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ABSTRACT: As high-end equipment continues to evolve towards extreme dimensions and complex 
configurations, the processing accuracy and adaptive requirements of grinding and polishing techniques 
have greatly increased. Traditional processing methods are no longer sufficient to meet the manufacturing 
requirements of high-end precision components. Robot-assisted intelligent grinding and polishing is a core 
technology for solving the precise processing of complex curved surfaces and flexible production. Although 
existing research has made considerable progress in individual modules such as perception detection, 
dynamic control, and process optimization, robot-assisted grinding and polishing is not merely the 
combination of robots and tools. Here, this paper takes the “perception-control-decision” collaborative logic 
as the main line, systematically elaborates the multi-source information fusion perception system, force-
position intelligent control strategy, processing decision and path planning optimization methods for robot 
grinding and polishing, analyzes the multi-module collaborative mechanism, sorts out its typical 
applications in aerospace, automotive, and semiconductor fields, summarizes the current technical 
bottlenecks and looks forward to future development directions. The research aims to provide theoretical 
support and practical references for the technical upgrade and engineering application of robot intelligent 
grinding and polishing systems. 

Keywords: Robot polishing; Sensing system; Motion control; Decision optimization; Precision 
manufacturing 
 

1. Introduction 

Grinding and polishing operations, as key processes that determine the surface integrity, geometric 
accuracy, and service life of components, play a crucial and irreplaceable role in strategic fields such as 
aerospace, automotive manufacturing, semiconductors, and precision optics [1]. For example, in the 
semiconductor industry, hard, brittle materials such as single-crystal silicon and silicon carbide are widely 
used as chip substrates and optical components due to their high strength and hardness [2]. However, the 
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grinding process of these materials is prone to generating microcracks, subsurface damage, and edge 
fragmentation, and traditional processing methods are difficult to balance efficiency and quality [3]. In the 
manufacturing of aircraft engines, the surface roughness of blades must be strictly controlled, and the 
contour errors of the leading and trailing edges must meet micron-level requirements [4]. With the 
development of high-end equipment towards extreme scales and complex shapes, the precision and 
adaptability requirements of grinding and polishing processes have risen to sub-micron and even nanometer 
levels, posing severe challenges to manufacturing technology. 

Traditional grinding and polishing processes have long relied on manual operation and dedicated 
machines. Manual grinding, although having flexible adaptability, has inherent defects such as low 
efficiency, high labor intensity, harsh working environment, and poor-quality consistency [5]. For large 
and complex components such as blades and high-speed train car bodies, the efficiency of manual grinding 
is extremely limited [6]. Specialized CNC grinding machines can achieve higher processing accuracy, but 
their high equipment costs, fixed processing mode, and insufficient flexibility make them unable to meet 
the requirements of complex curved surfaces and multi-variety small-batch production [7]. In contrast, 
robot assisted grinding and polishing technology, with its high flexibility, large working space, and cost 
advantages, has become an effective way to break through these bottlenecks. However, the low rigidity, 
insufficient accuracy of repetitive positioning, and dynamic coupling effects of industrial robots pose severe 
challenges forrecision processing [8]. Through force modeling and force control experiments, it was found 
that the sliding friction force in robot belt grinding could account for more than 75% of the total tangential 
force [9]. Therefore, constructing a “perception-control-decision” collaborative robot grinding and 
polishing system that achieves closed-loop integration of environmental perception, dynamic force position 
adjustment, and process optimization is the core support for improving processing quality and efficiency. 

