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Abstract— Hysteresis has posed significant challenges to the
modeling and control of flexible endoscopic robots, which
impedes the advancement of automated endoscopic operation.
Despite numerous hysteresis modeling approaches aimed at
improving accuracy, there are still several unresolved issues,
such as inappropriate model selection and non-ideal assumption
of noise. Focusing on these challenges, a novel reinforcement
active modeling (RAM) scheme is proposed in this paper. By
incorporating reinforcement learning, this method augments an
Extended Kalman Filter (EKF)-based active modeling strategy,
which improves the insensitivity and generalization ability to
non-Gaussian noise that is not introduced in training. Finally,
a series of comparative experiments are conducted on the self-
built flexible endoscopic robot to validate the improvement
achieved by the proposed scheme. Compared with some widely-
applied methods, the proposed scheme achieved at least 63.8%
improvement in the root mean square error (RMSE) in mod-
eling accuracy under Gaussian noise conditions, and at least
36.5% improvement in RMSE under Poisson noise conditions.

I. INTRODUCTION

Natural orifice transluminal endoscopic surgery (NOTES)
has emerged as a prominent technology in minimally invasive
treatments, offering unique benefits, such as reduced pain,
minimal trauma, and rapid recovery [1]-[4]. The flexible
endoscope finds extensive application in NOTES procedures,
such as renal calculus ablation operations, due to its softness,
non-invasiveness, and wide extension capabilities. However,
the inherent flexibility of the tendon-sheath mechanism re-
sults in noticeable hysteresis in operating the flexible en-
doscope, which significantly complicates precise control of
the bending motion. While the phenomenological model is
initially employed as the hysteresis model to depict input-
output mappings, it struggles to accurately describe time-
varying uncertainties due to its static features [S]-[7].
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A dynamic modeling scheme, known as active modeling
(AM), has been adept at estimating the uncertainties of
various kinds of nonlinear systems, including mobile robots
[8], unmanned helicopters [9], unmanned aerial vehicles [10],
unmanned surface vehicles [11], pneumatic artificial muscles
[12], shape memory ally [13], etc. In particular, the active
modeling scheme provides an alternative approach for the
estimation of the hysteresis effect. For instance, aiming at
the limitations of Kalman filter (KF)-based active modeling
when applying it to flexible endoscopic robot, Wang et al.
proposed an unscented Kalman filter (UKF)-based active
modeling scheme in which the Coleman-Hodgdon (C-H)
model is chosen as reference model, and achieved accurate
dynamic modeling for the bending motion of flexible en-
doscopic robot [14]. With respect to this concept, Qin et
al. have further extended this nonlinear dynamic modeling
scheme, culminating in the amalgamation of the modified
methodology with the Bouc-Wen model to mitigate hys-
teresis nonlinearity in pneumatic artificial muscles, thereby
reducing tracking errors [15]. Nevertheless, due to the priori
assumption of Gaussian noise and the mismatch in the dy-
namic characteristics of the reference model, the applicability
of these classical active modeling approaches may be limited.

To overcome the aforementioned constraints, an assump-
tion of the confidence interval-based active modeling scheme
has been proposed for the estimation of hysteresis bound-
aries. For instance, Wang et al. proposed an extended
set-member filter (ESMF) observer-based active modeling
scheme to estimate the hysteresis boundaries in flexible
endoscopic robots, thereby mitigating modeling errors [16].
Furthermore, Qin et al. have proposed an attain modeling
scheme founded upon the Prandtl-Ishlinskii (PI) model and
ESMF to achieve compensation for system nonlinearity and
external disturbances of pneumatic artificial muscle [17].
While ESMF-based approaches assume noise only to be
unknown but bounded, ESMF-based methods struggle to
achieve precise point estimations within confidence intervals.
Meanwhile, the judicious selection of an appropriate refer-
ence model remains a vital challenge of active modeling-
based schemes.

