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Abstract: InGaAs detection systems have been increasingly used in the aerospace field, and due to
the high signal-to-noise ratio requirements of short-wave infrared quantitative payloads, there is
an urgent need for methods for the rapid and precise evaluation and the optimal design of these
systems. The rigid-flex printed circuit board (PCB) is a vital component of InGaAs detectors, as its
grid ground plane design parameters impact parasitic capacitance and thus affect weak infrared
analog signals. To address the time-intensive and costly nature of design optimization achieved with
simulations and experimental measurements, we propose an innovative method based on a neural
network to predict the scattering parameters of rigid-flex boards for InGaAs detection links. This is
the first study in which the effects of rigid-flex boards on weak infrared detection signals have been
considered. We first obtained sufficient samples with software simulation. A backpropagation (BP)
neural network prediction model was trained on existing sample sets and then verified on a rigid-flex
board used in a crucial aerospace short-wave infrared quantitative mission. The model efficiently and
accurately predicted high-speed interconnect scattering parameters under various rigid-flex board
grid plane parameter conditions. The prediction error was less than 1% compared with a 3D field
solver, indicating an overcoming of the iterative optimization inefficiency and showing improved
design quality for InGaAs detection circuits.

Keywords: scattering parameters; InGaAs detection systems; BP neural network; rigid-flex boards;
grid ground plane

1. Introduction

In recent decades, short-wave infrared InGaAs focal plane array detectors [1] have
been extensively used in aerospace remote sensing. With the continuous improvement in
remote sensing payload indicators, the total number of remote sensing data has increased
rapidly [2]. It has thus become common to see the data transfer capacity of high-resolution
satellites in the order of GHz, a trend that in turn has led to the increased use of large-
area array detectors and a corresponding increase in readout frequency. Quantification,
which is essential in quantitative payloads, requires an improvement in signal fidelity.
However, in practice, there is often a need to balance the design requirements of the
optical system with those of the mechanical structure. Generally, the InGaAs detectors
cannot be directly coupled to the driver acquisition circuit board. However, rigid-flex
boards, with their compact, lightweight, and highly reliable mechanical structure [3],
play a vital role in the connection between short-wave infrared photodetectors [4] and
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information acquisition circuits. Nevertheless, high-speed signal transmission on rigid-flex
boards can significantly distort infrared analog signals [5] before they reach the driver
acquisition module, presenting potential signal integrity challenges in a low-noise infrared
detection system design. To enable accurate quantization under high signal-to-noise ratio
requirements, it is imperative to design each component of the detection link precisely.
Therefore, modeling and optimizing the transmission characteristics of rigid-flex boards
are necessary.

Grid ground planes are quite commonly used in a modern rigid-flex PCB design
to meet the requirements of impedance matching and interlayer interconnections [6—10].
Traces over the grid ground plane are associated with signal integrity (SI) degradation,
electromagnetic interference (EMI), and ground bounce in general [11]. Hence, it is vital to
investigate how the electrical properties of a transmission line change as a function of the
geometry of the grid ground planes. Scattering parameters (S-parameters), as a beneficial
means for describing the behavior of linear passive electrical properties, contain much in-
formation about interconnect transmission characteristics such as the impedance, crosstalk,
reflection, and attenuation of the transmitted signals [12]. Moreover, recent studies on
rigid-flex PCBs have focused on how various design parameters in grid grounding can be
applied to impedance matching [13-15], but how this affects the S-parameters has not yet
been investigated. To achieve optimal performance in the signal link transmission, the link
design parameters must be adjusted repeatedly for S-parameter optimization, which can
improve rigid-flex PCBs’ analysis and optimization capabilities in infrared fine detection
systems, resulting in better design effects and lower noise levels.

