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Abstract. Marine plankton occurs in the ocean with strongly varying
degrees of sparsity. For in-situ plankton measurements the shadowgraph
has been established as the observation device of choice in recent years.
In this paper a novel depth from defocus based approach to partially coherent 3D reconstruction of marine plankton volumes is presented. With
a combination of recent advances in coherent image restoration and deep
learning, we create a 3D view of the shadowgraph observation volume.
For the selection of in-focus images we develop a novel training data
generation technique. This kind of reconstruction was previously only
possible with holographic imaging systems, which require laser illumination with high coherence, which often causes parasitic interferences on
optical components and speckles. The new 3D visualization gives easily
manageable data by resulting in a sharp view of each plankton together
with its depth and position. Moreover, this approach allows the creation
of all-in-focus images of larger observation volumes, which is otherwise
impossible due to the physically limited depth of field. We show an effective increase in depth of field by a factor of 7, which allows marine
researchers to use larger observation volumes and thus a much more
effective observation of marine plankton.
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Introduction

Plankton observation and measurement is of very high importance foremost for
marine biology [6], because plankton has impact on the entire marine habitat.
The density of the plankton in the ocean is usually low, hence the volume and
depth of our observation volume should be as large as possible. Furthermore,
for practical reasons the observation should be performed with single images,
because both plankton and the imaging device are constantly moving [3]. Another important demand is a simple and robust illumination to allow in situ
measurements.
With a limited depth of field, in an image of a 3D volume not all objects are
in focus. In a shadowgraph system [16] this may apply to most objects, as the
requirements on light and resolution set optical limits on the depth of the field.
Due to the low coherence, the recorded image contains amplitude information
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only and the fine structures of a hologram are not visible. The holographic
methods are therefore not applicable.
The research objective of this paper is a novel reconstruction method using a
light source with low coherence, which can achieve results similar to holographic
imaging. A key detriment of holographic methods is a low field of view [2].
We provide a brief introduction into both the shadowgraph and holography in
Section 2. In this paper we will show that this objective can be achieved by
using recent iterative image restoration algorithms. This allows us to increase
the effective depth of field of the shadowgraph due to the ability to refocus
(Section 3).
The success of deep learning in dense depth estimation from natural images
[5], motivates our choice to train a deep classifier to estimate 3D information
in a depth from defocus approach. We do not need to reconstruct a dense 3D
volume for 3D volume segmentation as in holographic methods, but instead only
require a reconstruction stack of low density, in which we then apply the classifier
(Section 4) to find the in-focus image. To facilitate the training of the classifier,
we will demonstrate a convenient technique to generate large amounts of training
data with little effort.
Besides refocusing and 3D visualization (Section 6), another contribution of
this paper is the generation of all-in-focus images (Section 5) from a single image.

2

Related Work

In this section we give a short overview of related works about the shadowgraph
and holography.
2.1

Shadowgraph

For a detailed introduction into shadowgraph systems we refer to [11]. In general,
the focused shadowgraph is an imaging concept meant for the observation of
small opaque or semitransparent objects [16].

Point light source

Lens

Lens Focusing lens

Image sensor

Fig. 1: Optical drawing of the focused shadowgraph. Black dots show the illumination edge rays, blue the rays from the objects projection onto the camera
sensor. Shown is an adaptation of a drawing from [16].

An optical drawing of a focused shadowgraph principle is shown in Fig. 1.
A typical focused shadowgraph is composed of the following elements. Light of
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a point light source is converted with a condensation lens into parallel light.
This light is used to illuminate the target of observation at which point the
opaqueness of the target creates an image of light and shadow. With a second
condensation lens this light is focused into the focusing lens. The focusing lens
has the purpose of selecting a plane of focus. It projects the light and shadow
image from the target onto the image sensor.
A focused shadowgraph system for plankton observation called ’In situ ichthyoplankton imaging system’ ISIIS is presented in [4]. It uses a collimated pin
hole LED illumination inside a stainless steel tube housing and a camera in a
second tube housing. Both tubes are axially arranged and plankton is observed
by projecting light from the illumination tube towards the camera tube. In [13]
a similar system is compared to physical sampling methods in a field application
with good results.
2.2

