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H I G H L I G H T S

∙ Suppression of both defocus and speckle noise generated in OSH.

∙ Propose an effective training strategy for small datasets with reconstruction noise in OSH.

∙ The approach is rigorously validated through simulations and experimental data, demonstrating robustness and efficiency for industrial applications.
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A B S T R A C T

Optical scanning holography (OSH) is a versatile and digital technique for recording and reconstructing holo-

grams, with a wide range of potential applications in three-dimensional (3D) imaging, display, data storage, and 

non-destructive testing. However, undesirable noise is inevitable in OSH for sectional image reconstruction. In 

this manuscript, we implemented a classic Convolutional Neural Network (CNN), specifically U-net, which can be 

leveraged for denoising with only a small dataset corrupted by both defocus and speckle noise. Furthermore, we 

show that this is possible by applying various training strategies with different hyperparameters. The proposed 

method has been validated using both simulation and experimental data, which demonstrate that the approach 

is both effective and efficient.

1. Introduction

Optical scanning holography (OSH) is a precise digital holography 

(DH) technique that records information of three-dimensional (3D) ob-

jects through a single two-dimensional (2D) pixel-by-pixel scan. The

reconstruction process in OSH leverages digital signal processing to 

recreate the original 3D wavefront and enable various applications, such 

as microscopy [1], 3D pattern recognition [2], remote sensing [3], and 

tumor segmentation from magnetic resonance images (MRI), etc [4].

To retrieve the information contained within a digital hologram of 

3D objects in OSH, two key challenges must be addressed: (1) depth of 

focus determination, and (2) in-focus pattern reconstruction. Numerous 

studies have been conducted to optimize the solutions to these two 

problems.

To retrieve the accurate depth of focus for reconstruction, various 

methods have been proposed to automatically locate the object depth. 

These include the connected domain approach [5], time-reversal multi-

ple signal classification [6], structure tensor analysis [7], and numerous

other techniques. Moreover, alternative methods like dual-wavelength 

laser [8] and configurable pupil [9] have also been proposed for further 

improvement of the depth resolution during the reconstruction process.

While for the in-focus pattern reconstruction, the challenge lies in 

the inevitable noise from the other sections, also known as defocus 

noise. Conventional methods employ techniques like iterative shrinkage-

threshold algorithms [10], inverse imaging [11], and modified image 

fusion [12] to reduce or minimize the impact of this noise. Besides these 

image processing methods, people have also explored modifying the op-

tical system itself to suppress the defocus noise. An interesting work 

was published by Zhou et al. in ref. [13], in which the author demon-

strated how to transfer the defocus noise into speckle-like patterns by 

random phase pupil. This noise can be further suppressed by either av-

erage method or connected domain, improving the overall image quality 

and signal-to-noise ratio [14].

The choice of reconstruction and denoising methods in OSH is criti-

cal for achieving high-quality images. While conventional methods are 

valuable, they often face limitations. They either ignore certain parts
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of the original signals during the iterative process and signal trans-

fer [10,11], or indiscriminately restore all the signal from the hologram 

without considering the unique characteristics of different regions [13]. 

This results in the inferior quality of the OSH image reconstructions 

and denoising recoveries, as the information from the hologram is not 

properly utilized. Additionally, the runtime of these algorithms can pose 

significant challenges, especially in complex imaging scenarios.

Recent years have witnessed a surge in the application of deep 

learning techniques across various industries, thanks to the rapid ad-

vancements in artificial intelligence. Deep learning, a subset of machine 

learning, has proven to be highly effective in solving complex problems 

and has been successfully applied in various domains [15–17]. It has 

also been increasingly applied to the field of digital holography, show-

ing promising results in addressing various challenges mentioned above. 

Several proposed works have demonstrated the effectiveness of deep 

learning strategies in DH: Ren et al. presented a CNN based auto-focusing 

method with regression prediction [18], in Ref. [19] Rivenson and col-

leagues used deep learning for phase recovery and image reconstruction 

in a single process; while Kim established a direct hologram classifi-

cation neural network model for cell classification [20]. These deep 

learning methods have shown promise in improving accuracy and effi-

ciency over traditional algorithms. In addition, deep learning has shown 

great potential in image reconstruction enhancement: Ren et al. pro-

posed a deep learning method for fringe pattern super-resolution [21]; 

Liu et al. demonstrate the performance of U-net architecture under a 

Generative Adversarial Networks(GANs) structure in super-resolving 

both pixel-limited and diffraction-limited in-line holograms of lung tis-

sue sections and smear samples [22]; Fang and colleagues also applied 

a GAN, which is structured with a U-net descriminator and a DenseNet 

generator, in DH interferometry speckle denoising. Their method shows 

better performance than other denoising algorithms for processing ex-

perimental strain data from DH [23]; Tang et al. then propsed a CNN 

method for continuous phase denoising in DH microscopy [24], Zhuang 

and colleagues proposed an OSH reconstruction method that directly re-

trieves the reconstruction image from the hologram [25], and a lot more 

deep learning based studies have been conducted on super-resolution 

and noise suppression tasks [26–28].

In this paper, we aimed to reduce OSH-reconstruction noise using a 

fine-tuned U-shaped convolutional neural network (U-net) on a multi-

type noise small dataset. The U-net architecture was chosen for its ability 

to learn both local and global features from the input data, and the 

fine-tuning process allowed the model to adapt to the specific task at 

hand. Both simulation and experimental results have demonstrated the 

effectiveness and generalization performance of the proposed method.

This paper is structured as follows: In Section 2, the principle of OSH 

and the network architecture of U-net are illustrated. Simulation results 

are presented and discussed in Section 3. In Section 4, the effectiveness 

and generalization performance of the proposed method are demon-

strated through the utilisation of experimental data. A brief summary 

and prospects for future work are provided in Section 5.

2. Principle

2.1. Optical scanning holography

The OSH system depicted in Fig. 1 consists of several components, 

which work together to create a hologram. The coherent light generated 

by the He-Ne laser will be split into two parts by beam splitter (BS1). An 

acousto-optic frequency shifter (AOFS) is used to shift the frequency of 

the upper beam from 𝜔 0 

to 𝜔 0 

+Ω. The two beams with distinct frequen-

cies will then be directed to the X-Y scanner by separate sets of optical 

elements (mirrors, pupils and lenses). The X-Y scanner works in a raster 

pattern, allowing the system to capture the 3D information of the object. 

