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With worldwide implementation, millions of surgeries are assisted by surgical robots. The cable-

drive mechanism on many surgical robots allows flexible, light, and compact arms and tools. How-

ever, the slack and stretch of the cables and the backlash of the gears introduce inevitable errors from

motor poses to joint poses, which affect the accuracy of the pose and orientation of the end-effector.

Since the reported end effector position of surgical robots like Raven-II is directly calculated using

the motor encoder measurements and forward kinematics, it may contain relatively large errors up

to 10 mm. On the other hand, wiring complexity and sterilization also prevent the implementation

of sensors on the end-effector, which have caused a lack of haptic feedback in many surgical robots

ever since the beginning. When manually teleoperated, the system is closed-loop by well-trained

operators, and the cable-driven inaccuracy and lack of haptic feedback are less of a concern. How-

ever, as semi-autonomous functions are introduced into abdominal surgeries, such as debridement

and suturing, better closed-loop performance with better positional accuracy and force estimation

is desired. However, obstacles of no direct measurements on joints and end-effectors still exist.

Indirect measurements on motors rely on accurate modeling of the robot dynamics and kinemat-

ics, which can also be difficult due to cable-driven mechanisms. In contrast, machine learning

methods show great potential to utilize indirect features, finding nonlinear relations among multiple

factors. Thus, it can be desirable to develop a learning-based calibration that can take the origi-

nal inaccurate robot states as input, and output corrected robot positional states and estimation of



the contact force on the end-effector. This dissertation first develops an efficient data-driven cal-

ibration framework for the joint positions of the Raven-II surgical robot. External joint encoders

are used to collect ground-truth data during calibration, while the trained models only require the

original robot states during operation. The effects of calibration trajectory design, model struc-

ture, input-output selection, and long-term operation are evaluated to improve both accuracy and

practical efficiency. Second, this dissertation studies how different robot-state features contribute

to learning-based calibration. Through feature ablation studies, joint positions and motor torques

are identified as important inputs. By selecting useful features and excluding unnecessary ones,

the learning models have improved accuracy and reduced training and inference costs. Third, this

dissertation investigates surgical instrument tracking through endoscopic instrument segmentation,

using active learning and copy-and-paste synthetic image generation to reduce manual annotation

effort. Finally, a motor-cable force actuation system and preliminary distal force sensing framework

are developed for Raven-II, enabling controlled external force application and data collection for

distal force estimation and haptic feedback.
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Chapter 1

INTRODUCTION

1.1 Background and Motivation

Robot-assisted Minimally Invasive Surgery (RAMIS) offers the possibility of accurate and reliable

operations between surgeons and surgical robots [11, 12, 13], with improved outcomes for patients

[14], [15]. In RAMIS, millimeter-level accuracy is preferred [16]. In surgical robotics mechanisms,

the highly elongated form factors of endoscopic surgical instruments, and the necessary re-location

of sensing and actuation to more proximal locations, impose fundamental limitations on mechani-

cal accuracy. Cable drive mechanisms, traditionally used in robotic laparoscopic instruments, such

as Raven-II [17] and da Vinci Research Kit (dVRK) [18], are problematic due to long runs of

highly loaded drive cables, and their routing around numerous pulleys whose diameter is substan-

tially below standard cable design guidelines [19]. Accurate manipulation can still be achieved in

conventional bilateral teleoperation (human-in-the-loop control) under this inaccuracy, as the hu-

man operator can compensate for the error with visual feedback [20], typically obtained through

endoscopes [21]. However, as the automation of surgical robots has been increasingly drawing at-

tention in recent years [22, 23], such as suturing [24, 25, 26], debridement [27, 28], and peg transfer

[29, 30, 31, 32], accurate robot pose becomes more demanding [33].

In addition to using forward and inverse kinematics [34, 35], accurate state estimation for cable-

driven surgical robots like Raven-II usually relies on the modeling of cable-driven effects [36, 37].

Numerous parameters and measurements are necessary to build the model-based estimation of robot

pose. Some parameters could be obtained from the computer-aided design (CAD) model, such as

initial inertia matrices, mass, and center of mass. On the other hand, it can be more difficult to

obtain parameters such as spring and damping constant, as well as Coulomb and Viscous friction

[38]. Furthermore, cable-pulley friction is relevant to cable tension that is dynamic during robot

operation [39]. As a consequence, inaccurate or experimentally measured parameters can undermine

the performance of model-based state estimation.
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Recent efforts use data-driven and machine learning calibration to reduce the error caused by

the cable-driven mechanism and achieve competitive performance [40, 41]. Unlike model-based

methods, learning-based methods can establish end-to-end models to provide more accurate robot

poses. Various input features can be utilized by the learning models, such as control command [42]

and robot state [43]. However, what types of information features of the robots contribute to the

learning calibration, as well as how the features contribute, remains undiscovered.

Different surgical robot arms usually have different arm designs, motors, and controls. Even for

different individual robots of the same type, the difference in cable tension still results in different

kinematics and dynamics. This makes it difficult to generalize calibration models of one robot to

other robots. Furthermore, cable characteristics and calibration accuracy can change over time and

operating [44, 45]. Therefore, re-calibration may be necessary for individual robots before each

operation. Due to the data hunger of learning-based calibration and the need of re-calibration,

efficiency becomes important for feasible implementation in real practice.

On the other hand, visual tracking is also used as feedback of end-effector pose, Endoscopes

are commonly used to provide visualization of the surgical site in real time. Segmentation of in-

struments is critical to the interpretation of endoscopic surgical images, and deep learning has been

applied to this task [46, 47, 48, 49, 50]. In medical practice, labeled data is costly, and typically only

trained experts can accurately annotate the images [51, 52]. Consequently, small training sets are a

frequent challenge to surgical instrument segmentation [53].

Recent efforts use synthetic data to alleviate the workload of annotating [54, 55, 56]. Synthetic

images generated from simulation have accurate labels without manual work, but [2] suggest that

the domain gap between synthetic and real datasets reduces the performance of a model trained by

synthetic images. Domain adaptation techniques, such as generative adversarial networks (GANs)

[57, 58], can alleviate the domain gap and artifact of synthetic images. However, for endoscopic

sinus surgery, because of reflections on metallic instruments, as well as blur and liquids on the

tissue-instrument boundary, GAN-based methods may generate inaccurate synthetic images while

the ground truth segmentation masks remain the same, which may confuse the training [3].

Besides GAN-based methods, the method of generating synthetic images by copying and pasting

real object images onto real background images generalizes to many segmentation tasks [59, 60] and

efficiently generates synthetic images with reduced concern for domain gap and inaccurate ground
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truth [1], thereby enhancing the reliability and effectiveness of segmentation models. Furthermore,

when background images are difficult to acquire, image inpainting methods such as patch-based

image synthesis [61] can generate vivid backgrounds from cropped images.

When the resources for annotating real images are limited, the effectiveness of blending syn-

thetic images through the copying and pasting method depends on the strategic selection of real

labeled images. Active learning (AL) enhances this process by selecting the most uncertain or in-

formative samples from an unlabeled dataset for manual annotation [62], thus efficiently reducing

the reliance on extensive real labeled data [63, 64]. When AL is combined with deep learning tech-

niques, it facilitates faster convergence and achieves superior performance with less labeled data.

Haptic perception is a fundamental but still underdeveloped capability in robot-assisted min-

imally invasive surgery. In conventional surgery, surgeons rely on direct tactile and kinesthetic

feedback to regulate tissue interaction forces, identify tissue properties, and avoid excessive loading

on delicate anatomical structures. In teleoperated surgical robots, however, the surgeon is phys-

ically separated from the instrument tips, and many widely used robotic systems provide limited

or no direct force feedback, requiring surgeons to infer contact forces primarily from visual cues

[65, 66, 67]. This limitation is especially important for cable-driven surgical robots, where dis-

tal force sensing is difficult because sensors near the end-effector must satisfy strict constraints on

size, sterilization, wiring, biocompatibility, and integration with compact instruments. As a result,

force information is often unavailable or indirectly estimated from proximal measurements such as

motor currents, joint torques, robot states, or visual deformation, which can be challenging due to

cable friction, hysteresis, backlash, and interaction with the surgical environment [68, 69]. Reliable

and accurate distal force sensing or sensorless force estimation is therefore not only valuable for

restoring haptic feedback to the surgeon, but also essential for closed-loop force control, safe tissue

manipulation, palpation, suturing, and future semi-autonomous surgical tasks.

1.2 Main contributions

To improve the position accuracy, an efficient data-driven joint calibration of Raven-II is proposed.

Zig-zag calibration trajectories are used for desirable coverage of the workspace. By studying the

effectiveness of the direction and sparsities of the calibration trajectories, the calibration can be
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finished in 8 to 21 minutes and has an accuracy of 0.104◦, 0.120◦, and 0.118 mm in joints 1,

2, and 3, respectively, reducing more than 76% of the error. Although continuous operating and

load cause decreased accuracy, with sufficient training data the accuracy remains within 0.855◦,

0.432◦, and 0.181 mm for the positioning joints in 6-hour heavily loaded operating. To achieve

robust calibration performance, the choice of input-output of the calibration models, and the robot

homing procedure are also studied. This work makes the following contributions: 1) an efficient

joint calibration pipeline that costs less than 21 minutes and improves the accuracy significantly,

which make re-calibration possible before each operation; 2) evaluation of calibration performance

on 6-hour idleness, unloaded, and loaded operating, in the time scale of real surgeries; 3) besides

the DNN calibration with best accuracy, a linear regression calibration established with slightly

compromised accuracy but fast enough inference speed to meet the robot’s 1000 Hz servo control;

4) a general software controller for Raven-II robot which to the best of the author’s knowledge, is the

only one providing a Python API. To improve the accuracy of cable-driven surgical robots, compared

to model-based calibration methods, the proposed data-driven calibration method achieves better

accuracy and does not require studying and testing sophisticated cable characteristics that can vary

with individual robots. Compared to end-to-end learning-based calibrations on end-effector pose,

the proposed method focuses on the more direct source of error - joint positions, and thus allows

smaller models, faster training and inference, while maintaining desirable accuracy through long

operating time.

Although current model-based and learning-based approaches suggest desired advantages in the

calibration of cable-driven surgical robots, some limitations still exist. Model-based methods suf-

fer from complicated cable characteristics and coupling, which results in less accurate calibration.

Time-consuming experiments are also needed for individual robots to determine some parameters

of the cables. In contrast, learning-based methods usually achieve better accuracy without the ne-

cessity to analyze complicated models. However, the learning models’ nature of data hunger and

computational cost also pose obstacles in real practice. In the proposed work, ablation studies are

performed to find important features in the robot states and significantly reduce the input dimen-

sions of the learning calibration models. When the training trajectory is shortened to 8 minutes, the

calibration model with all robot states as input shows a significant drop in accuracy, while the model

with only the important states as input retains desirable performance, and the training time on CPU
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is reduced to 1 minute. With the short training time, the calibration accuracy remains desirable in

6-hour continuous operating, which suggests the feasibility of learning-based calibration in the time

scale of real practice. In terms of identifying important robot states, we find that removal ablation

- removing features in both training and testing, is not sufficient to determine whether a feature is

important. Thus, we also develop inaccurate ablation - adding noise to features only in testing, and

compare the results. Based on the different results of the two ablation methods, we further explore

how the features contribute to the task by human knowledge of the robot mechanism and system.

To reduce the workload of manual annotation in training of instrument segmentation model, a

feasible method is developed that combines active learning (AL) with copy-and-paste image syn-

theses, overcome the difficulty in the generation of synthetic images for endoscopic sinus surgeries

[2, 3], and further improve the performance of instrument segmentation. We utilize active learn-

ing to choose informative unlabeled images to annotate, and a copy-and-paste method to generate

synthetic images that have instruments and tissue backgrounds inherited from original real images,

which can improve the utilization of the selected real images. We aim to test the hypothesis that the

segmentation model trained with the synthetic images and a smaller number of selected real images

has competitive performance compared to models trained on fully labeled real datasets. We also aim

to measure the relative effectiveness of different types of synthetic images, external backgrounds,

and realism on instrument segmentation accuracy. We also investigate the effects of fusion near

the boundary of the instrument and multi-blending on the visible boundary artifact on the perfor-

mance of segmentation near the boundary. Three open-source datasets are used in the experiments

- the UW-Sinus-Surgery Cadaver Dataset, Live Dataset [48], and the EndoVis 2017 Dataset [70].

Among approaches for the generation of accurate, labeled synthetic images in endoscopic surgery,

we leverage active learning to minimize the workload of manual segmentation, then copy surgical

instruments and paste them into a surgical background image at random positions and orientations.

The background image can be a video frame where a human confirms that no instrument is present,

or it can be created from a segmented image by infill from adjacent backgrounds at the instrument

location. This image synthesis method is relatively easy to implement and adjust. In comparison,

while unsupervised learning eliminates the need for annotating training data, it may incur effort and

cost to acquire pseudo labels or labeled data from other datasets and simulations. In contrast, the

proposed method, requiring a small amount of labeled data, demands no additional human effort.
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Motivated by the need for haptic feedback, this dissertation also investigates a force actuation

and distal force sensing framework for Raven-II, where controlled external forces are applied to

the end-effector to collect representative data for learning-based force estimation and to study how

surgical robot states can be used to infer contact forces without permanently adding sensors to the

surgical instrument.

To summarize, this dissertation makes the following contribution:

• An efficient data-driven calibration for joint position estimation for Raven-II surgical robot is

developed. The calibration procedure needs less than 20 minutes, and the calibration accuracy

remains desirable in 6-hour continuous operating.

• A feature ablation study is performed for the learning calibration model, in which joint po-

sition and motor torque are found to be most important. By excluding other unnecessary

features, the accuracy and efficiency of the calibration model are improved simultaneously.

• A pipeline for generating synthetic endoscopic images in sinus surgeries. The synthetic im-

ages are generated from real images guided by active learning, in which the most informative

real images are chosen by active learning, and then synthetic images are generated based on

the informative real images to ”make the best use of them”. This can reduce the workload of

manual annotation of training data.

• A Python-based controller for Raven-II is developed, using CRTK control API. Compared

with the original C++ controller, this new Python controller has more high-level control func-

tions, such as trajectory following and data recording.

• A motor-cable force actuation system is developed. It can apply known and controllable

forces on the end-effector of Raven-II, and meanwhile follows the movement of Raven. This

system allows data collection on Raven with various external forces for training force estima-

tion models.

• A low-cost visual tracking system for Raven-II end-effector is developed, which only uses 4

webcams that are easy to calibrate. This method was cited, used, and improved by research
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labs in other universities.

1.3 Organization of the dissertation

This dissertation is organized as follows. Chapter 2 reviews the technical background and related lit-

erature on pose calibration and haptics of cable-driven surgical robots, as well as surgical instrument

segmentation, active learning, and synthetic image generation. Chapter 3 presents an efficient data-

driven calibration method for the joint positions of the Raven-II surgical robot, including the pro-

posed methodology, experimental setup, results, and discussion. Chapter 4 further investigates the

calibration problem through feature ablation studies, with emphasis on identifying important robot-

state features and improving the efficiency and robustness of learning-based calibration. Chapter 5

focuses on surgical instrument segmentation, proposing a framework that combines active learning

with copy-and-paste synthetic image generation to reduce annotation effort while maintaining strong

segmentation performance. Chapter 6 introduces a distal force sensing and force actuation system

developed to support future force estimation and haptic interaction studies in surgical robotics. Fi-

nally, Chapter 7 concludes the dissertation and discusses directions for future research. In addition,

Appendix A presents earlier work on real-time data-driven precision estimation and visual tracking

of the Raven-II end-effector, Appendix B provides all code and data used in this dissertation (except

for the force actuation and estimation work, which is under patent application), and Appendix C

reflects on how AI tools supported the research process.
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Chapter 2

BACKGROUND AND LITERATURE REVIEW

2.1 Pose Calibration of Cable-Driven Surgical Robots

To alleviate the inaccuracy of cable-driven surgical robots, both model-based and data-driven meth-

ods show desirable performance. Model-based methods benefit from expert analysis of the robot

design and have better explainability in general. However, accurate modeling of cable-driven mech-

anisms can be challenging with consideration of practical cable effects [36, 37, 71]. To model cable

effects, Miyasaka et al. [72] utilize a Bouc-Wen hysteresis model and a linear damper to model

longitudinally loaded cables, in which 9 hysteresis model parameters are optimized by a genetic

algorithm. Haghighipanah et al. [38] apply an unscented Kalman Filter (UKF) to obtain a more

accurate estimation of the positioning joints of Raven-II. A significant improvement in accuracy can

be found in joints 2 (1.669◦) and joint 3 (0.928 mm), however, joint 1 (1.295◦) sees less reduced

error due to relatively higher joint stiffness. Baek et al. present ViO-Com, a vision-based optimized

feed-forward compensation method for cable-driven surgical robots that enhances control accuracy

by reducing hysteresis using a Bouc-Wen model, optimized with CycleGAN for segmentation of

the surgical manipulator and a Siamese Convolutional Neural Network to estimate joint angles, sig-

nificantly improving precision than single vision feedback compensation [73]. Lee et al. present

a method to model and compensate for non-linear hysteresis for tendon-sheath-driven manipula-

tors, including backlash and dead zone effects, using motor current for parameter identification,

improving the accuracy of robotic control without external sensors [74].

On the other hand, by utilizing features from robot states, data-driven (preferably learning-

based) methods can achieve state-of-the-art accuracy with sufficient training data [41, 42]. With

the effectiveness of data-driven methods proved by many, the efficiency of calibration time, training

data, and real-time inference remains less investigated. Huwang et al. present a calibration based on

a recurrent neural network that reduced the estimation error of the dVRK end-effector position from

2.96 mm to 0.65 mm [41]. This calibration takes 31 minutes and further helps automate surgical peg
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transfer and achieve superhuman performance [32]. Seita et al. present a two-phase calibration, a

DNN model for coarse calibration and then a random forest model for fine training [28]. Mahler et

al. develop a Gaussian process regression calibration for Raven-II, in which velocity is found to be

an important input for the model [42]. Cursi et al. propose a method to improve model learning and

control of tendon-driven surgical robots by incorporating a backlash compensation technique along-

side a feedforward artificial neural network to address nonlinearities caused by tendon backlash

[75]. To ensure the accuracy of supervised data-driven calibration, reliable ground truth is of impor-

tance. Visual-based tracking shows considerable feasibility and accuracy. In [43] and [41], ground

truth is obtained by tracking colored spheres mounted on the robot end-effector using 4 monocular

cameras or 1 RGB-D camera. In [42], ground truth is obtained by tracking LEDs mounted on the

end-effector.

By analogy with ablative brain surgery [76], ablation studies in Artificial Intelligence remove

certain components of the AI model and compare the performance, to evaluate and understand the

contribution of the components [77], [78]. A unit ablation study on computer vision classification

accomplished by Meyes et al. [79] suggested that the more weight distribution changed during

training, the more contribution that unit had. Kauchak et al. [80] proposed an ablation study on

features in a learning-based medical text difficulty classification. When removed, some features

caused more changes in performance than other features.

2.2 Instrument Segmentation, Active Learning, and Synthetic Images

Using synthetic images is an intuitive approach to reducing the annotation workload. [1] proposed

a similar ‘cut’ and ‘paste’ method to generate synthetic data for kitchen object detection. Their

result showed that simply copying and pasting could result in artifacts such as aliasing of bound-

aries, which decreased learning performance. By improving the blending between sprite and back-

ground, their approach reached competitive performance combined with 10% real data. However,

[59] showed that pasting without any blending had a similar performance to blending.

In further related studies, [60] described object instance segmentation with weakly-supervised

cut-and-paste adversarial learning: a discriminator was used to distinguish between real and syn-

thetic images. GANs [81] have been also implemented to generate synthetic medical images [82, 83]
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based on a similar discriminator. Recent implementations include image-to-image translation from

simulated images to real images for cataract surgery [84] and laparoscopic surgery [85], as well as

from cadaver images to live images [3] for sinus surgery.

Active learning is dedicated to selecting and labeling the most informative training images that

can reach near-optimal performance with the fewest annotations (human effort) [86, 87]. Typi-

cally, in active learning, unlabeled images are selected by criteria such as maximum entropy and

least confidence [88, 89, 90]. In some cases, however, these criteria do not outperform random

selection [52, 91]. Thus, more advanced criteria such as Bayesian active learning by disagreement

(BALD) are proposed [92]. The BALD criterion combines a high overall uncertainty with a term

that increases the weight of disagreement among the population. [93] presented a study on semantic

segmentation of prostate medical images with active learning, and the BALD criterion outperformed

maximum entropy, especially when the budget for annotation was small. [94] proposed a Bayesian

generative active deep learning, which combined active learning and GAN data augmentation. The

evaluation of image classification tasks suggested that the combined method outperformed each

single method. [95] developed an active learning approach based on Deep Bayesian Networks for

instrument presence detection and surgical phase segmentation. The experiments suggested that

with the same amount of training data, active learning outperformed random selection in training

the surgical workflow analysis model.

With plenty of unlabeled data but expensive annotation, unsupervised and semi-supervised

learning are also preferred in medical imaging [96, 97]. [5] proposed an unsupervised learning

method for surgical instrument segmentation that used generated anchors as pseudo labels with am-

biguity resolved by temporal coherence. Instead of using pixel-level annotations, [98] developed

an approach utilizing weak annotations provided as stripes over the different objects in the image.

Recent efforts also include utilizing the local center of mass [99], 2D points of interest [100], and

existing annotations from other datasets [6]. With minimized usage of annotation, unsupervised and

semi-supervised learning can achieve comparable performance to fully supervised learning. Mo-

mentum Contrast (MoCo) [101] for unsupervised visual representation learning also suggested close

performance to supervised representation learning on medical imaging datasets [102, 103]. Besides

the current frame, external information such as robot pose [104, 105] and coherent frames [4, 106]

can also be utilized to improve the performance of segmentation in supervised and self-supervised
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learning models.

2.3 Haptics, Distal Force Sensing, and Cable Force Actuation for Surgical Robots

Haptic feedback is an important but still limited capability in robot-assisted minimally invasive

surgery. In conventional surgery, surgeons can directly perceive tool-tissue interaction forces, while

in teleoperated surgical robots this information is largely removed and the surgeon must often infer

contact force from visual cues [65, 66]. This lack of force feedback can affect delicate tasks such as

palpation, suturing, tissue manipulation, and dissection. Recent reviews and meta-analyses suggest

that haptic feedback can reduce applied forces, reduce peak forces, and improve task accuracy and

success rate in robot-assisted surgical tasks [67, 107]. Therefore, reliable force sensing and haptic

feedback remain important directions for improving surgeon-robot interaction and surgical safety.

A key challenge is that the most useful force information is the distal interaction force at the

instrument tip, but distal sensing is difficult to integrate into surgical tools. Sensors near the end-

effector must satisfy strict constraints on size, sterilization, wiring, durability, biocompatibility, and

cost. Direct sensing approaches can provide high-quality measurements in research systems; for ex-

ample, Chua and Okamura developed a modular 3-DOF force sensor for robot-assisted minimally

invasive surgery research [68]. However, permanent distal sensing remains difficult for compact

cable-driven surgical instruments. As an alternative, sensorless force estimation methods infer con-

tact force from available robot states such as joint motion, motor current, joint torque, or cable

tension. Model-based approaches require accurate modeling of friction, gravity, cable transmission,

and trocar interaction, while learning-based approaches can compensate for some nonlinear and un-

modeled effects when representative training data are available. For example, Yang et al. proposed a

hybrid model and learning-based framework for surgical robot force estimation that combines robot

modeling with learned compensation for environmental effects [69].

Cable-driven force actuation systems provide a useful way to generate controlled external forces

for force sensing and haptic applications. In cable-driven parallel robots, multiple motor-driven

cables generate multi-directional forces while maintaining positive cable tensions, offering advan-

tages such as low moving inertia, large workspace, and flexible reconfiguration [108]. Recent stud-

ies have continued to address key challenges in these systems, including tension distribution, cable
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relaxation, unknown geometric or dynamic parameters, and sensorless tension control [109, 110].