Data-driven algorithms and intelligent algorithms are in-
troduced to emancipate active modeling from the reliance
on reference models in this case. For instance, Chen et al.
has proposed an innovative data-driven active modeling ap-
proach that amalgamates the Koopman operator with Kalman
filtering, thereby mitigating the influence of modeling un-
certainties and external disturbances on the pneumatic soft
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manipulator, enabling accuracy control [18]. It should be
mentioned that Koopman-based active modeling remains to
be constrained by the assumptions of linear systems and
the Gaussian distribution noise. While current learning-based
modeling approaches also exhibit rewarding performance,
it is acknowledged that exclusively relying on learning for
modeling is time-consuming and lower productive [19], [20].
Consequently, challenges remain in finding a reasonable inte-
gration of data-driven algorithms into the modeling process.

This paper presents a novel method called reinforcement
active modeling (RAM) scheme for accurate hysteresis mod-
eling of the flexible endoscopic robot in the presence of
non-Gaussian noise. Specifically, traditional KF-based active
models are difficult to capture hysteresis loops in inaccurate
initial estimates and non-Gaussian noise, while ESMF-based
models fail to provide precise point estimates. To address
these limitations, we propose an active modeling approach
that integrates reinforcement learning (RL)-based compen-
sation. This method achieves precise state vector estimation
in non-Gaussian noise by compensating for modeling errors.
The principal contributions of this manuscript can be sum-
marized as follows:

1) A novel hysteresis model that empowers EKF-based
active modeling using reinforcement learning is proposed
in this paper. This scheme offers a more versatile means
to attain accurate modeling, even in the inaccurate initial
estimation of the reference model.

2) This paper represents a pioneering application of rein-
forcement learning in the hysteresis modeling for the flexible
endoscopic robot. Particularly, higher modeling accuracy is
achieved when noise assumptions are non-ideal.

3) The effectiveness of the proposed method is verified
through comparison experiments with the C-H model, AM,
and the long short-term memory (LSTM) modeling scheme,
respectively.

The remainder of this paper is organized as follows:
Section II provides an elaborate exposition of the active mod-
eling approach employing the C-H model as the reference
model and the EKF as the state estimator. In Section III, the
reinforcement active modeling scheme is built up. Section
IV offers a detailed description analysis of the experimental
results pertaining to the proposed method. Finally, the con-
cluding section provides the research’s overall conclusion.

II. PRELIMINARY OF ACTIVE MODELING
A. Coleman-Hodgdon Hysteresis Model

The Coleman-Hodgdon (C-H) model is a classical model
used in describing the phenomenon of hysteresis [21]. In this
article, the continuous C-H model is utilized to capture the
hysteresis of the flexible endoscopic robot as the reference
model [14], which is written as follows:

O(t) = alv(t)|- (b-61(t) — O(t)) +c-v(t) (1)

where 6(t), 0l(t), v;(t) represent the bending angle, pulling
distance, and the velocity of pulling distance, respectively.
vy(t) = 6l(t), and a,b, ¢ are constants. As the schematic of
flexible endoscopic illustrated in Fig. 1, the pulling distance
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Fig. 1. The schematic diagram of the flexible endoscope’s bending motion.

dl(t) induces variations in the bending angle 6(t) of the
flexible endoscope. The C-H model provides an approximate
description of the mapping relationship between input and
output. It is evident that equation (1) remains static once the
identification parameters a, b, ¢ are determined. Whereas, this
static model is inadequate for handling time-varying uncer-
tainties, which results in unsatisfactory modeling accuracy.

