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Abstract. Drosophila melanogaster is a well-known model organism
that can be used for studying oogenesis (egg chamber development)
including gene expression patterns. Standard analysis methods require
manual segmentation of individual egg chambers, which is a difficult and
time-consuming task. We present an image processing pipeline to detect
and localize Drosophila egg chambers that consists of the following steps:
(i) superpixel-based image segmentation into relevant tissue classes; (ii)
detection of egg center candidates using label histograms and ray fea-
tures; (iii) clustering of center candidates and; (iv) area-based maximum
likelihood ellipse model fitting. Our proposal is able to detect 96% of
human-expert annotated egg chambers at relevant developmental stages
with less than 1% false-positive rate, which is adequate for the further
analysis.
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1 Introduction

The motivation of this work is to provide a tool for automatic analysis of spatial
and temporal patterns of gene expression during the egg-chamber development
(oogenesis) of the common fruit fly, Drosophila melanogaster [1]. Such studies
aim to discover the functionality of specific genes, which is of paramount im-
portance in basic biological research with possible therapeutic applications in
medicine. The task solved here is a segmentation of individual egg chambers.

Figure 1(a) shows an example of an input fluorescence microscopy image
consisting of a chain of egg chambers in different developmental stages. It is a
common practice to collect thousands of such images to analyze different genes
of interest [2]. Once the individual egg chambers are localized (see Figure 1(c)),
they will be grouped by developmental stage [3], segmented, aligned, and their
gene expression detected and analyzed [4]. Previously, most of the analysis was
done manually [5,6], which is very time consuming.

Unlike for Drosophila embryogenesis [7], to the best of our knowledge, there
are no previous works about Drosophila egg chamber detection and localiza-
tion [6]. A texture-based classification method for egg chamber images was de-
scribed in [8]. The segmentation is not robust enough (Figure 5) but can be used
as the first step of our approach (Figure 1(b)).
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(a) (b) (c)

Fig. 1. Illustrative example of a fluorescence microscopy image containing several egg
chambers in different processing phases. (a) Cell nuclei are shown in magenta and
RNA gene expression in green. (b) Automatic initial segmentation into four classes:
Background (blue), cytoplasm (red), nurse cells (yellow), and follicle cells (cyan). (c)
Manually delineated egg chambers used for validation.

The key contributions of this work are the novel shape and appearance fea-
tures, label histograms, and orientation invariant ray distances, as well as the
area-based maximum likelihood ellipse fitting. For simplicity, we represent the
detected egg chambers with ellipses.

2 Methodology

Our proposal uses the cellular structure channel (magenta in Figure 1(a)). It
consists of superpixel-based segmentation (Section 2.1), center candidate detec-
tion (Section 2.2), center candidate clustering (Section 2.2), and ellipse model
fitting (Section 2.3).

2.1 Superpixel segmentation

We use superpixel segmentation proposed in [8]: First, SLIC superpixels are
calculated [9] with an initial size of 15 pixels. For each superpixel, color and
texture features are computed. Then, the superpixels are assigned to one of the
following four classes (background, follicle cells, cytoplasm, or nurse cells) using
a random forest classifier with Graphcut [10] regularization (see Figure 1(b)).

2.2 Center detection

In order to detect points within the central part of the egg chambers, we use
two sets of features based on label histograms and modified ray features [11].
The center candidates are chosen from superpixel centroids using a random
forest classifier.The features are normalized to zero mean and unit variance.
For training, superpixels close to a center are considered positive (as measured
by the relative distance to the background), superpixels far away as negative,
ignoring those in-between (see Figure 2(a)).
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(a) (b)

Fig. 2. (a) A center detector is trained using positive central examples in green and
negative far away examples in red, ignoring the intermediate zone in yellow. (b) Au-
tomatically detected central points clustered using DBSCAN. Each cluster is shown in
a different color. The centroids of the clusters are drawn as large dots.

Label histograms Around a given point, a set of N annular regions Di is
defined (see Figure 3(a)). For each region, a normalized label (class) histogram
is computed, counting the number of pixels of each class within each region is
counted. The histograms are concatenated.

