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Abstract: Toward the realization of control design support using Multimodal Large Language Model (MLLM), this
study proposes a method in which the MLLM estimates a transfer function from a Bode plot image. The proposed
method consists of two stages. In the first stage, the MLLM extracts frequency-response data points from a Bode plot
image. In the second stage, the extracted data are provided to another LLM to estimate a transfer function and to evaluate
the errors with respect to the input data. Using the same points extracted in the first stage, we also compare the estimation
by MATLAB. The experiments showed that direct estimation from an image achieved high accuracy, whereas the two-
stage method further reduced the estimation error for systems with closely spaced poles and zeros, nonminimum-phase
systems, and high-order systems. The orders of estimated transfer function by the LLM often matched the true orders,
whereas the orders of estimated transfer function by MATLAB tended to be higher than the true orders. Although the two-
stage method increases the computational cost, the accuracy could be improved for the transfer functions with complex

structures, because the search uses the explicit intermediate representation and the self-evaluation of fitting errors.
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1. INTRODUCTION

In recent years, multimodal large language models
(MLLMs) have achieved remarkable development, and
can process not only text but also images, audio, and
video in an integrated manner[1].

Research on extracting numerical information and
structured representations from graph images using
MLLMs has also progressed[2], [3]. In these studies,
restoring the numerical values and the structures con-
tained in graphs as JSON, plotting code, or the like has
been investigated.

In control design, graphs such as frequency responses
and time responses are used for the analysis of system
characteristics. In particular, stability margins, band-
width, poles, zeros, and the like can be obtained from
a Bode plot, and are used for design decisions[4]. There-
fore, in order to utilize LL.Ms for control support, an LLM
must read numerical values accurately from these graphs.
In addition, in order to perform control system design and
tuning, the ability to grasp the characteristics of the target
system from the numerical values read from the graphs is
also necessary. However, the studies in [2], [3] do not
address using the information obtained from the graph to
estimate a model of the system that the graph represents.

In this study, toward the realization of control design
support using an MLLM, we propose a method in which
the MLLM estimates a transfer function from a Bode plot
image. The proposed method consists of two stages.

Furthermore, using the frequency-response data ex-
tracted in the first stage as the input, we perform
identification using MATLAB’s tfest function and
patternsearch, and compare its result with that ob-
tained by the proposed two-stage method. From the view-

points of the estimation accuracy, the model structure, the
computational cost, and the error propagation, we clarify
the estimation characteristics of the LLM and MATLAB.

This paper is organized as follows. Section 2 de-
scribes the proposed method, Section 3 describes the ex-
periments, Section 4 presents the results and discussion,
and Section 5 presents the conclusion. In this paper, mod-
els that take only text as input and models that also sup-
port image input are collectively denoted as LLLM, and
MLLM is used when explicitly referring to processing
that involves image input.

2. PROPOSED METHOD

2.1 Overview of the Proposed Method

Figure 1 shows the flow of the proposed method. The
proposed method consists of two stages. In the first stage,
the MLLM extracts frequency-response data consisting
of the angular frequency, the gain, and the phase from
a Bode plot image. In the second stage, the extracted
frequency-response data are provided to the LLM, and
a transfer function is estimated. Furthermore, the LLM
itself is instructed to calculate the errors between the esti-
mated transfer function and the input frequency-response
data. In this configuration, the LLM can numerically
evaluate its own estimation result against the explicit in-
termediate representation.

The first stage and the second stage are performed as
independent LLM calls. The extracted points output by
the first stage are saved as a CSV file and attached to
the input of the second stage. No conversation history
is carried over between the two. Therefore, the second
stage estimates a transfer function only from the extracted



 m 5 AYEr XTI
I'ransfer Self-

[ image | points |
s function eval

—»@—» == — - Gs)=...

MLLM el LLM eM

Output

Fig. 1. Proposed method.
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Fig. 2. MATLAB-based transfer-function identification
procedure with model-order and time-delay search.

points, without referring to the Bode plot image or the
reasoning process of the first stage.

2.2 Point Extraction

In the first stage, a Bode plot image is provided to the
MLLM, and the MLLM is instructed to output frequency-
response data consisting of N extracted points,

{(wr, M, d1) il

Here, wy denotes the angular frequency [rad/s], M}, the
gain [dB], and ¢y, the unwrapped phase [deg].