Robot assisted grinding and polishing technology has evolved from a single automated execution to an 
integrated intelligent integration of perception-control-decision. Early research mainly relied on offline 
programming and trajectory reproduction, but it could not adapt to shape deviations and stiffness changes 
in the workpiece [10]. With the introduction of multi-source sensors such as force perception and vision, 
constant force control and online measurement became possible. Current research focuses on three core 
modules. In multi-source perception fusion, registration and segmentation techniques based on 3D point 
clouds are widely used for online modeling and defect identification of the workpiece, achieving sub-
millimeter positioning accuracy [11]. In high-precision dynamic control, force/position hybrid control, 
impedance control, and adaptive control are used to maintain a constant grinding force. For example, Xu et 
al. [4] proposed force/position hybrid control strategies that reduced the surface roughness of aircraft engine 
blade surfaces from Ra 1.085 μm to Ra 0.375 μm. In the aspect of intelligent decision optimization, 
parameter optimization, path planning, and multi-robot coordination strategies based on the material 
removal model have greatly improved processing efficiency and surface consistency [12]. Moreover, 
emerging human-machine collaboration methods, through virtual reality and tactile feedback interfaces, 
enable operators to intuitively plan polishing trajectories and adaptively adjust key parameters, effectively 
integrating human experience with robot precision [13]. At the same time, for the polishing of large thin-
walled shells, Wang et al. [14] found that the force control-based vibration suppression method can reduce 
the vibration amplitude of the workpiece by 75%. The development of new, small and flexible sensors 
provides a hardware foundation for human-machine interaction, in-situ monitoring and intelligent feedback 
during the robot assisted grinding and polishing process [15,16]. Although each module has made 
significant progress, most existing reviews focus on a single technology or a specific intelligent scenario, 
lacking a systematic review of the “perception-control-decision” integrated system and its corresponding 
manufacturing technologies. Several representative reviews have summarized robotic grinding and 
polishing from various perspectives. For example, Ke et al. [17] focused on robot-assisted polishing 
technologies with an emphasis on end-effector design and process control. Zhu et al. [6] surveyed robotic 
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grinding of complex components with a focus on path planning and force control. Chen et al. [7] reviewed 
recent advances in high-precision grinding and polishing with an emphasis on machine tools and process 
parameters. While these works provide valuable contributions to specific subdomains, they treat perception, 
control, and decision-making as separate topics rather than as an integrated feedback loop. Consequently, 
the interdependencies among these three modules, such as perceptual uncertainty, control decision-making, 
and the influence of decision logic on perceptual requirements, have yet to be explored in existing literature. 
In robotic polishing systems, these three modules operate in parallel and interact dynamically. A well-
calibrated force sensor (perception) can reduce the need for conservative impedance parameters (control), 
while adaptive control laws compensate for imperfections in workpiece modeling (decision-making). 
Without an integrated framework, these coupled effects would be overlooked, leading to suboptimal system 
design and limited generalizability of research outcomes. 

Herein, we take the “perception-control-decision” collaboration as the core logical thread, elaborating 
on the perception system, control strategy, decision mechanism, and the related multi-module collaboration, 
application expansion, bottlenecks, and prospects of robot-assisted grinding and polishing technology, as 
shown in Figure 1. First, the modeling foundation of the grinding and polishing system was introduced, 
including mechanical modeling, material removal mechanisms, and surface quality evaluation models, 
along with a perception system based on multi-source information fusion. Secondly, it should be clarified 
that decision-making here refers to high-level planning, parameter optimization, and task rescheduling 
based on sensory data, while control strategies involve low-level real-time force/position regulation, 
impedance adaptation, and stability maintenance. These two aspects differ in both time scale and abstraction 
level, yet are tightly coupled through sensory feedback loops. The paper discusses force/position control, 
intelligent control strategies, process decision-making, and path planning optimization methods. Then, the 
cross-module collaboration mechanism of perception-control-decision was explored. Finally, the typical 
applications of this technology in aerospace, automotive, and semiconductor fields, as well as the current 
bottlenecks and future development directions, were summarized. By integrating the entire chain of 
technologies, this paper aims to provide theoretical support and practical references for the intelligent 
upgrade of robot polishing systems. 

 

Figure 1. The perception, control, and decision-making of robot polishing technology. 
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2. Foundation and System Architecture of Robotic Assisted Grinding and Polishing 

2.1. Review Methodology 

This review was conducted following a systematic literature search procedure to ensure 
comprehensiveness, objectivity, and reproducibility. The following databases were searched: Web of 
Science, IEEE Xplore, Scopus, and Google Scholar, covering the period from October 2012 to July 2026. 
The search strings combined keywords related to three core domains: (1) robotic grinding/polishing; (2) 
perception/sensing; and (3) control and decision. 

