






	Intelligent Automation & Soft Computing
DOI:10.32604/iasc.2020.012268
	[image: images]



	Article
	




Research into Visual Servo Based Haptic Feedback Teleoperation

Tao Ni1, Lingtao Huang1,*, Huanfei Zheng2 and Hongyan Zhang1

1School of Mechanical and Aerospace Engineering, Jilin University, Changchun, 130000, China
2Department of Mechanical Engineering, Clemson University, Clemson, 25633, US
*Corresponding author: Lingtao Huang. Email: hlt@jlu.edu.cn
Received: 23 June 2020; Accepted: 10 August 2020

Abstract: To overcome the problem that a teleoperation system loses robustness when the target moves outside the robot’s visual field or it is far away from the desired position, and to improve the operability and controllability of a master-slave teleoperation system, we present an image servo based haptic feedback (ISBHF) control method for teleoperating. The ISBHF control method involves extracting target feature points and constructing image servo based virtual force. First, the image characteristics of the environment and targets are identified and extracted by a 3D reconstruction method. A composite image Jacobian matrix is used to construct virtual guidance force based on the target’s image error. Then, the virtual force is provided for the operator through two joysticks which prevents the target image from drifting out of the visual field of the camera. We conducted experiments to confirm the validity and efficacy of the ISBHF control method. We found that human manipulation may cause the target image to deviate from the camera view, but the image servo based virtual force guides the operator to calibrate the target image back to the center view. The ISBHF control method can easily guide the robot to track the target and prevent image feature points deviating from the camera view. Teleoperation can be improved by combination of the robot visual sensory information and human haptic perception with the ISBHF control method. The ISBHF control method is favorable for the robot to avoid the blind operation of human and the collision with other obstacles.
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1  Introduction

Master slave teleoperation robots are well suited to high-temperature, high-pressure, or suffocating environments, such as those in the deep sea, underground, and outer space [1,2]. Operators manipulate such robots with the aid of feedback in the form of images, sound, and haptic information received from the unpredictable and remote working environment without a comprehensive perception of the robot operating area [2]. In vision-based teleoperation, which has been very widely adopted, operators manipulate robot relying on their own senses through the images captured by the end-effector camera. The installation of eye-in-hand camera would provide the operator with a direct visual sense of the robot position [3–6]. However, human perception tends to lack control of security and accuracy [1,2]; for instance, the operator could consider an optimized routine, which is based on the current perspective view, although he/she could find and adopt an alternative that would be the better routine immediately after. In addition, targets tend to fall outside the visual view of the camera and prove difficult to recapture in the continuously changing camera view [1,2,7]. The deviations and collisions that result from this control method adversely affect the operating efficiency and safety of the robot. These are caused by the operator’s limited senses, given that the display is the only information available.

We proposed a 3D vision based kinesthesic teaching control strategy [8,9]. It is based on the artificial potential field method [10], whereby a virtual force potential field function is constructed based on the position of obstacles and targets, to make predictions regarding trajectory planning. The method uses position-based visual servo forces to manipulate a slave robot. It converts part of the vision information into force sensations that allows operators to share control while manipulating the robot. However, it needs the prediction of the target position, and the acquisition of target image data will be interrupted with the target moving out of the camera’s visual field. When this situation occurs, the operator still has to rely on his/her own senses.

The image based visual servo method establishes an image Jacobian matrix, which reflects the control relationship between the image servo errors and the end-effector position variation, through the application of robot vision control theory [6,10–12]. The method focuses on the target image errors and is able to restrict the target image in the camera view. It does not need an estimate of the target position nor an accurate geometry reconstruction for the working environment [9–11]. In addition, researchers can obtain an online estimate of the image Jacobian matrix, which prevents the singularities and inevitable errors caused by camera calibration or visual depth estimation [11–15]. However, the image based visual servo method can only be applied in relatively small areas. If the target moves outside the robot’s field of view or is far away from the desired position, the system will lose robustness.