In the past, S-parameters were frequently obtained in the early design phase with
time-consuming and labor-intensive experimental measurements [16-19] which required
precise test equipment. It is now widely recognized that the transmission line referenced
to a grid ground plane is a periodically varying structure [20,21]. Therefore, with the
advancement of modern electronic design automation (EDA), 3D field solvers [22,23] have
been widely adopted to simulate experimental measurements. Substituting expensive and
time-consuming physical measurements with simulated results obtained with 3D field
solvers significantly reduces the cost and design cycle associated with fabrication and mea-
surements. Macromodeling is a fundamental tool for the characterization of high-frequency
interconnects and has been applied to the improvement in the efficiency of 3D field solvers,
the modeling of lossy transmission lines, and design optimization [24-27]. Many popular
macromodeling techniques exploit vector fitting (VF) [24,25] to build a rational function ap-
proximation for interconnect transfer functions. A novel, low-cost multivariate parametric
macro modeling technique based on the kriging method for the residuals and poles of the
reflection coefficients and the zeros of the transmission coefficients of microwave filters was
proposed in [26]. A technique to derive macro-models of lumped-element networks for
distributed microwave circuits by using system identification was presented in [27]. Never-
theless, both traditional 3D field solvers and those based on macromodeling optimization
are becoming increasingly costly in terms of computer resources and simulation time, even
more significantly so when the number of design choices and parameters increases [28].

In recent decades, powerful techniques of machine learning (ML) models such as
artificial neural networks (ANNSs) [29,30] and support vector machines (SVMs) [31,32]
for the analysis and modeling of complex nonlinear problems have been developed as
promising alternatives to the 3D field solver approach. ML models have high simulation
speeds and do not need to fully understand the internal structure of modeling objects.
Thus, S-parameter modeling technology based on ANNSs has attracted increasing attention,
and preliminary feasibility studies have been recently carried out [33-36]. While both
SVMs and ANNs demonstrate efficacy in fitting, they have yet to be extensively applied
in grid ground plane design parameters. Therefore, a method exhibiting low resource
utilization and high convergence speed to achieve a balance between resource consumption
and accuracy in predicting S-parameters would be beneficial to optimizing rigid-flex PCBs
for InGaAs detection links.
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In this study, we established a method for rapidly predicting the S-parameters of rigid-
flexed PCBs based on a BP neural network for infrared InGaAs detection systems. We
compared the generalized regression neural network (GRNN) model proposed in [36] and a
traditional 3D field solver. The proposed method was implemented with a simple BP neural
network structure, which can effectively control and prevent overfitting. Furthermore, the BP
neural network only requires the storage of the weight matrix between each pair of layers,
resulting in minimal memory usage. Compared with the traditional 3D field solver methods
and the GRNN model, this approach significantly enhanced computational efficiency, reduced
costs, and maintained the prediction error to less than 1%. This article is organized as follows:
In Section 2, we briefly review the application and problems of rigid-flex PCBs in infrared
InGaAs detection links and introduce BP networks. The details of our S-parameter modeling
method for a rigid-flex board are also elucidated. In Section 3, we describe the data acquisition
process and provide a detailed analysis of the prediction results. Finally, we provide the
discussion and concluding thoughts in Sections 4 and 5, respectively.

2. Prediction of Rigid-Flex Printed Circuit Board’s Scattering Parameters
2.1. Rigid-Flex Printed Circuit Boards and Problems of Infrared InGaAs Detection Links

While collecting terrestrial object information from an optical system to an InGaAs
detector, as a single pixel output is a fixed level value, the ideal readout circuit outputs an
analog signal waveform of an amplitude-modulated square wave sequence. The amplitude
of the latter reflects the frequency at which ground information can be obtained at that
spatial resolution. Rigid-flex printed circuit boards combine rigid and flexible printed
circuits. Due to the limitations on the position and size of infrared photodetectors in the
structure, they cannot be directly integrated into the driver acquisition circuit board. There-
fore, foldable rigid-flex printed circuit boards are used to complete the signal transmission
between the infrared photodetectors and the information acquisition module, which results
in a lightweight and compact device [37]. However, when the sensor’s output signal passes
through the rigid-flex board, before reaching the information acquisition module, the ideal
square wave sequence experiences distortion and produces unexpected noise, as shown in
Figure 1.

A 4

: Informati
Terrestrial » InGaAs - > :c?lill;;;if:
Object Optical system Detector Rigid-flex board Module

Figure 1. Infrared InGaAs detection link.

