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Abstract

Comparing to the big volume, large weight and high power consumption of the
conventional samplers which are fixed on the lunar rover, the paper firstly described a novel
flexible mini lunar sampling robot. Then the nonlinear dynamics resonance broken system is
built to model the contact between the sampling robot and the lunar regolith. It is found to be
suitable for drilling when the sampling robot is in the resonance condition. For the nonlinear
time-varying system of the dynamic modeling of the sampler in drilling, we presented the
method of the frequency neural-fuzzy adaptive control based on the dynamic resonant
frequency prediction of the flexible sampling robot using neural networks. Firstly the
algorithm predicts the dynamic resonant frequency of the sampling robot by GRNN. Then a
neural-fuzzy adaptive control system is established, in which the frequency prediction error,
the amplitude and its variable are adopted as the input and the sweep frequency bandwidth as
the output, to adjust the frequency bandwidth dynamically. What’s more, the simulation
results verify the effectiveness of the control strategy. Finally, the experimental results show
that the control algorithm can improve the drilling depth, drilling efficiency and the
discarding efficiency by 66.7%, 65.2% and 67.4%, respectively, in stimulant lunar regolith.
Keywords: Flexible robot; GRNN; ANFIS; Adaptive control

1. Introduction
Lunar exploration is of great economic efficiency and scientific significance, and it is
very hot in the worldwide nowadays [1]. The tele-operation of the rover exploring on
the lunar surface is an important technology that normally used for sampling and
analyzing the lunar soil. But the lunar rover gets its power from solar panels and
rechargeable batteries which could not initially provide high -power energy. So in the
process of designing the lunar sampler, the low power consumption, small volume and
low weight should be considered.
Till now, numerous researchers have studied and developed many samplers for
planetary exploration. All planet samplers can be divided into two types: the rigid
structure and the flexible structure. The former type samplers are the samplers used in
Luna 16 (1970) and Luna 20 (1972) of Soviet is single-rod [2], the lunar regolith
sampler used in Surveyor 5 (1967), the Instrument Deployment Device (IDD) of
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NASA’s Mars Exploration Rovers (2003) and the JPL’s Rover with tandem joint type
structure arms which have more freedom [3, 4]. They have characteristics such as
excellent stiffness and flexural capacity but too heavy weight and big contraction
volume. The latter type, such as the arms of Mole-typed Deep Sampling Robot (ESA in
2003[5], Japan in 2005[6]) and the Earthworm-type samplers [7] from Japan (2007)
which have little hardness, cannot guide well and can only be used for once. The
structure of the deployable wood wasp drill is an elastic structure which has many
advantages such as light weight, low power consumption but the disadvantages also
exist, i.e., the low sampling efficiency and small sampling volume (2006) [8,9].
In order to overcome the disadvantages of the existing samplers, we have developed a
novel flexible lunar sampling robot which has the advantages of small shrink volume,
long working distance, light weight, low power consumption, and well adaptivity.
As we all known, the flexible sampler can be controlled always in resonance state for
improving the drilling efficiency. But the dynamical modeling of the sampler -regolith
system is difficult to realize and it varies along with time when the sampler is in
different depth in the lunar regolith. As far as we know, the existing control methods of
vibration are mostly used in order to reduce the vibration amplitude [10-13]. Besides
that, the vibration frequency is about dozens kHz which is far from that of the flexible
sampler whose resonant frequency is about several to dozens of Hertz [14, 15].
This paper focuses on the control of the flexible sampling robot, namely, always keep it in
the resonance state while drilling by adaptive frequency control to improve the efficiency.
The paper is organized as follows. The next section introduces the mechanical design of the
novel flexible mini lunar regolith sampling robot. Then the nonlinear dynamics resonance
broken system of “sampling head-lunar regolith” is established and discussed in section3.
Section 4 presents the method of the frequency ANFIS control based on the dynamic
resonant frequency prediction of the flexible sampling robot by GRNN (Generalized
Regression Neural Network). In Section 5, the sampling experiments are carried out and
discussed. Finally, some conclusions are drawn in Section 6.

2. Mechanical Design of the Flexible Lunar Regolith Sampling Robot
A novel sampling robot is developed which mainly includes four parts: a box for
retractable tape spring, open cylindrical shell, driving structure and a sampling head
(see Figure 1).