Consequently, we present the ISBHF control method. It captures an image of a target in its initial position and then establishes an image Jacobian matrix relationship between the image servo errors and the robot position variation. Through the position servo based haptic force (PSBHS) control method, we construct the image servo error based virtual force (virtual force), which includes virtual repulsive force and virtual attractive force. The ISBHF control method can guarantee the target image to be restricted in the center view of camera as well as the end-effector to reach target objects. In addition, we use the RLS algorithm to estimate the Jacobian Matrix without help of camera calibration. On the other hand, the virtual force is fed back to the joysticks and is incorporated with human operation to enhance the reliability of system. As a consequence, teleoperation could be improved by combination of the robot visual sensory information and human haptic perception.

The paper is divided into six sections. Section 2 explains the control method composition and principle. Section 3 explains the method of recognizing and extracting target objects from an image, and how the acquired information is used to estimate the image servo based composite image Jacobian matrix with an RLS algorithm. Section 4 describes how the virtual force is constructed with an estimated composite image Jacobian matrix and then returned to the operator. Section 5 describes experiments that were conducted to verify the validity and efficacy of the ISBHF control method for helping the operator and preventing a target from deviating out of the visual field of the camera. Section 6 concludes this paper.

2  Composition and Principle of Control System

A visual servo based virtual force feedback teleoperation control system transforms the two-dimensional image position deviation information of a target object into force signals and transmits force signals to a manual device as virtual attractive force and virtual repulsive force. These forces prompt the operator to manipulate a haptic control device in order to complete a teleoperation task, as shown in Fig. 1.



Figure 1: Visual servo based virtual force feedback teleoperation control system

The teleoperation control system consists of the master manipulation system and the slave control system. The slave control system includes a 4-DOF robot, servo motor control modules, a Bumblebee binocular camera (Point Grey Research, Canada) on an end-effector (used to identify and extract the feature points of the target object), a Kinect camera (Microsoft, US; placed over the working environment to acquire 3D data through the application of a point cloud matching technique [16–19]) and a control computer (computer 1 in Fig. 1). The master manipulation system consists of two joysticks (Logitech WingMan force feedback joysticks) and a control computer (computer 2 in Fig. 1). Computer 2 receives the information about the robot and image, and then rebuilds the robot and objects in virtual space. Meanwhile, Computer 2 sends the joystick information to Computer 1. The operator manipulates two 2-DOF force feedback joysticks to perform position control for the slave robot. Each joystick contains two motors so that the operator can perceive in two directions. The manipulation is undertaken using the image produced by Computer 2, which reconstructs an image of the 3D working environment.

3  Composite Jacobian Matrix for Image

The creation of virtual force requires the identification and extraction of image characteristic information for the target objects. The Bumblebee binocular camera is used to identify a target object and acquire information on feature points. In addition, the Kinect camera collects video images and depth information of field to enable the regeneration of a 3D virtual working environment, which provides a visual interface to improve the manipulation by the operator. These were specifically demonstrated in our period research in [8,9].

1) Acquisition and Extraction of Targets and Environment Graphic Information

For this study, we assume that there is a distinctive differentiation in terms of color, gradation, and texture between the target objects and working environment background. Given that the work addressed in this section is mostly a repetition of our period research, we provide only a brief introduction to the identification, extraction and reconstruction processes.

The image information extraction and working environment reconstruction process began with the establishment of a position relationship between the robot arms, cameras and working environment. Binarization segmentation between the targets and the working environment background was acquired according to the local dynamic threshold value for the color and gradation of each pixel. Microscopic pores caused by noise were removed from the binary image by the application of an inflation-corrosion algorithm. Chaotic area less than 100 pixels were removed after each target object had been labeled in the image. Rough contour polygon areas in the targets were extracted through the application of an image segmentation and fusion algorithm. Polygon vertexes were taken as feature points of the targets. The target objects were separated from the working environment background with a geometric and color-based regional growth method. Then, 3D objects for each segment field were constructed with processed point cloud data according to the Power Crust algorithm [20,21]. All constructed 3D objects were placed together to merge the integration of the virtual environment. The extracted key points of the targets are shown in Fig. 2.
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Figure 2: Initial (left) and desired (right) position of targets’ image feature points

The virtual force is calculated using a composite image Jacobian matrix. The following parts describe the deduction and value estimation of the composite Jacobian matrix according to the position and orientation of the end-effector.

