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ABSTRACT
This study investigates the application of a deep neural network to optimize the design of asymmetric optical directional
couplers, addressing the limitations of traditional iterative methods, which are often resource-intensive and time-
consuming. A feed-forward neural network was developed to predict the coupling length of a coupler based on its
structural parameters. A large dataset of 30,000 samples was used to train, validate, and test the model. The network
achieved a minimal mean square error (MSE) of 1.07x10—6, demonstrating high precision. The trained model exhibited
a remarkable prediction accuracy of 99.88% for the coupling length. To validate these results, finite-difference time-
domain (FDTD) simulations were conducted using the network's predictions. The simulations confirmed that injecting a
Transverse Electric fundamental mode (TEQ) into the access waveguide successfully excited a double mode (TE1) in the
bus waveguide, achieving a high coupling efficiency of 99.5%. This research demonstrates that a deep learning approach
can provide a rapid and accurate method for designing efficient mode-conversion-based optical asymmetric directional

couplers.
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1.0. INTRODUCTION
The ability to control light-matter interactions at the
nanoscale has significantly advanced the field of optics,
largely driven by progress in nanophotonics (Rivera &
Kaminer, 2020). As the demand for sophisticated
functionalities in nanophotonics components increases, the
design process becomes increasingly complex and
challenging. Such complex structures have enabled designs
and applications in metasurfaces (metamaterials and
plasmonics) for colour displays (Yang et al., 2021),
detectors (Nordin et al., 2021), lasers (Azzam et al., 2020),
and photonic crystals for slow light (Nasidi et al., 2022).
Although substantial progress has been made, the design
and optimization of these components often rely on iterative
processes. Conventional approaches typically begin by
numerically solving Maxwell's equations for a proposed
structure using specialized software. The results obtained
are subsequently compared against the target, which may or
may not match well, necessitating multiple iterations to
meet the target. Despite its proven success, this iterative,
trial-and-error methodology is frequently resource-
intensive and time-consuming, particularly for complex
designs (Yao et al., 2018). Other techniques, such as the
reduced basis method for finite element method (FEM)
(Hesthaven et al., 2022), the integrated evolutionary
strategy (ES) (Ferraz et al., 2024), and inverse design
(Nasidi et al., 2023), have been used to enhance the design
and optimisation processes. However, these techniques are
computationally expensive because of intensive power and
memory requirements.
Data-driven machine learning techniques have recently
emerged as powerful tools to augment these traditional
design and optimization workflows. As a cornerstone of
deep learning, neural networks (NN) process raw data to
identify  autonomously  underlying  patterns  and
representations essential for tasks like prediction or
classification, operating without pre-defined rules (Barth &

Becker, 2018). Machine learning/deep learning has been
applied in health analysis (Aru et al., 2021; Habehh &
Gohel, 2021; Okandeji et al., 2022), environmental sciences
(Liu et al., 2022), material informatics (Sha et al., 2021),
strategy decision-making (Lu, 2025), speech recognition
(Vashisht et al., 2021), path loss prediction (Shaibu et al.,
2024) and security (Liang et al., 2019). In nanophotonics,
deep-learning NN has been applied to design optical
waveguides (Alagappan & Png, 2019), photonic coupler
devices (Tu et al., 2021), gratings (Hammond & Camacho,
2019), power splitters (Tahersima et al., 2019), diffractive
networks (Liu et al., 2023), chiral devices (Li et al., 2019),
metasurfaces (Ghorbani et al., 2021), slow light (Chen et
al., 2023) and nanocavities (Li et al., 2021; Li et al., 2022).

Motivated by these advancements, this study will
investigate a deep-learning approach to designing an
asymmetric optical directional coupler. This approach aims
to streamline the design process and provide a time-
efficient and accurate design value for optimal
performance.

2.0 ASYMMETRIC DIRECTIONAL COUPLER
DESIGN
The proposed asymmetric directional coupler designed on
a silicon-on-insulator (SOI) platform is illustrated in Figure
1(a). It comprises two closely located waveguides, named
access and bus waveguides, forming an evanescent
coupling region. The device geometry is defined by four
key parameters: the access waveguide width (w,) , the bus
waveguide width (w,), the gap (g), and the coupler length
(I.) . To support the fundamental transverse electric (TEO)
mode, W, are set to 400nm and 800nm,

respectively.
When the TEO mode is launched into the access waveguide,
as depicted in the inset of Figure 1(b), it couples to the bus

and w,
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waveguide over a specific length, known as the coupling
length. This length is determined by varying the gap
between the waveguides while maintaining fixed
waveguide widths.

Figure 1(b) displays the electric field distribution within the

(a)

Coupling length

directional coupler. For a specific gap g =430nm, and
coupling length |, =425nm, the mode is effectively

transferred to the bus waveguide, achieving a coupling
efficiency of 96%.
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Figure 1: (a) Schematic diagram of an asymmetric directional coupler. (b) Electric field distribution in the asymmetric directional
coupler. The inset shows the TEO mode launched into the access waveguide.

