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ABSTRACT

The Asymmetric Spacer Layer Tunnel Diode (ASPAT) has been physically fabricated and simulated. The
ASPAT has an asymmetrical structure, leading to asymmetric current-voltage (I-V) characteristics. These
characteristics enable the ASPAT to be a zero-bias detector with low power consumption and high-
frequency applications. Therefore, it is crucial to precisely validate the asymmetric data from both
experiments and simulations, as these I-V characteristics determine the diode's performance. In this paper,
we report on an alternative validation method using statistical analysis. The statistical validation of the I-
V characteristics of Gallium Arsenide/Aluminum Arsenide (GaAs/AlAs) Asymmetric Spacer Layer
Tunnel Diodes (ASPATS) for both experimental and simulation data is conducted using three approaches:
linear regression, non-linear regression, and hypothesis testing of the parameters that define the
asymmetrical characteristics graph, specifically the gradient and intercept coefficient. This statistical
method is essential for determining the validation percentage for the non-linear current-voltage
characteristics of the experimental and simulation data. We assume a significance level of 0.05 (5%) for
accepting the validation of I-V characteristics. Our findings show that the I-V performance measurements
for both experimental and simulation data are validated within a justified 5% error margin, demonstrating
that both measurements are > 95% validated. These results indicate that the simulation and experimental
data are precisely validated, highlighting the excellent design and execution of the fabricated and
simulated ASPAT.

Keywords: Statistical Validation; Slope and Intercept Hypothesis Test; Asymmetric Spacer Layer
Tunnel Diode; Linear Regression; Non-Linear Regression.

1. Introduction

The rising demand for dependable and efficient electronic devices that function at elevated temperatures and
terahertz (THz) frequencies has propelled the advancement of novel semiconductor technologies [1][2]. Terahertz
technology occupies a distinctive place in the electromagnetic spectrum and is essential for applications including high-
speed wireless communication, imaging, spectroscopy, sensing, and security systems [3]. High congestion in the radio
spectrum due to the massive number of wireless communication devices has led to significant lag in industries where
communication is a major operation [4][5][6][7]. The Terahertz band is envisioned to resolve the current speed scarcity
and capacity limitations of the spectrum by enabling Tbps wireless links [8][9]. However, research on Terahertz
applications in communication systems is still in its infancy due to high costs and the lack of devices such as oscillators
and receivers that can operate across a wide range of temperatures [10][11][12]. Research into terahertz (THz)
applications for communication systems offers substantial potential for enabling ultra-fast, high-capacity wireless
networks, but significant technical and economic challenges currently impede its advancement [13][14]. The Asymmetric
Spacer Layer Tunnel (ASPAT) diode, developed by R.T. Syme and colleagues in 1990, marked a notable breakthrough
in terahertz (THz) technology, particularly due to its superior temperature stability [15]. Its innovative design enables
reliable operation over a broad temperature range, making it highly suitable for THz applications. Unlike Schottky and
Ge backward diodes, which typically require low temperatures to perform optimally, the ASPAT diode delivers consistent
performance without the need for cooling [16][17]. When incorporated into resonant tunneling diode (RTD) technology,
ASPAT has achieved impressive data rates of up to 56 Gb/s, highlighting its promise for high-speed wireless
communication [18][19]. In 2018, K.N.Z. Ariffin presented a physical model of the ASPAT diode that was validated
against experimental data in terms of DC performance [20]. The graphical observation presented in Figure 2 indicates
that the simulation for DC performance was excellently validated against the experimental data, as evidenced by the
overlap of both graphs. However, the study did not include a conclusion on the percentage of validation between the two
datasets or define a significant interval for the acceptance of current-voltage characteristic data. By confirming the
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significant interval and the validation percentage between both datasets, the precision of the I-V characteristics can be
enhanced. The precision of the ASPAT diode's I-V characteristics is crucial for microwave small signal analyses,
including voltage sensitivity, tangential sensitivity, and dynamic range. The validation process uses a 5% error margin
or a 95% confidence interval from experimental results through regression and hypothesis testing [21], [22]. The
simulation of I-V characteristics should fall within this significant interval, as illustrated in Fig. 1.
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Figure 1. The Illustration For I-V Characteristics Precision for ASPAT Simulation Based On 5% Error or 95%
Significant Interval of Experimental Data.

