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A B S T R A C T

Deep neural networks (DNNs) are used to reconstruct transmission speckle intensity patterns from the
respective reflection speckle intensity patterns generated by illuminated parafilm layers. The dependence of
the reconstruction accuracy on the thickness of the sample is examined for different illumination patterns of
various feature sizes. High reconstruction accuracy is obtained even for large parafilm thicknesses, for which
the memory effect of the sample is vanishingly small. The generalization capability of the DNN is also studied
for unseen scatterers of the same type.
. Introduction

Imaging through complex scattering media has always been a
hallenge in the optics field, since scattering and aberrations during
he propagation of light through a material leads to seemingly random
nterference patterns called speckles. A speckle pattern is formed when
coherent optical beam propagates through a disordered medium, due

o the interference of multiple spherical waves generated by scattering
oints inside the material, which act as secondary point sources [1].

Speckle patterns have been studied extensively [2]. The photon-
cattering process is deterministic (described by the so-called scattering
atrix) when the scattering medium is static and reversible [3]. Phase

onjugation was used early on to reconstitute images of objects dis-
orted by propagation through scattering media [4]. Phase conjugation
owever requires access to both sides of the scattering medium, limiting
ts practical utility. More recently, beacons [5,6] in conjunction with
he memory effect [7], which is associated with speckle correlation
ithin a certain range of incident angles of the laser beam, were used

o scan a focused spot generated at the opposite side of a thin scattering
edium or the distal tip of a multimode fiber (MMF) while the fiber

s bent. In 2015 Vellekop et al. [8] achieved focusing of coherent light
hrough opaque scattering materials using the intensity of the speckle
attern at a target focus point as a feedback to an algorithm controlling
nd optimizing the phase modulator of the wavefront. Utilizing the
emory effect, Bertolotti et al. [9] retrieved non-invasively the image

f a fluorescent object behind a scatterer by scanning the angle of the
ncident light and detecting the corresponding fluorescence from the
ample on the proximal side of the scatterer,

∗ Corresponding author at: Optics Laboratory, School of Engineering, École Polytechnique Fédérale De Lausanne, Lausanne, Switzerland.
E-mail address: kyriakos.skarsoulis@epfl.ch (K. Skarsoulis).

In recent years, the use of deep neural networks (DNNs) has been
proposed as an alternative for addressing end-to-end inverse problems
in computational imaging. In 2017 Sinha et al. [10] presented a DNN
that was trained to recover phase objects from their propagated in-
tensity diffraction patterns. Ozcan et al. [11] demonstrated a neural
network that can compute and reconstruct phase and amplitude images
of the objects using only one hologram. In other successful demon-
strations, DNNs have been used to classify and reconstruct the input
images propagated through MMFs from the corresponding intensity of
the speckle patterns at the output for fiber lengths up to 1 km [12].
DNNs were also used to achieve transfer learning for MMFs, i.e., re-
construct/transmit desired patterns not belonging to the class of images
used to train the network [13]. In 2018 Yunzhe et al. [14] presented
a convolutional neural network (CNN) which was able to make high
quality object geometry predictions through an entirely different set
of glass diffusers of the same class, after being trained on pairs of
object geometries/patterns and corresponding speckles produced by
each glass diffuser. In 2018, Lyn et al. [15] presented a hybrid neural
network model (HNN) that retrieved the coherent images of various
targets behind a 3-mm-thick white polystyrene slab from the corre-
sponding speckle patterns. A common feature in the aforementioned
papers is that the DNNs are trained on pairs of illumination patterns and
corresponding transmission speckle patterns, whereas the information
contained in the reflected speckle patterns is not exploited.

The relationship between the reflected and the transmitted speckle
patterns generated by a disordered medium in the multiple scatter-
ing regime was studied in 2015 by Fayard et al. [16]. In that work
the spatial correlation between reflected and transmitted speckle pat-
terns for varying optical thicknesses was studied numerically. In 2018
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Fig. 1. Experimental setup for acquiring intensity speckles from the transmitted and reflected light from a parafilm scatterer. HWP: half-wave plate; M1: mirror; SLM: spatial light
modulator; P: linear polarizer; L1: lens; BS: beam splitter; OBJ: microscope objective lens; SM: scattering material, CCD: Charged-coupled device (camera).
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Starshynov et al. [17] experimentally demonstrated the correlation be-
tween the speckle patterns measured on the reflection and transmission
side of a disordered medium (a suspension of TiO2 in glycerol). Turpin
et al. [18] have recently utilized the correlation between reflected and
transmitted speckle patterns to efficiently shape light through a variety
of scattering media by using DNNs.