Holography

As [8] explains, ’the hologram is a record of interference between light diffracted
from object illuminated by a coherent light and a known reference beam’, furthermore ’a hologram contains both the amplitude and phase of the diffracted
wave’. For the observation of the interference between the diffracted beam and
the reference beam a very high resolution is needed. Additionally, there is a stringent requirement on the coherence of the light source, which may be difficult to
achieve. In magnified images of holograms we see streaks, which are caused by
these interferences and from which the phase information can be extracted.
The required coherence length is typically achieved with lasers [8], or with a
LED in combination with a very small aperture of 10 µm for the observation of
10 µm objects [14]. Larger objects would require an even smaller aperture. In this
case the available light power is drastically reduced. [1] compares laser and LED
illumination and reports a strong deterioration in quality for LED illumination,
so that ’only the overall shape of the sample is visible’.
An extension of the depth of field and 3D reconstruction of a microscopical
volume is possible with holography, for example with digital inline holographic
microscopy (DIHM) [8]. Many works apply these methods, e.g. [2] on microalgae.
We conclude that holographic plankton observation is a well established field
of research, however the limitation of holography in resolution, field of view
and light source apply. The key difference between the two imaging concepts
introduced in this section is that the shadowgraph lacks phase information.

3

Restoration of Shadowgraph Images

In the previous section we saw that holographic methods rely on the extraction
of amplitude and phase information from the recorded hologram with subsequent
reconstruction of the 3D volume. In this section we want to develop a method
which can restore an image from a shadowgraph.
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For our shadowgraph we use a setup as in Fig. 1, where an LED is used as
illumination. In our setting we use a 1 mm aperture in front of a green LED,
which emits light with partial coherence. For this scope of imaging, it can be
considered as a coherent light source. The camera has an resolution of 11 pixel
per mm. Therefore an imaging model, which obeys the physical laws of coherent
imaging, must be used.
This means that other approaches in deconvolution [10] and depth from defocus [5] are not applicable, because they are designed for incoherent illumination.
Coherent imaging preserves distinct properties of the object, which is an essential advantage compared to the incoherent case. Defocus means that image
and focus plane are not identical, which in coherent optics can be modeled as
a spherical wave front deformation. Using the coherent imaging model and the
WFC(Wavefront correction)-algorithms of [18], we want to compensate the defocus even in very noisy and non-ideal conditions such as a shadowgraph. The
WFC-algorithm we choose is the WFC-FISTA (fast iterative shrinkage thresholding algorithm), which includes an L1 gradient prior for additional noise resilience [18].
The input of the algorithm is the captured intensity image from the image
plane of the shadowgraph plus the spherical wavefront deformation of the defocus, which we want to compensate. From the target focus plane light distribution
x ∈ Cm×n we demand two properties. First, that transforming the focus plane
via the Fourier plane and spherical wavefront deformation pd into the focus plane
yields the amplitude of the image plane o0 , which is calculated by the square
root of the shadowgraph intensity image s. Simplified, this means that reblurring
the in-focus image must result in the input shadowgraph image. Second, that
due to the linearity of the optical system the in-focus phase is planar. Neglecting
constant offset we can set it to zero, which means x is real and positive [18].
With the transform in the last paragraph from focus plane x via Fourier
plane to the image plane o0 described by function Wf , where matrix F applies
the Fourier transform by left multiplication, the first property can be expressed
as:
o0 = Wf (x) = ||F −1 (F ⊗ pd )x||2 .
(1)
To convert this relation into an optimization, the mean squared error is considered. The optimization target variable is the complex distribution in the focus
plane x which must have a planar wavefront and hence be in R+ m×n ,
arg min||(Wf (x) − o0 )||22 + λ||∇x||1
x

m×n
subject to: x ∈ R+
,

(2)

where λ ∈ R denotes a weighting parameter to control the strength of the regularization on image gradients. We use λ = 0.005 in all experiments. Solving
this optimization problem results in the focus plane amplitude x with intensity
||x||2 , the focused image. For a more detailed explanation and an evaluation of
WFC-FISTA compared to other approaches, see [18].
The result of our restoration is shown in Fig.2. The sharp contours of the
plankton and its antennas are clearly recovered. The advantage of using this
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restoration is that a sharp 2D image is reconstructed, even though we lack the
phase information, which is available in holographic imaging. For this refocusing
through restoration the strength of the defocus is a necessary parameter. The
estimation of the appropriate defocus is subject of the following section.