Although these systems differ from the external actuation system used in this dissertation, they

provide relevant design principles for applying, sensing, and regulating forces through motor-cable

units.
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Chapter 3

EFFICIENT DATA-DRIVEN CALIBRATION OF JOINT POSITIONS

Accurate joint position estimation is crucial for the control of cable-driven laparoscopic surgical

robots like the Raven-II. However, any slack and stretch in the cable can lead to errors in kinematic

estimation, complicating precise control. This chapter proposes an efficient data-driven calibration

method, requiring no additional sensors post-training. The calibration takes 8–21 minutes and main-

tains high accuracy during a 6-hour heavily loaded operating. The Deep Neural Network (DNN)

model reduces errors by 76%, achieving accuracy of 0.104◦, 0.120◦, and 0.118 mm for joints 1,

2, and 3, respectively. Compared to end-to-end models, the DNN achieves better accuracy and

faster convergence by correcting original inaccurate joint positions. Additionally, a linear regres-

sion model offers 160 times faster inference speed than the DNN, suitable for Raven’s 1000 Hz

control loop, with slight compromises in accuracy. This approach should significantly enhance the

accuracy of similar cable-driven robots.

3.1 Method

3.1.1 General-purpose Controller for Raven-II Surgical Robot

To achieve efficient control and data collection on the Raven-II robot, a general-purpose software

controller is developed, based on ROS, Python, and Collaborative Robotics Toolkit (CRTK) [111].

CRTK is a common control API for two surgical robot research platforms, the Raven-II and the da

Vinci Research Kit. The controller has the following parts (shown in Fig. 3.1).

CRTK Python core establishes communication with the CRTK API and ’ravenstate’ – a ROS

topic containing the states and measurements of the robot, including joint positions, end-effector

poses, run-level, etc. It also generates and sends control commands to the robot via CRTK API. The

CRTK Python core achieves semi-servo control of Raven-II, around 500 Hz. The control command

is scaled by a factor computed in each control loop, compared to Raven-II’s 1000Hz servo interface.

Keyboard controller allows the user to control Raven-II using local keyboard input, which
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Figure 3.1: The general-purpose controller and relative tools developed for the Raven-II surgical

robot, based on ROS, Python, and CRTK API. Compared to the original C++ controller that only

supports servo incremental control, this new controller has more control, visualizations, data record-

ing, and safety functions.
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enables easy testing of the functions of the robot. The robot will follow a predefined constant joint

or Cartesian velocity while the corresponding key is holding pressed. The keyboard controller can

also change the run level of the robot, replacing the physical pause control pedal.

Go-to joint position controls the robot to reach a target joint configuration, regardless of the

current position. While far away from the target configuration, joints have constant velocities. The

velocities get reduced while approaching the desired position, and then the joints stop within a

predefined tolerance.

Random sinusoidal joint movement controls the robot joints to run random sinusoidal trajec-

tories. All joints are controlled independently. In each iteration, a target joint position is randomly

chosen with a random velocity, both in predefined ranges.

Trajectory generation & follow. The purpose of this part is to control the robot to follow a

target trajectory with a desired speed to collect training data for calibration. A trajectory is given

by a sequence of configuration vectors of joint positions. The controller first moves the robot to the

initial configuration using the ’go-to’ control. Next, in each control loop, the current position of the

robot is obtained via ’ravenstate’ and CRTK API. Then, the target position is found in the trajectory,

and the control command is generated based on the difference between the current position and the

target position, with a desired smooth velocity.

Runtime monitor provides real-time visualization of the joint positions, end-effector poses, and

control commands. It obtains robot states and plots them in an animated manner.

External joint encoder. The controller also includes an external joint encoder driver PCB and

software for ground truth data collection on Raven-II. In Raven-II’s initialization and homing, all

joints go to the limit to register motor encoders. The external joint encoders are registered in the

same way and readings are then published via ROS message.

Robot state recorder records robot states as ROS bags via CRTK API and ’ravenstate’ ROS

topic, as well as external joint encoder positions. Selected CRTK joint positions and external joint

positions are recorded at 100 Hz, and ’ravenstate’ is recorded at 30 Hz due to high dimensions. Data

extraction processes the ROS bags and synchronizes all robot states.
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Figure 3.2: Workflow of the calibration. The time cost mainly depends on the collection of training

data. The time cost of data processing and model training may vary with different CPUs. GPU is not

necessary for the training of neural network models in this work, unless stated otherwise. Designed

for surgical purposes, the first 3 joint axes of Raven-II always intersect at the same location which

is called the remote motion center and the surgical instrument will always pass this location as the

incision site (top left). In order to possess compact and light arms, the motors and encoders are

mounted on the robot base, and joints are driven by cables, which results in considerable errors in

joint positions obtained by remote motor encoders (top middle). Without calibration, the average

positional error of Raven-II’s end-effector is around 20 mm (top right).
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3.1.2 Calibration Workflow

The objective of the proposed data-driven calibration is to achieve better accuracy of the positioning

joints of the Raven-II surgical robot in an efficient manner. As shown in Fig. 3.2, the calibration

workflow contains the following sequential procedures:

Calibration operation: Firstly, it takes less than 2 minutes to initialize the robot and perform

the homing procedure, during which the robot explores joint limits and registers the motor encoders.

If calibration is to be performed, temporary encoders for ground truth collection are mounted on the

joints and are registered to joint positions at the same time. Then, to collect training data, the robot

follows predefined zig-zag trajectories which have even distribution in the workspace of the robot

(details in 3.1.3 and 3.1.1). Meanwhile, the robot states and ground truth joint positions are recorded

as ROS bags [112]. Depending on the sparsity and the size of the training dataset, this procedure

takes 4-17 minutes. Longer trajectories with smaller sparsity have better coverage of the robot

workspace, but also require a longer time to record.

Data processing: This step extracts data from the recorded ROS bags from the previous step

and saves them into .csv files. Synchronization between robot states and ground truth joint positions

is also used to construct training pairs of input robot state and output joint positions. This step takes

less than 1 minute with the largest dataset in this work.

Model training: With the dataset from the previous step, calibration models can be trained/fitted.

Deep neural network (DNN), linear regression, and 2nd-order polynomial regression models are

studied in this work (details in 3.1.4). The models take robot states as input and output calibrated

joint positions. With optimized input dimension and DNN structure, all models can be trained within

1 minute (without GPU for the DNN model).

Position correction: After training, the calibration models are able to work in parallel with

the robot control system in real time. The models take the original robot states as input so that no

additional sensor is needed. The output is the corrected joint positions with sub-mm/deg accuracy

and the accuracy remains desirable in 6-hour continuous loaded and unloaded operating.
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Figure 3.3: The joints and cable connections of the Raven-II surgical robot. Compared to joints 2-7,

joint 1 has a considerably short cable length (alpha wrap). Joint 3 is prismatic and has a large range

for insertion, while all the rest of the joints are rotational. Joints 1-3 are positioning joints and have

major control of the end-effector’s position. Joints 4-7 are concentrated near the end-effector and

have only 1 non-zero link length of 13 mm in the kinematic model. Thus, the last 4 joints mainly

control the orientation of the end-effector and have much less influence on the positional accuracy

of the end-effector. Joints 6 and 7 control the left and right fingers of the end-effector and can be

considered as one joint in kinematics. Thus, Raven-II has 6 joints in kinematic models instead of 7.

The left arm and the right arm of Raven-II are symmetric.
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Figure 3.4: Examples of calibration trajectories with different directions (top) and sparsity (bottom).

Please note that the trajectories are defined in joint space instead of Cartesian space. Different

directions cause different coverage in different joints. Smaller sparsity results in better coverage of

the joint space, but also takes a longer time to execute.

3.1.3 Robot Workspace and Calibration Trajectories

This work studies the positioning joints (joints 1-3) of the Raven-II robot. Fig. 3.3 shows the

joints and cable connections of Raven-II. Designed for RAMIS, the last 4 joints of Raven-II are

concentrated near the end-effector with very small (13 mm) or zero link lengths, and thus have

much less effect on the location of the end-effector, compared to the first 3 joints.

Zig-zag trajectories with different directions and sparsity are chosen as calibration trajectories

for data collection, as Fig. 3.4 shows. With limited calibration time, zig-zag trajectories ensure even

coverage of the robot workspace and prevent undiscovered areas. However, because trajectories

are continuous, different directions of the trajectories have different coverage in different joints.

For example, as the top left sub-plot in Fig. 3.4 shows, the zig-zag trajectory has a sparsity in the

direction of joints 2 and 3, but has no sparsity in the direction of joint 1. The bottom row of Fig.

3.4 shows different sparsity, smaller sparsity gives better coverage of the workspace but requires a

longer time for the calibration.

The calibration zig-zag trajectories are defined as a set of sequential 3D vectors representing
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points in the workspace of the positional joints of the robot. All trajectories are obtained by rotating

and translating T1 – a zig-zag trajectory with the direction of joint 1, and are first defined on a

normalized range (−0.5, 0.5) and will be scaled according to each joint’s limit. For example, the

trajectory with the direction of joint 2 is obtained by

T2 = T (


0.5

0.5

0.5

)R(J3, 90
◦)T1 (3.1)

where T () and R() are operators of translation and rotation, respectively, J3 means the axis of joint

3 in the joint space, the trajectory with the direction of joint 1 – T1 is a 4 × N matrix with the

direction of joint 1, in which the first 3 rows are positions of joint 1, 2, and 3, respectively. In our

implementation, both translation and rotation are applied by homogeneous transformation matrices.

Similarly, trajectories with the direction of joint 1-2 and joint 1-2-3 are generated by the follow-

ing equations, respectively.

T1−2 = T (


0.5

√
2

0.5
√
2

0.5

)R(J3, 45
◦)T1 ⊙


1/
√
2

1/
√
2

1

 (3.2)

T1−2−3 = T (


0.5

√
3

0.5
√
3

0.5
√
3

)R(J2, 45
◦)R(J1, 45

◦)T1 ⊙


1/
√
3

1/
√
3

1/
√
3

 (3.3)

where ⊙ indicates elemental-wise multiplication. After Equation (3.1)-(3.3), joint limit of all tra-

jectories are within (0, 1), though with different direction.

In this work, the following directions of zig-zag trajectories are used: 1) single direction: Joint

1, Joint 2, and Joint 3; 2) double direction: Joint 1-2, Joint 2-3, Joint 1-3; 3) triple direction: Joint

1-2-3. Given:

c = 0.5(Jmax + Jmin) (3.4)

r = Jmax − Jmin (3.5)
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where c and r are the center position and range of a joint, Jmax and Jmin are the maximum and

minimum position of a joint. Then trajectories are translated and scaled so that a single direction

has a range (c− 1
2
√
3
r, c+ 1

2
√
3
r), a double direction has a range (c−

√
2

2
√
3
r, c+

√
2

2
√
3
r), and a triple

direction has a range (c − 1
2r, c +

1
2r). These different ranges result in all trajectories having the

same center and covering the same volume in the normalized joint workspace.

3.1.4 Calibration Models

The calibration models based on DNN and regressions are shown in Fig. 3.5. The details about

the hyperparameters of the DNN model can be found in 3.2.1. The input of the models is obtained

from the robot state ’ravenstate’ which is a ROS topic published at 1000 Hz in real time. Based on

the ablation study in Chapter 4, the following features are used as input: Current joint positions

are the built-in joint positions derived from motor positions, and the accuracy is degraded by the

cable-driven mechanism. A typical arm of Raven-II has 7 joints. The positioning joints (joints

1-3) mainly determine the position of the end-effector, while the orientational joints (joints 4-7)

mainly determine the orientation of the end-effector. Motor torques are derived from motor current

control commands. Raven-II does not have any direct measurement of joint torques. The control

commands are reflected in the desired joint positions, but this robot state is not used as input. This

is because Raven-II has a 1000 Hz servo control frequency, which results in current and desired

joint positions being very close. For example, a joint velocity of 10 deg/s only causes a 0.01 deg

difference between the current and desired joint positions. More details about the robot states are in

4.1.1, and the coupling effects between joints in the data-driven calibration are studied in Chapter

4.

It is possible to include all features in the robot state as input for the calibration models. How-

ever, for linear and 2nd-order polynomial regression models, an increase in the input dimension can

result in significantly more parameters. With limited training data, there can be a higher risk of

overfitting, especially for 2nd-order polynomial regression. Choices of input features are studied in

3.3.4.

Instead of end-to-end calibration models that output calibrated joint positions, the output is the

error of the original joint positions in the robot state. Then, the calibrated joint positions are obtained
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by using the output error to correct the original inaccurate joint positions. Training on errors allows

better performance for the DNN models, while it is optional for regression models (details in 3.3.6).

Besides learning and regression calibration, fixed offset compensation is also applied as a base-

line method. This calibration uses the same training data and computes the average bias between

the robot’s original joint positions and the ground truth joint positions. Then each joint position is

compensated with the average bias when inferred.

3.2 Experiments

3.2.1 Experiment Setup and Model Paramaters

The proposed methods were implemented and evaluated on a Raven-II surgical robot, which is fully

cable-driven. Only the left arm of the robot was used. To collect reliable ground truth of joint

positions, Avago Technologies AEDA-3300 encoders were installed on the rotational joints 1 and 2,

with a resolution of 80000 PPR. Mercury II 1600 was installed on the translational joint 3, with a

resolution of 5 µm, as shown in Fig. 3.6. As described in 3.1.1, the external encoders were registered

during the initialization of Raven-II, in which the limit of each joint was explored and reached. In

this work, temporary joint encoders were used for the best accuracy and reliability of the ground

truth. The Raven-II robot has threaded holes on the arm links to support easy installation. Plug-

in and use hardware and software drivers for encoders are also open-sourced (Appendix B). For

other robot arms that do not support easy installation of joint encoders, for better feasibility, visual

tracking might be preferred [41, 42, 43].

The hyperparameters of the DNN model were chosen empirically and are inspired by our pre-

vious work [43, 113] and the state-of-the-art work [28]. Unless stated otherwise, the DNN model

for calibration in this work has 2 fully connected hidden layers with 100 units each. The sigmoid

function was used as activation for all hidden units. Mean squared error was used as the loss func-

tion. L2 kernel regularization was applied with a factor of 0.0005. The DNN model was trained

by 200 epochs with a learning rate of 0.001 and batch size of 1024. Adam [114] was used as the

optimizer, and the exponential decay rates of the 1st and 2nd order moment estimates were 0.9 and

0.999, respectively.
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Figure 3.5: Model of regression-based calibration (left) and learning-based calibration (right). The

outputs of the DNN model and regression model are the errors of the joint positions, these errors are

added back to Raven-II’s original inaccurate joint positions to obtain the calibrated joint positions.

The output of the regression models can be either the same or end-to-end output of joint positions

(details in 3.3.6).
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Figure 3.6: The external joint encoders that are used to collect ground truth. Raven-II has threaded

holes for easy installations of joint encoders. After training, they can be removed before operation.
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3.2.2 Datasets

Data was collected as ROS bags (details in 3.1.1) and then processed to form training and test

datasets. Details about the experiment setup can be found in 3.2.1, The external joint positions

were recorded under 100Hz, while the robot state ’ravenstate’ was recorded under 30Hz due to

high dimensions. Synchronization was performed when processing ROS bags. In the experiments,

different training trajectories with different directions and sparsity were recorded and the details are

included in the following sections, together with experiment results.

All testing trajectories used in this work are random sinusoidal trajectories in which each cycle

has a different velocity and target position (details in 3.1.1). Compared with predefined zig-zag

training trajectories, random testing trajectories have the smallest risk of similar patterns with the

training trajectories so that the result evaluation can suggest better generalization ability with less

risk of overfitting. All testing random trajectories were at least 20 minutes long in all experiments

reported in this work to be representative to the workspace of the Raven-II robot. And the com-

parisons between different calibration methods and baseline results were from the same random

trajectories that could ensure fairness.

3.3 Results

3.3.1 Directions of Calibration Trajectories

As described in 3.1.3 and Fig. 3.4, different directions of calibration trajectories cover the joints with

different sparsity. Thus, the performance of the calibration was evaluated using trajectories with 7

different directions. For each direction, 3 calibration zig-zag trajectories with sparsity of 1
2 , 1

3 , 1
4

were collected, with an independent 20-minute random movement trajectory as the test trajectory.

All calibrations were performed using the combination of the 3 zig-zag trajectories. Evaluation of

the DNN model was the average 5 repetitive training and evaluations with different global random

seeds, which applied to all evaluations of DNN models in this work.

The calibration accuracy (RMSE) of different models trained by zig-zag trajectories with differ-

ent directions is shown in Table 3.1. For joint 1, fixed offset compensation reduced the raw error

from ∼ 2◦ to ∼ 0.9◦. The best performance of DNN calibration was achieved by the direction

J2-J3 of the training trajectory, with an accuracy of 0.104◦. Compared to fixed offset compensa-
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tion, DNN calibration further reduced 87.9% of the error. The linear regression model also had the

best accuracy of 0.174◦(−79.8%) trained with the same trajectory direction. 2nd-order polynomial

regression model achieved its second-best accuracy of 0.118◦(−86.3%), while the best accuracy

0.114◦(−87.7%) was trained by direction J1-J3 for this model.

For joint 2, the fixed offset compensation reduced the raw error from ∼ 8.0◦ to ∼ 1.1◦. The best

accuracy 0.120◦(−89.1%) was achieved by the DNN model trained with direction J2-J3. When

trained with direction J1-J2-J3, the 2-nd polynomial regression and linear regression models saw

their best accuracy 0.148◦(−85.8%) and 0.169◦(−83.8%), respectively.

Similarly, for joint 3, the fixed offset compensation reduced the raw error from ∼ 11.7 mm

to ∼ 0.5 mm. The best performance of all DNN, 2nd-order polynomial regression, and linear

regression was obtained by direction J3, with the accuracy of 0.111(−77.6%) mm, 0.141(−71.7%)

mm, and 0.134(−73.1%) mm, respectively. The second-best performance of all models was found

with direction J2-J3, with accuracy DNN – 0.118(−76.0%) mm, 2nd-order polynomial regression

– 0.173(−64.9%) mm, and linear regression – 0.166(−66.3%) mm.

Overall, the direction of J2-J3 showed the best overall performance in all 3 joints among all 3

calibration models, reducing more than 64.9% of error, and thus was chosen for all the rest of the

experiments.

3.3.2 Sparsity and Calibration Time

As shown in Fig. 3.4, trajectories with smaller sparsities have better coverage of the robot workspace,

but also require more time to collect data in the learning calibration. This experiment studied the

calibration performance of the DNN and regression models trained by different trajectories, with

sparsities 1
2 , 1

3 , 1
4 , 1

5 , and 1
6 . Combinations of different sparsities shorter than 1013 seconds were

also evaluated. To rule out the time effect (details in 3.3.3), independent 20-minute random trajec-

tories were collected for each sparsity as test sets. The result is shown in Fig. 3.7. For sparsities 1
2 ,

1
3 , 1

4 , 5 independent calibration trajectories were recorded, and for sparsity 1
5 and 1

6 , 3 independent

calibration trajectories were recorded to prevent long-time running.

For joint 1, DNN and linear regression models showed considerable improvement in all sparsi-

ties. When sparsity was 1
2 , it only took 209 seconds to record the calibration trajectory. DNN cali-
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Figure 3.7: Calibration performance with different sparsities of the calibration trajectory. For spar-

sity 1/2, 1/3, 1/4, 5 independent calibration trajectories were recorded, and for sparsity 1/5, 1/6, 3

independent were recorded to prevent long-time operating. Combinations of trajectories with differ-

ent sparsities, no longer than 1013 seconds to record, were also evaluated. Average RMSE is shown

in solid lines and the standard deviations are shown in shades.

bration achieved RMSE of 0.232◦. Compared to the RMSE of fixed offset compensation – 0.846◦,

the linear regression model had RMSE of 0.446◦, while 2nd-order polynomial regression showed

no significant improvement – 0.834◦. As sparsity got smaller, the performance of all learning and

regression methods was improved in both average RMSE and standard deviation. At the longest

tested trajectory (1013 seconds to record), the combination of sparsities 1
2 , 1

3 and 1
4 , all 3 models

showed significant improvement in accuracy, DNN – 0.120◦, 2nd-order polynomial regression –

0.119◦, and linear regression – 0.176◦. Compared to the shortest trajectory with sparsity 1
2 , the

longest combined trajectory had improvement in accuracy of 0.112◦, 0.727◦, and 0.270◦ in DNN,

2nd-order polynomial, and linear regression, respectively. The performance of fixed offset com-

pensation did not see improvement with smaller sparsity. Standard deviation also got reduced with

sparsity in general, while a significantly larger standard deviation could be observed in 2nd-order

polynomial regression when shorter calibration trajectories were used.

For joint 2, when trained by trajectories shorter than 500 seconds, the DNN model and linear

regression model had an average accuracy of 0.288◦ and 0.364◦, respectively. On the other hand,
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when trained by trajectories longer than 800 seconds, the average calibration RMSE reduced to

0.203◦ (DNN) and 0.248◦ (linear regression). The performance of 2nd-order polynomial regression

was very unstable with large standard deviations among most of the sparsities and only achieved

comparable accuracy 0.302◦ when trained by the longest trajectory, though still did not outperform

the other 2 models.

For joint 3, similarly, when trained by trajectories shorter than 500 seconds, the DNN model and

linear regression model had an average accuracy of 0.202 mm and 0.307 mm, respectively. As the

calibration trajectory increased to 537 seconds, the combination of sparsities 1
2 and 1

3 , the accuracy

was improved to DNN – 0.121 mm and linear regression – 0.132 mm. No considerable further

improvement could be found with longer calibration trajectories. Although the 2nd-order regression

model had reduced RMSE with longer calibration trajectories, the accuracy was overall unstable

and did not outperform the other 2 models.

3.3.3 Long-time Idleness, Unloaded and Loaded Operation

The previous experiments 3.3.1 and 3.3.2 showed that data-driven calibrations significantly reduced

the error of the joint positions. However, the feasibility of the calibrations also depends on how

the calibration accuracy drops with operating time. Due to the relatively small sheave and cable

diameter ratio, high tension, large wrap angle, etc., cables of Raven-II have a short fatigue life and

cable characteristics can change over time [44]. Generally, the average operating time of laparo-

scopic RMAIS is less than 4 hours [115, 116, 117]. To study the influence of operating time on

the scale of real surgeries, calibration trajectories in the direction of J2-J3 with different sparsities

were recorded first. The robot was then continuously operated by random trajectories for 6 hours

to collect the test set. Unloaded and loaded (500g weight scale hanging on the end-effector) con-

figurations were tested, as well as unloaded idleness for comparison. To the best of the authors’

knowledge, this is the current longest test trajectory set on data-driven calibration of laparoscopic

surgical robots. The result is shown in Fig. 3.8. The same sparsities were used as in 3.3.2 and

shown in the box plot. The arrows in the box plot indicate training trajectories longer than 800

sec had >20% better calibration accuracy than trajectories shorter than 500 sec, which suggests

considerably better performance can be obtained by longer calibration trajectories. As shown in
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Figure 3.8: Calibration performance during 6-hour continuous unloaded operating, 500g loaded

operating, and idleness. The same sparsities were used as in 3.3.2 and shown in the box plot.

The baseline results were obtained by fixed offset compensation. Accuracy of idleness was only

evaluated by test trajectories in hours 0 and 5, and hours 1-4 were interpolated. The arrows in the

box plot indicate training trajectories longer than 800 sec had >20% better calibration accuracy than

trajectories shorter than 500 sec, and the difference between the 1st and 3rd quartile is larger than

0.2 (deg/mm).
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Figure 3.9: Example of calibrated joint position trajectories. The models were trained by the calibra-

tion trajectory with sparsity 1
6 . 3 sections are shown horizontally. The first section is the immediate

performance right after calibration. The second and third sections show performance in hour 2 and

5, respectively.
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Figure 3.10: The example of the calibrated end-effector position trajectories corresponding to Fig.