In this work, a detailed study of the relationship between reflected
and transmitted speckle patterns for samples of different thicknesses
is presented. A multi-layer convolutional neural network is used to
reconstruct the transmitted speckle pattern from the reflected one. A
series of experiments is conducted using a varying number of parafilm
layers to form samples of varying thickness. Parafilm is a blend of waxes
and polymers which scatters light in a way similar to biological tissues
as it transmits very little ballistic light and it is mainly characterized
by forward scattering. The datasets used for the training and testing
of the DNNs consist of the illumination patterns and the respective
speckle patterns in transmission and reflection. Two main parameters
are investigated in the course of this work for their effect on the
DNN reconstruction performance: the resolution (feature size) of the
illumination patterns and the thickness of the sample itself. The DNN’s
reconstruction fidelity is higher compared to the existing literature and
it is presented as a function of thickness of a specific sample extending
to multiple scattering regimes. Further, the DNN’s generalization capa-
bility, i.e., the ability to reconstruct transmission patterns for unseen
scatterers of the same type, is studied. The aim of this work is to
demonstrate the efficiency of the reconstruction of the transmitted
speckle pattern from the measured reflected speckle pattern, rather
than the illumination pattern, and highlight the importance of the
information contained in the reflection pattern which is strongly related
to the medium itself.

2. Materials and methods

2.1. Experimental setup

The optical system used to collect the data for training the DNN
is shown in Fig. 1. A laser diode (QPHOTONICS Butterfly Laser Diode
controlled by THORLABS compact laser diode driver with thermoelec-
tric cooler, TEC) emitting at 785-nm wavelength is used to illuminate a
number of parafilm layers. The laser beam is expanded, collimated and
then directed onto a PC-controlled phase-only spatial light modulator
(SLM 1920 X 1080 pixels, Pluto-Vis, Holoeye) projecting patterns like
the one shown in Fig. 2a. The SLM output (illumination pattern) is
projected onto the proximal end of the parafilm sample by means of
a 4f imaging system which comprises of a lens (𝑓 = 150 mm) and

10x microscope objective (𝑓 = 16.5 mm, 𝑁𝐴 = 0.25). A half-
ave plate and a linear polarizer are placed before and after the SLM,

espectively, so that amplitude-modulated (AM) illumination patterns
an be used to illuminate the examined scatterer, as shown in Fig. 2c.
o image the transmitted speckles (Fig. 2e), a 10x microscope objective
2

s used at the distal end which directs the magnified speckle image
o a charge-coupled device (CCD) camera (Edmund Optics 32121C,
056 × 1542 pixels). To image the reflected speckles (Fig. 2d), a non-
olarizing beam splitter redirects the backscattered speckles towards a
econd CCD camera identical to the one used to capture the transmitted
peckles.

In the experiments, the illumination patterns projected by the SLM
re random binary patterns. Before being processed by the DNN, each
mage recorded by CCD1 and CCD2 is cropped to a 512 × 512 pixel
indow, checking that the reflection and transmission speckles are
roperly aligned so that they correspond to the exact same region of
he scattering medium. The pixel size of the SLM is 8 μm and the
ixel size of the two CCDs is 3.45 μm. The magnification in both
he reflection and transmission system is 11.5 and the 512 × 512-
ixel area of the speckle pattern used for training corresponds to a
54 μm × 154 μm area of the sample, since the effective pixel size for
he recorded speckles in the reflection and transmission imaging sys-
ems is 0.3 μm/pixel. The theoretical diffraction limit is 1.57 μm given

by 𝜆
𝑁𝐴 (𝜆:wavelength, 𝑁𝐴: numerical aperture of the imaging system).

The speckle size was also measured experimentally by calculating the
full width at half maximum (FWHM) of the autocorrelation of the
transmission and reflection speckles. It was found to range from 27 μm
to 12 μm for 1–6 layers of parafilm, satisfying the Nyquist–Shannon
sampling theorem.