The initial search yielded 1247 publications. After removing duplicates (n = 312) and screening titles 
and abstracts against the inclusion criteria (n = 489 excluded), 446 full-text articles were assessed for 
eligibility. Following full-text review, 143 publications were ultimately included in this review, reflecting 
the most relevant and representative works in the field. The selected studies were categorized and analyzed 
according to the three-module framework: perception (Section 3), control (Section 4), and decision (Section 
5), with cross-module collaboration (Section 6) treated as a distinct analytical theme. 

The modern robot polishing system is a highly complex system integrating mechanics, control, sensing, 
and information processing. The rationality of its basic framework directly determines the final processing 
accuracy, efficiency, and stability. A typical robot polishing system is mainly composed of a core 
component, that is, the “perception-control-decision” collaborative architecture responsible for information 
processing and instruction generation. 

2.2. Core Components of the Robot Polishing System 

The construction of the robot polishing system requires systematic consideration of three aspects: robot 
body selection, end-effector design, and auxiliary system integration. In the robot body selection, Ke et al. 
[17] pointed out that industrial robots have higher adaptability and lower costs compared to traditional CNC 
polishing machines, and thus can complete the processing of large or complex-shaped workpieces without 
using dedicated fixtures. However, due to the insufficient stiffness of the serial structure, they are difficult 
to meet the requirements of ultra-precision polishing. To address the issue of insufficient stiffness, Qin et 
al. [18] proposed a 3-RSS coaxial layout polishing robot, which has three sets of drive arms arranged 
coaxially along a fixed base column and an asymmetric branch configuration. The dynamic model was 
established using the virtual work principle and the vector theory, and its accuracy was verified through 
simulation. Xu et al. [19] further designed a hybrid mechanical arm for ultra-precision free-form surface 
polishing, consisting of a three-degree-of-freedom parallel module and a two-degree-of-freedom serial 
module, achieving decoupling of translational and rotational kinematics and using an open numerical 
control architecture to build a hardware platform. Xu et al. [20] established a stiffness theoretical model 
based on the virtual work principle and the principle of deformation superposition, and optimized the 
structural parameters using a genetic algorithm with the goal of workspace and global stiffness. 

From the perspective of the end effector and auxiliary system, Schneckenburger et al. [21] focused on 
the slurry erosion effect of the polishing nozzle and found that when the angle between the nozzle and the 
workpiece surface exceeds 55°, the polishing liquid jet will independently produce significant material 
removal, and the nozzle wear after 80 h of use will also change the jet characteristics. This factor must be 
taken into account in the system auxiliary design. The robot body selection needs to balance flexibility, 
stiffness, and working space, the design of the end effector must match the specific polishing process, and 
the integration of the auxiliary system ensures the reliability and processing consistency of the system 
during long-term operation. 

As shown in Figure 2a, Xu et al. [22] proposed a new six-degree-of-freedom hybrid polishing robot, 
whose structure includes a three-translational-one-rotational parallel mechanism and an A/C-axis serial 
head. It has been proven that this configuration can achieve ultra-precision polishing of free-form surfaces. 
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In Figure 2b, Wang et al. [23] proposed a five-degree-of-freedom hybrid grinding/cutting robot system, 
which consists of a vertical guide rail, a two-degree-of-freedom planar parallel mechanism, and integrates 
a line-type equipment including a five-degree-of-freedom hybrid robot, a two-degree-of-freedom 
pusher/clamping mechanism, a roller conveyor line, and a laser scanner. It has been proved that this scheme 
has both high stiffness and high dexterity, and can achieve efficient and automated removal of residual 
features of medium-sized castings. In Figure 2c, Zeng et al. [24] designed a 3R3P type stone processing 
hybrid polishing robot, whose structure includes a bridge truss, horizontal/vertical motion sliders, 
fixed/dynamic platforms, and main/passive motion chains. As in Figure 2d, Zhang et al. [25] designed a 
passive constant force polishing end effector, which includes a flange, constant force mechanism, slider 
guide rail, double-row angular contact ball bearings, and polishing spindle, proving that this device can 
achieve constant force polishing of optical mirrors under the condition of no force sensor and closed-loop 
control. As shown in Figure 2e, Mohammad et al. [26] designed a force-controlled end effector, whose 
structure includes a hollow coil motor, spline pair, force sensor, and polished spindle. This design can 
achieve axial force control without moving the polishing motor, effectively reducing the inertial effect. 

