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Abstract: In this paper, we proposed an enhanced path planning strategy for sweeper robots,
which were created for the curling Olympic games. The main task for the multi-robot system is to
clean the ice surface making a smooth path for a curling stone. The sweeping robots should have a
motion planning on how to follow the curling stone slide and to prevent any collisions. In order to
find the next position of the sweeping robot, it needs to establish the current position and to
compute the next position of the curling stone. The initial and goal points of the sweeping robots
are found and set up based on the simulation results from the main server. While the curling stone
moves, the sweeping robots measure its position and adjust their motions according to the stone
position trajectory. If the distance between the current and the next positions of a curling stone
exceeds the threshold value, the sweeping robots should activate the sweeping mechanism
preventing collisions with the stone. Since the estimation of the sweeping robot motion solely
depends on the stone’s trajectory, the accumulation of errors is undesirable. Thus, the stone
trajectory should be recalculated in a certain time step using the trend-adjusted exponential
smoothing method. Then, the formation of the sweeping robot system can be calibrated according
to the stone path computation. The obtained experimental results proved the efficiency of the
proposed path planning method.

Keywords: sweeper robot; path prediction; path planning; thresholds; sweeping; trend adjusted
exponential smoothing

1. Introduction

As is well known, robotics shares one of the most important parts in the fourth industrial
revolution which is a consequence of the digital transformation as well as a result of the fusion of
technologies. Robots are becoming more integrated in our lives and already are a familiar sight in
the workplace and home. With the development of artificial intelligence and IT technology, robots
are used in various sports fields such as robot athletics, sports assistant robots, and so on. In the
curling game which is one of the most popular winter sports, controlling the trajectory of the stone
on a curling sheet is one of the most important factors. However, there are so many factors to
consider such as the throwing strategy of curling stone, the sweeping strategy, and the state of ice to
control the motion of the stone. In the last few years we have been involved in building a curling
robot system consisting of a throwing robot, a skipper robot and two sweeper robots.

In this paper, we propose an effective method to predict the path of the curling stone to
determine the trajectory of the sweeper robot according to the strategy developed in the main server.
Curling of the stone takes place in a curling sheet sprinkled with small ice grains called pebble on it.
In this curling sheet, the curling stone made of granite is thrown closer to the center of the house
than the opponent’s curling stone to score points. Players in a curling game have three main roles: a
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“thrower” who throws a curling stone, a “skipper” who looks at the overall situation and gives
orders, and a “sweeper” who sweeps using a broom to move the curling stone closer to the targeted
position. This paper deals with how to predict the path of a curling stone for a sweeper robot to act
as a “sweeper”. To accurately estimate the path of a curling stone, there are so many variables to
consider. In addition, because the path of the curling stone needs to be estimated in real time it is
necessary to use a reliable method with a small amount of calculation [1,2]. For this reason, the
sweeper robot uses Holt’s linear trending technique, called trend-adjusted exponential smoothing
(TAES), to predict the path of the curling stone.

In the case of curling stones, TAES, a method of time-series analysis, is used to predict a
governing trend of the movement of the stone in the curling sheet. By contrast with the case of
short-term path prediction, in long-term path prediction, error accumulates to result in a large error
eventually. Therefore, in the case of a long path, the path is estimated by converting the initially
predicted path into the currently predicted path.

The predicted curling stone state is used to create the final sweeper robot’s path to sweep the
curling sheet before the stone. The position of the sweeper robot is determined in such a way that it
does not obstruct the path of the stone depending on the type of shot ordered from the main server.
Based on this determined formation, the path of the sweeper robot is generated by calculating a
constant relative position in the curling stones of the two sweeper robots. Using the data of the
distance, angle received through a light detection and ranging (lidar) sensor, and the positions of the
moving stone through the images received through the camera of the skipper robot in real time, the
path of the curling stone is anticipated to continuously modify the path of the robot accordingly
[3,4]. In addition, if the error between the target path and the expected path of the curling stone is
larger than the threshold value, the path of the curling stone is changed by reducing the friction of
the curling sheet through the sweeping of a broom attached to the lower part of the sweeper robot to
move the stone back in the direction of the target path.