After that, a photo detector (PD) is used to convert light information col-

lected by lens L3 into an electric signal. It will then be transformed into 

a hologram for further signal processing, which includesband-pass fil-

Fig. 1. Typical OSH system setup. BS1&BS2, beam splitter; M1&M2, mirror;

AOFS, acousto-optic frequency shifter; 𝑝 1 

(𝑥, 𝑦)& 𝑝 2 

(𝑥, 𝑦), pupils; L1, L2&L3, lens;
PD, photo detector.

tering, demodulation processes, et al. The generated hologram can be 

expressed as [29]

ℎ𝑜𝑙𝑜(𝑥, 𝑦) =
𝑁
∑ 

𝑖=1
 

−1 { [𝐼(𝑥, 𝑦; 𝑧 𝑖)] ⋅ 𝑂𝑇 𝐹 (𝑘 𝑥 

, 𝑘 𝑦 

; 𝑧 𝑖)} (1)

where ℎ𝑜𝑙𝑜(𝑥, 𝑦) is the generated hologram, 𝐼(𝑥, 𝑦; 𝑧 𝑖 

) is the complex am-

plitude of the object and it has been discretized into 𝑁 sections along the 

𝑧-axis. 𝑥 and 𝑦 are space coordinates of the object and 𝑧 𝑖 

is the axial coor-

dinate of the 𝑖-th section.  and  

−1 indicate Fourier transformation and 

inverse Fourier transformation, respectively. 𝑘 𝑥 

and 𝑘 𝑦 

are frequency do-

main coordinates, OTF(𝑘 𝑥 

, 𝑘 𝑦 

; 𝑧 𝑖 

) is the optical transfer function (OTF) 

of the system given by:

OTF(𝑘 𝑥 

, 𝑘 𝑦 

; 𝑧 𝑖) = 𝑒𝑥𝑝 

[

−𝑗 

𝑧 𝑖
2𝑘 0

(𝑘 

2 

𝑥 + 𝑘 

2
𝑦) 

]

× ∬ 

𝑝∗1(𝑥 

′ , 𝑦 

′ )

× 𝑝 2

( 

𝑥 

′ +
𝑓
𝑘 0

𝑘 𝑥, 𝑦 

′ +
𝑓
𝑘 0 

𝑘 𝑦 

)

× 𝑒𝑥𝑝 

[

𝑗 

𝑧 𝑖
𝑓
(𝑥 

′𝑘 𝑥 

+ 𝑦 

′𝑘 𝑦 

) 

] 

𝑑𝑥 

′ 𝑑𝑦 

′ (2)

where 𝑘 0 

= 2𝜋∕𝜆 is the wavenumber (or propagation constant), and 𝜆 

represents the wavelength of the He-Ne laser. ∗ represents conjugate 

operation on complex matrix, and 𝑓 is the focal length of the lens L3. 

The variables 𝑥 

′ and 𝑦 

′ denote the intermediate variables used within 

the convolution of 𝑝 1 and 𝑝 2. It’s notable in Eq. (2) that the OTF changes

according to the choise of pupils, as is the spatial impulse response of 

the system given below:

ℎ(𝑥, 𝑦; 𝑧 𝑖 

) =  

−1 {𝑂𝑇 𝐹 (𝑘 𝑥, 𝑘 𝑦 

; 𝑧 𝑖)} (3)

To retrieve the information at a certain distance (e.g., 𝑧 = 𝑧 𝑑 

), the 

spatial impulse response for reconstruction ℎ 𝑟 

(𝑥, 𝑦; 𝑧 𝑑 

) is required. The

reconstructed sectional image can therefore be expressed as:

𝐼 𝑜𝑢𝑡(𝑥, 𝑦) = ℎ𝑜𝑙𝑜(𝑥, 𝑦) ⊗ ℎ 𝑟 

(𝑥, 𝑦; 𝑧 𝑑 ) 

=
𝑁
∑ 

𝑖=1
 

−1 { [𝐼(𝑥, 𝑦; 𝑧 𝑖)] ⋅ 𝑂𝑇 𝐹 (𝑘 𝑥 

, 𝑘 𝑦 

; 𝑧 𝑖) 

⋅ 𝑂𝑇 𝐹 𝑟(𝑘 𝑥 

, 𝑘 𝑦 

; 𝑧 𝑑 )} (4) 

where 𝐼 𝑜𝑢𝑡 

(𝑥, 𝑦) is the reconstructed sectional image, and ⊗ denotes

the convolution operation. 𝑂𝑇 𝐹 𝑟 

(𝑘 𝑥 

, 𝑘 𝑦 

; 𝑧 𝑑 

) denotes the expression of

ℎ 𝑟 

(𝑥, 𝑦; 𝑧 𝑑 

) in spatial frequency domain, derived from Eq. (3)

As previously stated in Eq. (2), the overall performance of an OSH 

system can be tailored to meet specific application needs by meticu-

lously selecting and designing the pupils. Here, we mainly consider two 

strategies for pupil selection:

𝑎) In the normal OSH system, the pupils are chosen as 𝑝 1 

(𝑥, 𝑦) = 1,
𝑝 2 

(𝑥, 𝑦) = 𝛿(𝑥, 𝑦). (Set 𝑝 1 

as a collimating mirror, and 𝑝 2 as a pinhole board
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Fig. 2. The network architecture of U-net. The arrows indicate the layers of the sampling process within the network, and the green blocks represent the feature maps 

generated by each sampling process.

for example.) Then the reconstructed sectional image in Eq. (4) can be 

expressed as [29]:

𝐼 𝑜𝑢𝑡(𝑥, 𝑦) =
𝑁
∑ 

𝑖=1
 

−1 

{ 

 [𝐼(𝑥, 𝑦; 𝑧 𝑖)] × 𝑒𝑥𝑝 

[ 

𝑗
𝑧 𝑑 − 𝑧 𝑖
2𝑘 0

( 

𝑘2𝑥 + 𝑘 

2
𝑦

) 

]}

= 𝐼(𝑥, 𝑦; 𝑧 𝑑 ) + 

𝑖≠𝑑
∑

 

−1 

{ 

 [𝐼(𝑥, 𝑦; 𝑧 𝑖)]