The scatterers used in this particular setup consisted of 1–6 super-
imposed parafilm layers with thickness of 0.13 mm each. To define
the scattering mean free path in each case, the ballistic light through
the scatterer was measured. For that measurement, a power meter was
placed at a distance of 1 m away from the illuminated sample. Between
the power meter and the sample a diaphragm was placed in order to
filter out the scattered light. According to the Beer–Lambert law the
transmittance, 𝑇 , of a material sample is connected to its scattering

ean free path, 𝑙, according to the following formula:

= 𝐼
𝐼0

= 𝑒−𝑥∕𝑙

where 𝐼 : beam intensity after propagation through the sample, 𝐼0:
incident beam intensity, 𝑥: sample thickness. Based on the measured
transmittance of 1–6 layers parafilm, as shown in Fig. 3, the scattering
mean free path of the parafilm was measured at 240 μm.

The illumination pattern that is projected by the SLM is formed by
macropixels which have size larger than or equal to 8 × 8 SLM pixels in
order to achieve better resolution and contrast in the pattern incident
on the scatterer. In this work, two categories of training datasets are
formed corresponding to macropixels of two different sizes: 15 × 15 and
8 × 8 SLM pixels. An example of projected patterns is shown in Fig. 4a–
b along with the corresponding speckle patterns captured by imaging
the proximal (Fig. 4c–d) and distal (Fig. 4e–f) side of the scatterer. As
shown in Fig. 4g–h, projecting a different pattern to the scatterer leads
to different speckle patterns in reflection and transmission.
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Fig. 2. Random binary pattern projected at glass: (a) input pattern to the SLM, (b) amplitude-modulated (AM) output from the SLM detected from the reflection imaging system
hrough glass (no parafilm scatterer), (c) amplitude-modulated (AM) output from the SLM viewed from the transmission imaging system through glass (no parafilm scatterer).
andom binary pattern projected at three layers of parafilm:(d) reflection and (e) transmission intensity speckle patterns obtained with an AM illumination pattern. Scale bars:
0 μm.
Fig. 3. Scattering mean free path of parafilm at 𝜆 = 785 nm.

.2. Data processing

A ‘‘U-net’’ type multi-layer convolutional neural network, as devel-
ped by Ronneberger et al. [19], is used to reconstruct the transmission
peckle intensity pattern from the respective reflection speckle intensity
attern. This nearly symmetric network architecture comprises of a
onvolutional encoding front end with downsampling and a decon-
olutional decoding back end with upsampling for localization. Skip
onnections copy feature layers produced in the contracting path with
eatures layers in the expanding path of the same size, thus providing
n alternative path for the gradient of the loss function with back-
ropagation which benefits model convergence. The U-net used for
his work features 6 convolution layers in the encoding part and 6
econvolutional layers in the decoding part, as presented in Fig. 5.

For each case of sample thickness, a database of 20,000 pairs of
ntensity speckle patterns, in transmission and reflection, to be used
or training, validation and testing, is formed by projecting different
andom binary patterns on the SLM. In particular, each dataset of
0,000 is randomly split into 16,000 image pairs for training, 2000
or validation and 2000 for testing. The training sets are processed
n batches of 50 and an Adam optimizer [20] with a learning rate
3

Fig. 4. Random binary patterns, with macropixel size 15 × 15 SLM pixels, projected
at three layers of parafilm: (a), (b) different input patterns of the SLM, (c), (d)
corresponding reflection intensity speckle patterns from AM illumination patterns, (e),
(f) corresponding transmission intensity speckle patterns from AM illumination patterns,
(g), (h) absolute differences between reflection and between transmission intensity
speckle patterns, respectively. Scale bars: 25 μm.

of 1 × 10−3 is used to minimize a cost function which is based on
the structural similarity index metric (SSIM) [21]. Since the SSIM
takes values ranging from −1 to 1, with 1 indicating perfect structural
similarity, the cost function between two training images 𝑎, 𝑏 is the
structural dissimilarity (DSSIM) in the form of [1 − 𝑆𝑆𝐼𝑀 (𝑎, 𝑏)] ∕2.
This cost function is preferred to a mean-square-error (MSE) cost
function because it takes into consideration the luminance, the contrast
and the structural comparison between the two images resulting in a
network optimization to render reconstructions more indicative of the
perceived similarity [21]. The networks were trained for a maximum of
50 epochs. For each case, training was carried out 10 times to calculate
the average of the training accuracies.
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Fig. 5. U-net type image reconstruction convolutional neural network.
Fig. 6. Sample images and reconstruction accuracies of the transmission speckles – using the reflection speckles as input – for 1–6 layers of parafilm. The projected illumination
patterns have micropixel size 15 × 15 SLM pixels. Scale bars: 25 μm.
3. Results

