
IEEE PHOTONICS JOURNAL, VOL. 14, NO. 4, AUGUST 2022 2741409

Deep Learning: A Rapid and Efficient Adaptive
Design Approach for Phase-Type Optical

Needle Modulators
Simo Wang , Jiangyong Zhang, Fanxing Li , Jupu Yang, Jixiao Liu, and Wei Yan

Abstract—The radially polarized beams are modulated by
phase-type optical needle modulators can be tightly focused to cre-
ate needle-like focused beams, which are called optical needles. The
use of optical needles with different resolutions and focal depths as
direct writing heads for laser direct lithography enables periodic,
cross-scale processing of high aspect ratio micro-nano structures
with different line widths. The design of the phase-type optical
needle modulators is the key to obtain optical needles with different
resolutions and focal depths. However, the existing conventional
methods for designing phase-type optical needle modulators rely
on the physical model for generating optical needles and the de-
fined fitness function, which makes their design time long and not
adaptive. Based on the deep learning, a novel phase-type optical
needle modulator design (PONMD) approach is proposed in this
paper. The results show that the PONMD method takes 0.5526ms
to design a phase-type optical needle modulator, and the similarity
between the designed and target values is 96.73%. Compared with
the conventional methods, the time consumption is reduced by
about 8 orders of magnitude, and the similarity is improved by
11.19%. The PONMD approach has the advantages of adaptabil-
ity, more efficient, less time-consuming, and less computational
resource-consuming.

Index Terms—Optical needles, phase-type optical needle
modulators, deep learning, laser direct lithography, high aspect
ratio micro-nano structures.

I. INTRODUCTION

O PTICAL needles play an important role in many applica-
tions such as particle acceleration [1]–[4], optical trapping

[5], [6], optical data storage [7], super-resolution microscopy
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[8], and lithography [9]. The optical needle can be obtained near
the focal point by focusing a radially polarized incident beam
with a combination of an optical needle modulator and a high
numerical aperture (NA) focusing objective. At present, there
are three main types of optical needle modulators [10]–[15],
and the phase-type optical needle modulators are slightly better
due to their high conversion efficiency and low processing
difficulty. Moreover, the five-ring band phase-type optical needle
modulator is a trade-off between the depth of focus, resolution
and optical efficiency of the optical needle [15]. Therefore, the
design of a five-ring band phase-type optical needle modulator
is used as an example in this paper. For the convenience of
expression, all the modulators refer to five-ring band phase-type
optical needle modulators in the following.

The optical needle can be regarded as the extension of the
subwavelength focused spot along the axial direction, which is
a symmetric structure. The structure of the optical needle can
be constrained by the intensities along the z = 0 and r = 0
directions. Moreover, the depth of focus (DOF) and resolution
(FWHM) are used to measure the length of the optical needle
along the axial direction and the size along the radial direction,
which are respectively defined as the full width at half maximum
of the normalized intensity profiles along the z = 0 and r =
0 directions. At present, the conventional methods represented
by simulated annealing algorithm and genetic algorithm are the
mainstream methods to design modulators. Such methods usu-
ally include the definition of fitness function, parameter scanning
and other processes [13], [15]–[18], which are not only time-
consuming and computational resource-consuming, but also not
adaptive.

Machine learning has been widely used as a powerful tool to
study the interaction between complex light fields and matter,
and it has been used to design structures such as nano-photonic
devices [19], metasurfaces [20], and chiral metamaterials [21].
Recently, some scholars have also applied deep learning to
the optimal design of optical needles. In 2020, Min Gu et al.
introduced artificial neural networks into the design of optical
needles for the first time [22]. They reported a two-layer fully
connected neural network with advanced performance in solving
nonlinear problems based on the dipole array principle, enabling
the design of optical needles with a central zero intensity point.
In 2021, a physically assisted artificial neural network scheme
was proposed by Rui Chen et al [23]. They built a four-layer
fully connected neural network as a transmission coefficient
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Fig. 1. Schematic diagram of the principle of generating optical needle.

generator to achieve the selection of initial parameters. The
method is essentially the same as the existing conventional
methods, it only improves the selection of the initial parameters
using artificial neural networks and still relies on the physical
model that generates the optical needles.