Ray features To describe a shape, we use a simplified version of the ray fea-
tures [11]. Rays are oriented straight lines cast from the point of interest with
a predetermined angular step ω. For each ray i, we measure the distance ri to the
first background-class point in the given direction. To obtain rotational invari-
ance, the vector R =

(
r1, . . . , rn

)
is circularly shifted to start with the largest

element.

Center clustering Detections corresponding to individual eggs are grouped
together using density-based spatial clustering (DBSCAN) [12] that handles ar-
bitrarily shaped clusters and naturally detects outliers. The distance threshold
parameter of DBSCAN is set to 3× the superpixel size. Each cluster is repre-
sented by its mean position ck (see Figure 2(b)).

2.3 Ellipse fitting and segmentation

We represent each egg by an ellipse (see Figure 5). The advantages are: a small
number of parameters, convexity, and compactness. Given a cluster mean ck (egg
center) and the four-class pixel-level segmentation Y (Section 2.1), the ellipse
should maximize the likelihood∏

i∈ΩF

PF (Yi) ·
∏

i∈Ω\ΩF

PB(Yi) (1)

where ΩF is the ellipse interior and Ω is the entire image. PF (Yi) and PB(Yi) are
the probabilities that a pixel i inside and outside the egg chamber is classified to
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(a) (b)

Fig. 3. (a) Label histogram descriptor for two different points. A set of annular regions
Di is defined around a reference point, then normalized histograms of label frequencies
are computed. (b) Ray descriptor illustration. A set of rays is cast from a reference
point to the closest background pixel and the distances ri are measured. To achieve
rotation invariance, we find the maximal element in R (blue curve) and shift it to the
beginning to obtain R∗ (green curve).

a class Yi, respectively. For the four classes of Y (0-background, 1-follicle cells, 2-
cytoplasm, and 3-nurse cells) we have set PB(Yi = 0) = PF (Yi ∈ {1, 2, 3}) = 0.9
and PF (Yi = 0) = PB(Yi ∈ {1, 2, 3}) = 0.1 If accurate pixel-level reference
segmentation is available, the probabilities PF and PB can be obtained from the
training data instead.

Using negative log likelihood g• = − logP• and substituting
∑
i∈Ω gB(Yi) =∑

i∈ΩF
gB(Yi) +

∑
i∈Ω\ΩF

gB(Yi) we obtain an equivalent problem:

min
∑
i∈ΩF

gF (Yi)− gB(Yi) (2)

Possible ellipse boundary points are determined by casting rays from the
center ck as described in (Section 2.2) and taking the first background point
along the ray or the first non-follicle class point after a follicle class point (see
Figure 4(a)). Points on the boundary closer than 5 pixels each other are elim-
inated to reduce clutter. To obtain a robust fit, we use a random sampling
(RANSAC-like) strategy. Ellipses are fitted [13] to randomly selected subsets of
40% of detected boundary points for each center. The best ellipse with respect
to Equation (2) is chosen.

3 Materials and Experiments

Our dataset consists of 4338 2D microscopy slices extracted from 2467 volumes.
Experts identified the developmental stage and approximate location for 4853
egg chambers by marking three points on their boundaries. (see red rectangles in
Figure 5). The automatic detection is considered as correct if the detected center
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(a) (b)

Fig. 4. (a) Ellipse fitting takes as input the four-class segmentation and cluster centers
ck (shown as large dots). Possible ellipse boundary points are found as end-points
of rays cast from each cluster center. (b) Fitted ellipses are shown overlaid over the
segmentation and original image.

is inside the user annotated bounding box. We have reference pixel-level segmen-
tation on a subset of 72 images comprising 196 eggs chambers. The experiments
were conducted using 10-fold cross-validation. For quantitative evaluation of the
correct identification of individual eggs we use adjusted Rand Score (ARS).

Drosophila egg chamber development can be divided up to 14–15 stages [3].
However, some of them are hard to distinguish and the differences are not rele-
vant for this study. For this reason, our dataset recognizes only 5 developmental
stages, numbered 1–5 that correspond to stages 1, 2–7, 8, 9, and 10–12 of [3],
respectively. Stage 1 in our notation corresponds to the smallest egg chambers
without any distinguishable internal structure (e.g. the smallest egg chamber in
Figure 1(c)) and is of no interest for gene expression analysis.