Image
restoration
algorithm

Fig. 2

(b)

(a)

(c)

Fig. 2: Restoration results on shadowgraph images.
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Focus Estimation

(a)

(b)

Fig. 3: Shadowgraph views of plankton.

While restoring the images with the WFC-algorithm, we compensate the
defocus with a spherical wavefront deformation, which has the same effect as
if we used a physical spherical lens of suitable radius. Together with the input
image, the WFC-algorithm produces a result image, in which objects for which
the defocus is correctly compensated, are sharp. Images of the shadowgraph are
shown in Fig. 3.
The defocus depends on the distance to the lens, which means we can estimate
the distance of objects, by inverting this relationship and finding the sharpest
image.
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Fig. 4: Training images showing a restored region of interest with an increasing
value of spherical correction. The input image is in Fig. 4a, the sharpest image
is in Fig. 4d (All images rotated 90◦ ).

An automatic determination of focus requires a classifier, which is able to
distinguish between sharp and unsharp images. Evaluating a gradient or variance
based term is good enough for incoherent images, however such an approach
fails for real coherent images, where it is unclear if large gradients are caused by
noise or if sharp contours are caused by ringing and not by the object. Clearly
specifying how such a sharp image is defined, if noise, ringing and non-ideal
imaging conditions are considered is difficult.
In this paper we suggest a deep learning approach. Deep learning is a machine
learning technique that uses deep networks of artificial neurons and has shown
very good results in classification tasks [15]. Our aim is to create a deep learning
classifier that is able to discriminate a sharp image from a blurred image.
In order to create a training set, restorations with 60 increasing steps of
defocus compensation are saved in a stack, similar to a focus stack. The plankton
particles are segmented with Otsu’s method [12] and each particle is enclosed
with a bounding boxes. This bounding box defines a region of interest, which
is isolated, scaled to the same size and saved for every restoration in the focal
stack. This means we now have 60 images for each object and from these one
or two must be categorized as sharp, while the rest is unsharp. An example is
shown in Fig. 4. This selection of ’sharp’ defines the discriminative power of the
classifier.
With this technique 463 sharp images and a much larger number of unsharp
images were obtained. To increase the size of the training data further, data
augmentation was used and all sharp images were rotated or flipped, effectively
multiplying the image count by four. In the next step, the set is balanced by
only using the same amount of unsharp images as sharp images. These steps
without data augmentation are repeated on separately captured images to isolate
validation data.
For the neural network itself we require a network architecture, which must
allow a good sharp/unsharp classification. Furthermore we want to evaluate,
if increasing network complexity has benefits for this task. We want to see, if
the network is the limiting factor and whether designing and tuning a network
tailored to our task is a meaningful or useless undertaking.
For this evaluation we choose the topscoring Imagenet challenge [15] architectures of the year 2012 the ’Alexnet’ [9], 2014 the ’Googlenet’ [17] and 2015
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the ’ResNet’ [7]. Because of implementation details, we do not use Alexnet itself,
but the Caffenet variant and for ResNet we use 32 layers.
To train these networks, we use stochastic gradient descent optimization with
a starting learning rate of 0.01, which is reduced stepwise by a factor of 10 every
40 epochs. The network training graphs are shown in Fig. 5.
We see that all architectures achieve high validation accuracy results of over
95%. Because the sharp or unsharp differentiation for training and validation
data is done subjectively by the author and includes corner cases, this number
signifies the very high agreement between the neural network and the human
author on image sharpness. Thus, the classifiers are very accurate. Some overfitting can be seen in the final iterations of the training graphs, visible by the
fact that the validation loss is stable, while the training loss reaches almost zero.
This is overcome by applying the early stopping strategy and using the model
in iteration 50 as the final result.
Because the accuracy is the same, no gains can be expected from choosing
a different network architecture. We arbitrarily choose Caffenet as the network
architecture for the following evaluations.