Inspired by this, we proposed a rapid, efficient and adap-
tive phase-type optical needle modulator design method named
PONMD method in this paper. The PONMD method built a
PONMD model based on deep learning, which established a
mapping relationship between the normalized intensities of the
optical needle to the structural parameters of the phase-type
optical needle modulator. That is, the PONMD method can
design the required structural parameters of the modulator based
on the normalized intensities of the target optical needle. It is
found that the PONMD method takes only 0.5526ms to design
a modulator, and the similarity between the design and target
values can reach 96.73%. In addition, considering practical
applications, the mathematical model of the ideal optical needle
is established by ignoring the side lobes of the optical needle.
The normalized intensities of the ideal optical needle is fed into
the trained PONMD model, and the desired structural design
of the modulator is also achieved. Compared with conventional
methods, the PONMD method proposed in this paper is applica-
ble to the rapid and efficient design of modulators required for
optical needles with different resolutions and focal depths. It is
important for achieving periodic, cross-scale processing of high
aspect ratio micro-nano structures with different line widths.

II. THEORY AND DESIGN

A. Physical Model for Generating Optical Needles

The schematic diagram of the radially polarized Bessel Gaus-
sian beam tightly focused to generate an optical needle after
modulation by a modulator is shown in Fig. 1. According to the
Richards-Wolf vector diffraction theory, the radial and longitu-
dinal electric field components of the optical needle generated
near the focal point of the focusing objective can be expressed
as (1) and (2), respectively [15].

Er(r, z) = A

∫ α

0

cos1/2θ sin(2θ)l(θ)T (θ)J1(kr sin θ)

exp(ikz cos θ)dθ (1)

Ez(r, z) = 2iA

∫ α

0

cos1/2θsin2θl(θ)T (θ)J0(kr sin θ)

exp(ikz cos θ)dθ (2)

The numerical aperture of the focusing lens is NA = 0.95,
α = arcsin(NA) is the maximum convergence angle of the
focusing objective, n is the refractive index of the immersion
liquid (n = 1), A is the coefficient of power (A = 1), k = 2πn/λ
is the wavenumber, J0 and J1 denote Bessel functions, and λ is
the wavelength of the incident beam. Considering that Er(r,z)
and Ez(r,z) are orthogonal, the total electric energy density can
be expressed as It = |Er(r,z)|2 + |Ez(r,z)|2. The electric field
distribution of the Bessel Gaussian beam at the entrance pupil
can be expressed as [15]:

l(θ) = exp

[
−β2

(
sin θ

sinα

)2
]
J1

(
2γ

sin θ

sinα

)
(3)

The modulator can be considered as a multi-ring band binary
optical element with alternating phases of 0 and π. The trans-
mittance function of the five-ring band phase-type optical needle
modulator can be expressed as:

T (θ) =

{
1, for 0 ≤ θ < θ1, θ2 ≤ θ < θ3, θ4 ≤ θ < α,
−1, for θ1 ≤ θ < θ2, θ3 ≤ θ < θ4.

(4)

θi (i = 1–4) are the structural parameters of the five-ring phase
optical needle modulator, and θi are normalized and expressed
as Qi = θi/α.

It is apparent that the structural parameters of each modulator
correspond to a set of Q parameters, and a set of Q parameters
corresponds to an optical needle of a specific DOF and FWHM.
However, an optical needle with a specific DOF and FWHM
may correspond to multiple sets of Q parameters, and it is
difficult to directly obtain the Q parameters from the optical
needle. In addition, the number of combinations of Q parameters
is quite large, and it is almost an impossible task to traverse
all combinations under the current computational conditions.
The following is a description of the methods for designing
modulators.

B. Design Methods of Phase-Type Optical Needle Modulators

Fig. 2 is a flow chart of the comparison between the PONMD
method and the conventional methods to design modulators.
After the PONMD model training is completed, the structural
parameters of the modulator can be designed only by inputting
the normalized intensities of the target optical needle into the
model. In contrast, the design process of conventional methods
requires steps such as initialization, definition of fitness func-
tions, parameter sweeps, and calculation of physical models for
generating optical needles.

In the following, we compared the two methods in terms of
time and computational resources consumption, data collection,
and self-adaptability. From the perspective of time-consuming
and computational resource-consuming, the integral calculation
introduced by the physical model can take up a lot of computa-
tional time and computational resources. Conventional methods
require hundreds or even thousands of parameter sweeping,
while the number of integration calculations in the physical
model is T times the number of parameter sweeping, where T is
the number of sampling points for the normalized intensities of
the optical needle. On the contrary, the PONMD method only
needs to focus on the design target, and the structural design of
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Fig. 2. The contrastive flowchart of design process of PONMD method and
conventional method.

the modulator can be completed after one iteration. Therefore,
the PONMD approach can significantly improve efficiency.

