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ABSTRACT Research on lunar soil has great value, and soil hardness is one of the essential parameters
to be measured. Currently, the existing method involves contact measurement using special instruments.
To reduce the self-weight and increase the scientific payloads of lunar rovers, a reanalysis of the data obtained
from existing sensors provides a great solution for achieving different tasks. Therefore, a vision-based and
noncontact method based on rutting images is proposed to estimate soil hardness. The overall approach
includes two parts: rutting depth measurement and soil hardness measurement. To simulate a complex lunar
environment, a variety of simulated lunar soil preparation schemes to achieve different soil states are designed
in this paper. More importantly, this paper summarizes the empirical formulas of the simulated lunar soil in
different states and the judgment conditions for defining the soil states based on the rutting depth. Finally,
the accuracy, feasibility, and applicability of this method are verified. Experiments show the capability of
the method we proposed to estimate soil hardness in simulated environments, as well as in the real lunar
environment.

INDEX TERMS Rutting images, stereo vision, soil hardness, data reanalysis, simulated lunar soil.

I. INTRODUCTION
Lunar exploration is currently one of themost trending topics,
and the surface soil of the moon has high scientific research
value [1]. Therefore, understanding the properties of lunar
soil has been the research focus of both institutions and
engineers. As a special eye, the vision system of the lunar
rover can obtain and analyse the surrounding information
via pre-set methods [2], [3]. Moreover, the rutting can pro-
vide sufficient information about lunar soil parameters. Some
studies have effectively combined these two perspectives
[4], [5]. When the soil is deformed by the external force,
it shows a series of mechanical properties, which can also be
called physical mechanical properties of soil. Soil hardness
as one of these parameters is originally used in agricul-
ture, which can be described by the cone index, mechanical
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resistance and other forms. In order to unify the expression,
this property is called soil hardness in this paper. With the
cross development of science and technology, this property is
also used in different fields. The hardness parameter, which
is also one of the important parameters of lunar soil, can
be used to assist the lunar rover performing more scientific
tasks [6], [7]. In addition, the soil hardness parameter affects
the determines of the rover’s passability. Measuring the soil
parameter around the rover is beneficial to the rover’s optimal
route planning, target capture [8] and risk aversion. It is
necessary to further study the hardness of lunar soil.

Currently, the estimation methods of some lunar soil prop-
erties can be divided into two main categories; the first is
the traditional contact measurement method [9]. In detail,
the traditional method allows measurement tasks to be per-
formed using a cone penetrometer. For example, Apollo
15 and 16 mission astronauts completed the manual mea-
surements of soil parameters by using special instruments.
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By comparison, indirect methods, as the second major
category, have attracted more attention from scholars.
Wang et al. [10] designed an ultrasonic measurement method,
and Johnson et al. [11] achieved parameter estimation
via spectrum technology. Unfortunately, using these expen-
sive indirect measurement instruments usually increases the
experimental cost and the difficulty of applying suchmethods
in practical applications, so these studies have certain limita-
tions. To enhance the work efficiency, unmanned geological
investigations seem to have notable benefits. Therefore, using
the existing parameters to achieve on-line soil property esti-
mation in modelling methods is a popular approach. A model
that can be used to estimate soil parameters with high accu-
racy was provided in study [11]. This method can iden-
tify the soil parameters based on in-situ data obtained from
exploration rovers. Furthermore, Ding et al. [12] proposed
a method for soil parameter estimation based on neural net-
works. These two on-line methods require large quantities of
real data or many images to train the model, which may have
a significant impact on the results when the training capacity
is insufficient. In some studies [13]–[16], the soil parameters
were determined by setting up a wheel-terrain interaction
model, but the models discussed were based on the terra
mechanics theory [17]. Practically, these studies estimated
many soil mechanical parameters but did not consider the soil
hardness parameter.