Circuit designers often opt for solid copper as the reference ground plane for rigid
boards. Although solid copper provides superior shielding, using cross-hatched copper
in flexible areas provides better bending and flexibility to the ground plane, ultimately
reducing the probability of circuit damage and fracture. In addition, the cross-hatched
copper results in better heat dissipation, solving the problem of uneven heating in solid
copper, which causes PCB warpage. Consequently, cross-hatched copper is widely used
in rigid-flex printed PCB manufacturing. In conventional cross-hatched reference planes,
two types of grids are primarily used, i.e., 45° uniform oblique and vertical crossed grids,
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as illustrated in Figure 2. However, there is currently a lack of research on grid size,
proportion, and form optimization, which often leads to poor shielding of the produced
grid reference surface, which in turn can result in poor signal integrity and electromagnetic
magnetic compatibility (EMC). The grid design affects the wiring’s parasitic capacitance
and its projection area on the grid reference plane, where the latter also affects the former.
In high-frequency circuits, it is essential to maintain the parasitic capacitance values as low
as possible [38], as even small variations in this parameter can cause a significant frequency
shift [39].
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Figure 2. Two types of grid ground planes. (a) 45° uniform oblique grid. (b) Vertical crossed grid.

2.2. BP Neural Network

A BP neural network is an intelligent algorithmic model that simulates the thought
process of the human brain. Learning inherent mappings from a large amount of data
provides a powerful tool for solving complex nonlinear problems [40]. A BP neural network
is a multi-layer feedforward network trained by an error backpropagation algorithm, and
it is one of the most widely used and successful neural network models [41].

2.3. Modeling of Rigid-Flex PCB S-Parameters Based on BP Neural Network

Considering the mechanical structure and impedance matching problem of rigid-flex
boards, the line width, thickness, length, and relative dielectric constant of the transmission
line should be fixed. The main variation was in the design of the copper grid. At present,
the design of the grid size and ratio of flexible boards is based on experience and lacks strict
theoretical guidance, which may lead to more serious signal integrity and EMC problems.
The above problem can further improve the signal transmission rate of rigid-flex circuit
boards. To optimize the grid structure at the beginning of the design and improve the
reliability of the device, this study analyzed the S-parameters based on a BP neural network
to explore the effect of the grid copper design on signal integrity.

2.3.1. Network Parameter Settings

The BP neural network architecture employed in this study comprised an input
layer, an output layer, and two hidden layers. The dimension of the input layer was [1, 6],
corresponding to the optimization variables for the grid ground plane. The dimension of the
output layer was [1, 201], matching the number of frequency points. The S-parameters in the
frequency domain were represented by a complex-valued function depending on frequency.
To simplify the output, we decomposed it into real and imaginary parts, on which the
network was trained separately to produce fitted curves at the output layer corresponding
to the two parts at 201 frequency points. In Figure 3, the relationship between the settings for
root mean square error (RMSE), time, and number of neurons in predicting the imaginary
part of Sy is depicted. The horizontal coordinates are [number of neurons in the first
hidden layer, number of neurons in the second hidden layer]. As shown in the figure, when
the number of neurons increases, the RMSE does not decrease significantly, while the time
cost increases. Therefore, we determined that utilizing two hidden layers with two neurons
each provides an effective trade-off between model efficiency and accuracy. The network
structure allows it to capture more complex nonlinear relationships and intricate nuances
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within the data, enhancing its ability to model the task while maintaining feasible resource
requirements accurately.

0.05 T T T T T T T T 140

0.048
120
0.046
0.044 100
0.042
80
0.04

RMSE
Time(s)

60
0.038

0.036 40

0.034
20
0.032 |

0.03 )
R R RS SR N

Number of Neurons Setting

Figure 3. Number of neurons vs. RMSE and time.

Furthermore, the fitting effect of this configuration was deemed excellent. The loss
function was set as the mean squared error (MSE), and the threshold was set to 0.001. The
maximum number of training steps was 1000, and activation functions f1 and f2 were set
as Tan-Sigmoid and Purelin functions, respectively. In Figure 4, the specific structure of the
network prediction model is illustrated.
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Figure 4. BP neural network model architecture.