[1] Box for retractable tape spring [2] Driving structure [3] Open cylindrical shell i.e.
sampling arm [4] Sampling head
Figure 1. Structure of the sampling robot
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The cylindrical shell is gripped by the convex and concave rollers which shapes
match well with that of the cylindrical shell. The surfaces of the convex roller and the
concave roller are covered with soft metal (or soft rubber) to ensure the cylindrical shell
can get the maximum moment [16]. The concave roller is connected to the slots in both
sides by bearings which are fixed in the brackets by strings. The convex roller acting as
friction wheel is fixed in the brackets by slots and connected to the motor by a
coupling. The friction transmits the movement to the open cylindrical shell when the
motor rotates. So the sampling arm moves down when the motor rotates counter
clockwise, and vice versa. Only one 3W motor is used to achieve the extension and
contraction of the sampling arm, so the power consumption of the arm is very low.
Figure 2 shows the mechanism of the sampling head. A 0.5 W longitudinal vibrator
and a 0.3 W torsion vibrator whose frequencies can be adjusted are embedded between
a lid and an acoustic horn from above to below in order. A 1 W sampling motor is
fixed to the enclosure and it can drive the sampling spoons to rotate in different
directions at the same speed by gears, so the sampling head has no output torque when
it is working. Besides, the sampling head is characterized by small volume, light
weight, low power consumption and it can sample a full scoop of about 5 cm3 simply
by rotating the spoon one circle, hence it can be used in the in-situ sampling of
shallow lunar regolith quantitatively.

[1] lid [2] longitudinal vibrator [3] torsional vibrator [4] transducer horn [5] sampling motor
[6] gears [7] external sampling spoon [8] internal sampling spoon
Figure 2. Lunar regolith sampling head

3. Dynamic Resonant Broken System
The contact between the sampling head and lunar regolith can be considered as a
rigid-powder coupling system. The sampling head’s circumference unit can be
equivalent to a unilateral shock vibration broken system as shown in Figure 3.
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Figure 3. Unilateral shock vibration broken system
According to the vibration theory, the vibration equation Eq.(1) of the system can be
given when an incentive signal F (t )  kA sin(t ) is exerted to the sampling head.

&
mx&
(t )  cx&(t )  kx(t )  kAsin(t )

(1)

Let c  2mn , n  k / m ,    / n , where m is the effective mass of the sampler
head,  is the frequency of the external excitation, n is the resonance frequency of the
vibration system; A is the amplitude of the external excitation;  is the damping ratio;

k is the equivalent stiffness of the lunar soil and sampling arm which directly
determines the resonant frequency.
The formula (1) can be transformed into the normalized form as follows:
&
x&

c
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1
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x& x  f ( x)  sin(t )
m
m
m
m

(2)

The fourth order Runge-Kutta method was adopted for simulation and calculation of
the equation (2) because the numerical solution method is commonly used for
complicated nonlinear dynamic model.
Firstly, the second-order vibration equations can be rewritten as one order state-space
equations. The state variables are introduced as:
 y1  x

 y2  x&

(3)

The formula (2) can be rewritten as below:
 y&
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The solution of the state equation can be obtained as follows:
h
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And the parameters are as follows:
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The parameters of the sampling head are: m0  0.4 g , e  2mm , m  120 g , 0  400 ,
B  1.26sin(1256t ) . When the length of the sampling arm is 80 cm, the parameters can be

obtained as k  12 N / m ,   0.05 ,   6.28 ~ 219.8 , c  0.012 ,   0.075 ~ 2.64 .
Through the numerical calculation with fourth order Runge-Kutta method, the curves
of the displacement and velocity vary with time, the phase between the di splacement
and the velocity, the frequency spectrum graph of the displacement were obtained as
shown in Figure 4.

（a）Phase-diagram

（b）Displacement- spectrum

Figure 4. Numerical simulation results
Simulation results show that the curves of displacement and velocity are generally
symmetrical sinusoidal waves when the sampling head vibrates steadily. The vibration
amplitude is maximal in the resonance state of the system. And in this situation, the
lunar regolith contacting with the sampling head achieves the maximum amplitude, the
internal friction angle value is decreased, the bond force is reduced and fluidity is
enhanced.
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4. Frequency Neural-Fuzzy Adaptive Control System Based on the
Dynamic Prediction by GRNN