 

Figure 2. Mechanical configurations of robotic grinding and polishing systems. (a) Structure diagram of the hybrid robot 
composed of a parallel module with three translations and one rotation, and a connected A/C rotary head [22]. (b) A 5-degree-
of-freedom hybrid linkage grinding and cutting robot, along with continuous-flow equipment with laser scanning, is used for 
small and medium-sized castings [23]. (c) Schematic structure of the 3R3P type stone processing and parallel polishing robot, 
consisting of a bridge truss, horizontal/vertical sliders, base, and moving platform [24]. (d) The exploded view of the end effector, 
mainly including the flange, linear guide, and polishing spindle [25]. (e) The structure diagram of the force-controlled end 
effector consisted of polishing spindle, hollow voice coil motor, force sensor and polishing pad [26]. 

2.3. Basic Principles and Evaluation Indicators 

The material removal mechanisms and evaluation indicators for grinding and polishing provide the 
theoretical foundation for understanding system design and process optimization. Yan et al. [27] established 
a material removal rate model considering the overcut and undercut phenomena on the exit paths during 
robot abrasive belt grinding, decomposing the grinding force into sliding, ploughing and cutting 
components, and pointing out that the cutting component in the path accounts for more than 40% of the 
total tangential force, while the sliding components in the normal path and exit path account for 62% and 
65% respectively. At the atomic scale processing level, Xie et al. [28] studied the material removal 
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mechanism in atomic and near-atomic scale cutting through molecular dynamics simulation, proposing 
three typical deformation zones, such as the dislocation slip zone, chip formation zone, and elastic 
deformation zone. An increase in the radius of the tool edge inhibits the dislocation slip zone and chip 
formation zone while promoting the expansion of the elastic deformation zone. When the edge radius 
exceeds the critical value, the material removal mechanism will shift from the shear stress-dominated 
dislocation movement to compressive stress-dominated extrusion removal. Li et al. [29] compared the 
variable load experiments of polished and ground single-crystal silicon and combined with smoothed 
particle hydrodynamics simulation. The residual compressive stress on the grinding state silicon surface 
can significantly inhibit crack initiation and propagation, increasing the critical normal cutting force from 
25.44 mN to 38.93 mN and the critical residual scratch depth from −0.11 μm to −0.14 μm, indicating that 
the pre-existing compressive stress damage layer is conducive to achieving ductile domain processing. 

In the field of evaluation indicators, surface roughness is the core indicator for measuring grinding and 
polishing quality. Shi et al. [30] conducted an experimental study on robot adaptive hydraulic polishing of 
NAK80 mold steel, establishing a theoretical relationship model between polishing force, rotational speed, 
and feed rate and surface roughness, deriving the law that the surface roughness decreases before over-
polishing with the increase of polishing force and rotational speed, and increases with the increase of feed 
rate. Based on the response surface method, they established a roughness prediction model for P800 
sandpaper, with a prediction error of less than 7.14%. Zhang et al. [31] systematically summarized eight 
types of factors affecting surface roughness in the review of ultra-precision machining surface roughness 
generation, including machine tool performance, cutting parameters, tool geometry, environmental 
conditions, material properties, chip formation, tool wear, and vibration. From the viewpoint of processing 
efficiency and energy consumption, Zheng et al. [32] addressed the problem of inconsistent material 
removal caused by time-varying wear of the sandpaper during polishing, proposing a Gaussian process 
regression material removal model that considers the Preston coefficient as a function that decays with time 
rather than a constant, and optimizing the polishing force and feed rate based on genetic algorithms with 
the goal of minimizing energy consumption. Experiments showed that after optimization, the material 
removal depth remained consistent throughout the entire travel, and the energy consumption was reduced 
by 3.34% compared to the unoptimized group, thereby verifying the feasibility of balancing processing 
quality and energy consumption. 