The lunar surface is usually covered with loose and fine
particles, and the lunar rover can create ruts on the lunar
soil [1], [11]. Improvements in vision techniques allow
for more accurate assessments of rutting than those pre-
viously obtained. To increase the measurement accuracy,
Kage and Matsushima [18] used four lasers and an in-
vehicle binocular stereo to measure three-dimensional rutting
information. Similarly, Kenarsari et al. [19] designed a three-
camera structure to assess the rutting depth, area, and volume.
However, the main drawback is that the two methods have
very complex structural designs, and these algorithms are
time-consuming. Based on an analysis of rutting images, a
method of collecting real-time measurements of the rutting
depth was proposed by Botha et al. [20], and this approach
can be adopted to evaluate the safety of vehicles under dif-
ferent conditions. This method was tested on various terrains
to verify its reliability and accuracy; nevertheless, it can-
not be used for soil property detection, and there are many
differences between planetary rovers and terrestrial vehi-
cles [21]. Based on an extensive analysis of rutting infor-
mation, Xue et al. [22] proposed a vision-based method
for measuring wheel sinkage. This method can effectively
identify the key parameters of multiple soil types, but it
requires prior information about the environment, which is a
great disadvantage when facing unknown complex environ-
ments. As China’s first lunar rover, Yutu landed successfully
on the moon and completed scientific missions [23]. Yutu
was equipped with four kinds of scientific instruments, but
did not have a professional soil measurement instrument,
such as that on Apollo 15 [24], [25]. By summing up the

experiences and lessons of Chang’E-3 mission, Chang’E-4
probe successfully landed in the lunar and began the sci-
entific tasks [26]. Similarly, the vision system was one of
the payloads of Chang’E-4 [27]. As described above, the
application of visual system can be diversified. Therefore, to
explore lunar soil information, the rutting images collected
by the vision system provide significant reference value [3].
Practically, Gao et al. [9] used wheel sinkage to estimate
the soil strength, and the method was verified with in situ
soil penetrometer data from planet rovers. However, studies
that have measured lunar soil hardness parameter are still
relatively rare.

To solve the problems mentioned above, we propose an
improved noncontact method for measuring lunar soil hard-
ness. Based on the rutting images from Yutu, the depth of
ruts can be measured via a binocular vision system, and
the value of the lunar soil hardness can be obtained by our
method. Additionally, according to the existing conditions,
we design a set of realistic and feasible experimental schemes
that have the characteristics of low cost, high efficiency, and
simplicity. Therefore, the proposed method can provide an
economical approach for studying the properties of lunar soil
and performing planetary exploration. To effectively simulate
the lunar soil environment, we design five different states
and summarize ten judgment conditions between the different
simulated lunar soil states and rutting depths. More impor-
tantly, we obtain the correlation between the rutting depth
and the hardness value of the simulated lunar soil, and this
correlation can help us apply the results of ground simulation
experiments to environments on the lunar surface. Compared
with the traditional contact method, our method can effec-
tively reduce the energy consumption of the vehicular system
and save space in the complex environment. In addition, our
study can also provide some technical accumulation for the
Chinese Lunar Exploration Program (CLEP).

The remainder of this paper is organized as follows:
Section II introduces the rutting depth measurement system.
In Section III, the proposed method is described in detail.
The experimental results are shown in Section IV. Finally,
the conclusion and future works are summarized in Section V.

II. VISUAL MEASUREMENT SYSTEM
This section describes the principle and implementation of
the rutting depth measurement method, including the calibra-
tion of the binocular vision system, image processing meth-
ods, stereo matching and three-dimensional reconstruction,
which provide the foundation for subsequent soil hardness
estimation. The flow chart of the visual measurement system
is shown in Fig.1.

A. CALIBRATION OF THE BINOCULAR VISION SYSTEM
The calibration of a binocular vision system can be subdi-
vided into two parts. One part is camera calibration, which
is used to obtain the internal parameters, external parameters
and distortion parameters. The other part is the acquisition
of camera structural parameters, which is used to describe
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FIGURE 1. Flow chart of proposed visual rutting measurement system.

the spatial relationship between two cameras. In this study,
we chose the CMOS industrial camera, which has amaximum
resolution similar to that of Yutu, to simulate the actual
working environment [28].

Camera calibration plays an extremely important role in a
visual system, and the accuracy of calibration will directly
affect the final three-dimensional reconstruction. Through
calibration, the internal parameter matrix, which is only
related to the physical structure of a camera, and the external
parameter matrix can be obtained. The calibration method of
camera parameters is not unique [29], [30], and the visual
system used by Yutu was fixed to its mast [31], so the
traditional calibration method can meet the corresponding
demands. Compared with the proposed methods of Ito [32]
and Faugeras [33] that used a linear technique to complete
calibration, and a two-step calibrationmethod [34], we finally
use Zhang’s calibration approach [35], which is easier to
implement and yields higher accuracy. The camera model can
be expressed as:

sp = CipCepP=

 kx ks u0 0
0 ky v0 0
0 0 1 0

[Rc tc
0 1

]
P, (1)

where s is the scale factor and p and P are the points the pixel
coordinate system and the world coordinate system, respec-
tively. To describe the relationship between the world coor-
dinate system and the camera coordinate system, the external
parameter matrix, Cep, is composed of a rotation matrix Rc
and a translation vector tc. In addition, Cip can be expressed
as a 3 × 4 matrix and (u0, v0) are the coordinates of the
principal point in equation (1); (kx , ky) are the focal ratios.
A coupling effect may exist between the focal ratios, so we
set the amplification factor ks.
After obtaining the internal and external parameters of one

camera, it is also necessary to determine the pose conversion
relationship between two cameras, which is the structural
parameter. With equation (2), the geometric relationship [18]
between two cameras can be calculated as:{