From the perspective of data collection, the PONMD ap-
proach is based on a data-driven, which requires collecting a
large amount of data that can describe the problem in advance,
and then using some of the data as a training set to train the
established PONMD model. In contrast, conventional methods
passively generate data during iterative optimization and then
determine the strategy for generating new data in the next
iteration by means of a defined fitness function, and do not end
the generation of new data until an approximate optimal solution
is found. Therefore, the data collection of the PONMD method
is a one-time cost, while the data collection of the conventional
methods is a continuous cost.

In terms of self-adaptability, the conventional methods depend
on the fitness function defined according to the characteristics of
the target optical needle such as FWHM and DOF, which relies
on the physical model for generating optical needles. The fitness
function directly determines the optimization result. When the
target optical needles are different, the designer needs to change
the fitness function and re-optimize the design. Therefore, the
conventional methods are not adaptive. However, the PONMD
approach is data-driven. Once the model is trained, it can be
adapted to the design of modulators required for optical needles
with different FWHM and DOF.

In summary, the PONMD method is highly competitive in
periodic, cross-scale laser direct writing lithography with the
optical needle as the direct writing head, which is important
for realizing the processing of high aspect ratio micro-nano
structures with different line widths and depths.

III. THEORIES AND METHODOLOGY OF PONMD METHOD

A. Data Gathering

The training of the PONMD model requires the collection
of the normalized intensities of the optical needles along the

r = 0 and z = 0 directions and the structural parameters of the
modulator required for each optical needle to build the data set.
We first used the “rand” function in MATLAB to generate 50,000
sets of random matrices representing the Q parameters of the
modulator, and then input these matrices into the physical model
shown in Fig. 1 to calculate the corresponding focused spot and
save the normalized intensities of the focused spot along the r =
0 and z= 0 directions. We filtered 29,984 sets of data from all the
data as a dataset, and all of them were in the shape of optical nee-
dles. The dataset was divided by the hold-out method. Among
them, the training set and test set account for 20000 and 9984,
respectively. The intensities of the optical needles along the r= 0
and z = 0 directions are extracted and expressed as IDOF_ln and
IFWHM_ln, respectively. l is the lth set of data. n is the nth sam-
pling point of each set of data, and the value range of n is [1, 256].
The intensities of the optical needle along the r = 0 and z = 0 di-
rections are stitched by rows and represented by Ilj = [IDOF_ln,
IFWHM_ln], and the value range of j is [1, 512]. The structural
parameters of the phase-type optical needle modulators in the
dataset are denoted by Qli, where i denotes the i-th sampling
point of each data set, and the value range of i is [1], [4]. At this
point, the collection of the data set is completed, and the inputs
and outputs of the PONMD model are Ilj and Qli, respectively.

B. Test and Comparison

After the training of the PONMD model is completed, Eq. (5)
is used to evaluate the PONMD model. It represents the mean
absolute error between the designed and target values of the Q
parameters of the modulator over the range of the test set.

MAE_Q =

∑L
l=1

∑4
i=1 |Qli−Q′

li|
4

L
, i = 1, 2, 3, 4 (5)

Where Qli and Q’li are the target and designed value of the
i-th sampling point of the l-th sample, respectively. L is the total
number of samples in the test set. The similarity function S_Q
as shown in (6) is defined to measure the similarity between the
designed Q parameters and the target Q parameters. A higher
similarity S_Q indicates that the designed value is closer to the
target value.

S_Q =
1

1 +MAE_Q
× 100% (6)

MAE_Q and S_Q can characterize the overall level of the
model in designing modulators. However, it is not clear how
small MAE_Q should be smaller to meet the design require-
ments. Therefore, we established the test and comparison pro-
cess shown in Fig. 3 to verify whether the designed modulator
meets the requirements.

The testing and comparison process is divided into three steps.
The first step is to use the trained PONMD model to design
the Q parameters of the modulator through the intensities of
the target optical needle. In the second step, the designed Q
parameters are substituted into the physical model according to
the Richards-Wolf vector diffraction theory to obtain intensities
of the designed optical needle. In the third step, the intensities
of the target and designed optical needle are compared.



2741409 IEEE PHOTONICS JOURNAL, VOL. 14, NO. 4, AUGUST 2022

Fig. 3. The test and comparison process.