2. Methodology

Fig. 2 presents the exponential graphs for both the experimental and simulated current-voltage characteristics of the
ASPAT diode, based on a previous study conducted by K.N.Z. Ariffin. In this statistical validation, the exponential
equations representing both graphs are converted into linear equations. The parameters obtained from the linear
regression will then be used as initial estimated values in a non-linear regression analysis using Minitab. At this stage,
Minitab will mathematically refine the initial estimates and converge toward the actual curve. Finally, a hypothesis test
will be conducted to determine the validation percentage for the slope and intercept between the two graphs.
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Figure 2. Current-Voltage Characteristics of ASPAT for Experiment and Simulation Data.

2.1 Linear Reggression

The statistical validation of ASPAT begins with the development of a linear regression model that fits the
experimental and simulation graphs. The purpose of the regression model is to develop a mathematical equation that
represents the linear relationship between voltage and current using a statistical approach [23][24]and to determine the
initial values that will be used in non-linear regression. This validation will implement a simple linear regression, as it
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involves one predictor (voltage) and one response (current) [25]. The linear regression will be modeled as an exponential
equation since the [-V characteristics follow an exponential curve, as shown in Eq. 1 and Fig. 2. The exponential equation
will then be converted to a linear equation, as illustrated from Equation 1— Equation 8.
y=aeb*+ ¢ (1)
In Eq. 1, y represents the current, a and b are constants, x is the voltage value, and ¢ represents the independent error
terms that follow a normal distribution with a mean of zero. Adding a natural log to both sides of Eq. 1 results in Eq. 2
and 3:

Iny = In(a) + In(e?¥) (2)
Iny = In(a) + bx 3)

Eq. 3, when compared with the general linear equation z = a, + a,x results in Equations 4 to 6.

z=Iny;a,=lna;a =b 4)
Iny = In(a) + bx (5)
a=e%b=aqa (6)

Using the linear regression model formula, a, and a; can be calculated as shown in Equations 7 and 8.
n n n

_n i=1Xi Zi — Ni—1 X Di=1Zi

- n 2 _ n 2
nYiiy X Q=1 x)

ag = zZ— alf (8)

a;

(7

The constants agand a; can alternatively be calculated using Minitab. The real value for a can be determined using
the formula a = e®° while b is directly taken from a; since b = a,. From here, the parameters @ and b involved in the
exponential equation of the nonlinear I-V characteristics y = ae?* can be adopted as initial parameters in the non-linear
statistical analysis using Minitab. The prediction for a; and ajcan be obtaine in Minitab Software by navigating to Stats
> Regression > Fitted Line Plot. By choosing a ‘Linear Model’ to achieve a linear equation, set the ‘Response (Y)’ to
‘In(abs(current))’ and the ‘Predictor (X)’ to ‘Voltage’ value. Minitab will then generate the linear equation z = a, + a; x.

Hence, the exponential equation y = ae®* can be derived from Equations 9 to 12.
z=a,+ax )
a=e%*b=aqa (10)
y = aeb* (11)
y = aeb* (12)

From Equation 9 to Equation 12, both the linear and exponential equations are derived through the transformation
of equations. The exponential equation involving e?* and a; (Eq. 12) becomes the initial parameters that will be estimated
in the non-linear regression analysis. However, before this equation is adopted in non-linear regression, several analyses
need to be conducted to determine if the association between the response (current) and predictor (voltage) in the model
is statistically significant. The R? value, or the coefficient of determination, is an indicator used to assess the goodness of
fit for the data to the regression line. It ranges between 0 (0%) and 1 (100%), with a value closer to 1 indicating that the
data closely fits the regression line, while a lower value suggests a poorer fit. The P-value interprets the significance of
the slope and intercept coefficients. If the P-value is less than 0.05, we can conclude that the coefficients provide a better
fit, indicating that they are significant for the regression line. Otherwise, the coefficients are not considered the best
estimate for the regression line. Lastly, the line of regression is assessed through the linear regression equation z = a, +
a,x to test the slope and intercept hypothesis.