2.3.2. Model Training

Several training algorithms are available for BP neural networks. Among the classical
ones are the gradient descent algorithm and the Levenberg—-Marquardt (LM) algorithm.
The former is easy to implement, but its training convergence is slow, and it may even stop
training prematurely. The LM algorithm combines the advantages of the gradient descent
and Gauss-Newton methods, and its convergence speed is significantly higher than that of
the gradient descent method while maintaining high accuracy. Therefore, the LM algorithm
was adopted in this study to train the model. The error function is expressed as follows:

B(w) = 330, (- i) = 3) 1, Ew) )



Sensors 2024, 24, 2221

6 of 17

where n represents the number of samples, w represents the weight vector, and 7 (w)
denotes the error value of the ith node in the output layer. The weight vector at the
(m + 1)th iteration can be written as follows:

Wyl = Wiy + Aw (2)
where the weight increment is given as:
T “lor
Aw = {F (w)F(w) + ;11} F (w)e(w) 3)

The Jacobian matrix of the weights is calculated as follows:

der(w)  der(w) . der(w)
ow, ow; Jdwy,
der(w)  dex(w) . Odey(w)
P(w) _ 87"”1 a"f’Z a"f’n (4)
dey(w) den(w) .. dey(w)
Jwy owy Jwy,

where w,, stands for the weight vector at the mth iteration, e(w) stands for the error vector,

I stands for the identity matrix, and aeaNT(w)

vector over the weight vector.

stands for the partial derivative of the error

n

3. Simulation
3.1. Data Acquisition and Analysis

An automated simulation platform was developed by using PowerSI (Cadence, San
Jose, CA, USA) to obtain the S-parameter dataset. In this study, the ANN training was
performed by using Matlab R2023b (MathWorks, Natick, MA, USA). The optimization
parameters of the reference grid ground plane included line width, line spacing, and angle,
as depicted in Figure 5. All simulations were performed on a personal computer equipped
with an Intel Core i7-1360P (Intel Corporation, Santa Clara, CA, USA) CPU operating at
2.2 GHz with 32 GB memory.

DN
02 o

01
'%
| A o

Figure 5. Line widths, spacings, angles of the reference ground plane copper.

When designing the reference ground grid copper as a 45° uniform oblique grid,
01 and 02 were set to 45° and 135°, respectively. Grid line width w1 was initially set to
6 mil and increased stepwise by 1 mil up to 15 mil, resulting in 10 different parameter
settings grouped together. Moreover, w2, s1, and s2 were kept consistent within each group.
However, when the reference ground grid copper was designed as a vertical crossed grid,
the grid copper angles were altered to 90° and 180°. Spacings s1 and s2 and line widths w1
and w2 were set to be consistent with the 45° uniform oblique grid design. The specific
parameter settings are listed in Table 1.
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Table 1. Settings of mesh parameters.
Group wl w2 sl s2 01 02
Number (mil) (mil) (mil) (mil) ©) ©)
1 6~15 6 6 15 45 135
2 6~15 7 7 14 45 135
10 6~15 15 15 6 45 135
11 6~15 6 15 15 45 135
12 6~15 7 14 14 45 135
20 6~15 15 6 6 45 135
21 6~15 6 6 15 90 180
22 6~15 7 7 14 90 180
30 6~15 15 15 6 90 180
31 6~15 6 15 15 90 180
32 6~15 7 14 14 90 180
40 6~15 15 6 6 90 180
41 6~15 6 8 14 45 135
42 6~15 8 10 12 45 135
43 6~15 10 12 10 45 135
44 6~15 12 14 8 45 135
45 6~15 6 8 14 90 180
46 6~15 8 10 12 90 180
47 6~15 10 12 10 90 180
48 6~15 12 14 8 90 180

To verify the universality and robustness of the model proposed in this study for
predicting the S-parameters of transmission lines in rigid-flex PCBs for aerospace payloads,
a single-ended transmission line (A) and a differential transmission line pair (B) in the

rigid-flex PCBs were selected respectively for simulation validation.

The main parameter settings of Line A were as follows: the line width was 5.1 mil, the
copper thickness was 0.708 mil, the transmission length was 7874 mil, the relative dielectric
constant was 3.3, and the dielectric thickness was 2.953 mil. The differential transmission

line pair (B) consisted of two Lines A with a 12 mil spacing, as shown in Figure 6.

B Polyimide =3 Copper [ Plane Copper

5.1 mil

Sa—

1,0.708 mil

@)
MICROSTRIP
7874 mil

STRIPLINE

2.953 mil

R

STRIPLINE

DK XX

[ SN SN NN 2NN AN

VNE XN XN XN XN

PCB Part Rigid-flex Part

(b)

PCB Part

Figure 6. (a) Topology of Line A and Line pair B. (b) Topology of Line A and Line pair B on a

rigid—flex PCBs.