2. Path Prediction of Curling Stone

In order to generate the desirable path of the sweeper robot, the path of the curling stone is
firstly estimated. The mission of the sweeper robot is to predict the path of the curling stone and to
identify the error compared with the target path to correct the path of the curling stone through
sweeping. In this paper, we apply TAES to the curling stone path estimation for the sweeper robot.

2.1. Trend-Adjusted Exponential Smoothing (TAES)

TAES is a method of time series analysis that predicts data by considering the fluctuation of
data. Many works in the literature on exponential smoothing contain a number of provisions
regarding changes in time-series levels [5,6]. If there is a trend, the mean value increases or decreases
along the time axis. Therefore, the previous average is always higher or lower than the demand, and
the exponential smoothing method is applied to reflect this change. The exponential smoothing
method is a method that gives more weight to recent demand, which is obtained by using
predictions, current performance, and smoothing constants.

In this paper, we use the time series analysis method to make a rough estimate of the path of the
stone because it is impossible to make a perfect guess due to the existence of various variables from
trends in the movement of the curling stone.

We calculated the value of exponential smoothing which is the basis of TAES using Equation (1)
as shown below:

Fiyp = aDe+ (1 — F;
Fy;, = forecast for next period
D, = actual value for present period (1)

F; = previously determined forecast for present period
a = weighting factor (0~1)

The trend factor value is calculated by Equation (2):
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Ty = BFer — FO+(A-BT;
Tiy1 = trend factor for the next period
D, = trend factor for the current period (2)

B = smoothing constant for the adjstment factor

The predicted value of TAES of Equation (3) is calculated using the calculated value of
exponential smoothing of Equation (1) and the trend factor of Equation (2):
AFgy = Fey + Ty

AF,, = trend factor for the next period 3)

using Trend Adjusted Exponential Smoothing

At this time, the prediction value of the Exponential Smoothing is calculated as shown in the
following Equation (4) by slightly modifying the prediction value of the existing exponential
smoothing:

Fiyp = aDe+ (1 — 0)AF, (4)

Since the actual location data cannot be received in real time, after the first prediction data, the
exponential smoothing value is calculated using Equation (5):

Fie1 = aAF, + (1 — @)AF, = AF, ()

Whenever the position data of the curling stone is received, the above mathematical process is
repeated to generate about 100 prediction data every second. When more than 100 data were
predicted by experiments in various cases, the error rate with the actual data becomes large.
Therefore, the subsequent path estimation was obtained by using target path conversion.

2.2. Target Path Conversion

The target path is converted to the position of the last predicted data as shown in Equation (6) in
order to make a prediction with a smaller error by using the target path initially contained in 100
data predicted by TAES.

FP, = TR, + (TP — FPyg0)
FP, =n th forecast Path

(6)

TP, = n th target Panth

Equation (6) updates the curling stone prediction path by performing a new calculation each
time the actual curling stone position data comes in.

3. Path Prediction of Sweeper Robots

3.1. Initial Path Planning with Formation

One of the sweeper robots is selected to move according to the expected path of the initial
curling stone depending on the situation as follows. First, in the case of the shot bent from left to
right, robot 1 located on the left side moves as shown in Figure la. Second, in the case of the shot
bent from right to left, robot 2 located on the right side moves as shown in Figure 1b. In high-speed
“take out” shots, the sweeper robot does not work. Depending on the case described above, the
position of the sweeper robot is determined. The initial position of the sweeper robot is similar to the
position of the actual sweeper player during the curling game. As shown in Figure 1, it is located in
the upper left or upper right side of the curling stone in the progression direction of the stone.
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Figure 1. (a) Movement of the left sweeper robot. (b) Movement of the right sweeper robot.

Firstly, a target path of the curling stone is received according to the strategy through TCP/IP
communication from the main server. Based on this path, the initial path is generated by
considering the formation of the curling stone and the two sweeper robots using Equation (7).