× 𝑒𝑥𝑝 

[

𝑗 

𝑧 𝑑 − 𝑧 𝑖
2𝑘 0

(𝑘 

2
𝑥 + 𝑘 

2
𝑦) 

]}

(5)

where 𝐼 𝑜𝑢𝑡(𝑥, 𝑦) is composed of two terms. The first term is the de-

sired sectional image 𝐼(𝑥, 𝑦; 𝑧 𝑑 ) , while the second term denotes defocus

noise generated from other sections. The pupils’ functions are simplified 

according to their values of 1 or 𝛿(𝑥, 𝑦).
𝑏) In the case of an OSH system with random-phase pupil, the specific 

design can be set as follows: 𝑝 1 

(𝑥, 𝑦) = 𝑒𝑥𝑝[𝑗2𝜋 ⋅ 𝑠(𝑥, 𝑦)], where 𝑠(𝑥, 𝑦) 

denotes an independent random function uniformly distributed in the

interval [0, 1] and 𝑝 2 

(𝑥, 𝑦) = 1. To achieve this mechanism, 𝑝 1 

would be 

set as a random phase mask with a spatial light modulator, and 𝑝 2 as

a collimating mirror. The resulting interference pattern created by this 

setup can be recorded to form a hologram. During the numerical recon-

struction phase, a spatial impulse response for reconstruction ℎ 𝑟 

(𝑥, 𝑦; 𝑧 𝑑 

) 

is also required. In this case, it is constructed by two numerical pupils, 

with 𝑝 1𝑟(𝑥, 𝑦) = 1  and another random phase mask 𝑝 2𝑟 

(𝑥, 𝑦) to meet the

condition 𝑝∗1(𝑥, 𝑦) ⋅ 𝑝 2𝑟(𝑥, 𝑦) = 1. In this way, Eq. (4) can be rewritten as

follows [13]:

𝐼 𝑜𝑢𝑡(𝑥, 𝑦) =
𝑁
∑ 

𝑖=1
 

−1 

{ 

 [𝐼(𝑥, 𝑦; 𝑧 𝑖)] × 𝑒𝑥𝑝 

[ 

𝑗
𝑧 𝑑 − 𝑧 𝑖
2𝑘 0 

(𝑘 

2
𝑥 + 𝑘 

2
𝑦) 

]

×𝑃 

∗
1

( 

−
𝑧𝑖𝑘𝑥
𝑓 

,−
𝑧𝑖𝑘𝑦
𝑓

) 

⋅ 𝑃 2𝑟

(

𝑧 𝑑 

𝑘 𝑥
𝑓

,
𝑧𝑑𝑘𝑦
𝑓 

)}

= 𝐼(𝑥, 𝑦; 𝑧 𝑑 ) +
𝑖≠𝑑
∑ 

 

−1 

{ 

 [𝐼(𝑥, 𝑦; 𝑧 𝑖 

)] × 𝑒𝑥𝑝 

[ 

𝑗 

𝑧 𝑑 − 𝑧 𝑖
2𝑘 0

(𝑘 

2 

𝑥 + 𝑘 

2
𝑦) 

]

×𝑃 

∗
1

( 

− 

𝑧 𝑖 

𝑘 𝑥
𝑓

,− 

𝑧 𝑖 

𝑘 𝑦

𝑓 

) 

⋅ 𝑃 2𝑟

(

𝑧 𝑑 

𝑘 𝑥
𝑓 

,
𝑧𝑑𝑘𝑦
𝑓 

)}

(6)

where 𝑃 1 

and 𝑃 2𝑟 represent the Fourier transformation of 𝑝 1 and 𝑝 2𝑟 

,

respectively. Both 𝑃 2 and 𝑃 1𝑟 are omitted due to their values being equal 

to 1. By comparing both the second items of Eqs. (5) and (6), it can be 

inferred from Eq. (6) that the random phase pupil has transformed the 

out-of-focus noise into forms that differ from those of the traditional 

dofocus noise, as shown in Eq. (5).

2.2. U-net

U-net is a popular CNN architecture that was originally designed for 

image segmentation tasks [30]. It is based on the fully convolutional 

network (FCN) architecture, which was first proposed by Long et al. in 

2016 [31].

The network is characterised by an encoder-decoder structure, and 

the name ‘U-net’ is derived from its symmetric architecture, which re-

sembles the letter ‘U’. The network architecture of U-net is composed of 

two paths, as illustrated in Fig. 2. The encoding path comprises layers of 

‘double convolution and down-sampling’, while the decoding path con-

tains layers of ‘up-sampling and double convolution’. The term ‘Double 

convolution’ refers to the consecutive application of two 3 × 3 convo-

lutional kernels, accompanied by a batch normalization (BN) operation 

and a reflected linear unit (ReLU, defined as 𝑅𝑒𝐿𝑈 (𝑥) = max(0, 𝑥)) acti-

vation [32]. The padding of the convolutional kernels is set to a value 

of 1, to ensure that the dimensions of the input and output are identical 

In the double convolution layers of U-net, the output of the 𝑙-th layer, 

denoted as 𝑥 

𝑙 , is obtained from the output of the previous layer 𝑥 

𝑙−1 .

This process can be expressed as follows:

𝑥 

𝑙
𝑗 = 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛

(𝑁𝑙−1
∑

𝑖=1
𝑥 

𝑙−1
𝑖 ⊗ 𝑤 

𝑙
𝑖𝑗 + 𝑏 

𝑙 

𝑗

) 

(7) 

where 𝑁  

 

indicates the number of feature maps at the𝑙   𝑙-th layer, and

𝑗 = 1, 2,… , 𝑁 is𝑙  the index accordingly. The weight map 𝑤  

 

𝑙 and𝑖𝑗  bias

map 𝑏 

𝑙 are updated during the model𝑗   training process. 

Subsequently, down-sampling is performed using a 2 × 2 max pooling 

operation, which reduces the size of the feature maps while increasing 

the number of channels to facilitate further weight updates. Conversely, 

in the upsampling path, this process is reversed by applying a 2 × 2 de-

convolutional kernel that halves the number of feature channels. In the 

case of feature maps with the same number of feature channels in the 

down-sampling and up-sampling paths, U-net employs skip-connections 

between corresponding layers in the downsampling and upsampling 

paths to preserve important features throughout the training process. 

