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ABSTRACT

Imaging through scattering media is a long-standing problem which has been extensively studied to promote the
development of imaging in complex environments. Extant techniques for image reconstruction in scattering media face
with the disadvantages of limited ranges of applications, high sensitivity to environmental changes and huge
computational load. The scattering media commonly used in practical applications are more complicated due to unknown
perturbations. One of the most outstanding problems is the uncertainty of the object position which obstructs progressive
development of image recovery techniques. Therefore, it is meaningful to explore a feasible method to bypass additional
requirements of precision measuring instruments. Here, we present a method based on convolution neural network
(CNN) for optical image reconstruction. The targets are placed in the scattering media which are composed of a certain
volume of water and milk, and their diffraction patterns are recorded by using a camera. The learning model
demonstrated in this paper is tolerant to uncertainty of object positions. It is foreseeable to be a promising substitute for
imaging objects in harsh environments.
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1. INTRODUCTION

Image recovery in turbid media is one of the hottest research areas ranging from macroscopic imaging to
microscopic imaging [1,2]. It is also an important step in extensive applications, such as marine exploration of living
creatures. The ubiquitous problem of imaging in scattering media is inhomogeneity of the media which hampers delivery
of useful information, and accordingly increases difficulties of image retrieval [3]. The existing methods for imaging in
scattering media include enhancement of contrast [4], calculation of transmission matrix [5], and complicated
mathematical algorithms [6,7]. However, these methods have some inevitable disadvantages, i.e., harrow applicability,
susceptible to small perturbations, and large computational load. Hence, it is necessary to seek for a relatively easy
approach to deal with complicated scattering media. In previous studies, a learning model for retrieving useful
information from turbid media is proposed [8,9]. However, it is still a huge challenge to process the diffraction patterns
recorded at an uncertain position. Usage of precision measuring equipments is a feasible solution to this problem but
causes extra requirements of sophisticated instruments.

This paper is to discuss the circumstance that the objects are placed at uncertain distances. Situations are more
complicated due to the following reasons: (1) in most applications for imaging, objects are usually fixed in a constant
distance to ensure an exact model for image reconstruction. (2) labile factors which greatly increase computational load
and model complexity need to be taken into consideration. The existing methods for imaging in strongly scattered media
are ineffective. Here, we attempt to implement imaging of objects placed at unknown distance using more advanced
methods, i.e., machine learning.

2. EXPERIMENTAL SETUP AND THEORETICAL ANALYSES

2.1 Experimental Setup

The turbid medium used in our experimental setup is a mixture emulsion of pure water and milk. A He-Ne laser
beam is first expanded and then collimated to transmit through a water tank illuminating on the spatial light modulator
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(SLM) as shown in Fig. 1. The SLM serves as objects. The light reflected from the SLM propagates through a linear
polarizer. After that, the reflected light passes through the murky medium again. Then, the strongly scattered light
propagates through a 4f system, and the speckle patterns are captured by using a CCD camera. The camera is placed at
wide ranges of distances away from the water tank. The turbid water is mixed by wide ranges of volumes of milk. Under
a fixed density of the water solution, we will move the image sensor away from focal plane to diffraction plane until
nothing can be recognized in the CCD camera. As known, penetration depth of the light strongly depends on the density
of the scattering media. Hence, using the higher turbidity of the water solution, there will be the shorter propagation
length. When the volume of milk is 40 ml, 50 ml, 60 ml, 70 ml and 80 ml , their corresponding farthest distances to
recognize the speckle pattern are about 90 mm,80 mm, 60 mm, 30 mm and 10 mm, respectively. In addition, with the
larger distance between the camera and the object, active area of the recorded diffraction pattern is larger.
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Figure 1. Experimental setup for imaging the objects in turbid media using the camera placed under a wide
distance range. SLM: spatial light modulator.

2.2 Theoretical Analyses

Machine learning for image recovery consists of two consecutive steps: the first step is to train a neural network by
using a given dataset, and then the second step is to predict an unknown datum (recorded in the same environment) using
the trained network. The presented CNN architecture for underwater imaging in our experiments also includes two
phases. In the training phase, speckle patterns are fed to a designed learning model. Since the diffraction patterns are
recorded at different distances, dimensions of the speckles are varied as the changes of the position. At the beginning, the
input images are downsized to dixdl images which contain adequately useful information. Then, the input image
convolves with 20 kernels (size of 5x5) forming the first convolution layer. The activation function used in the
convolution layer is sigmoid function. Then the first convolution layer (size of (d1-4)x(d1-4)x20) is downsampled to
[(d1-4)/2]x[(d1-4)/2]x20 to generate the first pooling layer. Pooling is an important action to be taken to reduce
computational load. Then, the first pooling layer continues to convolve with 20 kernels which are of the same size with
that used in the first convolution layer. The second convolution layer is of size {[(d1-4)/2]-4}x{[(d1—4)/2]-4}x20
followed by the second pooling layer (size of ({[(d1-4)/2]-4}/2)x({[(d1-4)/2]-4}/2)x20). After two rounds of
convolution and pooling processing, the second pooling layer is reshaped to one-dimension vector. To establish a
relationship between the input image and the ground truth (28x28), it is essential to fully connect the reshaped one-
dimension vector to a vector of size 1x784. Then the second transformation is to reshape the fully connected layer
(1x784) to a 28x 28 image which is viewed as the final estimation of the input image. With pairs of diffraction patterns
and corresponding ground truths sent to the designed model, the CNN structure can be considered to have learned a
specific environment but cannot provide exact representations of explicit values of the parameters. Although precise



