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Abstract

:

Imaging using scattering media is a very important yet challenging technology. As one of the most widely used scattering imaging methods, speckle autocorrelation technology has important applications in several fields. However, traditional speckle autocorrelation imaging methods usually use iterative phase recovery algorithms to obtain the Fourier phase of hidden objects, posing issues such as large data calculation volumes and uncertain reconstruction results. Here, we propose a single-shot scattering imaging method based on the bispectrum truncation method. The bispectrum analysis is utilized for hidden object phase recovery, the truncation method is used to avoid the computation of redundant data when calculating the bispectrum data, and the method is experimentally verified. The experimental results show that our method does not require uncertain iterative calculations and can reduce the bispectrum data computation by more than 80% by adjusting the truncation factor without damaging the imaging quality, which greatly improves imaging efficiency. This method paves the way for rapid imaging through scattering media and brings benefits for imaging in dynamic situations.
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1. Introduction


When light passes through mediums such as clouds, turbid water, and biomedical tissues, photons are strongly scattered as they travel through the interior of the medium, and the intensity and phase information they carry will be destroyed, making it impossible for traditional imaging methods to receive information about the object through direct observation. In recent years, high-quality optical imaging using scattering media has been found to be of great significance in the fields of biomedicine, astronomical remote sensing, and deep-sea exploration [1,2,3,4], and many computational imaging methods have been proposed.



Wavefront shaping techniques based on the idea of optical transmission matrices have been widely studied [5], such as optical phase conjugation technology using inverted input light fields for reconstruction [6,7], where the optimal wavefront is obtained through an iterative algorithm to achieve imaging wavefront shaping technology based on feedback optimization [8,9,10]; the optical transmission matrix technique that utilizes the matrix to link the incident light field and the outgoing light fields [11,12]; and so on. But the technique in most cases requires the use of digital wavefront shaping devices such as spatial light modulators (SLMs). The optical path structure is complex and requires feedback modulation and calibration to the extent that it is not applicable to dynamic observations. To solve these problems, researchers have proposed various scattering imaging techniques based on the optical memory effect (OME). Compared with wavefront shaping technology, scattering imaging technology based on optical memory effects is non-invasive and has lower requirements for light sources, media, and systems. These include speckle autocorrelation imaging (SAI) [13], imaging techniques based on the point spread function [14,15], speckle cross-correlation imaging technology [16,17,18], and scattering imaging methods based on deep learning [19,20,21]. Among them, SAI is considered one of the most promising scatter imaging techniques because of its simple operation and single-shot processing method that can obtain the object information hidden behind the scattering medium.



However, the shortcomings of this method are also obvious: the imaging field of view (FOV) is limited by the range of the optical memory effect. Many methods and techniques for extending the optical memory effect have emerged, such as techniques that utilize reference objects [17] or a priori knowledge [22] to achieve imaging in the range of the super-memory effect, and depth-of-field extensions for imaging through scattering media by means of optical field estimation [23] or speckle estimation [24]. In addition to the above techniques, imaging under strong ambient light interference conditions [25], imaging of dynamic objects hidden behind scattering media [26,27], multispectral imaging [15], 3D optical memory effect imaging [28], and imaging by combining scattering correlation techniques with compressed sensing techniques [29,30] and binocular vision techniques [31,32] have also been realized.



The traditional SAI method obtains the Fourier amplitude information of a hidden object by calculating the autocorrelation of the camera speckle and combining it with the Wiener–Khinchin theorem. The obtained Fourier amplitude information is combined with the phase recovery algorithm, the Fourier phase of the hidden object is obtained through iterative computation after setting a random initial value, and finally the reconstruction of the hidden object is realized. However, existing SAI techniques can only recover the object’s amplitude spectrum by recording the speckle intensity distribution, and the object’s phase information needs to be reconstructed by a phase recovery algorithm. Phase retrieval algorithms with iterative computation are mostly used nowadays, such as the Fienup-type phase recovery algorithm and the PR-SAMP phase recovery algorithm. This type of algorithm sets a random matrix as the initial input of the phase distribution and then seeks the best phase information that can achieve convergence through repeated iterations. But the disadvantage is that the randomness of the initial iterative phase leads to the randomness of the final reconstruction object in direction and spatial position, so that the final reconstruction result is not deterministic. To overcome these problems, inspired by astronomical techniques, Wu et al. proposed an approach to the bispectrum analysis of a single-shot speckle pattern that would obtain a defined object’s Fourier phase [33]. This method avoids a large number of computation iterations and uncertainty in the recovery results. However, the bispectrum computation of a 2D image is followed by 4D data, which are usually very large, so it is necessary to consider how to minimize the amount of bispectrum data without affecting the phase recovery.



In this study, we present a bispectrum imaging framework based on the truncation method. This method recovers the amplitude spectrum of an object from the autocorrelation of a speckle image. The Fourier phase of a hidden object is obtained through bispectrum analysis of the scattering pattern, and bispectrum truncation is used to avoid the computation of redundant data when computing bispectrum data for phase reconstruction. Finally, the phase and the power spectrum are combined and Fourier-inverse-transformed to reconstruct the object image. Compared with existing research, the method demonstrated in this study can greatly reduce the amount of computation and quickly recover hidden objects without damaging the recovery quality.