R = RC1R
−1
C2

t = tC1 − RC1R
−1
C2tC2,

(2)

FIGURE 2. Relationships between the rutting depth and soil state.

TABLE 1. Calibration results of the camera parameters.

TABLE 2. Transformation from the right camera to the left camera.

FIGURE 3. (a) Yutu lunar rover and vision system. (b) Image of right
camera. (c) Image of left camera.

where RC1 and tC1 represent the external parameters of the
left camera, RC2 and tC2 represent the external parameters
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FIGURE 4. (a) and (g) Histogram equalization; (b)-(c) Morphological method; (d) Grey value adjustment step;
(e) Noise smoothing; (f) Local magnification for observation; (h)-(j) Hole filling and binarization steps, connected
area abstraction and feature extraction.

of the right camera, and the rotation matrix and translation
vector can be obtained to complete the calibration of the
binocular system [36].

In this study, we collect at least 85 pairs of calibration
plate images of different positions and angles for the parame-
ter solution to improve the calibration precision, and some
of the collected images are shown in Fig. 2. The standard
checker board [35] we used for camera calibration has a size
of 400 mm× 300 mmwith a 12×9 array, and the size of each
chessboard is 30 mm × 30 mm. The complete calibration
steps for the binocular vision system, the relative positions
of the two cameras, and the relationship between the vision
system and the calibration plate are shown in Fig. 2.

Some parameters are shown in Table 1, including the inter-
nal parameters; the radial distortion parameters k1, k2 and k3;
and the tangential distortion parameters p1 and p2.
In this paper, we set the relative distance between two

cameras to be 100 mm, and it is worth noting that the distance
between the cameras in Fig. 2 is also close to 100 mm.
Table 2 shows the transformation relationship between two
cameras. The absolute value of the first element of t is
100.773 mm, and its deviation from the actual value is
only 0.773 mm.

B. IMAGE PROCESSING METHODS
In Fig. 3(a), we can see that the lunar rover leaves traces on
the lunar surface, and the stereo vision system can capture
images with ground information [29]. The original images

transmitted by Yutu are shown in Fig. 3(b)-(c). Because of
inevitable interference, it is not appropriate to directly per-
form stereo matching by using the collected images. There-
fore, we design a reliable image processing method that
mainly focuses on solving three problems during processing:

• Removing as much noise as possible;
• Avoiding or eliminating the effect of highlighting in the
image;

• Accurately extracting the rutting information in the com-
plex lunar environment.

The image processing operations are performed on the
right image in Fig. 3, which is the same as the processes
of the right image. Fig. 4 shows the overall process and
effect of the rutting image processing. To the best of our
knowledge, histogram equalization is one of the most pop-
ular image enhancement techniques, so we use standard his-
togram equalization methods to process the image [37], [38].
By reassigning the pixel grey values of the image, the grey
values are evenly distributed in the new histogram, as shown
in Fig. 4(a)(f)(g); the rutting information in the image is
clearly distinguished from the lunar environment informa-
tion. Second, the morphological method is used to optimize
the small shadows after the equalization operation, as shown
in Fig. 4(b)-(c). In Fig. 4(c), we use the expansion method to
address the ‘‘black hole’’ that appears after a closed operation.
Then, the particle swarm optimization algorithm is used to
calculate the optimal threshold [39]. The number of iterations
is 50, and the best threshold is 150. In Fig. 4(d)-(f), the image
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FIGURE 5. SURF feature matching.

segmentation effect is obvious. In addition, a Gaussian filter
is used to smooth the images, as shown in Fig. 4(e).

To extract clear rutting information, feature extraction is
an important step after image preprocessing. In Fig. 4(e),
there are still some forms of interference, such as the lunar
crater and lunar rocks, so we use the hole filling, binarization,
and domain connectedness [40] methods to obtain the rutting
information. These operations are shown in Fig. 4(h)-(j).