The mean absolute error of the intensities of the optical needle
is defined as:

MAE_I =

∑L
l=1

∑512
j=1 |Ilj−I ′

lj|
512

L
, j = 1, 2, . . . , 512 (7)

Where Ilj and I ′lj are the target and designed value of the
j-th sampling point of the l-th sample, respectively. Similarly,
define the similarity function S_I as shown in (8) to calculate the
similarity of the normalized intensities of the designed optical
needle and the target optical needle.

S_I =
1

1 +MAE_I
× 100% (8)

IV. MODEL BUILDING AND TRAINING

This section introduced the building, training, evaluating, and
testing and comparing process of the PONMD models. Before
that, in order to illustrate the design idea of the PONMD model,
the FCNN model based on fully connected neural network built
by ourselves was introduced first. Both models were built under
a Dell laptop. The image processor, central processor, and oper-
ating system are GTX1060 Max-Q, Core i5-8300H, and Ubuntu
16.04, respectively. The integrated development environment is
Pycharm, and the framework is Pytorch.

A. Related Work

Fully connected neural networks are widely used because
of their simple structure and advanced performance in solving
nonlinear problems. Inspired by the research of Min Gu and
Rui Chen et al. [22], [23], we first established a fully connected
neural network (FCNN) model as shown in Fig. 4 to realize
the design of the modulator. The FCNN model is composed of
Network1 and Network2, and the optimal network structure of
the FCNN model is finally obtained through tuning hyperpa-
rameters. Network1 is used to replace the physical model for
generating the optical needle, and its input and output are the Q
parameters of the modulator and the normalized intensities of the
optical needle along the r = 0 and z = 0 directions, respectively.
Network1 is a three-layer fully connected neural network with
512 neurons in both hidden layers. Since a modulator corre-
sponds to only one optical needle, the network with a one-to-one
mapping relationship is easy to converge in the training process.
Network1 avoids the integral operation when calculating the

Fig. 4. The structural of the FCNN model.

Fig. 5. FCNN Method: The comparison of the intensity distributions along
(a) r = 0 and (b) z = 0 directions.

optical needle corresponding to the designed modulator by using
the physical model for generating optical needle, which greatly
reduces the calculation time and resource consumption. In ad-
dition, Network2 is a six-layer fully connected neural network
whose input is the normalized intensities of the optical needle
and the output is the Q parameters of the modulator. The number
of neurons in the five hidden layers are 1024, 666, 512, 200 and
100, respectively.

The experiment found that the MAE_I of Network1 on the
test set is 0.0364, and the S_I is 96.49%. The MAE_Q of
Network2 on the test set is 0.2773 and the S_Q is 78.29%. The
S_Q of Network2 characterizes the ability of the FCNN model
to design modulators.

The test and comparison process shown in Fig. 3 is used to
determine whether this FCNN model meets the design require-
ments of the modulator. As shown in Fig. 5, a randomly selected
optical needle from the test set is input to the trained FCNN
model as the target optical needle, and the intensity distributions
of the optical needle corresponding to the designed modulator
are shown as the red dashed line. The results show that the FCNN
model has a large error in the design of modulators. That is, the
FCNN model with MAE_Q of 0.2773 does not satisfy the design
requirements of modulators, which mainly because the expres-
sive power of fully connected neural networks is limited when
the number of input parameters is too large. For the input data,
the connection between each sample point and its surrounding
neighboring sample points is relatively tight, and the connection
with the far away sample points is small. However, the fully
connected neural network connects one neuron to all neurons in
the previous layer, and treats each sampling point of the input
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Fig. 6. The structural of the CNN model. The hyperparameters p, f, s and c denote the convolution kernel size, step size, padding and number of channels,
respectively. The number on the fully connected layer represents the number of neurons in that layer.

Fig. 7. CNN Method: The comparison of the intensity distributions along (a)
r = 0 and (b) z = 0 directions.

data equally, which is contrary to the characteristics of the input
data. Therefore, the FCNN model cannot learn the relationship
between the data.

B. PONMD Model

Based on the above research, we found that the design of the
modulator can be regarded as a regression problem, which maps
a vector of size 1 × 512 to a vector of size 1 × 4. Convolutional
neural networks have local correlation and stronger expres-
siveness. We first proposed a CNN model with convolutional
neural network as the basic element to design the structure
of modulators, whose network structure and hyperparameters
are shown in Fig. 6. The input and output are the normalized
intensities of the optical needle along the r = 0 and z = 0
directions and the Q parameters of the modulator, respectively.
The experiment found that the MAE_Q of the CNN model on
the test set is 0.0772, and the S_Q is 92.83%.