Finally, a 1 × 1 convolutional kernel is employed to generate the output 

image.

U-net has been applied to tasks beyond the biomedical image seg-

mentation domain, such as image denoising and restoration etc. [33,34]. 

It has consistently demonstrated exceptional performance, highlighting 

its ability to learn robust features and generalize well even with limited 

data [30,35,36]. Previously, we employed the U-net algorithm to reduce
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(b)(a)

(d)(c)

Fig. 3. Reconstruction images with (a) defocus noise and (b) speckle noise in 

the input dataset, (c) and (d) are the original noise-free images.

(a) (b) (c)

(d) (e) (f)

Fig. 4. Model performance tested with simulated noise images: (a) and (d) the 

original noise-free images; (b) image with defocus noise; (e) image with speckle 

noise. (c) and (f) are the recovered output images of the fine-tuned U-net.

speckle noise based on a standard OSH dataset comprising 10,422 im-

ages [37]. In this manuscript, we will further investigate the efficacy of 

the U-net algorithm in processing multi-type noise on a small dataset.

3. Simulation and discussion

In this section, the proposed method was demonstrated via simula-

tion. The laser wavelength was centered at 632.8 nm, and the focal length 

of the lens L1 and L2 was 𝑓 = 75 mm. Objects with two sections were 

used to generate the dataset. The coordinates of the two sections in 𝑧-axis 

(i.e. 𝑧 1 

and 𝑧 2 

) are randomly distributed in the interval [10, 300] mm. The 

size of each section was 130 mm ∗ 130 mm, and was sampled to 128× 128 

pixels.

Fig. 3(a) and (b) show some of the sample images with defocus noise 

as well as speckle-like noise. These noisy images are generated from the 

other section based on Eqs. (5) and (6), respectively. The original, noise-

free images are shown in Fig. 3(c) and (d). These images constitute the 

dataset and are employed as the input images for the U-net model.

The training process of the deep learning models was conducted on 

a computer equipped with an NVIDIA RTX 4090 GPU which is allocated 

24GB of graphics memory, an Intel Xeon Gold 6430 CPU, and 120GB of 

cache memory. This configuration was employed to accelerate the train-

ing process. The process is implemented using the PyTorch framework 

in particular.

The hyper parameters of the fine-tuned model are set as follows: orig-

inal learning rate 𝑙𝑟 0 

= 8𝑒−3, which is cosine annealed to 𝑙𝑟 𝑒𝑛𝑑 

= 1𝑒−7. 
The weight decay is set to 0.09 if required, and the batch size is 16. Each 

model was trained for 60 epochs. The optimizer utilized is AdamW. In 

conjunction with this, the Charbonnier loss function can be expressed as 

follows:

𝐿𝑜𝑠𝑠 𝐶ℎ𝑎𝑟𝑏𝑜𝑛𝑛𝑖𝑒𝑟 

(𝑋, 𝑌 ) =
𝑀
∑

𝑖=1

√

(𝑦𝑖 − 𝑥 𝑖 

) 

2 + 𝜖 

2 , 𝜖 > 0 (8)

where M is the total number of pixels in each image. The regularization 

term, 𝜖, is introduced to prevent the loss from becoming too small, which 

could result in computational errors due to the limitations of computer 

data storage. In order to construct the input datasets, each image con-

taining noise was paired with a noise-free image, which served as the 

learning target. 1000 sets of image pairs were generated via simulation 

for training purposes, with an additional 300 pairs selected for evalua-

tion. These input datasets comprise images with two different types of 

noise: defocus noise and speckle noise. The ratio of image pairs with 

them was maintained at an equal ratio in both sets, i.e. 50 % ∶ 50 %. 
Following the training of the model, another 1000 simulated noise-free 

images are used to generate two test sets based on Eqs. (5) and (6)

Fig. 4 illustrates the denoising performance of our fine-tuned U-net 

model on two example images in the test sets, one with defocus noise 

(Fig. 4(b)) and the other with speckle noise (Fig. 4(e)). Fig. 4(a) and 

(d) show the original, noise-free images, while the recovered output of 

the trained model is displayed in Fig. 4(c) and (f), respectively. It is 

noteworthy that the model performs well on both the two test images 

with distinct noise features.

The evaluation criteria for the recovered images in this work are 

the Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index 

(SSIM), as defined by Eqs. (9) and (10) respectively.

PSNR(𝑋, 𝑌 ) = 10 log 

(2 

𝑏 − 1) 

2

MSE(𝑋, 𝑌 )
for gray images, b = 8 (9)

SSIM(𝑋, 𝑌 ) = 

(2𝑢 𝑥 

𝑢 𝑦 

+ 𝑐 1 

)(2𝜎 𝑥𝑦 + 𝑐 2 

)

(𝑢 

2
𝑥 + 𝑢 

2
𝑦 + 𝑐 1)(𝜎 

2
𝑥 + 𝜎 

2 

𝑦 + 𝑐 2) 

∈ [0, 1] (10)

where MSE(𝑋, 𝑌 ) is the mean square error of the 2-D matrices X and Y. 

The expected value of X and Y are denoted by 𝑢 𝑥 

and 𝑢 𝑦 

, respectively. 

The standard deviations of X and Y are represented by 𝜎 𝑥 

and 𝜎 𝑦 

, while 

the covariance of X and Y is denoted by 𝜎 𝑥𝑦 

. The constants 𝑐 1 

and 𝑐 2 

are 

used to avoid zero-division errors. It is important to note that these two 

criteria for a dataset are calculated into the average value of all images 

within the dataset.

3.1. Dataset size analysis

In this subsection, we will investigate the model’s performance and 

stability on small datasets with the proposed fine-tuned U-net model. 

The purpose of this simulation is to see if the output of the model re-

mains stable when the size of the training set is changed by a certain 

percentage, in this case 10 % up and down at sizes of 1000, 2000 and 

3000.
Fig. 5 shows the outcomes of the PSNR and SSIM metrics in relation 

to the training set sizes, which range from 900 to 3300. These metrics 

generally exhibit a positive correlation with the increase in the size of 

the training set. And the SSIM value has already reached a stable range of 

more than 0.997 in both test sets. Typically, the quality of the recovery 

images will be commensurate with that of the original ones when the 

PSNR value reaches 40 dB or above. It can be seen from Fig. 5 that 

the fine-tuned U-net model, trained with a mere 1000 training set, is 

effective in both the defocus-noise and speckle-noise test sets: the PSNR 

and SSIM values for the test set with defocus noise are 42.904 dB and 

0.9982 Fig. 5(a); while the PSNR and the SSIM values for the speckle 

noise test set is 40.531 dB and 0.9975 Fig. 5(b).