The ability of the neural network to reconstruct the transmission
speckle patterns from the reflection patterns is tested for different
thicknesses of the parafilm. For that purpose, 6 different scenarios were
tested for samples made of 1 to 6 layers of parafilm, with the thickness
4

of each parafilm being 0.13 mm. The results are presented in Fig. 6
below.

Fig. 6 shows measured reflection and transmission speckle patterns
obtained from the test set as well as the corresponding predicted
transmission patterns for samples of increasing thickness (increasing
number of layers). On the rightmost the mean SSIM, MSE and Pearson
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Correlation Coefficient (PCC) [22] for the whole testing set are given.
The PCC metric was used in order to compare the reconstruction
results with the results presented by Tuprin et al. [18], which exhibited
a reconstruction accuracy with median correlation 0.5 for speckles
originating from paper reflection using the corresponding transmission
speckles as input. As shown in Fig. 6 the PCC metric remains above
0.9 for all the thicknesses that were tested. It is seen that for up
to 4 layers of parafilm the neural network is able to reconstruct the
transmission speckle with high accuracy, i.e. a SSIM higher than 80%.
The dependence of the SSIM on the number of layers is presented
in Fig. 7. The decrease in the DNN reconstruction accuracy with the
sample thickness is to be expected, as the larger sample thickness means
a larger portion of the reflected light never reaches the transmission
side as it gets backscattered from the previous scattering layers, leading
to an increase in detected power on the reflection side, as shown
in Fig. 8. The reflection and transmission intensity speckle patterns
contain information about the projected pattern and the scattering area
they originate from. The majority of the power of the reflected field
that forms the reflection speckles is due to the outer layers of the
scatterer since they have the smallest propagation path in contrast
to that of the deeper layers of the scatterer. On the other hand, the
transmission speckle pattern is formed by the transmitted field which
has penetrated all the layers of the scatterer. The optical thickness of
the scattering medium, 𝑑, is given by 𝑑 = 𝐿

𝑙 , where 𝐿 is the thickness of
he medium and 𝑙 the scattering mean free path. As the optical thickness
ncreases the reflection speckle contains less and less information about
he light’s interaction with the deeper layers of the scatterer leading
o an increasing decorrelation from the transmission speckle For bi-
logical tissues as well as for parafilm the photon re-emission after
ach scattering event is highly probable to be in the forward direction,
ut multiple scattering events lead to a gradual randomization of the
ropagation direction [23] and smaller penetration depth, thus further
ecorrelating the formed transmission speckle from the incident beam.
or the above reasons, the common information contained in the two
espective speckles diminishes as the optical thickness increases.

In order to achieve a better understanding of the DNNs capabilities
nd limitations when it comes to learning the light propagation through
cattering media, the relationship between the reconstruction accuracy
f the DNNs is investigated as a function of thickness and the memory
ffect of the sample. The memory effect is a phenomenon of wave prop-
gation in which variations in the illumination, or incident wave, are
reserved in the corresponding reflected or transmitted waves produced
y the random medium [24]. More specifically, the tilt memory effect
escribes a situation in which small deviations of the incident beam
rom the normal incidence upon a scattering material lead to small
ngular deviations of the scattered wavefront by the same amount,
hich appears a shift of the speckle pattern at the image plane, but
therwise leave the intensity distribution of the transmitted speckle
attern unchanged. The maximum tilt angle in the multiple scattering
egime is defined as the limit beyond which the correlation between
he shifted and the original speckle is smaller than 30%, and it is given
y the expression 𝜃𝑚𝑎𝑥 = 2∕𝑘𝐿, where 𝑘 is the wave number and 𝐿
he thickness of the medium [24]. Fig. 9 presents the maximum tilt
ngle 𝜃𝑚𝑎𝑥 associated with tilt memory as a function of the sample
hickness, both theoretical – according to the aforementioned formula
and measured.