Xrobot1 = Xstone T (Stoneradius + diStstone—robotl + rObOtradius) X sin 8
Xrobot2 = Xstone — (Stoneradius + dlStstone—robotZ + rObOtradius) X sin 8
Yrobot1 = Ystone + (Stoneradius + dlStstone—robotl + rObOtradius) X cos 0 (7)

Yrobot2 = Ystone + (Stoneradius + diStstone—robotZ + rObOtradius) X cos 6

The angle between the curling stone and the robot on the x-axis is set by considering the speed
of the curling stone. Using the 6, the initial paths of the two sweeper robots are finally generated.

To maintain the formation of the stone and the robot, the robot has to maintain the angle
between the stone and the robot. If the formation changes due to the change of ice state or other
external conditions, the robot must move to the initial formation to maintain the formation.

The distance and angle between the robot and the curling stone are determined using data from
the lidar sensor to copy with the change due to external conditions as described in Equation (7).
Since we know the location of the curling stone, we can use the information from the lidar sensor to
locate the current robot at the desired position. The position of the robot can be obtained by Equation

@).

3.2. Actual Stone Position Estimation

Two methods are applied to estimate the actual curling stone position accurately. First, the
position of the distance and direction to the curling stone is estimated by using the lidar sensor
attached to the lower part of the sweeper robot [7]. The curling stone estimation method using the
lidar sensor may cause an error by recognizing an object with a curvature similar to the stone as a
curling stone [8,9]. To make up the above error, the position of the curling stone is estimated by
using the camera image and Kalman filter. The data are used after verifying the validity of the
location estimated by the lidar by comparing the location estimated by the lidar with the location
estimated by the camera image and Kalman filter.

The method using the lidar sensor has the advantage of estimating the location of the curling
stone with high spatial resolution with a small amount of calculation. In this paper, the coordinates
of the data obtained by the lidar sensor are clustered to distinguish the curling from other objects. In
this cluster, a circumcircle is obtained by using the starting point, the middle point, and the end
point. By comparing the radius of a circumcircle with the radius of the actual curling stone, we can
determine whether it is a curling stone or not. The algorithm for estimating the curling stone
position using the lidar sensor is shown in Figure 2a.
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Figure 2. (a) Clustering algorithm using light detection and ranging (lidar). (b) Three points of
cluster.

We obtain a circumcircle of the triangle from the start, middle, and end points of the cluster
derived from the clustering process as shown in Figure 2b. The formula for obtaining a
circumcenter is described in Equation (8).

(X2® + %2 =% =y )3 —y1) — (X3® +y32 —x° —y1 ) (2 —y1)
2((y2 —y) (3 —x4) = (y3 —y) (X2 — 1)
(22 +y2° = %% =y (X3 — X)) — (%3% +y32 = %2 —y12) (X2 — x1)
2((y2 —y)(x3 —x1) — (y3 —y1) (xz —x1) (8)
X4,¥1 = coordinates of clustering start point
X,,¥, = coordinates of midpoint of the cluster

centery =

centery =

X3,¥3 = coordinates of clustering end point

The radius of the circle is estimated by calculating the coordinate values of a circumcenter, that
is, the center estimated coordinate values of the curling stone and the distance from the starting
point in the cluster. The value obtained using Equation (8) is called by the theoretical value of the
radius of the circle, and the formula for calculating the theoretical value is shown in Equation (9):

Theoretical value of the radius of a circle = \/centerxz +centery2 )

The second method is to estimate the actual curling stone location using the camera image and
Kalman filter. An error between the image coordinates and the actual coordinates is generated by
the computation time and the communication delay to estimate the curling stone position using the
image coordinates.

The x, y coordinates of the curling stone obtained from the image coordinates and the running
speed of the current robot are applied to the Kalman filter to estimate the coordinates of the current
curling stone using Equation (10):

Xk+1 1 0 At\ /Xk
<Yk+1> = (0 At) <Yk> + wi
Vk+1 0 1/ \Vk
0 Xk
(o)= © 1>(yk)+vk
Vk Vk

This error is corrected using a Kalman filter on the coordinate values. The coordinates of the
current curling stone are estimated by applying the X, y coordinates of the curling stone obtained

S

(10)

o
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from the image coordinates and the running speed of the current robot to the Kalman filter. The
Kalman coefficient according to the system model is obtained using the block diagram as shown in
Figure 3 [10-12].