Consequently, the model trained with U-net can achieve good per-

formance with only 1000 dataset size, as mentioned above, when the 

proposed fine-tuning strategies are employed. A detailed analysis of 

the fine-tuning of optimizers and loss functions will be presented 

subsequently in Section 3.4.
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Fig. 5. Model performance tested with (a) defocus-noise test set and (b) speckle-

noise test set; the x-axis represents the size of the training set, while the left and 

right y-axes indicate the criteria PSNR and SSIM, respectively.

Fig. 6. Model performance tested with (a) defocus-noise test set and (b) speckle-

noise test set; the x-axis represents the proportion of images with defocus-noise 

in the training dataset; the left and right y-axes indicate the criteria PSNR and 

SSIM, respectively.

3.2. Multi-type noise dataset analysis

This subsection examines the impact of the data ratio of images with 

defocus noise and speckle noise in the training sets. This is to investigate 

the stability of the fine-tuned model when varying the composition of 

the training data.

Fig. 6 illustrates the influence of the data ratio of two different types 

of noise images in the 1000 training set on the performance of the model. 

One can observe from this figure that as the proportion of images with 

defocus noise increases, the performance of the model improves on the 

defocus noise test set, and slightly decreases on the speckle noise test 

set. This is to be expected, given that the model is trained with a greater 

number of images containing defocus noise.

However, the variation in performance is not particularly signifi-

cant when increasing the proportion of images with defocus noise in 

multi-type noise datasets. As shown in Fig. 6(a), the PSNR varies from 

42.002 dB to 43.376 dB, while the SSIM remains constantly above 0.997 

across these datasets. In contrast, when the model is trained exclusively 

on a full speckle noise dataset (i.e., no images exhibit defocus noise), 

both PSNR and SSIM values degrade to 39.895 dB and 0.9938, respec-
tively. In Fig. 6(b), the model’s performance on the speckle noise test 

set shows minimal changes when the proportion of images with defocus 

noise is below 50 %. However, as the proportion increases from 50 % to 

100 %, PSNR and SSIM decrease to 39.494 dB and 0.9968, respectively. 
These results indicate the robustness of the proposed model, which is 

trained on datasets with a moderate proportion of both types of noise.

3.3. Information entropy analysis

The objective of this subsection is to investigate the outcome that 

the model trained with a small dataset can still achieve acceptable re-

covery results for images with different complexities. To this end, an 

information entropy (IE) analysis was conducted on various datasets 

[38]. 

First-order information entropy (denoted as IE 1 

) measures the unpre-

dictability of individual pixel values, while second-order information

Table 1 

Average value of first order and second order information entropy (IE 1 

& IE 2 

)

with different datasets.

Dataset type IE 1 IE 2 IE 1 bias IE 2 bias

Original_Letter 0.2420 0.4873 – –

Defocus_Letter 2.1105 3.0233 1.8685 2.536

Speckle_Letter 5.4671 9.5064 5.2251 9.0191

Original_DSP 7.3205 11.6923 – –

Defocus_DSP 7.3780 11.8695 0.0575 0.1772

Speckle_DSP 7.2099 11.8189 0.0206 0.1266

(a) (b) (c)

Fig. 7. Examples of standard ‘DSP’ images: (a) original image, reconstruction 

images with (b) defocus noise and (c) speckle noise.

entropy (IE 2 

) provides a deeper understanding of the image’s texture 

and structure by considering the relationships between adjacent pixels. 

Analyzing both can be very useful for image quality assessment.

In the simulation datasets, the average value of information en-

tropy is calculated based on 10 images from each image type. The 

Average value of first order and second order information entropy 

(IE 1 

& IE 2 

) with different datasets are listed in Table 1, where ‘Letter’ 

denotes the simulated images with Alphabet letters, while ‘DSP’ in-

dicates standard digital signal processing images. ‘Original’ represents 

the original, noise-free images, whereas ‘defocus’ and ‘speckle’ indi-

cate the two aforementioned types of OSH noise, respectively. Bias is 

defined as the difference of absolute value between noise images and 

clean images. (e.g., the IE 1 

bias of Defocus_Letter dataset equals to 

𝑎𝑏𝑠(2.1105 − 0.2480) = 1.8685).
The simulated images with Alphabet letters as well as the correspond-

ing reconstruction noisy ones are previously illustrated in Fig. 3. One of 

the original ‘DSP’ images and the reconstruction images with different 

types of noise, are presented in Fig. 7.

As illustrated in Table 1, the IE of original images differs significantly 

from that of noise images for simulated images with Alphabet letters. In 

contrast, the IE remains relatively constant for DSP images with different 

noise.

The results of the corresponding denoised output of the models 

trained on different datasets are presented in Table 2. Each training set 

contains 1000 noisy images. These models are then tested on a test set 

with different noise data. One can observe that the models trained on 

‘Letter’ datasets both reach PSNR and SSIM values of more than 40 dB 

and 0.997, respectively. On the other hand, the models trained on ‘DSP’ 

datasets performed terribly, with PSNR below 15 dB and SSIM around 

0.5. In order to enable the models to achieve satisfactory recovery re-

sults, large-scale datasets are required for cases with closer complexity 

between clean images and noise images. As previously demonstrated in 

our research [37], approximately 10,920 training samples were required 

to achieve a PSNR and SSIM score that was barely acceptable.

This outcome aligns with the functionality and characteristics of the 

U-net architecture. It is challenging to achieve satisfactory denoising 

results if there is a closed IE bias between the original images and the 

training datasets.

In conclusion, for noisy datasets with large bias of IE, it is possible to 

achieve good results with a smaller number of samples. The bias index 

of IE thus provides a reference point (e.g., the IE bias is greater than 1.8
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Table 2 

Denoising results of the models trained on different datasets.