2. Method


2.1. Principle of Speckle Autocorrelation Imaging


In an incoherent imaging system, the object can be regarded as a luminous body composed of countless point light sources. After the spatially incoherent narrow-band light source illuminates the hidden object, the light that carries the object information is scattered through the scattering medium and received by the camera on the rear surface of the scattering medium, which ultimately results in the formation of a scattered image. Within the scope of the optical memory effect, the entire system has a point spread function that is invariant to spatial translation, and the image received by the whole camera can be understood as a superposition of the incoherent intensities of the scattering produced by each point light source. At this time, the speckle received by the camera can be expressed as


  I = O ⊗ S  



(1)




where  ⊗  denotes the convolution operation,  O  denotes the object function, and  S  denotes the PSF of the system. Calculating the autocorrelation of speckle, the following expression can be obtained:


    I ★ I   =   O ⊗ S   ★   O ⊗ S        =   O ★ O   ⊗   S ★ S      



(2)







Since the autocorrelation of the scatter image point spread function     S ★ S     is a peaked function, which is essentially the autocorrelation of broadband noise, we can obtain


  I ★ I =   O ★ O   + C  



(3)




where  C  is the background constant term. According to the Wiener–Khinchin theorem, we can determine that


  I ★ I = F  T  − 1         F T  I     2     



(4)




where   F T   and   F  T  − 1     denote the Fourier transform and Fourier inverse transform. The power spectrum of the object can be obtained as follows:


      F T  O     2  = F T   O ★ O   = F T   I ★ I − C    



(5)







Therefore, by calculating the autocorrelation of the speckle, we can obtain the Fourier amplitude of the hidden object. To recover the hidden object completely, we also need to calculate the Fourier phase of the hidden object in combination with the phase recovery algorithm. The most used traditional phase recovery algorithms are the Fienup-type phase-retrieval algorithm combined with the “Error reduction” (ER) algorithm and the “Hybrid Input–Output (HIO)” algorithm [34,35]. Since this algorithm is not the focus of this study, the algorithm flow will not be described in detail here.



Simulations were performed based on the above speckle autocorrelation theory derivation and the results are shown in Figure 1. The light source wavelength is 632.8 nm, the scattering medium type is a random phase screen under ideal conditions, the detector pixel size is 2048 × 2048, the object size is 60 μm × 100 μm, and the speckle window size is 300 × 300. Figure 1a shows the original object image number “5”, and Figure 1c shows the speckle image received by the camera in the scattering imaging system. The autocorrelation of the original object was calculated directly, and the result is shown in Figure 1b. After the same calculation of the autocorrelation of the speckle image, the results were obtained as shown in Figure 1d. Figure 1e is the result after zooming in on the center area of Figure 1d. Comparing Figure 1b,e, we found that the autocorrelation results of the two were basically the same. Therefore, the conclusion that the Fourier amplitude information of the hidden object can be obtained by calculating the speckle autocorrelation was also verified.



By inputting the obtained object’s Fourier amplitude information into the Fienup phase recovery algorithm, the object’s Fourier phase information can be obtained. Combining the Fourier amplitude information and Fourier phase information, the reconstructed object can be obtained. The numerical simulation results based on the Fienup phase recovery scattering imaging method are shown in Figure 2. Figure 2a shows the original hidden object, Figure 2d shows the reconstructed object calculated by the Fienup phase recovery algorithm, and Figure 2b compares the power spectrum of the original image with the amplitude information of the reconstructed object in Figure 2e, which can prove the accuracy of the restoration results.



It is worth mentioning that the window function was used to window the speckle autocorrelation results when computing the Fourier amplitude of the object. This is due to the limited range of the optical memory effect. The object was small compared to the size of the speckle image acquired directly by the camera, and when calculating the speckle autocorrelation, it was found that the object information only accounted for a very small part of the autocorrelation result. Therefore, when using autocorrelation information to recover the Fourier amplitude of an object, there is no need for an excessively high sampling frequency. On the contrary, an excessively high sampling frequency introduces high-frequency noise that affects the quality of the reconstruction. Therefore, the autocorrelation results were restricted using the window function, and only the central part was used to calculate the corresponding Fourier transform. In the subsequent content of this article, when other phase recovery algorithms are used to reconstruct hidden objects, this method is also used in the calculation of speckle autocorrelation.




2.2. Bispectrum Phase Recovery Algorithm


Traditional single-shot scattering imaging methods can image objects hidden behind the scattering medium, but the reconstruction results of the phase recovery algorithms used therein are strictly dependent on the accuracy of the object’s Fourier amplitude information. If the amplitude information is not calculated accurately, the hidden object cannot be reconstructed. The method utilizes a non-deterministic algorithm through repeated iterations which cannot obtain accurate object Fourier phase information, such as the actual direction of the object, and the imaging results are often not accurate enough. Therefore, a phase recovery method based on bispectrum analysis is proposed which can effectively avoid these problems.