Length measurement
of sampling arm

d (t )

fo (t)

fˆ (t )
Resonant frequency
identification by GRNN

Frequency width
ANFIS controller

f
dAmax
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Frequency
scanning mode
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( fˆ (t )  f , fˆ (t )  f )
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Figure 5. The ANFIS frequency control scheme based on the dynamic
prediction by GRNN
In practice, it’s difficult to establish an accurate dynamic model of the sampling head
contacting with regolith while drilling in different depth in an unknown environment of
the lunar surface considering the electrical wires and the nonlinear damping varies with
the depth and etc. So the only way to detect the resonant frequency of it is swept
excitation. And the frequency corresponding to the maximum amplitude is the resonant
frequency. But it is inefficient if the sweeping frequency band is broad. Therefore, the
GRNN neural network is applied to predict the resonant frequency of the sampling
head-regolith vibration system because it was aproved to be an excellent parallel data handing method with dark-box operating performance, powerful studying and
generalizing ability. Simultaneously, the fuzzy control algorithm is used to control the
vibration frequency with the inputs such as frequency prediction error, vibratiing
amplitude and its variation. And the adaptive neuro-fuzzy intefrence system (ANFIS) is
used to bulid the fuzzy rules due to that the fuzzy control rules increase significantly
with more input variables.
The control system is shown in Figure 5, which mainly consists of two parts:
dynamic resonant prediction by GRNN and frequency adaptive control by ANFIS
controller.
The performance index function of the system is as follows:
J  E{(ef (t ))2}  E ( f o (t )  fˆ (t ))2  Min

(7)

4.1 The dynamic prediction of resonant frequency based on GRNN
GRNN neural network was first proposed by Donald F. Specht in 1991. It is
constructed based on mathematical statistics which is a type of radial basis function
neural network (RBFNN). It does not require the pre-determined form of equations,
instead, it uses the probability density function, so that it has a strong no nlinear
mapping ability, flexible network structure, a high degree of error tolerance and
robustness. Even if a small number of sample points exist, the output of the network can
converge to the optimal regression surface, which is quite suitable for solvi ng nonlinear
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problems [17]. Therefore, the GRNN neural network was selected to predict the
dynamic resonant frequency of the sampling head-regolith system.
The structure of GRNN is very similar to RBF (Radial Basis Function) neural
network which contains four layers: input layer, pattern layer, summation layer and
output layer as shown in Figure 6. The input of the network is D  [d ] , and the output is
F  [ f ].
Pattern layer
Input layer

d

Summation layer

P1

Output layer
SD

P2

f

SN

Ps

Figure 6. Neural network configuration of GRNN for resonant frequency
prediction
Layer 1—input layer: the neuron at layer 1 is input neuron that delivers input various
elements of the input vector to the pattern layer. In this paper, the input dimension is
only 1 which is the depth of the sampling head drilling.
Layer 2—pattern layer: The number of neurons in pattern layer is equal to that of
learning samples. Each neuron corresponds to different sample. The transfer fuction of
neuron i of pattern layer is

 ( x  xi )T ( x  xi ) 
Pi  
 , i  1,2,..., m
2 2



(8)

Where x is the input variables of the network; xi is the learning sample corresponding
to the neuron i ;  is the smoothing parameter.
Layer 3—summation layer: the summation layer consists of 2 types of neurons. One
does an arithmetic summation of the output of all neurons in pattern layer. The
connectional weight values of the neuron and all the neurons in pattern layer are 1. The
transfer function of the neuron is as follows:
n

S D   Pi , j  1,2,..., s

(9)

i 1

The other one does a weighted summation of the output of all neurons in pattern
layer. The connectional weight value of the ith neuronin pattern layer and the jth neruon
is the jth element yi j in the ith sample yi .The transfer function of the jth neuron of
summation layer is as folllows:
n

S j   yij Pi , j  1,2,..., s

(10)

i 1

Layer 4—output layer: the number of neurons of the output layer is equal to the
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dimension s of the output variables of learning samples. The output value of the jth
neuron of the output layer results is shown as below:

yj 

Sj
SD

, j  1,2,..., s

(11)

The initialization is a learning process of the training sample in GRNN. The networ k
structure and connection weights between neurons will be determined if the learning
samples are determined. The training of the network is actually a process of
determining the smooth factors to adjust the transfer function of each unit to get the
best regression estimate results. The steps to determine the optimal values of smooth
factors are as follows:
Step 1: Let the smooth factor incrementally increase within a certain range of value.
Step 2: Remove 2 samples and train the neutron network using the r est samples, then
test the network by these 2 samples.
Step 3: Calculate the absolute error values of the testing samples using the trained
neutron network.
Step 4: Repeat step 2 and step 3 until all the training samples are used for testing not
less than 1 time, then obtain the average prediction error and let it to be the optimal
objective function.