The CNN model was tested using the intensity of the target
optical needle in Fig. 5 as input. The results of the comparison
between the intensity of the optical needle corresponding to
the phase-type optical needle modulator designed by the CNN
model and the intensity of the target optical needle are shown
in Fig. 7. The results show that the phase-type optical needle
modulator designed by the CNN model has some improvement
in similarity compared with the FCNN model, but the predicted
optical needle still has a certain gap compared with the target
optical needle.

To further improve the design performance of the model,
a PONMD model consists of NetworkA and NetworkB is

proposed, whose network structure and hyperparameters are
shown in Fig. 8. The hyperparameters tuning process of the
network is not the focus of this paper, so it will not be repeated
here. Only the structure and function of the network will be
introduced below.

NetworkA is a convolutional autoencoder [24], [25], which
consists of an encoder and a decoder. It enables feature down-
scaling and feature extraction, and uses the extracted high-level
abstract features as input to NetworkB to improve the perfor-
mance of the whole deep learning model. The input and output
of NetworkA are the normalized intensities of the target and
designed optical needles, respectively. The encoder maps the
original data to the hidden layer feature space and compresses
the hidden feature data into a low-dimensional encoding space to
extract the most relevant information. Among them, the convo-
lutional layer can extract the characteristics of the input data and
reduce the parameters of the network. The max pooling layer can
achieve spatial dimensionality reduction and prevent over-fitting
to a certain extent. The decoder decompresses the encoded
data and reconstructed the same output as the encoder input.
The encoder in NetworkA not only summarizes the inherent
characteristics of high-dimensional input data, but also provides
low-dimensional input data for NetworkB.

The encoder of NetworkA and NetworkB are cascaded using
the partial stacking strategy [26]. The input of NetworkB is
the output of the encoder of NetworkA, which is a vector of
size 1 × 26. NetworkB consists of a convolution module and a
fully connected module. The role of the convolutional layer in
the convolution module is to capture the key data content from
the input data, and the role of the pooling layer is to compress
the convolutional results to obtain more important features and
effectively control overfitting. The Batch Normalization layer
is added to solve the problem of the internal covariate shift of
the convolutional neural network. The Flatten layer stretches
the feature map obtained from the last convolutional layer into
a vector, and the fully connected module completes the feature-
to-target mapping. The output of NetworkB is the Q parameters
of the modulator, which is a 1 × 4 vector. Therefore, the Net-
workB is a dimensionality reduction process. Slowly reducing
the dimensionality by increasing the number of network layers
helps to retain valid information. However, too many layers
not only lead to information redundancy, but are also harmful
to the training of the model. Therefore, under the premise of
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Fig. 8. The structure of PONMD Model.

ensuring design similarity, we reduced the number of network
layers of NetworkB. Finally, three convolutional layers and six
hidden layers are used for the convolutional module and the fully
connected module, respectively.

1) Training and Evaluation: NetworkA and NetworkB in the
PONMD model needed to be individually trained with the same
batch size of 16 for 500 iterations, which employed an Adam
optimization [27] with a learning rate of 0.001. In order to reduce
overfitting, we used the dropout to increase regularization, with
initial values set at 0.5. After every 50 iterations, the dropout
factor, and learning rate were reduced by 0.5, and 0.2, respec-
tively. The smooth L1 loss was use as the cost function in the
experiment. The loss functions of NetworkA and NetworkB are
shown in (9) and (10), respectively.

Loss_I =

{∣∣Ij − I ′j
∣∣− 0.5,

∣∣Ij − I ′j
∣∣ > 1

0.5(Ij − I ′j)
2,
∣∣Ij − I ′j

∣∣ < 1
(9)

Loss_Q =

{ |Qi −Q′
i| − 0.5, |Qi −Q′

i| > 1

0.5(Qi −Q′
i)

2, |Qi −Q′
i| < 1

(10)

Ij and Ij’ denote the intensity of the optical needles, Qj and
Qj’ denote the structural parameters of phase-type optical needle
modulators. Ij and Qj are the actual values, and Ij’ and Qj’ are
the predictions values of the data labels. Based on the defined
loss function, the difference between the model prediction and
the data label value can be obtained. Then, the weights of the
convolutional, pooling, and fully connected layers in NetworkA

Fig. 9. PONMD Method: The comparison of the intensity distributions along
(a) r = 0 and (b) z = 0 directions.

and NetworkB are updated and corrected according to the dif-
ference using the back propagation algorithm, and the process
is repeated until the model meets the demand.