Dataset type Reconstrcution result

PSNR SSIM

Defocus_Letter 43.518 0.9994

Speckle_Letter 40.779 0.9987

Defocus_DSP 14.510 0.6123

Speckle_DSP 13.330 0.4974

in our case) for the learning of small datasets, which can be applied to 

fields where the collection of information is challenging, such as medical 

bio-image processing.

3.4. Optimizer and loss function analysis

In this subsection, we will analyze the performance of the proposed 

fine-tuned U-net model with different optimizers and loss functions.

Optimizer, as a crucial component of the deep learning training 

pipeline, employs specific optimization algorithms, such as Stochastic 

Gradient Descent (SGD), Adaptive moment estimation (Adam), and oth-

ers, to determine the direction and magnitude of parameter updates 

during training [39]. SGD is a classic optimization strategy that can 

maintain a reliable optimization direction by introducing the concept 

of momentum. Adam is a strategy that adapts the learning rates for 

each parameter based on the first and second moments of the gradi-

ents, while AdamW (Adam with weight decay) is an extension of the 

Adam optimization strategy that incorporates weight decay directly 

into the parameter update rule. Weight decay is a regularization tech-

nique used to prevent overfitting by penalizing large weights, effectively 

encouraging simpler models.

The loss function, as another fundamental component in machine 

learning, defines the training objective for a learning model. There is 

a wide variety of loss functions that can be used in the learning pro-

cess, including Mean Squared Error (MSE) loss, L1 loss, Smooth L1 loss, 

Charbonnier loss, etc. The MSE and the L1 loss are loss functions that 

essentially calculate the norms between the denoised output and the 

original image [40]. The Smooth L1 loss is a combination of MSE and 

L1 at different ranges of the arguments. The Charbonnier loss can be 

defined as the L1 loss with a regularization term. This loss function can 

converge to the optimal model more rapidly during the training pro-

cess [41]. The selection of an appropriate loss function for a given task 

is of crucial importance for the model’s performance and generalization 

capability.

A comparative study of model performance with different combina-

tions of optimizers and loss functions was conducted, and the results are 

listed in Table 3. In the simulation, a dataset with size of only 1000 and an 

equal ratio of two types of noise images are employed for training. And 

the two formerly generated test sets are used to analyse different mod-

els, as listed in Table 3. ‘Test Set 1’ refers to the test dataset with defocus 

noise, while ‘Test Set 2’ is the test dataset with speckle noise. Charbon. 

stands for the Charbonnier loss function. We selected three optimizers 

(SGD, Adam, and AdamW) and four loss functions (MSE, L1, Smooth L1 

and Charbonnier) to identify the optimal combination. It is notable that 

the combination of the AdamW optimizer and the Charbonnier loss func-

tion shows the best performance in terms of the PSNR value of the test 

set 1 and both two criteria of the test set 2. Furthermore, in the context 

of SSIM in the test set 1, the value reaches 0.9982.
The results indicated that the combination of AdamW and 

Charbonnier Loss is the most effective with the proposed fine-tuning 

hyper parameters.

3.5. Comparison of other learning-based network architectures

To further explore the potential for enhanced performance on small 

datasets with close IEs, as discussed in Section 3.3, this subsection 

presents an analysis conducted on datasets featuring different IEs. We

Table 3 

A comparison of the performance of models trained with different optimizers 

and loss functions. The bold numbers represent the best performance under all 

listed conditions.

Optimizer Loss func. Test set1 Test set2

PSNR SSIM PSNR SSIM

𝑆𝐺𝐷 𝐶ℎ𝑎𝑟𝑏𝑜𝑛. 24.194 0.8946 24.377 0.7721

𝐴𝑑𝑎𝑚 𝐶ℎ𝑎𝑟𝑏𝑜𝑛. 41.071 0.9955 30.253 0.9971

𝐴𝑑𝑎𝑚𝑊 𝐶ℎ𝑎𝑟𝑏𝑜𝑛. 42.904 0.9982 40.531 0.9975

𝐴𝑑𝑎𝑚𝑊 𝐿1 42.518 0.9983 40.326 0.9975

𝐴𝑑𝑎𝑚𝑊 𝑆𝑚𝑜𝑜𝑡ℎ 𝐿1 41.864 0.9962 39.798 0.9946

𝐴𝑑𝑎𝑚𝑊 𝑀𝑆𝐸(𝐿2) 41.712 0.9899 39.529 0.9897

Table 4 

A comparison of the performance of models trained with different learning-based 

network architectures. The bold numbers represent the best performance among 

all listed conditions.

Test sets Model

(Dataset size: 1000) U-net DnCNN Uformer

PSNR SSIM PSNR SSIM PSNR SSIM

Defocus_Letter 43.518 0.9994 44.945 0.9996 37.576 0.9718

Speckle_Letter 40.779 0.9987 41.087 0.9989 24.173 0.9625

Defocus_DSP 14.510 0.6123 14.464 0.5165 13.395 0.3965

Speckle_DSP 13.330 0.4974 12.387 0.4310 11.597 0.2072

employed two additional distinct learning-based network architectures: 

DnCNN [42] and Uformer [34].

DnCNN is a CNN model introduced by K. Zhang and colleagues in 

2017. Like U-Net, it is effective for noise suppression tasks. The archi-

tecture employs residual learning and batch normalization techniques, 

which reduce the input data complexity. This allows for the use of 

larger datasets even with limited computational resources. Additionally, 

DnCNN features a deeper architecture, accommodating more layers than 

most standard CNNs.

Uformer was first presented in 2022 by Wang et al. and is designed 

for image restoration tasks, including those involving motion blur and 

defocus blur. This model combines U-net and Transformer architec-

ture [43], which has been widely used in large language models (LLMs). 

The name “Uformer” reflects its U-shaped Transformer design. Within 

the network architecture of Uformer, a novel locally-enhanced win-

dow (LeWin) Transformer block and a learnable multi-scale restoration 

modulator are utilized. These components introduce a self-attention 

mechanism and adjust features across multiple layers of the decoder. 

However, Uformer typically requires hundreds of millions of images 

as input data due to its Transformer-based construction. Consequently, 

it can be reasonably assumed that the performance of Uformer on a 

small dataset would not meet expectations, a point that will be further 

illustrated in our subsequent analysis.