2) Establishment of Composite Image Jacobian Matrix

A pinhole model of the hand camera is shown in Fig. 3.
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Figure 3: Pinhole model of hand camera

[image: images] denotes the local coordinate system in which the hand camera is located, while [image: images] denotes the camera’s two-dimensional image projecting plane. Further, [image: images] is the focal length of the Bumblebee binocular camera, [image: images] is a key point of a target object defined as [image: images] in the camera located coordinate system. [image: images], defined as [image: images], is the projection of point Pin plane [image: images]. According to the camera pinhole model, the position of a target point in plane [image: images] is related to that in the camera located coordinate system, as follows:

[image: images]

The derivation of the above yields:

[image: images]

The composite image Jacobian matrix [image: images] contributes to the relationship between an feature point’s position gradient in the image plane and the hand camera’s velocity relative to the robot target object coordinate system [image: images]. According to the definition, the relationship is described as [image: images], which can be explained as:

[image: images]

[image: images] represents the feature point’s position in the camera’s two-dimensional image projecting plane [image: images]; [image: images] is the velocity of the feature point projected in the two-dimensional image plane, and [image: images], where [image: images], [image: images], denotes the position and orientation changes of the hand camera relative to the target object coordinate system, respectively.

According to the definition of the composite image Jacobian matrix, the gradient of each directional image position is described for every dimensional position of the hand camera. Thus, we define [image: images] as:

[image: images]

[image: images]and [image: images], as has been described, represent the image position of a feature point [image: images]. [image: images], [image: images] denotes the position and orientation of the hand camera relative to the target object coordinate system [image: images], respectively.

The translational velocity of point [image: images] relative to the hand camera can be calculated from the kinematic relationship, as follows:

[image: images]

where [image: images], [image: images] denotes the position and orientation changes of target object relative to the hand camera located coordinate system, respectively. This can be detailed as:
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According to Eqs. (2) and (6), the velocity of the image feature point [image: images] in the hand camera image plane can be described as:
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Considering the offset between the camera and robot end-effector coordinate system, the Jacobian matrix [image: images], which contributes to the relationship between the speed of the hand camera’s movement and the gradient of the end-effector’s posture is given as:

[image: images]

where [image: images] contributes to the velocity vector of the end-effector relative to the target object coordinate system.

The angular velocity [image: images] of each joint has a Jacobian matrix relationship with end-effector posture variation rate [image: images], which could be depicted as:

[image: images]

where [image: images], [image: images](j=1,L,4) are the [image: images]th robot joint angles.

The relationship between the velocity vector of feature point [image: images] and the angular velocity of joints [image: images] can be defined as:

[image: images]

where [image: images], the composite image Jacobian matrix of a single feature point is calculated based on Eqs. (8)–(11), as follow:

[image: images]

Thus, the composite image Jacobian matrix for multiple feature points can be described as:

[image: images]

where [image: images] represents the [image: images] feature point’s composite image Jacobian matrix, and it is real matrix, [image: images] is the feature point’s image Jacobian matrix.

3) Estimation of Composite Image Jacobian Matrix

To determine the composite image Jacobian matrix, we require the focal length of the hand camera and the depth of image parameters. However, camera calibration and image depth accuracy greatly affect the precision of the composite Jacobian matrix values. Thus, a direct estimation of the composite image Jacobian matrix is neither efficient nor accurate for current ISBHF control strategy.

The recursive least square algorithm (RLS) exploits the exponential weighted average to estimate a composite image Jacobian matrix based on the dynamic quasi-newton method. The iteration of the composite image Jacobian matrix with the RLS algorithm can thus be described as follows:

[image: images]

[image: images]

where [image: images], [image: images] represents the displacement differentials of the robot joints in each step; [image: images] is the error matrix between the desired image position and the actual position; [image: images] is the forgetting factor, and [image: images] is the covariance matrix. A forgetting factor between 0 and 1 can be set. However, if [image: images] is equal to 1, the new information is averaged with the previous data, implying that the value stability of [image: images] would fluctuate greatly with the effect of noise as a result of the infinite divergence of the composite image Jacobian matrix. This would lead to severe safety problems in the control of the position of the robot joints. If [image: images] approaches 0, previous data is given less weight in the Jacobian estimation, which leads to more iterative steps and more time. Finally, the value of [image: images] is determined to be 0.5.