Initial estimates for X;_; and P,

(1) Project the state ahead
Ry = AX ., + Buy

(2) Project the error covariance ahead
Py = AP AT+ Q

(1) Compute the Kalman gain
K, = Pk_HT(HPk_HT +R)?
(2) Update estimate with measurement Zj,
(3) Update the error covariance
P¥ = (1 — Ky Hy)Py

Figure 3. Kalman filter block diagram.

3.3. Real-Time Path Planning

The path of the curling stone is estimated by weighting the TAES and the target path based on
the estimated stone location and the previous path. It is possible to predict the position of the next
curling stone by summing the weights of the slopes moving in the direction to reduce the error by
comparing the slope between the current coordinates and the strategic coordinates. Since the path of
the curling stone is in the form of a curve rather than a straight line, the algorithm is applied with a
weight in consideration of this characteristic. This path prevents slippage due to the sudden change
of direction of the robot and to following the movement of the curling stone. After estimating the
slope to the next route, we can calculate the next expected coordinate with that slope that is obtained
using Equation (11):

Xi — Xj-1 .

—=m;(i=123)

Yi = Vi1 (11)
[m3| = |my| — (|my| — [m,|) = 2|m,| — [m,]

When the variable ratios of mi and m: are large in Equation (12), a suitable path may be
generated by changing the weights of mi1 and mz. The relationship between xs and ys corresponding
to the expected coordinates is shown in Equation (12):

X3 - XZ _

=m
Yz =2 :

(12)
X3 —M3y3 = X; — M3y,
Since there are two unknown variables, we need one expression to find the exact value and

estimate the other point through x or y coordinates. In addition, the relation between x3 and y3 can be
found from the current stone velocity as shown in Equation (13):

Y3 —Y2 —v
t; -1, v3
Y3 =Y2+Vy XT (13)

Vyz = Vy X cosB
T:Data input cycle
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0: Angle between robot and stone

3.4. Revised Movement Path of the Robot

The change of the curling stone’s path due to ice quality results in path error of the robot when
compared with the expected path. Since the path error generated at this time inherently
accumulates, the robot does not reach the final destination. To reduce the error, the sweeping
process of the sweeper robot is processed by using a path generation algorithm for returning as
shown in Figure 4. If the actual curling stone path crosses the path error threshold compared with
the expected path, a path return is required. The blue line and the red line are the expected stone
path and the actual stone path, respectively. When the threshold is exceeded, the sweeper robot
sweeps the curling sheet to restore the curling stone. As a result, the changed path regenerates the
return path as the green line in Figure 4 to regenerate the path for the stone to return to the expected
path.

(x_real[k-1], y_real[k-1

) (x_pred[k-1], y_pred[k-1])

(x_real[k], y_real[k]) (x_pred[k], y_pred[k])

(x.corr[k], y_corr[k])

Figure 4. Regenerated route to return to expected route.

Path generation for return uses a proportional area as shown in Figure 5a to predict a new path
with coordinates that change during sweeping. The formula for calculating the area to be moved in
order to return is given by Equation (14):

q= \] (Xreallk — 1] = Xpred [k])?

+Yrearlk — 1] — Ypred [k])?

b = (Xpred [k — 1] = Xpear [K])?
a +(Ypred [k - 1] — Yreal [k])z

(Xreallk — 1], yrea[k — 1]) = previous actual stone coordinates

(14)
(Xprealk = 1], ¥prealk — 1]) = previoust expected stone coordinates
(XreallK], Vreal[K]) = current actual stone coordinates
(Xpred[K], Yprea[K]) = current expected stone coordinates
Therefore, the total area to be moved is given by Equation (15):
Area = (a*b)/2.0 (15)

Figure 5b shows the area changed after the movement. The formula for calculating the area
changed after the movement is described in Equation (16):

= \] (Xreal [k - 1] — Xreal [k])z

+(Yrea1 [k - 1] — Yreal [k])z

(16)
b = \/ (Xreal[K] = Xcorr [K])?