The bispectrum analysis algorithm, which was widely used in atmospheric turbulence imaging in early years [36,37], is an indirect method for calculating the Fourier phase of objects. It is mainly divided into two steps: the calculation of the bispectrum and the phase reconstruction based on the bispectrum. The defining equation of the bispectrum is


    B    f 1  ,  f 2      =  I ˜     f 1     I ˜     f 2     I ˜    −  f 1  −  f 2         =  I ˜     f 1     I ˜     f 2      I ˜  ∗     f 1  +  f 2       



(6)




where    I ˜   f    is the result of the Fourier transformation of the spatial domain speckle image   I  x    to the frequency domain, and   B  f    is the bispectrum value. In the atmospheric turbulence image restoration algorithm, the idea of averaging multiple shots in time is used to recover the object’s information. In this study, in the scattering imaging algorithm based on bispectrum analysis, the idea of averaging in space instead of averaging in time in the traditional algorithm was adopted. The object’s Fourier phase recovery was performed by cropping the scattering image directly acquired by the camera and then computing the bispectrum averaging method.



Each sub-speckle image obtained by cropping the camera speckle image can still be expressed as a convolution between the point spread function and the object according to the incoherent imaging formula, as with the direct collection of a speckle image.


      B    f 1  ,  f 2       N  =  O ˜     f 1     O ˜     f 2      O ˜  ∗     f 1  +  f 2         S ˜     f 1     S ˜     f 2      S ˜  ∗     f 1  +  f 2       N   



(7)




where  N  is the number of sub-speckles after clipping, and        S ˜     f 1     S ˜     f 2      S ˜  ∗     f 1  +  f 2       N    is the bispectrum transfer function. It can be seen from reference [5] that the bispectrum transfer function is a real function, and the influence of the bispectrum transfer function can be ignored when calculating the average bispectrum phase. The bispectrum transfer function does not include the aberration caused by the scattering medium and the optical system, so the object’s Fourier phase obtained by using bispectrum analysis is more accurate.



In addition to the computation of the bispectrum, another key step in the object’s Fourier phase recovery is phase reconstruction based on the bispectrum values. Since the bispectrum transfer function does not contain a phase term, by taking the phase on both sides of Equation (7), the phase relationship can be obtained as follows:


   ϕ B     f 1  ,  f 2    =  ϕ O     f 1    +  ϕ O     f 2    +  ϕ O    −  f 1  −  f 2     



(8)




where    ϕ B    denotes the phase of the average bispectrum of the sub-speckle, and    ϕ O    denotes the phase of the object. From Equation (8), it can be seen that the object phase can be derived sequentially from low to high frequencies by knowing    ϕ O   . However, some initial conditions need to be set; that is, the starting point of the recursion is determined, and the zero frequency is the starting point. According to the properties of the Fourier phase, the phase of the central frequency is 0; that is,    ϕ O   0  = 0  . Meanwhile, since we only need to reconstruct the structural information of the object and not the positional information, we can set    ϕ O   1  = 0   to obtain the corresponding phase information of the remaining frequency positions of the object using the recursive method.



However, in the process of scattering imaging, we generally deal with 2D images, which will become 4D data when calculating the bispectrum:


  B    f  1 x   ,  f  1 y   ,  f  2 x   ,  f  2 y     =  I ˜     f  1 x   ,  f  1 y      I ˜     f  2 x   ,  f  2 y       I ˜  ∗     f  1 x   +  f  2 x   ,  f  1 y   +  f  2 y      



(9)




where    I ˜     f x  ,  f y      is the Fourier transform of the 2D speckle pattern. Taking an image with a size of 256 × 256 as an example, if it is calculated directly according to Equation (9), it will result in     256  4  ≈ 4 ×   10  9    elements. When performing bispectrum computation on high-resolution images, the huge amount of data will greatly affect the computing power. Therefore, without affecting the quality of the phase recovery, it is necessary to reduce the amount of bispectrum data calculations as much as possible and reduce the complexity of the entire imaging process.



Firstly, using the idea of Radon transform, the 2D speckle image is projected onto the 1D directions corresponding to different angles, and the original speckle image is transformed into multiple 1D scattering data for bispectrum computation as a way to improve the computational efficiency. The specific calculation of the Radon transform for the sub-speckle image is


   I ˜    ρ , θ   =    ∫  − ∞  ∞   I   ρ cos θ − s sin θ , ρ sin θ + s cos θ      d s  



(10)




where    I ˜    ρ , θ     denotes the projection of the sub-speckle image   I   x , y     in the direction of a particular angle  θ . At this time, the sub-speckle is transformed from the   x − y   coordinate to the   ρ − s   coordinate system, and all 2D sub-speckle data become 1D data. The algorithm in this study is specifically calculated by projecting each 2D sub-speckle image as 1D data on 18 angles distributed at equal intervals between 0 and 180°.



