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Abstract. Waterways are often first and severely affected by pollution.
In this context, fish embryos – which constitute a good model for sensitivity to chemicals – are widely used in environmental toxicology studies.
Such studies are devoted to the analysis of a wide spectrum of physiological parameters, for instance mortality ratio. In this article, we develop
an assay to determine the mortality rate of Medaka embryo. Based on
video sequences, our purpose is to obtain reliable, repeatable results in
a fully automated fashion. To reach that challenging goal, we develop
an efficient morphological pipeline that analyses image sequences in a
multiscale paradigm, from the global scene to the embryo, and then to
its heart, finally analysing its putative motion, characterized by intensity
variations. Our pipeline, based on robust morphological operators, has
a low computational cost, and was experimentally assessed on a dataset
consisting of 660 images, providing a success ratio higher than 99%.
Keywords: Toxicology, medaka, image stabilisation, change detection,
connected filtering.

1

Introduction

Environmental toxicology are of increasing importance in the cosmetics industry [1]. It has become a mandatory requirement to warrant the innocuity of the
products that they manufacture and sell [2], including the by-products of their
manufacturing and their entire lifecycle, up to their eventual release in the environment [3]. Additionally, there are severe limits on the type of living organisms
that can be used for such studies [4]. Among those that are permitted for such
usage, some species of transparent fish embryos constitute a good compromise.
They do not require difficult husbandry techniques, they are readily available,
belong to the vertebrata subphylum (like humans), and their living milieu makes
them a good model to study the consequences of waterways pollution [5]. In addition they are of intermediate size (a few mm long), and are transparent, so
they do not require high-power microscopes or sophisticated image acquisition
devices. Their circulatory system, in particular, is readily visible. As a result,
they have been used in toxicology for a number of years [6].

However, longitudinal studies of such embryos and vertical studies of the
effects of various chemical compounds on their health and behavior require a
lot of measurements, and these are only poised to increase dramatically. In the
past, measurements were conducted manually or semi-automatically, but these
approaches do not scale [7]. Recent progress in the automation of image analysis
procedures with Medaka [5] or more commonly Zebrafish [8,9] is a natural consequence given the increasing demand in image-based toxicology assays. In short,
the cosmetics industry is in need of effective, fast and reliable way to assess the
vital signs of fish embryos; automated image analysis may provide answers to
this need.
A beating heart is clearly one of the most basic vital signs. In this article,
we propose the design of an image processing pipeline based on mathematical
morphology [10,11,12] to assess the presence or absence of a beating heart pattern in fish embryo. We describe, investigate and propose solutions for all the
problems and challenges we have encountered in this study. Another objective
of this article is to showcase the design of an automated pipeline for processing
sequences of fish embryo and more generally to provide some guidelines for the
design of robust image analysis pipelines, through the particular example of a
real-world problem.
The remainder of the article is as follows. In Section 2, we state our problem
and list some of the difficulties we encountered. Section 3 lists our materials and
methods. Section 4 provides an overview of our solution. Section 5 shows our
results, together with validation and discussion. We conclude in Section 6.
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Problem statement and difficulties

In this article, we study short sequences of Medaka (Oryzia latipes) placed in
24-well plates handled by a movable platform under a low-power, fixed macro
camera. The plates are illuminated from below. The objective is to find out if
every embryo in the plate is alive or not. For this, we rely on the fact that
alive embryo should exhibit a visibly beating heart. The uncompressed video sequences are acquired one by one by moving the platform under the fixed camera.
The embryos are anesthetized to prevent swimming. Since they are transparent
we expect that the heart should be visible under the vast majority of poses.
In many real-world applications, the available hardware was designed for a
previous task, and replacement or upgrade is not a possibility. In our case, the
platform was initially designed for single-frame acquisition and processing, and
not designed to acquire, process or store large streams of video. In particular,
the camera is limited to 15 fps, and there is only limited storage. As a result,
we faced a real problem of memory management and timely processing due
to image size. Hence, we reduced the acquisition to 2 seconds at 15 frames per
second and cropped the frames to 800×600, the camera recording only the center
of the field of view. The heart of medakas usually beats at around 130 beat per
minute (bpm) but in extreme cases it can reach 300 bpm, i.e. 5 Hz. The Nyquist
frequency at 15fps is 7.5Hz, so the margin is sufficient but small.