C. STEREO MATCHING AND 3D RECONSTRUCTION
Stereo matching is a key step in 3D reconstruction, and
the epipolar rectification needs to be performed on the left
and right images before matching. In our study, the purpose
of the epipolar rectification is to avoid a full search when
the feature points are matched to significantly improve the
matching efficiency and reduce complexity. Be-cause the
internal and external parameters of the experimental camera
are known, we use the rectification method proposed by
Fusiello et al. [41] to easily extract and correct the rutting
information in subsequent ground simulated experiments.
However, the external parameters cannot be obtained when
the original images are transmitted by Yutu, so the weakly
calibratedmethod is used to complete the rectification, for the
rutting feature matching. For stereo matching, the RANSAC
algorithm for the matching constraint is our preferred choice,
and the epipolar rectification is also the constraint to solve
the problems associated with potentially incorrect matches.
Feature point detection should also be considered. Among the
local feature detection algorithms, such as the scale-invariant
feature transform (SIFT) [42], speeded up robust features
(SURF) [42] and oriented fast and rotated brie (ORB) [44],
we select SURF, which is more robust and faster than the
other methods, to perform feature point matching. As shown
in Fig. 5, the rutting information is matched after image
processing, and the extracted feature points are scattered and
covered most of the rutting information to meet the corre-
sponding analysis requirements.

According to the imaging principle of a binocular vision
system [36], if the internal and external parameters of two
cameras are known, the three-dimensional coordinates of the
measured points can be obtained by regression analysis using
the least-squares method.

The edges of the rutting feature are the ground surface, and
therefore, the ground can be fitted by the points at the edges.
Therefore, the rutting depth is a distance between the point
of the rutting feature and the fitting plane, as denoted by the

following equation:

h =
|A1x0 + B1y0 + C1z0 + D1|√

A21 + B
2
1 + C

2
1

, (3)

where h is the rutting depth, (A1,B1,C1,D1) are the polyno-
mial coefficients after least squares fitting, and (x0, y0, z0) are
the values of the three-dimensional coordinates.

III. HARDNESS MEASUREMENT SYSTEM BASED ON THE
RUTTING DEPTH
The lunar surface is extremely complicated, and there is no
model to accurately and quantitatively describe the lunar
soil hardness. Therefore, we study the lunar soil information
through purely empirical methods on the ground. At present,
the common soil hardness tester measures the force by push-
ing a metal cone through the soil at a constant velocity, and
the theoretical pressure gauge (kg/cm2) is usually used to
describe the result of measurement. The soil hardness can
be measured directly by using a hardness tester, from which
we can determine the loose condition of the soil at different
depths. To ensure that the empirical formula obtained in
experiments has high credibility, the following factors need
to be considered:
• Various simulated lunar soil states to simulate the lunar
environment;

• Many static pressure tests on the simulated lunar soil;
• Analyses of the simulated lunar soil in different layers;
• Relationships between the rutting depth and the simu-
lated lunar soil hardness.

The soil condition on the lunar surface is not unique. In this
paper, we simulated five states of the selected simulated lunar
soil: the loose state, the relatively loose state, the natural state,
the relatively compacted state and the compacted state. Based
on the operation steps described in Fig. 6, the construction
methods of the five states can be explained as follows.

A. DESIGN AND CONSTRUCTION OF FIVE SIMULATED
LUNAR SOIL STATES
The soil condition on the lunar surface is not unique. In this
paper, we simulated five states of the selected simulated
lunar soil: the loose state, the relatively loose state, the nat-
ural state, the relatively compacted state and the compacted
state. Based on the operation steps described in Fig. 6, the
construction methods of the five states can be explained as
follows.

1) THE LOOSE STATE
We use a shovel to excavate an area of 20 cm-25 cm in
the simulated lunar soil, and the simulated lunar soil is then
scattered into the pit in a ‘‘freefall’’ method by shaking,
that is, the backfilling mode 1 in Fig. 6. To ensure that the
simulated lunar soil is in a loose state after backfilling, we use
the clean-up scraper to scrape the backfilling and surround-
ing areas. The speed of the clean-up scraper is controlled
at 10 cm/s.
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FIGURE 6. (A)-(E) The simulated lunar soil states: the compacted state, the relatively compacted state, the natural
state, the relatively loose state, and the loose state; (1)-(7) The brief operation steps in this figure: (1) the
excavation of simulated lunar soil; (2) the first standing operation; (3) deep loosening; (4) is different from (3) in
based on whether the deep loosening operation is applied; (5) the flattening of the simulated lunar soil; (6) low
loosening; (7) the second standing operation.