The material removal in grinding and polishing involves the collaborative action of multiple 
mechanisms, such as mechanical cutting, ploughing, sliding, and dislocation movement, and the material 
removal mechanism changes with processing scale and process stage. The evaluation indicators need to 
comprehensively consider multiple dimensions, such as surface roughness, sub-surface damage, processing 
efficiency, and energy consumption, and there are interdependent relationships among the indicators, 
requiring theoretical modeling and experimental optimization to seek a balance. 

As shown in Figure 3a, Zhang et al. [33] revealed the friction and wear mechanism in SLA grinding. 
The SiC particles achieve self-sharpening of the grinding wheel through tri-body abrasive wear, while CeO2 
particles form a Si–O–Ce chemical adsorption layer through a chemical mechanical reaction with glass 
ceramics, demonstrating that the two solid lubricants improve the grinding performance through physical 
wear and chemical action. In Figure 3b, Liu et al. [34] established a three-stage contact force model for 
abrasive belt grinding, revealing the force evolution patterns in the sliding, ploughing, and cutting stages, 
and proving that the grinding force shows a phased increase as the cutting depth of the abrasive particles 
increases. As in Figure 3c, Tao et al. [35] established a chemical mechanical polishing experimental 
platform for silicon wafers, which includes a rotating polishing head, polishing disc, polishing pad, and 
dressing device, proving that this device can achieve efficient removal of wafer surface materials and global 
flattening. In Figure 3d, Mohammad et al. [36] built a robot electrochemical mechanical polishing 
experimental platform, which includes a computer, RAPCON real-time controller, HVCM driver, stepper 
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motor driver, chemical pump, and electrolyte circulation container, achieving coordinated control of 
electrolyte circulation supply and polishing force. As in Figure 3e, Wang et al. [37] established a blue 
sapphire ultra-precision grinding and polishing experimental system, which includes a full-static-pressure 
ultra-precision grinding machine, polishing tools, and high-speed motor spindle. By designing the full-
static-pressure shaft system, processing damage can be effectively suppressed, laying the foundation for 
subsequent near-atomic-scale non-destructive processing. 

 

Figure 3. Material removal mechanisms and representative experimental systems for grinding and polishing. (a) The SLA 
grinding friction and wear mechanism, including the self-sharpening of SiC particle tri-body abrasive wear and the chemical 
mechanical polishing of CeO2 particles [33]. (b) Three-stage contact force model of abrasive belt grinding, namely the sliding 
friction stage, the ploughing stage, and the cutting stage [34]. (c) The chemical mechanical polishing (CMP) unit, which includes 
the rotating head, the polishing disc, and the polishing fluid supply system [35]. (d) Robot-assisted ECMP polishing system 
including the computer, the RAPCON control platform, the HVCM, the stepper motor driver, the electrolyte pump, the 
circulation tank, and the DC power supply [36]. (e) The ultra-precision grinding and polishing experimental system, equipped 
with a liquid hydrostatic guide rail and an air hydrostatic spindle of an ultra-precision grinding machine, the helical feed polishing 
system, and its tool head structure [37]. 

2.4. Collaborative Architecture and Enabling Logic of Perception-Control-Decision 

The efficiency of robotic polishing systems relies on the organic collaboration among three core 
modules: perception, decision-making, and control. The closed-loop interaction among these modules is 
crucial for ensuring precision and stability in processing complex curved surfaces. The perception module 
acquires geometric features of the workpiece and real-time machining status information, providing a data 
foundation for subsequent decision-making. Guo et al. [38] integrated a high-precision 3D laser 
profilometer into an eight-degree-of-freedom redundant polishing robot. By leveraging visual inspection, 
they achieved accurate extraction and 3D reconstruction of key features, including pipe end positioning, 
weld start points, highest points along the weld profile, marker points, and left/right toe regions, thereby 
enabling precise spatial localization of welds. 