B. EKF-based Active modeling

This paper takes EKF as an example to introduce active
modeling. EKF is utilized as the extended state estimation
engine to perform real-time estimation of both system states
and modeling errors introduced in equation (1) for the
reference model. As discussed in previous works [22], this
kind of approach treats uncertainties as additive process noise
in the following form:

0(t) = alu(t)] (b-8U(t) = 6(1)) +c-u(t) + W(t)
y(t) =0(t) + V(1)

where y(t) is the measurement of the output equation, W (t)
and V' (t) represent the process noise and measurement noise
respectively, which are both assumed to be Gaussian white
noise in real application. The modeling errors of equation
(2) can be re-expressed as follows:

{ 1) = 0(t) ~ 6(t) )
f®)=0+¢e(t)

where 6 and 6 represent the measurement of the bending
angle and the output of the C-H model respectively, f(t)
is the model error, and e(¢) is the process noise which
drives the model error update. Considering the fact that
the updating rate of model errors is much slower than the
sampling frequency of the system, the lumped term f(¢) can
be regarded as a slow time-varying value [12]. Hence, the
discrete form of the original model can be re-written as

2)

Or1 = O + [a [vigy| (080 — O1) + ey + fk} T+ Wy

Jrv1 = fr + ek
U = Op + Vi
_ “4)

where T is the sampling time. Symbols 60, 0lk, fx,
Wy, ek, Vi, v represent the discrete form of é(t),
Ol(t).f(t), W(t), e(t), V(t), vi(t), respectively; vy =
(6lg, — 0lk—1)/T. The discrete form of state vector can be
expressed as X = [ 0 fx ]T. To facilitate the derivation
process, equation (4) is rewritten as follows:

{Xk =F(Xp_1) + Wi

5
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where F(-) and H(-) represent the state transition function
and the measurement function respectively. Then, the EKF
is chosen as the estimator of active modeling to estimate the
state vectors in real-time, which is implemented as follows:

Step 1. The initial state and covariance matrix are initial-
ized. Then, the prediction of the state vector and measure-
ment are expressed as follows:

Xk|k71(1) :X}Cfl(l) + |:(L . ‘Ul(k)‘ (b . 5lk — Xk,,l(l))
+c-ur) + kal(Q)} -T

Xik-1(2) = Xi—1(2)

Yih—1 = Xpjp—1(1)

(6)
where X1 and Yy ;_; represent the prediction of the
state vector and measurement at k-th time step, respectively.

Step 2. The state transition matrix and measurement

matrix are obtained by linearising the process model and
measurement model in equation (5), respectively.

(9F 17T~0,~|’Ul(k)| T

P ox T 0 1 o
OH

where ¥; and € represent the state transition matrix and
measurement matrix at k-th time step respectively.

Step 3. Next, the prediction of the covariance matrix and
update of the Kalman gain is obtained as follows:

{ Pypp—1 = Sk P11 Sk + Qr

_ 3
Ki = Pyjjo—1 % (e Prjp—1 " + Ri) ™!

where Py, is the prediction of the covariance matrix at
k-th time step, Py_1),—1 is the covariance matrix at (k—1)-
th time step, Qp and Ry represent the covariance matrix
of process noise and measurement noise at k-th time step
respectively, and K}, is the Kalman gain at k-th time step.

Step 4. Eventually, the state vector and measurement are
updated as follows:

{ Xk = Xpjp—1 + K (Y — Yipp—1)

)
Py = Pyjp—1 — Prjro—1 K

where X and Y} represent the state vector and the mea-
surement at k-th time step respectively. Therefore, the state
vector estimation can be obtained through active modeling.
However, it is worth mentioning that despite the improved
accuracy of the estimation compared to the output of the C-H
model alone, there are still some open issues as follows:

1) The EKEF critically depends on the careful selection of
the reference model and the appropriate adjustment of its
initial state.

2) The estimation accuracy of the traditional EKF is
influenced by the initial value chosen for the noise variance.

3) The requirement of Gaussian distribution for noises
limits the ability of active modeling schemes to be extended
to various types of systems.

Active Modeling Algorithm
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Fig. 2. The structure of RAM scheme.