2) THE RELATIVELY LOOSE STATE
The processing steps for this state are similar to those of the
loose state, and the difference is that a tine harrow is used for
deep loosening (approximately 10 cm) in the backfilling area
after backfilling. This operation is repeated 2-4 times in the
horizontal and vertical directions.

3) THE NATURAL STATE
We use a shovel to excavate an area of 20 cm-25 cm in the
simulated lunar soil. A section of simulated lunar soil with
a width of less than 5 cm is longitudinally removed, rotated
180◦ and filled back into the vacant space in the simulated
lunar soil, that is, the backfilling method 2 in Fig. 6. Then,
the tine harrow is used for deep loosening (approximately
15 cm) in the backfilling area, and this operation is repeated
8-10 times in the horizontal and vertical directions. Finally,
the clean-up scraper is used to scrape the backfilling area 2 to
3 times, and the speed is controlled at 10 cm/s.

4) THE RELATIVELY COMPACTED STATE
We use a shovel to excavate an area of 20 cm-25 cm in the
simulated lunar soil according to the backfilling mode 2 in
Fig. 6. Then, as shown in Fig. 6, an iron plate is placed
on the simulated lunar soil, and its weight is 1 kg. In order

to ensure that the simulated lunar soil is compacted, two
standard 5 kg weights are placed on both ends of the iron
plate, and the standing time is 5 hours. Next, the tine harrow
is used for low loosening (approximately 10 cm), and the
clean-up scraper is used for 2-3 rounds of flattening at a speed
controlled at 10 cm/s. Finally, the steps for placing the iron
plate and standard weights are repeated, but the standing time
is approximately 2 hours.

5) THE COMPACTED STATE
The processing steps of the compacted state are similar to
those of the relatively compacted state, but the difference
is that the loosening depth is approximately 5 cm when the
simulated lunar soil is loosened with the tine harrow, and the
standing time in the final step is 10 hours.

After obtaining the above simulated lunar soil states,
the reliability of the experiment could be fully guaranteed.

B. HARDNESS ANALYSIS IN DIFFERENT SOIL STATES
After completing the construction of the simulated lunar soil
states, the simulated lunar rover is controlled to travel on the
platform with the different simulated lunar soil states, which
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FIGURE 7. (a) Simulated lunar rover; (b) Rover rutting trace.

FIGURE 8. (a) Soil hardness measuring device; (b) Experiment platform of
the hardness measurement.

left rutting traces. Then, we perform the static pressure test as
shown in Fig. 7 and Fig. 8 to obtain the hardness value.

Under the existing conditions, we use the six-wheeled
vehicle shown in Fig. 7(a) as the simulated lunar rover, and
the thickness of each rover’s wheel is 4 mm. The physical
parameters of Yutu cannot be fully realized based on the
existing conditions [6], but the speed, as one of the key fac-
tors, is easy to control. Therefore, the speed of the simulated
lunar rover is the same as that of Yutu (200 m/h) to avoid
interference due to movement, and this speed can be regarded
as a low and uniform speed.

Moreover, Fig. 7(b) shows that the glassware with the
simulated lunar soil is embedded in the soil of a given state
before conducting the pressure tests and removed after the
simulated lunar rover moved; these operations facilitate the
implementation of the pressure test.

According to the standards mentioned by the American
Society of Agricultural Engineers (ASAE) [45], the influence
on the measurement accuracy can be ignored when the cone
head is pushed into the soil at a low speed, and the penetration
speed adopted by ASAE is 3.048 cm/s. In addition, when the
pushing speed of the cone head is faster than 3 cm/ s, the value
obtained by the hardness tester will be slightly higher than
the actual value. When the pushing speed is equal to 1cm/s,
the value obtained by the hardness tester is usually close to the
actual value. Therefore, a screw module is combined with a
soil hardness tester (see Fig. 8(a)) to control speed and depth.

Fig. 8(b) shows the recording of data after the glassware is
removed. When measuring the simulated lunar soil hardness
with the soil hardness tester, the cone head and probe rod
should be vertically inserted as far as possible. The falling
speed of the hardness tester should be controlled by the screw
rod at 1 cm/s.

FIGURE 9. Hardness measurement results.

A total of ten collection points are randomly selected.
In order to avoid the mutual influence of the collection points,
we set a constraint: a circular area centred at the collection
point and with a radius of 5 cm, cannot be used as the
collection area for the next collection point.