2.2 Non-Linear Regression

From Eq. 12, the non-linear regression model was fitted in Minitab as y = e2%e®1X, First, select Stat > Regression
> Nonlinear Regression with the exponential function Thetal *e™¢*>™_ Choose 'Voltage' as the Actual Predictor, 'Current'
as the Response, and for the Parameters, set Thetal as €% and Theta? as a;. By default, Minitab implements the Gauss-
Newton method to determine the least squares estimation for the non-linear model. This method uses a linear
approximation to the expectation function to iteratively improve the initial coefficients, continually refining the estimates
until the relative offset falls below the prescribed tolerance [10]. Several outputs were selected to be displayed in the non-
linear regression analysis, such as the mean response plot (predicted current) calculated from the regression equation,
regression standard error, the exponential non-linear equation, and standard error for the exponential coefficient.
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2.3 Hypothesis Testing on the Slope and Intercept of Regression Line for Validation of Experiment and

Simulation DC Performance

The regression line that interprets the relationship between the current-voltage characteristics of the experimental
and simulation data needs to be validated through hypothesis testing. This procedure requires additional analysis of the
regression model. It is essential that the model residual errors, e;, normally distributed, or that the mean of the errors
remains zero with a certain variance [11], [12]. When the meaning of the residual errors is zero, it indicates that the slope
of the regression line is the ideal slope that accurately represents the relationship depicted in the graph. For instance, if
we have a set of x and y data, the mean is exactly zero when the line of the graph is precisely centered between the scatter
of the data, as shown in Figure 2. Hence, the error is normally distributed.
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Figure 3. Linear Regression with Equal Distribution of Error.

Based on Eq. 11 and Figure 3, if the residual error at point A is 5, then the residual error at point B needs to be -5 so that

the residuals are equally distributed.
n

Z(n —9)=) e =0 (13)

i=1 =1

The validation process between simulation and experimental data continues with a hypothesis test on the slope and
intercept of the regression line. The goal of this hypothesis test is to determine whether the slope and intercept of the
simulation are validated against the experiment within a 5% error margin, which is commonly adopted in many validation
cases [4]. If the slope and intercept coefficients of the simulation fall within a 5% range at the upper and lower tails of
the experimental slope, then the simulation data is validated. In some cases, achieving zero mean error is challenging due
to factors such as data scatter. Therefore, it is necessary to test the means of residual errors before conducting hypothesis
testing on the intercept and slope coefficients. The validation for two regression slopes and intercepts will continue with
the hypothesis statements [13] .
First, the null hypothesis is decided as Ho: b; = b,. Here, b, is the regression slope for the simulation, and b; is the
regression slope for the experimental data. The hypothesis indicates that the slope of the simulation is exactly similar to
the slope of the experimental data. The alternative hypothesis is H;: b; # b2, which indicates that the slope of the
simulation is different from the experiment. From both hypotheses, we indicate the rejection criterion is at the lower and
upper tails of the normal distribution curve with an alpha of 0.05, or a 5% rejection criterion. This is because the graph
for simulation data can be located either below or above the experimental graph. Then, the test statistics need to be
determined to test the null hypothesis. Since we have a large sample (each sample > 25), the test statistic will be the
normal z. This test is computed as the difference between the two slopes of the regression line, b; and b, divided by the
standard error of the difference between the slopes, Sp;.52, denoted as Eq. 14 . The null hypothesis, alternative hypothesis,
and z test will be repeated with the intercept coefficient of the two regression lines by alternately changing bi-b, to the
difference between two intercept coefficients and Spi.,2 with the difference of intercepts' standard error between the two
regression lines.

b, —b
7= —2 (14)

Sp1-b2

Once the z test formula is determined and calculated, it needs to be interpreted using the z-score chart and the normal
distribution curve. The z-score chart is used to find the area under a normal distribution curve. Since we decided the
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rejection area is 5 %, or alpha 0.05, the upper and lower tail areas under the normal distribution curve are 0.025, as shown
in Figure 4. The z value calculated from Equation 14 will be considered at the lower (-z) and upper (+z) tail curves. If the
area from the calculated z for the upper and lower tails falls within the rejection area, then the null hypothesis is rejected;
otherwise, the hypothesis is accepted. Once the hypothesis is accepted, we can conclude that the regression slope and
intercept for the simulation and experimental data are validated within a 5 % error margin.

Z=0
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0/2=0.025
1.96|
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Figure 4. Normal Distribution Curve.

