the weighted
sum of point-wise slope and the deviation from the best fitting
plane to the control points.
Eint =

|S|
X

β1 (Sk (z) − Sk+1 (z)) + β2 Pe (Sk )

(3)

k=1

where, Pe is the distance function measuring the distance of
a point from plane P , β1 =2, and β2 =0.5 were set empirically.
Sk is the k th control point and Sk+1 is it’s neighbor.
The optimization is carried out iteratively using dynamic
programming. Each control point on the active surface has
a single degree of freedom (move up or down along the
image depth).Each iteration involves two steps. In the first
step, position of each control point is optimized considering
it’s neighbor along the horizontal axis and second, considering
its neighbor along the vertical axis. The number of control
points are increased after every iteration. The distance between
adjacent control points is set to 50/iteration pixels. The
range for possible z values for a control point is set to
±(15/iteration) positions from its current z position. The
final surface is estimated by bi-linear interpolation between
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B. Spore Shape Model

2

2

(Cθ −θ)
(Cr −r)
(T /2)2 + (W/2)2 = 1,
p
(O −y)
r = (x − Ox )2 + (y − Oy )2 , θ = arctan( (Oxy −x) ).

(4)

The parametric form of the shape model with center of
curvature at (0,0) can be written as
x = (Cr + T2 · sin(φ)) · sin( W
2 · cos(φ)/Cr ),
y = −Cr + (Cr + T2 · sin(φ)) · cos( W
2 · cos(φ)/Cr ).

(5)

Where, φ = [0 − 2π]. To account for asymmetry in the
spore shape along its major axis, an additional center-offset
parameter is added.
C. Shape model fitting
Given boundary points of a spore, principal components
of points were estimated and used to align the shape to the
principal coordinate axes. A quadratic curve Q(x, y) = 0 was
fit to the axis aligned points using least squares method. The
points were then split into two disjoint curves that lay above
(Q(x, y) < 0) and below (Q(x, y) > 0) the quadratic curve.
For smoothing, quadratic functions y1 = Q1 (x) and y2 =
Q2 (x) were used to approximate the two curves. To estimate
the center (Ox , Oy ) and radius Cr of curvature, the median of
the two curves was estimated and used to fit a circle using the
method proposed by [5]. The width W is the angle formed
between the lines joining the center of curvature to the end
points of the spore shape. The thickness T is the maximum
thickness across the width of the spore shape.
|V1 ·V2 |
)
W = arccos( |V
1 ||V2 |
V1 = [x1 , mean(Q1 (x1 ), Q2 (x1 ))] − [Ox , Oy ],
V2 = [xn , mean(Q1 (xn ), Q2 (xn ))] − [Ox , Oy ].

(6)

Where, x1 and xn are the min and max x-coordinate value
of the axis aligned spore shape.
T = Q1 (xm ) − Q2 (xm ),
xm = argmax (Q1 (x) − Q2 (x)).

(7)

x
d
(Q1 −Q2 ) = 0. The
xm is obtained by solving the equation dx
center of the shape was then computed by converting the point

(xc , yc ) in cartesian coordinate to polar coordinate (Cr , Cθ ).
Where, xc = 0 − Ox and yc = mean(Q1 (0), Q2 (0)) − Oy .
D. Spore Shape Templates

and weighted-boundary-orientation template (Bx , By ) (section
II-D) is computed as
PN PN
S(u, v) = i=1 j=1 [Ix (u − N2 + i, v − N2 + j)
(11)
·Bx (i, j) + Iy (u − N2 + i, v − N2 + j) · By (i, j)].
F. Spore Detection

(B)

(A)

Fig. 1. Sample spore templates. (A) Spore shaped blob template generated
by difference of Gaussian in polar coordinates. (B) Visualization of weighted
boundary orientation template. The orientation of the lines correspond to
gradient orientations and color of the lines correspond to the magnitude of
the weight (red is high and blue is low)

Given spore shape parameters, the spore-shaped-blob template P of size n2 is computed as the difference of Gaussian
in polar coordinates.
d2

P (x, (
y) = e
L(x, y) =

−L(x,y). 2(α.σr

1
1−(dθ /σθ )2 ,

d2

−L(x,y). 2σr2

r
−e
if dθ < σθ & dr < 3 ∗ σr
r )2

0,
otherwise
d0θ = |θ − Cθ |, dθ = min(d0θ , 2π −r
d0θ ),

dr = |r − Cr |, σθ =

W
2

, σr = (δ +

T
2

)·

1− α12
2 log(α2 ) .