In order to further reduce the amount of data in bispectrum analysis, we used the method of discarding redundant data in bispectrum calculations and retaining only our region of interest. We call this process bispectrum truncation. Bispectrum truncation refers to a loss of image information. Methods of retaining valid data and deleting redundant data need to be considered from the following perspectives: (1) bispectrum areas close to the neighborhood of the coordinate axes have the highest signal-to-noise ratio; (2) in order to overcome the effects of anisoplanatism, a larger combination of    f 1   ,    f 2   , and    f 1  +  f 2    should be selected; and (3) in order to make the subsequent calculations simple, the selected region of the bispectrum should not be too dispersed and should consist of a continuous region.



In this study, the truncation method proposed by Pehlemann et al. was used [38]. When the 1D data that need to be calculated as a bispectrum value are    I ˜   f   , the range of  f  is limited to


   f  ≤ 0 , … ,   1 − C   × M  



(11)




where  C  is a parameter that regulates the range of truncated data, and  M  is the size of the data after the Randon transform of the sub-speckle image. The value of  C  should range from 0 to 1. When  C  takes a larger value, more bispectrum data are truncated, and when  C  takes a smaller value, less bispectrum data are truncated. Figure 3 shows a schematic of the effect of bispectrum truncation when M = 10. As shown in the figure, the original bispectrum data is four-dimensional data. Two of the four bispectrum coordinates are chosen to form a two-dimensional outer matrix, which represents a two-dimensional sub-plane of the spectrum. Then the remaining two bispectrum coordinates are generated into an inner matrix and used as the filling elements of the outer matrix to obtain a four-dimensional bispectrum data matrix, which is the dark particle part in the figure. After processing the data using the bispectrum truncation method, the redundant data were removed based on the truncation parameters, and the bispectrum data were retained for continued computation. It can be seen that the data from both the outer and inner matrices are processed at the same time, that is, the part of the bright particles within the red frame in the figure. The effect of the choice of specific truncation parameters on object phase recovery and reconstructed image quality is discussed in detail in Section 4.1.



Based on the above theoretical analysis, the overall process of the single-shot speckle imaging algorithm based on bispectrum truncation that we propose is shown in Figure 4. The Fourier amplitude of the object was obtained by calculating the speckle autocorrelation, and the object’s Fourier phase was extracted by calculating the bispectrum averaging and phase reconstruction from the cropped sub-speckles. The method does not require a large number of repeated iterative calculations, the processes of acquiring the amplitude and phase information are independent of each other, and the accuracy of phase recovery does not depend on the accuracy of its amplitude estimation. Additionally, the amount of data and complexity that need to be computed are greatly reduced by Randon transform and bispectrum truncation, and the reconstruction of the hidden object can be achieved by obtaining the Fourier amplitude and phase of the object from the speckle image collected directly by the camera.





3. Experiment Platform


In our experiments, the spatially incoherent light source was composed of a LED light source (Thorlabs, Newton, NJ, USA, M530L4, center wavelength 530 nm, bandwidth 35 nm) and two collimating lenses, and the imaging object was a negative resolution test plate. The incoherent light illuminated the object, the transmitted light carried the object information to the diffuser (Thorlabs, DG10-600), and the object was about 64 cm away from the diffuser. An iris with a diameter of about 2.5 mm was placed on the other side close to the diffuser to control the image contrast of the received camera speckle. After the transmitted light was scattered by the diffuser, the image was directly collected by a high-resolution camera (HIKVISION, Tokyo, Japan, MV-CB060, pixel size 2.4 um, resolution 3072 × 2048). The camera was placed about 8.5 cm behind the diffuser. In order to ensure the contrast of the speckle image collected directly by the camera, we added a narrow-band filter (Thorlabs, FLH532-4) with a bandwidth of about 4 nm in front of the camera. The schematic diagram of the light path structure of the optical system for incoherent imaging through thin scattering media is shown in Figure 5, and the actual picture of the experimental light path is shown in Figure 6.



The resolution test plate is shown in Figure 7. The objects used in this experiment were ‘4’, ‘5’, and ‘ ≡ ’ in Group 1 of the resolution test plate, as shown in Figure 8(a1–a3).



Due to the limitation of the optical memory effect, the field of view (FOV) of the whole imaging system is limited by the range of the optical memory effect, so the maximum range of the field of view of the imaging system is


  Δ x =   u λ   π l    








where  u  denotes the distance between the object and the diffuser,  λ  denotes the wavelength of the illuminating light, and  l  denotes the thickness of the scattering medium.



The resolution of an imaging system is primarily derived from the diffraction limit of the system. For random scattering imaging systems, the effective incident pupil is adjusted by setting an iris behind the scattering medium. The minimum resolvable interval on the image plane is


  δ = 1.22   λ d  D   








where  λ  denotes the wavelength of the illumination light,  d  denotes the distance from the aperture diaphragm to the imaging plane, and  D  denotes the diameter of the aperture diaphragm. Therefore, when the detector pixel size is larger than  δ , it will cause reconstruction distortion or even failure to reconstruct. After calculations, the sizes of the objects were within the range of the optical memory effect zone.