Because of these acquisition and memory restrictions, embryos need to be
centered in the field to avoid unusable partial views during acquisition. Compounding this problem, even though we should expect embryos, even live ones, to
remain immobile while they are anesthetized, they may still exhibit some residual motion. These can be involuntary reflex swimming (incomplete anesthesia).
Artefactual motion can also be due to poorly controlled platform motion inducing sliding, vibrations, shocks due to the general environment of the lab.
These may induce false positive on dead embryos. In particular, since the eyes
of Medaka are not transparent , this fact can cause significant difficulties. First,
while still in egg form, embryos appear tightly wound and eyes can obscure the
heart, making the detection of a heartbeat impossible. It is important for the application to know in advance if a well contains an egg or an embryo. On hatched
embryos, eyes constitute the darkest part of their body. As a result, their contour
have high contrast. In the sequel, we will see that we rely on variance measures
to detect the heartbeat. However, in case of even small or insufficiently compensated frame motion, this artificially creates areas of high variance and, in the
end, generates false positives. Unfortunately, the heart is fairly close to the eyes
in Medaka, so this problem needs to be handled carefully.
During experimental runs, illumination is manually set by the operator.
Hence, it may vary from one experiment to the next, and so the level of electronic
noise and image contrast can vary as well. Specifically, strong noise over the embryo body can induce false positives. Simply looking for grey-level variability in
the heart region is not robust enough.
As in any real application, sometimes the hardware does not provide expected
data. Here incomplete videos can sometimes be acquired, and a whole part of
the sequence may appear black or the sequence may be short.
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3.1

Material and Methods
Material

Organism Medaka (Oryzia latipes) is a small fish member of genus Oryzias.
In adulthood, it can reach 4cm in length, and live in both oceans and rivers.
It develops quickly (7 days). In our study, only embryos coming from Amagen
(UMS 3504 CNRS / UMS 1374 INRA) were used. They were placed as eggs in
a neutral environment with Trypan blue to detect dead eggs, and studied until
4 days after hatching. Embryos do not feed, so no nutrients were supplied. They
do excrete, so they were placed and manually centered in a new, clear well on a
thin gelified bed to prevent sliding shortly before analysis.
Computer and software We used the Python 2.7.6 environnement under
Windows XP in a HP computer with a Core i7 920 CPU and 4GB of RAM. We
used the Numpy, Scipy, Scikit-image[13], Pink [14], and OpenCV for Python.
Platform control and image data acquisition was performed using FEI Visilog 7.
Inter-process communication was handled through the python COM+ interface
via Microsoft Excel.

Hardware All videos were acquired using a color camera LEICA DFC 300 FX
and an acquisition platform purpose-built by FEI .
3.2

Protocol of acquisition

Fish embryos were anesthetized with tricaïne (0.1g/L) and placed on a support
gel in a 24-well plate, one embryo per well. The plate was then placed under the
connector board and the acquisition was automatically performed by Visilog.
We recorded 2s of uncompressed video sequence at 15 frame per second and a
resolution of 800×600 pixels. Platform motion, still images and video sequence
acquisition takes 10s per well.

4

Solution overview

Because of storage constraints, one aim was to achieve the complete sequence
analysis online within the same time frame as the acquisition, i.e. in under 10s.
We therefore propose a robust pipeline suitable for production usage. It consists of simple operators, which are for the most part readily available and fast.
Figure 1 presents the flowchart of our assay. It is split into two phases: a preprocessing step which consists of sequence stabilization and denoising, while the
actual processing step consists of detecting significant periodic changes in the
embryo (variation of grey level values) assuming they are caused by its beating
heart. In this section, we will use standard notations. Let I, J be grey level images
defined on a support Ω, taking 8-bit discrete values, i.e. I, J : Ω → Z ∩ [0, 255].
δB (I) is the dilation of I by the structuring element B, B (I) is the adjunct erosion, γB (I) and ϕB (I) the corresponding morphological opening and closing [15],
γ r (I, J) is the geodesic reconstruction by dilation of I under J (which is an algebraic opening). γ λ (X) is the area opening of X with parameter λ [16]. We
also introduce the Boolean image I≥θ = {∀x ∈ Ω, I≥θ (x) = (I(x) ≥ θ)}, i.e. the
thresholded image of I at value θ. To implement the connected operators [17,18],
an efficient max-tree/min-tree framework is used [19].
4.1