2.3 Transfer-Function Estimation

In the second stage, the frequency-response data ex-
tracted in the first stage are provided to the LLM. The
estimated transfer function is expressed as

G(S) _ bnzsnz +bnz_15nz71 + ... +b0 efLS.
Ay 8™ + Gy —18"P 1+ +ag

The LLM is instructed to generate the coefficient vectors
num = [by,, by, —1,...,bo], den = [an,,an,—1,. .., a0,

that constitute this transfer function, and the time delay
L. Here, n, and n}, are the order of the numerator and the
order of the denominator, respectively. Furthermore, for
the estimated transfer function and the input frequency-
response data, the LLM is instructed to generate the max-
imum absolute gain error e; [dB] and the maximum ab-
solute phase error ey [deg].

2.4 MATLAB Identification as a Comparison Method

This section describes MATLAB identification that
uses the frequency-response data extracted in the first
stage of the proposed method. The frequency-response
data extracted in the first stage are input to MATLAB[5],
and the transfer function G(s) is obtained by optimiza-
tion. Figure 2 shows the flow of the procedure for the
transfer-function estimation.

The complex frequency response based on the
frequency-response data obtained in the first stage is ex-
pressed as

Gata(jwr) = Age?’,

where

Ae— 109 g = T
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In the high-frequency region, the gain slope ajr
[dB/dec] with respect to the common logarithm of the an-
gular frequency is obtained. From a )/, the relative degree
of the transfer function is obtained by

~ a’M

d = max (O7r0und ( 50 )) ,
where round is a function that rounds a value to the near-
est integer.

In addition, in the high-frequency region, the phase
slope ay [s] with respect to the angular frequency is ob-
tained. From agy, the initial value of the estimated time
delay

f/o = —a¢
is obtained.
To preserve the relative degree d, the set of candidate

(nz,np)
S ={(0,d),(1,d+1), ..., (Npmax — dy Tp max) }

is defined.

For each order candidate s; € S(i = 1,...,Mp max),
the estimated time delay f/m is searched for by MAT-
LAB’s patternsearch, where

Tm = WmaXLm

is used as search variable. Here, wp,ax denotes the up-
per limit of the angular frequency range displayed in the
Bode plot image. Using the estimated time delay L,,,

G:iata(jwk) = Gdata(jtdk)ejw’“Lm7

is generated, where the time-delay component has been
removed.

The candidate of the transfer function excluding the
time delay is defined as

Grils) = bin,s™ 4 bin, 18" 4+ bio
r,1 - — .
iy 8™ + @iy, —18™ T+ i

)

For each candidate, the complex frequency-response data
{wi, GYoa(Gwr) Y1, np, ny, and the estimation options
are input to MATLAB’s t fest [6], [7], and a transfer-
function model with the specified structure is estimated.

With the time delay I:m fixed, t fest estimates the
coefficients for G/, (jwy). After the estimation, the
time delay is restored to the model.

él(s) = éni(s)e_Lms

The obtained model is evaluated using the maximum
complex relative error at the N input points

Gaata(jwr) — Gi(jw)

Ji(2) = eimax(2) = 5% max (|Gaata(jwr)| s €)




Table 1. Comparison methods used in the experiments.

Method Input Intermediate Estimator ~ Stability
Direct MLLM Image None MLLM -
Two-stage LLM Image Frequency- LLM -

response points
LLM+MATLAB-N Image Frequency-

response points
LLM+MATLAB-S Image Frequency-

response points

MATLAB  None

MATLAB Enforced

Here, € is a small positive value for preventing division
by zero.

patternsearch performs the search using .J; () as
the objective function until the termination condition is
satisfied.

For each order candidate s;, the minimum objective
value obtained by the search is

JR = min J; (x).

The model with the smallest J™™ is selected.

3. EXPERIMENTS

This section describes the experiments for confirm-
ing the effectiveness of the proposed method. Table 1
and Figure 3 show the configuration of each estimation
method.

In Direct MLLM, a Bode plot image is provided di-
rectly to the MLLM, and a transfer function is estimated.

In Two-stage LLM, the proposed method described in
Section 2 is used. In addition, the number of extracted
points was set to N = 200, and the LLM was instructed
to generate them in ascending order of wy.