Figure 8(b1–b3) show the original speckle images collected by the camera when imaging different objects. It can be seen that they are typical messy speckle patterns. The original speckle image was preprocessed and filtered, and then the autocorrelation was calculated. Figure 8(c1–c3) show the results after restricting the original speckle autocorrelation using the window function. In order to fully suppress the statistical noise of the bispectrum and extract the object’s Fourier phase from the single-shot speckle image, we cropped the single-shot speckle image to obtain multiple sub-speckle images and filtered each sub-speckle image using a Gaussian windowing function. Then, we analyzed the bispectrum using the truncation method described in the previous section to obtain the Fourier phase of the object. Figure 8(d1–d3) show the Fourier amplitudes of the reconstructed objects. Figure 8(e1–e3) show the recovered Fourier phases when each sub-speckle image was 300 × 300 in size. Therefore, the Fourier distribution of each object image can be obtained from the Fourier amplitude and phase, and the recovered object can be obtained by calculating the Fourier inverse transform. Figure 8(f1)–(f3) show the object reconstruction results based on the bispectrum truncation method.




4. Discussion of Experimental Results


4.1. Effect of Different Truncation Parameters on Object Reconstruction


In order to quantitatively analyze the impact of truncation parameters on the object reconstruction effect, we compared the reconstruction results of speckle images under different truncation parameters with the original objects and introduced the SNR (signal-to-noise ratio) to evaluate the object reconstruction quality under different truncation parameters. The larger the truncation parameter, the fewer bispectrum data were retained. As shown in Figure 9, when the truncation parameter continued to increase, the intercepted data also continued to increase and the reconstruction quality of the object decreased. Figure 10 shows the relationship between the evaluation index SNR and the truncation parameter. When the truncation parameter was less than 0.7, the SNR did not change significantly with the truncation parameter. After the truncation parameter  C  was increased to 0.7, the quality of the object reconstruction was significantly reduced, which indicates that in addition to the redundant data, there were key data in the bispectrum phase that were intercepted, which led to the object not being reconstructed. Combined with the SNR of the reconstructed image and the amount of comprehensively computed data, when the truncation parameter C = 0.7, the computation amount could be minimized without damaging the reconstruction quality of the object, and the optimal solution was achieved between the reconstruction effect and the cost of data computation.



As shown in Table 1, when the truncation parameter C = 0.7, compared with using the original bispectrum data for phase analysis, the algorithm in this paper reduces the calculation amount of bispectrum data by about 80%. And the overall algorithm time for object reconstruction was reduced by about 30%. In the following experiments, C = 0.7 was used for bispectrum data interception if not specifically indicated.




4.2. Effects of Media with Different Scattering Degrees on the Quality of Object Reconstruction


In order to evaluate the reconstruction ability of our algorithm for hidden objects under scattering media possessing different scattering degrees, three different mesh sizes of woolen glass were used as diffusers for our comparative experiments. The models used were Thorlabs, DG10-220, DG10-600, and DG10-1500. The other settings in the experimental optical path were the same as those described in Section 3. Only the diffuser was changed, the object reconstruction of the collected speckle images was performed, and the reconstruction effect was evaluated. Figure 11 illustrates the object reconstruction results of the speckle images acquired using three different diffusers. It can be seen that the hidden objects were reconstructed well at either larger (DG10-1500) or smaller (DG10-220) mesh sizes. Table 2 shows the SNR of the reconstructed objects for the three cases, and the SNR remained above 25 dB under different scattering degree conditions. This shows that this algorithm possesses a good ability to reconstruct hidden objects for media with different scattering degrees under the current optical path structure configuration.



The scattering medium used in this experiment is ground glass with different grits. It can also be replaced with other types of scattering media, such as sliced chicken breasts, the inner skin of onions, etc., which have been verified in other references.




4.3. Statistical Noise Analysis in Bispectrum Reconstruction Methods


The basic idea of the bispectrum analysis used in the phase recovery process of this study is based on the theory of phase closure in atmospheric imaging. Traditional bispectrum analysis uses multi-shot speckles for statistical averaging, and both the signal amplitude and the bispectrum statistical noise amplitude are elevated with an increase in the number of frames. During the imaging process, a sufficiently high bispectrum SNR needs to be ensured in order to obtain satisfactory imaging quality. The SNR of this study’s algorithm for phase recovery to compute the bispectrum can be expressed as    N  1 / 2   /  n  1 / 2    , while the SNR for amplitude recovery to compute the autocorrelation is    N  1 / 2    , where  N  is the number of frames [39]. Since this study adopted the method of single-shot speckle image recovery, here  N  can be understood as the number of speckle particles, and  n  is the number of speckle particles contained in each sub-speckle frame. In other words, the SNR increases with the number of speckle particles. We found that when other optical path conditions were the same, the SNR of the bispectrum signal was lower than the SNR of the autocorrelation signal.



Figure 12 shows the use of two cameras with different resolutions (HIKVISION, MV-CE013, resolution 1280 × 960; HIKVISION, MV-CB060, resolution 3072 × 2048) to collect speckle images when other light path conditions remained the same, using the object reconstruction results based on the bispectrum truncation method to obtain phase information. It can be seen that the low-resolution speckle image was unable to reconstruct the hidden object. Therefore, when we need to reconstruct an object of the same size, the phase recovery method using bispectrum analysis requires more speckle particles to participate in the statistical average; that is, a higher-resolution speckle image is required.