ITII. REINFORCEMENT ACTIVE MODELING

In this section, the outstanding approximation and gener-
alization capabilities of reinforcement learning are employed
to address the issues mentioned in the last section. Firstly,
the interaction between the model and the environment is
represented as a Markov Decision Process (MDP). This MDP
is denoted as a tuple < S, A, P, R >, where S and
A represent the set of the states and actions respectively,
P: S x Ax S — R denotes the transition probability, and
R represents the reward function. In this paper, the state
vector sj, € S represents the discrepancy, denoted as ¢ft4M
between the ground truth vector yf*4" and the output of
RAM vector y,?T at the time step k. The action space vector
is the reinforcement gain K ,fAM at the time step k.

It is worth mentioning that the proposed scheme achieves
an improvement in active modeling, accordingly, the work-
flow is designed on the basis of the preceding section.
As the structure of the RAM scheme shown in Fig. 2,
reinforcement learning is introduced to learn from the resid-
ual modeling error between active modeling and ground
truth value to reinforcement gain KM . Subsequently,
the residual modeling error is offset via a reinforcement
measurement update, obtaining the reinforcement gain from
the reinforcement learning policy. The estimation of AM and
RAM are denoted by X" and X{;"" respectively. Then,
the proposed scheme is expressed as follows:

RAM AM RAM . RAM
X = Xpge HETT -0 (10)
RAM GT RAM
o =Y =Y

where Kj/*“AM s the reinforcement gain generated by re-
inforcement learning, which is used in reinforcement mea-
surement update after active modeling, Y,¢7 and Y;FAM
represent the ground truth and the output of RAM, respec-
tively. d)kRAM is the residual error between the YkGT and
Y,BAM Consequently, the reward function Ry, measures the
effectiveness of action by quantifying the modeling deviation

between the ground truth value and the estimation of RAM,
ie. pftAM,

Ry, = —[|of 4|

(1)
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Fig. 3. The block diagram of flexible endoscopic robot system.
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TABLE I
HYPARAMETERS OF PPO TRAINING PROCESS
Number Hyparameters Value
1 Learning rate 2.5e — 4
2 Experience horizon 1024
3 Discount factor 0.99
4 Minibatchsize 128
5 Clip factor 0.2
6 Episodes 2000

It is worth noting that the proposed algorithm does not
disrupt the integrity of the active modeling. The final state is
obtained through dual steps, i.e., active modeling updates in
(9) and reinforcement learning updates in (10). The combi-
nation of reinforcement learning for residual compensation
and active modeling estimation governs the state updates.

IV. ABLATION STUDIES AND ANALYSIS
A. Platform Description

As shown in Fig. 3, the platform is composed of a flexible
endoscopic robot with a ureteroscope, a binocular vision
system, an industrial PC, a driver, and a brushless DC servo
motor. The binocular vision system that comprises two indus-
trial cameras (The ImagingSource GigE DFK33GP1300) is
used to capture bending angles. The industrial PC transmits
motion signals to control the DC servo motor’s movement
via the driver (EPOS2 24/2 Controller), while simultane-
ously capturing the bending angle in real-time from the
cameras. Numerous experiments are conducted within a
MATLAB/Simulink environment.

B. Validation of Modeling Accuracy

In this section, three groups of comparative experiments
are carried out to validate the modeling accuracy, fluctuation,
and generalization capabilities of the proposed modeling
scheme under Gaussian noise and non-Gaussian noise. Direct
RL modeling is selected as a comparative scheme to substan-
tiate the distinctive advantage of combining the rule-based
active model with the learning strategy. Furthermore, the C-H
model, AM, and LSTM modeling schemes have been chosen
as representatives of the static, active, and learning-based
models, respectively, for comparison with RAM. Utilizing
experimental data obtained from the hardware device, a
genetic algorithm is employed to identify the parameters of
the C-H model, resulting in the following parameter values:

a=1.15 b=2238 c=5 (12)

Process X Measurement
Model Model
R T ¢ with noise ¥ — Y7 yor
Direct Reinforcement, ~ y°” | Flexible endoscopic
Learning Robot

Fig. 4. The structure of Direct RL modeling scheme.
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Fig. 5. The results in Experiment 1 (The ground truth values-blue dashed
line; the RAM-orange solid line; the Direct RL modeling-green dotted line).