Both the theoretical and measured maximum tilt angle in Fig. 9
xhibit a similar behavior albeit they are of different magnitude: they
ecrease drastically with medium thickness (number of layers). The
ifference between the values of the experimental and the theoretical
urve is due to the fact that the scattering mean free path of the single
ayer parafilm, measured at 240 μm, is comparable to its thickness,
30 μm, making for a single scattering regime, while the formula holds
nly for the multiple scattering regime. As the number of parafilm lay-
rs used in the sample increases and there is transition to the multiple
cattering regime, the difference between the two curves decreases. The
5

Fig. 7. Mean SSIM of the reconstructed transmission speckles for 1–6 layers of parafilm.

Fig. 8. Normalized reflection and transmission power 1–6 layers of parafilm. Each of
the two graphs are normalized according to their corresponding maximum values. The
reflection mean power is two orders of magnitude lower than the transmission mean
power, since the material is mainly forward-scattering.

Fig. 9. Measured and theoretical maximum tilting angle for different layers of parafilm.

decrease of the memory effect puts a limitation on the field of view of
the scattering imaging system. It is observed that even in the cases of
triple and quadruple layer of parafilm, where the maximum tilt angle
drops below 2 mrad, the network can predict correctly the structure
of the transmission speckle. In other words, comparing Figs. 7 and 9,
the drop in prediction efficiency is at a lower rate than that in the
maximum tilt angle.

In addition to predicting the transmission speckle from reflection,
the neural network’s ability to reconstruct the transmission speckle
patterns from the binary illumination patterns projected by the SLM
was also tested for different thicknesses of the parafilm. The results are
presented in Fig. 10. Similar to the results of Fig. 6, the reconstruction
accuracy of the DNN decreases as the thickness of the sample increases,
signifying that the information of the illumination pattern gets more
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Fig. 10. Sample images and reconstruction accuracies of the transmission speckles – using the illumination patterns as an input – for 1–6 layers of parafilm. The projected
llumination patterns have micropixel size 15 × 15 SLM pixels. Scale bar:25 μm.
scrambled in the transmission speckle pattern due to interaction of
larger number of modes. The reconstruction accuracy is lower in com-
parison to the case where the reflection speckle pattern is used as an
input for the DNN. That is attributed to the fact that the number of
modes to which the reflection and transmission speckles can be de-
composed are comparable. In addition, these numbers are significantly
higher than the number of modes of the illumination pattern. Therefore,
when the illumination pattern is used as the input of the DNN instead
of the reflection speckle, the DNN is tasked to map an input to a more
complex output leading to lower reconstruction accuracy.

The neural network approach presents some difficulties with respect
to applications, since in the training phase, in order to characterize the
6

transmission and reflection properties of the scatterer for the specific
position on the scatterer, access is required to the image plane behind
the scatterer. In previous works dealing with the reconstruction of
symbols in the illumination pattern from their transmitted speckle
pattern through a scatterer [14,25] DNNs could generalize to different
types of illumination patterns and different scatterers of the same
general scattering properties. In those cases the DNNs were used to
map the transmission speckle pattern to the corresponding illumination
pattern from the MNIST handwritten digit database [26] and the NIST
handwritten letter database [27], which are images of lower resolution,
compared to the transmission speckles targeted here, thus making the
DNN more robust to small changes in the corresponding speckle pattern
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Fig. 11. Sample images and reconstruction accuracies of the reconstructed transmission speckles – using the reflection speckles as an input – for double layer of parafilm:(a)
projecting random binary pattern and testing on same sample used for DNN training, (b) projecting MNIST pattern and testing on same sample used for DNN training, (c) projecting
random binary pattern and testing on unseen sample of the same type. The projected illumination patterns have micropixel size 15 × 15 SLM pixels. Scale bar:25 μm.
as the illuminated region or the scatterer changes. In the present work,
the reflection speckle is mapped to the transmission speckle, which are
both of great detail, and therefore the differences between the speckles
for a different scattering region will have an immediate impact on the
difference between the ground truth speckle and the speckle predicted
by the DNN. As shown in Fig. 11 b, the trained DNN can reconstruct the
transmission speckle even when tested on cases where different types of
illumination patterns are projected. However, the trained DNN fails to
achieve transfer learning in order to predict the transmission speckle
for unseen scatterers of the same type (Fig. 11 c). The differences in
the microstructure of each scattering region lead to a different speckle
pattern. Therefore, if the DNN is trained on a single scatterer it can
only perform well if tested on the same sample. This limitation applies
as well to the transmission matrix approach [8,28] which is effective
in focusing light only through the same sample and more specifically
within the limited area for which the transmission matrix is measured.
It has to be noted that, contrary to the linear inversion method of the
transmission matrix measurement, the present work is dealing with a
nonlinear inverse problem since the dataset the DNN is trained with
consists of intensity images of only the amplitude of the propagated
light.