In the decision-making module, Wen et al. [39] addressed the issue of changing contact areas caused 
by variations in surface curvature. They employed differential geometry to establish a contact shape model 
between the sanding disc and the curved surface, estimating contact boundaries and area based on principal 
curvatures and normal contact forces. Using a binary search method, they iteratively determined adjacent 
path spacing so that the lower boundary of each subsequent path precisely touches the upper boundary of 
the previous one. This enabled adaptive, evenly spaced path planning with uniform coverage, effectively 
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resolving issues of missed or excessive overlapping processing associated with fixed-interval paths in 
regions of varying curvature. Regarding control and system scheduling, Darvish et al. [40] proposed a 
robotic-assisted system architecture designed for experimental automation. By solving task and motion 
planning problems simultaneously, they enabled parallel task execution. Utilizing a PDDLStream algorithm, 
they unified planning and scheduling optimization, minimizing total execution time as the cost function to 
maximize hardware utilization. This approach reduced experimental execution time by 21.1% compared to 
serial processing, achieving efficient multi-device coordination and scheduling. The closed-loop integration 
of perception, decision-making, and control forms the core logic enabling high-quality machining under 
complex conditions. Based on a synergistic architecture combining visual perception and multi-axis 
decoupled control, Guo et al. maintained the excess height of spiral welds below 0.3 mm across a 180 mm 
length at the pipe end. 

3. Perception System of Robotic Assisted Grinding and Polishing 

In the aerospace, energy equipment, and precision molds fields, the efficient and precise grinding and 
polishing of complex curved surface parts directly determines the service performance and lifespan of the 
products. With the vigorous development of robot technology, industrial robots, due to their high flexibility 
and large working space, are gradually replacing traditional manual or dedicated grinding machines and 
becoming the mainstream platform for grinding complex surfaces. However, robot assisted grinding and 
polishing is not simply the robot and tools. Its processing quality is highly dependent on real-time 
perception and adaptive control of the environment and process conditions. Therefore, the perception 
system, as the “senses” of the robot for obtaining processing information, has become the core technology 
that determines the polishing accuracy and consistency of the robot. 

3.1. Core Functions of the Perception System 

The perception capability of the robot polishing system is the foundation for achieving adaptive 
processing and quality control. The core functions of the perception system can be summarized into three 
aspects: state perception, shape perception, and environmental perception. These three aspects work 
together to provide comprehensive information support for the processing process. 

State perception aims to collect key process parameters such as force/torque, vibration, temperature, 
and grinding wheel wear in real time during the polishing process. Wang et al. [41] addressed the force 
control problem in blade polishing by using a six-dimensional force/torque sensor to measure the actual 
normal grinding force and eliminate the influence of gravity across different robot postures through gravity 
compensation. The compensated signal was then converted to the tool coordinate system as the feedback 
object for the force controller. Feng et al. [42] studied the robot brushing and grinding of high-speed rail 
car bodies, used ATI force control sensors to perceive the axial force and normal torque when the brush 
roller contacts the workpiece. Kim et al. [43] pointed out that force control and path planning are the key 
to achieving uniform grinding and high surface quality, and sensors play an irreplaceable role in perceiving 
the grinding state and monitoring the interaction between the actuator and the environment. 

Shape perception aims to obtain the original shape of the workpiece, the post-processing surface shape, 
and the contour reconstruction information of complex curved surfaces, providing a basis for processing 
trajectory planning and quality assessment. In the offline programming of hub polishing, Liu et al. [44] 
extracted geometric feature information from the hub CAD model, generated discrete processing path 
points in the workpiece coordinate system, each point containing position and posture information, thus 
laying the foundation for subsequent redundant optimization. Li et al. [45] used a laser interferometer to 
measure the surface shape error of the workpiece, and proposed a statistical chaotic error perception (SCP) 
model in the polishing of sub-aperture of optical elements. Through experimental data analysis, the 
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statistical predictability of chaotic errors, and achieved quantitative perception of chaotic errors were 
proved. Cheng et al. [46] proposed a surface shape measurement method based on a dual scanning 
positioning strategy. Using a laser confocal sensor to achieve non-contact linear scanning and surface 
scanning, they obtained three-dimensional (3D) shape data, including surface roughness parameters (Sa, Sq, 
Sz), statistical parameters (Ssk, Sku), and surface isotropic parameters (Str, Std), providing a quantitative basis 
for polishing quality assessment. 