Segmentation of the embryo

The first step is an initial segmentation of the embryo. Indeed, this segmentation
is crucial for several reasons. In order to reduce the memory usage, we need to
crop the area of interest to a small window centered on the embryo. This step
allows us to weed out the sequences where an embryo is not visible or intersects
the acquisition window. Moreover, we generally need to stabilize the sequence,
and this stabilization must be performed on the embryo itself, and not other elements on the field of view like the contours of the well. The background appears
white whereas edges of the well and embryo are darker (see Fig. 2(a)), particularly the eyes are very dark. Therefore the embryo is easy to segment as the
largest connected component in the min-tree associated with the darkest minimum not connected to the edges of the field of view, simultaneously maximizing
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Fig. 1. Flowchart of our embryo mortality image processing assay.

the inter-class variance between foreground and background (i.e, following the
Otsu criterion [20]). We implemented it as follows. If θO is the Otsu threshold
for the first input frame S 0 , then
0
A0 = 1 − S≥(θ
,
O +θb )

(1)

where 1 is a boolean image consisting only of ones, and θb is a baseline value,
optimized to 30 experimentally.
Because we are not interested in the thin elements of the embryo (i.e. the tail),
a morphological opening is applied, and because a single connected component
is desired, an area criterion is also used:
A1 = ϕB1 (ϕλ1 (A0 )).

(2)

Experimentally, we determined the average area of an healthy embryo to 3000
pixel, so we set λ1 conservatively to 600 pixel. The embryo’s body is between

20-60 pixel wide, while artifacts in the well are usually much smaller, so B1 is set
to a discrete Euclidean ball of radius 3. Since the embryo is expected to be near
the center of the field of view, we remove all objects connected to the frame of
the image, calling the result A2 . For speed, all these operators are implemented
on the min-tree structure of the image, except the opening with B1 , which is
approximated by a fast, separable dodecagon [21].
This result A2 is expected to represent the mask of the embryo (see Fig 2(b)).
However, if the result is empty, this means that the embryo is not centered in the
well and then the sequence cannot be reliably analyzed. If we do find an embryo,
we crop the sequence by defining a bounding box around our segmentation,
dilated by 10 pixels. The result is a new sequence S 1 centered on the thorax of
the embryo (see Fig 2(c)).

(a) Initial frame.

(b) Embryo segmentation. (c) Cropped frame.

Fig. 2. Segmentation of the initial frame to locate and the embryo in the well.

4.2

Registration

Because of vibrations associated with other equipment around the acquisition
platform, the embryo can appear to slide up and down in its well. The sequence
needs to be stabilized to avoid false positives. For speed, availability and ease of
use, we have chosen the SIFT key-point based method [22]. This method detects
remarkable points on each frame and matches sets of pairs of points P1 and P2
between two frames. We then solve the rigid transformation equation:
P1 = P2 × R + T

(3)

Where T = (dx , dy ) is the translation and R the rotation matrix. We consider
only rigid transformations because motion consists only of vibrations and the
embryo does not deform. Our model allows to select between both translationrotations and translation only. If rotation appears negligible (i.e. the sum of
square differences between the registration using translation-rotation and translation-only models are not significantly different), then only the translation T between P1 and P2 is calculated while R is set to the identity. In our experiments,
this is the case most of the time.