The experiment found that the MAE_I of NetworkA on the
test set is 0.0012, and the S_I is 99.88%. The MAE_Q of
NetworkB on the test set is 0.0338 and the S_Q is 96.73%. The
S_Q of NetworkB characterizes the ability of the PONMD model
to design phase-type optical needle modulators.

2) Test and Comparison: The test and comparison process
shown in Fig. 3 is also used to determine whether the PONMD
model meets the design requirements of the modulator. The
normalized intensities of the target optical needle shown in Fig. 5
was used as the input, and the results were shown in Fig. 9. It is
easy to find that the PONMD model can accurately design the
structure of the modulator required by the target optical needle.

3) Design of Modulators Corresponding to Optical Needles
With Different DOF and FWHM: After the PONMD model
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Fig. 10. The design of modulators corresponding to different DOF and FWHM
of the optical needles.

TABLE I
LIST OF THE DESIGNED PHASE-TYPE OPTICAL NEEDLE MODULATORS BY

PONMD METHOD

was trained, three target optical needle with different DOF
and FWHM were arbitrarily taken in the test set to design the
structure of the required modulators. The normalized intensity
distributions of the target optical needles along the r = 0 and z =
0 directions are shown by the solid blue line. Through the testing
and comparison process shown in Fig. 3, the corresponding
optical needles of the modulators designed by the PONMD
method are shown in Fig. 10(a4)–(c4), and the normalized
intensity distributions of each optical needle along the r = 0
and z = 0 directions are indicated by the red dashed lines.
Comparing the red dashed lines with the blue solid lines, it can be
found that the modulators designed by the PONMD model can
meet the requirements of the optical needles that with different
DOF and FWHM. In addition, it also shows that the PONMD
method is adaptive. Applying the PONMD method to laser direct
lithography with an optical needle as the direct writing head
can improve the processing speed and efficiency of periodic,
cross-scale, high aspect ratio micro-nano structures.

From the comparison in Table I, it can be found that the
designed values Q’2–Q’4 of the modulators are very close to the
target values, while Q’1 may have certain errors in some cases.
However, it does not affect the designed optical needle. This is
mainly because the effective numerical aperture is proportional
to the radius of the pupil at the exit of the objective lens. From
the structure of the modulator, Q1 is close to the center of the
focusing objective, while Q4 is close to the edge. Therefore, the
effective numerical apertures corresponding to Q1, Q2, Q3, and
Q4 are increased sequentially. The incident beam at a position

with a high effective numerical aperture has a great influence on
the optical needle. Therefore, the influence of Q4 on the optical
needle is the greatest, and the influence of Q1 on the optical
needle is the smallest.

V. DESIGN OF MODULATORS CORRESPONDING TO IDEAL

OPTICAL NEEDLE

The required for the optical needle in the test set is designed
above, but the specific intensity distributions of the target optical
needle in the actual design is usually unknown. Therefore, in
this section, the optical needle after ignoring the side lobes is
regarded as an ideal optical needle. The mathematical model of
the ideal optical needle is established, and the required mod-
ulator is designed with the normalized intensities of the ideal
optical needle as the input of the PONMD model.

A. Mathematical Model of the Ideal Optical Needle

The intensities of the ideal optical needle along the z = 0
direction can be approximated as a first-order Gaussian function,
and the intensities of the ideal optical needle along the r = 0
direction can be regarded as a piecewise function with a flat top
and a first-order Gaussian function on both sides. Therefore, the
mathematical model of the ideal optical needle is defined as (11)
and (12) to fit the normalized intensity distributions along the z
= 0 direction and the r = 0 direction, respectively.

IRadial = exp

[
− (r − bR)

2

2c2R

]
(11)

Iaxial3 =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

exp

[
−
(

z+bA
cA

)2
]
, z < −bA

1,−bA ≤ z ≤ bA

exp

[
−
(

z−bA
cA

)2
]
, z < bA

(12)

Where bR and bA represent the center coordinates of the peak
of the Gaussian curve. cR and cA are the width of the Gaussian
curve, which directly affects the slope of the edge curve. bR, bA,
cR, and cA are kept in the same units as z and r, and they are all
quantified in wavelength λ.