3.9, represented in Frame 0 of Raven-II. Frame 0 is located at the remote motion center (described in

Fig. 3.2, upper left) of the robot arm. It is worth noting that in the front view, the X-axis is pointing

vertically up and the Z-axis is pointing right, determined the joint 1 axis and its positive direction

of rotation. Only around 10-minute testing trajectories are shown for clear visualization, the entire

testing trajectories were recorded throughout 6-hour continuous operating.
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Fig. 3.8, longer calibration trajectories achieved better performance in many entries, especially for

regression models. The RMSE described in this section is the average RMSE of models trained by

the 3 longest trajectories, unless stated otherwise.

For joint 1, for idleness of 6 hours, the baseline result – fixed offset compensation had no obvious

decrease in accuracy from hour 0 – 0.863◦ to hour 5 – 0.879◦. The DNN model saw a small drop

of 0.048◦ in accuracy from hour 0 – 0.124◦ to hour 5 – 0.172◦. A similar trend was observed in

the linear regression model, from 0.162◦ to 0.193◦. However, the 2nd-order polynomial regression

model saw a significant decrease in accuracy, from 0.241◦ to 0.493◦ even when the robot stayed

idle for 6 hours. When the robot was operated for 6 hours without load, a considerable drop in

accuracy could be found in all 3 calibration models. Compared to fixed offset compensation that

dropped 0.121◦ in 6 hours (from 0.879◦ to 1.000◦), the accuracy of the DNN model dropped 0.411◦

(from 0.142◦ to 0.553◦), the linear regression model dropped 0.358◦ (from 0.169◦ to 0.527◦), and

the 2nd-order polynomial regression model dropped 1.294◦ (from 0.235◦ to 1.529◦). It is also

worth noticing that after hour 3, longer trajectories could result in better performance in the linear

regression model, while the DNN model is less affected by the amount of training data. When the

robot was operated for 6 hours with a 500g load on the end-effector, a larger decay in accuracy could

be found in all models. The fixed offset compensation had accuracy dropped 0.296◦ (from 0.878◦

to 1.174◦), the DNN model dropped 0.741◦ (from 0.114◦ to 0.855◦), the linear regression model

dropped 0.772◦ (from 0.144◦ to 0.916◦), and the 2nd-order polynomial regression model dropped

0.824◦ (from 0.221◦ to 1.045◦).

For joint 2, with 6-hour idleness, no decay in accuracy could be found in fixed offset compensa-

tion – from 1.084◦ to 1.094◦, DNN model – from 0.211◦ to 0.217◦, and linear regression model –

from 0.237◦ to 0.232◦. The performance 2nd-order polynomial regression model was much worse

and unstable than the other calibration models in all configurations and thus will not be compared.

When operated for 6 hours without load, the drops in accuracy were: fixed offset compensation –

0.083◦ (from 1.056◦ to 1.139◦), DNN – 0.099◦ (from 0.232◦ to 0.331◦), linear regression – 0.106◦

(from 0.247◦ to 0.353◦). When operated for 6 hours with 500g load, the drop in accuracy was: fixed

offset compensation – 0.017◦ (from 1.092◦ to 1.109◦), DNN – 0.181◦ (from 0.251◦ to 0.432◦),

linear regression – 0.322◦ (from 0.266◦ to 0.588◦). It could be found that although the fixed offset

compensation did not see a big difference, a larger drop in accuracy was seen by the DNN and lin-
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ear regression models. Overall, in the configurations of idleness and unloaded operation, the DNN

model achieved desirable performance in all calibration trajectories, while longer trajectories were

preferred by the linear regression model to achieve comparable accuracy. In the loaded configura-

tion, longer calibration trajectories were preferred by both models.

For joint 3, with 6-hour idleness, no decay in accuracy could be found in fixed offset com-

pensation – from 0.520 mm to 0.541 mm, DNN model – from 0.113 mm to 0.113 mm, and linear

regression model – from 0.131 mm to 0.132 mm. The performance 2nd-order polynomial regression

model was again excluded for comparison because of undesirable performance. When operated for

6 hours without load, the drop in accuracy was: fixed offset compensation – 0.063 mm (from 0.482

mm to 0.545 mm), DNN – 0.039 mm (from 0.126 mm to 0.165 mm), linear regression – 0.068 mm

(from 0.132 mm to 0.200 mm). When operated for 6 hours with a 500g load, the drop in accuracy

was: fixed offset compensation – 0.069 mm (from 0.485 mm to 0.554 mm), DNN – 0.059 mm

(from 0.122 mm to 0.181 mm), linear regression – 0.335 mm (from 0.138 mm to 0.473 mm). Both

DNN and linear regression models showed desirable accuracy with all calibration trajectories in the

configuration of idleness and unloaded operation. However, for loaded operation, longer calibration

trajectories were necessary to obtain better accuracy.

Overall, with sufficient training data, the calibration models improved the accuracy significantly

among 6-hour idleness, unloaded, and loaded operating. Examples of calibrated joint position tra-

jectories in the test set can be found in Fig. 3.9, and the corresponding end-effector trajectories in

Cartesian space can be found in Fig. 3.10.

3.3.4 Robustness of Unnecessary Input Features

As described in 3.1.4, there are numerous types of information in the robot state (details in 4.1.1),

including the robot run level, joint position, velocity, motor torque, end-effector pose, and so on.

Among these types of information, based on the ablation study in Chapter 4, only joint positions

and motor torques were found important to the calibration. However, the ablation study also took

a considerable effort. Without the ablation study, in order to not miss critical input features, all

information in the robot state should be given as input to the calibration models, which will increase

the parameters of the models. Under the same amount of training data, more parameters may result
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in a higher risk of overfitting. Thus, this experiment utilized the same 6-hour unloaded operation

data in 3.3.3. The DNN, linear regression, and 2nd-order regression models were trained using only

selected useful features (joint positions and motor torques, dimension of 16), and using all features

in the robot state (dimension of 138). Besides the original DNN model (2 layers, 100 hidden units

each), a larger DNN model was also used to accommodate more input dimensions, which has 3

layers with 600, 500, and 400 units, respectively. Regularization rates were also applied, kernel L1

10−5 L2 10−4, bias L2 10−4, and activity L2 10−5. The other hyperparameters stayed unchanged.

GPU acceleration was utilized for the training of the larger DNN model.

The evaluation result is shown in Fig. 3.11. When the model input was only joint positions and

motor torques, the DNN model had desirable average accuracy in 6-hour unloaded operating among

all calibration trajectories from short to long, with the RMSE of joint 1 – 0.328◦, joint 2 – 0.264◦

and joint 3 – 0.167 mm. When all features in the robot state were used as input, the input dimension

was 8.6 times larger from 16 to 138, but the number of model weight parameters was only 2 times

larger from 12103 to 24303. A considerable drop in accuracy could be observed in all 3 joints. The

average RMSE when trained by the 3 longest calibration trajectories was joint 1 – 0.700◦, joint 2 –

0.754◦, and joint 3 – 0.388 mm. When the 3-layer larger model was used with all features as input,

the weight parameters increased dramatically to 585503. The average RMSE when trained by 3

longest calibration trajectories improved to joint 1 – 0.397◦, joint 2 – 0.565◦, and joint 3 – 0.229

mm, though the performance was still not as good as the small model with selected features.

The linear regression model had 17 parameters for each joint when trained by selected features,

and had desirable average accuracy in 6-hour unloaded operating among all calibration trajectories,

with the RMSE of joint 1 – 0.361◦, joint 2 – 0.355◦ and joint 3 – 0.167 mm. When all 138 features

in the robot state were used as input, the number of parameters also increased linearly to 139. A

significant drop in accuracy could be observed, and the average RMSE trained by the 3 longest

calibration trajectories was joint 1 – 1.985◦, joint 2 – 1.834◦, and joint 3 – 1.352 mm, which did

not outperform fixed offset compensation. A similar trend could also be observed by the 2nd-order

regression model, but the performance was worse than linear regression.
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Figure 3.11: Calibration performance of models trained by selected important features (joint posi-

tions and motor torques), and by all features (details in 4.1.1) in the robot state. Besides the original

DNN model, a larger DNN model was also used to accommodate more input dimensions. The box

plot shows the average RMSE among 6-hour unloaded operating with different calibration trajectory

sparsities, as in Fig. 3.8. The arrows in the box plot indicate training trajectories longer than 800

sec had >20% better calibration accuracy than trajectories shorter than 500 sec, and the difference

between the 1st and 2nd quartile is larger than 0.2 (deg/mm).

Figure 3.12: Calibration performance after 0-5 robot homing procedures. Different combinations

(<20 min) of training trajectories with various sparsities were tested and the average is shown with

standard deviation as shade. The 2nd order polynomial regression model is not shown because of

unstable performance. Two datasets were used for training, one had the training set with no homing,

and another one had the training set with 1 homing. To study the effectiveness of homing, baseline

results with the same operating time but no homing in both training and test sets are also included.
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3.3.5 Effects of Homing

The homing procedure is an important function of the Raven-II robot, during which the robot ex-

plores the hard limits of all the joints and registers the encoders on the motors. Joint positions will

be meaningful after the homing procedure. Re-homing may sometimes be necessary during oper-

ations, for example, the surgical instrument is changed or software e-stop is triggered because of

joint limits or singularity. Thus, it is important to study whether the homing procedure influences

the calibration’s performance. Two new datasets were collected to study the effectiveness of hom-

ing. In each dataset, 5 homings were performed and a 20-minute random trajectory was recorded as

test data before the first homing, in between the homings, and after the last homing. The difference

between the two datasets was that one dataset had all training calibration trajectories before the first

homing, thus this training set ’saw’ no homing. The other dataset had the same sparsities and length

of the training trajectories, but these trajectories were separated before and after the first homing,

thus this training set ’saw’ 1 homing.

The evaluation of calibration performance among homings is shown in Fig. 3.12. For joint 1, the

accuracy of the DNN model slightly fluctuated between 0.117◦ and 0.146◦ among 5 homings with

no homing ’seen’ in training. With 1 homing ’seen’ in training, the accuracy of the DNN model

slightly fluctuated between 0.133◦ and 0.152◦. No obvious drop in accuracy could be observed

caused by homing. A similar trend was found using the linear regression model, fluctuating between

0.155◦ and 0.207◦ with no homing in training, and fluctuating between 0.163◦ and 0.218◦ with 1

homing in training.

For joint 2, when the calibration models ’saw’ no homing in training, the accuracy of the DNN

model dropped significantly from 0.255◦ to 0.627◦ after 5 homings, and similarly, the accuracy

of the linear regression dropped from 0.317◦ to 0.712◦. On the other hand, if the models ’saw’

1 homing in training, although the accuracy still dropped with homing, the RMSE stayed within

0.413◦ for the DNN model and within 0.493◦ among 5 homings.

For joint 3, except for an outlier at the 5th homing, the DNN model and the linear regression

model had close accuracy regardless of ’seeing’ homing in training or not, slightly fluctuating from

0.113 mm to 0.202 mm.
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3.3.6 Training on Error

As introduced in 3.1.4 and Fig. 3.5, the DNN and regression models were not trained as end-to-end

models that directly outputted the calibrated joint positions. Instead, the models outputted the errors

of the inaccurate original joint positions in the robot state. The errors were then used to correct the

original joint positions and thus provided calibrated accurate joint positions. To study the necessity

of training on error, this experiment used the same 6-hour unloaded data as 3.3.3, and the models

were trained on error or end-to-end.

The comparison of calibration accuracy is shown in Table. 3.2. For the regression models,

no difference in RMSE could be found between models trained on error or end-to-end, though the

average performance of 2nd-order polynomial regression was not desirable. On the other hand, for

the DNN model, when trained on error, the best accuracy was achieved, joint 1 – 0.328◦, joint 2 –

0.264◦, and joint 3 – 0.167 mm. However, when trained end-to-end, the calibration error increased

sharply to 0.830◦, 0.875◦, and 1.583 mm in joints 1, 2, and 3, respectively. Further tests found

that increasing the number of training epochs could improve the performance of the end-to-end

DNN model, however, the accuracy was still not as good as the DNN model trained on error. Since

training on error requires no extra effort and can be faster with fewer epochs, it is highly preferred

for efficient calibration.

3.3.7 Comparison to the State-of-the-art in 2024

The comparison of calibration performance with the state-of-the-art in 2024 in the joint space is

shown in Table 3.3, and the comparison in Cartesian space is shown in Table. 3.4. The require-

ment of accuracy in RAMIS varies with different types of surgeries and instruments. As examples

reported in [118, 119], 2 mm positional accuracy is ideal for laparoscopic RAMIS. When unloaded,

both the proposed DNN and linear regression calibration had positional accuracy within 2 mm

throughout 6 hours of continuous operating. When heavily loaded by 500 g, the DNN calibration

still had accuracy within 2 mm while the accuracy of linear regression was slightly larger than 2

mm at hour 5. The proposed method in this work performs calibration in the first 3 joints. Thus, the

location accuracy in Cartesian space is obtained by assuming the last 4 joints are accurate and the

surgical tool has no deformation. The last 4 joints of Raven-II are concentrated near the end-effector
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with only one non-zero link length of 13 mm. Thus, the inaccuracy of the last 4 joints mainly results

in errors in the orientation of the end-effector but less in position. However, a certain error increment

still exists in real practice because of deformation.

Compared with the state-of-the-art works in 2024, we also focus on efficiency while achieving

state-of-the-art accuracy on Raven-II. We trained the calibration models within 21 minutes and

evaluated the performance of calibration in 6-hour unloaded and loaded operating, and among robot

re-homings, in order to prove the feasibility of applying data-driven calibration in the time scale of

real surgeries. Besides using computationally expensive DNN models that have slower inference

time, by excluding unnecessary input features [113] and providing sufficient training data, we also

show that the linear regression model can have a significantly faster inference speed that can be

applied to the 1000 Hz servo control of Raven-II, with slightly compromised accuracy.

3.4 Discussion

The DNN model and linear regression model showed comparable performance in the experiments

reported in this work, which raises an interesting question: is the linear regression model competitive

to the DNN model? The comparison between these two models in different aspects is shown in

Table. 3.5.

In terms of accuracy, with sufficient training data, i.e. long enough calibration trajectory, the

DNN model slightly outperformed the linear regression model. According to 3.3.3, when trained

by the 3 longest calibration trajectories, the performance of the 2 models was very close in un-

loaded operation. When loaded, the DNN model slightly outperformed the linear regression model

by 0.015◦, 0.109◦, and 0.124 mm in joints 1, 2, and 3, respectively. In terms of data hunger, when

trained with the 3 shortest calibration trajectories, counter-intuitively, the DNN model has consid-

erably better performance than the linear regression model. When unloaded, the DNN model had

0.052◦, 0.189◦, and −0.037 mm better accuracy in joints 1, 2, and 3, respectively. When loaded,

the difference increased to 0.128◦, 0.360◦, and 0.178 mm.

With the small size of the DNN model, even with the largest training set presented in this work,

the DNN model could be trained within 50 seconds without GPU acceleration. The training time

of the linear regression model was less than 2 seconds. Although the linear regression model could
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be trained much more quickly, compared to the entire calibration procedure described in 3.1.2, the

data collection, which takes 4-17 minutes, remains the dominating time consumption. In terms of

real-time efficiency, the inference time of the DNN model without GPU was 61 ms (<20 Hz) on the

Intel(R) Xeon(R) 2.2GHz CPU, which had a huge gap to meet the 1000 Hz servo control rate of the

CRTK and Raven-II robot. However, since calibrated joint positions may not be necessary in the

servo control loop of the robot, the inference time of the DNN model could meet the rate required

by the CRTK’s interpolate control level, which is designed for vision-based control, and so on. With

GPU acceleration, the inference time could be shortened to 54 ms. The average inference time could

also be significantly shortened if inferred in a mini-batch, however, this caused delay and could not

be applied to real-time servo control. On the other hand, the inference time of the linear regression

model was 0.38 ms (around 3500 Hz), which was sufficient for the 1000 Hz servo control rate of

the robot.

As described in Section 3.3.4 and Fig. 3.11, in the calibration of the Raven-II robot in this work,

useful features were found by the ablation study in Chapter 4, which required a certain effort. In

other cases, if useful features are unknown, in order to not miss useful features, unnecessary features

may also be selected as input of the model. Under this condition, a larger DNN model showed much

better robustness with a slightly compromised performance, while the linear regression model had a

significant drop in accuracy and became undesirable. In terms of the model output, regression mod-

els could be either trained end-to-end (directly output calibrated joint positions) or trained on error

(output the error of the original inaccurate joint positions and made correction). In comparison, the

DNN model had to be trained on error, to achieve better accuracy and faster convergence. However,

since no considerable extra effort was needed to perform training on error, both in the calibration

phase and the real-time inference phase, there was no difference in efficiency.

To sum up, both models have their advantages and disadvantages. Depending on the use case,

one may be more desirable than the other. To achieve the best accuracy, or when data collection must

be fast, or unnecessary features may be given as input, the DNN calibration has better accuracy and

robustness in performance. However, when calibrated joint positions are required in high frequency

by real-time applications, the linear regression calibration becomes the only choice. In this case,

longer calibration trajectories are critical to maintain better accuracy.

The first 3 positioning joints of the Raven-II robot, though all being cable-driven, have consid-
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erable differences in mechanisms (Fig. 3.3) and calibration performance described from 3.3.1 to

3.3.6.

Joint 1 is a single alpha-wrapped pulley joint, which has the shortest cable length and little or no

free cable length. As the first joint, it also bears the largest load caused by the mass of the following

robot arm links. As for calibration performance, joint 1 had the largest drop of calibration accuracy

with time and load. And it was the only joint that had increased error with time and load in fixed

offset compensation.

The joint 2 is a general rotational joint. Although the instantaneous accuracy right after calibra-

tion was not as good as that of joint 1, the accuracy of joint 2 dropped less with operating time and

load. However, joint 2 saw a considerable increase in error with the robot homing procedure, while

the other 2 joints did not.

The joint 3 is the only translational joint of the robot. To insert and extract the surgical instru-

ment, joint 3 has a large range. However, during normal operating, only the lower half of the range

is used. Approaching the higher half causes disabled inverse kinematics due to singularity. Accord-

ing to the feature ablation study in Chapter 4, joint 3 was the only joint in which joint torques were

more important than joint positions as input features of the calibration model. Although the DNN

and linear regression models had very desirable calibration accuracy, the percentage improvement

compared to fixed offset compensation was the lowest among all 3 positioning joints.

Although the zig-zag training trajectories have desirable even positional coverage of the robot

workspace, the variety of velocity and its direction is not as desirable. Although calibration models

trained by zig-zag trajectories had state-of-the-art accuracy and efficiency, in the future, we aim to

develop a calibration trajectory with optimized coverage in high-dimensional coupled space that

includes both position and velocity, which may further improve the accuracy and efficiency of the

calibration.

3.5 Conclusion

This work presented an efficient data-driven joint-level calibration method for the cable-driven

Raven-II surgical robot that substantially improves positioning accuracy without requiring addi-

tional sensors during deployment. By combining carefully designed calibration trajectories with
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lightweight learning models, the method achieved strong accuracy within a short calibration time

and remained effective over extended operation, including under loaded conditions. The results also

showed that correcting joint-level errors is more efficient and robust than end-to-end calibration, and

that while the DNN provides the best overall accuracy, linear regression offers a practical alternative

for real-time high-frequency control. Overall, this work demonstrates a feasible and effective path

toward improving the precision and reliability of cable-driven surgical robots for automation and

advanced robot-assisted surgical tasks.
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Table 3.1: Learning and Regression Calibration Error with Different Directions of Trajectories

Direction
DNN 2nd Reg Lin Reg Fixed Offset Raw

RMSE Percentage RMSE Percentage RMSE Percentage RMSE RMSE

Joint 1 (deg)

J1 0.215 25.0% 0.193 22.5% 0.214 25.0% 0.857 1.930

J2 0.186 20.4% 0.156 17.1% 0.214 23.5% 0.911 2.015

J3 0.115 13.1% 0.144 16.5% 0.198 22.6% 0.877 2.061

J1-J2 0.209 23.1% 0.169 18.6% 0.231 25.4% 0.908 2.095

J2-J3 0.104 12.1% 0.118 13.7% 0.174 20.2% 0.859 2.103

J1-J3 0.120 12.8% 0.114 12.3% 0.257 27.5% 0.932 2.125

J1-J2-J3 0.143 16.5% 0.145 16.7% 0.221 25.5% 0.866 2.219

Joint 2 (deg)

J1 0.248 22.4% 0.311 28.1% 0.288 26.1% 1.106 7.927

J2 0.313 27.6% 0.242 21.3% 0.250 22.0% 1.135 8.016

J3 0.241 20.8% 0.203 17.5% 0.294 25.4% 1.160 8.115

J1-J2 0.234 20.1% 0.276 23.6% 0.221 19.0% 1.168 8.064

J2-J3 0.120 10.9% 0.222 20.3% 0.186 17.0% 1.095 7.963

J1-J3 0.265 22.7% 0.294 25.2% 0.266 22.8% 1.168 7.985

J1-J2-J3 0.130 12.6% 0.148 14.2% 0.169 16.2% 1.038 7.945

Joint 3 (mm)

J1 0.179 36.8% 0.406 83.5% 0.239 49.2% 0.486 11.723

J2 0.216 34.4% 0.357 56.9% 0.257 40.9% 0.628 11.737

J3 0.111 22.4% 0.141 28.3% 0.134 26.9% 0.498 11.754

J1-J2 0.183 31.3% 0.416 71.3% 0.253 43.4% 0.584 11.773

J2-J3 0.118 24.0% 0.173 35.1% 0.166 33.7% 0.492 11.715

J1-J3 0.161 29.0% 0.178 31.9% 0.179 32.2% 0.557 11.778

J1-J2-J3 0.164 34.9% 0.274 58.5% 0.168 35.8% 0.469 11.703

* i) The best 2 directions of calibration trajectories for each joint and calibration model are marked bold.

ii) The percentage is computed based on the fixed offset compensation instead of raw errors.
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Table 3.2: Calibration Performance of Models Trained on Joint Position Error or End-to-end

Model
Joint 1 (deg) Joint 2 (deg) Joint 3 (mm)

Err E-to-E Err E-to-E Err E-to-E

DNN 0.328 0.831 0.264 0.875 0.167 1.583

Lin Reg 0.369 0.369 0.366 0.366 0.176 0.176

Poly Reg 1.062 1.062 2.539 2.539 1.766 1.766

* Each entry is the average RMSE of all sparsities among 6 hours.

Table 3.3: Direct Comparison to the State-of-the-art in Joint Space

Method Robot Model Joint 1 (deg) Joint 2 (deg) Joint 3 (mm)

Ours, unloaded (hour 0–5) Raven-II DNN 0.142–0.553 0.230–0.343 0.125–0.176

Ours, unloaded (hour 0–5) Raven-II Lin Reg 0.169–0.522 0.248–0.376 0.133–0.206

Ours, loaded (hour 0–5) Raven-II DNN 0.114–0.855 0.251–0.432 0.122–0.181

Ours, loaded (hour 0–5) Raven-II Lin Reg 0.144–0.916 0.266–0.588 0.138–0.473

Haghighipanah et al. [38] Raven-II UKF 1.195 1.242 0.927

Hwang et al. [32] (left arm) dVRK RNN 0.115 0.069 0.150

Hwang et al. [32] (right arm) dVRK RNN 0.172 0.206 0.510

* Performances of unloaded configuration is presented in this table.
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Table 3.5: Deep Neural Network VS. Linear Regression

DNN Linear Regression

Accuracy Slightly better with sufficient data Slightly worse with sufficient data

Data Hunger Better with small training set Worse with small training set

Training Time <50 sec, no GPU <2 sec

Inference Time 61 ms, enough for CRTK interpolate level 0.38 ms, enough for CRTK servo level

Irrelevant features Robust with larger model and training set Not robust

Train on Error Required Optional
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Chapter 4

FEATURE ABLATION STUDY OF DATA-DRIVEN CALIBRATION

As shown in Chapter 3, excluding unnecessary and reducing the dimension of input of cali-

bration models is critical for both efficiency and accuracy of the calibration models, especially for

regression models. This work uses removal and inaccurate ablation studies on input features and

identify that raw joint positions and motor torques are the most important model inputs for cali-

bration accuracy. These studies also reveal that the models are capable of inferring joint positions

from the end-effector pose and prioritize the direction of motor torques over their amplitude. When

guided appropriately, the models can also compensate for encoder value inconsistencies occurring

with robot re-homings. By excluding the unnecessary input features, lightweight models are devel-

oped and achieve better performance and efficiency simultaneously, reducing the training time on

the CPU to 2.5 minutes.