representation of the environment cannot be given, the CNN model is capable to recover the object from the raw
intensity speckle pattern. An example is displayed in Fig. 2 to verify the effectiveness of the trained CNN structure in the
testing phase. It is obvious that the testing image is successfully recovered by using the trained CNN model and quality
of the reconstruction is satisfactory. The CNN architecture is implemented by using Matlab 2009 with Nvidia Geforce
GTX1080Ti.
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Figure 2. Testing phase: a testing result of the trained learning model for image reconstruction from the speckle pattern.

It is worth mentioning that the speckle pattern is pre-processed to remove its DC component through subtracting its
mean value. Mean squared error (MSE) is used to evaluate quality of the recovered image which is given by

MSE =23 (-, (1)
i=1

where n denotes pixel number of the original one, and Y, and Y, represent the pixel value of the ground truth and the
predicted image, respectively. To continuously update the parameters (including weights and bias) for well-matched
CNN model, stochastic gradient descent (SGD) is used as the optimization function to minimize the MSE value. After 5
epochs of iterations, the value of MSE decreases gradually, and then stabilizes at an optimal value. Finally, the designed
CNN model is trained to learn the relationship between speckle patterns and ground truths, and then can be applied to
make predictions of unknown objects from speckles.

3. EXPERIMENTAL RESULTS AND DISCUSSION

At the beginning, the murky medium is made by mixing 1200 ml of water with 40 ml of milk. The camera is placed
at 1mm to 90 mm away from the focal plane. 2000 handwritten digits from the MNIST database [10] are sequentially
sent to the SLM. Consequently, 2000 diffraction patterns are recorded at each distance, where 1900 speckle patterns and
their corresponding ground truths are used as the training dataset and another 100 pairs are used to test performance of
the trained CNN model. Without sophisticated equipments to ascertain precise position of the camera, the camera is
moved backward every 10 mm until nothing can be recognized. Reconstruction examples at different distances are given
in Fig. 3. The speckle patterns in the left column are recorded under the turbid medium with 40 ml of milk and at
different distances. The right column displays the reconstructed images. To reduce the computational load, the speckle
patterns are cropped into appropriate sizes for image retrieval. For speckles recorded at the distance of 1 mm, 10 mm ,
20mm, 30 mm, 40 mm, 50 mm, 60 mm, 70 mm, 80 mm and 90 mm, corresponding dimensions of the cropped patterns
are 200x200 , 200x200 , 240x240 , 240x240 ,300x300 , 400x400 , 400x 400 , 400x400 , 460x460 and 480x480 ,
respectively. Dimension of the recorded speckle pattern is increased with the larger distance between the focal system
and the camera. Time used to train the CNN model is varied and increases greatly with the enlargement of the
dimension. It is obvious that quality of the reconstructed objects decreases sharply as the increase of the distance. It is
worth mentioning that there is the existence of low-quality and wrong reconstructions. An explanation for this
phenomenon can be ascribed to the strongly scattered media which severely degrades discrimination capability of the
speckles.
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Figure 3. Reconstructed images with the camera placed at different axial distances.

However, training a CNN model for each distance is time-consuming. To build a learning model applicable for
multiple distances, we try to combine the dataset recorded at each distance together to form a wide-ranging dataset to
train a CNN model. However, difficulties are that size of the speckles is not uniform, and there are vast differences
among the sizes. It is not realistic to crop all the speckles to the same dimension. Otherwise, the time used to train the
model can be extremely large. In total, there are 5 groups of learning models for the objects recorded at uncertain
distances. As shown in Fig. 4, the speckle patterns are recovered by general models and each separate model,
respectively. It can be seen that quality of the reconstruction recovered by using the general CNN model is comparable
with that given by each separate CNN model. Each generalized CNN model is trained by 2 groups of datasets, since the
diffracted patterns recorded under nearby distances share some similarities in dimensions and shapes. Without precision
techniques to measure the precise distance, it is possible to extract the objects from the speckles by using one of the
learning CNN models, but it is at the cost of image quality. Here, it is experimentally verified that our CNN model is
robust to different axial distances.
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Figure 4. Comparisons of the predictions respectively obtained from combined models and separate models.

The learning models which are trained by using several groups of data recorded at different distances work
effectively for recovering the objects recorded at uncertain positions.

4. CONCLUSIONS

We exploit optical imaging through turbid water at different axial distances. The general CNN model for image
reconstruction can be utilized to bypass the variables aroused by unknown distances. It is experimentally demonstrated
that the CNN models are feasible and effective. Though the precise distance of the camera is unknown, the presented
method is advanced to extract the objects from the speckles. Quality of the reconstructions is satisfactory. The learning
methods for image retrieval lead to decreased requirements of cutting-edge precision measurement techniques.
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