3. Results and Discussion

This section discusses the slope and intercept validation for non-linear I-V characteristics using three assessments:
linear regression analysis, non-linear regression analysis, and hypothesis testing. These analyses were conducted using
Minitab software. Firstly, the non-linear exponential equation y = ae?® is converted into a linear equation Iny =
In(a) + bx as shown in Eq. 3. Based on this equation, linearity is achieved by converting the current data (y axis) into
In(current). Note that negative natural logarithm values cannot be solved, so the current is converted to an absolute value
before calculating In(current). The value of abs(In(current)) with respect to voltage is plotted, as shown in Figure 5.
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Figure 5. The In (I)-V Characteristics of GaAs/AlAs ASPAT

3.1 Linear Regression Analysis

In Figure 5, there are two slopes, A and B, located on the positive and negative sides of the [-V characteristics,
respectively. Thus, the linear regression, non-linear regression, and coefficient hypothesis test will be conducted for sides
A and B individually. Through the regression analysis in Minitab, the linear regression lines that fit the graph at sides A
and B can be observed in Figure 6 for the experimental data, while the regression lines that fit the graph at sides A and
B for the simulation data can be seen in Figure 7.
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Figure 7. The Linear Regression for Simulated Data a) Side A, and b) Side B.
The assessment of the goodness of fit of the regression line for all data can be observed in Table 1:

Table 1. Parameters for Evaluation the Goodness of Linear Regression

Linear Regression Equation
z=a,+ax

Regression Analysis R*  P-Value In(current) = In(a) + b(voltage)
z=In(current); ap =In(a); ar=>b
Experiment Data (Side A) 93.00 % 0.000 z = —7.164 — 2.113(x)
Experiment Data (Side B) 87.75 % 0.000 z = —5.943 + 4.534(x)
Simulation Data (Side A) 92.93 % 0.000 z = — 7214 — 2.175(x)
Simulation Data (Side B) 84.58 % 0.000 z= —6114 + (x)

Based on Table 1, the linear regression for all slopes can be predicted using the linear regression formula
z:a, + a,x. The coefficient of determination (R) for the experimental regression lines for sides A and B are 93 %
and 87.75%, respectively, while the simulation data for sides A and B are 92.93 % and 84.58 %, respectively. This
indicates that the regression lines fit the data excellently. If the coefficient of determination reaches 100 %, it
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indicates that the residual errors are normally distributed. For these regression lines, all P-values are below 0.05,
which allows us to conclude that there is a statistically significant association between the response variable and
the predictor term.

Overall, all analyses demonstrate that the regression lines significantly interpret the relationship of the I-V
characteristics. Therefore, they can be used as initial parameters in non-linear regression analysis.

3.2  Non-Linear Regression Analysis

The non-linear regression was conducted using the Gauss-Newton algorithm, with a maximum of 1000 iterations
and a tolerance of 0.00001. The fitted line plots for sides A and B of both the simulation and experiment are shown in
Figure 10 through 13, while the parameters for analyzing the fitness of the regression lines for all data are shown in
Table 2.
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Figure 1. : Fitted Non-Linear Regression for Experimental Data a) Side A, and b) Side B.
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Figure 2. : Fitted Non-Linear Regression for Simulated Data a) Side A, and b) Side B.

Table 2. Parameter Analysis of Non-Linear Regression Model

Parameters for Analysis

Exponential Equation

Mean of Residual Error

Experiment Data (Side A) =-0.001218¢(166568" 0.00
Experiment Data (Side B) 1=0.020237¢?6399N 0.00
Simulation Data (Side A) 1=-0.001237¢(-1:666721) 0.00
Simulation Data (Side B) 1=10.017970e?69475") 0.00
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3.3 Validation: Hypothesis Test for Slope, (a1) and Intercept, (a0) of z = a, + ax

The hypothesis test for all coefficients is conducted using the z-test and normal distribution graphs. This requires
that the residual errors of the non-linear exponential equation be normally distributed. In other words, the mean residual
errors should be zero, as shown in Table 2. Non-linear regression generates the exponential relationship of the I-V
characteristics as y = ae’*. This exponential equation is transformed into a linear equation, z = a, + a,x, for sides A
and B respectively, to ensure that the slope and intercept coefficients can be interpreted for hypothesis testing. The linear
equation for all exponential equations can be summarized in Table 3.