In MATLAB, a transfer function is estimated using
the same frequency-response data as those of Two-stage
LLM. This makes it possible, with the point-extraction
conditions kept common, to compare the two-stage End-
to-End estimation for the case in which an LLM is used
as the second-stage estimator and for the case in which
MATLAB identification is used. Moreover, in the iden-
tification by MATLAB, two conditions are evaluated:
without a stability constraint (MATLAB-N) and with a
stability constraint (MATLAB-S). In addition, the maxi-
mum denominator order searched by MATLAB was set
t0 Npmax = 10. Gdata(jws), obtained by converting
the frequency-response data extracted by the LLM into
a complex response, was used as the input. As the es-
timation option, WeightingFilter="inv" was set
in order to emphasize the relative fit of the frequency re-
sponse.

3.1 Experimental Conditions

Table 2 shows the LLM API settings, the experimental
environment, and the libraries used in this experiment.
The settings were common to each call of Direct MLLM
and Two-stage LLM. Code Interpreter is an OpenAl tool
that allows a model to generate and execute Python code
in a sandbox environment and to use the execution results
in its reasoning[8]. In this experiment, the use of this tool
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Fig. 3. Experimental methods.

Table 2. Experimental environment and API settings.

Item Value

LLM model GPT-5.6 Sol (gpt-5.6-sol)
LLM output format JSON Schema

LLM instructions None

Image detail level Original

Reasoning effort Medium

Reasoning mode Standard

Service tier Default

Prompt language English

LLM tool Code Interpreter

Code Interpreter memory 4GB
Programming language Python 3.13.13

MATLAB R2026a Update 2

Host OS Windows 11

Host CPU Intel Core Ultra 7 258V
Host RAM 32 GB

was required for all LLM calls, and the executed code and
outputs were recorded.

In this experiment, six transfer functions with various
complexities were used as the test systems. Table 3 shows
their configurations. The corresponding transfer func-
tions are provided in the Appendix. The Bode plot image
of each transfer function was generated with MATLAB
and used as the input to each estimation method.

Table 4 shows the generation conditions of the Bode
plot images and the common experimental conditions.
The representative frequencies of the pole and zero el-
ements were placed between 10~ ! and 102 rad/s, and the
displayed frequency range was set so that their effects
could be observed.

For each test system, the estimation was executed three
times. However, for G6, the trial, in which the point ex-
traction broke down substantially once, was re-executed,
and the three trials that completed normally were used for
the evaluation.

Figure 4 shows the prompts used in this experiment.
The prompts were determined in advance using the sys-
tem different from the test systems. They describe only
the explanation of the input information and the instruc-
tions and constraints for the output, and do not specify
concrete analysis methods or processing procedures. The
output format was specified as structured output conform-
ing to a JSON Schema.



Table 3. Transfer functions used in the experiments.

System Main characteristic FO poles SO pole FO zeros SO zero Special property
pairs pairs

Gl Reference system with first- and second-order elements 2 1 1 1 3rd/4th order
G2 Closely spaced first-order poles and zeros 5 0 2 0 Close elements
G3 Second-order elements with high damping ratios 0 2 0 1 High damping
G4 Same rational part as G1 with a time delay 2 1 1 1 L =0.01s
G5 Nonminimum-phase system based on G1 2 1 1 1 One RHP zero
G6 High-order system with multiple first- and second-order elements 4 2 2 2 6th/8th order

FO and SO denote first-order and second-order elements, respectively. Each SO pole or zero pair denotes one complex-conjugate pair.

Table 4. Common experimental conditions.

Item Value

Image size 1412 x 955 px
Resolution 200 dpi
Observed curve width Approx. 2 px

Frequency range 1072-103 rad/s
Trials per system and method 3

Direct MLLM
Estimate a transfer function G(s), from the attached Bode plot image.

Two-stage LLM (Stage 1)

Extract 200 frequency-response data points, from the attached Bode plot image.
e Represent each point as a tuple (angular frequency, gain, phase).
o Sort the points in ascending order of angular frequency.
e Unwrap the phase to make it continuous.

Two-stage LLM (Stage 2)

The attached file contains frequency-response data extracted from a Bode plot.
Each data point is a tuple (angular frequency, gain, unwrapped phase). Estimate
a transfer function (G(s)) from these frequency-response data. Also, calculate
and output the maximum absolute errors in gain and phase between the estimated
transfer function and the input frequency-response data.