To reduce the iteration of the composite image Jacobian matrix, [image: images] is directly estimated with four steps of linear independent displacement control [image: images] to initialize the matrix. The initialization of [image: images] is:

[image: images]

where [image: images] and [image: images] are the respective displacements of every robot joint in each of the four steps. [image: images] and [image: images] are the finalized respective image error differentials of the target feature points in the image plane. The dynamic estimation of the composite image Jacobian matrix is conducted according to Eqs. (14) and  (15) after the initialization.

4  Proposed Method for Visual Servo Based Force Control

We incorporated a visual servo method into the position-based force guidance strategy to construct the virtual force for the teleoperation system based on image servo error. We describe the construction of the virtual attractive and repulsive force model in this section. This method guarantees the convergence of the end-effector’s movement trajectory to the desired position. In addition, the visual servo force resists the deviation of the target image from center field of the camera view when the robot end-effector is guided with the virtual force.

1) Image Servo Based Virtual Repulsive Force Model

The image acquisition and multiple feature point extraction for target objects are conducted with the Bumblebee camera as part of the control process. [image: images] denotes the current position of the target’s multiple feature point defined in Section 3.2. [image: images] means the desired position in image plane. They are extended as follows:

[image: images]

[image: images]

where [image: images], [image: images], [image: images]. [image: images] and [image: images] are the minimum and maximum boundaries of pixels [image: images] respectively. [image: images] and [image: images] are the minimum and maximum boundary values of pixels [image: images] respectively. [image: images] and [image: images] denote the size of the image margin and both are positive. [image: images] is defined as the marginal area of the feature point’s image, and [image: images] means the shadow area in Fig. 4. The image-based repulsive force equation [image: images] for the target is constructed based on the feature points’ image boundaries using the artificial potential field method.
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Figure 4: Image boundary diagram

The repulsive potential energy equation [image: images] describes the current potential energy of the image position [22], and provides an estimation of the stability of the target object image within the visual field of the camera. This equation is defined as:

[image: images]

where [image: images] represents the number of target feature points. [image: images] , as has been defined, is the feature point’s position. Define [image: images]. The transposed first and second gradient vector equation are obtained as Eqs. (20) and (21):

[image: images]

where [image: images].

[image: images]

where [image: images]. [image: images] is positive definite, so the Eq. (19) is convex. [image: images] increases significantly when feature points deviate from the desired position in area [image: images], and becomes zero in [image: images]. As mentioned above, [image: images] means the shadow area in Fig. 4. Without considering [image: images], the curve of the Eq. (19) is shown as in Fig. 5.
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Figure 5: Repulsive potential energy diagram of image feature points

With the negative gradient of the potential equation and composite Jacobian matrix for the image, the image servo based virtual repulsive force [image: images] is defined as:

[image: images]

where [image: images] is the positive matrix of gain, [image: images] is the pseudo inverse of [image: images], which is estimated using the RLS algorithm from [image: images]. The repulsive force Eq. (22) decreases as the points move from marginal limit to the center field of the camera view. It ensures all the feature points located in the inner field of view.

2) Image Servo Based Virtual Attractive Force Model

The image servo based virtual attractive force [image: images] is constructed with the errors between the desired feature points’ position [image: images] and the current position [image: images] on the basis of the artificial potential field [22]. The attractive potential energy equation is defined as:

[image: images]

The transposed gradient vector equation is obtained as:

[image: images]

[image: images]

[image: images] is positive definite, so the Eq. (23) is convex. [image: images] increases when feature points deviate from the desired position in area [image: images] and becomes zero in [image: images] . The position of the target feature point’s image and robot end-effector approaches the desired position under the guidance of the attractive force:

[image: images]

where [image: images] is the positive matrix of gain.