The settings for all the simulations were consistent and included the following: the
simulation frequency range was 1 kHz~2 GHz, and the linear scanning mode step size was

10 MHz; the frequency was divided into 201 points.



Sensors 2024, 24, 2221

8of 17

Finally, 480 different sets of S-parameter data were obtained with simulations for a single-
ended transmission line (A) and a differential transmission line pair (B), respectively, as shown
in Figure 7. To better verify the generalization ability of the proposed method and perform
an unbiased evaluation, the samples obtained from the last 80 design parameters in Table 1
were selected as fixed test samples and were not used in model training. The first 400 samples
in Table 1, each with an input dimension of 6 corresponding to the design parameters and
an output dimension of 201 frequency points, were randomly divided into a test set and a
validation set according to a 4:1 ratio, and a total of five experiments were conducted.

S-Amplitude(dB)
S-Amplitude(dB)

Frequency (GHz) ’ Frequency (GHz)

(@) (b)

Figure 7. Reflection coefficients for 480 sets of different grid parameters. (a) The Sy of single-ended
transmission line A. (b) The Spp;; of differential transmission line pair B.

3.2. Prediction Results and Analysis
3.2.1. Overfitting, Robustness and Generalization Ability Analysis

Overfitting is a common issue in neural network training that leads to poor gener-
alization performance on new data [42]. To investigate the susceptibility to overfitting
of the proposed model, we reserved 20% of the samples in the training sets of the single-
ended transmission line and differential transmission lines for validation data checking,
respectively. To assess the generalization ability and robustness of the proposed model,
five experiments were conducted with different training set compositions. As illustrated
in Figure 8, despite variations in the training data, the mean MSEs on the training and
validation sets converged to similar values and stabilized within each experiment. Notably,
model performance improved, while the MSE curve on the training set did not further
decrease, indicating that overfitting was effectively avoided. These results demonstrate that
the proposed approach exhibits strong generalization capability and robustness, without
being susceptible to overfitting issues.

5
100 100232

—training1

raining
= = validationt = = validationt
~———training2 training2
= = validation2 = = validation2
——training3 training3
70 = = validation3 70 = = validation3
———training4 trainingd
= = validationd = = validationd

trainingS training5
50 validations 50 validations

10}y 10
5 = 5 o
s

0 5 10 15 20 0 5 10 15 20
Number of Iterations Number of Iterations

(@) (b)

Figure 8. Performance of training and validation sets for 5 experiments. (a) single-ended transmission

MSE
MSE

line A. (b) Differential transmission line pair B.
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3.2.2. Comparison of Goodness-of-Fit between BP Model and GRNN Model

We selected the same sample set from the test set and predicted the S-parameters by
using the BP and GRNN models; the prediction curves are compared in Figures 9-12. It can
be clearly seen that the S-parameters predicted by using the BP model were closer to the
actual values than those predicted by the GRNN model in both the real and imaginary parts.

15
= = Actual 2 = = 'Actual
—o— BP predicted 7N —&— BP predicted
- BP error 78N\ - BPerror
1 —e— GRNN predicted 1 / \ —&— GRNN predicted
- GRNN error - GRNN error
. °
g 03 2 054
z >
3 8
30 s 0
¥
05 05+ 1
q -1
0 0.5 1 1.5 2 0 0.5 1 1.5 2
Frequency(Ghz) Frequency(Ghz)
(a) (b)

Figure 9. Comparison curves of real part predictions in 80 test sample sets. (a) single-ended
transmission line A’s Sy;. (b) Differential transmission line pair B’s Sppp; .

