
  

  

Abstract—Acoustic holography has emerged as a cutting-edge 

technique for constructing a micro-robot acoustic end-effector 

for non-contact manipulation. As one of typical implementations 

of acoustic holography, Binary Amplitude-Only Hologram 

(BAOH) featured with a simple structure provides an efficient 

alternative for modulating acoustic fields that support micro-

robotic manipulation.  In the present study, we propose a deep 

learning based BAOH generation method for constructing 

precise and high-resolution end-effector based on acoustic field. 

Specifically, we model the BAOH generation problem into an 

optimization framework. The framework combines an acoustic 

wave propagation model with the deep neural network, in favor 

of bypassing the laborious collection of labeled data and 

facilitating the model to learn the inverse mapping. Additionally, 

to address the issues of gradient invalidation and information 

loss caused by binarization, the framework uses an adaptive 

binarization layer consisting of differentiable binarization and 

adaptive threshold automatically learned during training, which 

facilitates to realize end-to-end optimization and increase the 

non-linear capacity of the model. The simulation experiments 

show that the proposed method is capable to predict BAOH that 

supports precise, robust, versatile and real-time construction of 

acoustic end-effector, enjoying broad prospects in various 

applications related to micro-robotic manipulation. 

 

I. INTRODUCTION 

Over the past years, the rapid development of microscopic 
techniques and micro-scale manufacturing technology have 
greatly promoted micro-robotic manipulation in the realm of 
robotics. Conventional contact manipulation mechanism may 
encounter challenges of positioning accuracy constraints, 
damage risks and adhesion forces in the micro-scale domain 
[1]. In contrast, non-contact mechanism has delightful 
characteristics of non-invasiveness and high precision, 
providing itself with high applicability to micro-scale 
manipulation [2]. A range of physical field-based end-
effectors have been developed for non-contact robotic 
manipulation. Within this category, acoustic field [3] presents 
unique advantages over its counterparts in optics [4] and 
magnetics [5], including high spatial resolution, low energy 
cost, sufficient penetration depth, non-injury, and reliable 
functionality in various working mediums. These advantages 
imprint acoustic driven manipulation with favorable bio-
compatibility and high adaptability, making it well-suited for 
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comprehensive applications such as drug-delivery [6], and in-
vivo clinical surgery [7].  

Over the past decades, acoustic holography has emerged as 
a revolutionary tool for non-contact manipulation with its 
flexibility of shaping the acoustic wavefront and modulating 
the acoustic field. The modulated field can be regarded as a 
non-invasive acoustic end-effector to maneuver the objects by 
the interaction between the objects and the acoustic waves, 
allowing the operations of trap [8], levitation [9], and rotation 
[10], etc. To date, there are two dominant approaches for the 
implementation of acoustic holography, encompassing phased 
array transducers (PAT) [11] and metasurface [12]. PATs use 
individually controllable wave-emitters to generate 
dynamically tunable and reconfigurable wavefronts via wave 
superposition. However, since every addressable transducer 
requires independent support driving circuit, such complex 
fabrication leads to limited controllable elements, insufficient 
resolution and tedious calibration process, which impose 
limitations on the degree of freedom and hinder more precise 
manipulation especially at the microscale [13]. In comparison, 
in the form of two-dimensional metamaterials of 
subwavelength thickness [12], metasurface provides a viable 
light-weight device to tailor the acoustic fields with 
diffraction-limited resolution at relatively low cost.  

Among various kinds of acoustic holograms, binary 
amplitude-only hologram (BAOH), featured by encoding 
amplitude profile with binary digits, inherently aligns well 
with metasurface. Taking advantage of acoustic impedance 
mismatch principle, a border between two different mediums 
could block the transmission of incident waves, which enables 
a patterned metasurface encoding the BAOH to steer the 
acoustic beams. The simple structure of BAOH avoids the 
relatively sophisticated and intricate fabrication process that is 
indispensable for phase retardation based metasurface [12]. 
Moreover, BAOH is compatible with surface micro-
machining technology and programmable metasurface [14] to 
fulfill spatial ultrasound modulation, showcasing its capability 
in dynamic acoustic robotic manipulation.  