(8)
In our experiments, α = 2, δ = 1. r and θ was computed as
shown in equation 4. The origin (Ox , Oy ) was computed as
n
n
Ox = Cr ∗ cos(Cθ ) + , Oy = Cr ∗ sin(Cθ ) + .
(9)
2
2
The template P (x, y) was normalized such that the sum of all
it’s positive elements is 1 and sum of all it’s negative elements
is −1.
Under the assumption that the image gradient orientation
across the shape boundary align with the shape normal, gradient orientation (weighted-boundary-orientation) templates Bx
and By are computed using the parametric equation of the
dy
shape. From equation 5, given the shape model, Bx = dφ
and
√ 2 2
x
+y
−C
r
dx
By = − dφ
where φ = arcsin( (T /2) ). The templates
Bx and By are normalized and weighted by P 0 . From equation
8:
P
P 0 = M AX(0, P
);
(10)
(x,y)∈Sb P (x, y)
where Sb is the set of points that form the shape boundary.
E. Edge Detection and Boundary Matching
Given a smoothed and contrast enhanced leaf surface image
I, a set of Gabor filters were used to detect second order
edges E and their orientations Iθ . The horizontal and vertical
components of normalized edge normals Ix and Iy were
computed from E and Iθ . Similarity S between (Ix , Iy )
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Manually labeled spore boundaries on the extracted leaf
surface image were used to fit spore shape models. Candidate
shapes were then sampled from the spore shape distribution
and were used to generate templates (both boundary and blob
templates). The template matching approach is not invariant
to rotation, hence we generated a set of spore shape templates
π
. An
by rotating the candidate templates in increments of 12
image is matched with this set of templates and the value
at each pixel in the response image is the maximum of the
matching scores for all templates centered at that pixel.
We used two approaches for spore detection based on the
input image type.
1) Boundary matching: Given an edge map with edge orientations (Ix , Iy ) we used weighted-boundary-orientation templates and performed spore boundary matching as described
in section II-E. Typically the response image of matching
these templates had values in the interval [0, 1] (least likely to
most likely that a pixel is the center of a spore). We applied
a threshold on this response image to detect spores. In our
experiments we set this threshold to 0.7.
2) Blob detection: Given a gray scale image with spores
that appear dark on a bright background we used sporeshaped-blob templates (section II-D) and performed template
matching. We then applied a threshold on the response image
R to detect spores. The range of values in the response
image was dependent on the intensity values of the input
image and a single fixed threshold would not work for all
images. We used manually annotated images for learning to
dynamically determine the threshold based on mean intensity
of the input image. Given an annotated image, mean intensity
m of input image and the corresponding template matching
response image R we set the threshold T such that
T = arg max(D + T P − F P );
t

(12)

where, for a threshold t applied on R, D is the detection rate
given as the ratio of number of true spores detected to the
number of spores in the image. T P is the true positive rate
and F P is the false positive rate. We then defined function F
such that T = F (m). F is approximated by a piece-wise
linear function. To solve for F , we first performed k-means
clustering on set of 2-component vectors [mi , Ti ] computed
from the annotated images and then approximated each cluster
by a linear function. In our experiments we used two clusters.
F was then be used to estimate a threshold for an input image.
Given a mean intensity m0 we first found the nearest cluster
(whose mean of mean intensities is closest to m0 ) and then
used the linear approximation of that cluster to determine the
threshold.

