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Abstract. This paper describes the details about the software system
as a whole.

1 Software Architecture

There are several separate modules for different tasks. The whole software ar-
chitecture can be seen in Fig.1.

The key modules in software architecture can be described as below:

- Motion: The motion control package is modified based on the version of the
teen-size soccer competition in RoboCup 2019. Motion parameters are ad-
justed for the new physical parameters of the adult-size humanoid robot.
Due to the change of the group, the original motion control modules such
as walking, turning and kicking are retained, while the motion control mod-
ule of climbing up after a fall is blocked. Specifically, the walking gait is
designed based on the model of the three-dimensional linear inverted pen-
dulum. Multi-direction and multi-speed walking gait planning is achieved
based on the algorithm of Kajita et al [1]. In terms of walking control, pres-
sure sensing is applied to identify the support status of the feet, so that
the switching timing of the next step could be determined, with which the
environment adaptability of walking control could be improved. In order to
improve the stability of kicking, a fast kick method which is commonly used
in adult-size robots is adopted instead of the original slow one. Further, we
will try to apply the IMU data as feedback variables to achieve real-time
walking gait planning and control. The theory of gesture estimation and
gait planning based on the capture point will be tried and applied [2,3].

- Vision: Our vision perception system remains the main structure of the one
we used for TeenSize League 2019[4]. Compared to last year’s system, an
MYNTEYE D1000 stereo camera is utilized to obtain a real-time video
stream that is used to detect key objectives. These objectives include the
filed, lines, circle, goal, obstacles and the ball. We mainly use color filtering
method to achieve the detection tasks based on the prior knowledge that dif-
ferent objects have different colors, for example, the field is green while the
lines are drawn in white. For details, the image data will first be converted
to HSV color space and a green color filter is applied to extract the field. In
order to make the vision algorithm robust to outdoor scenes where lighting



condition varies, a preprocessing module is added on top of the algorithm.
This self-adaptive module can adjust the filter thresholds based on the am-
bient brightness. Then the field image is binarized by using the Canny edge
detector to get a preliminary result. The classical Hough Line Transform and
the Hough Circle Transform are further applied to the binary image and a
set of verification procedure is used to eliminate noises and detect the lines
and the circle in the field. The designed verification procedure fully utilizes
the domain-specific knowledge by encoding any relevant information about
objects, including shape, area, length and included angle. Furthermore, a
Yolo-like deep learning model is used to detect the goalposts and ball[5].

- Localization: It is very important to maintain the current global position of
the robot. We achieve this by using a localization model shown in Fig.2.
The robot starts from a known position and we can get its current location
through the odometer algorithm. The odometer algorithm can predict the
moved distance between two frames through the VINS method[6] with the
stereo camera and IMU. After a period of motion, the robot’s position will
become very inaccurate because of accumulated error. In order to increase
the accuracy of positioning, the robot must consider using the external envi-
ronment to locate itself. The position of the center circle and goal relative to
the field is fixed. Therefore, we trained a deep learning framework to recog-
nize goals and center circles. After recognition, we can get a relative position
between the robot and the goal or center circle. In addition, particle filtering
is used to correct large errors. Particles are set randomly in the game field.
Then, each particle can get a score through the comparison between the
currently captured image and the image particle should capture in theory.
The more similar the two pictures are, the higher the score can be got. The
particle, which gets the highest score, has the highest possibility to be the
right position of the robot. Then, the global position of the robot can be
obtained and updated.

- Behavior: Based on the behavior tree[7], this package processes location mes-
sages from the Localization package, teammate status from Team Trans-
mitter and game status from Game Receiver, and then outputs the action
commands to Motion package. Our path planning algorithm: First of all, get-
ting the maximum rotation capacity of the robot at different forward speeds,
and create the walking ability table. When the robot is far away from the
target, the movement ability of the robot’s lateral direction is ignored, and
only the motion constraint of the relation between the robot’s forward direc-
tion and the Angle of rotation is concerned. We further transform the robot
path planning problem into a walking mode of arc plus straight line plus
Omni-directional walking. The motion of the robot is understood as turning
and walking in a straight line. As long as the solution is made according to
the motion constraint and the value of the straight line segment is 0, the
maximum arc radius Rmax from the starting point to the target point can
be obtained. In this way, the appropriate forward and turning speed can be
determined according to the radius of the path arc during the competition.



Fig. 1. Software Architecture

Fig. 2. Localization model



References

1. Kajita S, Hirukawa H, Harada K, et al. Introduction to humanoid robotics[M].
Springer Berlin Heidelberg, 2014.

2. Pratt J, Carff J, Drakunov S, et al. Capture point: A step toward humanoid push
recovery[C]//2006 6th IEEE-RAS international conference on humanoid robots.
IEEE, 2006: 200-207.

3. Missura M, Behnke S. Omnidirectional capture steps for bipedal walking[C]//2013
13th IEEE-RAS International Conference on Humanoid Robots (Humanoids).
IEEE, 2013: 14-20.

4. Yun Liu, Hongjian Jiang, Qiang Hua, Te Li, Yuehua Li, Senwei Xiang, and Sumian
Song: ZJLabers Team Description Paper (2019).

5. Redmon, Joseph and Farhadi, Ali. YOLOv3: An Incremental Improvement. arXiv,
2018

6. Qin Tong, Li Peiliang, Shen Shaojie. VINS-Mono: A Robust and Versatile Monoc-
ular Visual-Inertial State Estimator[J]. IEEE Transactions on Robotics:1-17.

7. https://github.com/libgdx/gdx-ai/wiki/Behavior-Trees