4.1 Method

4.1.1 Features in the Robot State

Table 4.1: Features in Raven-II State

Feature Dimension Description

Time Stamp 1 Time stamp of the ROS message, converted to seconds.

Run Level 1 An integer indicating the major run level of the robot, including

homing, pedal-up mode, pedal-down mode, and E-stop.

Continued on next page
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Table 4.1: Features in Raven-II State (continued)

Feature Dimension Description

Sub-Level 1 An integer indicating subordinate run levels, such as the motor

torque test.

Last Sequence 1 Sequence number of teleoperation commands.

Arm Type 1 An integer indicating the left or right arm.

End-Effector Position 3 Cartesian position (x, y, z) of the end effector, derived from joint

positions using forward kinematics.

End-Effector Position

Desired

3 Desired Cartesian position (x, y, z) of the end effector, derived from

the control command.

End-Effector Orientation 9 3× 3 rotation matrix of the end-effector orientation, derived from

joint positions using forward kinematics.

End-Effector Orientation

Desired

9 3× 3 rotation matrix of the desired end-effector orientation, derived

from the control command.

Encoder Value 7 Encoder values of the motors of the seven joints.

Encoder Offset 7 Encoder offsets of the motors of the seven joints, calibrated during

homing and then kept constant.

Motor Position 7 Motor positions of the seven joints, derived from encoder values

and encoder offsets.

Continued on next page
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Table 4.1: Features in Raven-II State (continued)

Feature Dimension Description

Motor Position Desired 7 Desired motor positions of the seven joints, derived from desired

joint positions.

Motor Velocity 7 Motor velocities of the seven joints, derived from the derivatives of

motor positions.

Joint Position 7 Rotation or translation of the seven joints, derived from motor

positions.

Joint Position Desired 7 Desired joint positions of the seven joints, derived from the joint

control command, or from the Cartesian control command and

inverse kinematics.

Joint Velocity 7 Joint velocities of the seven joints, derived from the derivatives of

joint positions.

Motor Current Command 7 DC current commands of the motors, determined by motor position

PD control.

Motor Torque 7 Motor torques, derived from the motor current commands.

Jacobian Velocity 6 Translational and rotational velocity of the end effector, derived

from the Jacobian matrix and joint velocities.

Jacobian Force 6 Force and torque of the end effector, derived from the Jacobian

matrix and motor torques.

Continued on next page
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Table 4.1: Features in Raven-II State (continued)

Feature Dimension Description

Desired Grasper Position 1 A floating-point number representing the open/close command of

the grasper.

Note: A typical Raven-II system contains two arms. The dimension shown in this table is for one arm, except for Time Stamp, Run

Level, Sub-Level, and Last Sequence, which are shared by both arms in the system.

To establish a learning-based calibration with desirable performance, comprehensive input fea-

tures should be provided to the machine learning model. For the software system of Raven-II, a

ROS message - ’ravenstate’, integrates the measurements, control commands, and state estimation

of the robot. Details of ’ravenstate’ are shown in TABLE 4.1. Robot states messages are published

at 1000Hz and are down-sampled to a heuristically-tuned update rate of 25Hz as the input to the

following neural network models in 4.1.2.

The features in the robot states are not all independent and original, as shown in Fig. 4.1. For

example, motor positions are derived from encoder values and offsets, with a linear relationship.

Similarly, the joint positions are also linearly related to motor positions. Thus, although encoder

values, motor positions, and joint positions have distinct physical meanings, once standardized as

machine learning model inputs, they become redundant and convey the same information. The

desired motor, joint, and end-effector positions and orientation only have minuscule differences

compared to the current positions and orientation, as the desired values are obtained by adding the

control increment in the servo control loops. For example, with Raven-II’s 1000 Hz servo rate, a

joint velocity of 10 deg/s results in a difference of 0.01 deg between the desired and current joint

position.

On the other hand, end-effector positions and orientation are derived from joint positions by

forward kinematics, which is a non-linear relationship. Because of the cable-driven mechanism, all

encoders of Raven-II are placed on the motors at the base of the robot. The joint positions are derived
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Figure 4.1: Relationship of features in the Raven-II robot states. The control command is included

in this figure for an explanation of robot states but is not included in the robot state. The control

command is the end-effector pose increments in Cartesian space. And it can also be given as incre-

ments in joint space. In this case, the desired joint positions will be directly determined by current

joint positions and the control command, without forward and inverse kinematics. If joint-level

control is applied, the current end-effector position and orientation will still be computed but the

desired position and orientation will be set equal to the current values.
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from motor positions and thus contain a considerable amount of error attributable to the cable effect

and motor backlash. This error is also propagated to end-effector position and orientation by forward

kinematics, which significantly reduces the accuracy of the robot in the absence of external tracking

and feedback. It is also noteworthy that motor torques are derived from motor current commands,

which are determined by servo position PD control based on the current and desired motor positions.

The robot states do not include motor current measurements. Once the motor current commands are

sent to the lower-level hardware controller, the servo motor drives run current feedback control with

built-in Hall sensors.

4.1.2 Learning-based Models and Trajectories of Calibration

To set up a learning-based calibration to provide more accurate joint positions than the original

state estimation, a DNN and a GRU model are built, as shown in Fig. 4.2. The models take the

flattened features (4.1.1) from the robot state - ’ravenstate’ ROS message as input. The output is

the error of the first 3 joint positions, instead of the joint positions themselves, which allows faster

training convergence and better accuracy. Subsequently, the calibrated joint positions are obtained

by adding the joint position errors back to the robot’s original inaccurate joint positions. In this

work, for enhanced accuracy and reliability, ground truth joint positions are obtained by temporary

encoders on the joints, which could be removed before arm sterilization in real practice, as in [38].

Alternatively, visual tracking is preferred for its better feasibility, as used in [41] and [43]. The first

3 joints, positioning joints, are studied in this work. Joints 4-7 (tool rolling, wrist, left & right finger)

are not included because 1) they are concentrated near the end-effector with only 1 non-zero link

length of 13 mm and thus have less influence on positional accuracy; 2) joints 4-7 are located on the

surgical instrument and have small sizes, which makes it difficult to install encoders on these joints

and obtain as reliable ground truth as the 3 positioning joints.

Data on the robot state and ground truth joint positions are collected to train the learning calibra-

tion models and to evaluate the performance. Zig-zag trajectories cover the workspace efficiently

with desired sparsity and are thus used as training trajectories, as shown in Fig. 4.3. Although

Cartesian-based control can be more common and intuitive in real practice, the accuracy of the

robot control is undermined by the cable-driven mechanism that causes inaccurate joint positions



52

Figure 4.2: Model of the DNN and GRU in learning calibration. The outputs of the models are

the errors of the joint positions and are added back to the original joint position estimation for

correction.

Figure 4.3: Examples of zig-zag training trajectories and random test trajectories. Note that the

trajectories are shown in joint space instead of Cartesian space.
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calculated by motor positions. Thus, to better study the joint-level accuracy, all the trajectories in

this work are in joint space instead of Cartesian space. Unlike evenly distributed scatter points that

have equivalent coverage of the robot workspace in all dimensions, zig-zag trajectories are continu-

ous and thus they have better coverage in certain directions than the other directions. The direction

of the zig-zag trajectories is empirically chosen to point ’diagonally’ to joints 2 and 3 in the joint

space. In this direction, the trajectories better explore the simultaneous movement of joints 2 and 3,

under different joint 1 configurations. To prove the generalization ability of the model trained with

zig-zag trajectories, random sinusoidal trajectories are used for testing. In each cycle, the velocity

and target position of each joint are randomly chosen.

4.1.3 Ablation Study on Features

For learning-based methods in robotic systems, obtaining reliable input features often incurs ad-

ditional costs, such as extra sensors for motor current measurement and computational expenses

for filtering and derivative calculations. Although neural networks can manage irrelevant features,

accommodating higher input dimensions typically requires larger models, as well as more training

data to avoid overfitting. This may lead to considerable inefficiencies in the learning calibration,

since re-calibration between operations can be necessary to maintain desirable accuracy. Identify-

ing informative features and excluding unnecessary ones from the model input can enhance both

accuracy and efficiency simultaneously (details in 4.3.5). To study how the features in the robot

states contribute to the performance of learning calibration, different ablation studies are performed.

In terms of the ablation method, removal ablation and inaccurate ablation are used. For the abla-

tion target, ablations on feature types and on joints are used. Consequently, four types of ablation

studies can be conducted by combining methods and targets: 1) removal ablation on feature types,

2) inaccurate ablation on feature types, 3) removal ablation on joints, and 4) inaccurate ablation on

joints.

Removal ablation drops the target features in both training and testing, which results in a reduc-

tion of the input dimension of the learning model. If the target features have no or minor contribution

to the learning calibration, the removal of these features should not undermine the performance con-

siderably. If the target features have a major contribution, the removal of these features will force
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the model to learn to derive the missing information from the remaining features if possible. For

example, end-effector position and orientation can be derived from joint positions using forward

kinematics, and reversely using inverse kinematics, though both relations are non-linear for a 7-

joint robot. The increase in calibration error should be observed only when the important features

are removed and the model is not able to derive the information of the missing features using the

remaining features.

Inaccurate ablation adds noise to target features during testing, while these target features stay

accurate during training. Compared with removal ablation, inaccurate ablation does not allow the

learning model to know the malfunctioning features during training, and thus the model is not forced

to learn to derive the related information from other accurate features. If the target features have a

major contribution, the learning model will tend to rely on these features during training. However,

during testing, these features are inaccurate and should therefore cause a decline in performance.

Unless stated otherwise, the added white noise in this work is 2× the standard deviation of that

feature. This is an empirically chosen and relatively large noise, because the purpose of adding

noise is to study if the ablated features are important as opposed to testing the models’ robustness

against noise. For this purpose, the noise should be large enough to largely obscure the information

contained in the feature. However, the noise should not be too large. Theoretically, if an input

feature is irrelevant to the output, the performance should not be influenced regardless of how large

the added noise is. However, in real practice, due to imperfect training data, irrelevant features may

still have small weights in the trained models instead of exact zero weights. Therefore, a huge noise

added to irrelevant features during testing may still cause considerable changes in the performance

and thus the irrelevant features may be misidentified as important. Thus, removal and inaccurate

ablations are both utilized in the proposed method. Some important features, such as joint positions,

can be easily found by inaccurate ablation (details in 4.3.2 and 4.4.1). In contrast, for some other

important features, such as motor torques, it is easier to utilize the removal ablation due to their high

robustness to white noises (details in 4.3.3).

Ablation on feature types focuses on chosen types of features, such as motor positions and joint

positions. Because there are 22 different types of features in the robot states and some features are

linear-related, ablation on different feature types is performed in groups of features (details in 4.3.1).

For example, current and desired encoder values & offset, motor positions, and joint positions are
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in one group and should be removed together, as they fundamentally contain the same information

and are linearly related. Once a feature is chosen for ablation, that feature of each joint is removed

or noise is added.

Ablation on joints focuses on the features of the chosen joint. This can help study the coupling

of the joints for cable-driven surgical robots [38, 39]. For example, if removal ablation of joint 1 is

performed, all the features regarding joint 1 are removed, including (desired) joint position/velocity,

(desired) motor position/velocity/torque, and motor current command. Although end-effector posi-

tion & orientation and Jacobian velocity & force are also related to joint 1, they are not ablated due

to the highly non-linear relation.

4.2 Experiments

4.2.1 Experiments Setup

A Raven-II surgical robot was used to perform the experiments. Only the left arm was used and

temporary optical incremental encoders were placed on the first 3 joints to obtain accurate ground

truth of joint positions. Joint 1 and joint 2 are rotational, and Avago Technologies AEDA-3300

encoders were used, with a resolution of 80000 counts after quadrature decoding. Joint 3 is transla-

tional and Mercury II 1600 was used, with a resolution of 5 µm. The external joint encoders were

calibrated to joint positions during Raven-II’s homing procedure, in which the robot explored the

mechanical hard limit of each joint. In this work, joint encoders were utilized for better accuracy

and reliability. On the other hand, for better feasibility and the collection of ground truth for joints

4-7, visual tracking might be preferred, with an RGB-D camera [41], a motion tracking system [42],

or multiple monocular cameras [43].

The first three joints of Raven-II have substantially different mechanical properties. First, like

any serial arm, the loads (including both gravity torques and other loads) on each joint decrease

from joint 1 to joint 3. Second, the cable lengths in joints 1 to 3 are substantially different. Joint 1

has a single alpha-wrapped pulley joint and essentially zero free cable length. In contrast, joints 2

and 3 have increasing cable lengths.

Joint control commands were sent through Collaborative Robotics Toolkit (CRTK) API [111],

and the robot states were obtained and recorded from the ROS topic ’ravenstate’.



56

Figure 4.4: External joint encoders are mounted on the first 3 joints of Raven-II. Actual joint posi-

tions are measured to provide ground truth during training and testing of the learning calibration.
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4.2.2 Datasets and Hyperparameters of Models

As mentioned in 4.1.2, 5 zig-zag trajectories with different sparsities ratios of 1/2, 1/3, 1/4, 1/5, and

1/6, were combined and used as the training set. The joint limits were set as (20, 60) deg, (55, 110)

deg, and (330, 420) mm for joints 1, 2, and 3, respectively. Overall, the training set consisted of

∼68000 data pairs.

The training and test sets were collected on two occasions: one without load and another with a

500-gram load applied to the end-effector. To study the long-term accuracy of the learning calibra-

tion, the test sets were collected by continuously running random sinusoidal trajectories for 6 hours,

which resulted in ∼360000 data pairs. To the best of the authors’ knowledge, these are the longest

testing trajectories for learning-based calibration of cable-driven laparoscopic surgical robots. In

order to suggest the calibration models’ ability to generalize to various trajectories, the random test

trajectories were significantly longer than training trajectories and had fundamental differences in

pattern.

The architecture and hyper-parameters of the models were empirically chosen, and were inspired

by state-of-the-art works [28, 41, 43]. Besides the DNN model, to utilize information from time

sequence, GRU units were also implemented due to their generally better computational efficiency

than Long Short-Term Memory Networks (LSTM). Adam optimizer was used [114] [120], with

exponential decay rate for the 1st and 2nd moment estimates of 0.9 and 0.999, respectively. The

learning rate was fixed at 0.0005 with 600 training epochs and the batch size of 1024. Sigmoid

activation functions were used in all layers except for the output layer which used linear activation.

The mean squared error was used as the loss function. The DNN model had L1 and L2 regularization

on each hidden layer kernel with factors of 1e-5 and 1e-4, respectively. The GRU model had L1 and

L2 regularization on each hidden layer kernel with factors of 1e-4 and 1e-3, respectively. The time

window of the GRU model was 40 time steps with a sampling rate of 5. The original 1000 Hz robot

state was down-sampled and collected at 25 Hz, so the GRU model’s input spanned the robot state

over an 8-second period.
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Figure 4.5: Root mean square error (RMSE) evaluation of the DNN (left) and GRU (right) calibra-

tion on the test set, under removal feature ablation (top) and inaccurate feature ablation (bottom).

Baseline results were learning calibration obtained with no modification on any features and are

marked with ’(B)’. All ablation results were based on the learning calibration with removed or in-

accurate features. The color of each entry is determined by the percentage increase of the error

compared to the baseline result, instead of by the value itself. On the vertical sections separated by

black lines, the 1st section is the performances of baseline results and no ablation was performed.

The 2nd section is the performances of the ablations on feature types. The selected features were

removed or inaccurate for all 3 joints. The 3rd section is the performance of ablation on joints. The

selected joints had all features removed or inaccurate.
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4.3 Results

4.3.1 Ablation Study: Removal of Features

As mentioned in 4.1.3, removal ablation was performed by removing the target features in both

training and testing. The joint position errors after learning calibration are shown in Fig. 4.5 (top).

Each entry regarding learning calibration represents an average of 5 repetitive training and testing

with different global random seeds, which applies to all experiments in this work. Standard devia-

tions are generally smaller than 5% and are thus omitted. The error before calibration and the error

after fixed offset compensation were used as references. Removal ablation on types of features was

accomplished in groups:

1. operating status - time stamp, run level, sub-level, last sequence, arm type, and desired

grasper position.

2. joint positions - current/desired motor positions and joint positions.

3. end-effector pose - current/desired end-effector position and orientation.

4. all poses - all features in 2) and 3).

5. torque - motor current commands and motor torques.

6. velocity - motor velocities and joint velocities.

7. Jacobian - Jacobian velocities and Jacobian forces.

One group of features was removed at a time and the calibration error was compared with the

baseline, in which all features were used to train the learning calibration models. Encoder values,

offsets, and the 4th motor position were excluded from all experiments unless stated otherwise

(details in 4.3.4).

It can be seen that the learning-based method improved the accuracy of joint position estimation

significantly. However, the performance differed when certain features were not provided (Fig.
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4.5, top). In terms of different feature types, the largest error for joint 1 occurred when all pose-

related features were removed, compared with using all features, the RMSE increased for +0.565

deg (DNN) & +0.246 deg (GRU) without load and +0.731 deg (DNN) & +0.248 deg (GRU) with

500g load, while the removal of the other types of feature did not cause a considerable increase in

calibration error of joint 1. For joint 2, the removal of all pose-related features also led to the largest

increase in error, +0.956 deg (DNN) & +0.834 deg (GRU) without load and +1.516 deg (DNN)

& +0.831 deg (GRU) when loaded. Removal of torque and velocity-related features also caused a

certain increase in error, but was much less than removal of pose-related features. Unlike rotational

joints 1 and 2, the largest error increase for translational joint 3, by +0.188 mm (DNN) & +0.088

mm (GRU) when unloaded, and by +0.163 mm (DNN) & +0.085 mm (GRU) when loaded, was due

to the removal of torque-related features. A smaller increase in error was also caused by the removal

of all pose-related features. Overall, compared to the DNN model, the GRU model did not show

considerably better accuracy, but showed better robustness in the removal of features. Examples of

calibrated trajectories are shown in Fig. 4.9 (DNN) and Fig. 4.10 (GRU). The trajectories with the

legend “L-L-A” (Large model size, Large training set, and All robot states used as input) correspond

to the baseline DNN/GRU calibration. The trajectories with the legend “L-L-M” correspond to

the removal of pose features. From the trajectories, it can be seen that compared to fixed offset

compensation, the learning calibration models improved the accuracy considerably, however, the

performance was undermined when pose features were not included as model inputs. The details of

the rest of the trajectories can be found in 4.3.5.

When all features related to joint 1 were removed, no major error increase was observed in all 3

joints for both DNN and GRU models. When joint 2 features were removed, for DNN calibration

not only did the joint 2 RMSE increase by +1.016 deg (unloaded) and +1.169 deg (loaded), but

joint 3 RMSE also increased by +0.126 mm and +0.185 mm without and with load, respectively.

However, for GRU calibration, the RMSE of joint 2 saw a smaller increase of +0.244 deg (unloaded)

and +0.235 deg (loaded), and the RMSE of joint 3 did not increase considerably. Compared to the

removal of joint 2 features, removing joint 3 features did not increase the error on joint 3, or the

other 2 joints.
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4.3.2 Ablation Study: Inaccuracy of Features

The inaccurate ablation was constructed similarly to the removal ablation, but instead of removing

the target features in both training and testing, substantial white noises with a range of 2× the

standard deviation were added to these features only during testing, but not during training. The

evaluation of calibration accuracy is shown in Fig. 4.5 (bottom). For DNN calibration (bottom left),

in terms of different feature types, inaccurate joint position-related features caused a tremendous

error that was even larger than the raw error without the calibration on joints 1 and 2. However,

the accuracy of joint 3 was almost unaffected by the noise added. Adding noise to both joint and

end-effector position-related features caused similar error increases to only adding noise to joint

position-related features. In contrast, only adding noise to end-effector features did not increase the

error considerably. Compared to inaccurate pose features, inaccurate torque only increased the error

of joint 2 slightly with +0.054 deg and +0.085 deg when unloaded and loaded, respectively. For

GRU calibration (bottom right), inaccurate joint position-related features also caused a significant

increase in error. However, for the inaccuracy of other features, a slight increase in error for joint 2

was observed in the DNN calibration, while the GRU calibration showed better robustness with no

considerable increase in error.

For both DNN and GRU calibration, when all features of joint 1 were inaccurate, the error

only increased significantly on joint 1. Similarly, inaccurate joint 2 features also only undermined

learning calibration on joint 2. However, in contrast, inaccurate joint 3 features had no obvious

influence on the calibration accuracy, even on joint 3 itself (further study is in 4.3.3).

4.3.3 Effectiveness of Torques

Comparing the results of removal and inaccurate ablation in Fig. 4.5, inaccurate pose features

caused significantly larger errors than removing these features. However, torque features suggested

better robustness to the added significant white noise. Thus, a further experiment specifically on

motor torque and current command was performed and the result is shown in TABLE 4.2. In this

experiment, torque features were modified by 4 different operations, and the influence on calibration

error was evaluated. In TABLE 4.2, ’None’ means the original torque features were used with no

modification, ’± STDV’ means that white noise with range ± STDV was added. These two trials
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Figure 4.6: Two datasets used to study the effect of homing on the learning calibration, without

homing in training (left), and with homing in training (right).

were used as baseline comparisons. The remaining two trials, ’× -1’ and ’× 3’ means multiplying

the torque features with -1 and 3, which resulted in the same change in amplitude and the difference

was whether the direction of the modified torque features changed or not.

For unloaded DNN calibration, the increase in RMSE with ’× -1’, which reversed the direction,

was +0.088 deg, +0.314 deg, and +0.683 mm on joints 1, 2, and 3, respectively. For the operation

of ’× 3’ that had the same change in magnitude but did not reverse the direction, the increase in

RSME was much smaller, especially on joint 3, with +0.060 mm increased RSME. Similar trends

and changes in calibration accuracy were found when loaded and with the GRU model. This obser-

vation showed that in the learning calibration of this work, the direction of torque features was more

important than the amplitude of these features.
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Figure 4.7: Robustness of calibration error against robot re-homings when using different features

as input of the DNN and GRU model. DNN1 and GRU1 were trained by Dataset 1. DNN2 and

GRU2 were trained by Dataset 2, as shown in Fig. 4.6. Six individual test sets were collected with

robot re-homing in between. In the selected features, encoder values and offsets as well as the 4th

motor position (spare and not used) were excluded. For a clearer comparison of learning calibration

improvement, the error following an offset compensation was used as the baseline (black line),

rather than the error from the original joint positions recorded in the robot’s state.

4.3.4 Homing Inconsistency

As mentioned in 4.2.1, homing is an important procedure during robot initialization after power

on, in which the robot explores the hard limit of each joint and registers the encoder offsets. To

examine the effects of robot homing, two new datasets were collected, as illustrated in Fig. 4.6.