Fig. 4. Prompts used in the experiments.

3.2 Evaluation Metrics

3.2.1 End-to-End Frequency-Response Accuracy

The End-to-End frequency-response accuracy is eval-
uated by placing 10,000 points in the range between 102
and 103 rad/s so that log;, w is equally spaced, and com-
paring the true transfer function with the estimated trans-
fer function. As the evaluation metrics, the maximum
complex relative error and the maximum absolute gain
and phase errors are used.

Gtrue (jwk) - G(jwk)‘
(|Gtrue (Jwi)])

€c,max — mk:ax

€M, max = m]?X ‘Mtrue(wk) - M(wk) )

€¢,max = Max ‘¢true(wk) - Qg(wk)’

3.2.2 Transfer-Function Structure Estimation

For each test system, the numerator order and the de-
nominator order of the estimated transfer function are
compared with their true values.

For G4, which includes a time delay, the absolute error

er = ‘Ltrue - f/|

between the true time delay Ly, and the estimated time
delay L is evaluated.

For G5, which includes a right-half-plane (RHP) zero,
the number of RHP zeros in the estimated transfer func-
tion is compared with the true value, and the distance be-
tween the true RHP zero and the closest estimated zero is
also evaluated.

For the identification by MATLAB, the stability is de-
termined on the basis of the real parts of the estimated
poles, and the structural differences due to the presence
or absence of the stability constraint are evaluated.

3.2.3 Computational Cost

The computational cost is evaluated in terms of the
processing time, the API token usage, and the API fee
of each method.

3.2.4 Error Propagation

We evaluate how the error of the extracted frequency-
response data propagates as a result of the subsequent
transfer-function estimation. In this evaluation, the 200
frequency points extracted by the MLLM are used. Let
eext denote the maximum error at the point extraction,
erLMm the final estimation error by Two-stage LLM, ex
the final estimation error by MATLAB-N, and eg the final
estimation error by MATLAB-S. The error amplification
factor of each estimation method is defined by

€LLM eN €s

KLLM = y KN=—, Ks=
€ext Cext €ext

A value of k¥ < 1 indicates that the error at the point
extraction was reduced by the subsequent estimation,
whereas « > 1 indicates that it was amplified.

4. RESULTS AND DISCUSSION

4.1 End-to-End Frequency-Response Accuracy

Table 5 shows the mean values of the maximum End-
to-End frequency-response errors over the three trials of
each method. Although small errors were obtained for all
test systems with Direct MLLM, Two-stage LLM showed
smaller errors than Direct MLLM in all trials for G2, G5,
and G6. In contrast, Direct MLLM was superior for G1.
The Code Interpreter logs showed that, in multiple Two-
stage LLM runs, the error was first calculated with re-
spect to the input data, after which the candidate struc-
ture or the model order was changed, re-optimization was
performed, and the final error was checked again. This
suggests that the self-evaluation was used for further ex-
ploration of candidate models. Note that Direct MLLM



Table 5. Mean End-to-End errors over three trials.

SyS Method €c,max €M, max [dB] €¢$ max [deg]
Gl  Direct MLLM 0.0211 0.1601 0.8389
Two-stage LLM  0.0279 0.1972 1.0454
MATLAB-N 0.0721 0.3558 4.1116
MATLAB-S 0.1308 0.6220 6.7626
G2  Direct MLLM 0.0458 0.3887 0.4646
Two-stage LLM  0.0228 0.1943 0.3208
MATLAB-N 0.0286 0.2396 0.6067
MATLAB-S 0.0293 0.2345 0.6182
G3  Direct MLLM 0.0256 0.2197 0.4430
Two-stage LLM  0.0231 0.1947 0.5908
MATLAB-N 0.2330 1.1741 13.2033
MATLAB-S 0.5365 9.3179 43.9813
G4  Direct MLLM 0.0517 0.3637 1.6836
Two-stage LLM  0.0475 0.1909 2.6275
MATLAB-N 0.2771 0.2810 15.9808
MATLAB-S 0.2484 3.0450 11.4745
G5  Direct MLLM 0.0587 0.4701 1.5679
Two-stage LLM  0.0119 0.1022 0.2698
MATLAB-N 0.0412 0.2385 2.1389
MATLAB-S 0.0174 0.1334 0.5712
G6  Direct MLLM 0.0802 0.6616 3.7823
Two-stage LLM  0.0313 0.2181 1.5255
MATLAB-N 0.0385 0.2441 1.7348
MATLAB-S 0.0341 0.2449 1.4548

also generates points and performs numerical optimiza-
tion internally in some cases.