+ (Yreal [k] — Ycorr [k])z
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c = (Xreal [k - 1] - Xcorr[k])z
+(Yrea1 [k - 1] — Ycorr [k])z

(Keorrlk — 1], Yeorr[k — 1]) = corrected current stone coordinates

As aresult, the total width moved is given by Equation (17):
move,e, = (@+b+c)/2.0 (17)

When the sweeping is performed by using the above formula, the return path can be generated by
predicting the change of movement.

/ (x_real[k-1], y_real[k-1])
4]

(x_real[k-1], y_real[k-1])

(x_pred[k-1], y_pred[k-1]) / !

(x_real[k], y_real[k]}

(x_real[k], y_real[k]) 2
G predIkg, y_predik) r Y

(x_corr[k], y_corr[k])
1

(@) (b)

Figure 5. (a) Return path generation using proportional area. (b) Area changed after path travel.

4. Experiment

Due to the change in the friction coefficient of the curling arena sheet which varies in real time,
the curling stone is difficult to predict the movement in the expected path of the initial stone. It is
necessary to predict the change of the curling stone to generate the path of the sweeper robot and
return the stone by sweeping the target path. Since it is impossible to use the general equation of
motion due to the change of the friction coefficient of the curling sheet, we conducted the following
experiment to predict the change of the curling stone as similarly as possible.

4.1. Stone Extraction Experiment with Rider Sensor Using Clustering Algorithm

Figure 6 is a photo of experiments in a real curling arena environment. For the sweeper robot to
sweep according to the change of the curling stone movement, the actual curling stone position is
checked and compared with the expected path. The data on location of the curling stone measured
by a lidar sensor were clustered using the algorithm introduced in Figure 2a. Figure 7a which
depicts the distance from lidar to the curling stone, shows that the circumference of the curling stone
measured according to the actual distance changes. The experimental result for moving stone shows
that the above algorithm works well regardless of the distance between lidar and curling stone.
When the curling stone is triggered from the throwing robot, the stone moves to the end point in the
form of a curve. In this process, the sweeper robot tracks the curling stone according to the location
of the curling stone and determines whether or not to sweep. Figure 7b shows the results of the
experiment that tracks a moving curling stone based on curling stone recognition. Experiments
confirmed that the normal experiment proceeded as a result of recognizing the curling stone by
tracking the moving curling stone using the algorithm of Figure 2a.
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Figure 6. Experiment on curling stone measurements in an actual curling field.
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Figure 7. (a) The distance between curling stone and lidar. (b) Curling stone tracking using an

algorithm.
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From the data on the position of the curling stone through the lidar sensor, it is possible to
estimate the curling stone position in real time by reducing the computational time required to
estimate and track the curling stone. Since the lidar sensor does not recognize color, it can recognize
objects well except those shaped like curling stone.

4.2. Real-Time Curling Stone Data Extraction Experiment Using Kalman

This experiment was to predict actual data by using a Kalman filter. It was an experiment to
obtain efficient shot data path in the obstacle-free space. Therefore, the data were not related to the
shot used in the actual game.

Figure 8 depicts a graph of data extracted using Kalman filter based on actual data. The real
trajectory graph means the data received from the image, and the Kalman prediction graph is the
actual curling stone coordinates extracted using the Kalman filter.

Compare Real Position and Kalman Position
22

-1.4 -1.2 1.0 08 -06 04 0,2 0

= Real Trajectory Kalman Prediction
Figure 8. Real trajectory and Kalman prediction.