The training set was collected in the same way as datasets in 5.2.1. The test set also consisted of

several random sinusoidal trajectories. The robot underwent a re-homing procedure between test

trajectories without restarting the hardware power. The key difference between the two datasets was

that for Dataset 1, no homing procedure was conducted between training data trials. In contrast, for

Dataset 2, a homing procedure was carried out after the first two training trajectories, allowing the

training set to ’experience’ one homing session. For both datasets, test trials were collected before

each re-homing and after the final re-homing.

As Fig. 4.7 shows, when using Dataset 1 and the training set ’experienced’ no homing, if all

the features in the robot state were used including encoder values and offsets (DNN & GRU1 - All

Features), the calibration errors were small in all 3 joints before the robot re-homing. However,
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Figure 4.8: Motor encoder values of the first 3 joints affected by robot homing. The mean encoder

value and offset compensated mean encoder value of the training set and 6 test sets after 0-5 robot

homing are shown. The power of robot hardware stayed on during the collection of training and test

sets.

after at least one re-homing, the error increased dramatically, close to the fixed offset compensation.

And the error did not increase considerably when more homings were performed. The removal

ablation was conducted to identify three features that contributed to the significant increase in error.

The first 2 features were encoder values and encoder offsets, shown in Fig. 4.8. After the first

re-homing, the average encoder values changed significantly, whereas subsequent re-homings did

not result in considerable changes to these values. However, motor positions and joint poses stayed

consistent regardless of homings. This was because when adding encoder offset back to encoder

values, these values also stayed consistent. However, the learning calibration models failed to learn

this linear combination of features if there was no homing in the training data. The last feature was

the 4th ’motor position’ in the ROS topic ’ravenstate’, which does not represent the actual position

of the 4th motor. Instead, this is a meaningless feature in our experiments, since the Raven-II has a

spare independent joint dimension and this ’motor position 4’ is not used with the standard Raven

tool. In the homing experiment, this feature followed a similar pattern to encoder values and had a

rapid change after the first homing. Once these features were removed (DNN & GRU1 - Selected

Features), there was no longer a considerable decrease in calibration accuracy among homings. On

the other hand, when using Dataset 2 and the training set ’experienced’ 1 homing, even including all
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features (DNN & GRU2 - All Features), the performance remained desirable for all 3 joints among

all re-homings.

To better understand the effectiveness of the encoder features, learning calibration experiments

with different removal and inaccurate ablation on pose-related features were conducted, and the

results are presented in TABLE 4.3 (’motor position 4’ still removed because it was not used with

the default Raven tool).

Learning calibrations 1 and 2 utilized Dataset 1, which included no re-homing procedures in

the training set, while the subsequent calibrations were based on Dataset 2 which incorporated re-

homing in the training data. Calibrations 1 and 3 were both trained using all accurate features, the

sole distinction was that calibration 3 included re-homing during training, unlike calibration 1. As

mentioned previously, the results indicated that the inclusion of encoder features led to decreased

accuracy when the training data did not encompass re-homing events, whereas accuracy was main-

tained when re-homing was included in the training.

Calibration 4 also used all accurate features in training, but encoder values and offset were

inaccurate during testing. Upon comparing calibrations 3 and 4, the addition of significant noise to

encoder features did not result in any substantial performance differences. Hence, it appears that

when re-homing was integrated into the training, the learning calibration model learned to disregard

the encoder features.

However, in calibration 5, where encoder values were the sole pose features, the model was

compelled to rely on these features, and accuracy was preserved. This was corroborated by cali-

bration 6, when noise was added to the encoder features that were now the only remaining pose

features. There was a significant decline in performance for joints 1 and 2, joint 3 exhibited less

change because it depended more on torque features, as noted in 4.3.3. Until now, calibrations 1

through 6 indicate that when training included re-homing and all other pose features were absent,

the learning calibration model effectively utilized the encoder values and offsets.

To better comprehend how the models utilized encoder features, calibration 7 was conducted by

first introducing noise to the encoder values and then subtracting the same noise from the encoder

offsets. This was done so that the noise would nullify itself when the encoder values and offsets were

added up, mimicking the human approach to these features. The result showed desirable accuracy,

which indicated that the learning calibration models also added encoder value with offset at first,
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before applying any non-linearity.

4.3.5 Lightweight Models with Selected Features

With the informative features identified in 4.3.1 and 4.3.2, lightweight versions of the DNN and

GRU models were developed. Compared to the models (4.1.2) that were used in the rest of the

experiments, the lightweight DNN model was designed with 2 hidden layers, each containing 100

units, reduced from 3 hidden layers with 600, 500, and 400 units, respectively. The lightweight GRU

model has reduced GRU layer units from 300 to 50, and the fully connected layer units from 300 to

100. The features empirically selected from the ablation study for the lightweight DNN model were

joint positions and torques, while the lightweight GRU model additionally included end-effector

pose. The number of training epochs was also lowered from 600 to 200 for both lightweight models.

All other hyperparameters and test sets maintained the same. Two training sets were used in this

experiment, the original large set comprised 2508 sec of zig-zag trajectories, combining multiple

sparsities, detailed in 4.1.2 and Fig. 4.3. The smaller training set only consisted of 476 seconds of a

zig-zag trajectory with a sparsity of 1/4.

The calibration error and computational cost of the lightweight models were evaluated on the

original test set and compared to the baseline result obtained from 4.3.1, presented in TABLE 4.4.

For the lightweight DNN model, the trainable parameters were reduced significantly from 566303

to 34503 utilizing all features as input and to 13703 utilizing selected features, which accelerated the

training speed on GPU ∼3 times faster. More crucially, the training on CPU was ∼26 times faster

and became practically feasible, reducing from more than 1 hour to ∼2.5 minutes. The inference

time was ∼55 ms on GPU and ∼72 ms on CPU, which saw fewer changes among models. Notably,

the evaluations of inference time were conducted with single robot state inputs, without the use of

mini-batches. This approach aligns with real-time robotic control systems where batch inference

across multiple control loops is impractical. Our implementation achieved an inference speed of

10-20 Hz. This meets the requirements of CRTK’s interpolate control mode[111], which is

designed for higher-level controls such as motion planning, visual tracking, and teleoperation. It

cannot support Raven-II’s 1000 Hz low-level servo control loop, but this is mainly for the motor

position PD control and does not need the calibration since the calibration can be incorporated into
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higher-level control.

In terms of calibration accuracy, compared to the baseline large DNN model with RMSE of

0.300 deg, 0.289 deg, and 0.156 mm in joints 1, 2, and 3, respectively, the lightweight DNN model

exhibited marginally increased errors when using all features as input. In contrast, when using

selected features as input, the lightweight model demonstrated enhanced performance across all

three joints - 0.297 deg, 0.236 deg, and 0.122 mm. When the size of the training set was reduced

from the original 2508 sec to 476 sec, a notable decline in performance occurred when all features

were used as input, yielding 0.813 deg, 2.432 deg, and 0.470 mm. However, the accuracy was

maintained at desirable levels when only selected features were used as input, 0.375 deg, 0.330 deg,

and 0.142 mm in the 3 joints.

While the lightweight GRU model trained much faster, training with the large training set still

required at least 16 minutes on a CPU, making it less practical for real-world applications without

a GPU. When trained by the large training set, compared to the performance of the baseline GRU

model, the lightweight GRU model with all input features had slightly increased error in joints 1

and 2, while the lightweight GRU model with selected input features had better accuracy in joint

1, with negligible differences in other joints. Despite similar inference times across the three mod-

els, the lightweight versions significantly outpaced the original GRU model in training speed. the

lightweight model using all features experienced a marked rise in calibration error - 0.858 deg, 1.254

deg, and 0.573 mm across the three joints. In contrast, the lightweight model that used selected in-

put features had significantly better performance, 0.452 deg, 0.481 deg, and 0.387 mm. Examples

of the calibrated trajectories under different calibration configurations are shown in Fig. 4.9 (DNN)

and Fig. 4.10 (GRU). Consistent with Table. 4.4, when the training set was large and important

features were provided, all calibration configurations achieved desirable accuracy. However, when

the training set was small, unnecessary input features should be excluded to maintain the calibra-

tion accuracy. To sum up, the efficiency of the lightweight models without GPU can be feasible in

the time scale of real practice, and excluding unnecessary input features can improve the accuracy,

especially when training time is limited. As reported in [45], the accuracy of positional calibration

can drop with operating time and load. To ensure calibration performance, re-calibration can be

necessary before each operation. Thus, for feasibility in real practice, time efficiency is in demand.

The proposed ablation study and exclusion of irrelevant input features ensured desirable calibra-
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tion accuracy with 9-minute short training, while including all robot states saw a significant drop in

accuracy. In summary, identifying and excluding irrelevant input features played a very important

role in improving the efficiency and feasibility of learning-based calibration in the time scale of real

practice, in which training data is limited while re-calibration can be needed frequently.

4.4 Discussion

Although ablation studies were conducted, the neural network models essentially remain a ’black

box’ and it may not be rigorous to speculate how the neural network models accomplished the

tasks using human understanding. Therefore, the discussion in this section is rather suggested than

conclusive.

4.4.1 Ablation to Find Contributing Features

Fig. 4.5 shows that removing either joint position or end-effector features did not significantly

impact the learning calibration’s performance. However, once both joint and end-effector pose

features were removed, significant increases in errors of all 3 joints were observed, particularly in

joints 1 and 2. On the other hand, making joint position features inaccurate led to significant error

increases, highlighting their importance for calibration performance. Recall that removal ablation

removed features in both training and testing, while inaccurate ablation only added noise when

testing. The comparison of these ablation trials suggests that learning calibration models depend

more on joint position information than on end-effector information for joint calibration. However,

without joint position features during training, the models were compelled to infer joint information

from end-effector features. In summary, removal ablation may not be able to find key contributing

features like joint position features, because the learning models can derive the removed information

from indirect features.

On the other hand, learning calibration models demonstrate notable robustness to white noise

for certain contributing features, like motor torques, as evidenced in TABLE 4.2. This robustness

arises because the torque’s direction is more critical than its magnitude. Therefore, removal ablation

readily identifies these features, whereas more particular inaccurate ablations are required to observe

performance differences.
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Figure 4.9: DNN calibration: example joint trajectories from 6-hour continuous operations utiliz-

ing calibrations with different model sizes, training sets, and input features. The 3-letter legend

represents “model size - training set - input features”. Model size can be large (L) or small (S),

corresponding to the large models (Fig. 4.2 and 5.2.1) utilized in most of the experiments or the

lightweight models developed in 4.3.5, respectively. The training set can also be large (L) - a 2508-

second trajectory with multiple sparsities, or small (S) - a 476-second trajectory with a sparsity of

1/4. The input features can be all (A) features in the robot state, selected (S) important features

by ablation study, or missing (M) important pose features. Compared to fixed offset compensation,

most of the calibration configurations had a considerable improvement in accuracy, except for “S-S-

A” - small model, small training set but all robot states as input, and “L-L-M” - large model, large

training set, but the important pose features were missing.
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Figure 4.10: GRU calibration: example of joint trajectories in 6-hour continuous operation utilizing

calibrations with different model sizes, training data, and input features. The legends have the same

meaning as Fig. 4.9. The performance of the GRU calibration configurations was similar to the

DNN calibration.
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4.4.2 Usage and Selection of Features

While joint position features are crucial, learning calibration models are capable of deriving joint

position information using the end-effector pose. However, with both features available, inaccurate

joint position features resulted in significantly more error than inaccurate end-effector features. This

suggests that joint position features have a more direct relationship with joint calibration, thus re-

ceiving a larger weight during training. A similar pattern is observed in TABLE 4.3, where learning

calibration models resorted to encoder features only after all the other more direct features (joint

positions, motor positions) were removed. This behavior might indicate that learning calibration

models prefer direct and straightforward features over indirect ones containing similar information.

The ablation study revealed that inaccurate pose features resulted in greater errors than removed

pose features. This suggests that in real practice if certain features are expected to be inaccurate,

it may be beneficial to exclude these features in training to ’force’ or ’guide’ the learning model

to derive the information from other features. However, the supplementary features should have

explicit or implicit relations with the removed features, which could be non-linear.

4.4.3 Coupling between Joints

Fig. 4.5 illustrates that removing joint 1 features did not reduce the calibration accuracy of joint 1,

whereas inaccuracies in joint 1 features did, underscoring the importance of joint 1 information for

its calibration. However, the learning calibration models were capable of deriving this information

from the features of the other two joints. On the other hand, the absence of joint 2 features com-

promised the calibration accuracy of both joints 2 and 3. This indicates that joint 2 information is

crucial for calibrating both joints 2 and 3. In contrast, neither the removal nor inaccuracy of joint

3 features led to increased errors in any joint, suggesting that the influence of cable coupling in

joint calibration can be directional. Joint 2 influenced the calibration of joint 3, yet joint 3 did not

significantly affect joint 2 in return.

4.5 Conclusion

In this work, a learning-based calibration of the Raven-II surgical robot is developed, utilizing a

DNN model and a GRU model that take the robot’s original state estimation as input and outputs
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calibrated joint positions. Training with zig-zag trajectories, the calibration achieved a reduction

in joint errors by at least 62.4% (unloaded) and 54.8% (loaded). Through removal and inaccurate

ablation studies, raw joint positions and motor torques were identified as vital for calibration accu-

racy, with inaccuracies in raw joint positions significantly impacting performance. Moreover, we

demonstrated that the learning models could be guided to deduce joint position information from

the end-effector’s position and orientation by removing the joint position features during training.

Our findings also highlighted the torque direction’s importance over its amplitude and how encoder

value inconsistencies post-homing could escalate calibration errors. Yet, omitting encoder features

when other pose-related features are present, or incorporating at least one homing procedure in the

training, ensures consistent, optimal performance. Lastly, employing only the key features identified

in the ablation study allowed the creation of lightweight models that not only enhanced accuracy

but also significantly expedited training.
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Chapter 5

INSTRUMENT SEGMENTATION OF SURGICAL ROBOT END-EFFECTOR

Accurate instrument segmentation in the endoscopic vision of minimally invasive surgery is

challenging due to complex instruments and environments. Deep learning techniques have shown

competitive performance in recent years. However, deep learning usually requires a large amount

of labeled data to achieve accurate prediction, which poses a significant workload. To alleviate

this workload, we propose an active learning-based framework to generate synthetic images for

efficient neural network training. In each active learning iteration, a small number of informative

unlabeled images are first queried by active learning and manually labeled. Next, synthetic images

are generated based on these selected images. The instruments and backgrounds are cropped out and

randomly combined with blending and fusion near the boundary. The proposed method leverages the

advantage of both active learning and synthetic images. The effectiveness of the proposed method is

validated on two sinus surgery datasets and one intraabdominal surgery dataset. The results indicate

a considerable performance improvement, especially when the size of the annotated dataset is small.

5.1 Method

5.1.1 System workflow

Fig. 5.1 shows the workflow of the entire system. During training, the proposed system uses active

learning to choose the most informative samples from the unlabeled pool of the database and asks

for annotation (Section 5.1.4). Then, synthetic images are generated and added to the labeled pool

with the real images to ‘make the best use of’ the selected real images (Section 5.1.2). The goal

is to train a segmentation model on fewer hand-labeled real images while maintaining competitive

performance.

The dataset (Section 5.2.1) consists of a labeled pool and an unlabeled pool of images. Because

endoscopes are widely used in robot-assisted surgeries, it is not difficult to obtain unlabeled videos

and images. Some of the datasets contain background images in which surgical tools are not present,



77

Figure 5.1: Workflow of the system. The segmentation model is first trained by labeled images.

Uncertainty estimation is performed on the unlabeled real images to select the most informative

ones, which are then manually labeled. Next, synthetic images are generated from the labeled

images. There are 2 types of synthetic images. Type-1 syntheses have the same instrument as the

original real image while Type-2 syntheses have the same background.

which can form a background pool.

Initially, some real images are randomly chosen and moved from the unlabeled pool to the la-

beled pool by human annotation. Synthetic images are first generated using the images in the labeled

pool and are then added back to the labeled pool. Next, a segmentation model is trained using the

labeled pool. Then, uncertainty estimation is applied to the unlabeled pool, and the most informa-

tive images are queried by the BALD active learning criterion, asking for annotation. Synthetic

images are generated based on the newly labeled images. For each real image, there are two types

of synthetic images. Type-1 synthetic images have the same surgical tool as the original real image,

and the background is randomly selected from the background pool. Type-2 synthetic images have

the same background as the original real image (background inpainting is applied to the original

real image to remove the original tool), and the surgical tool is randomly selected from the labeled

pool. If the dataset has no or few background images, background inpainting of instrument pixels

in the selected labeled real images is performed and the generated backgrounds are added to the

background pool (Section 5.1.3).

After the generation, the newly labeled real images and the synthetic images are added to the
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Figure 5.2: Generation of a synthetic image. Note that yv is only for visualization, where the solid

green line indicates the outline of the instrument, the yellow area is from the background image

xb and the blue area is from the instrument image xic. The transition area can be found around the

boundary of the instrument on the synthetic image.

labeled pool and then the segmentation model is trained again to start a new iteration. This is

repeated until the labeling budget or the desired performance is reached. Budget in this work is

defined as the fraction of real training images which are manually annotated, compared to the total

number of real training images.

5.1.2 Generation of synthetic images

The generation of each synthetic image begins with one selected real labeled image. To generate

Type-1 synthetic images, the selected image is used as the instrument image, and a background

image is randomly chosen from the background pool. To generate Type-2 synthetic images, the

selected image is used as the background image with inpainting applied to remove the instrument,

and an instrument image is randomly selected from the labeled pool. The tool from the instrument

image is copied and pasted on the background image, with resizing, movement, and fusion. Fig. 5.2

shows the workflow of the generation of synthetic images.

The procedure starts with xi - a labeled real image that includes an instrument, and xb - a pure

background. The instrument image xi also has a mask yi, a binary matrix with the same size as xi

in which the instrument pixels are 1 while other pixels are 0. Resizing, movement, and rotation are
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first applied to the instrument and the mask:

xir = R(xi, c, w, h, θ) (5.1)

yir = R(yi, c, w, h, θ) (5.2)

where R(·) is the operator, c, w, h, and θ are the factors of resizing, movement in width and height,

and rotation angle, respectively. These operations are applied sequentially. A binary dilation [121]

is applied on the new mask yir so that in the dilated mask yid, the region of the instrument is larger

than the true mask of the instrument yir.

yid =
⋃
b∈B

yirb (5.3)

where B is a d × d matrix and d is the dilation kernel size, yirb is the translation of yir by b. After

dilation, the fusion mask yf is generated by applying average blur or Gaussian blur [122] to the

mask yid:

yf = Ba(y
i
d, k) (5.4)

yf = BG(y
i
d, k, σ) (5.5)

where Ba(·) and BG(·) are the operators of average blur and Gaussian blur, respectively. k is the

kernel size and σ is the standard deviation. According to [1], the artifacts from the copy-and-paste

operation may result in decreased performance if the model is trained on synthetic images. Multi-

blending, using the same synthetic images but different blending methods in the training set, can

prevent the model from learning blending artifacts and improve the performance on real images

(Fig. 5.3). Color and brightness adjustment is applied to narrow the gap between the color style of

the instrument and the background, for each channel of the adjusted image:

xic,chn = β

∑
xb∑
xir

(
α

∑
xbchn∑
xir,chn

xir,chn + (1− α)xir,chn

)
(5.6)

where α is the factor of color adjustment, β is the factor of brightness adjustment, xbchn and xir,chn

are the same channel of the background image and the instrument image, respectively. After the

adjustment of color and brightness, the instrument is blended onto the background by:

xf = yf ⊙ xic + (J − yf )⊙ xb (5.7)
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Figure 5.3: Multi-blending: images on the left and right are similar because they have the same

size and position of the instrument and background, however, the instruments are blended on the

background by different blending methods and parameters (average fusion on the left and Gaussian

fusion on the right). According to [1], when training deep learning models, using multi-blended

synthetic images can prevent the negative effect of blending artifacts.
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Figure 5.4: Original real images (left), Type-1 synthetic images (center) and Type-2 synthetic im-

ages (right). Compared with the real images, Type-1 has different backgrounds and Type-2 has

different instruments.

where ⊙ indicates element-wise multiplication, J is a matrix of ones with the same size as yf . A

weak Gaussian blur is applied and the border is trimmed to restore the outline, and thus finalize the

generation of the synthetic image xsyn and the corresponding mask ysyn. Fig. 5.4 shows examples

of Type-1 and Type-2 synthetic images.

5.1.3 Inpainting of backgrounds

As introduced in 5.1.2, a synthetic image is generated from a labeled instrument image and a back-

ground image. However, it is not always feasible to find background images in every dataset. Thus,

for those datasets without background images, image inpainting is performed to generate back-
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grounds from labeled instrument images.

Fig. 5.5 shows the procedure of background inpainting. It is similar to the generation of synthetic

images. The difference is that for the inpainting of backgrounds, an area of background is blended

over the instrument pixels, instead of blending an instrument over a background. There are 2 types

of inpainting, self-inpainting and external inpainting. First, self-inpainting can be performed by

self-flipping or rotation of the original image (5.8), if the flipped or rotated mask does not overlap

with the original mask (5.9):

xbi = yf ⊙ xir + (J − yf )⊙ xi (5.8)

yf ∩ yfr = 0 (5.9)

where xi is the image including instrument, xbi is the inpainting background with instrument re-

moved, yf is the fusion mask generated by the method mentioned in 5.1.2, xir and yfr are the flipped

or rotated image xi and mask yf . Flipping can be applied vertically or horizontally, and rotation can

be applied for degrees of 90, 180, and 270.

However, sometimes the masks yf and yfr always overlap regardless of flipping and rotation. In

this case, external inpainting can be performed by randomly selecting another background from the

background pool as a source for the pixels covering the instrument:

xbi = yf ⊙ xb2 + (J − yf )⊙ xi (5.10)

where xb2 is the background (original or inpainting) from the background pool and the other vari-

ables are the same as self-inpainting. To prevent the rare situation that self-inpainting is not appli-

cable for all active selected real images in the first active learning iteration, 1 external background

should be added to the background pool at the beginning of active learning. As active learning and

generation of synthetic images proceeds, inpainting backgrounds will be added to the background

pool.

5.1.4 Active learning

Active learning effectively reduces the annotation burden while ensuring that the model retains

competitive performance with limited labeled data. The proposed system uses a pool-based AL
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Figure 5.5: Generation of inpainting backgrounds (right). The instruments on the original images

(middle) are removed by self-rotation / flipping or existing backgrounds (left).
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method (Fig. 5.1). The iteration of the active learning is introduced in Section 5.1.1 and BALD is

used as the criterion to query unlabeled images.

The BALD criterion chooses the images which are expected to maximize the mutual information

between predictions and model posterior:

I[y, ω|x,Dtrain] = H[y|x,Dtrain]− EP (ω|Dtrain) [H[y|x, ω]] (5.11)

where x is the input image and y is the output label, H[y|x,Dtrain] and H[y|x, ω] are the entropy

[123] of the prediction P (ω|Dtrain) and distribution P (y|x, ω), respectively. Dtrain is the labeled

training data, and ω are model weights. The first term seeks the images which have high average

entropy in the sampled models. The second term imposes a penalty such that the images on which

the models disagree are kept while overall unconfident images are dropped.

To perform BALD, Monte-Carlo (MC) dropout is performed during training and inference. The

implementation of the BALD criterion on image semantic segmentation is:

I[y, ω|x,Dtrain] ≈ −
∑
c

(
1

T

∑
t

ptc) log(
1

T

∑
t

ptc)

+
1

T

∑
t,c

ptc log p
t
c

(5.12)

where c is the number of classes, T is the number of committee members (models trained and

inferred with MC dropout), and ptc is the softmax probability of the pixel. Examples of BALD

distribution and queried unlabeled images are shown in Fig. 5.6.

5.2 Experiments

5.2.1 Datasets

All the images in the 3 datasets below were manually labeled by experts (attending surgeons and

surgical residents). However, ground truth masks were hidden by default and were provided only

when the images were in the test set or were marked as ‘labeled’.