Sampling
K-means
Uniform

Shapes
12
51

Templates
288
1224

Detection1
80.67%
79.71%

Detection2
48.6%
-

TABLE I
S PORE DETECTION RATE FOR DIFFERENT SAMPLING METHODS AND
DIFFERENT SPORE SHAPE TEMPLATE TYPES (D ETECTION 1: S TEP - EDGE
B OUNDARY T EMPLATE AND D ETECTION 2: W EIGHTED BOUNDARY
TEMPLATE )

III. E XPERIMENTS AND R ESULTS
Experiments were conducted on fluorescence and visible
light 3D confocal images that were captured and processed as
described in [17]. For each of the images the position of the
leaf surface in the 3D image stack was estimated and used to
extract the leaf surface image. Figure 2 shows a sample surface
estimate. Manually labeled spore boundaries on the extracted
leaf surface image were used to fit spore shape models. The
mean error of fit across 1214 spores shapes was 1.12 ± 0.33
pixels. PCA was performed on the spore shape parameters;
Candidate shapes were sampled from spore shape distribution
and used to generate templates of size 50 × 50.
A. Fluorescence microscopy
The dataset used for our experiments had 69 3D fluorescence confocal image samples. For each of the images
the position of the leaf surface in the 3D image stack was
estimated and used to extract the leaf surface image. The
surface images were used to manually label fungal spores
present on the leaf surface. Labeling included identifying the
position of the spore and the boundary of its shape. To test
the method, we used leave one out strategy. Given an image
to test, the spore templates were sampled from distribution of
spore shapes extracted from rest of the images in the dataset.
For each 3D image sample, we tested the spore detection
method on 11 image slices that were extracted between 5
layers above and 5 layers below the estimated leaf surface.
Given an image slice, the edge detection method described
in section II-E was used to identify cell boundaries which
form the candidate points used to test for spore shape using
the template matching scheme. The edge map with edge
orientations was matched with weighted-boundary-orientation
template to detect spores. For a detected spore, knowing the
template that had the maximum similarity will give us an
approximate segmentation of the detected spore. The best
detection rates were achieved at 3-4 layers above the leaf
surface, which is understandable since the spores exist above
the leaf surface. Figures 3 and 4 show sample spore detection
results. To show the advantage of using the shape model to
generate weighted shape boundary templates, we compared
our spore detection rate to an approach similar to [1] using
step-edge shape boundary templates and normalized image
gradient orientations. Twelve candidate shapes were generated
using k-means clustering. We also experimented with different
sampling methods (Table I).
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(A)

(B)

Fig. 2. Estimation of leaf surface in a 3D image stack. (A) 3D image stack
used as input for surface estimation and spore detection. (B) Estimated surface
of the leaf. We can see that the leaf surface was not parallel to the imaging
plane and the method was able to capture topographical variations of the
surface.

B. Brightfield microscopy
We used a dataset of 35 3D brightfield confocal microscopy
image samples. In these images, the spores generally appeared
darker than other leaf features around it. Spore-shaped-blob
templates were used to detect spores in these leaf images.
Twelve spore shapes were sampled using K-means clustering
from the previously learned spore shape distribution. The
recall and precision was 86.5% and 75.7% respectively. The
template that best matched a spore was used to initialize a level
set active contour which was optimized to get the segmentation
of the spore [16]. Sample result is shown in Figure 4.
IV. C ONCLUSION AND F UTURE WORK
We have presented our work on detecting fungal spores in
3D confocal images of macroscopic areas of infected plant
leaves. An active surface approach was developed to map the
3D location of the top epidermal cell layer. Using a compact
geometric shape model for fungal spores, we have shown that
this model can be accurately fit to spore shapes, candidate nonspecific spore shapes can be sampled from a distribution of
shapes in the model parameter space, and the parameters of the
model can be used to generate weighted shape boundary and
appearance templates. It was found that the spore detection rate
was improved by using a continuous weighted shape boundary
template instead of a step-edge shape boundary template. This
method was applicable to different modalities of microscopy
images. The high detection rate indicates that this approach
can be used to generate hypotheses of detection for spores and
we are currently working on methods to reject false detection.
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