A comparative study of model performance with various learning-

based networks was conducted, with results presented in Table 4. Each 

training set contains 1000 noisy images. Under the same training pa-

rameters, DnCNN shows the most optimal performance in the simulated 

datasets comprising Alphabet letters, that are with distinct IEs. Models 

trained with U-net outperform the other two networks on the Standard 

DSP datasets, which are with close IEs, while they perform slightly 

lower than DnCNN in the datasets with Alphabet letters. As anticipated, 

Uformer performs the worst on such small dataset task among the three 

networks.

This outcome indicates that, for small datasets with close IEs, existing 

deep learning methods may struggle to achieve high-quality results in 

noise suppression tasks. However, it may be feasible to utilize techniques 

such as transfer learning, leveraging a large model trained on billions of 

images, to obtain acceptable results in future applications [44].
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4. Experimental data analysis

The proposed method has also been experimentally verified. In the 

OSH experimental setup, a He-Ne laser with a wavelength centered at 

𝜆 = 632.8 nm is used to generate coherent light. The diameter of the

collimated beam is 𝐷 = 25 mm, and the focal length of the lens is 𝑓 =
500 mm. A 3D object is employed with two slides located at 𝑧 1 

= 87 cm 

and 𝑧 2 

= 107 cm, respectively. In this experimental setup, we focused 

exclusively on images that exhibited defocus noise. Therefore, the choice

of the pupils was set as follows: 𝑝 1 

(𝑥, 𝑦) = 1, 𝑝 2 

(𝑥, 𝑦) = 𝛿(𝑥, 𝑦) in the

hologram recording process, and 𝑝 1𝑟 

(𝑥, 𝑦) = 𝛿(𝑥, 𝑦), 𝑝 2𝑟(𝑥, 𝑦) = 1 in the

reconstruction process.

The hologram was sampled to a size of 500 × 500 pixels and resized 

to 128 × 128 pixels to fit the model training input. Fig. 8(a) illustrates 

the structure of the 3D object. The real part and the imaginary part of 

the recorded hologram are shown in Fig. 8(b) and (c), respectively.

The original sectional images of the object with two slides are shown 

in Fig. 9(a). And the recovery sectional images with traditional recon-

struction method as well as the inverse-image method are shown in 

Fig. 9(b) and (c), respectively. Fig. 9(d) presents the output of our fine-

tuned U-net model, which was trained with only the 1000 dataset and 

an equal ratio of the two types of noise. It is evident that the U-net 

model has the most optimal performance in our experimental data. The 

performance comparison of different reconstruction methods on experi-

mental data is listed in Table 5, where ‘𝑆’&‘𝐻 ’ represent the two sections 

of the object, respectively. The results of the numerical analysis also 

demonstrated the best performance of the U-net model.

The poor reconstruction quality observed with the conventional 

OSH method can be attributed to its reliance on the conjugate func-

tion of the optical transfer function (OTF) for image recovery. This 

approach inherently leads to the introduction of defocus noise, as con-

tributions from unfocused sections are reflected in the reconstructed 

images. Consequently, the presence of this noise significantly degrades 

the overall image quality, making it challenging to accurately analyze 

the details of the object being imaged.

Fig. 8. (a) Object with two slides; (b) the real part and (c) the imaginary part of 

the recorded hologram.

(b)(a)

(d)(c)

Fig. 9. (a) The original sectional images of the 3D object; (b) the sectional images 

with defocus noise recovered from the experiment with the classic OSH method; 

(c) the inverse-image method and (d) the U-net trained with our proposed 

method.

Table 5 

Performance comparison of different reconstruction methods on experimen-

tal data. The bold numbers represent the best performance under all listed 

conditions.

Size of training data Section ‘𝑆’ Section ‘𝐻 ’

PSNR SSIM PSNR SSIM

Classic OSH method 22.714 0.3370 17.395 0.2337

Inverse-image method 23.449 0.2311 23.343 0.2030

U-net method(ideal) 36.170 0.9971 27.903 0.9834

U-net method (with Gaussian 

envelope)

33.254 0.9937 31.215 0.9922

Table 6 

Performance comparison of different denoising network architectures on exper-

imental data. The bold numbers represent the best performance among all listed 

conditions.

Network architecture Section ‘𝑆’ Section ‘𝐻 ’

PSNR SSIM PSNR SSIM

U-net 33.254 0.9937 31.215 0.9922

DnCNN 27.556 0.9839 22.597 0.9619

Uformer 17.718 0.4944 19.409 0.4885

Similarly, the inverse-image method demonstrates limitations, pri-

marily due to its neglect of the imaginary component of defocus noise. 

It relies on a Conjugate Gradient (CG) process to approximate the in-

verse imaging solution. As a result, both the conventional OSH method 

and the inverse-image method experience reconstruction quality issues 

stemming from retained or unaccounted defocus noise. These challenges 

highlight the inherent limitations of each approach.

Additionally, it is noteworthy that the recovery pattern of the section 

with letter ‘𝑆’ exhibits higher denoising criteria than the one with letter 

‘𝐻 ’. This is due to the fact that the section with letter ‘𝐻 ’ is located at a 

greater depth along the 𝑧-axis, which results in a higher level of Gaussian 

envelope attenuation. In the simulation process, we have simulated an 

ideal OSH condition, simplifying some detailed parameters such as the 

numerical aperture (NA), Gaussian beam properties, and others that 

will be differ from the specific experimental setup. Consequently, the 

inferior recovery quality of section ‘𝐻 ’ relative to section ‘𝑆’ is to be 

expected.

As a supplementary analysis, we generated an additional simulated 

dataset based on the actual experimental configuration and parameters. 

The U-net model trained on this dataset, which incorporated Gaussian 

envelope attenuation, demonstrated the expected performance in the 

reconstructions of both sections. This improvement is illustrated in the 

last row of Table 5. One can observe from this result that the model 

trained with dataset, involving the Gaussian envelope attenuation, per-

forms much better in section ‘H’ than in the ideal situation. Additionally, 

the performance in section ‘S’ remains at a favorable denoising result, 

with a PSNR of 33.254 dB and SSIM of 0.9937.
Moreover, a comparison of the performance of different networks on 

experimental data is presented in Table 6. All models were trained on a 

dataset incorporating more realistic parameters, including Gaussian en-

velope attenuation. The U-net model shows the best performance among 

the three. This outcome highlights the universality of U-net in handling 

data captured in complex experimental scenarios.