Computer-Generate holography (CGH) methods are 
proposed to digitally record and synthesize holographic 
interference patterns. The iterative ones, such as iterative 
angular spectrum approach (IASA) [15], iterative 
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backpropagation [3], weighted Gerchberg-Saxton [16], and 
Diff-PAT [17] suffer from high computation cost and 
suboptimal convergence, making them not suitable for robotic 
manipulation in practice that requires high efficiency and 
precision. Recently, the success of deep learning (DL) [18] in 
interdisciplinary applications has encouraged the society to 
delve into leveraging deep neural networks for acoustic 
hologram generation [19, 20]. Nevertheless, mainstream 
researches mentioned above predominantly focus on phase 
and/or amplitude holograms and the research regarding BAOH 
is relatively limited. In the context of BAOH, binarization of 
amplitude profile will inevitably invalidate the optimization 
process and discarding of phase profile will bring about 
information loss. Thus, there is a pressing need for mitigating 
the information loss and obtaining BAOH that supports 
acoustic manipulation with high-fidelity. 

This paper proposes a novel physics-based deep learning 
framework for BAOH calculation. Incorporated with acoustic 
wave propagation model, the framework is realized in a self-
supervised learning manner with no need of collecting paired 
data. To mitigate the information loss and tackle gradient 
invalidation caused by traditional binarization, the framework 
adopts an adaptive binarization layer that includes a 
differentiable binarization function and automatically learnt 
adaptive threshold. The bespoke layer is embedded in the 
training process to realize end-to-end learning. The 
experiments showcase that the proposed framework provides 
a feasible and effective alternative for robotic manipulation 
that surpasses existing BAOH calculation algorithms in 
aspects of both precision and real-time performance.  

II. ACOUSTIC ROBOTIC MANIPULATION BASED ON BAOH 

A. Manipulation with Acoustic Micro-Robot End-Effector  

Arbitrarily defined and user-specific acoustic fields have 
sprung up as a cutting-edge end-effector for non-contact 
micro-robot manipulation, where tailored wavefronts can 
interact with the operational target and implement robotic 
manipulation techniques such as acoustic levitation [21] and 
acoustic tweezers [3]. The mechanism behind manipulation 
with acoustic fields primarily involves the impact of sound 
waves on the object through the exertion of acoustic radiation 
force (ARF), which enables acoustic field to manipulate 
objects whose densities or compressibilities differ from those 
of their surrounding media. Therefore, acoustic field 
configured into unique morphology could serve as a non-
contact end-effector in support of customized micro-robotic 
manipulation. Frequently-used morphologies include single 
foci, twin trap, and vortex [3]. Besides, acoustic fields 
encoding with arbitrary patterns permit continuous migration 
of particles along trajectories [13]. These accomplishments 
showcase the flexibility of acoustic fields in dynamic and 
reconfigurable manipulation.  

Fig. 1 illustrates the encoding and reconstructing the 
acoustic field-based end-effector implemented with BAOH. 
By using BAOH, the morphology of the acoustic field at the 
target plane can be tuned by modifying sound transmission of 
incident waves. The transmitted acoustic waves, which 
encodes with binary amplitude profile and uniform phase 
profile, propagate through the working medium and form an 
interference field at the target plane following the 
superposition principle. Given a requested acoustic 

manipulation procedure, encoding the source BAOH with 
corresponding acoustic field can be articulated as an ill-posed 
inverse problem. It is a key concern to seek for the optimal 
BAOH generation method with the goal to achieve satisfactory 
reconstruction performance and thus fulfill precise robotic 
manipulation. 

  

Figure 1. Schematic of acoustic micro-robotic end-effector implemented with 

BAOH. 