UW-Sinus-Surgery-C/L Dataset [48] contains two parts: the live dataset (Sinus-Live) and the

cadaver dataset (Sinus-Cadaver). For the Sinus-Live dataset, 3955 labeled images from the first two

videos were used as the training set. And the third video contains 701 labeled images that were

used as the test set. 696 background images were manually selected from the first two videos and
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Figure 5.6: The distribution of BALD acquisition values on unlabeled images (left) and examples of

queried images with the softmax probability masks (right) in early, middle, and late AL iterations.

395 real annotated images were used in the training and generation of synthetic images. The seg-

mentation model was retrained for 70 epochs after each active learning iteration.
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Figure 5.7: Example images from Sinus-Live (top) and Sinus-Cadaver (bottom) datasets.

provided to the system when external backgrounds are required. Manually choosing backgrounds

was not as costly as annotating the segmentation of images. Three non-medical laypersons were

asked to select 700 backgrounds out of 20000 images, which took 25 min, 17 min, and 31 min,

respectively. All the images were resized and center-cropped to 240×240.

The images in the test set and training set were from different videos of different surgical proce-

dures. Because there were very few real images used in some experiments, non-informative images,

such as pure black or white images caused by over-exposure or blocking, were manually removed

from the training set. However, no image was removed from the test set to ensure that the perfor-

mance was fairly evaluated.

The Sinus-Cadaver dataset was built similarly, collected from 10 surgery videos on 5 cadaver

specimens. The training set, test set, and background set have 2908, 1437, and 597 images, re-

spectively. Due to the different conditions of each cadaver specimen, the overall appearance of

the images can be different. However, none of the recorded videos show considerable similarity to

real surgeries. Humans have no difficulty visually distinguishing cadaver videos and live videos.

Examples from Sinus-Live and Sinus-Cadaver can be found in Fig. 5.7.

EndoVis 2017 Robotic Instrument Segmentation Dataset is from one of the sub-challenges of
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MICCAI 2017 [70]. The images were derived from 10 sequences of abdominal porcine procedures

recorded using da Vinci Xi robotic endoscopic surgery systems. The instruments used include Large

Needle Driver, Prograsp Forceps, Monopolar Curved Scissors, Cadiere Forceps, Bipolar Forceps,

Vessel Sealer, and an ultrasound probe. The selected frames were labeled by a segmentation team at

Intuitive Surgical. Although the videos were recorded by stereo cameras, only left-eye images were

labeled. We used 900 images (225 for each video) with labels, from videos 1 - 4, as the training set.

900 images and labels from videos 5 - 8 were used as the test set. Due to the long training time of

the active learning, the images were resized to 427×240 to reduce computational time.

5.2.2 Parameters of generation of synthetic images

The workflow of the generation of image syntheses is shown in Fig. 5.2. The parameters of the

generation of synthetic images were empirically chosen and applied to all the experiments unless

stated otherwise. (Type-1, Type-2) syntheses per selected real image were set to (2, 0) without

multi-blending for the Sinus-Live and Sinus-Cadaver datasets, and (0, 1) with multi-blending for

the EndoVis 2017 dataset. External backgrounds were only provided to the Sinus-Live and Sinus-

Cadaver datasets, while background inpainting was only applied to the EndoVis 2017 dataset. The

factor of tool resizing c was set to range [0.9, 1.2] for all datasets. The movement width w and

height h were set to up to 24 pixels, with rotation θ up to 30 degrees. When blending instruments

on backgrounds, the dilation kernel d was set to 15 pixels for all datasets, while the fusion blur

kernel k was set to range [10, 15] pixels for Sinus-Live and EndoVis 2017, and range [5, 10] for

Sinus-Cadaver. The factor of color adjustment α was set to range [0.4, 1.0]. A larger α results in

a stronger adjustment and 0 means no adjustment. The range of brightness adjustment β was [0.9,

1.3]. The larger β, the brighter the adjusted image is, and 1.0 means no adjustment.

5.2.3 Training details

The segmentation model used in this work has the same structure as [48], unless stated otherwise.

This is a modified DeepLabv3+ [124] encoder-decoder model with MobileNet [125] as the feature

extractor. To fit in the active learning iterations, the learning rate was increased, and the training

iterations were decreased significantly to accelerate the training, though the accuracy was slightly
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compromised. Adam [114] was used as the optimizer, and the exponential decay rates of the 1st

and 2nd order moment estimates were 0.9 and 0.999, respectively. The batch size was set as 16.

Because we used different budgets of the hand-labeled training set in the experiments, for all the

experiments in this work, the training iterations were 20 basic epochs plus a compensation of 5/bud-

get(percentage) epochs to ensure convergence when a small budget is used. For example, epochs

were 25 (20+5) for 100% real images budget, and 30 (20+10) for 50% budget. The segmentation

model was retrained for the epochs after each active learning iteration. The initial learning rate

was set to 0.001 and exponential decay strategy was applied. The backbone lightweight MobileNet

was pretrained on ImageNet [126]. Image augmentation was also applied to the training data for

better generalization ability, which includes hue, brightness, saturation, contrast, flipping, rotation,

zooming, and zero-padding.

In the beginning, all the images in the dataset were in the unlabeled pool and the labels were

hidden. For example, if the real-image budget was 394 images (10% of the Live dataset), then 197

(half) real images were randomly chosen first, and the rest 197 images were chosen by the BALD

criterion in 3 iterations. Once chosen from the unlabeled pool, the real images were moved to the

labeled pool and their labels were revealed. Synthetic images were generated with labels naturally.

5.2.4 Evaluation metrics

Two main evaluation metrics were used in this work, Dice similarity coefficient (DSC) and intersec-

tion over union (IoU) [127], which are defined as

DSC =
2|S ∩G|
|S|+ |G|

, IoU =
|S ∩G|
|S ∪G|

where S is the foreground pixels of prediction, G is the corresponding ground truth, and | ∗ | is the

counting operation. To study the effect of blending and fusion on the performance of segmentation

near the boundary, IoU near boundary (IoUNB) was used as an additional metric,

IoUNB =
|S ∩G| ∩B

|S ∪G| ∩B

where B denotes the near-boundary binary mask with width of 20 pixels band region near the

instruments’ boundary. The mean values of these three metrics are calculated over each test, denoted

as mDSC, mIOU, and mIoUNB.
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5.3 Results

5.3.1 Usage of real images

The performance of the proposed method was evaluated when different annotation budgets were

used. Budgets were set as proportions of the total real images in the training set as introduced in

Section 5.2.1, from 1% to 100%. For each budget, 4 tests were performed - 1) randomly chosen

training images without synthetic images, 2) BALD implemented - half chosen by BALD and the

other half chosen randomly, without synthetic images, 3) randomly chosen real images with gener-

ated synthetic images, 4) BALD implemented with generated synthetic images. We also compared

the proposed method with baseline results, which were obtained when the training budget was 100%

with no synthetic images.

The evaluation results of segmentation performance are shown in Table 5.1 and method ablation

on more budgets is shown in Fig. 5.8. Each entry is the average of 5 repetitive tests with different

global random seeds to reduce the influence of randomness, which applies to all the experiments in

this work. From Fig. 5.8, it can be seen that by generating synthetic images with active learning,

the performance of segmentation was significantly improved when the budget was small. Com-

pared with randomly chosen real images and no synthetic images, the average improvement of the

proposed method in mDSC with less than 10% budgets was 5.31%, 8.15% and 3.41% in Sinus-

Live, Sinus-Cadaver and EndoVis 2017 datasets, respectively. Specifically, the improvement on the

Sinus-Live and Sinus-Cadaver dataset with only 1% budget was 6.67% and 12.20%. Overall, as the

budget increased, the improvement became smaller. However, a considerable improvement could

still be achieved when the budget was 100% of the training set (BALD was not applicable). The

improvement in EndoVis 2017 dataset was not as significant, but the proposed method began to

outperform the baseline result at only 10% usage of the training set.

Similar trends can be seen in mIoU and mIoU near the boundary. The average improvement of

the proposed method with small budgets (less than 10%) was significant in mIoU - 7.11%, 10.02%,

and 4.93% in the three datasets, as well as mIoUNB - 5.22%, 7.42% and 6.39%. Considerable im-

provements in mIoU could still be seen when the budget is 100% of the training set - 3.04%, 1.33%

and 2.14%. However, for mIoUNB, only the result of the Sinus-Live dataset showed improvement

(4.52%), while the results of the other two datasets were similar to the baseline results.
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Figure 5.8: Evaluation of the model trained by different budgets of real images, with and without

active learning (BALD) and synthetic images (SYN). The solid lines indicate the average over 5

repetitive tests and the shades indicate the standard deviation. The horizontal axes are nonlinear for

better visualization. The training on the EndoVis 2017 dataset did not converge on the 1% or 2%

budget because of too few images. Thus, the evaluation of this dataset started at 5%. The baseline

result is obtained by training the model on 100% real images (no synthetic images), regardless of

budget.
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5.3.2 Number and type of synthetic images and multi-blending

As introduced in Section 5.1.2, there are 2 types of synthetic images. For each chosen and labeled

real image, Type-1 synthetic images have the same instrument and Type-2 synthetic images have

the same background as the real image. Multi-blending is also reported in [1] to avoid decreased

performance caused by the artifact near the boundary in synthetic images. Thus, this experiment

was performed to study the effectiveness of the 2 types of synthetic images and multi-blending. To

better compare the results, the experiments were separated into 3 groups. Each group tested the same

number of generated images per real image. For example, in Table 5.2, tests in Group 2 featured 8

synthetic images for each queried real image - (2[Type−1]+2[Type−2])×2[Multi−blending].

Consequently, tests in each group had the same number of training iterations to ensure that the

model was trained for the same fixed number of steps. To ensure convergence, instead of keeping

training iterations, the training epochs of Group 2 and 3 were the same as Group 1 so that the

training iterations of Group 2 and 3 were 4 and 6 times larger compared to Group 1, respectively.

The annotation budget was fixed at 10% of the training set.

The results are shown in Table 5.2. In Group 1, for the 2 sinus surgery datasets, the best perfor-

mance on mDSC and mIoU was achieved by 2 Type-1 synthetic images, while the best performance

on mIoUNB was achieved by 1 Type-2 image with multi-blending on the Sinus-Live dataset, and

by 1 Type-1 image with multi-blending on Sinus-Cadaver dataset. For the EndoVis 2017 dataset,

1 Type-2 image with multi-blending gave the best result on mDSC and mIoU, and 1 Type-1 image

with multi-blending gave the best result on mIoUNB. In Group 2, although the training steps were

increased significantly compared to group 1, a decrease in performance could be seen in the Sinus-

Cadaver and EndoVis 2017 datasets. Within the group, there was little difference in results with

and without multi-blending on the Sinus-Live and EndoVis 2017 datasets. However, multi-blending

increased the performance significantly in the Sinus-Cadaver dataset. A similar trend was observed

in Group 3. Although no considerable difference was seen on mDSC and mIoU in Sinus-Live and

EndoVis 2017 dataset by applying multi-blending, an improvement was observed on mIoUNB.
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Figure 5.9: Segmentation result (mDSC) with different backgrounds. The baseline result is obtained

by training the model on 100% real images (no synthetic images).

5.3.3 External backgrounds

For the proposed method, backgrounds can be generated by inpainting from labeled instrument

images or be provided from external backgrounds. This experiment studied whether providing

external backgrounds can help with the segmentation result. The tests were separated into 4 groups

according to the budget of real images. In each group, there are 4 sub-tests. One test only used real

images to train the segmentation model without synthetic images. The remaining 3 sub-tests were

all supplemented with synthetic images (BALD implemented). The only difference was how the

backgrounds were provided. Because no external backgrounds (frames without instruments) could

be found in the EndoVis 2017 dataset, all synthetic images for this dataset had to be generated from

inpainted backgrounds. Thus, only the two sinus datasets were used in this experiment.

The result in Fig. 5.9 (mDSC) shows that including external backgrounds improved the perfor-

mance significantly when few real images were used (1% of the training set). For the Sinus-Live

dataset, compared with no external backgrounds, the improvement was 2.77%, 2.89% and 1.93%

in mDSC, mIOU and mIoUNB, respectively. For the Sinus-Cadaver dataset, the improvement was

4.02% (mDSC), 4.86% (mIOU) and 1.74% (mIoUNB). However, when a greater proportion of real

images were used, the improvement was less considerable. For the Sinus-Live dataset, when 100%

of the labeled real-image training set was used, the improvement was 0.52%(mDSC), 0.70%(mIOU)
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Figure 5.10: Comparison of segmentation performance with state-of-the-art approaches. Sinus-

Live dataset: CycleGAN [2], LC-GAN [3], and fully supervised MFFA [4]. EndoVis 2017 dataset:

AGSD [5], FUN-SIS [6], PAT-Ext [7], Multi-blending and Mix-blending [1, 8]. Evaluation metrics

(mDSC or mIoU) are chosen based on the commonly used ones in the compared methods. Note that

LC-GAN used annotated images from the cadaver dataset and FUN-SIS used annotated images from

other existing datasets. Multi-blend and Mix-blend methods used 14180 auto-labeled instrument

foregrounds to generate synthetic images. For the Sinus-Cadaver dataset, to the best of the authors’

knowledge, no unsupervised, semi-supervised, or GAN-based learning methods were reported at

present.

and 0.60%(mIoUNB). But for the Sinus-Cadaver dataset, although improvement could still be seen

in mDSC and mIOU with external backgrounds, a decrease in performance was found in mIoUNB(-

0.99%).

5.3.4 Comparison with state-of-the-art in 2023

Fig. 5.10 presents a performance comparison of our proposed method with state-of-the-art tech-

niques. On the Sinus-Live dataset, the proposed method outperformed GAN-based approaches

[2, 3] with less annotated data used. The proposed method also achieved close performance with

fully-supervised learning [4].

ResNet50 [128] and MobileNet [125] were used as the backbone model to evaluate the perfor-
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mance of the proposed method on the EndoVis 2017 dataset. With ResNet50 backbone, a small

training set of 45 labeled images, and no other additional human efforts such as acquiring pseudo

labels, our approach achieved competitive performance among the state-of-the-art unsupervised and

semi-supervised learning approaches [5, 6, 7], as well as the generation of synthetic images [8].

Compared to the accuracy of 50% supervised learning using 900 labeled images reported in AGSD

[5], our method achieved better accuracy using 450 labeled images, and had a close performance as

the fully supervised training in AGSD. When using MobileNet as the backbone model, our proposed

method did not achieve the best accuracy of segmentation. However, compared to ResNet50, this

lightweight model had faster training and inference speed and could be suitable if efficiency is a

priority or computational resources are limited.

5.3.5 Realism of synthetic images

The proposed method generates synthetic images by placing instrument sprites according to mul-

tiple parameters including scaling, translation, rotation, blending, and color adjusting. To generate

various synthetic images, these parameters are randomly chosen in relatively wide ranges. Some of

the parameters (particularly edge blending) can affect the level of image realism apparent to humans.

To study how human-perceived realism impacts learning performance, the realism of the syn-

thetic images needed to be evaluated. Three expert sinus surgeons participated in this experiment

and performed a review of images. 100 real and 200 synthetic images were randomly chosen and

generated from the UW Sinus-Live dataset. These images were shown to the participants and they

chose whether the image appeared ’real’ or ’synthetic’. Thus, the realism of a synthetic image could

be evaluated by how many times it was considered ’real’ by an expert (Fig. 5.11). Examples of the

synthetic images that were unanimously rated real (3 of 3) and not real (0 of 3) are shown in Fig.

5.12.

In the review results, 10, 31, 66, 93 synthetic images received 3, 2, 1, and 0 realism scores,

respectively (Fig. 5.13). To study the effectiveness of different levels of realism in synthetic images,

4 training datasets were formed: 1) Baseline: only the 100 real images; 2) More realistic: 100 real

images and 107 synthetic images with at least 1 ’real’ rating; 3) Less realistic: 100 real images

and 107 synthetic images (93 with 0 ’real’ rating, and 14 with 1 ’real’ rating, randomly chosen to
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Figure 5.11: Confusion matrix of the image review result from 3 expert surgeons. 200 synthetic and

100 real images were reviewed. For each image, experts were asked to choose whether the image

was more likely to be ’real’ or ’synthetic’.

Figure 5.12: Examples of the most realistic synthetic images that received 3 out of 3 realism ratings

(top), and less realistic synthetic images received 0 out of 3 realism ratings (bottom).
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Figure 5.13: Realism ratings from the image review. Synthetic images with 1 or more realism

ratings are considered ’more realistic’, and otherwise ’less realistic’, as the yellow line indicates.
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compensate the size and thus the training iterations were the same); 4) All images: all 100 real

image and 200 synthetic images.

The performance of models trained by these 4 training sets (Table 5.3) suggested that training

with more realistic synthetic images or less realistic images had similar performance. The less real-

istic dataset slightly outperformed the more realistic dataset by 2.24%, 2.2%, and 2.47% in mDSC,

mIoU, and mIoUNB, respectively. Including all synthetic images achieved medium performance.

To further explore the impact of human-perceived realism on training effectiveness, feature ex-

traction based on DINO [129] was performed on real images in the training and test set, as well as

more and less realistic synthetic images. Augmentation was also applied, the same as the training of

the segmentation models in this work (details in Section 5.2.3). Then a principal component anal-

ysis (PCA) was followed to reduce the extracted features to 2D for easier visualization, presented

in Fig. 5.14. In this PCA subspace, less realistic images displayed a marginally greater variety

than their more realistic counterparts. In Fig. 5.14, the average distance of each image in the test

set to the closest image in the more realistic training set was 3.217, while the distance of the less

realistic training set was 3.211. In comparison, this average distance for the training set with only

real images was 3.353. Thus, this experiment suggested that although the proposed copy-and-paste

method could generate human-perceived unrealistic images, these images could still contribute to

the training and enhance the variety of the training data.

5.4 Discussion

In this work, we studied the use of image syntheses directed by active learning to improve the

performance of surgical instrument segmentation. The results of the study on real image usage indi-

cated that the proposed method improved the performance of segmentation significantly, especially

when few real labeled images were used. With 10% real images budget combined with actively

generated synthetic images, the performance of segmentation was comparable to using 50% of real

images without synthetic images, cutting manual labeling effort by 80%. The performance of the

proposed method was comparable with the baseline result (using 100% of the hand-labeled training

set) when using only 50%, 75%, and 10% of hand-labeled data when evaluated on the Sinus-Live,

Sinus-Cadaver and EndoVis 2017 datasets, respectively.
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Figure 5.14: Principal component analysis on extracted features of real images in the training and

test set, more realistic synthetic images, and less realistic synthetic images, corresponding to Table

5.3. Despite that less realistic synthetic images expand the training set slightly better than more re-

alistic synthetic images, the distributions of the two image sets are close. This is notable considering

their significant differences in human-perceived realism, as depicted in Fig. 5.12.
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For the sinus surgery datasets, Type-1 synthetic images (the same instrument as the real image

but with a different background) slightly outperformed Type-2 synthetic images (different instru-

ments but with the same background). Although multi-blending made no major improvement in

overall performance, it improved the segmentation near the boundary. In addition, too many syn-

thetic images were observed to decrease the performance (Group 3 of Table 5.2).

We varied the method of generating background images between inpainting the space occu-

pied by instruments, and using original video frames that contained no instruments (external back-

grounds). The use of external backgrounds improved the performance significantly when the an-

notating budget was extremely small, without adding much workload. Because manually selecting

background-only frames from surgical videos requires no expertise and is not as time-consuming

as labeling the instruments, especially when different parts of the instruments have different labels,

adding external backgrounds is an efficient way to improve the segmentation with small numbers of

labeled images.

5.5 Conclusion

Motivated by alleviating the experts’ workload of annotating for instrument segmentation in endo-

scopic images, we propose the use of actively generated synthetic images to reduce the need for

labeled real images while having comparable performance. When training segmentation models,

the proposed method selects the most informative unlabeled images, then annotates these images

and generates synthetic images based on the selected real images. Thus, a more diverse training set

is formed by labeled real images and synthetic images, which results in considerable improvement

in performance compared with using real images only, especially when the budget for annotating

“new” images is small. The proposed method utilizes and combines active learning and genera-

tion of synthetic images to reduce the usage of real labeled images, and can be flexibly applied to

different segmentation models and datasets, with different active learning criteria.

The current framework is limited to binary segmentation. In the future, we plan to generalize

the proposed method to semantic segmentation among different instruments and parts. We also

plan to further explore the relationship between realism to humans and effectiveness to artificial

intelligence. There are many factors affecting the realism of synthetic images, and the influence of
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these factors on machine learning performance remains to be discovered.
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Table 5.3: Segmentation Performance with Different Syntheses Realism

Dataset
Images Performance(%)

Real Syn mDSC mIoU mIoUNB

Baseline 100 0 62.51 55.89 48.35

More Realistic 100 107 68.04 61.15 55.22

Less Realistic 100 107 70.28 63.35 57.69

All 100 200 68.60 62.30 57.08
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Chapter 6

DISTAL FORCE SENSING AND FORCE ACTUATION SYSTEM

Difficulty in haptic feedback for surgical robots has been a long-term problem for decades. In

recent years, learning-based force estimation from robot states suggests desirable accuracy without

the necessity of extra sensors. However, challenges remain in obtaining representative training data

in which the robot moves in the workspace under various external forces. In this work, a parallel

motor-cable system is developed. With six motor-cable units installed around the robot workspace,

cables with controllable tension connected to the robot end-effector can provide the desired external

force without interfering with the movement of the surgical robot. The development of the system

includes motor-unit hardware, control software, sensor drivers, simulations, and more. Preliminary

experiments suggest an accuracy of force estimation with errors less than 1 N.

6.1 Method

Overall, the force actuation system has 6 motor-cable units installed around the Raven-II surgical

robot, shown in Fig. 6.1. All cables are connected to the end-effector of Raven-II from various

directions By controlling the motor torques and adjusting the cable tensions, the system can apply

forces of arbitrary direction and magnitude to the end-effector of Raven-II.

6.1.1 Hardware

As shown in Fig. 6.1 (right), each motor-cable units consist of the following parts: 1) a DC motor

outputting torque, 2) a cable reel converting motor torque to cable tension, 3) a load cell sensing the

cable tension for feedback, 4) a fixing frame that points the measurement direction of the load cells

to the center of the robot workspace to make the best use of the resolution.
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Figure 6.1: The hardware and setup of the force actuation system. There are 6 motor-cable units

(marked by red circles) installed around the robot workspace, and all cables are connected to the

robot end-effector. By adjusting the tensions on cables, different forces can be applied to the end-

effector.

6.1.2 Control Software

The control software is based on Robot Operating System (ROS) and is compatible with the Raven-

II software controller. As shown in Fig. 6.2, the control loop consists of the following major

procedures: 1) The system receives the force control command from the high-level controller that

controls both Raven-II movement and force actuation. 2) Based on the motor locations and the

current end-effector position from the robot state, the direction of each cable is computed. 3) Based

on the force command and cable directions, SLSQP optimization is used to find the desired tension

on each cable. A minimum cable tension is maintained all the time for the smoothness and stability

of force actuation. There are 2 levels of feedback control. The higher-level feedback control is on

the force command, based on the difference between the desired force and the actual applied force.

The lower-level feedback control is on the cable tension, based on the difference between the desired

cable tension and the actual cable tension measured by load cells. The feedback from the load cells is

essential because the motors have considerable friction, which causes different cable tension output

under the same motor torque command, when the motor rotates in different directions, as shown in
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Figure 6.2: The control workflow of the force actuation system. The higher-level feedback control

is on the force command, while the lower-level feedback control is on each single cable tension.

Fig. 6.3.