4.3. Experiment with Trend-Adjusted Exponential Smoothing

The path of the curling stone is predicted from its position data obtained from the above
experiments. Figure 9 extracts 100 data for the stone to move to the next step using 100 real position
data when ot = 0.3 and 3 = 0.1 with TAES. When more than 100 data were predicted by experiments
in various cases, the error rate with the actual data was large, and the subsequent path estimation
was calculated by using target path conversion using Equation (6). Table 1 shows a part of the result
of predicting 100 actual data using 100 data. From the left, it shows actual data (x, y), trend adjusted
exponential data (X, y), and error rate (actual data — trend-adjusted exponential). Figure 9 and Table
1 explain that a small error rate is generated when 100 data are extracted using TAES from 100 actual
data.
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Figure 9. Trend-adjusted exponential smoothing (TAES) graph.
Table 1. TAES data.
Reall_x Real'_y TAE?_x TAE? y Error_x Error®_y
2598112 36.671844 2.5981488 36.671806 -1.4 x 107° 1.02 x 107°
2.5992277 36.648804 2.5993009 36.648727 -2.8 x 107° 2.09 x 1076
2.6003432 36.625763 2.6004529 36.625648 -4.2 x 107° 3.13 x 107
2.6014588 36.602722 2.6016049 36.602571 -5.6 x 107> 412 x 107
2.6025743  36.57968 2.6027570 36.579491 -7.02 x 107° 5.16 x 107
2.60369 36.55664 2.6039091 36.556411 -8.4 x 107> 6.25 X 107°
2.6048055 36.5336  2.6050611 36.533331 -9.8 x 107° 7.35 x 107°
2.605921  36.51056 2.6062131 36.510254 -0.00011 8.37 x 107°
2.6070366 36.48752 2.6073651 36.487175 -0.00013 9.45 x 107°
2.6081522 36.464478 2.6085171 36.464096 -0.00014 1.05 x 107°
2.6092677 36.441437 2.6096691 36.441017 -0.00015 1.15 x 107°
2.6103833 36.418396 2.6108212 36.417938 -0.00017 1.26 x 107°
2.6114988 36.395355 2.6119733 36.394859 -0.00018 -1.36 X 10~°

11 of 14

! Real is actual data (x, y); 2 TAE is trend-adjusted exponential data (x, y); ® Error is error rate (actual

data - trend adjusted exponential data).

4.4. Experiment on the Creation of Curling Stone Return Path Using Return Path Algorithm

When comparing the predicted route with the actual driving route through TAES, there are

three major sweeping cases due to the error of the two routes, as shown in Figure 10a—c. First,

sweeping is performed by comparing the speed of the curling stone when the current curling stone
is equal to the expected coordinate interval. Second, when the current curling stone is pointing to
the right of the target coordinate, sweeping in the left area is needed to return the curling stone
moving to the right to the prediction path. Third, the current curling stone is to the left of its
original expected coordinates. In this case, sweeping of the right area is needed to return the curling
stone moving to the left to the prediction path. Sweeping is performed when the threshold value is
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based on the changed path of the curling stone.

exceeded using the following number of cases, and the path of the sweeping robot is regenerated
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Figure 10. Experimental results in case of (a) actual coordinates slower than expected. (b) Actual
coordinates to the right of expected coordinates. (¢) Actual coordinates to the left of expected

Figure 11 shows a game of actual curling sheet using the above algorithm. The path of the
sweeping robot was generated as the basis of the initial expected path, and the location of the curling

stone was identified in real time, and the sweeping was performed by comparing with the expected
path. In the real game, an error within 2 cm between the arrival point of the curling stone and the
expected arrival point of the stone was generated.

Figure 11. Experiment on creating a return path using the return path algorithm in an actual curling
field.

5. Conclusions

Using the data on the path prediction algorithm of the curling stone proposed in this paper, the
sweeper robot plans its path for sweeping. By modifying the path closer to the target of the curling
stone through the target, the robot’s path is also modified accordingly. In fact, there are many

technical problems to solve in the robot curling game. One of the most important problems results
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from unpredictable movement of curling stone because the curling sheet is so sensitive to
environmental factors such that even small changes have a significant impact on the movement of
curling stone. Thus, in order to solve this problem, we used trend adjusted exponential smoothing, a
time series analysis using trends, was used to predict curling stone paths in real time.

As a result of experimenting through the throw of the curling stone in the actual curling sheet,
the sweeping robot moved according to the initial target path. It was confirmed that the stone’s
path was predicted in real time through the experiment. In addition, when the estimated path is
different from the target path because the speed is slow or the moving direction is different from
the target path, the path is corrected by sweeping the curling sheet. Using the re-predicted path of
curling stone, the robot’s path is re-planned.

In the experiment, the sweeper robot was designed to stop the sweeping before the opposite
hog-line in the direction of travel. Since the sweeping robot used in the experiment was relatively
large in size, it was sometimes difficult to sweep the sheet depending on the location of the curling
stones. Future research includes designing compact sweeping robot with a different structure to
solve the problem mentioned above.
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