B. Design Example of a Modulator Corresponding to an Ideal
Optical Needle

In the following, an ideal optical needle is used as the tar-
get optical needle, and the structure of the required modula-
tor is designed by the conventional method and the PONMD
method, respectively. The intensity distributions along r = 0
and z = 0 directions of the target ideal optical needle are
shown in Fig. 11(a1)–(a2). The Q parameters of the modulator
designed by the conventional method are [Q′

1, Q
′
2, Q

′
3, Q

′
4] =

[0.0691, 0.3035, 0.477, 0.6527]. Substituting the designed Q pa-
rameters of the modulator into the physical model for generating
optical needle, the intensity distributions shown by the green
dotted line in Fig. 11(b1) and (b2) are obtained. The results show
that there is a 0.84λ deviation of the DOF between the designed
and target optical needles. Using the same design target, the Q
parameters of the modulator designed by the PONMD method
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Fig. 11. The comparison of the intensity distributions along r = 0 and z = 0
directions. (a) Design target, (b) Conventional method, (c) PONMD method.

Fig. 12. Comparison of three design methods in terms of design time, number
of iterations, mean squared error, and similarity.

are [Q′
1, Q

′
2, Q

′
3, Q

′
4] = [0.1715, 0.3468, 0.5169, 0.6862], and

the normalized intensity distributions of the corresponding op-
tical needle are shown in the red curves in Fig. 11(c1)–(c2).
Obviously, the designed optical needle obtained by the PONMD
method is closer to the target ideal optical needle than the
conventional method.

In order to more intuitively illustrate the advantages of the
PONMD method proposed in this paper. As shown in Fig. 12,
we compared the conventional method, the FCNN method and
the PONMD method from four aspects: design time, iterations,
mean absolute error and similarity. It can be seen that the time
to design a modulator by the PONMD method is nearly 8 orders
of magnitude faster than that of the conventional method. In
addition, compared with the conventional method and the FCNN
method, the mean absolute error of the PONMD method is the
smallest, and the similarity is the highest.

This is mainly because the conventional method relies on an
adaptation function defined according to the resolution and depth
of focus of the target optical needle, without a constraint on the

intensity of the optical needle. In contrast, the inputs to both the
FCNN model and the PONMD model are 512 neurons, with each
neuron representing one sampling point. The first 256 sampling
points and the last 256 sampling points represent the normalized
intensity distribution of the optical needle along the z = 0 and r
= 0 directions, respectively. From the physical meaning of the
sampling points, it can be found that the curve formed by these
sampling points can be regarded as a continuous function, and
the closer the distance between two sampling points, the stronger
the connection. The FCNN model based on fully connected
neural network treats all sampling points equally and ignores
the local connection relationship between individual sampling
points. While the PONMD model based on convolutional neural
network is more concerned with the extraction of local fea-
tures, it can synthesize the local information at a higher level
to get the global information. Therefore, the PONMD model
fits the intensity distribution characteristics of optical needles
more closely. In addition, Network A, consisting of encoders
and decoders, can extract high-level abstract features from the
input data and use the high-level abstract features as another
deep learning model input, finally improving the performance
of the whole deep learning model. In conclusion, both the optical
physical properties of the optical needle and the experimental
results demonstrate that the PONMD method proposed in this
paper can achieve rapid, efficient and adaptive design of the
modulators.

VI. CONCLUSION

In this paper, a new method named PONMD is proposed
to design phase-type optical needle modulators. The PONMD
model enables the design of phase-type optical needle modula-
tors required for optical needles with different focal depths and
resolutions. In addition, ignoring the side lobes of the optical
needle, the mathematical model of the ideal optical needle
is established. It is found by experiments that the PONMD
model can also realize the design of the phase-type optical
needle modulator required by the ideal optical needle. Com-
pared with the conventional method and the FCNN method,
the PONMD method proposed in this paper has the advantages
of rapidity, high efficiency and self-adaptation. It only takes
0.5526ms to design a phase-type optical needle modulator re-
quired for a target optical needle, and the similarity between
the design value and the target value is as high as 96.73%.
In addition, the PONMD method can be applied to periodic
and cross-scale laser direct writing lithography with optical
needles as direct writing heads, which provides a powerful
technology to achieve rapid and efficient processing of high
aspect ratio micro-nano structures with different line widths and
depths.
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