4.4. Lens-like Properties of Scattering Media


In the experiments described in the previous section, typical grainy and scrambled patterns were observed in the speckle images acquired directly from the camera, and complex computations, such as cropping, filtering, and phase restoration, were performed on the original speckle images to reconstruct the hidden objects. Interestingly, however, by zooming in on the original speckle images captured in the experiment, we found that this extra computational work was not strictly necessary and that hidden object images with clear contours could be obtained through direct observation. As shown in Figure 13 and Figure 14, the small image below is a zoomed-in view of the red region of the original speckle image, from which the self-imaging of the original hidden objects ‘4’ and ‘5’ can be recognized.



In fact, in the optical system of scattering imaging, the object information is not lost but is encoded after the incident light has been scattered several times by the diffuser. Therefore, according to the relationship between the hidden object and the speckle, the diffuser can be treated as a collection of distributed lenses with a random phase mask. The speckle can be similarly treated as the self-imaging of a hidden object through a collection of distributed lenses with a random phase mask. The image made by each cell is overlapped and combined, eventually forming a scrambled speckle. Therefore, we can obtain a partially complete image modulated by the phase of the diffuser using the scattering map acquired directly by the camera. This makes it possible to observe hidden objects using direct imaging through the diffuser.





5. Conclusions


In this study, a single-shot scattering medium imaging method based on the truncation method is proposed. First, the theoretical derivation and data simulation of the method are carried out, and the overall computational flow of the algorithm is given. The method allows the Fourier phase of the hidden object to be obtained using bispectrum analysis. Compared with the traditional method, it avoids a large number of repeated iterative calculations and the uncertainty of the reconstruction results, and intercepts the redundant data when calculating the bispectrum data, which greatly reduces the amount of data computation required. Secondly, a scattering imaging optical experimental platform was built to experimentally validate the method. Using the signal-to-noise ratio (SNR) as the target reconstruction quality evaluation index, the imaging capability of this method was quantitatively evaluated. The experimental results show that our method can achieve both computational minimization without damaging the quality of the reconstructed object and an optimal solution between the reconstruction effect and the cost of data computation. Compared with the use of original bispectrum data for phase analysis, the amount of bispectrum data to be calculated was reduced by about 80%, and the overall algorithm time for object reconstruction was reduced by about 30%. Finally, we also quantitatively assessed the effect of different truncation parameters and different degrees of diffuser on the quality of object reconstruction. The statistical noise and scattering medium properties in the experiment were also analyzed, which may provide new ideas for other novel imaging methods.







Author Contributions


Conceptualization Y.H.; methodology, Y.H.; software, Y.H. and P.D.; validation, H.C.; formal analysis, Y.H. and F.Y.; investigation T.M. and P.D.; resources, Y.S.; writing—original draft preparation, Y.H. and F.Y.; writing—review and editing, Y.H., P.D. and Y.S.; visualization, T.M. and Y.H.; supervision, H.C., Y.S. and H.S.; project administration, H.C. and H.S. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by Research on imaging spectroscopy for quantitative measurement of infrared radiation properties grant number CXJJ-22S014; the APC was funded by Changchun Institute of Optics, Fine Mechanics and Physics, Chinese Academy of Sciences.




Institutional Review Board Statement


This study did not require ethical approval.




Informed Consent Statement


This study did not involve humans.




Data Availability Statement


Data are contained within the article.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Artzi, N.; Oliva, N.; Puron, C.; Shitreet, S.; Artzi, S.; Ramos, A.B.; Groothuis, A.; Sahagian, G.; Edelman, E.R. In Vivo and in vitro tracking of erosion in biodegradable materials using non-invasive fluorescence imaging. Nat. Mater. 2011, 10, 890. [Google Scholar] [CrossRef]

	



Zhu, L.; Soldevila, F.; Moretti, C.; D’arco, A.; Boniface, A.; Shao, X.; de Aguiar, H.B.; Gigan, S. Large field-of-view non-invasive imaging through scattering layers using fluctuating random illumination. Nat. Commun. 2022, 13, 1447. [Google Scholar] [CrossRef]

	



Fattal, R. Dehazing using color-lines. ACM Trans. Graph. 2014, 34, 1–14. [Google Scholar] [CrossRef]

	



Drews, P.; Nascimento, E.R.; Botelho, S.S.C.; Campos, M.F.M. Underwater Depth Estimation and Image Restoration Based on Single Images. IEEE Comput. Graph. Appl. 2016, 36, 24–35. [Google Scholar] [CrossRef] [PubMed]

	



Horstmeyer, R.; Ruan, H.; Yang, C. Guidestar-assisted wavefront-shaping methods for focusing light into biological tissue. Nat. Photonics 2015, 9, 563–571. [Google Scholar] [CrossRef] [PubMed]

	



Cui, M.; Yang, C. Implementation of a digital optical phase conjugation system and its application to study the robustness of turbidity suppression by phase conjugation. Opt. Express 2010, 18, 3444–3455. [Google Scholar] [CrossRef] [PubMed]

	