(a)

(b)

(c)

Fig. 5: Network training graphs. (a) Caffenet, (b) Googlenet (c), Resnet.
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All-in-Focus Image

In this section the process of generating an all-in-focus image is described. The
image is generated computationally and all plankton should appear sharp, even
though it is located at different distances from the camera.
In the first step a blank image is prepared, which serves as the frame for
refocused image parts which will be collected in the next steps. A virtual focal stack for different depths for the entire image is generated, by applying the
WFC-algorithm with increasing spherical defocus compensation. For all bounding boxes of plankton in the refocusing stack, the image contents of the restoration with the highest sharpness classification rate is selected and copied into
the prepared frame. The pixels in the prepared frame which remain blank are
background pixels, hence we insert pixels from the original image.
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The result all-in-focus image with the individual best-in-focus images selected
using the trained deep classifier is shown in Fig. 6. Fig. 3a shows the raw input
image. The difference between both images illustrates the power and usefulness
of all-in-focus images. Some restoration artifacts can be seen as white borders
around some restored plankton objects. Nevertheless the plankton can now be
precisely evaluated as it has clearly delimited edges and well resolved antennas.
The effective depth of field of the entire shadowgraph system is extended from
2 − 3cm to 20cm, which is at present the size of our observation volume.

(a) Original
Fig. 3a

image

in

(b) Original
Fig. 3b

image

in

Fig. 6: Stitched all-in-focus images.

6

3D Reconstruction

This sharp image parameter value obtained by the classifier determines the distance of the plankton from the focus plane, allowing a three dimensional plankton rendering. Because defocus effects before and behind the focus plane are
symmetric, there is an ambiguity. By setting the reference focus plane a few millimeters before the observation volume, this ambiguity is removed and we can
assume that all objects are located behind the reference focus plane.
The defocus values of the sharpest instance in the restoration stack are converted to metric units of depth by observing the necessary wavefront deformation
on a test target at the front of (small values) and behind the observation volume
(large values). Finally a 3D rendering of the bounding boxes with its sharpest
image at the correct distance can be made, see Fig. 7.

7

Conclusion

In this paper a novel technique for the sharp 3D reconstruction of volumes from
a single non-holographic image is presented, which previously was only possible
with holography.
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Fig. 7: 3D view of the observation volume using only the sharpest image for each
plankton.

Shadowgraph imaging has numerous applications and we have shown on
images of marine plankton that it can benefit from application of the WFCalgorithm. It effectively increases the depth of field and improves the image
quality in areas which are not in focus.
The deep classifier shows very good results and allows us to forgo the dense
3D volume generation and instead work with a sparse focal stack of only 60
layers. With the classifier we gain 3D information of the measurement volume
from a single image with a single camera. This can be used for a 3D visualization
of the acquisition volume. We see that a classifier trained with this technique is
independent of the network architecture.
The all-in-focus images allows the evaluation of plankton objects in a large
volume as if they were planar in a petri dish of a lab microscope. For our evaluation we used a 20 cm long observation volume, however we believe with the
presented techniques this could be extended even further.
Overall, we believe that the single image 3D reconstruction enhanced shadowgraph with low coherence LED illumination is more robust and much cheaper
than holography and therefore a good alternative. It has other benefits, such as
a larger field of view due to lower resolution requirements, nevertheless a quantitative side-by-side comparison remains future work. Furthermore, our work
will enhance the application of the shadowgraph in more areas of interest, for
example in measuring the concentration of plastic particles in the ocean water
column. In the future, we want to collaborate with marine scientists to support
their research in this regard.
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