Table 3. The Linearization of Exponential Equation

Exponential Equations Linear Equations

pauations y = e/l =ae’® In (1)Z - 1arf (;)a-lrxb(v)
Experiment Data (Side A) [=-0.001218e(-1.66568V) In(I) =-6.710545 -1.66568(V)
Experiment Data (Side B) [=0.020237e(263093V) In(I) =-3.900243 + 2.63093(V)
Simulation Data (Side A) [=-0.001237e(-1.66672V) In(I) =-6.695066 - 1.66672(V)
Simulation Data (Side B) I=0.017970e(269475V) In(I) = -4.019052 + 2.69475(V)

The slope for experimental data on Side A will be validated against the slope for simulation data on the same
side, and the slope for experimental data on Side B will be compared with the slope of simulation data on the same
side. This test will be repeated for the intercept coefficients as presented in Tables 4 and 5. Based on Table 4, the
null hypothesis for Side A is Ho: az(siope of simulation) = -1.665 68 slope of experiment). This hypothesis indicates that the slope
for simulation data on Side A is similar to the slope of experimental data with a value of -1.66568. The alternative
hypothesis is Hi: az(siope of simulation) # -1.66568slope of experiment), Which indicates that the slope of simulation and
experiment data is not similar (# -1.66568). By using an alpha of 0.05, the similarity between the two slopes will
be tested within a 5% deviation, meaning the slope for simulation at Side A can only differ from the experimental
slope within a 5% error to accept the null hypothesis. The hypothesis test proceeds with the calculation of the z-
value. Since the test is two-sided on the normal distribution curve, the z-value will be considered positive and
negative, with the rejection area at 0.025 on both sides of the normal distribution curve, as shown in Figure 4.

Sa1-a2

Based on Eq. 15, a;- a, represents the difference between the slopes for experimental and simulation data, while s,i-
2 18 the difference in the standard error of the slopes. The values for a; and a; are -1.66568 and — 1.66672 respectively,
while S,; and Sy are In [0.0165739] = -4.0999 and In [0.0201411] =-3.9050, resulting in a z-value of -0.5 and 0.5. The
P-value for both sides is 0.5 at the lower tail and 0.5 at the upper tail of the normal distribution curve. Since the P-value
is greater than 0.025 at both tails, the null hypothesis fails to be rejected. This indicates that the slope for simulation and
experiment data is validated within a 5 % deviation or validated within a 95 % confidence interval. The hypothesis test
for the slope coefficient on Side A is repeated for Side B. The null hypothesis for Side B is Ho: a(slope of simulation) = 2.63093
(slope of experiment). 1 1is hypothesis indicates that the slope for simulation data in Side B is similar to the slope of experimental
data with a value of 2.63093. The alternative hypothesis is Hi: ax(siope of simulation) #2.63093 (slope of experimenty indicating that
the slope of simulation and experiment data are not similar with a value of 2.63093.
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By using an alpha of 0.05, the similarity between the two slopes will be tested within a 5 % deviation, meaning the slope for simulation at Side B can only differ from the
experimental slope within a 5 % error to accept the null hypothesis. The hypothesis test proceeds with the calculation of the z-value. Since the test is two-sided on the normal
distribution curve, the z-value will be considered positive and negative, while the rejection area is 0.025 on both sides, as shown in Figure 13. The values for al and a2 are
2.63093 and 2.69475 respectively, while Sal and Sa2 are In [0.0267560] =-3.6210 and 1n [0.0234058] =-3.7548, resulting in a z-value of -0.48 and 0.48. The P-value for both
sides is 0.68 at the upper tail and 0.28 at the lower tail of the normal distribution curve, both of which are greater than 0.025. Thus, the null hypothesis fails to be rejected, and

e-ISSN: 636-9133

the slope for simulation and experiment data are validated within a 5 % deviation, or the data is validated with 95% confidence.

Table 4. The Procedure for Hypothesis Test for Slope Coefficient at Side A and B

Steps for Hypothesis Test

Slope Hypothesis Test at Side A

Slope Hypothesis Test at Side B

Null Hypothesis

Ho: a2(slope of sim) = -1.66568 (slope of exp).

Ho: a2(slope of sim) = 2.63093 (slope of exp).