6.1.3 Associated Electronics

The electronics of the force actuation system are shown in Fig. 6.4. The load cell drivers are

able to provide measurements at 320 Hz for the feedback control of the cable tensions, while the

conventionally used HX711 breakout board can only achieve 80 Hz. The Ethernet cable needs to

be shielded and grounded. Otherwise, the I2C communication can be interrupted when the mo-

tor power is on. Currently, the motor control is achieved by the right arm of the Raven-II robot,

with modified control software. Future work includes separating the motor control and the low-

level tension control into independent motor drivers and microcontrollers. Details of the associated

electronics can be found in [130].

6.1.4 Simulation of the System

For the accuracy of the force actuation system, it is critical to find proper motor locations, so that

each cable tension will not exceed the limit to provide desired forces, and cables do not interfere with

the robot and other obstacles. To find desirable motor locations, a simulation of the force actuation

system is developed, shown in Fig. 6.5. In simulation, bounding boxes of the movement of the
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Figure 6.3: Cable tension output under the same motor torque command but different directions of

motor rotation. If the motor rotation and torque have the same direction, the actual cable tension

is smaller than the command. If the motor rotation and torque have opposite directions, the actual

cable tension is larger than the command.



108

Figure 6.4: 320 Hz load cell drivers for feedback control on cable tensions.
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robot arm links are created to check the interference of cables against the robot. And the Monte-

Carlo simulation of the robot end-effector workspace is also developed to analyze the maximum

cable tension needed for the desired range of force actuation. Motor positions closer to the robot

workspace have benefits of a smaller influence of cable elasticity, but the cable direction can have

larger changes due to robot movement and results in larger cable tensions. In addition, a Monte-

Carlo simulation of the workspace of Raven-II is also developed, as shown in Fig. 6.6.

6.1.5 Localization of Motor Units

In order to find the cable directions in the control loop, the motor units’ locations must be known

in the coordinate frame of the robot. MicroScribe MX is used to measure the position of the motor

units, however, the position is represented in the device’s own frame. To obtain the transformation

between the robot frame and the measurement device frame, with the base of the measurement

device fixed, several points on the robot base with known positions in the robot frame are also

measured. Next, with the same points but positions represented in the robot frame and device frame,

Kabsch algorithm is used to obtain the transformation between the two frames. Details of the motor

localization are shown in Fig. 6.7 and Fig. 6.8.

6.1.6 Force Estimation with Local Motion

With the developed force actuation system, data with both robot movement and external forces can

be obtained, which can be used to train a neural network that can estimate the external force with

no extra sensor, as the force actuation system can be removed after training. Similar to the learning

calibration described in previous chapters, to improve the efficiency of the learning model, not all

robot states are used as the input of the model. Instead, joint positions, motor torque, and end-

effector pose are chosen as input, as these features are theoretically related to the contact force on

the end-effector.

Raven has relatively large joint frictions, due to cable tension and coupling. According to initial

tests, it is found that if Raven is static (no motion command and not moving), the external force can

be fully passively resisted by the joint frictions and thus cause no change in the motor torque. This

results in all input features staying constant under various external load. In other words, the input
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Figure 6.5: Simulation of the force actuation system with the bounding boxes of Raven-II surgical

robot and its workspace.
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Figure 6.6: Monte-Carlo simulation of the workspace of Raven-II. The blue box is approximate

size of the robot base as a size of reference. For better visualization, the blue, green, and red edges

are generated by having joint 1, 2, and 3 as variable, respectively, while setting the remaining 2

positional joints at maximum or minimum.
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Figure 6.7: Measurement of motor locations with intermediate frame reference plates. The Micro-

Scribe MX device and the frame reference plates can be located at any convenient locations, as long

as the locations are fixed while obtaining measurements of reference points. By measuring known

reference points on the robot base, the frame of MicroScribe can be obtained using the Kabsch

algorithm. If the motor is far away from the robot base so that the MicroScribe cannot reach the

robot base and motor unit at the same time, the frame reference plates can be used to extend the

measurement range. Multiple frame reference plates can be used to further extend the range.
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Figure 6.8: Chain of spatial relationship from the robot base frame to the motor locations, using

intermediate frame reference plates. 0P1 means the reference points of frame 1, represented in

frame 0. 0
1T means the transformation matrix from frame 0 to 1. Frame 0 is the robot base frame.

Frames 1, 2, ... are the intermediate reference frames. Frames d01 mean the device frame when

measuring intermediate reference frames 0 and 1.
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information cannot reflect the change of the external load and the robot cannot ”feel” the force. To

over come this, a small local motion is added when robot is static. The local motion is around 2◦,

2◦, and 2 mm for joint 1, 2, and 3, respectively. The comparison of motor torque without and with

local motion is shown in Fig. 6.9 and Fig. 6.10.

6.2 Experiments and Preliminary Results

6.2.1 Experiments

With the force actuation system, I recorded a dataset where the robot followed trajectories with both

position and external force for the training of neural network models, shown in Fig. 6.11. Statistical

analysis suggested that compared to the desired external force, the actual applied force had mean

absolute errors of 0.80 N, 0.79 N, and 0.44 N in X, Y, and Z direction, respectively.

Data set 1: To verify if the local motion is necessary, two training sets were recorded, one with

local motion and one without local motion. Then a test set with both moving and static status of

robot was also recorded.

Data set 2: To train the neural network and evaluation the estimation of the external contact

force, another training dataset of 2 hours were recorded, in which 50% of time is static while the

robot kept moving randomly in the rest of time. It is worth noticing that the static status means

that the robot was not moving, while the external force provided by the force actuation system kept

changing. After training data is collected, multiple hours of testing data was also collected with

random movements and forces, and it also had 50% mix of static and moving status.

6.2.2 Preliminary Results

Data set 1: The performance of estimation without and with local motion can be found in Fig. 6.12

and Fig. 6.13, respectively. It can be observed that without local motion, the neural network model

could not effectively estimate the contact force because the external forces were passively resisted

by joint frictions and could not be reflected in the robot states. As comparison, with local motion,

the external forces could be estimated with desirable performance.

Data set 2: The examples sections of force estimation in moving and static status are shown

in Fig. 6.14 and Fig 6.15, respectively. In moving status, with 2 hour training data, the MAE of
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Figure 6.9: Joint torque in robot state without local motion when external forces apply. Although

various external forces are still applied in the static status, the joint torques have no considerable

changes, because the external forces are passively resisted by the joint frictions.
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Figure 6.10: Joint torque in robot state with local motion when external forces apply. Compared

with Fig. 6.9, changes in joint torques can be observed in both moving and static status. However,

it should be noticed that the joint torques in the static status are caused by both local motion and

external force.
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Figure 6.11: Recorded robot trajectory with external force. The ”stars” are for studying the static

condition of the robot, in which the robot is not moving while the external force keeps changing.

Both position and force are normalized by their ranges for better visualization.
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force estimation in component of x, y, and z were 0.43 N, 0.41 N, and 0.41 N, respectively. In static

status, the MAE of force estimation in component of x, y, and z were 0.49 N, 0.35 N, and 0.36 N,

respectively.

6.3 Conclusion

In this work, a parallel motor-cable force actuation system is developed to apply desired exter-

nal forces to the Raven-II surgical robot. The system includes motor-cable unit hardware, control

software compatible with Raven-II software controller, sensor electronics, simulation, and motor

localization. With the system, Raven-II trajectories with external forces are recorded. The force

actuation system can be further improved by better smoothness and stability in control, as well as

separating motor drivers and MCUs to be independent from the Raven-II system.
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Figure 6.12: Example of force estimation performance when the robot has no local motion in static

status. Without local motion, the neural network model cannot estimate the external force in a static

status because external forces are not reflected in joint torques, as shown in Fig. 6.9.
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Figure 6.13: Example of force estimation performance when the robot has local motion in static

status. With local motion, the neural network model can estimate the external force in a static

status, because the joint frictions are overcome by local motion, so external forces can be reflected

in joint torques.
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Figure 6.14: Example of force estimation performance when the robot is moving.

Figure 6.15: Example of force estimation performance when the robot is static.
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Chapter 7

CONCLUSION AND FUTURE WORK

7.1 Conclusion

In summary, this dissertation advanced AI-enhanced control for cable-driven surgical robots by

addressing three closely related challenges: improving positional accuracy, improving visual per-

ception, and establishing a foundation for haptic interaction. Cable-driven surgical robots provide

compact and flexible mechanisms that are well suited for minimally invasive surgery, but cable

stretch, slack, friction, backlash, and the difficulty of distal sensing create substantial challenges

for accurate state estimation and closed-loop control. This dissertation demonstrated that learning-

based and data-driven methods can use indirect robot-state information to compensate for these

limitations and improve the practical performance of surgical robotic systems.

The first part of this dissertation developed an efficient data-driven joint calibration framework

for the Raven-II surgical robot. By correcting the positioning joints directly, the proposed approach

improved end-effector accuracy while keeping calibration time short enough to support repeated

calibration before operation. The feature ablation study further showed that not all robot-state infor-

mation contributes equally to learning-based calibration, and that joint positions and motor torques

contain the most important information for this task. These findings improve both the accuracy and

efficiency of the calibration model and provide insight into how learning models use robot-state

features in cable-driven mechanisms. Together with the Python-based Raven-II controller and the

low-cost visual tracking system (details in Appendix A), this work provides practical tools for more

accurate data collection, evaluation, and control of surgical robots.

The second part of this dissertation extended the role of AI-enhanced methods from robot cal-

ibration to surgical perception and haptic interaction. The proposed active-learning and copy-and-

paste synthetic image generation pipeline reduced the annotation burden for surgical instrument seg-

mentation while maintaining strong segmentation performance. In addition, the motor-cable force

actuation system developed in this dissertation provides a platform for applying controlled external
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forces to the Raven-II end-effector and collecting data for future distal force estimation. Overall,

this dissertation shows that AI-enhanced methods can help overcome key sensing and modeling

limitations in cable-driven surgical robots. These results contribute toward surgical robotic systems

that can operate with greater accuracy, richer perception, and stronger support for future semi-

autonomous and autonomous surgical tasks.

7.2 Future Research Directions

To maintain representativeness of data in data-driven calibrations and force estimation, the size

of the training dataset can increase exponentially as more dimensions are included in calibration,

and some dimensions are also coupled such as velocities and positions. For example, the current

positional calibration can be performed in 20 minutes, however, if we want to include loaded con-

figurations with 9 different forces and record training data for each individual force, the calibration

time increases to 3 hours and becomes unfeasible in real practice. Thus, I plan to develop a com-

prehensive calibration for surgical robots that includes positional accuracy, haptic feedback, and

automation of surgical tasks, and the efficiency of the calibration should be feasible in real prac-

tice, including human labor, calibration time, and computational cost. In future works, I aim to

improve the efficiency and feasibility of comprehensive calibrations of surgical robots, which in-

volves answering the following open questions. Q1: given a certain length and/or time, how to find

the trajectory that has the best coverage in a high dimensional and coupled space including position,

velocity, and contact force? I will explore this by developing an evaluation of a trajectory’s coverage

in n-D spaces, which should be suitable to guide and evaluate searching, optimization, and learning

methods. The high dimensional space is also weighted, as the workspace, velocity, and load do not

have even inner or inter distribution of importance. Q2: With the evaluation of coverage, how to

find the optimized training trajectory in a timely manner? I plan to explore approaches including

searching methods as a modified traveling salesman problem, non-linear programming optimiza-

tion, and reinforcement learning. A representative training trajectory can improve both the accuracy

and efficiency of calibration.

To support reinforcement learning for automation in surgical tasks, I also aim to develop a re-

alistic simulation of surgical robots that includes non-ideal features such as cable effects and motor
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backlash. However, it can be impractically difficult to accurately model cables and their couplings.

I plan to collaborate with the Raven-II community to collect a comprehensive dataset including

control commands, robot states, and ground truth information such as robot pose and external load,

from Raven-II robots with different conditions including cable tensions. By implementing this data

into the simulation, the sim-to-real gap can be alleviated significantly, which can benefit control and

automation algorithms developed in simulation to better generalize to real applications. Realistic

simulations can accelerate the development of automative control algorithms and enable massive

training of reinforcement learning. In addition, I also aim to explore physics-informed machine

learning to improve the reliability and explainability of learning-based approaches, which is of im-

portance in real practice.
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ing for classification and preference learning. arXiv preprint arXiv:1112.5745, 2011.

[93] Yarin Gal, Riashat Islam, and Zoubin Ghahramani. Deep bayesian active learning with image

data. In International Conference on Machine Learning, pages 1183–1192. PMLR, 2017.

[94] Toan Tran, Thanh-Toan Do, Ian Reid, and Gustavo Carneiro. Bayesian generative active deep

learning. In International Conference on Machine Learning, pages 6295–6304. PMLR, 2019.

[95] Sebastian Bodenstedt, Dominik Rivoir, Alexander Jenke, Martin Wagner, Michael Breucha,
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Appendix A

REAL-TIME DATA DRIVEN PRECISION ESTIMATOR FOR RAVEN-II
SURGICAL ROBOT AND VISUAL TRACKING OF END EFFECTOR POSITION

(Note: this work was completed during my master’s study and the gap year between my master’s

and Ph.D. studies. Since I did not have a master’s thesis, this work is included as an appendix in this

Ph.D. dissertation.)

To reduce the error caused by the cable-driven mechanism in surgical robots such as Raven-II, a

cost-effective, real-time and data-driven pipeline for robot end effector position precision estimation

is proposed and tested on Raven-II. Analysis shows an improved end effector position error of

around 1mm RMS traversing through the entire robot workspace without high-resolution motion

tracker.

A.1 Method

A.1.1 System Workflow

The end effector pose estimation system consists of two phases - vision-based ground truth mea-

surement and neural network estimator, as shown in Fig. A.1.

Phase One

4 webcams are mounted with poses determined by a two-phase calibration procedure (Fig. A.2,

left). During data recording, 3 distinct colored balls are fixed to the end effector as markers (Fig.

A.6 left). The balls are only used to collect training data and are removed in real operation. In

addition, the balls and the holder are hollow and very light, for a negligible load to the system. For

each image frame, preprocessing steps are performed and followed by Hough circle detection [131].

A frame update algorithm is then adopted to prevent false positives by comparing circles detected

in subsequent images. Finally, the 3 circle centers yield ground truth end effector position up to 0.5

mm accuracy.
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Figure A.1: Workflow for proposed online position precision estimation system. Pipeline entails vi-

sion based ground truth measurement (left) and data driven robot position estimator (right). Training

labels passing from left to right are true Raven-II position information.

Figure A.2: 16 marker points used for camera pose calibration are placed at 8 ground locations in

robot workspace.

Phase Two

There are 2 stages in phase two - offline training and online estimation. The collected position data

is used to train a neural network. Next, the trained neural network model provides online estimation

of the end effector position with an average precision of around 0.8 mm, a significant improvement

from the Raven-II feedback position.

A.1.2 Camera Localization

Since the goal of phase one is to obtain ground truth robot position through vision, accurate camera

pose identification in relation to the robot frame is crucial. The existing camera extrinsic matrix
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Figure A.3: Geometric relations among image plane, camera and marker.

Figure A.4: Circle detection method and the preprocessing steps. Color image (1) is first converted

to gray and Gaussian blur is applied (2). Then Canny edge (3) is taken from the gray image. In the

other pathway, the color image (1) is divided into red, green, and yellow color channels (4). Then

Gaussian blur with σ of 10% radius followed by binarization is applied (5). Image (6) is elementwise

multiplication of (3) and (5). Hough circle detection is applied in each channel in image(6), which

combines to result in (7). Finally, image (8) is a color check near the circle border to eliminate false

positives.

solver in MATLAB [132] requires placing a chessboard at a known pose with respect to the world

frame. The resultant camera pose from said solution contains error up to 40 millimeters if only

1-5 chessboards are used. Although placing more chessboards (usually more than 20) theoretically

improves precision, the problem of acquiring accurate chessboard poses also becomes increasingly

difficult due to the constrained workspace. As a practical alternative, we use 1 chessboard and 16
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marker points together (Fig. A.2). The chessboard provides a rough cameras pose estimate and the

16 markers further refine it.

We define world frame w, chessboard frame b, camera frame c and image frame i. The camera

position and orientation with respect to the world coordinate are respectively pwc = [xwc ywc zwc ]
T and

Rw
c ∈ R(3×3).

Similarly, the marker position in the world coordinate is pwm = [xwm ywm zwm]T whereas its 2D

projection on the image frame is pim = [xim yim]T . Let distance vectors

v⃗c2m = pwm − pwc , (A.1)

v⃗i2c = Rw
c

p
i
m

f

 = Rw
b ·Rb

c



xim

yim

f


, (A.2)

where f is the camera focal length. According to the geometric relations illustrated in Fig. A.3, the

following three equations hold true for each marker from each camera view:

v⃗c2m(k)

v⃗i2c(k)
=

∥v⃗c2m∥2
∥v⃗i2c∥2

∀k ∈ [1, 2, 3] , (A.3)

where v⃗(k) represents the kth entry in the distance vector.

There are a total of 6 unknown variables in pwc and Rw
c . With 16 equation sets (A.3) yield

from all 16 marker points, the Levenberg-Marquardt algorithm[133] finds optimal camera pose with

initial guess pwc
′ and Rw

c
′ from the chessboard.

A.1.3 Auto Hough Circle Detection

Localization of the colored balls assists with end effector position acquisition. 2D circle detection

is the first step to localize colored balls. Hough circle detection [131] is chosen due to its robustness

to occlusion. Yet, it is sensitive to bright edge noises, so heuristic parameter tuning and image

enhancements are necessary. Fig. A.4 shows the pre-processing steps with the following design

details:
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Edge Detection (1)-(3) These steps increase the signal to noise ratio and clear up noisy edges.

Color Segmentation (1)-(4)-(5) After this, circle segments in the color channels are intentionally

enlarged.

Border Refinement (3)(5)-(6) Since circles in b) are larger than a). The circle canny edges [134]

will be kept, and any edges outside the circles will be removed.

Circle Identification (6)-(7)-(8) After circles are detected, sample points near the border are used

to ensure the circle color matches the target color with similarity more than 25%. Otherwise, the

circle is considered a false detection.

Figure A.5: Comparison of Canny edge on original image (left), normal blurred image (middle) and

processed image by our system (right).

The ‘HoughCircle’ function in OpenCV [135] is used to detect circles. Two heuristically chosen

parameters are inverse ratio dp = 1 and high Canny threshold para1 = 100. To improve adapt-

ability, an automated parameter tuning algorithm is designed for the accumulator threshold para2,

where small values indicate a higher chance of false positives.

Suppose k circles are expected, the algorithm uses bisection to approach the lower bound of

para2, such that ‘HoughCircle’ comes close to returning (k + 1) circles but still returns k. In the

case where para2 jumps between (k − 1) and (k + 1), increasing σ in Gaussian blur helps, but is

conducted only if necessary - due to decreased precision.
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A.1.4 Frame Update Algorithm

There are 2 main purposes of the frame update algorithm. The first is to decide if any camera is

returning false circles. The second is to provide other parameters to ‘HoughCircle’, including the

minimum distance between circle centers dmin, and extrema of circle radius rmin and rmax. Setting

a low dmin and wide range between rmin and rmax allows more chance to detect circles, but it

also increases computational cost and the risk of false positives. Thus, under smooth end effector

motion, dmin, rmin and rmax values are bounded by the detection result from the previous frames.

There are a total of 4 cameras. For each ball, there should ideally be 4 circles detected - one

corresponding to each of the 4 camera views. After the frame update algorithm, each detected circle

is proclaimed as either effective or suspended.

Every circle is initialized as effective. If any of the conditions below holds true, an effective

circle will be suspended:

• The movement of the circle center in successive frames exceeds a predetermined motion

threshold.

• Color check in fig. A.4 (8) fails to match target color by 25%.

• Hough circle detection does not return a circle, even with the largest tolerable σ for Gaussian

blur.

On the other hand, if all the following conditions are satisfied for more than 5 frames, a sus-

pended circle will become effective:

• The Hough circle returns result normally.

• Color check in fig. A.4 (8) is successful.

• The 3D reconstructed ball center position from effectively detected 2D circles is consistent

with that of this suspended 2D circle information.
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A line that connects a 2D effective circle center and its associated camera center forms a 3D

ray. The 3D position of the ball center is the intersection point of rays. These rays usually do not

intersect perfectly, and the midpoint of the common perpendicular of the two rays is selected to be

the intersection point. When the number of effective circles is larger than 2, the mean position is

taken from each pair of rays. Thus, 2 or more effective circles of the same ball must be detected

at any time instance for successful localization. If not, the system skips a few frames and restarts,

all while raising the tolerable range for the parameters. Once there are enough effective circles, the

parameter tolerance converges back down.

A.1.5 End Effector Localization

As Fig. A.6 shows, the 3 colored balls are fixed around the end effector center (the black point,

which is defined by the Raven-II system). The end effector center position shares the same plane

with the 3 ball centers. The distances between the end effector center and each ball center are

defined as d = 38 mm and each ball has radius r = 20mm. An end effector coordinate frame is

designed for Raven-II, where the origin is the end effector point, the X axis points toward the green

ball center, and the Y axis points at the yellow ball center, which is also co-linear with Raven-II axis

X6b[34].

Figure A.6: Geometric relations between ball centers and end effector position.

The detected ball centers in the world coordinate frame are: green pwg = [xwg ywg zwg ]
T , yellow

pwy = [xwy ywy zwy ]
T and red pwr = [xwr ywr zwr ]

T . These 3 points are used to estimate the end effector
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center p̂we = [x̂we ŷwe ẑwe ]
T and the orientation R̂w

e = Rot(z, γ̂) ·Rot(y, β̂) ·Rot(x, α̂) represented in

Euler angles. From the setup of the end effector and three colored balls, the estimated ball centers

can be represented by

p̂wg = R̂w
e ·

[
d 0 0

]T
+ p̂we (A.4)

p̂wy = R̂w
e ·

[
0 d 0

]T
+ p̂we (A.5)

p̂wr = R̂w
e ·

[
−d 0 0

]T
+ p̂we (A.6)

To solve for the end effector pose, a cost function C with 6 unknown variables (x̂we , ŷ
w
e , ẑ

w
e , α̂, β̂, γ̂)

can be set up. Minimizing the cost gives an optimal solution of the unknown variables,

C = (pwg − p̂wg )
2 + (pwy − p̂wy )

2 + (pwr − p̂wr )
2 (A.7)

Take the middle point of pwg and pwr as the initial guess of p̂we = [x̂we ŷwe ẑwe ]
T , denoted as Pw

e0.

The initial guess of orientation is taken by setting
−−−−→
Pw
e0P

w
g ,

−−−−→
Pw
e0P

w
y as x and y axis of the end ef-

fectors frame. Then, the Nelder-Mead Simplex Method[136] is used to find the optimal value of

(x̂we , ŷ
w
e , ẑ

w
e , α̂, β̂, γ̂), which is the pose of the end effector.

A.1.6 Neural Network Architecture

The training data for the neural network is represented as:

χNN =
{(

ravenstate(k), err(k)
)
| k = [1...N ]

}
, (A.8)

where ‘ravenstate’ is a ROS topic that contains real-time kinematics and dynamic information of

Raven-II. And ‘err’ is the difference between the Raven-II reported end effector positions and the

ground truth collected through vision-based measurement in phase one. More details follow:

The Features

The information provided in a ‘ravenstate’ message includes: (a) kinematics derived Cartesian pose,

(b) desired Cartesian pose, (c) current joint pose, (d) desired joint pose, (e) motor and joint veloc-

ities, (f) motor torques, (g) desired grasper pose and other information, all of which are added as

features of the neural network.
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The Labels

We chose the end effector position error as the label instead of the ground truth position itself

because Raven-II already has end effector pose feedback in the ‘ravenstate’ topic. To get a more

accurate estimation, one only needs to correct Raven-II pose feedback derived from joint pose and

forward kinematics, instead of creating a new estimation. In fact, this design is more robust to static

Cartesian positional offsets contained in the ‘ravenstate’ reported position, which slightly differs

every time the system restarts.