Table 1. Egg detection performance of the egg detection task by development stages,
in terms of false positives, false negatives, and the number of multiply detected eggs
before and after post-processing with ellipse fitting.

Egg chambers
Stage

1 2 3 4 5

number 921 1403 865 834 836

false negatives 306 (33%) 158 (11%) 6 (0.7%) 1 (0.1%) 0 (0.0%)

multiple detections (MD) 37 (4.0%) 31 (2.2%) 109 (12%) 80 (9.6%) 90 (11%)

MD after ellipse fitting 18 (2.0%) 13 (0.9%) 27 (3.1%) 20 (2.4%) 30 (3.6%)

false positives 43 (0.9%)
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Input image Initial segmentation Detected individual eggs

Fig. 5. Input images (left), initial segmentation (middle) followed by the detected
centers (cluster means) as dots and the fitted ellipses in green (right). Expert drawn
bounding boxes are shown as red rectangles (not all eggs are annotated).

3.1 Center detection performance

In the first group of experiments, we have studied the accuracy of center detection
(Section 2.2), formulated as a binary classification problem on superpixels. The
area under the curve (AUC) and the F1 measure were evaluated.

The first observation is that the quality of the initial four-class segmentation
is very important. The original segmentation algorithm [8] leads to F1 = 0.862.
Using a random forest classifier and GraphCut regularization, the performance
was improved to F1 = 0.916.

When evaluating the influence of the diameters of the annular regions for the
label histogram descriptors (Section 2.2), we have discovered that it is important
to include both small and large regions. With five regions spanning diameters
in range from 10 to 300 pixels, we get F1 = 0.916 and AUC = 0.988. Including
more regions does not significantly improve the results – with 9 regions, we get
F1 = 0.923 and AUC = 0.989.
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Fig. 6. ROC curves for different classifiers for the center candidate detection task.

Using a four-class initial segmentation is helpful, with a binary segmenta-
tion the performance drops to F1 = 0.868 and AUC = 0.959. Concerning ray
features (Section 2.2), the best performance is obtained for an angular step of
5◦ ∼ 15◦. Larger angular steps lead to a loss of details, smaller angular steps
increase the descriptor variability.

Using both ray features and label histograms is better, yelding AUC = 0.987
and F1 = 0.930, than using them separately, with AUC = 0.986 and F1 = 0.928
for the label histogram only and AUC = 0.972 and F1 = 0.884 for the ray
features only.

Finally, we show the ROC curve for several different classifier algorithms
(Figure 6). We have chosen the random forest classifier which is among the best
performing methods and is fast at the same time.

3.2 Egg chamber detection

The second part of the experiments evaluates, how many eggs are detected and
how many detections are really eggs. The experts marked a subset of 4853 egg
chambers with three boundary points (as described above) and a stage label.
The results are shown in Table 1. The performance on the smallest stage 1 egg
chambers is not important for our purposes. Stage 2 is the most challenging. For
the rest, less than 1 % of eggs are missed. There is also less then 1 % of false
positives, which were counted manually for all stages combined, as the stage
information is not available for false detections. The most frequent mistake is to
detect one egg chamber twice, which can be easily corrected by post-processing
— if two ellipses overlap more then 50 % of pixels, we keep only the larger one.
We show the number of multiple detections both before and after this post-
processing.

We also evaluate the performance of ellipse approximation on a pixel-level
annotated subset of 72 images containing about 200 egg chambers. With respect
to a watershed segmentation [14] using the distance from the background class
as a feature, we improved the mean ARS from 0.755 to 0.857 and the mean
Jaccard index from 0.571 to 0.674.

Figure 5 shows examples of successful results, including a few corrected multi-
ple detections and a few undetected egg chambers. Note that the user annotation
is neither complete nor accurate, which makes the evaluation challenging.
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4 Conclusions

We presented a complete pipeline for Drosophila egg chamber detection and
localization by ellipse fitting in microscopic images. Our contributions include
novel label histogram features, the rotation invariant ray features, and area-based
maximum likelihood ellipse fitting. The performance is completely adequate for
the desired application — it is important that the number of false positives is
small but false negatives are not a problem, as long as a sufficiently high number
of egg chambers is detected.

In the future, a specialized model could be created for the earliest develop-
mental stages to reduce the number of misses.
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