3) Analysis of Image Servo Based Teleoperation Model

The image servo based virtual attractive force and virtual repulsive force are incorporated through the adaptive coefficients, [image: images] and [image: images]. The forces are fed back to the joysticks in the form of haptic signals to guide the operator to control the robot. The feedback guidance force equation can be depicted as:

[image: images]

The operator manipulates the slave robot to reach the desired position with image servo guidance information and control signals from joysticks, as is shown in Fig. 6.
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Figure 6: Block diagram of ISBHF control

[image: images] and [image: images] are the respective torques mapped from the operator manipulating force and the feedback virtual force. The incorporated torques on manipulator joints are used to predict velocity and drive the slave robot. [image: images] is the impedance matrix. The state equation of control system could be depicted as:

[image: images]
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In the image servo guidance system, the virtual force is generated and is fed back to the joysticks to guide the operator, so while the robot end-effector approaches the target, the target image remains in the center field of the camera view. Namely, the operator does not actively operate the joystick, but the generated virtual force can impel the joystick to guide the operator. [image: images] works only in the marginal area [image: images].

5  Discussion and Experiments

In the experiments, the end-effector of a 4-DOF robot was fitted with a Bumblebee binocular camera that was used to identify and extract the image feature points of a red target object. A Kinect camera was installed near the robot to simultaneously acquire a 3D view of the working environment. The graphic computer (Computer 2 in Fig. 1) reconstructed the 3D scene to provide visual guidance, while the computer (Computer 1 in Fig. 1) determined appropriate virtual force to provide haptic guidance. Two joysticks were used to control the teleoperation robot and to provide the operators with virtual force signals. The operator operated the 4–DO robot by the joysticks according to the reconstructed virtual scene and virtual force. Figs. 7 and 8 shows the platform and the interface working environment, respectively.

[image: images]

Figure 7: Experiment setup in slave side

[image: images]

Figure 8: Interface in master side

The ISBHF control method is used to define the desired position and orientation of the robot at the position where the end-effector reached the target object, and the target image feature points move into the center of the camera view. The error threshold [image: images] is restricted to 3.0. The robot tracks the targets as the camera collected and extracted the image feature information, until [image: images]. The image servo based virtual force can guarantee that the target object image is constrained to the center of the camera view.

1) Estimation of Virtual Repulsive Force and Virtual Attractive Force

In order to validate the respective efficacy of the virtual repulsive force and virtual attractive force, we compared the image trajectories caused by virtual repulsive force and virtual attractive force, regardless of the effective area function [image: images] and [image: images], conducted experiments under only the virtual repulsive force or attractive forces guidance without human manipulation, as shown in Fig. 9.
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Figure 9: Comparison of feature points (left) and end-effector (right) trajectories between the virtual repulsive force and virtual attractive force

The black curves denote the results guided by the virtual repulsive force, and the red curves mean the results guided by the virtual attractive force in Fig. 9. The coordinate (feature points (left) in Fig. 9) records the trajectories of four feature points in the camera image plane, and the rectangle represents the view boundary lines of the camera. When the feature points’ desired position is fully extended in the camera view, the red curves show smooth feature points and end-effector trajectory. It demonstrates well guidance in z-depth direction by the virtual attractive force.

As a contrast, the control guided by the virtual repulsive force shows instable and divergent trajectory results when all the feature points’ desired position is extended in a full view. It will cause great and instable guidance forces by every single point in the initial control period according to the definition of repulsive force equation. On the other hand, the virtual attractive force will lose its function if the feature points’ desired position is set too close to the center point.

According to teleoperation model in Section 4.3, we needed to incorporate the repulsive and attractive forces. Finally, we made a compromise and set the desired position to be (–41.72, 11.52), (–1.187, 40.21), (–2.652, –39.82) and (40.27, –3.635) through several extensive tests. They can satisfy both the attractive and repulsive force guidance control. In term of the curves in Fig. 9, the feature points and end-effector trajectory can be guided into the desired position with both the attractive and repulsive force guidance control.