（a）Two polynomial signal identification

（b）Identification error

Figure 7. Resonance frequency identification results and error by GRNN
The second order polynomial curve is used to verify the prediction accuracy of
GRNN because the resonant frequency has a quadric correlation with the drilling depth
in drilling experiments. The newest 16 sets of data are used to train the GRNN that
mentioned above to predict the 17th frequency. The effect of the simulation is quite
ideal and the prediction result is shown in Figure 7. All the simulations are programmed
with Matlab version 7.1, and run on a Pentium 4 with a clock speed of 2.5GHz and 1
GB of RAM under a Microsoft Windows XP environment.
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4.2 Frequency adaptive control based on ANFIS
In this paper, ANFIS (Adaptive Neural Fuzzy Inference System) control strategy that
used for vibration frequency control has 3 input variables (resonance amplitude Amax (t ) ,
variety of amplitude dAmax , frequency prediction error ef (t )  fo (t )  fˆ (t ) ) and 1 output
variable (swept frequency bandwidth, f ) which structure is as shown in Fig.8. The
typical architecture of ANFIS that used is Takagi-Sugeno (T-S type) fuzzy models
consisting of five layers, and every layer has the node as shown in Fig.8. It uses a
hybrid learning algorithm, which utilizes the capability of fuzzy and neural network.
The ANFIS with 3 input variables and 1 output variable needs 125 fuzzy control rules
because each variable can be divided into 5 levels, namely, negative big (NB), negative
small (NS), zero (ZE), positive small (PS),and positive big(PB). The output variable
(the swept frequency width) is a linear function of the three input variables. The rulebase contains 125 fuzzy IF-THEN rules of TS type as follows:
Rule i: If A is X, and dA is Y, and ef is Z, then fi  pi A  qi dA  ref
 si
i

Where X, Y, and Z are particular fuzzy subsets defined by nonlinear coefficient. And f i is
an exciting function, while pi , qi , ri , and si are the linear coefficients determining the
output of each applied fuzzy rule and usually known as consequent parameters.
ANFIS has 5 layers [18], as shown in Figure 8. The function of each layer is as
follow:
Layer 1—translates the input variables into fuzzy variables. Each node in this layer is
an adaptive node with a node activation function parameter. The output s of the layer
are:  NB ( Ak ) ,  NS ( Ak ) ,  ZE ( Ak ) ,  PS ( Ak ) ,  PB ( Ak ) ,  NB (dAk ) ,……,  PB (ef k ) . The membership
function is given by the generalized Gaussian function as shown below:
  x  ci  

   i 

i ( x )  exp   

(12)

Where { ci ,  i } are adaptive parameters of the node. The number of the nodes in this
layer is 15 and the parameters in this layer are referred to as premise parameters.
Layer 2—implementation the calculation of the condition’s section fuzzy set, output
the fitness of each rule. Every node in this layer is a fixed node whose output is the
product of all the incoming signals. The output of the nodes in the layer are just similar
to 1   PB ( Ak )   PB (dAk )   PB (ef k ) ,……, 125   NB ( Ak )   NB (dAk )   NB (ef k ) .
Layer 3—normalizes the fitness of each rule. The ith node calculates the ratio of the
gain ratio ith rule incentive strength to the sum of that of all rules and can be presented
125
as    /   .
i

i

j 1

j

Layer 4—Every node in this layer is an adaptive node which can calculate the output of
each rule with the function as ui  i fi  i ( pi A  qi dA  ref
 si ) (i  1,2, ,125) . Where i is
i
a normalized incentive strength from layer 3 and { pi , qi , ri , si } is the parameter set of the
node. Parameters in this layer are referred to as consequent parameters.
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Figure 8. Network configuration of ANFIS
Layer 5—the single node in this layer is a fixed node which calculates all the input
125

signals as the output, such as  i (k )   i fi .
i 1

The input variables of the dynamic swept frequency ANFIS are resonance amplitude
Amax (t ) , variety of amplitude dAmax ,and frequency prediction error ef (t )  fo (t )  fˆ (t ) . And
the resonance amplitude A[0,1] (mm),variety of amplitude dA[3,3] (mm/s), frequency
prediction error ef [0,5] (Hz), and the output swept frequency width f  [0,20] (Hz).
The input and output domains of the controller are A [0,1] , dA [1,1] , ef  [0,1] ,
and f  [0,1] respectively. The quantifying factors k A  1 , kdA  1/ 3 and the scaling factor
k f  20 .