4.2 Transfer-Function Structure Estimation

Table 6 shows the number of order matches for each
method and the RHP-zero detection results for G5. The
LLM showed a high match rate for the order of the trans-
fer function. Direct MLLM selected models with under-
estimated order for G6 in some cases. Two-stage LLM,
in contrast, selected model with overestimated order for
G2.

The Code Interpreter logs showed that candidate mod-
els were generated by taking into account response fea-
tures such as the relative degree, resonances and antires-
onances, time delay, and RHP zeros. This suggests that
the LLM generated plausible candidates on the basis of
the shape of the Bode plot, and that this contributed to
the high order match rate.

In contrast, models with overestimated order relative
to the true value were selected in 35 of the total 36
conditions of MATLAB-N and MATLAB-S. Figure 5
shows the result of classifying the excess roots of the
models with overestimated order. Here, the relative dis-
tance in the complex plane between a pole p and a zero
z is defined as d(p,z) = |p — z|/max(|p|,|z|), and
a model was determined to have a close pole-zero pair
when the minimum value of this distance in the model
was less than 0.01. In the models with overestimated
order, poles and zeros outside the evaluation frequency
band and close pole-zero pairs were frequently observed,
and excess roots within the band were also observed in
some models. In MATLAB, candidates are selected us-
ing the maximum complex relative error with respect to
the input data points as the main criterion. This suggests

Table 6. Structure estimation results over 18 trials.

Method Order match G5 RHP-zero detection
Direct MLLM 16/18 3/3
Two-stage LLM 17/18 3/3
MATLAB-N 0/18 3/3
MATLAB-S 1/18 3/3

Over-order models (n=35) MATLAB 4
4 N
Out-of-band roots Close pole-zero pairs
(n=29) (n=22)

©)

In-band, non-canceling extra roots
& @3 J
Fig. 5. Distribution of excess-root patterns in MATLAB
models with overestimated order.

that these excess roots reduced the fitting error and that
models with overestimated order were selected. In fact,
for G3, cases were observed in which, despite the small
errors at the 200 input points, close pole-zero pairs that
produce narrow response variations between the sampled
points were included, and the error increased in the evalu-
ation at 10,000 points. Thus, in candidate selection based
only on the numerical fit to the input data points, the
structural validity such as the model order and the pole-
zero configuration can be underestimated.

Table 7 shows the time-delay estimation error for G4
and the estimation error of the RHP-zero location for
G5. All methods detected the presence of the time de-
lay. Whereas the two LLM-based methods obtained esti-
mated time delays close to the true value, MATLAB had
large estimation errors. In MATLAB, although the time
delay was close to the true value for the true 3rd/4th-order
candidate, a candidate with overestimated order was ul-
timately selected. In higher-order models, the additional
poles and zeros allow the rational part to represent some
of the phase variation caused by the time delay within a
finite frequency band. This suggests that the fitting error
was reduced while the estimation error of the time delay
increased. In addition, all methods detected the RHP zero
for G5, and the nonminimum-phase structure itself could
be estimated by both the LLM and MATLAB.

4.3 Computational Cost

Table 8 shows the means of the number of input to-
kens, the number of reasoning tokens, the number of out-
put tokens, the processing time, and the API fee of each

Table 7. Estimation results for time delay and RHP zero.

Mean delay error  Mean RHP-zero error

Method (G4) [s] (G5) [rad/s]
Direct MLLM 0.000018 0.000465
Two-stage LLM 0.000031 0.000346
MATLAB-N 0.003676 0.000445
MATLAB-S 0.001880 0.000655




Table 8. Mean computational costs over 18 trials.

