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ABSTRACT 

Optical microscopy faces a challenge in strongly scattering environments due to severe light attenuations and wave degradations. 
Here, we report high-resolution optical microscopy in complex environments with a single-pixel detector. By projecting 
miniaturized random patterns onto a specimen, a series of light intensities can be synchronously collected via single-pixel 
detection. Dynamic variations of the turbidity in complex scattering environments induce nonlinear attenuations. A framework of 
untrained neural networks (UNN) enhanced by a physical model is developed to estimate a series of scattering-induced scaling 
factors and achieve high-resolution object reconstruction. The designed optical microscopy system, employing a tunable lens 
with autofocusing, is also applied to reconstruct high-quality and high-resolution images of biological specimens over the varying 
fields of view (FOVs) against complex and dynamic scattering. It is demonstrated in experiments that the proposed method is 
effective and robust, providing a viable approach for optical microscopy through complex scattering in dynamic media. 

      Optical microscopy in complex scattering environments has 
been well recognized as a challenge. Scattering media could induce 
severe distortions that disrupt inherent point-to-pixel 
correspondence, substantially degrading spatial resolution and 
image quality. Although advanced techniques have been proposed 
(e.g., NIR-II fluorescence imaging,1 self-reconstructing beams2 and 
optical memory effect3), these methods could have the limitations, 
e.g., limited penetration depth and sophisticated hardware. Single-
pixel microscopy,4–11 leveraging computational imaging via single-
pixel detection, offers advantages like scattering resistance, cost-
effective devices, high light sensitivity, and wide operational 
bandwidth etc. Previous work12 demonstrated its potential 
through thick scattering media. However, existing studies rely 
predominantly on specialized structured illumination patterns 
(e.g., Fourier or Hadamard basis13) with orthogonal completeness 
to ensure satisfactory image quality. Although random 
illumination patterns have been explored in prior studies,14–19 the 
implementations achieve only low-quality reconstruction of 
simple and binary objects, and it is considered to be insufficient for 
high-resolution bioimaging in microscopy. 
      Ghost imaging (GI) with random illumination patterns proves to 
be ineffective in dynamic scattering environments with time-
varying turbidity, where nonlinear scaling factors disrupt the 
measurements. Advanced correction strategies20–23 targeting 
nonlinear scaling factors partially mitigate scattering effects but 
yield suboptimal reconstruction quality, necessitating enhanced 
approaches. Deep learning has gained much attention in optical 
microscopy for resolution enhancement,24,25 autofocusing,26,27 and 

aberration correction,28,29 while also emerging as a powerful tool in 
single-pixel imaging.30 Data-driven implementations31 require 
extensive labeled datasets for training. They are prohibitively 
difficult to obtain in complex scattering scenarios where high-
quality ground truths and scattering information remain elusive. 
Practical deployment is further constrained by limited 
generalizability and interpretability challenges.32 Physics-
enhanced untrained neural networks (UNN)33–35 address these 
constraints by demonstrating robust anti-interference capabilities 
and enabling high-quality reconstructions without training. 
Nevertheless, an investigation of their performance for single-pixel 
microscopy through dynamic and complex scattering media 
remains unexplored. 
      In this Letter, we report a framework integrating a physical 
model with UNN to achieve high-resolution single-pixel optical 
microscopy through complex scattering media. Random 
illumination patterns are directly employed without a special 
design. By integrating a tunable lens with autofocusing, high-
quality object reconstructions are realized over the varying fields 
of view (FOVs). The proposed framework effectively eliminates 
dynamic scaling factors without any datasets. Experimental results 
demonstrate high robustness against scattering, and exhibit high 
effectiveness for biological imaging. Our method can provide a 
promising solution for high-resolution optical microscopic imaging 
in harsh environments. 
      A schematic experimental setup for single-pixel microscopy 
through complex scattering media is shown in Fig. 1. A green laser 
(maximum power of 200 mW, wavelength of 532 nm) is used to 
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illuminate a digital micro-mirror device (DMD, Texas Instruments) 
with pixel size of 10.8 μm at 24.0°. Random binary patterns are 
sequentially displayed by DMD. The reflected waves propagate 
through a 4f system (plano-convex lens and tube lens with the 
same focal length of 20 cm). An iris is used to allow only zero-order 
light to enter the objective lens (NA of 0.55 and 50× Mitutoyo), 
filtering out excess diffraction orders. An electronically-controlled 
tunable lens (Optotune-EL-12-30-TC), in conjunction with the 
objective lens, is applied to focus miniaturized patterns onto an 
object over the varying FOVs. A water tank (polymethyl 
methacrylate) with a dimension of 5.0 cm (length) × 10.0 cm 
(width) × 30.0 cm (height) filled with 1000.0-ml clean water is 
placed close to the object. A turbulent scattering environment with 
time-varying turbidity is created via dripping milk emulsion (5.0-
ml skimmed milk mixed with 200.0-ml clean water) into the tank 
while a motor-driven stirrer was kept agitating the liquid at 450 
rpm. A Fresnel lens (a diameter of 30.0 cm and a focal length of 
12.0 cm) collects the scattered light, and a series of focused light 
intensities are sequentially detected by a single-pixel silicon 
photodiode (SPD, PDA100A2 Thorlabs).  
 