The experience curves between the sampling head’s vibration amplitude, variety of
amplitude, frequency prediction error and swept frequency width are shown in Fig.9 by
our drilling experiments, where the fuzzy domains of input variables are as X-axis and
the swept frequency width is as the Y-axis. So we can obtain 18081 sets of empirical
data by the curves for training the ANFIS controller.
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Figure 9. The experience curve between the inputs and sweep frequency
ANFIS controller is simulated using 18081 sets of empirical data that mentioned
above by MATLAB7.1. And 125 fuzzy rules are obtained after 215 s training and the
error is 1.57767×10 -3Hz. The control surface figures of ANFIS after training are as
shown in Figure 10.

Figure 10. Output surface figure of ANFIS
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Figure 11. Simulink figure of the sweep frequency neural-fuzzy adaptive
control
In order to verify the validity of the ANFIS controller after training, th e performance
is simulated using MATLAB7 Simulink program, as shown in Figure 11.
The signals that used for simulation are as follows: the sine signal is used as the
vibration amplitude signal with the range of [0,1], the sine signal and the saw tooth
signal are used as the variety of vibration amplitude and frequency prediction error
respectively with the range of [-3,3] and [0,5]. Figure 12 shows the simulation results.

Figure 12. Simulation results of the sweep frequency ANFIS
As Figure 12 shows, the ANFIS controller that mentioned above can adjust the
frequency width effectively according to the changes of input signals. It can improve
the sweep efficiency and real-time control when vibration amplitude of sampling head
is large and other two input parameters are small. It can also expand the search range of
the resonant frequency automatically to insure that the frequency sweep range can cover
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the new resonant frequency when the input signals are in the opposite situation. So, the
ANFIS controller can meet the needs of the swept frequency width adaptive control in
virtue of its excellent dynamic performance and high precision.

5. Experimental Results and Discussion
Sampling experiments have been done in the simulant lunar soil with and without
ANFIS control strategy respectively. The drilling depth with and without adaptive
control are compared in the Figure 13. The predicted frequency fˆ by using GRNN, the
swept frequency width f using ANFIS are shown in Figure 14.

（a）No vibration

(b）With vibration

Figure 13. Contrast sampling experiments in stimulant lunar regolith with
and without vibration

（a）Frequency prediction

（b）Sweep frequency band

Figure 14. Experimental results of the vibration frequency ANFIS control based
on the dynamic frequency prediction by GRNN
The experimental results show that the value of the swept frequency width f is large
in the beginning owing to the large prediction error ef . With the increasing number of
data, frequency prediction tends to be more accurate and the swept frequency width
decreases sharply. The vibration system can work in the narrow-band swept frequency
condition and track the dynamic “sampling head - regolith” resonant frequency when it
reaches a stable working state. What’s more, the drilling depth, drilling speed and the
time of discarding the sample is 97mm, 3s and 13s respectively when the sampling head
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keeps vibrating without adaptive control. A compared experimental result shows that
the drilling depth, drilling speed and discarding time is 115mm, 3.8s and 7.5s
respectively when the vibration of the sampling head is under the vibration swept
frequency ANFIS control based on the dynamic prediction by GRNN that mentioned
above. What’s more, the drilling depth, drilling speed and discarding time is 69mm,
2.3s and 23s respectively without vibration. The compared experimental results are
shown in Table 1. Additionally, the experimental results of the same comparison in
cement are shown in Table 2.
Table 1. Comparison of the experimental results in stimulant lunar regolith

69

Vibration
without
control
97

2.3

3

3.8

23

13

7.5

No vibration
Drilling depth (mm)
Drilling speed
(mm/s)
Discarding time (s)

Vibration frequency
adaptive control
115

Table 2. Comparison of the experimental results in cement

65

Vibration without
control
90

Vibration frequency
adaptive control
105

2.2

2.8

3.7

25

14

8.5

No vibration
Drilling depth (mm)
Drilling speed
(mm/s)
Discarding time (s)

6. Conclusions
1) In the paper, a novel flexible sampling robot used for sampling the shallow lunar
regolith is developed. It can expand not less than 1m and can meet the need of shallow
lunar regolith sampling. The “sampling head – lunar regolith” resonant broking system
was built and studied by Runge-Kutta method and it draws the conclusion that the
sampler in the resonant state is most helpful to drilling.
2) The vibration swept frequency ANFIS control system based on the d ynamic
prediction by using GRNN was proposed. The simulation results verified the feasibility
of the algorithm. Finally, experimental results show that the proposed control strategy
demonstrates high efficient drilling in the simulant lunar regolith and cement. More
specifically, it can improve the drilling depth by 66.7% and 61.5%, improve the drilling
speed by about 65.2% and 68.2%, improve the efficiency by 67.4% and 66% in
stimulant lunar regolith and cement, respectively.
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