The idea is to train the DNN with multiple scattering configurations
which present statistical variations between each other, in order for
the DNN to learn the statistically invariant information contained in
the speckle of every configuration, if it exists. For this purpose, a
training dataset was formed using transmission and reflection speckles
corresponding to 4 different parafilm samples of 1 and 2 layers. For
the test dataset, speckles collected from parafilm samples unseen to the
DNN were used. For each of the different samples used for training, the
same 10,000 binary patterns were projected by the SLM, resulting in
40,000 training pairs of transmission and reflection speckles in total.
The original 1024 × 1024 speckle images corresponding to a scattering
area of 308 μm × 308 μm were downsampled to 512 × 512 to reduce
the memory usage during the training of the DNN. As shown in Fig. 12,
the predicted transmission speckles for the unseen scatterer are less
accurate compared to the predicted transmission speckles. In particu-

lar, they are able to recognize which large areas will be illuminated

7

but cannot reconstruct the speckle in detail. Those results show that
there is an underlying statistical relationship between transmission and
reflection that can translate to different samples albeit at a smaller
resolution. A factor supporting this point is the actual blurring of the
reconstructed patterns, which could be due to the fact that the reported
earlier correlations are long-range [16,17].

4. Conclusion and discussion

It has been demonstrated by the results presented in the previ-
ous paragraphs that DNNs can efficiently reconstruct the transmitted
speckle pattern from intensity-only measurements of the correspond-
ing reflection speckle pattern, maintaining high levels of accuracy
as the thickness increases and the ballistic light decreases. The mea-
sured reconstruction accuracy is excellent, with mean 𝑆𝑆𝐼𝑀 of 95%
for one parafilm layer and above 80% for up to four layers in the
multiple scattering regime, in contrast to the memory effect which
severely deteriorates. This work also reports the highest correlation
coefficient values of reconstruction accuracy (above 90%) utilizing the
correlation between reflection and transmission since [18]. The DNN
model seems to pick up the correlation between the reflected and
the transmitted speckle patterns. This correlation is due to the fact
that backscattered photons carry information about the transmitted
light [16,17]. As the thickness of the sample increases, the multi-
ple scattering events statistically increase, such that information is
gradually lost and correlation between reflected and transmitted light
drops leading to reduced mutual information between the reflected and
transmitted speckle patterns.

Our results also point to the challenge of increasing the ability of
the DNN to generalize. In order to predict the transmission speckle
using only the proximal measurement of the corresponding reflection
speckle, a different approach of a ‘one-to-all’ mapping by training on
multiple scattering media of the same type is implemented, in order
to extract the statistically invariant information encoded in the speckle
patterns [1]. The accuracy at which the DNN predicts the transmission

for an unseen scatterer is lower than in the case of a seen scatterer, but
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Fig. 12. Sample images and reconstruction accuracies of transmission speckles from unseen scatterers for DNNs trained with four different scatterers. Scale bar: 50 μm.
still remains at a high level. Those results imply the existence of statis-
tical relationship between reflection and transmission shared by all the
scatterers of the same type despite their different microstructures.

A better understanding of the correlation between the reflection and
transmission would be required for imaging through complex media
which allow access only to the proximal side, e.g. for retrieving a
fluorescent object behind a scatterer. In that case the DNN could be
trained with pairs of reflection and transmission speckle patterns in
order to predict the transmission speckle that excites the object for
a specific illumination pattern. The potential ability of the DNN to
generalize to different areas could make this an alternative technique
to calculating the transmission matrices of the forward scattering of the
illumination pattern and the backscattering of the fluorescence emitted
by the object.
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