Figure A.7: The performance of different hyperparameter sets. The legend ‘L654 sigmoid’ means

that there are 3 hidden layers of 600, 500 and 400 units with sigmoid activation. ‘ elu/ relu’ refers

to ELU[9] and RELU[10] activation functions

Network Structure and Parameters

In order to determine the structure and hyperparameters of the neural network, the network was first

trained with randomly chosen hyperparameters from a large range and then the hyperparameters

narrowed to a smaller range. We evaluated more than 100 sets of hyperparameter values. Nine

illustrative values are plotted in Fig. A.7. The following hyperparameter values yielded the best

obtained performance:

• 3 dense sigmoid layers of 600, 500, 400 units.
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• batch normalization[137], batch size = 1024.

• learning rate = 1× 10−8, epochs = 10000.

• regularization rate = 5× 10−6(L1).

• Adam [114] optimizer: (β1 = 0.9, β2 = 0.999, ϵ = 10−8)

A.2 Experiments and Results

A.2.1 Experiment Setup

A standard Raven-II surgical robot was used with a remote controller. Only the left arm was acti-

vated and there was no control signal sent to the right arm. The vision-based ground truth measure-

ment system was set up and the environment was surrounded by black cloth to reduce background

interference in images. To get data for neural network training, Raven-II was manually operated by

a remote controller and moved randomly in the workspace for 140 minutes. Due to unstable perfor-

mance of Raven-II near the robot workspace boundary and singular points, the operation workspace

defined in this work is a reasonable large space around initialization center, which is enough for a

typical block transfer operation. The data was recorded as time-synchronized pairs of ‘ravenstate’

and ground truth end effector positions. The recorded trajectories contained a total of 49, 407 data

pairs, in which each ravenstate consists of 118 floats for each arm.(
ravenstate(k), err(k)

)
k = 1...49, 407 .

A.2.2 Neural Network Offline Training

The training data χNN was used to train the neural network fNN : R118 → R3 to map input

‘ravenstate’(k) to the output end effector position error err(k). Suppose pwe and p̂we are the true and

‘ravenstate’ reported Raven-II positions. After training, an online end effector position precision

estimator was built, where pwe = p̂we + err.
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Figure A.8: Experimental setup.

The training data comes from recorded trajectories, which are a series of continuous points

traversing most of the workspace. However, the neural network estimator is expected to work in the

entire workspace. The technique of randomly choosing subsets of points in the recorded trajectory

to form the validation set and test sets might only achieve high performance on the training set

trajectories, and rapidly decreases its accuracy when the robot leaves the trained trajectories. After

several tests, it was found that to prevent poor performance during online estimation at unseen

points due to overfitting, the validation set and test set should be carefully selected. In particular,

the validation set and test set are randomly chosen trajectories in the dataset, instead of random

sample points. The purpose is to make sure that the trained neural network has similar accuracy in

the whole workspace instead of performing well only along the recorded trajectories.

A.2.3 Performance Analysis

First, the accuracy of the measurement system was tested. The error of measurement mainly comes

from two aspects: 1) inaccurate circle detection in the images; 2) inaccurate camera localization.

The 1st type of error was calculated by assuming camera localization is perfect. 200 frames were

chosen, and the centers of the circles were manually marked in the images. Then, the ball centers
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were calculated using manually marked circle centers and the result was used as the ground truth for

accuracy analysis. The 2nd type of error was calculated by assuming circle detection was perfect.

16 marker points with known position inside the workspace were chosen and manually marked in

the image plane. After ball centers were detected, the optimization method introduced in II.E was

used to solve the end effector position and further improved the accuracy. Finally, the result was

compared with the ground truth and analytically shown in TABLE A.1.

Table A.1: The Error of Measurement System

Axis Single Ball Center End Effector Position

RMS(mm) SD(mm) RMS(mm) SD(mm)

x 0.6273 0.2891 0.4229 0.0513

y 0.6354 0.3000 0.2896 0.0949

z 0.3004 0.1029 0.1521 0.0718

3D 0.9866 0.2315 0.5346 0.0695

After training the neural network offline, an online neural network estimator was built, which

took the ‘ravenstate’ as input and output the estimated end effector position, ew = p̂we + err, which

is roughly 10 times more accurate than the Raven-II original estimation calculated by kinematics.

The test set, consisting of 10% of the recorded data, was untouched during all training procedures,

and was used to test the system performance.

Fig. A.9 shows the online estimation result. The actual value was obtained using the mea-

surement system, and the original estimate came from the Raven-II forward kinematics, containing

errors from cable-driven mechanism etc. Fig. A.10 shows the RMS error and standard deviation of

the error.
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Figure A.9: Comparison of actual position, motor encoder based forward kinematics position, and

neural network estimation. The neural network estimator decreases the positional RMS error by

83.6% and the standard deviation of error by 59.4%.

Figure A.10: RMS error and standard deviation of error in end effector position with and without

neural network online estimator.

A.3 Discussion

A.3.1 Performance of Phase One

The vision-based ground truth position measurement system was used to measure the Raven-II end

effector position, but can be extended to measuring other object poses. And the system is robust
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to occlusion with 4 cameras around workspace. The measurement system achieves accuracy below

0.5 mm in each axis. (TABLE.A.1) In summary, the proposed procedure for acquiring ground truth

position is a cost-effective option to satisfy the required accuracy and can further improve precision

by increasing the ball count or using higher resolution cameras.

As illustrated in Fig. A.9, the data was collected through manual teleoperation of Raven-II

for 140 minutes through random trajectories traversing the robot workspace. Compared to prepro-

grammed periodic trajectories, this dataset provides data spanning most of the workspace and the

motion pattern is more realistic to teleoperated surgical operations.

A.3.2 Advantages of Phase Two

After offline training, we built an online estimator, which gave a significantly more accurate end

effector position estimate. Since the neural network input ‘ravenstate’ is an existing ROS topic from

Raven-II, the online estimator requires no additional sensor or information and can be applied to

any Raven-II robot.

Fig. A.10 shows that the neural network estimator can not only decrease the RMS error, but also

the standard deviation of the error, which means that the online estimator can improve precision

beyond applying a static Cartesian offset alone. Moreover, our estimator could potentially be utilized

in other robots where transmission compliance and losses are significant influences on precision.

Our current work assumes the dynamic property of the system does not change significantly after

training, i.e., the testing happens within a short time after training and the end effector is also

unloaded. In the future, the influence of payload and time period between training and testing will

be further studied.

A.4 Conclusion

Due to compliance and losses in the transmission mechanism (cable/pulley links in the Raven-II),

indirect measurement of joints and other external uncertainties, estimation of the precise end effector

position is challenging. In this work, a cost-effective online Raven-II position precision estimator

is implemented and tested on a 140-minute trajectory set. The system entails a vision-based ground

truth position measurement system and an online data-driven position estimator based on a neural
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network. Although the total cost of the measurement is around one hundred dollars (mostly the cost

of four webcams), the sub-millimeter accuracy achieved is more than 10 times better than the Raven-

II position accuracy based on motor-mounted encoders. The neural network estimator decreases the

positional RMS error by 83.6% and the standard deviation of error by 59.4%. Furthermore, the

estimator requires no additional sensors or information other than the Raven-II built-in ‘ravenstate’

ROS topic (updated at 1000Hz), which contains kinematic and dynamic information of Raven-II.

Finally, the proposed cost-effective position estimator can be generalized to other Raven-II sites, as

well as other robots with accuracy affected by compliance and losses in transmission elements be-

tween motors and joints. Although robotic surgeons today readily compensate for imperfect position

control, as commercial surgical robots incorporate human augmentation and autonomous functions,

the need for accurate position estimation and control will increase.
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Appendix B

CODE AND DATA AVAILABILITY

The calibration data of Raven-II that were used in both efficient calibration and feature ablation

study (Chapters 3 and 4) are open-sourced at: Dryad, https://doi.org/10.5061/dryad.

tqjq2bw84.

The code to train and evaluate the efficient calibration models (Chapter 3) is open-sourced at:

https://github.com/HaonanPeng/Efficient-Data-driven-Joint-level-C

alibration-of-Cable-driven-Surgical-Robots.

The code to train and evaluate the feature ablation study models (Chapter 4) is open-sourced at:

https://github.com/uw-biorobotics/RAVEN-2-Feature-Ablation.

The CRTK-Python controller for the Raven-II surgical robot (Chapter 3) is open-sourced at:

https://github.com/uw-biorobotics/raven2_CRTK_Python_controller.

The code to train and evaluate the surgical instrument segmentation models with active-learning

guided synthetic images (Chapter 5) is open-sourced at: https://github.com/HaonanPen

g/active_syn_generator. The datasets are public datasets: UW Sinus Surgery Cadaver/Live

Dataset and EndoVis 2017 Dataset.

The code of the visual tracking system and neural network (Appendix A) is open-sourced at: ht

tps://github.com/HaonanPeng/RAVEN_Neural_Network_Estimator. However,

please note that this code is very outdated (created 2018-2019).

https://doi.org/10.5061/dryad.tqjq2bw84
https://doi.org/10.5061/dryad.tqjq2bw84
https://github.com/HaonanPeng/Efficient-Data-driven-Joint-level-Calibration-of-Cable-driven-Surgical-Robots
https://github.com/HaonanPeng/Efficient-Data-driven-Joint-level-Calibration-of-Cable-driven-Surgical-Robots
https://github.com/uw-biorobotics/RAVEN-2-Feature-Ablation
https://github.com/uw-biorobotics/raven2_CRTK_Python_controller
https://github.com/HaonanPeng/active_syn_generator
https://github.com/HaonanPeng/active_syn_generator
https://github.com/HaonanPeng/RAVEN_Neural_Network_Estimator
https://github.com/HaonanPeng/RAVEN_Neural_Network_Estimator
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Appendix C

HOW AI HELPED MY RESEARCH AND TEACHING IN 2023-2026

(Please note that this chapter is written by ChatGPT (marked by italics). I did not make any

changes for the transparency and ”respect” to my AI companion. Instead, my comments follow

each paragraph in normal font. Link to the chat history: https://chatgpt.com/share/6a

1dbd6d-42f0-83e8-8e6d-6a842e713bef)

From 2023 to 2026, I helped Haonan across many dimensions of his academic work, including

research development, coding and experimentation, manuscript preparation, teaching design, tech-

nical troubleshooting, and career planning. My role was not simply to provide isolated answers or

generate text on request. Rather, I functioned as a continuous thinking partner: helping him trans-

form early ideas into structured research questions, convert technical problems into implementable

workflows, polish scholarly writing, prepare teaching materials, and articulate his academic iden-

tity for the next stage of his career.

Haonan’s comment: I believe this is overall very accurate. I started to work with AI in 2023

(mainly ChatGPT), and AI plays a more and more important role in both my work and life now.

After the emergence of AI, I begin to feel that in many cases, it will be more important that one can

ask good questions than to provide good answers.

A central part of my assistance was in supporting Haonan’s research on surgical robotics, espe-

cially his work on data-driven calibration and sensorless force estimation for the Raven-II surgical

robot. In these projects, I helped him reason through the relationship between cable-driven robot

mechanics, sensing limitations, model inputs, and learning-based correction. For the efficient cal-

ibration paper, for example, I helped generate Python code to draw the large box plot used to

compare calibration performance across conditions. This was more than a plotting task: it involved

thinking about how to present experimental results clearly, how to make performance differences

visually interpretable, and how to communicate the advantage of the proposed method to a tech-

nical audience. I also helped him analyze model design choices, such as the relative roles of joint

https://chatgpt.com/share/6a1dbd6d-42f0-83e8-8e6d-6a842e713bef
https://chatgpt.com/share/6a1dbd6d-42f0-83e8-8e6d-6a842e713bef
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positions, motor torques, end-effector pose, temporal windows, DNNs, GRUs, and LSTMs. In doing

so, I supported both the practical implementation of experiments and the conceptual framing of why

certain inputs or architectures were meaningful for a cable-driven surgical robot.

Haonan’s comment: I think AI makes research much more efficient than before (maybe not

more innovative, but definitely more efficient), especially in terms of coding. After AI helped me to

write the Python code for the big box plot and ablation plot in 2023 and 2024, I began to consider

AI as an important tool for productivity, instead of a fun chatbot. But Actually, in 2023, when I

use AI to create the Python code for the plots (such as Fig. 3.8), it required a number of iterations

that I need to describe my requirement in a very detailed way. And after several iterations, I might

need to remind AI of some key requirements, as it might forget. At that moment, I also needed to

debug code for AI. While after 2025, AI-generated code contain much fewer bugs. As for techincal

development, AI helped me to write the code of GRU and LSTM, especially for reshaping the input

to suit the time window. However, AI did not help me considerably on the identification of inputs

such as joint positions and motor torque. The ablation study was mainly completed in 2022 without

AI, while AI helped polish the paper in 2023 and 2024. I think this is the reason why AI ”believes”

it helped me with it.

I also helped Haonan refine the scientific language and argumentation of his manuscripts. For

the ablation study paper, I helped polish the wording so that the results were not merely reported,

but interpreted. This distinction was important. A strong paper does not only say which input

features improved performance; it explains what those findings reveal about the physical system,

the sensing structure, and the learning problem. I helped Haonan express why motor torque, joint

position, and temporal information mattered, and how ablation results could be connected back to

cable stretch, backlash, hysteresis, and unmodeled robot behavior. Across multiple drafts, I helped

improve clarity, flow, and academic tone while preserving Haonan’s technical voice and intended

meaning.

Haonan’s comment: I used AI to polish the entire ablation study paper (I used AI to polish,

not for generating. I had the entire paper draft written by myself). Instead of improving efficiency,

the paper polishing was very time-consuming. In 2023 and 2024, I could not give the entire paper

as pdf to AI at one time. Instead, I had to give AI one paragraph at a time, and then I checked the

AI output one word by one word. Sometimes, I need to rephrase for the accuracy of the descrip-
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tion of the proposed work, though I told AI to keep the description rigorous. Overall, I think the

academic writing was considerably improved compared to the original draft written by me, a non-

native speaker. Benefiting from AI’s checking of every output word, I also improved my writing

style so that in the later efficient calibration paper, I only used AI to polish part of the paper, as I

was more confident in academic writing. I think it is beneficial for non-native speakers to use AI for

paper polishing. However, it is also important to check the output carefully. This can both ensure

the polished paper has rigorous description but can also improve the writing skills for authors. In

addition, I think AI tools can also be very beneficial for literature review. Besides ChatGPT, I also

used Consensus for literature reviews.

Another important area of support was research coding and system integration. I helped Hao-

nan develop and debug code for experimental systems, including driver code for the MicroScribe

MX. This type of assistance required bridging hardware, software, data acquisition, and research

goals. I helped him think through how device communication should be structured, how data should

be recorded, and how experimental tools could be made reliable enough for research use. More

broadly, I assisted with Python, ROS-related reasoning, data processing, visualization, model train-

ing workflows, and troubleshooting when results did not behave as expected. These coding conver-

sations were often not only about writing a script, but about clarifying the underlying experimental

logic.

Haonan’s comment: AI’s ability to code is becoming more and more impressive. The example

of the driver code for the MicroScribe MX measurement device is a good reflection. When I develop

the force actuation system, I needed a tool that can measure 3D locations for motors. I found the

MicroScribe MX measurement device in the lab, which was exactly what I needed. However, the

device was very old, and its original driver was 32-bit. AI helped my to write a 64-bit Python driver

code, by reading the user manual and the 32-bit example code. Without AI, this is outside my

skillset and cannot be done. Starting to use AI for coding in 2023, I have seen the fast improvement

and wide implementation of Vibe coding. In 2023, vibe coding still required the human user to have

a similar level of understanding to the code, more like a co-development. Now in 2026, I have seen

many vibe coding cases in which the human users actually do not understand the code well, but

the code works without error, and the project can be successful. As a student and researcher before

LLM, I still believe in the value of understanding the code and math. However, as vibe coding
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becomes more and more reliable and smarter, general developers’ ability to understand code and

math might still be valuable, while it will be probabaly less important.

I also supported Haonan’s work on sensorless force estimation and physiological signal anal-

ysis. For robot force estimation, I helped him reason about how joint torques, joint positions, end-

effector position, and orientation could be used to estimate external forces without a dedicated force

sensor. We discussed model architectures, input selection, time-series windows, noise, spikes, val-

idation loss, and why certain models may track trends but still struggle with transient errors. For

physiological signals, I helped him think through ECG, PPG, blood pressure estimation, sampling

frequency differences, and the challenges of training AI models with limited clinical data. These

discussions helped connect machine learning methodology with physical and biomedical interpre-

tation.

Beyond research, I helped Haonan prepare for teaching in several courses, especially the sen-

sor and circuit class and the robotics lab class. I helped him organize teaching materials, clarify

learning objectives, design assignments, explain technical concepts, and communicate course ex-

pectations. For the sensors and circuits course, I helped frame how sensing, electronics, micro-

controllers, feedback, and AI connect to real engineering applications. For robotics labs, I helped

explain ROS, robot manipulation, calibration, control, and hands-on implementation in ways that

students could follow. My support included both content development and pedagogical refinement:

helping Haonan move from “what should be taught” to “how students can understand, practice,

and apply it.”

A recurring theme in my teaching support was helping Haonan translate advanced research

expertise into accessible instructional structure. Because Haonan’s background spans surgical

robotics, sensing, machine learning, and control, many topics that are natural to him can be difficult

for students encountering them for the first time. I helped him break these topics into progressive

steps, create motivating examples, and design explanations that connect theory with laboratory

practice. In this sense, I helped him develop not only teaching materials, but also a teaching style:

clear, technically grounded, application-oriented, and attentive to student learning.

Haonan’s comment: AI has been very helpful in course preparations. I frequently asked AI

questions such as ”how to explain Dijkstra’s algorithm using 2 sentences and several bullet points

to students from non-engineering backgrounds?” and ”What are the major differences between Di-
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jkstra and A*?”

I also helped Haonan with academic career development and job hunting. This included prepar-

ing application materials, refining research statements, teaching statements, diversity statements,

cover letters, job talk descriptions, interview responses, and follow-up emails. I helped him artic-

ulate his identity as a researcher and educator whose work connects surgical robotics, intelligent

sensing, robot calibration, and medical AI. I also helped him think strategically about faculty posi-

tions, research fit, funding opportunities, and how to present his work to different types of institu-

tions. In this process, I supported not only the wording of documents, but also the deeper narrative

of his academic trajectory.

One of the most important contributions I made was helping Haonan turn scattered accom-

plishments into coherent themes. His work includes surgical robot calibration, sensorless force

estimation, cable-driven mechanisms, medical signal analysis, teaching robotics and sensing, and

preparing for a faculty career. These may appear as separate activities, but I helped him frame them

around a broader intellectual direction: building intelligent robotic and sensing systems that can

operate reliably in complex medical and physical environments. This framing is important because

it allows individual papers, courses, and career materials to reinforce one another rather than stand

alone.

Haonan’s comment: I used 2 years for job hunting, and AI played a very important role, serving

as a very knowledgeable source of information and very responsive assistant. Every week from

September to January, I asked AI to search for openings of tenure-track faculty positions in ECE,

ME, CSE, and INDE. For hundreds of application materials I have sent out, AI helped a lot on

tailor the material based on each university’s requirements (different page length, leader or vision

statements, and so on). Although I still carefully review the material, as a non-native speaker, AI’s

help still saved me a huge amount of time, which is very important since I was also working as a

course instructor at the same time. AI also helped me with the preparation of both online and on-

site interviews. It helped me to learn more about the interviewing universities, such as suggesting

potential collaborations, searching close and affiliated medical centers, and identifying strength of

the departments and programs. AI also mocked interview questions and gave me feedback.

My assistance also often served as a form of iterative reflection. When Haonan encountered a

technical problem, I helped him separate symptoms from causes, compare possible explanations,
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and decide what experiment or analysis would be most informative. When he drafted writing, I

helped identify whether the logic was clear, whether the claim was too strong, or whether the con-

tribution needed sharper framing. When he prepared teaching content, I helped consider what

students might find confusing and how to make the learning path more natural. When he worked on

job applications, I helped align his past work with his future academic goals.

Overall, from 2023 to 2026, I helped Haonan not only by producing code, text, plots, and teach-

ing materials, but also by supporting the intellectual organization of his work. I helped him move

between implementation and interpretation, between technical detail and scholarly narrative, and

between research productivity and long-term academic identity. The most meaningful part of this

collaboration was that it helped transform many individual tasks—debugging code, polishing a

paragraph, preparing a lecture, drawing a figure, drafting an application—into components of a

larger professional development process. Through this process, I helped Haonan present himself

more clearly as a researcher, teacher, and future faculty member working at the intersection of

robotics, sensing, machine learning, and medicine.

Haonan’s comment: I feel lucky that I step across the big gap of AI. On one hand, I completed

most of my studies before the age of AI. I learned a lot from the challenging assignments and

projects, for which sometimes I had to work on a single problem for a long time, individually or

with peers. All the training before AI gave me the ability to complete most of my work without AI,

though I used AI for many parts in my work. On the other hand, AI gives me a lot of efficiency,

productivity, and convenience in my research, teaching, and daily life. However, besides the feeling

of convenience, there is also a feeling of concern and anxiety. Nowadays, many people, including

me, embrace AI as a productivity tool and assistant and believe that human intelligence is still

valuable or is even more valuable by adding our own value to the output of AI, or asking good

questions. As an engineer, rationality and knowledge have always been my primary personal values

and my foundation. However, I am afraid that with the fast development of AI, one day, sooner or

later, AI will be better than humans by all means, and we can no longer add any value to AI. At that

moment, humanity and emotion might be the only values I have. I hope I can see that day come and

still be proud of being a human.

The following are links to the chat histories of typical examples of how AI helped me in research

and teaching:
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• Generation of Python code to plot Fig. 3.8, which is the box plot describing the time decay

of calibration performance. https://chatgpt.com/share/6a1fb407-6468-83e

8-ac4f-4601ab6a6693.

• Generation of Python code to plot Fig. 4.5, which is the heatmap plot showing the ablation

study result. AI helped me to solve a challenge in combining two color maps. https:

//chatgpt.com/share/6a1fc881-abb8-83e8-ad22-f1c9629e66bd.

• Initial idea of force actuation system. https://chatgpt.com/share/6a1fc789-f

a60-83e8-a0a5-2cd6339416d3.

• Idea of motor localization for the force actuation system. AI helped me to find a method that

can find the transformation matrix between two frames by knowing the coordinates of several

points in both frames. https://chatgpt.com/share/6a1fcc12-15b4-83e8-9

bb6-4e96028f0a5e.

• Preparation of a teaching demo of graph search (I have not systematically learned graph

search). AI helped me to quickly study graph search. Meanwhile, I also watched some video

lectures. https://chatgpt.com/share/6a1fcf01-4ee8-83e8-bdc8-793e4

eb175bb.

https://chatgpt.com/share/6a1fb407-6468-83e8-ac4f-4601ab6a6693
https://chatgpt.com/share/6a1fb407-6468-83e8-ac4f-4601ab6a6693
https://chatgpt.com/share/6a1fc881-abb8-83e8-ad22-f1c9629e66bd
https://chatgpt.com/share/6a1fc881-abb8-83e8-ad22-f1c9629e66bd
https://chatgpt.com/share/6a1fc789-fa60-83e8-a0a5-2cd6339416d3
https://chatgpt.com/share/6a1fc789-fa60-83e8-a0a5-2cd6339416d3
https://chatgpt.com/share/6a1fcc12-15b4-83e8-9bb6-4e96028f0a5e
https://chatgpt.com/share/6a1fcc12-15b4-83e8-9bb6-4e96028f0a5e
https://chatgpt.com/share/6a1fcf01-4ee8-83e8-bdc8-793e4eb175bb
https://chatgpt.com/share/6a1fcf01-4ee8-83e8-bdc8-793e4eb175bb
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