When collecting the data, the penetration depth should
also be controlled. In this paper, the depth value settings are
2.5 mm, 5 mm, 7.5 mm, . . . . . . , 27.5 mm, and the penetration
depth value is monitored through the ruler in the lead screw
module. By recording the hardness values at different pene-
tration depths, it is possible to analyse the simulated lunar soil
in different layers.

In Fig. 9, the results of the simulated lunar soil hard-
ness measurements in five different states are shown. In the
data fitting process, we consider the rutting surface depth
to be 0 mm, and the hardness value of the rutting surface
is 0 (kg/cm2). Therefore, the empirical expressions between
the depth value h (mm) and simulated lunar soil hardness
y (kg/cm2) can be obtained by fitting.

The empirical expression of the loose state is as follows:

y = −6.314× 10−3 − 2.21× 10−3h+ 4.7× 10−3h2

− 2.071× 10−4h3 + 3.03× 10−6h4. (4)

The empirical expression of the relatively loose state is as
follows:

y = 2.747× 10−3 + 2.209× 10−2h

+ 7.792× 10−4h2 + 7.459× 10−6h3. (5)

The empirical expression of the natural state is as follows:

y = −1.158× 10−2 + 1.49× 10−2h+ 2.297× 10−3h2

− 2.677× 10−5h3. (6)

The empirical expression of the relatively compacted state
is as follows:

y = −2.388× 10−2 + 8.345× 10−2h− 8.838× 10−3h2

+ 8.914× 10−4h3 − 1.841× 10−5h4. (7)

The empirical expression of the compacted state is as
follows:

y = −6.198× 10−2 + 1.028× 10−1h+ 3.68× 10−3h2

+ 2.499× 10−5h3. (8)
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FIGURE 10. Relationships between the rutting depth and soil state.

C. ASSOCIATIONS OF THE RUTTING DEPTH
AND SOIL STATE
When the simulated lunar soil state is known, the simulated
lunar rover with a fixed load moves at a constant speed, and
the rutting depth value can be approximately regarded as
stable in a certain range. Therefore, we obtain the correlated
rutting depth in the different simulated lunar soil states and
propose relationships between the simulated lunar soil states
and different rutting depths.

a) When the rutting depth is 16 mm-20 mm, the soil can be
defined as being in the loose state;

b) When the rutting depth is 12 mm-16 mm, the soil can be
defined as being in the relatively loose state;

c) When the rutting depth is 8 mm-12 mm, the soil can be
defined as being in the natural state;

d) When the rutting depth is 5.5 mm-9.5 mm, the soil can
be defined as being in the relatively compacted state;

e) When the rutting depth is 2 mm-6 mm, the soil can be
defined as being in the compacted state.

In these different states, the rutting depth should be unique.
Fig. 10 shows that the rutting depths have overlapping areas
in the natural state, relatively compacted state and compacted
state. There is no doubt that these overlapping areaswill affect
the determination of the simulated lunar soil state. To solve
this problem, we use the following solution.

First, we address the measured value of the rutting depth
by using a statistical method, and this method is as follows:
At each area of overlap, a circular region with a radius of
approximately 20 cm is created. In this area, we randomly
select ten points and obtain the depths at these 10 points.

Secondly, the average depth value x of these points in
the region is calculated, and the average x is compared with
the thresholds in the three states. Therefore, the judgment
conditions can then be defined as follows:

f) When 9.5 mm < x < 12 mm, the soil state in this area is
defined as the natural state;

g) When 6 mm < x < 8 mm, the soil state in this area is
defined as the relatively compacted state;

h) When 2 mm < x < 5.5 mm, the soil state in this area is
defined as the compacted state.

If there are still overlapping ranges, we assume that the
rutting depth in this area could be associated with more than
one simulated lunar soil state, and their judgment conditions
are defined as follows:

i) When 8 mm < x < 9.5 mm, the soil state in this area is
defined as the natural state and the relatively compacted state;

j) When 5.5 mm < x < 6 mm, the soil state in this area is
defined as the relatively compacted state and the compacted
state.

According to the above ten defined judgment conditions
for the simulated lunar soil state, we can correlate the rutting
depth and the empirical formulas with the simulated lunar
soil hardness. Firstly, the soil state is estimated according to
the depth information obtained by the visual system, and then
the hardness can be estimated by the corresponding hardness
formula. In order to ensure the rationality and accuracy of
these correlations, we consider the overlapping of the rutting
depth values and propose solutions to this kind of problems.
Therefore, we can use these connections to estimate the soil
hardness.