B. Acoustic Field Generation with BAOH 

To mathematically formulate the inverse problem, we 
establish the definitions as follows. The source plane is 
denoted as S, and the target plane is denoted as T, which are 

both discretized into mn pixels. The forward and backward 
acoustic wave propagation between S and T, i.e. 
reconstruction and encoding, are two symmetric processes 
modelled by the angular spectrum method (ASM) [22].  In the 
setting of BAOH, the source amplitude profile AS is encoded 

with binary digits and the phase profile φ S is uniformly 

distributed, denoted as φU. The forward propagation f from 

the source BAOH to target pressure field is formulated as: 
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where U(0) denotes the uniform distribution with a fixed value 

of 0, AS {0,1}m×n consists with m×n pixels that have the 
values of either 0 or 1, and pC represents the reconstructed 
acoustic pressure field on T. Intuitively, given the expected 
pressure field pE, the inverse problem f -1 can be articulated as:
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The encoding process formulated in (2) is nonlinear, non-
convex, and may have multiple solutions or even fail to 
converge. Thus, we formulated the BAOH generation problem 
into an optimization process, the aim of which is to minimize 
the difference between pE and pC reconstructed by the source 
BAOH, which can be articulated as: 

 1arg min[ ( ( ), ( ( ( ), ))]
S

E E U
A

diff Norm p Norm f f p −  (3) 

where Norm(.) represents the normalization operation that 
restrains the acoustic pressure into range [0, 1]. 
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III. PHYSICS-BASED DEEP LEARNING FOR BAOH 

GENERATION 

As a data-driven method, training DL models to fit the 
inverse mapping problems requires extensive labeled data 
pairs, which is a challenge within the scope of BAOH. 
Specifically, collecting the source holograms and 
corresponding reconstructed acoustic fields with the 
hydrophone could be extremely time-consuming and labor-
intensive. Moreover, the domain bias between the ideal 
acoustic fields and data captured from realistic scenarios may 
lead to unstable predictions, degraded performance or even 
model failure. To address the issues, we propose a self-
supervised learning framework that combines a physical 
model and deep learning. Additionally, we introduce a novel 
adaptive binarization layer to tackle the gradient invalidation 
and information loss ascribed to the binarizing procedure of 
BAOH. Further details are provided in this section.  

A. Physics-based Deep Learning Framework 

As showed in Fig. 2, the framework for predicting the 
optimal BAOH comprises a multi-layer convolutional neural 
network (CNN), an adaptive binarization layer, and an 
acoustic wave propagation model. The entire framework is 
trained end-to-end while in test phase, only multi-layer CNN 
is used followed by a post binarization to deduce final BAOH. 
We utilize U-net [23] as the CNN architecture, which is 
featured with an encoder-decoder structure and frequently 
used in reconstruction applications. The depth of the U-net is 
determined by the size of data fed into the CNN, in purpose of 
achieving a sufficient receptive field capable to extract global 

features. In the current design, both encoder and decoder have 
six blocks. Each encoder block consists of two conv layers, 
including a 3x3 convolutions, Batch Normalization (BN) and 
rectified linear unit (ReLU), followed by a 2x2 max pooling 
operation. Correspondingly, each decoder block consists of an 
upsampling of the feature map followed by a 2x2 upsampling 
convolution (“Up-Conv”), a concatenation with the 
corresponding feature map from the contracting path, and two 
3x3 convolutions, each followed by BN and ReLU. At the final 
layer, 1x1 convolution is used to predict the probability map 
and corresponding threshold map.  