3.0 DATA GENERATION

The asymmetric directional coupler, shown in Figure 1(b),
was designed using Lumerical MODE Solution software. A
substantial dataset of 30,000 discrete samples was
generated from this design to serve as the basis for model
training. Each sample in the dataset is defined by four key
geometric parameters of the directional coupler.

The datasets were subsequently exported to MATLAB and
Excel spreadsheets for post-processing. During the post-
processing, the parameters were categorized as inputs and
outputs for the model. Three parameters, namely, w, , w,
, and g were defined as the model’s inputs, while the
coupling length (I.) was set as the corresponding output.

Moreover, the total dataset of 30,000 samples was
subsequently partitioned into two distinct sets: 25,000
samples for model training and the remaining 5,000 for
independent testing.

4.0 FEED-FORWARD NEURAL NETWORK
A feed-forward neural network (NN) is a fundamental deep

learning architecture characterized by its layered structure.
This multi-layered design allows the network to process and
extract intricate, abstract patterns from input data. Through
a series of interconnected neurons, the network learns to
map complex, non-linear functions to a single, continuous
output. This capability makes it suitable for tasks such as
prediction, classification, and optimization of design
parameters to achieve a desired performance.

4.1 NEURAL NETWORK ARCHITECTURE

Figure 2 presents a schematic diagram of the feed-forward
deep NN model. This architecture comprises an input layer
with three neurons, followed by two fully connected hidden
layers, each containing 256 neurons, and a single-neuron
output layer. Data processing proceeds in a forward
direction, where each neuron receives input from all
neurons in the previous layer and sends its output to all
neurons in the following layer. This process is governed by
a series of computational operations, including the
application of weights, biases, and an activation function at
each neuron.
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Figure 2: Schematic diagram of a feed-forward deep-learning model.
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5.0 METHODOLOGY
5.1 DEEP-LEARNING
IMPLEMENTATION

The NN was implemented, trained, and tested using
the TensorFlow open-source framework within the Python
programming environment. The neural network
architecture comprises three (3) neurons at the input layer,
one (1) neuron in the output layer, and two (2) hidden fully
connected layers, each containing 256 neurons. All
neurons, with the exception of those in the output layer,
employed the rectified linear unit (ReLU) activation
function. The mean square error (MSE) was used as the loss
function.  The  root-mean-square  backpropagation
(RMSProp) algorithm was chosen for optimization, with a
learning rate of 0.001. Given the large training dataset and
the absence of overly complex patterns to learn, the batch
size was set to 100, and the number of epochs was set to 30.
6.0 RESULT AND DISCUSSION
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6.1 LOSS FUNCTION AND TRAINING

The NN was trained on a dataset split into an 80% training
set and a 20% validation set. The validation set was used to
monitor overfitting. Figure 3 illustrates the mean squared
error (MSE) as a function of epochs (loss function) for both
the training and validation datasets. Initially, the MSE was
high for both sets but progressively decreased with an
increasing number of epochs, demonstrating the model's
learning capability. The MSE converged after 15 epochs,
reaching a minimum of 1.07x107° for the training set and
2.75x10°° for the validation set. This convergence indicates
that the model successfully identified the underlying
patterns within the data. A comparison of the curves reveals
that the training MSE curve is smooth and remains slightly
below the validation MSE curve, which is indicative of a
good model fit. The minor difference in magnitude and the
slight fluctuations in the validation error curve is consistent
with the validation set being smaller than the training set.
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Figure 3: The learning curves for training and validation datasets. The mean squared error sharply declines, indicating that

the network finds a pattern in the data.

6.2 HYPERPARAMETER OPTIMIZATION AND
OVERFITTING MITIGATION

After an extensive hyperparameter search, it was
found that the optimal model configuration involved
adjusting the number of layers, learning rates, and number
of neurons per hidden layer to minimize validation error. A
notable observation was that increasing the number of
neurons consistently led to a reduction in the MSE, thereby
improving the model's performance. However, increasing
the neuron count beyond 256 resulted in the vanishing
gradient problem. Additionally, increasing the depth of the
hidden layers did not significantly affect performance

gains. A large learning rate, on the other hand, resulted in
gradient explosion, an issue common in fully connected
neural networks (Hesthaven et al., 2022). To mitigate
overfitting, an early stopping callback was implemented.
This mechanism monitored the validation error and
automatically halted training if performance ceased to
improve, ensuring that the model generalized well to unseen
data.