Alternative Hypothesis

Hi: a2(slope of sim) # -1.66568 (slope of exp)-

Hi: a2(slope of sim) # 2.63093 (slope of exp)-

Slope coefficient

Experiment: -1.66568
Simulation: - 1.66672

Experiment = 2.63093
Simulation = 2.69475

Slope Standard Error

Experiment: In (0.0165739) = -4.0999
Simulation: In (0.0201411) = -3.9050

Experiment = In (0.0267560) =-3.6210
Simulation = In (0.0234058) =-3.7548

Z Test
a; —a;

’ Sai-az2
a1 = Slope of experiment
az = Slope of simulation
Sa1 = Slope standard error
(experiment)
Saz = Slope standard error
(simulation)

z =-5.33x103
Lower tail =-0.5
Upper tail = 0.5

z=-0.48
Upper tail = 0.48
Lower tail = -0.48

P-Value (> 0.0025) for both tail

Upper tail = 0.5
Lower tail = 0.5

Upper tail: 0.68
Lower tail: 0.28

Conclusion

Since the P-value is greater than 0.025 at both
tails, the null hypothesis cannot be rejected.
Therefore, the slopes for both the experimental and
simulation data at Part A are validated within a 5%
error, indicating a validation level of = 95%.

Since the p-value is greater than 0.025 at both tails, the null
hypothesis cannot be rejected. Thus, the slopes for both the
experimental and simulation data at Part B are validated within a

5% error, confirming a validation level of 2 95%.
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e-ISSN: 636-9133

Table 5. The Procedure for Hypothesis Testing for Intercept Coefficients at Side A and B

Steps for Hypothesis Test

Intercept Hypothesis Test at Side A

Intercept Hypothesis Test at Side B

Null Hypothesis

Ho: A2 (intercept of sim) = -6.710545 (intercept of exp)-

Ho: A2 (intercept of sim) =-3.900243 (intercept of exp)-

Alternative Hypothesis

Hi: A2 (intercept of sim) #-6.710545 (intercept of exp)-

Hi: A2 (intercept of sim) #-3.900243 (intercept of exp).

Intercept coefficient

Experiment: - 6.710545
Simulation: -6.695066

Experiment: -3.900243
Simulation: -4.019052

Intercept Standard Error

Experiment: In (0.0000251) =-10.5926
Simulation: In (0.0000310) =-10.3815

Experiment: In (0.0007195) =-7.2370
Simulation: In (0.0005605) = -7.4867

Z Test
a, —a
7z =
Sa1-a2
a1 = Intercept of
experiment
az = Intercept of
simulation

Sa1 = Intercept standard
error

(experiment)

Saz = Intercept standard
error

(simulation)

z=0.07
Upper tail = 0.07
Lower tail =-0.07

z=0.48
Upper tail = 0.48
Lower tail =-0.48

P-Value (> 0.0025) for
both tail

Upper tail = 0.53
Lower tail = 0.47

Upper tail = 0.68
Lower tail = 0.32

Conclusion

The P-value at both tails is greater than 0.025; thus, the
null hypothesis fails to be rejected. Hence, the intercept
coefficient for the experiment and simulation at part A is
validated within a 5% error, meaning both data sets are
concluded to achieve = 95% validation.

The P-value at both tails is greater than 0.025; thus, the null
hypothesis fails to be rejected. Hence, the intercept coefficient for
the experiment and simulation at part B is validated within a 5%
error, meaning both data sets are concluded to achieve = 95%
validation.

53



IR Journal of Tomography System & Sensors Application Vol. 7, Issue 2, 2024
www.tssa.com.my e-ISSN: 636-9133

Based on Table 5, the null hypothesis for Side A is Ho: d2(intercept of simulation) = -6.710545 (intercept of experiment). This
hypothesis indicates that the intercept coefficient for simulation data on Side A is similar to the intercept
coefficient of experimental data with a value of —6.710545. The alternative hypothesis is Hi: az(intercept of simulation) #
-6.710545 (intercept of experiment), indicating that the intercept coefficient of simulation and experiment data are not
similar at the indicated value. By using an alpha of 0.05, the similarity between the two slopes will be tested within
a 5 % deviation, meaning the intercept for simulation at Side A can only differ from the experimental slope within
a 5 % error to accept the null hypothesis. The hypothesis test proceeds with the calculation of the z-value. Since
the test is two-sided on the normal distribution curve, the z-value will be considered positive and negative, while
the rejection area is 0.025 on both sides of the normal distribution curve, as shown in Fig. 4.

Based on Eq. 13, a1- az represents the difference between the intercepts for experimental and simulation data,
while s, _g4, is the difference in the standard error of the intercepts between the experiment and simulation. The
values for a; and a2 are -6.710545 and -6.695066 respectively, while Sqz and Saz is In(0.0000251) = —10.5926
and In(0.0000310) = —10.3815, resulting in a z-value of 0.07 and -0.07. The P-value for both sides is 0.47 at the
lower tail and 0.53 at the upper tail of the normal distribution curve. Since the P-value is greater than 0.025 at
both tails, the null hypothesis fails to be rejected. This indicates that the intercept for simulation and experiment
data are validated within a 5 % deviation or validated within a 95 % confidence interval. A hypothesis test for the
intercept coefficient on Side A is repeated for Side B.