We then apply the estimated transform between the first cropped frame of
the sequence S 1 and all subsequent frames, taking the first as reference. We
compute dxmax = max |dx | and dymax = max |dy | for all frames, and we crop
the bounding box of the whole sequence further by these amounts in x and y
respectively. We call S 2 the stabilized, cropped sequence of the embryo.
4.3

Denoising

To eliminate global illumination variation during a sequence, which occurs sometimes, we equalize the average intensity of all frames. We obtain a sequence S 3
where the average value of all frames is constant throughout the sequence.
Depending on the average illumination, the sequence can be quite noisy, so
we used a 2D+t bilateral filter [23] to remove the noise remaining on S 3 .
The bilateral filter is a spatially variant convolution, where for each pixel at
coordinate (i, j), in a window W , we have:
X
1
I(k, l, m) ∗ w(i, j, t, k, l, m), (4)
ID (i, j, t) = P
(k,l,m)∈W

w(i, j, t, k, l, m)

(k,l,m)∈W

where
w(i, j, t, k, l, m) = exp −

(i − k)2 + (j − l)2 + (t − m)2
kI(i, j, t) − I(k, l, m)k2 
−
.
2σd2
2σr2
(5)

Here I is the original input image to be filtered; ID is the denoised intensity of
pixel (i, j). It is crucial not to filter too much, otherwise the heartbeat might be
edited out. We have optimized the parameters that removed the noise without
removing the heartbeat. These are: window size=5 × 5 × 5, σr =0.75, σd =0.9.
The result is a denoised sequence S 4 . Due to border effects, we remove the first
three and the last three frames from this sequence, which is then 24-frames long.
4.4

Segmentation of the inner parts of the embryo

If the embryo is alive, the heart should be detected in its thorax region. To
ascertain this, cyclic motion should be detected in this region of the sequence, but
not anywhere else where remaining noise or motion might be present. Because
eyes are very dark, noise causes detectable variations in them, and remaining
motion may be detectable near the contours of the embryo. We developed a
mask M1 of the inner part of the embryo to avoid false detection in these areas.
We define B 1 as the minimum image of the sequence: B 1 = min(S 4 ). In this
image, where the heart and vessels are darker because of the presence of blood,
we apply the same procedure as in section 4.1, i.e:
1
))
B 2 = ϕB1 (ϕλ1 (1 − B≥(θ
O +θc )

(6)

In this instance, because of the change of contrast, θc is set to 20; θO is again
obtained using the Otsu criterion; λ1 and B are unchanged. The resulting B 2

is a binary mask (with values in {0, 1}) of the registered body of the embryo.
Considering B 2 as a geodesic mask, we now segment the eyes as the one or two
more prominent minima from the min-tree. We cannot rely on the eyes being
separated. Depending on the pose of the embryo, they might get merged. We
write:
M1 = B3 (γB2 ((B 2 .B 1 )≥(θO −θc ) ))

(7)

Here the dot in B 2 .B 1 denotes the pixelwise multiplication. Note that θO is
re-estimated from the grey-level distribution of the embryo within the geodesic
mask. In this formula, B2 is a ball of radius 1 and B3 a ball of radius 3. The
outline of the resulting mask M1 are exemplified on Fig. 3.

(a)

(b)

Fig. 3. Inner parts segmentation on two embryos. (a) is alive whereas (b) is dead.

4.5

Variation estimations in the mask of the inner parts of the
embryo

Our challenge is now to detect cyclic motion-induced variations in the sequence
assuming it corresponds to a heartbeat. The heartbeat is noticeable by changes
of contrast due to blood cell concentration in the heart region. Computing the
grey level variance at each pixel of a sequence along the time line show the greylevel variability for that pixel, however this variability may not be due to a cyclic
pattern. To account for cyclic variations, we split S 4 into 3 sub-sequences of 8
frames (S14 , S24 and S34 ). An interval of 8 frames is comparable to the expected
period of a single heart beat. We compute the pixels variance inside (M1 ) on
each sub-sequence, yielding three variance images V1 ,V2 ,V3 . We next compute
the median of these three images Vi . In this way, some spurious, potentially even
large, residual variation occurring only once in the sequence will produce a large
variance only once, and so the median of all the variances in this area will remain
small. On the other hand, cyclic variation will exhibit significant variance in all

three sub-sequences.
S 4 = {S14 ∪ S24 ∪ S34 }
∀i ∈ [1, 3], Vi =
1

(8)

variance(Si4 )
1

(9)

C = M . median(Vi , i ∈ [1, 3])

(10)

The result of this process is shown in Fig. 4.