The self-supervised learning is conducted with the 
assistance of physical model. To be specific, pE is fed into the 
U-net to predict both the amplitude-only hologram (AOH) and 
the adaptive threshold map, which are then combined to 
calculate the approximate BAOH through a differentiable 
binarization function. The subsequent wave propagation 
modelling with ASM is embedded in the framework to 
promote the CNN to learn the intrinsic physical characteristics 
of the inverse mapping problem. With the physical model, the 
reconstruction results are obtained through the approximate 
BAOH as described in (1). The CNN is directly penalized 
mainly on the differences between the reconstructed and 
expected fields during training. In the inference period, we 
perform a hard binarization with the learnt threshold map on 
the AOH to guarantee every pixel of the obtained standard 
BAOH have the value of 0 or 1. The standard BAOH is 
leveraged for the subsequent practical application of acoustic 
end-effector. 

Figure 2. Illustration of physics-based deep learning framework. (a) illustrates the training of the framework, while the key components are detailed in (b), 

(c), and (d). (b) shows the U-net architecture. (c) describes the schematic of adaptive binarization layer. (d) is the flowchart of forward wave propagation 

modelling with the ASM method. 
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B. Adaptive Binarization Layer 

 With regard to BAOH, the demand of binary amplitude 

profile will lead to ineffective optimization in CNN due to the 

gradient invalidation caused by the non-differentiable 

binarization process. Additionally, the selection of threshold 

of binarization holds great importance, as it directly 

determines the quality of binarized output. However, 

binarization with a predefined fixed threshold can be crude 

and arbitrary, which consequently degrade the reconstruction 

quality. In this section, we propose a novel adaptive 

binarization layer to address the above issues. In the layer, 

differential binarization function is presented to preserve the 

gradient flow during training and meanwhile, pixel-wise 

threshold map is learned for binarization. The proposed 

adaptive binarization layer is detailed as follows.  

Given the expected acoustic field pE, the CNN will produce 

the corresponding prediction of AOH and the pixel-wise 

threshold map. For clarity, AOH is denoted as 𝐴 ϵ ℝ𝑚×𝑛, and 

threshold map as 𝑇 ϵ ℝ𝑚×𝑛, where m and n indicate the width 

and height of the map respectively. The AOH is normalized 

to the range of [0,1], while the threshold map is under no 

constraints. To preserve the gradient flow during and retain 

the information content to some extent, we apply the sigmoid 

function to approximate the non-differentiable binarization 

function. In the training phase, the approximate BAOH is 

yielded by the differentiable binarization formulated as: 
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where 𝐵̃  presents the approximate BAOH, k is a hyper-

parameter that describes the fitting degree, which is set to 1 

empirically in the study, and (m,n) describes the coordinate of 

every pixel in the map.  

In the inference phase, the standard BAOH is yielded by 

conducting the hard binarization by comparing AOH and 

threshold map pixel by pixel, which is formulated as: 
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where B presents the standard BAOH. By incorporating the 

adaptive binarization layer, the entire framework could be 

trained end-to-end. Besides, adaptive threshold map alleviates 

the information loss caused by binarization, thus improving 

the reconstruction quality of BAOH. 

C.  Loss Function 

In pursuit of the optimal reconstruction performance of 
BAOH, the CNN is primarily penalized on the disparity of the 
expected pressure field pE and the approximate BAOH-
reconstructing pressure 𝑝𝐶 , quantified by the pixel-wise mean 
squared error (MSE). The MSE loss denoted as LMSE1 is 
formulated as 

 
2

1

1
( )MSE E CL p p

mn
= −  (6) 

Since the AOH theoretically determines the upper limit of 
the reconstruction quality of BAOH, the enhancement of the 
reconstruction quality of AOH is also integrated into the 

training process of CNN. Specifically, we apply the MSE loss 

likewise, to measure the difference between pE and 𝑝𝐶
`  

reconstructed from AOH. The loss is denoted as LMSE2, and 
formulated as 

 2

2

1
( )MSE E CL p p

mn
= −  (7) 

 To minimize the gap between the differentiable 
binarization and hard binarization, we additionally utilize a 
binary cross-entropy (BCE) loss to supervise the approximate 
BAOH, with standard BAOH as labels. The BCE loss is 
denoted as LBCE, and formulated as 

 
1

log( ) (1 ) log(1 )BCEL B B B B
mn

= + − −  (8) 

The loss function L can be expressed as a weighted sum 
of the aforementioned losses: 

 
1 2MSE MSE BCEL L L L = + +  (9) 

where α and β are set as 0.01 and 0.05 respectively, according 
to the experimental goal and the numerical values of the losses. 