Lhermite, J.; Suran, E.; Kermene, V.; Louradour, F.; Desfarges-Berthelemot, A.; Barthélémy, A. Coherent combining of 49 laser beams from a multiple core optical fiber by a spatial light modulator. Opt. Express 2010, 18, 4783–4789. [Google Scholar] [CrossRef]

	



Blochet, B.; Bourdieu, L.; Gigan, S. Fast wavefront optimization for focusing through biological tissue (Conference Presentation). In Proceedings of the Adaptive Optics and Wavefront Control for Biological Systems III, San Francisco, CA, USA, 28 January–2 February 2017; p. 37. [Google Scholar]

	



Katz, O.; Small, E.; Silberberg, Y. Looking around corners and through thin turbid layers in real time with scattered incoherent light. Nat. Photonics 2012, 6, 549–553. [Google Scholar] [CrossRef]

	



Park, J.-H.; Yu, Z.; Lee, K.; Lai, P.; Park, Y. Perspective: Wavefront shaping techniques for controlling multiple light scattering in biological tissues: Toward in vivo applications. APL Photonics 2018, 3, 100901. [Google Scholar] [CrossRef]

	



Popoff, S.M.; Lerosey, G.; Carminati, R.; Fink, M.; Boccara, A.C.; Gigan, S. Measuring the Transmission Matrix in Optics: An Approach to the Study and Control of Light Propagation in Disordered Media. Phys. Rev. Lett. 2010, 104, 100601. [Google Scholar] [CrossRef]

	



Katz, O.; Ramaz, F.; Gigan, S.; Fink, M. Controlling light in complex media beyond the acoustic diffraction-limit using the acousto-optic transmission matrix. Nat. Commun. 2019, 10, 717. [Google Scholar] [CrossRef] [PubMed]

	



Katz, O.; Heidmann, P.; Fink, M.; Gigan, S. Non-invasive single-shot imaging through scattering layers and around corners via speckle correlations. Nat. Photonics 2014, 8, 784–790. [Google Scholar] [CrossRef]

	



Xie, X.; Zhuang, H.; He, H.; Xu, X.; Liang, H.; Liu, Y.; Zhou, J. Extended depth-resolved imaging through a thin scattering medium with PSF manipulation. Sci. Rep. 2018, 8, 4585. [Google Scholar] [CrossRef]

	



Li, X.; Greenberg, J.A.; Gehm, M.E. Single-shot multispectral imaging through a thin scatterer. Optica 2019, 6, 864–871. [Google Scholar] [CrossRef]

	



Xu, X.; Xie, X.; He, H.; Zhuang, H.; Zhou, J.; Thendiyammal, A.; Mosk, A.P. Imaging objects through scattering layers and around corners by retrieval of the scattered point spread function. Opt. Express 2017, 25, 32829–32840. [Google Scholar] [CrossRef]

	



Yang, W.; Li, G.; Situ, G. Imaging through scattering media with the auxiliary of a known reference object. Sci. Rep. 2018, 8, 9614. [Google Scholar] [CrossRef] [PubMed]

	



Guo, C.; Liu, J.; Wu, T.; Zhu, L.; Shao, X. Tracking moving targets behind a scattering medium via speckle correlation. Appl. Opt. 2018, 57, 905–913. [Google Scholar] [CrossRef] [PubMed]

	



Li, Y.; Xue, Y.; Tian, L. Deep speckle correlation: A deep learning approach toward scalable imaging through scattering media. Optica 2018, 5, 1181–1190. [Google Scholar] [CrossRef]

	



Tahir, W.; Wang, H.; Tian, L. Adaptive 3D descattering with a dynamic synthesis network. Light Sci. Appl. 2022, 11, 42. [Google Scholar] [CrossRef]

	



Bai, B.; Li, Y.; Luo, Y.; Li, X.; Çetintaş, E.; Jarrahi, M.; Ozcan, A. All-optical image classification through unknown random diffusers using a single-pixel diffractive network. Light Sci. Appl. 2023, 12, 69. [Google Scholar] [CrossRef]

	



Wang, X.; Jin, X.; Li, J.; Lian, X.; Ji, X.; Dai, Q. Prior-information-free single-shot scattering imaging beyond the memory effect. Opt. Lett. 2019, 44, 1423–1426. [Google Scholar] [CrossRef] [PubMed]

	



Jin, X.; Wang, Z.; Wang, X.; Dai, Q. Depth of field extended scattering imaging by light field estimation. Opt. Lett. 2018, 43, 4871–4874. [Google Scholar] [CrossRef] [PubMed]

	



Liao, M.; Lu, D.; Pedrini, G.; Osten, W.; Situ, G.; He, W.; Peng, X. Extending the depth-of-field of imaging systems with a scattering diffuser. Sci. Rep. 2019, 9, 7165. [Google Scholar] [CrossRef]

	



Li, W.; Xi, T.; He, S.; Liu, L.; Liu, J.; Liu, F.; Wang, B.; Wei, S.; Liang, W.; Fan, Z.; et al. Single-shot imaging through scattering media under strong ambient light interference. Opt. Lett. 2021, 46, 4538–4541. [Google Scholar] [CrossRef] [PubMed]