It is worth mentioning that the corresponding dataset in
pulling distance &l € [2,4] mm is utilized as the training
set. During training, the measurement noise is selected as
Ry, = 0.1. The dataset in pulling distance 6! € [—1,1] mm
is selected as the testing set. During testing, the covariance
of Gaussian noise which is not introduced in training is set
as 1 and 5 respectively. The expectation of Poisson noise is
set as 0.1, 1, and 2. In order to ensure the validity of the
experimental results, RAM and Direct RL modeling applied
the Proximal Policy Optimization (PPO) algorithm as the
RL algorithm. The hyperparameters for the PPO training
process are set to identical values as displayed in TABLE 1.
Additionally, the training datasets, testing datasets, and other
RL settings of RAM are also set to be the same as Direct
RL modeling.

Experiment 1 (comparative experiments of Direct RL
modeling and RAM): To validate the necessity of the pro-
posed modeling scheme, an experiment is conducted to
highlight its superiority and compare the modeling accuracy
and fluctuation of Direct RL modeling and RAM. It should
be noted that in this particular case, RL is used as a substitute
for active modeling to predict states directly, as the structure
illustrated in Fig. 4.

Considering that the modeling accuracy of the active
model in a specific application scene depends heavily on
the adjustment of measurement noise, the covariance of
the process noise is intentionally set to a small value to
clearly evaluate the sensitivity of the different methods to
measurement noise. Thus, the covariance of the process noise
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TABLE I
RESULTS OF QUANTIFIED EVALUATION INDICES UNDER UNTRAINED DIFFERENT COVARIANCE OF GAUSSIAN NOISE

Covariance of

measurement noise Indices C-H AM LSTM RAM Improvement[%]
M AE][deg] 4.4908 2.2051 1.9702 0.4431 90.1/ 79.9/ 77.5

Rp=1 RM SE[deg] 5.4441 2.8922 2.4905 0.6354 88.3/ 78.8/ 74.4

M D[deg] 2.5763 2.2200 1.9698 0.4445 82.7/ 79.9/ 77.4

Var[degQ] 9.6637 8.3489 6.2010 0.4030 95.8/ 95.1/ 93.5

M AFE[deg] 6.6851 4.3098 2.3332 0.7961 88.1/ 81.5/ 65.9

Ri=5 RM S E[deg] 8.7325 4.9759 2.8856 1.0444 88.0/ 79.0/ 63.8

M D[deg] 4.8376 4.3393 2.3970 0.7807 84.6/ 82.0/ 67.4

Var[degz] 12.2948 10.7782 6.3925 1.0110 91.8/ 90.6/ 84.2

= RAM

0 20 40 60 80 100 120

Fig. 6. The results in Experiment 2: Ry = 1 (The ground truth values-
blue dashed line; proposed scheme-orange solid line; the C-H model-purple
dashed line; active model-yellow dash-dot line; LSTM-based model-green
dotted line)

is set as Qg = diag{0.001,0.001}, while the covariance of
the measurement noise in both training and testing are chosen
as Ri = 0.1 and Ry, = 1, respectively.

The results of Experiment 1 for the test sets are depicted
in Fig. 5. It is important to mention that an intentionally
inaccurate initial estimation is provided at the onset of
the modeling process. It can be seen whether Direct RL
modeling or RAM can both quickly track the actual trajectory
not affected by the inaccurate initial value. Moreover, it
is noteworthy that Direct RL modeling exhibits a higher
sensitivity to noise and larger modeling errors with sharp
fluctuations compared to RAM. This can be attributed to
the absence of a complete active modeling approach, which
results in a loss of filtering capability. Thus, the intuitive
superiority of the proposed scheme over Direct RL modeling
can be demonstrated.