The null hypothesis for Side B is HO: a2(intercept of simulation) = -3.900243 (intercept of experiment). This
hypothesis indicates that the intercept coefficient for simulation data on Side B is similar to the intercept coefficient of
experimental data. The alternative hypothesis is H1: a2(intercept of simulation) # - 3.900243 (intercept of experiment),
indicating that the intercept coefficient of simulation and experiment data are not similar. By using an alpha of 0.05, the
similarity between the two slopes will be tested within a 5 % deviation, meaning the intercept for simulation at Side B
can only differ from the experimental intercept within a 5 % error to accept the null hypothesis. The hypothesis test
proceeds with the calculation of the z-value. Since the test is two-sided on the normal distribution curve, the z-value will
be considered positive and negative, while the rejection area is 0.025 on both sides of the normal distribution curve, as
shown in Fig. 4. Based on Eq. 15, al- a2 represents the difference between the intercepts for experimental and simulation
data, while s,1_g, is the difference in the standard error of the intercepts between the experiment and simulation. The
values for al and a2, are -3.900243 and -4.019052, respectively, while Sa; and Sa; are In(0.0007195) = —7.2370 and
In(0.0005605) = —7.4867, respectively. Thus, the z-values for both sides are -0.48 and 0.48. The P-values for both
sides are 0.32 for the lower tail and 0.68 for the upper tail of the normal distribution curve. Since the P-values are greater
than 0.025 at both tails, the null hypothesis fails to be rejected. This indicates that the intercepts for the simulation and
experimental data are validated within a 5 % deviation or validated within a 95% confidence interval.

4. Conclusion

In conclusion, the I-V characteristics of the Gallium Arsenide/Aluminum Arsenide (GaAs/AlAs) Asymmetric Spacer
Layer Tunnel Diode (ASPAT) were validated with an error margin of within 5 %. This indicates that the measurements
for both data sets achieved a validation level of > 95 %. Three approaches were implemented: the linear regression model
to estimate the linear equation for both data sets, the non-linear regression model to interpret the exact relationship
between voltage and current according to the exponential equation, and the Gauss-Newton convergence iterative method.
Finally, a hypothesis test was conducted to examine the validation and accuracy of both the slopes and intercept
coefficients.

Acknowledgment

The authors would like to thank to Universiti Sains Islam Malaysia and ADS research group for their cooperation in
this research paper.

References

[1] I. F. Akyildiz, C. Han, Z. Hu, S. Nie, and J. M. Jornet, “Terahertz Band Communication: An Old Problem
Revisited and Research Directions for the Next Decade,” IEEE Transactions on Communications, vol. 70, no. 6,
2022, doi: 10.1109/TCOMM.2022.3171800.

[2] C. Xu, Z. Ren, J. Wei, and C. Lee, “Reconfigurable terahertz metamaterials: From fundamental principles to
advanced 6G applications,” 2022. doi: 10.1016/j.1s¢i.2022.103799.

[3] V. Pacheco-Peiia, “Terahertz technologies and its applications,” 2021. doi: 10.3390/electronics10030268.

[4] Z. Chen et al., “A survey on terahertz communications,” China Communications, vol. 16, no. 2, 2019, doi:
10.12676/j.cc.2019.02.001.

54



Journal of Tomography System & Sensors Application Vol. 7, Issue 2, 2024

www.tssa.com.my e-ISSN: 636-9133

(3]

(6]
(7]
(8]
(9]
[10]

[11]
[12]

[13]
[14]
[15]
[16]
[17]
[18]
[19]
[20]
(21]
[22]
(23]

[24]

[25]

[26]

R. Mahapatra, “Convergence of Wireless and Optical Network in Future Communication Network,” in Wireless
Power  Transfer — Recent Development, Applications and New  Perspectives, 2021. doi:
10.5772/intechopen.97293.

K. Wang et al., “Evolution of Short-Range Optical Wireless Communications,” Journal of Lightwave Technology,
vol. 41, no. 4, 2023, doi: 10.1109/JLT.2022.3215590.