IV. EXPERIMENTS AND RESULTS 

Comprehensive experiments were conducted to evaluate 
the viability and superiority of our proposed framework. The 
section firstly introduces the implementation details and 
evaluation metrics. Afterwards, ablation study on the losses, 
feasibility assessment and comparison with state-of-the-art 
(SOTA) are provided to demonstrate the effectiveness of the 
proposed method. 

A. Implementation Details and Evaluation Metrics 

Our method was implemented by using PyTorch on an 

Ubuntu 18.04 server equipped with 4 Nvidia Tesla M40 

GPUs and an Intel Core i7- 10700 CPU with a frequency of 

2.90G Hz. The experiments were conducted on the dataset 

which includes 2000 images selected randomly from MNIST 

dataset [24]. The images were resized to 100×100 and 

normalized to range [0,1], in alliance with BAOH setting. The 

preprocessed images were stored in the dataset {pE} and 

randomly divided into training, validation, and test sets by the 

ratio of 8:1:1. The U-net was initialized by kaiming method  

and optimized by Adam optimizer. More detailed parameters 

for constructing the physical model and training the CNN are 

listed in Table I.  

TABLE I.  PARAMETERS USED FOR CONSTRUCTING THE PHYSICAL 

MODEL AND TRAINING THE CNN 

Attribute Parameter Value 

 

 

Physical Model 

Sound speed 1480 m/s 

Excitation frequency 2.32 MHz 

Propagation distance 20 mm 

Hologram resolution 100 × 100 pixels 

Pixel size 320 μm 

 Learning rate 0.001 

CNN Training epoch 500 

 Batch size 16 
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  To quantitatively evaluate the reconstruction performance, 

we employed several commonly-used evaluation metrics, 

including MSE, Peak Signal-to-Noise Ratio (PSNR), Structure 

Similarity Index Measure (SSIM) [25] and Efficacy [26]. MSE, 

PSNR, and SSIM aim at assessing the similarity between 

expected pressure field and reconstructed pressure field. 

Efficacy is applied to gauge the reconstruction efficiency, 

which is quantified by the overlap between expected and 

reconstructed pressure field. Among them, PSNR was used as 

a major metric in performance evaluation. 

B. Ablation Study of Loss Function 

The ablation study was conducted to analyze the effect of 
each component in the loss function (9). Table II shows the 
PSNR values of the reconstruction results under different loss 
combinations. The results indicate that every component of the 
loss function facilitates to enhance the reconstruction 
performance, and combining all three sub-losses achieves the 
highest PSNR. The effectiveness of the loss function in (9) is 
thus demonstrated. 

TABLE II.  ABALATION STUDY OF LOSS FUNCTION 

LMSE1 LMSE2 LBCE PSNR 

√   14.80 dB 

√ √  15.08 dB 

√  √ 21.13 dB 

√ √ √ 22.27 dB 

 

C. Reconstruction Performance Analysis 

To showcase the efficacy of the training progress, the 
model was continuously evaluated on the validation set every 
10 epochs during training. Fig. 3 provides the curves of 
training loss as well as the PSNR values, accompanied by 
perceptual reconstruction examples at three specific epochs. 
The curves indicate that the training loss decreased quickly 
during first epochs and then gradually converges to a low 
constant value, which is consistent with the evolutions of 
PSNR. The visualized examples suggest that as training 
proceeds, more energy concentrated on the foreground and 
less speckle noise existed in the background, contributing to 
an enhancing reconstruction quality. 