 

 

 

 

 

 

 

 

 

 

 

FIG. 1. A schematic experimental setup for the developed single-
pixel optical microscopy through complex scattering media. O: 
object; BE: beam expander; CL: collimating lens; TL: tunable lens; 
OL: objective lens; FL: Fresnel lens; SPD: single-pixel silicon 
photodiode. 

      When random patterns are adopted for the illumination (e.g., 

differential GI (DGI)36), an object image can be reconstructed via 

second-order correlation. When complex and dynamic scattering 

exists in the optical path, a series of dynamic scaling factors could 

be induced, leading to a mismatch between illumination patterns 

and the measurements. The measurements iB  can be described 

by  

                    x, y x, y x y,i i iB k P O d d                                      (1) 

where 1, 2,3 , ,i N  N  denotes the total measurement number, 

ik  denotes a scaling factor,  x, y
i

P  denotes random binary patterns, 

and  x, yO  denotes an object. 

      As an ill-posed inverse problem, the removal of heterogeneous 

scaling factors in UNN requires an optimization enhanced by a 

physical model. Figure 2 shows the proposed strategy with dual U-

Net. The architecture in each neural network comprises an 

autoencoder incorporating skip connections.37 The inputs of the 

framework consist of binary random patterns P  and the 

measurements .B  The U-Net Fo  with a N N random 

grayscale input zo is designed and applied to estimate an object 

image Ô  with N N pixels. Here, single-pixel imaging principle 

is embedded to generate a series of corrected measurements B  

via a single convolutional layer. Each convolution kernel is 

designed by using a random pattern  x, y
i

P  whose pixels serve as 

weights of the kernels, and the total number of channels is 

equivalent to that of random patterns. The series of corrected 

measurements B  can be described by 

                     x, y F x y,  i i o oB P z d d                                   (2) 

where  Fo oz  denotes an output of neural network Fo , i.e., Ô  in 

Fig. 2. The designed GI-based physical model can represent a 

relationship between random binary patterns and corrected 

measurements. The correlation between illumination patterns and 

corrected measurements is established to show the imaging 

process without scattering media. Therefore, with a series of 

single-pixel intensity measurements, the inverse problem can be 

well defined. 

      In Fig. 2, U-Net  Fk  is designed to estimate a series of scaling 

factors, employing an initialization strategy analogous to that used 

in neural network F .o  The predicted 2D scaling factor map K  

with N N pixels is flattened to a 1D vector ˆ .K  The estimated 

measurements B̂  through complex scattering media can be 

obtained by 

                     ˆ ˆ , B K B                                                       (3) 

where  denotes Hadamard product. The neural networks operate 

in parallel to be optimized via a loss function described by 

                                                                                                                 

     The designed dual-UNN framework has a unified structure, and 

a joint optimization operation could facilitate the convergence.37 

The Adam optimizer with a learning rate of 0.001 is used to update 

the parameters of neural networks Fo  and Fk  based on NVIDIA 

GeForce RTX 4090 GPU. The framework is implemented in 

PyTorch without datasets or labeled data. After optimization, 

optimal configurations can be obtained, ultimately producing a 

high-quality object image and a series of dynamic scaling factors, 

i.e., as the outputs of the designed framework. The proposed 

framework is validated to be robust against noise via optical 

experiments. 

      To realize high-resolution single-pixel microscopic imaging 

through complex media, it is important to know accurate focal 

positions. There are several methods for autofocusing.38–41 Here, 

the focal position is determined through the total power curve of 

Fourier power spectrum acquired by Fourier single-pixel 

imaging.38 The total power is calculated via the sum of a few 

coefficients (i.e., indicated by red circles with a radius of 10 pixels) 

in Fourier power spectrum (64×64 pixels), as typically shown in 

Fig. 3(a). Varied powers can be observed by adjusting the focal 

power, i.e., diopter (dpt), of the tunable lens in Fig. 1. Then, a fitting 

Laser 

Polarizer 
BE 

CL 

DMD 

Mirror 

Lens Iris 

TL 
Tube 

lens OL O 

Water tank 

Milk 

Stirrer 

FL 

SPD 

(4) 



curve can be determined, and its peak indicates the focal position. 

For instance, the focal position is determined by identifying the 

maximum power of 3.11 corresponding to the focal power of 3.56 

dpt in Fig. 3(a). It is worth noting that focal positions would be 

different, when different FOVs are applied. After the autofocusing 

operation, a series of optical experiments using random 

illumination patterns with 128×128 pixels are conducted at a full 

sampling ratio, i.e., N=16384.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIG. 2. A flow chart of the proposed physics-enhanced UNN through complex scattering media. Inputs: random illumination patterns and 

the measurements. Outputs: an estimated object image and a series of dynamic scaling factors.  