Experiment 2 (generalization under different Gaussian
noise): To evaluate the generalization performance of the
proposed scheme across varying covariance of Gaussian
noise which is not introduced in training, experiments are
conducted with the same training settings as the previous
subsection, i.e., Q = diag{0.001,0.001} and Ry = 0.1.
Subsequently, generalization experiments are performed with
two different cases of Gaussian noise, namely R = 1 and
Ry, = 5, to compare the modeling accuracy and modeling

= RAM

Lo 1 e

-15¢ X 40, 45 50 X

0 20 40 60 30 100 120
time[s]

Fig. 7. The results in Experiment 2: R; = 5 (The ground truth values-
blue dashed line; proposed scheme-orange solid line; the C-H model-purple
dashed line; active model-yellow dash-dot line; LSTM-based model-green
dotted line)

fluctuation of the proposed scheme with the C-H model, AM,
and LSTM modeling scheme.

The results of Experiment 2 are illustrated in Fig. 6 and
Fig. 7. The proposed method consistently achieves rapid and
satisfactory modeling accuracy with minor fluctuations. In
contrast, for both Ry = 1 and R, = 5, the C-H model, AM,
and the LSTM modeling scheme exhibit significant modeling
errors and noticeable oscillations. For the C-H model and
AM, it required approximately 5 seconds to mitigate the
interference of the inaccurate initial value in order to track
the ground truth value. To objectively and quantitatively
assess the modeling accuracy and fluctuation of the proposed
and compared methods, four specific performance indices
have been formulated as follows:

1 N 1 N
— _ 7 2
MAE = + Zk:l lex|, RMSE = ,/N Zk:l e2

1 N 1 N

MD = N Zk:l ’ei —el, Var = N Zk=1 (e —ex)?

13)
where ey, represents the estimation error of the proposed and
comparative modeling schemes. M AFE represents the mean
absolute error of modeling accuracy, RMSE is the root
mean square error of modeling accuracy, M D represents the
mean difference of modeling error, and Var is the variance
of modeling error. M AE and RMSE are introduced to
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TABLE III
RESULTS OF QUANTIFIED PERFORMANCE INDICES UNDER UNTRAINED DIFFERENT EXPECTATIONS OF POISSON NOISE

meEa:;ﬁfgrts(t;r?tnn(())fise Perii(giréleasnce C-H AM LSTM RAM Improvement[%]
MAE [deg] 2.6982 0.6422 1.8049 0.2768 89.7/ 56.9/ 84.7

A=01 RMSE [deg] 3.7738 1.0049 2.2945 0.4720 87.5/ 53.0/ 79.4
M D [deg] 2.3647 0.6612 1.7987 0.2796 88.2/ 57.7/ 84.5

Var [deg?] 7.7231 0.9913 1.8200 0.2122 97.3/ 78.6/ 88.3

MAE [deg] 3.5428 1.8271 2.1294 1.0388 70.7/ 43.1/ 51.2

N1 RMSE [deg] 4.5736 2.5454 2.6640 1.2125 73.5/ 52.4/ 54.5
M D [deg] 2.4925 1.7836 1.9693 0.4549 81.7/ 74.5/ 76.9

Var [deg?] 8.7495 5.2481 2.0690 0.3970 95.5/ 92.4/ 80.8

MAE [deg] 4.4908 2.7163 2.7476 2.0156 55.1/ 25.8/ 26.6

=2 RMSE [deg] 5.4441 3.5148 3.3603 2.1334 60.8/ 39.3/ 36.5
M D [deg] 2.5763 2.2095 2.1578 0.5354 79.2/ 75.8/ 75.2

Var [deg?] 9.6637 8.0237 2.4385 0.4887 94.9/ 93.9/ 80.0

=+ LSTM
AM
CH
= RAM
= Ground Truth

dldeg]

dldeg]

time[s]

Fig. 8. The results in Experiment 3: A = 0.1 (The ground truth values-
blue dashed line; proposed scheme-orange solid line; the C-H model-purple
dashed line; active model-yellow dash-dot line; LSTM-based model-green
dotted line).

evaluate the modeling accuracy, and MD and Var are
designed to describe the modeling fluctuation.