IV. EXPERIMENTAL RESULTS
In this study, as a pivotal step in obtaining the rutting
depth, the accuracy of the visual system measurement is
extremely important. Therefore, in this section, the error of
the vision measurement system is analysed first. The second
experiment is verified from a simulation perspective, and
the effectiveness and accuracy are analysed by comparing
the measured values of the simulated lunar soil hardness
obtained by our method with the actual values obtained by
specialized instruments. Additionally, in the third experi-
ment, the lunar surface images containing the rutting infor-
mation retrieved by Yutu are used to estimate the lunar soil
hardness value by using the proposed method to verify the
feasibility.

A. ERROR ANALYSIS OF THE VISUAL
MEASUREMENT SYSTEM
Our vision system consists of two MV-500SM/C industrial
cameras, a fixed camera bracket and a computer with an
Intel Core i7-4710MQ CPU and 8 GB of RAM. The highest
resolution of the selected cameras is 2592 × 1944, and the
frame rate is 7 fps. All data in this paper are processed on
a 64-bit Win7 operating system, and the development and
verification of the software are realized in MATLAB 2017b
and Visual Studio 2010.

In the second section, we obtain the parameters of
the camera via offline calibration. The principal points
around the left and right cameras images are (1294.194,
980.395) and (1301.662, 979.451), respectively. The princi-
pal point are close to (1296, 972), which is half the camera
maximum resolution. Fig. 11 shows the error values of the
visual system calibration; the maximum errors are less than
0.11 pixels, and the overall mean error is only 0.09 pixels.
In conclusion, the calibration results for the binocular vision
system meet our needs.
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FIGURE 11. Camera calibration errors.

FIGURE 12. (a) Selected points; (b) Fitting plane.

It is well known that measurement error can be estimated in
many ways, but the rutting depth measurement method used
in this paper principally depend on the precise estimation of
three-dimensional coordinates. Therefore, the error of three-
dimensional reconstruction is regarded as the measurement
error in our visual system. To solve the problem that the
external parameters of the camera on Yutu are unable to be
measured, we adopt the calibration pattern images to estimate
the systematic error. In Fig. 12(a), the accuracy of the cali-
bration plate is only ±0.01 mm, which is the ordinary level.
If there is a higher requirement for accuracy, a superior level
of the calibration board could be considered. Then, 16 colour-
marked points on the calibration board are used to obtain
three-dimensional coordinates via our visual measurements.
Since the front surface of the calibration plate is relatively flat,
these points are considered to be located in the same plane,
and the fitting plane formula is Z = 0.758X + 0.1617Y +
1637, as shown in Fig. 12(b).

Finally, the average distance from all the marked points to
the fitting plane is calculated and regarded as the measure-
ment error of the vision system, with a value of 0.1141 mm.
Combined with the calibration error of the system, the final
overall system error is 0.1141±0.01 mm. This error is
below 1 mm; thus, the method can be used in complex and
changeable environments.

B. HARDNESS MEASUREMENT BY USING SIMULATED
RUTTING IMAGES
After the simulated lunar rover left traces on the simulated
lunar soil, the rutting information is measured by using the
method in Section II. Fig. 13(a) represents the collection
of rutting images. Fig. 13(b) is the rutting feature match-
ing result after completing a series of image processing

FIGURE 13. (a) Image acquisition in the simulated experiment;
(b) Rutting feature matching.

steps designed in this paper. As mentioned in Section II,
the rutting depth can be measured based on the three-
dimensional rutting information. We select the ground coor-
dinates from the pending three-dimensional coordinates to
fit the ground surface plane, and the fitting plane formula is
Z = 2151.9153− 1.0406X − 2.0653Y .
Fifteen sample points are randomly selected from the

rutting information, and the depths and three-dimensional
coordinates are shown in Table 3.

According to the proposed judgment conditions in
Section III, the soil states of these fifteen samples can be
determined. The rutting depth values of sample 1 to sample 8,
sample 12 and sample 15 are judged as the compacted state
based on the judgment condition (e). According to condi-
tion (f), the depth values of sample 9 to sample 11 and
sample 14 are identified as the relatively compacted state.
In particular, the value for sample 13 is 5.8237 mm, which
is within the overlapping regions mentioned in Section III,
so it is necessary to obtain the matching results of the
characteristic points associated with the sample and calcu-
late the mean rutting depth corresponding to the matching
results. After retrieving this information, sample 13 has only
one matching point, and its value is 5.3052 mm. Therefore,
the depth value of sample 13 can be updated to 5.5644 mm.
According to the judgment condition (j), 5.5644mm is within
the range of [5.5 mm, 6 mm], and sample 13 can be deter-
mined as the compacted state and the relatively compacted
state.