= = Actual
—%— BP predicted

BP error
—%— GRNN predicted
GRNN error

= = Actual
—=— BP predicted

BP error
—=— GRNN predicted
GRNN error

0.5

Numerical Value
Numerical Value

-0.5

0 0.5 1 1.5 2 0 0.5 1 1.5 2
Frequency(Ghz) Frequency(Ghz)

(@) (b)

Figure 10. Comparison curves of imaginary part predictions in 80 test sample sets. (a) single-ended
transmission line A’s Sy1. (b) Differential transmission line pair B’s Sppp1.
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02 . BPeror 0.08 BP error |
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—=—GRNN predicted 006 GRNN orror

© GRNN error

0.15

Numerical Value
=3
Numerical Value

0.05

=4
=3
>
=
¥}

Frequency(Ghz) Frequency(Ghz)

(a) (b)

Figure 11. Comparison curves of real part predictions in 80 test sample sets. (a) single-ended
transmission line A’s S;1. (b) Differential transmission line pair B’s Spp;.
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0.0 002
0.04 1
-0.06
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Figure 12. Comparison curves of imaginary part predictions in 80 test sample sets. (a) single-ended
transmission line A’s Sy1. (b) Differential transmission line pair B’s Spp;1.

The amplitude and phase can also be calculated from the real and imaginary parts,
which can help us understand the physical meaning of the S-parameters more intuitively.
According to the above comparison results, we used the proposed BP model for curve fitting.
A test sample was randomly selected, and Figure 13a—d illustrates the differences between
the actual and predicted values of the amplitude and phase for S1; and Sy;, respectively. It
can be seen from the four sub-figures that the predicted values of the amplitude and phase
fit well with the actual values, which demonstrates the superior prediction performance of

the proposed method.
10 200
Actual = Actual
15 == BP predicted 150 === BP predicted
0 100
50
a2 e
= : o
@ 30 T
-50
-35
-100
40 4150
-45 - - - -200
0 0.5 1 L5 2 0 0.5 1 L5 2
Frequency(GHz) Frequency(GHz)
(a) (b)
0 250 . T .
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-1 150
15 100
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& £ 0
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(9 (d)

Figure 13. (a) Comparison results of amplitude prediction for S11. (b) Comparison results of phase
prediction for S1. (¢) Comparison results of amplitude prediction for Sy;. (d) Comparison results of

phase prediction for Sy;.
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Comparing curves from a single test sample is not sufficient to demonstrate the
accuracy and robustness of a method. For nonlinear regression models, the goodness-of-fit
is a critical evaluative metric that quantifies how closely the model aligns with the observed
data. Greater goodness-of-fit values indicate that the regression function more accurately
describes the data.

A common approach to assessing the goodness-of-fit is calculating the adjusted R? [43],
which accounts for model complexity and degrees of freedom to mitigate overfitting. This
metric ranges from 0 to 1, where values nearing 1 indicate that the model adequately
explains variation in the data, while values approaching 0 denote poor explanatory power.
Moreover, the goodness-of-fit analysis was expanded to include the RMSE, providing
additional insights into model performance from a different perspective. While the adjusted
R? quantifies the variance explained by the model, the RMSE measures residual differences
between predicted and actual values. Evaluating nonlinear regression models by using the
adjusted R? and RMSE provides a complementary quantification of model fit quality.

Therefore, we compared the prediction performance of the proposed BP model and
the GRNN model by evaluating the goodness-of-fit metrics in all 80 test samples. In
Figures 14 and 15, we show the comparison of averaging the RMSE and the adjusted R?,
respectively, of the real and imaginary parts of the 80 identical test sets in one experiment
for the single-ended transmission line and the differential line pair. It can be seen that our
method outperformed the GRNN model in 80 samples, as evidenced by smaller RMSEs
and adjusted R? values closer to 1.
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Figure 14. The RMSE of the real and imaginary parts of the same 80 test sample sets. (a) single-ended
transmission line A. (b) Differential transmission line pair B.

1 &
0.99 gs 0.98 | f
'
0.96 Ié' !
1
0.98 .
0.94 1
« |
@ 097+ & 092+ |
3 e —&— BP method (real parts of SDD11) '
@ 2 - © —~GRNN method (real parts of SDD11) |
T (.9 T 09 |—8—BP method (imaginary parts of SDD11)
2096 2 !
| = © =~ GRNN method (imaginary parts of SDD11) |
| ¢ 0.88
0.95 |- | —&—BP method (real parts of S11) :I Iy t
- © = GRNN method (real parts of S11) ' o 0.86
—8— BP method (imaginary parts of S11) ] :: i
0.94 |- @ = GRNN method (imaginary parts of S11)| { é 1 0.84 - Y
0.93 0.82 L L L L L s L
0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80
Number of Test Samples Number of Test Samples
(a) (b)

Figure 15. The adjusted R? of the real and imaginary parts of the same 80 test sample sets. (a) single-
ended transmission line A. (b) Differential transmission line pair B.