	



Wu, H.; Meng, X.; Yang, X.; Li, X.; Yin, Y. Single shot real-time high-resolution imaging through dynamic turbid media based on deep learning. Opt. Lasers Eng. 2021, 149, 106819. [Google Scholar] [CrossRef]

	



He, S.; Wang, X.; Ma, K.; Li, L.; Zhang, Y. Recursion-driven bispectral imaging for dynamic scattering scenes. Opt. Lett. 2023, 48, 287–290. [Google Scholar] [CrossRef] [PubMed]

	



Li, W.; Liu, J.; He, S.; Liu, L.; Shao, X. Multitarget imaging through scattering media beyond the 3D optical memory effect. Opt. Lett. 2020, 45, 2692–2695. [Google Scholar] [CrossRef] [PubMed]

	



Candès, E.J.; Wakin, M.B. An introduction to compressive sampling. IEEE Signal Process. Mag. 2008, 25, 21–30. [Google Scholar] [CrossRef]

	



Brady, D.J.; Choi, K.; Marks, D.L.; Horisaki, R.; Lim, S. Compressive Holography. Opt. Express 2009, 17, 13040–13049. [Google Scholar] [CrossRef]

	



Mukherjee, S.; Vijayakumar, A.; Kumar, M.; Rosen, J. 3D Imaging through Scatterers with Interferenceless Optical System. Sci. Rep. 2018, 8, 1134. [Google Scholar] [CrossRef]

	



Shi, Y.; Liu, Y.; Wang, J.; Wu, T. Non-invasive depth-resolved imaging through scattering layers via speckle correlations and parallax. Appl. Phys. Lett. 2017, 110, 231101. [Google Scholar] [CrossRef]

	



Wu, T.; Katz, O.; Shao, X.; Gigan, S. Single-shot diffraction-limited imaging through scattering layers via bispectrum analysis. Opt. Lett. 2016, 41, 5003–5006. [Google Scholar] [CrossRef] [PubMed]

	



Fienup, J.R. Phase retrieval algorithms: A comparison. Appl. Opt. 1982, 21, 2758–2769. [Google Scholar] [CrossRef] [PubMed]

	



Fienup, J.R. Reconstruction of an object from the modulus of its Fourier transform. Opt. Lett. 1978, 3, 27–29. [Google Scholar] [CrossRef]

	



Lohmann, A.W.; Weigelt, G.; Wirnitzer, B. Speckle masking in astronomy: Triple correlation theory and applications. Appl. Opt. 1983, 22, 4028–4037. [Google Scholar] [CrossRef]

	



Ayers, G.R.; Northcott, M.J.; Dainty, J.C. Knox–Thompson and triple-correlation imaging through atmospheric turbulence. J. Opt. Soc. Am. A 1988, 5, 963–985. [Google Scholar] [CrossRef]

	



Pehlemann, E.; Von Der Lühe, O. Technical aspects of the speckle masking phase reconstruction algorithm. Astron. Astrophys. 1989, 216, 337–346. [Google Scholar]

	



Readhead, A.C.S.; Nakajima, T.S.; Pearson, T.J.; Neugebauer, G.; Oke, J.B.; Sargent, W.L.W. Diffraction-limited imaging with ground-based optical telescopes. Astron. J. 1988, 95, 1278–1296. [Google Scholar] [CrossRef]








[image: Sensors 24 02002 g001] 





Figure 1. Speckle autocorrelation simulation results. 
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Figure 2. Numerical simulation results based on Fienup phase recovery scattering imaging method. 






Figure 2. Numerical simulation results based on Fienup phase recovery scattering imaging method.



[image: Sensors 24 02002 g002]







[image: Sensors 24 02002 g003] 





Figure 3. Schematic diagram of bispectrum truncation. 
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Figure 4. Flowchart of single-shot speckle imaging algorithm based on bispectrum truncation. 
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Figure 5. Schematic diagram of experimental light path. 
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Figure 6. Physical diagram of the experimental light path. 
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Figure 7. Picture of the resolution test board. 
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Figure 8. Experimental results based on the bispectrum truncation method. (a1–a3): Original object images. (b1–b3): Original speckle images of different objects. (c1–c3): Autocorrelation of speckle images. (d1–d3): Fourier amplitudes of different objects. (e1–e3): Fourier phases obtained by the bispectrum truncation method. (f1–f3): Reconstructed images (the result of the truncation parameter C = 0.7). 
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Figure 9. Schematic diagram of object reconstruction effect under different truncation parameters. 






Figure 9. Schematic diagram of object reconstruction effect under different truncation parameters.



[image: Sensors 24 02002 g009]







[image: Sensors 24 02002 g010] 





Figure 10. Schematic diagram of the relationship between the SNR and the variation in the truncation parameter. 
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Figure 11. Comparison of the recovery effects of speckle images collected by media with different scattering degrees. 
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Figure 12. Comparison of reconstruction results of speckle images with different resolutions. 
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Figure 13. Direct observation of the self-imaging of the object ‘4’ in the original speckle image. 
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