For intuitive comparison, all the sample points are
processed with the corresponding empirical formula after
determining the soil states, and the results are shown
in Table 4. In these data, the actual values are obtained by
precise instruments, and the measured values are calculated
by our algorithms. We can see that the measured values based
on the rutting images are largely consistent with the actual
values. Fig. 14 can be used to assess the accuracy of the
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TABLE 3. Measurement of the rutting depth by using simulated
experimental images.

TABLE 4. Soil hardness measurement using the specialized instrument
and vision-based method.

method proposed in this paper. It is worth noting that the
rutting depth of sample 13 meets the judgment condition (j),
so we calculate the hardness values of the two soil states.
As shown in Fig. 14, sample 13 can be divided into states
A and B, which represent the compacted state and the rela-
tively compacted state, respectively. We take the mean value
of the errors of the two states as the sample error value.
Fig. 14 shows that the errors of the hardness values measured
by our method are very small; notably, the maximum error
is 0.0648 mm, and the average deviation is only 0.0189 mm.
In short, the error of our method can meet the requirements
of practical applications.

C. HARDNESS MEASUREMENT BY USING RUTTING
IMAGES FROM Yutu
To evaluate the feasibility of our method in a real environ-
ment, real images with rutting information from Yutu and
known camera parameters are used for image processing. The
processing results of these steps are covered in Section II.
We select the ground coordinates from the pending three-
dimensional coordinates to fit the lunar surface plane, and the
fitting plane formula is Z = 8.247×104+2.984X = 2.512Y .
Then, the steps after the points fitting are similar to those of
the ground simulated experiment. Five random sample points

FIGURE 14. Comparison between the measured results and actual results.

TABLE 5. Measurement of the rutting depth by using images from Yutu.

are chosen, and the corresponding three-dimensional coor-
dinates and rutting depths are reported in Table 5. Clearly,
the minimum value of the rutting depths for these sample
points is 21.6339 mm; however, under the judgment con-
ditions, the value of the rutting depth may have different
states only when the value is lower than 20 mm. In other
words, the soil state can be determined by utilizing the
defined conditions, and the corresponding empirical formulas
can be applied to measure the soil hardness. The lunar soil
state can be determined as the loose state when the rutting
depth value is higher than 20 mm, and the soil hardness can
be measured by using the corresponding empirical formula
(see equation (5)). Therefore, the soil hardness values of
all sample points in this case are 2.1461, 20.8881, 0.7124,
0.9052 and 28.7776 (kg/cm2). In a word, we can estimate
the lunar soil hardness by using images from the actual work
environment.

V. CONCLUSION AND PROSPECT
In this paper, we propose a noncontact method that can
measure the lunar soil hardness by using rutting images. Our
method includes a vision-based rutting depth measurement
system and a soil hardness measurement system. Specifically,
the soil hardness measurement system essentially obtains
empirical formulas through ground experiments and com-
pletes the estimation of soil hardness by combination with
rutting depth information. To better simulate a real lunar
environment, five different simulated lunar soil states are
created.
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Themain contributions of this paper are as follows. (1) Dif-
ferent from the general estimation of lunar soil parameters,
our method focuses on the soil hardness parameter; this
approach can replace the special sensor to save more space
and reduce energy consumption to some extent. (2) We apply
the designed visual algorithm to estimate soil hardness, which
can realize the reuse of existing sensor data. (3) We design a
set of economical and simple ground simulation schemes that
ensure the accuracy and feasibility of the hardness
measurement system. Additionally, we define ten judgment
conditions of the soil state based on the rutting depth and
the empirical formulas of soil hardness based on different
soil states. The experimental results show that our method
can estimate the soil hardness parameter from both simulated
rutting images and real lunar rutting images, and the mea-
sured results have high accuracy in the simulated experiment.
Therefore, this method has high engineering application
value and could be used for soil hardness analysis during the
operation of a lunar rover.

However, the rutting images used in this paper are collected
in the normal lunar environment, and further studies are
needed to consider more complex lunar work environments.
In addition, this paper mainly performs qualitative analysis
tasks; future work will focus on quantitative studies, opti-
mizing the method and further improving the accuracy of the
method.
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