Sensors 2024, 24, 2221

12 of 17

To further demonstrate the robustness and high fit of the proposed method, five exper-
iments were conducted as described in Section 3.1. The quantitative analysis summarized
in Tables 2 and 3 reinforced the superior goodness-of-fit of the BP model, as the average
adjusted R? was closer to 1 in the five experiments on 80 test sets.

Table 2. Average RMSE over five experiments.

BP GRNN

Real parts of Syq 0.0107 0.0168
Imaginary parts of Syq 0.0109 0.0165
Real parts of Sy; 0.0210 0.0214
Imaginary parts of Sy; 0.0219 0.0205
Real parts of Spp11 0.0042 0.0086
Imaginary parts of Spp1g 0.0041 0.0090
Real parts of Spppg 0.0106 0.0130
Imaginary parts of Sppp1 0.0105 0.0138

Table 3. Average adjusted R? over five experiments.

BP GRNN

Real parts of S1q 0.9961 0.9899
Imaginary parts of Sy; 0.9958 0.9899
Real parts of Syq 0.9968 0.9928
Imaginary parts of Sy; 0.9974 0.9932
Real parts of Spp11 0.9987 0.9932
Imaginary parts of Spp11 0.9987 0.9926
Real parts of Sppp1 0.9996 0.9971
Imaginary parts of Sppp1 0.9997 0.9972

3.2.3. Time Efficiency

The time periods required to obtain 40 and 80 S-parameter curves by using PowerSI
software simulation were 200 min and 400 min, respectively. However, by training the
two-port network model (the real and imaginary parts of S11, Sp1, S12, and Syp) once with
the BP model and predicting the 40 and 80 S-parameter curves, these were reduced to
51.3 s and 51.7 s, respectively. The GRNN model took 68.2 s and 68.7 s, respectively, to do
so. It is evident that obtaining S-parameters by using the neural network-trained model
significantly reduces the time cost of evaluating the S-parameters, as the prediction time
was almost negligible even as the number of S-parameter curves increased, while the time
necessary when using traditional simulation software increased linearly. Furthermore, the
training and prediction efficiency of the BP model was higher than that of the GRNN model.
Therefore, our method can improve the efficiency of iteratively optimized rigid-flex PCBs.

3.2.4. Errors in Eye Height and Eye Width

To further validate the modeling accuracy, time—domain transient simulations were
performed for a single-ended transmission line by using the S-parameters predicted from
the proposed BP model, the GRNN model [36], and the corresponding test samples, respec-
tively. A pseudorandom binary sequence (PRBS) with a code length of 255 was applied as
the excitation source at 1 Gbps with 0.25 ns rise/fall time. The transient simulations were
implemented in ADS, as shown in Figure 16, to obtain the simulated eye diagrams. A total
of 80 test samples of predicted and actual S-parameters were used in the simulations. Eye
height and eye width errors were extracted from the simulated eye diagrams and analyzed.
Employing time-domain transient simulations allowed us to quantitatively analyze the
modeling accuracy with industry-standard statistical eye diagram parameters.
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Figure 16. Transient simulation is built in the ADS.

The results demonstrate excellent concordance between the eye diagrams predicted
by using the proposed model and those obtained with simulations. Notably, the errors
associated with the eye width and eye height parameters were 0.44% and 0.78%, respectively.
These error values represent a significant reduction, being merely 0.68 times and 0.35 times
the corresponding errors obtained with the GRNN model. In Figure 17, the trends of eye
height and eye width errors for 80 sets of test samples in one experiment are reported. In
Table 4, the simulated mean, predicted mean, and error mean of eye height and eye width
in the experiment are listed.

16

—s— BP method (eye width)
1.4 [ |--©-- GRNN method (eye width)
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--©-- GRNN method (eye height)

o6 bbhig b b b is bl @ @@ eEb @ oo ) L
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(a) (b)
Figure 17. Comparison of error trends by the BP and GRNN methods in 80 test sample sets. (a) Eye
width. (b) Eye height.