2) Comparison between PSBHF and ISBHF

We made a contrast experiment between the PSBHF control method and the ISBHF control method without human manipulation. The obtained trajectories of the target feature points in camera image plane and end-effector trajectory are shown in Fig. 10.

[image: images]

Figure 10: Comparison of feature points (left) and end-effector (right) trajectories between PSBHF and ISBHF

The black curves represent the behavior of feature points and end-effector trajectory under PSBHF control method, while the red ones record the guidance results under ISBHF control method without human manipulation. According to the end-effector trajectories in Fig. 10, both control methods can guide robot to reach the target object, but they show different trajectories of end-effector. In term of the feature points in Fig. 10, the feature points deviate from the camera visual range in the [image: images] direction, and they are limited in the –120 pixels by the PSBHF control method. The PSBHF control method cannot constrain the target image during manipulation. On contrary, the feature points’ position is calibrated and restricted in the center of the camera field view by the ISBHF method. As a result, the incorporation of repulsive and attractive forces can restrict target image in camera view and guide robot to reach the target without the prediction for target object position.

3) Estimation of Shared Control Method

The image servo based control method may come across with challenge that camera misses the feature points’ information. However, we are able to recapture the image of target and manipulate the robot such that it is possible to approach the target based on operator perception.

The shared control method is the ISBHF control method with human manipulation based master-slave teleoperation. In order to reflect the effectiveness of visual servo forces and involvement of human manipulation (the human manipulation forces (top) in Fig. 11), we drove the robot in a way that initially the feature points of image deviated from camera visual range, which is shown in Fig. 11 from 0 to 10 seconds, and then was corrected back into the camera visual range by human manipulation, which is shown in Fig. 11 from 10 to 22 seconds.

[image: images]

Figure 11: Human manipulation force (top) and visual force (bottom) under ISBHF

The manipulation by ISBHF is separated into three periods (the visual guidance forces (bottom) in Fig. 11). Firstly, the operator manipulates the robot and makes the feature points deviate from camera view intentionally, which is shown in Fig. 11 from 0 to 10 seconds. Then, the operator corrects the feature points’ image back into camera view field, which is shown in Fig. 11 from 10 to 20 seconds. The last period is mainly affected by the incorporated image servo forces and assisted with little human manipulation, which is shown in Fig. 11 from 20 to 30 seconds.

As shown in Fig. 12, the multi-colored curves and red curve represent the behavior of feature points and end-effector trajectory only under human manipulation, respectively, and the black ones record the guidance results under human manipulation with ISBHF control method.

[image: images]

Figure 12: Comparison of feature points (left) and end-effector (right) trajectory between human manipulation and ISBHF

In term of the feature points (left) in Fig. 12, when incorporating human manipulation force with image servo based virtual force, we can use both to affect feature points’ position. Even though human manipulation may cause the target image to deviate from camera field view, the image servo based virtual force can guide the operator to calibrate the view back to the center view. When missing the visual sensory information, the operator can rely on the virtual force to correct robot camera view.

Comparing the red and black curves (the end-effector (right) in Fig. 12), it can be seen that the moving distance of robot end-effector is shorter by the ISBHF method, which means the robot can reach the target with less time and less posture adjustment. So the ISBHF control method can easily guide robot to track target and prevent image feature points deviating from camera view. It is favorable for robot to avoid the blind operation of human and the collision with other obstacles.

6  Conclusion

In this study, we proposed the ISBHF control method which is an image-based servo control method with virtual force, and we applied it into teleoperation. The stereo image vision method identified and extracted environment information, and then reconstructed a virtual scene to present visual guidance to the operator. A composite image Jacobian matrix was constructed based on the relationship between the image position change rate in the camera view and the end-effector position. The virtual force was created from the equation and composite image Jacobian matrix. Finally, the virtual force was fed back to the joysticks to restrict or guide the operation.

Experiments and comparisons between the ISBHF control method and PSBHF control method has verified the validity and reliability of the ISBHF control method. Human manipulation under the guidance of the virtual force can decrease the image servo error and end-effector position error. The ISBHF control method proves capable of preventing the image of the target object deviating out of the visual field of the camera. Therefore, the safety and stability of the manipulation can be improved.
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