M. A. Akkas and R. Sokullu, “Wireless Communications Beyond 5 g: Teraherzwaves, Nano-Communications
and the Internet of Bio-Nano-Things,” 2022. doi: 10.1007/s11277-022-09878-6.

Z. Chen et al., “Terahertz Wireless Communications for 2030 and Beyond: A Cutting-Edge Frontier,” /EEE
Communications Magazine, vol. 59, no. 11, 2021, doi: 10.1109/MCOM.011.2100195.

Y. Huang, Y. Shen, and J. Wang, “From Terahertz Imaging to Terahertz Wireless Communications,” 2023. doi:
10.1016/j.eng.2022.06.023.

L. Jerome, “Multiple linear and non-linear regression in Minitab,” MSOR Connections, vol. 9, no. 3, 2009, doi:
10.11120/msor.2009.09030017.

P. Goos and D. Meintrup, Statistics with JMP.: Hypothesis tests, ANOVA and Regression. 2016.

V. A. Barbur, D. C. Montgomery, and E. A. Peck, “Introduction to Linear Regression Analysis.,” The Statistician,
vol. 43, no. 2, 1994, doi: 10.2307/2348362.

Mohd Rashid Redza Bin Abdullah, “GaAs/AlAs ASPAT Diodes for Millimetre and Sub-Millimetre Wave
Applications,” Manchester, 2017.

A. A. A. Solyman and I. A. Elhaty, “Potential key challenges for terahertz communication systems,” International
Journal of Electrical and Computer Engineering, vol. 11, no. 4, 2021, doi: 10.11591/ijece.v11i4.pp3403-3409
L. Liu, S. M. Rahman, Z. Jiang, W. Li, and P. Fay, “Advanced terahertz sensing and imaging systems based on
integrated I1I-V interband tunneling devices,” 2017. doi: 10.1109/JPROC.2016.2636245.

I. Mehdi, J. V. Siles, C. Lee, and E. Schlecht, “THz diode technology: Status, prospects, and applications,” 2017.
doi: 10.1109/JPROC.2017.2650235.

D. Cimbri, J. Wang, A. Al-Khalidi, and E. Wasige, “Resonant Tunneling Diodes High-Speed Terahertz Wireless
Communications -A Review,” 2022. doi: 10.1109/TTHZ.2022.3142965.

X. Fu, Y. Liu, Q. Chen, Y. Fu, and T. J. Cui, “Applications of Terahertz Spectroscopy in the Detection and
Recognition of Substances,” 2022. doi: 10.3389/fphy.2022.869537.

K. N. Zainul Ariffin et al., “Investigations of asymmetric spacer tunnel layer diodes for high-frequency
applications,” IEEE Trans Electron Devices, vol. 65, no. 1, 2018, doi: 10.1109/TED.2017.2777803.

A. E. P. Hoyos, V. Fossaluza, L. G. Esteves, and C. A. de Braganga Pereira, “Adaptive Significance Levels in
Tests for Linear Regression Models: The e-Value and P-Value Cases,” Entropy, vol. 25, no. 1, 2023, doi:
10.3390/¢25010019.

P. Goos and D. Meintrup, Statistics with JMP: Hypothesis tests, ANOVA and Regression. 2016.

M. G. Tsige, A. Malcherek, and 1. Baselt, “An iterative approach for deriving and solving an accurate regression
equation,” Math Comput Model Dyn Syst, vol. 30, no. 1, 2024, doi: 10.1080/13873954.2024.2313014.

V. A. Barbur, D. C. Montgomery, and E. A. Peck, “Introduction to Linear Regression Analysis.,” The Statistician,
vol. 43, no. 2, 1994, doi: 10.2307/2348362.

F. Tahmasebinia, R. Jiang, S. Sepasgozar, J. Wei, Y. Ding, and H. Ma, “Implementation of BIM Energy Analysis
and Monte Carlo Simulation for Estimating Building Energy Performance Based on Regression Approach: A Case
Study,” Buildings, vol. 12, no. 4, 2022, doi: 10.3390/buildings12040449.

L. Jerome, “Multiple linear and non-linear regression in Minitab,” MSOR Connections, vol. 9, no. 3, 2009, doi:
10.11120/msor.2009.09030017.

Mohd Rashid Redza Bin Abdullah, “GaAs/AlAs ASPAT Diodes for Millimetre and Sub-Millimetre Wave
Applications,” Manchester, 2017.

55