Table 4. Comparison of eye width and eye height obtained by different methods.

Error of Eye Width Error of Eye Height
(%) (%)
BP method 0.44 0.78
GRNN method 0.65 222

4. Discussion

Considering the significance of rigid-flex PCBs in InGaAs detection links for weak
infrared detection signals, we investigated the use of BP neural networks to rapidly predict
the S-parameters of the grid ground plane of rigid-flex PCBs. We evaluated the results by
using robustness, goodness-of-fit, generalization ability, time efficiency, and eye width and
eye height errors as performance metrics. The results indicate that the proposed BP neural
network can accurately reconstruct the nonlinear behavior of the grid ground plane design for
rigid-flex PCBs over the entire frequency range. The constructed neural network model can
effectively replace simulations in obtaining S-parameters with good prediction performance.
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As presented in Section 3, in-depth research was conducted in order to demonstrate
the choice of the model and its accuracy and time efficiency compared with other prediction
models. The GRNN method has been used to predict the HBT scattering parameters at
different temperatures [36]. However, unlike the approach in [36], our method can predict
values within a certain frequency range instead of a single frequency value. From the
perspective of the goodness-of-fit, the RMSE of the BP model was smaller (see Table 2), and
the adjusted R? was maximally 0.06 larger than that of the GRNN model (see Table 3). It is
evident from the results that using an ANN to predict the S-parameters of the differential
transmission line pair was more effective than using it to predict those of the single-ended
transmission line. Based on the results of the eye width and eye height errors, the BP model
improved them by 0.21% and 1.44%, respectively (see Table 4). In terms of time efficiency,
the BP model also showed faster performance.

In addition, we demonstrated the potential of our neural network for designing the
grid ground plane by comparing it with a traditional 3D field solver. This confirms the
effectiveness of neural networks in electromagnetic modeling and parameter prediction,
as previously shown in other studies [29-36]. Given its predictive capability, the model
represents a powerful tool for system-level simulation and optimization, eliminating the
need for tedious and repetitive simulation processes and saving significant time and
computational resources. This result meets the current industrial demand for efficient
design optimization methods and provides new ideas for future research in the field of rigid-
flex PCBs and InGaAs detector applications. However, despite the results obtained in this
study, there is still room for improvement. In future work, we will focus on using the higher-
efficiency model to solve more complex problems, thereby broadening its applicability.

5. Conclusions

In the aerospace field, large-array InGaAs focal plane detectors for quantitative pay-
load applications have experienced rapid development. Consequently, there is an increased
demand for precise noise control and quantization of high-speed weak signals. Detailed
analysis of each detection system component is necessary to achieve this goal. In this study,
we designed a BP neural network to predict the scattering parameters of rigid-flex PCBs
for InGaAs infrared detection links.

The simulation verification and analysis results demonstrate that the BP network
model can achieve high-precision scattering parameter prediction. Moreover, the efficiency
of this model was found to be 463 times higher than that of a traditional 3D field solver
when 80 S-parameters were obtained. It also exhibited 25% faster performance and 30%
and 65% smaller eye errors than the GRNN model.

This method effectively optimizes the grid copper design in early rigid-flex PCB layout
stages, substantially reducing the design cycle time. It also improves design quality for
aerospace quantitative payloads. The findings of this study represent a foundation for
future infrared detection systems requiring high sensitivity and low noise. They can also
provide technical support to expand the application prospects of infrared weak-spectrum
detection. It is recommended that other influencing factors be considered to improve
prediction accuracy in future research. Moreover, extending this modeling approach
to other vital electrical parameters would enable more comprehensive PCB evaluation
and optimization.
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Abbreviations

The following abbreviations are used in this manuscript:
3D Three-dimensional
ANN Artificial Neural Network
BP Backpropagation
EDA Electronic Design Automation
EMC Electromagnetic Magnetic Compatibility
EMI Electromagnetic Interference
GRNN Generalized Regression Neural Network
LM Levenberg-Marquardt
ML Machine Learning
MSE Mean Squared Error
RMSE Root Mean Squared Error
PCB Rigid-flex Printed Circuit Board
PRBS Pseudo-random Binary Sequence
S-parameters  Scattering Parameters
SVM Support Vector Machine
VF Vector Fitting
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