To demonstrate the generalization of the proposed method, 
we tested the well-trained model on versatile images with 
distinct morphologies, which were randomly selected from 
MNIST, EMNIST [27], and Fashion MNIST [28], 
respectively. As shown in Fig. 4, the reconstruction results 
with satisfactory accuracy demonstrate the generalization 
ability and flexibility of the proposed method accordingly. The 
results further emphasize the potential of our method for 
constructing the acoustic end-effector applied across diverse 
scenarios.  

D. Comparison with SOTA 

For better illustration, comparison experiments were 

conducted with SOTA methods including IASA and Diff-

PAT. Originally, IASA and Diff-PAT are proposed for phase-

only holograms (POH) generation. Refer to [14], POH is 

converted into BAOH by setting the amplitudes to one where 

original phases lie in the range of ±π/2, while remaining 

amplitudes are set to zero. In this manner, we obtained the 

BAOH through the POH derived by IASA and Diff-PAT. The 

BAOH generation methods are denoted as customized IASA 

and customized Diff-PAT to distinguish them from the 

original methods. The quantitative comparison results with 

the customized IASA and customized Diff-PAT are shown in 

the Fig. 5 and average numerical evaluation results are 

provided in Table II. We can see from the results that the 

proposed method outperforms the two SOTA methods in a 

large margin. 

 

Figure 3. The training loss convergence and the average PSNR curve. One of 
the reconstructed acoustic pressure fields is visualized at the specific epochs 

of 1, 200, 500. The left pattern represents the predicted standard BAOH and 

the right pattern represents the corresponding reconstructed pressure field. 

 
Figure 4. Generalization evaluation of the proposed model. (a) are the input 

expected acoustic pressure fields pE. (b) are the predicted BAOH. (c) are 

corresponding reconstruction pressure fields pC. The PSNR values are 

attached at the bottom of each column measuring the similarity of  pE and pC. 

Real-time performance is an essential concern in robotic 
manipulation. Table III compares the methods in terms of real-
time performance. Our method is demonstrated to be about one 
order of magnitude faster than iterative methods. Note that the 
iterative optimization methods commonly require more 
iterations if input acoustic field with more sophisticated 
morphology or larger scale, while the CNN is less susceptible. 
The excellent real-time performance of our method holds the 
potential for future implementations such as programmable 
metasurface, providing a feasible alternative for dynamic and 
reconfigurable robotic manipulation. 

19.98 dB 

23.16 dB 

21.15 dB 

23.31 dB 

(b) 

(c) 

22.69 dB 24.25 dB 21.73 dB 22.35 dB 

(a

) 

0 1 
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Figure 5. Box-and-whisker plot comparing proposed method with SOTAs 

regarding PSNR, MSE, SSIM and Efficacy. 

TABLE III.  QUANTITATIVE COMPARISON AMONG CUSTOMIZED SOTA 

METHODS AND OUR PROPOSED METHOD 

Method PSNR 
(dB) 

MSE SSIM Efficacy Computation 
time (sec) 

Customized 
Diff-PAT 

11.26 0.095 0.046 0.189 5.221 

Customized 
IASA 

16.66 0.024 0.189 0.673 0.176 

Ours 22.08 0.007 0.730 0.833 0.017 

 

V. CONCLUSION 

This paper proposes a novel BAOH generation method for 
constructing acoustic field-based end-effector in support of 
micro-robotic manipulation. The innovative framework is 
composed with U-net, adaptive binarization layer, and wave 
propagation model formulated in ASM. The incorporation of 
physical model enables the U-net training in a self-supervised 
manner. The differentiable binarization process preserves the 
gradient flow during U-net training and the adaptive pixel-
wise threshold map alleviates the information loss effectively. 
Ultimately, comprehensive experiments were conducted to 
verify the availability, versatility and robustness of proposed 
framework. In the future, the authors will delve into further 
enhancing the reconstruction performance and combining the 
BAOH-based end-effector with robotic arm to realize 
dexterous and flexible manipulation in real-world applications.  
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