 
 

 

 

 

 

 

 

 

 

 

 

 

FIG. 3. Experimental results: (a) an illustration of the 

determination of focal positions, a reconstructed object image 

(128×128 pixels) obtained by using (b) and (d) DGI, and (c) and (e) 

the proposed method. (b), (c): only static and clean water placed in 

the optical path; (d), (e): complex scattering media in Fig. 1. Here, 

Group 7 Elements 5-6 of USAF 1951 resolution test chart is tested, 

and a line width of 2.19 μm is resolved. 

      As can be seen in Figs. 3(b)–3(e), when only static and clean 

water is placed in the optical path, DGI can be applied to 

reconstruct an object image and quality of the recovered object 

image using the proposed method is higher. In a complex 

scattering environment as shown in Fig. 1, DGI is ineffective. Using 

the proposed method, the reconstructed object image is of high 

quality, and high spatial resolution of 4.38 μm is achieved. 

      The varying scattering is further investigated by adjusting the 

stirring speed and the volumes of milk used in the milk suspension. 

The typical experimental results obtained by using DGI and the 

proposed method are shown in Figs. 4(a)–4(d). To quantitatively 

evaluate the quality, contrast-to-noise ratio (CNR)42 is calculated as 

described by 

                 ,
2

CNR
s b

s b

I I

 





                                               (5) 

where sI  denotes an average intensity in a signal area of the 

reconstructed object image, bI  denotes an average intensity in a 

background area of the reconstructed object image, and s  and 

b  denote standard deviations. Figures 4(e) and 4(f) show CNR 

variations as different stirring speeds and different volumes of 

milk are employed, respectively. High-resolution object images can 

always be reconstructed in dynamic and complex environments, 

showing high effectiveness and robustness of the proposed 

method. To further evaluate turbidity in Fig. 1, attenuation 

coefficient is calculated based on Beer-Lambert law.43,44 For 

instance, when 5.0-ml and 15.0-ml milk is individually used in our 

experiments, attenuation coefficients change from ~0 to 2.4×10-2 

mm-1 and from ~0 to 6.5×10-2 mm-1, respectively. 
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      Here, biological samples are also tested in Fig. 1, and their high 
transparency characteristics and weak intensity fluctuations make 
object reconstruction complicated in complex scattering 
environments. To verify feasibility and robustness of the proposed 
method in such harsh scenarios, experimental results are obtained 
as shown in Fig. 5. DGI still shows poor performance even when 
only static and clear water is placed in the optical path, and 
completely fails in complex environments. When the proposed 
method is applied, high-quality object reconstruction is always 
achieved. 
 
 
 

 

 

 

 

 

 

 

 

FIG. 4. The reconstructed object images (128×128 pixels) obtained 
with a stirring speed of 400 rpm and 5.0-ml of milk adopted in 
experiments using (a) DGI and (b) the proposed method, the 
reconstructed object images (128×128 pixels) obtained with a 
stirring speed of 450 rpm and 15.0-ml milk adopted in 
experiments using (c) DGI and (d) the proposed method, and the 
CNR curves obtained when (e) different stirring speeds with 5.0-
ml milk and (f) different volumes of milk with 450 rpm stirring 
speed are individually used in experiments. For CNR calculations, a 
signal area (red box) and a background area (green box) are 
indicated in (b).  

 

 

 

 

 

 

 

 

 

 

 

FIG. 5. Experimental results (biological specimens): (a)–(d) 
Oviduct T.S., (e)–(h) Ureter C.S. and (i)–(l) Onion Epidermis W.M. 
The experimental results (128×128 pixels) in the first two 
columns are obtained by using DGI, and the experimental results 
(128×128 pixels) in the last two columns are obtained by using the 

proposed method. Only static and clean water in Fig. 1: (a), (c), (e), 
(g), (i), (k); Complex scattering media in Fig. 1: (b), (d), (f), (h), (j), 
(l). Here, 3.0-ml milk is used, when imaging through complex 
media is conducted. Scale bars in (c), (g) and (k): 300 μm (red), 200 
μm (green), 100 μm (blue). 

      In conclusion, we have reported UNN enhanced by a physical 
model with the designed optical setup to implement high-
resolution single-pixel microscopy through complex scattering 
media. A series of dynamic scaling factors are accurately estimated 
to obtain the corrected measurements for object reconstruction. 
The experimental results demonstrate that the proposed method 
can overcome the challenge induced by dynamic and complex 
scattering, and high-resolution object images can be robustly 
recovered over the varying FOVs. It is believed that the proposed 
method is promising for high-resolution optical microscopic 
imaging through thick, dynamic and complex scattering media. 
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