Fig. 10 shows the performance of the U-net trained with differ-

ent dataset sizes, tested on experimental images. The training sets in 

Fig. 10(a) and (b) are of sizes 2𝑘 and 3𝑘, respectively. And the corre-

sponding numerical results are listed in Table 7. It’s notable in Fig. 10 

that the denoising results of section ‘𝑆’ indicate a good performance 

on all listed sizes of training sets. This can be demonstrated in Table 7 

that the criterion of sizes from 1k to 3k all exhibited a PSNR above 

35 dB and a SSIM over 0.997 in section ‘𝑆’. It is as expected according to 

the previous simulation result in Fig. 5(a). While in the section ‘𝐻 ’, the
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(b)(a) 

Fig. 10. The performance of U-net tested on experimental images with different

dataset sizes: (a) 2k; (b) 3k.

Table 7

The performance of U-net trained with different training set sizes on experi-

mental data. The bold numbers represent the best performance under all listed 

conditions.

Size of training data Section ‘𝑆’ Section ‘𝐻 ’

PSNR SSIM PSNR SSIM

1k

2k

3k

36.170

37.434

37.775

0.9971

0.9976

0.9976

27.903

17.346

25.681

0.9834

0.9248

0.9766

Table 8 

The performance of U-net trained with different proportions of noisy images on 

experimental data. The bold numbers represent the best performance under all 

listed conditions.

Proportion of images-with

defocus noise

Section ‘𝑆’ Section ‘𝐻 ’

PSNR SSIM PSNR SSIM

10 %

20 %

40 %

50 %

80 %

90 %

37.352

37.178

36.939

36.170

35.248

34.341

0.9971

0.9971

0.9971

0.9971

0.9951

0.9956

16.266

16.047

27.637

27.903

25.986

26.321

0.8911

0.8896

0.9756

0.9834

0.9766

0.9766

(b)(a) 

Fig. 11. The performance of U-net trained on datasets with proportions of (a) 

40 %; and (b) 90 % images with defocus noise, respectively

(b)(a) 

Fig. 12. The performance of U-net trained with different combinations of opti-

mizers and loss functions tested on experimental data: the model trained with 

(a) SGD optimizer and Charbonnier loss function; and (b) AdamW optimizer and 

L1 loss function.

denoising results of the models trained on the training sets with sizes of 

2𝑘 and 3𝑘 exhibited underfitting and overfitting. The model trained with 

our proposed method on only 1000 size of training set shows the best 

performance. This discrepancy between the simulation outcome and the 

experimental data on Section ‘𝐻 ’ can be attributed to the simplification 

of the physical parameters in the OSH simulation.

Table 9 

The performance of U-net trained with different optimizers and loss functions 

on experimental data. The bold numbers represent the best performance under 

all listed conditions.

Optimizer Loss func. Section ‘𝑆’ Section ‘𝐻 ’

PSNR SSIM PSNR SSIM

𝑆𝐺𝐷 𝐶ℎ𝑎𝑟𝑏𝑜𝑛. 23.187 0.8984 22.300 0.8389

𝐴𝑑𝑎𝑚 𝐶ℎ𝑎𝑟𝑏𝑜𝑛. 35.729 0.9966 15.988 0.8838

𝐴𝑑𝑎𝑚𝑊 𝐶ℎ𝑎𝑟𝑏𝑜𝑛. 36.170 0.9971 27.903 0.9834

𝐴𝑑𝑎𝑚𝑊 𝐿1 36.923 0.9971 27.745 0.9834

𝐴𝑑𝑎𝑚𝑊 𝑆𝑚𝑜𝑜𝑡ℎ 𝐿1 37.422 0.9951 27.686 0.9805

𝐴𝑑𝑎𝑚𝑊 𝑀𝑆𝐸(𝐿2) 37.809 0.9956 27.714 0.9824

The numerical results of U-net tested on experimental data with dif-

ferent proportions of noisy images in the training datasets are listed in 

Table 8. It can be observed that almost all the models, trained with a 

dataset containing images with defocus noise, perform well on the re-

covery of section ‘𝑆’. However, the recovery of section ‘𝐻 ’ exhibited 

underfitting when the proportion of images with defocus noise was at 

a lower level, but overfitting at a higher level. This is illustrated in 

Fig. 11(a) and (b), respectively. In consideration of the aforementioned 

simplification of the physical parameters, it is reasonable to conclude 

that a certain amount of images with defocus noise are necessary for 

U-net to achieve a good performance.

Furthermore, the performance of different combinations of optimizer

and loss function is also tested with the experimental images. Fig. 12 il-

lustrates the performance of two models trained with combinations of 

(a) SGD optimizer with Charbonnier loss function and (b) AdamW opti-

mizer with L1 loss function. The training set comprises an only 1000 size 

dataset with an equal ratio of the two noise types. As listed in Table 9, the 

PSNR values of most of the combinations are all above 35 dB in Section 

‘𝑆’. With regard to the other criterions, the combination of the AdamW 

optimizer and the Charbonnier loss function demonstrates the most opti-

mal performance on the defocus experimental data. This outcome aligns 

with the simulation result in Section 3.4.

5. Conclusion

The removal of undesired noise in sectional image reconstruction in 

DH is a longstanding challenge that has been extensively studied. This 

work demonstrated the capability of U-net in handling multi-type OSH 

noise images with small training datasets. Information entropy analysis 

as well as simulation results indicate that the proposed method performs 

well on images with a certain level of IE bias in a small-size dataset. 

This outcome serves as a reference point for deep learning tasks in do-

mains where data acquisition is challenging, such as medical bio-image 

processing and optical microscopy. Moreover, the experimental analysis 

demonstrated the generalization ability of the U-net model trained with 

our method.

It is believed that the proposed method can achieve better perfor-

mance if trained with actual experimental datasets, which is feasible 

due to its effectiveness with small training sizes.

Additionally, it is worth noting that the test samples used in our 

experiments may not fully represent the complexity of real-world ap-

plications, such as medical or microscopic imaging. Future studies 

will benefit from collaborations with biomedical imaging experts to 

incorporate more biologically relevant specimens.

Moreover, the application of the proposed method to phase-only 

holograms remains an intriguing area that requires further exploration.
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