6.3 PREDICTION ACCURACY
The coefficient of determination, or R-squared (R?), is
a metric used to evaluate how well a regression model
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predicts outcomes. While most commonly used with linear
regression, it can also be applied to a NN when the model
is used for a regression task. Essentially, it measures the
proportion of the variance in the dependent variable that the
independent variables can explain. The value of R? ranges
from 0 to 1, and it's often expressed as a percentage. A value
of 1 (or 100%) indicates that the model perfectly predicts
the outcome, while a value of 0 suggests the model doesn't
explain any of the variability in the data. Therefore, a higher
RZgenerally means a better-performing model. In this case,
the output, or the dependent variable, is the coupling length
.. The R? value ranges from 0 to 1, where 0 indicates no

predictability (being the minimum) and 1 (being the
maximum) represents a perfect prediction. R%is computed
by comparing the actual output values (y_actual) with the
NN predicted values (y_predict) using the following
expressions:

ISSNp: 2488-9229; ISSNe: 3027-1118

WEBSITE: https://fugus-ijsgs.com.ng

y _actual is the mean of y_actual. In statistical modeling,

particularly linear regression, SST means Total Sum of
Squares, and SSR means Regression Sum of Squares. They
are key components used to measure the variability in a
dataset.

6.4 PREDICTION ACCURACY ANALYSIS

Figure 4 shows the R? against the epoch for both
training and validation datasets. As can be seen, the
prediction accuracy for both datasets starts quite low but
steadily increases with each epoch. This improvement in
accuracy largely stops after approximately five epochs,
which suggests the data isn't overly complex and further
increases in epochs offer no additional accuracy benefits.
The model demonstrated exceptional predictive accuracy,
attaining R2 values of 99.88% on the training data and
99.08% on the validation data. These high values indicate
that the model fits the data well and can accurately predict

R2 _1_5SR ) the output, which is the coupling length (1,).
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Figure 4: Coefficient of determination R? for training and validation data. The prediction accuracy R?for both datasets are

above 99%.

7.0 EVALUATION OF THE MODEL

A test dataset of 5,000 samples was used to evaluate the
model's performance. This dataset, taken from the larger
pool of generated data, was specifically set aside for this

purpose and was not used in the training process. This
ensures an unbiased assessment of how well the model
generalizes to new, unseen data. Crucially, these samples
were unseen by the model during training. This evaluation
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represents the initial test of the neural network's forward
computation capabilities. The results are impressive: the
test MSE is 1.105 x 10, which agrees very well with the
training MSE of 1.07 x 10% The relative difference
between the test and training MSE is 3.5 x 108, which is
also a very small value, indicating strong consistency.
Moreover, the model achieved a test R? of over 90%. This
shows that the NN has generalized exceptionally well,
meaning it performs effectively on new, unseen data.

8.0 COUPLER LENGTH PREDICTION
With the deep learning NN model successfully established,
it's ready for practical application. The next step is to
confidently examine the network's forward computation in
predicting the coupling length (l,) of the asymmetric
directional coupler. Given the input parameters of
w, =400nm, w, =800nmand g =180nm, the model
successfully predicted a coupling length of I, =35.59um.
To validate the NN prediction accuracy and evaluate
its performance, the predicted values are employed in
Lumerical FDTD software, which allows for the design and
simulation of the asymmetric directional coupler in three-
dimensional (3D). The design parameters for the simulation

1.00
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are ng =345, ngo =345, W, =400nm, w, =800nm,

g =180nm, and |, =35.59um. A mode source, with a

centre wavelength of A =1550nminjects light into the
structure.

9.0 ENHANCED COUPLING EFFICIENCY

Figure 5 shows the transmission or coupling efficiency
recorded with a monitor at the bus waveguide. As is evident,
the coupling efficiency at 4 =1550nmis an impressive
99.5%. This simulation yielded a coupling efficiency of
99.5%, marking a considerable enhancement over the 96%
efficiency obtained through pre-optimization methods.
This high efficiency shows that the TEO single mode (as
displayed in the inset of Figure 1b) in the access waveguide
is efficiently coupled to the TE1 double/multi-mode in the
bus waveguide. Specifically, the fundamental TEO single
mode from the access waveguide is effectively converted
and coupled into a TEL double/multi-mode within the bus
waveguide, as depicted in the inset of Figure 5. Therefore,
an asymmetric directional coupler can be effectively
utilized in mode conversion steps within optical switches to
selectively couple to specific modes (Zhu et al., 2015).
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Figure 5: Transmission efficiency of an asymmetric directional coupler. At 4 =1550nm, the transmission efficiency is
99.5%. The inset depicts a TE1 mode in the bus waveguide at A =1550nm.

10.0 CONCLUSION

This paper proposes a novel deep-learning approach for the
design optimization of an asymmetric directional coupler.
A feed-forward NN with two hidden layers was trained on

a dataset of 30,000 samples to predict the device's coupling
length based on its geometrical parameters. The model
achieved a low MSE of 1.07x10°%, demonstrating its ability
to accurately learn the complex relationship between the
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coupler's structure and its performance.
Validation of the NN's prediction in a separate FDTD
simulation confirmed its efficacy, yielding a high coupling
efficiency of 99.5%. This result represents a significant
improvement over the 96% efficiency achieved with
conventional methods. The findings affirm the viability of
employing deep-learning models for the rapid and accurate
design of complex nanophotonic components, which can
accelerate the development of advanced devices such as
multiplexers, de-multiplexers, and mode converters (Zhu et
al., 2015).
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