Input Reason. OWPU  Time Cost
Method tokens tokens tokens® [s] [USD]

Direct MLLM 7,424 3,358 3,430 84.92 0.2600

Two-stage LLM
Stage 1 13,012 2978 7,188 107.29 0.4007
Stage 2 10,896 4,031 4,156 122.19 0.2991
Total 23909 7,009 11,344 229.48 0.6999
MATLAB-N 13,012 2,978 7,188 186.95 0.4007
MATLAB-S 13,012 2,978 7,188 236.86 0.4007

T Output tokens include reasoning tokens; both are billed at the output
rate. API costs were estimated using the pricing checked on August
15, 2026: USD 5 per million input tokens, USD 30 per million out-
put tokens, and USD 0.12 per 4-GB Code Interpreter session. These
values do not represent the actual billed amounts. The API fees and
token counts for MATLAB-N and MATLAB-S include only the com-
mon Stage 1 components and do not include costs such as MATLAB
licenses.

Table 9. Error propagation results over 18 trials.

Mean k Trials with x < 1
Method Complex / Gain / Phase Complex / Gain / Phase

Two-stage LLM  0.732/0.757 / 0.791 14/18 / 13/18 / 14/18
MATLAB-N 1.79770.930/2.034 14/18 / 14/18 / 9/18
MATLAB-S 0.908/0.906/ 1.038 10/18/12/18 /1 9/18

method. Because Two-stage LLM requires two API calls,
the fee and the processing time increased compared with
Direct MLLM, and both the mean API fee and the mean
processing time became approximately 2.7 times as large.
Thus, applying the two-stage method to all inputs cannot
necessarily be said to be advantageous in terms of cost-
effectiveness.

4.4 Error Propagation

Table 9 shows how the point-extraction error changed
as a result of the subsequent transfer-function estimation.
For Two-stage LLM, the mean error amplification factor
x was less than 1 for all of the complex response, the
gain, and the phase, and the trials in which x < 1 also
accounted for the majority. In contrast, for MATLAB the
results depend on the metric and the estimation method.

This indicates that, for Two-stage LLM, the extraction
error contained in the extracted points is smoothed by fit-
ting a finite-order transfer function. Although the error
after estimation is relatively large near the peak frequen-
cies, the maximum error tended to be reduced.

5. CONCLUSION

In this study, we investigated a two-stage method that
extracts frequency-response data points from a Bode plot
image as an explicit intermediate representation and esti-
mates a transfer function from the extracted points. The
experiments showed that a high accuracy was obtained
for complex-structured systems with closely spaced poles
or zeros, for nonminimum-phase systems with an RHP
zero, and for high-order systems, and the Two-stage esti-
mation showed greater improvement in accuracy than the
direct estimation. The transfer-function orders estimated
by the LLM often matched the true orders, whereas the

transfer-function orders estimated by MATLAB tended to
be higher than the true orders. This indicates that, when
selecting a candidate model, it is necessary to consider
not only the numerical fit but also the structural validity
of the model order and the pole-zero configuration. In ad-
dition, whereas the maximum error after the subsequent
estimation was reduced compared with that at the point
extraction in many trials, failures of the point extraction
itself were also observed.

In the future, we will investigate comparative experi-
ments that separate the effect of the self-evaluation alone,
robustness evaluation including point-extraction failures,
and methods and candidate selection that take into ac-
count the estimation accuracy, the computational cost,
and the structural validity. Furthermore, we will inves-
tigate the extension to time-response graphs such as step
responses, and the estimation of a nominal model and the
uncertainty from responses that include uncertainty.

APPENDIX

The transfer functions of the six test systems are given
below.

22.3570(s + 0.1995)(s? + 10.0476s + 630.9591)

G -
1() (5 + 6.3096)(s + 100)(s2 + 0.2s + 1)
Gas) = _T07:9907(s + 12.5803)(s + 15.8489)
208 = g1 1.2589) (s + 1.5849)(s + 1.9953
X (s + 79.4328) (s + 100
281.8698(s + 5.5735s + 15.8492)
Gs(s) =

(52 + 0.8019s + 0.2512)(s2 + 75.71485 + 3981.0674)
Ga(s) = Gi(s)e 001

—22.3570(s — 0.1995) (s> + 10.0476s + 630.9591)

a =
5() (s + 6.3096) (s + 100)(s2 + 0.25 + 1)
3574.7180(s + 1.2589) (s + 50.1187)
Go(s) x (82 4 0.0798s + 0.03980) (s% 4 5.0238s + 630.9591)
6(s) =

(s + 0.1000) (s + 0.5012)(s + 2.5119)(s + 6.3096)
x (8% 4 5.0357s + 158.4905)(s% 4 20s 4 10000)
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