(a)

(b)

Fig. 4. False color rendering of the temporal variance. (a) is for a living embryo, (b) a
dead one.

4.6

Segmentation of cyclic motion areas

Binarizing the image of the cyclic variance is simple with area openings and a
small closing in classical alternating sequence.
D1 = (γ λ3 (ϕB4 (γ λ2 (C 1 ))))≥1 .

(11)

Here, λ2 = 3, B4 is a radius-2 ball, and λ3 = 10. This image is then thresholded
at 1.

(a)

(b)

Fig. 5. Segmentation of cyclic motion detection on embryos. (a) corresponds to the
segmentation of 4 (a) (living embryo), and (b) corresponds to the segmentation of 4 (b)
(dead embryo)

If the number of non-zero pixels in D1 is zero, we consider the embryo is
dead, otherwise, it is considered alive.

4.7

Parameter optimization

In our pipeline, the parameters such as the size of the structuring elements or
thresholds need to be optimized. Many of them are dependent on the size of the
embryo. For the remaining parameters, they were hand-optimized on a training
sample of 100 sequences.

5
5.1

Results and Validations
Sequence extraction

Videos are read as raw data interpreted as grey-level values. If the maximum
intensity of any frame is zero, the video is deemed incomplete and discarded.
5.2

Processing

We tested our program on 651 videos taken over several experimental runs. The
protocol was identical each time but conditions such as illumination or marker
concentration could change. This number of videos is not insignificant and reflect
production usage. We have also tested our protocol on unusual embryos: some
with oedemas and with other malformations to ensure the robustness of our
protocol (see Fig. 6(a) and (b)). The program processes a sequence in less than
10 seconds, which is in accordance with our initial constraints.

(a)

(b)

(c)

Fig. 6. Heart segmentation in the presence of oedema (a) or malformation (b). Incorrect
segmentation in the fin due to fluttering (c).

5.3

Limitations

In some cases, even actually dead embryos can appear to move. This can be
due to the gel or the presence of shadows (figure 6(c)). In dark areas, electronic
noise is more prevalent, and may appear as motion and in some cases, the embryo
may appear to slide on the gel. This happens if we incorrectly do not compensate

for rotation in the sequence stabilization phase. The main remaining cause of
problem is ambiguity: in some cases, the heart beats so slowly or weakly that
we cannot detect it. In most cases, a human operator would also have difficulties
in detecting it. We could also argue that embryo with weak heartbeats are not
very healthy and likely to die, however this is unconfirmed.
5.4

Validation of the method

We have run experiments on many sequences: some darker, some lighter, some
with varying amounts of tricaine, some with embryo abnormalities, and so on.
In total, we processed 651 such sequences, which might be considered sufficient
for a first validation step.
From an initial set of 660 videos, 9 were eliminated as incomplete. From the
remaining set of 651 sequences, 100 were used for training, i.e. optimizing the
parameters of the pipeline. The remaining 551 were used for testing. There was
1 remaining error in the training sample (1% error rate). There were 3 errors in
total in the test set, for an error rate of 0.54%. Such an error rate is effectively
quite low.

6

Conclusion

In this article, we developed a solution for the fish embryo version of Schrödinger’s
problem. In effect we have proposed a simple and effective image analysis pipeline
to detect whether a Medaka embryo is alive or not, by detecting its heart region and finding if cyclic variations were present there. The proposed procedure
was optimized on 100 sequences and tested on more than 550. The error rate
compared with careful manual checking is near 0.5%, which is sufficient for production use. Based on this result, a more capable sequence acquisition platform
is currently being built at L’Oreal, with an acquisition capacity of thousands
of sequences per week, for use in toxicology studies. As future work, we believe
that with improved acquisitions, the heart rate would also be measurable.
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