The quantified results of various modeling schemes are
presented in Table II. It is evident that modeling errors
and fluctuations increase when covariance Ry is larger.
The proposed scheme consistently demonstrates outstanding
performance across all performance indices and scenarios. It
is noteworthy that RAM still exhibits an improvement of at
least 78.8% in every index even compared with the learning-
based LSTM modeling scheme. Specifically, compared to
the C-H model, AM, and LSTM modeling scheme, when
Ry, = 1, the proposed scheme exhibits a minimum reduction
of 77.5% in MAE, 74.4% in RMSE, 77.4% in M D and
93.5% in Var.And when R = 5, the proposed scheme
presents a minimum reduction of 65.9% in M AFE, 63.8%
in RMSE, 67.4% in M D and 84.2% in Var. In summary,
the outstanding modeling accuracy and satisfactory ability to
mitigate the Gaussian noise of RAM have been validated by
the experimental results.

Experiment 3 (generalization under various non-
Gaussian noise): To verify the generalization capability of

=+ LSTM
AM
CH
= RAM
= Ground Truth

time[s]

Fig. 9. The results in Experiment 3: A = 1 (The ground truth values-
blue dashed line; proposed scheme-orange solid line; the C-H model-purple
dashed line; active model-yellow dash-dot line; LSTM-based model-green
dotted line).

the proposed scheme suffering different non-Gaussian noise
which is not introduced in training, the Poisson noise of the
following distribution form is chosen as the measurement
noise in this experiment:

e~ AN

7!

(14)

where A is the expectation. In this experiment, the expecta-
tions of the Poisson noise are set as A = 0.1, A = 1, and
A = 2, respectively. The experimental results are depicted
in Figs. 8, 9, and 10. It can be seen that modeling errors
and fluctuations increase when expectation A is larger. In
contrast, under various non-Gaussian noise, the proposed
method consistently presents much more superior model-
ing accuracy and stability than comparative methods. The
LSTM modeling scheme, despite being based on learning,
exhibits unsatisfactory performance, occasionally even worse
than AM in specific indices. Similarly, four performance
indices defined as same as in Experiment 2 are employed
in this group. The quantified results are shown in Table
III, indicating that when A = 0.1, the proposed scheme
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Fig. 10. The results in Experiment 3: A = 2 (The ground truth values-
blue dashed line; proposed scheme-orange solid line; the C-H model-purple
dashed line; active model-yellow dash-dot line; LSTM-based model-green
dotted line)

achieves a minimum reduction of 56.9% in M AE, 53.0% in
RMSE, 58.7% in M D, and 78.6% in V ar than comparative
schemes, respectively. In particular, even under higher levels
of Poisson noise expectation, these indices also show an
improvement of more than 25% than others. In contrast,
the LSTM modeling scheme consistently underperforms AM
in most indices under non-Gaussian noise, indicating the
limitations of its generalization capability. In contrast, the
proposed scheme exhibits remarkable performance improve-
ments of at least 25% over AM in all indices. In summary, the
experimental result indicated that the proposed scheme has
satisfactory modeling accuracy and remarkable capabilities
to overcome non-Gaussian noise.

V. CONCLUSIONS

With respect to the concept of active estimation, a novel
reinforcement active modeling scheme is introduced for
flexible endoscopic robots in this paper. In particular, to
overcome the limit of the Gaussian distribution assumptions
and the dependency on the initial estimation accuracy of the
reference model, this approach takes advantage of reinforce-
ment learning and proposes a reinforcement active model to
improve the modeling accuracy and the generalization ability
of the model. Finally, a series of comparative experiments
are conducted to validate the effectiveness of the proposed
methodology. In future work, the robustness of the proposed
active model will be further studied and utilized in real-time
planning for flexible ureteroscopy robots.
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