Aim to detect obstacles in the workspace and enable safety perception and distance monitoring in the 
human-machine collaborative scenario. Ferraguti et al. [47] proposed an online assessment method for 
polishing surface quality based on augmented reality. With the Microsoft Kinect V2 depth sensor and 
certified safety laser scanner, a safety perception system was built. Through a dedicated PC and safety PLC, 
real-time distance monitoring and safety control logic were realized in the collaborative environment where 
the operator coexists with the robot, providing safety guarantees for the operator to enter the working space 
for quality assessment. By integrating the perception functions, the robot polishing system can achieve 
comprehensive perception of the processes, workpiece state, and working environment, laying the 
foundation for subsequent adaptive control and intelligent decision-making. 

The perception capability of the robot polishing system is the foundation for achieving adaptive 
processing and quality control. In Figure 4a, Lloyd et al. [48] proposed the Synchronous Registration and 
Alignment (SRAM) framework and verified its advantages in contact stability. In this framework, the error 
state variables for workpiece registration and tool radius include the translation, rotation, tool radius, and 
wear. According to the comparison of power spectral density, the SRAM controller maintains low force 
tracking error across the entire frequency band, proving that this framework can effectively eliminate force 
tracking errors and improve processing quality through online registration correction and variable damping 
adjustment. As in Figure 4b, Guo et al. [49] proposed a trajectory generation method for the rough grinding 
stage of the turbine seals. The system includes point cloud comparisons before and after processing obtained 
by a 3D camera, the grinding area, and a 3D rough grinding trajectory view. This strategy quickly removes 
approximately 95% of the honeycomb structure by using a normal offset trajectory, laying the foundation 
for the subsequent closed-loop fine grinding. As shown in Figure 4c, Zhang et al. [50] proposed a sanding 
belt condition monitoring method based on sound signals. The system architecture includes a robot, a force 
sensor, a microphone, and a signal processing module. The grinding capacity factor decreases with 
increasing grinding time across three contact pressures, providing a data basis for the subsequent OP-ELM 
prediction model. In Figure 4d, Tian et al. [51] constructed an experimental platform for automatic surface 
polishing of robots. This system consists of a six-degree-of-freedom industrial robot, an ATI six-
dimensional force/torque sensor, polishing tools, and a computer controller. It was demonstrated that this 
platform can detect the polishing force through the force sensor in real time and convert it into a pressure 
compensation signal, enabling constant-pressure polishing control of the surface. 
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Figure 4. Perception, monitoring, and experimental platforms for robotic polishing. (a) Interacting geometric diagram of 
workpiece-tool and power spectral density graph of controller force tracking error [48]. (b) Robot grinding trajectory generated 
during coarse grinding [49]. (c) Schematic diagram of the sanding belt condition monitoring system and the curve showing the 
variation of the grinding capacity factor [50]. (d) Components of the robot automatic polishing platform [51]. 

3.2. Key Sensing Technologies and Equipment 

Force/torque perception, as the core of contact state perception, is directly influenced by the integration 
method, signal quality, and dynamic response characteristics of the sensors, which in turn affect the control 
accuracy and processing consistency. Hong et al. [52] used a six-dimensional force sensor (ATI THETA) 
to collect the force data at the end, combined with laser tracking instruments to simultaneously measure the 
deformation amount, and constructed a training data set covering the entire working space and various 
working conditions through Latin hypercube sampling and variable load systems, providing high-quality 
haptic information sources for the establishment of deformation prediction models. Dong et al. [53] 
proposed an indirect detection method for contact force based on joint torque sensors, using the built-in 
torque sensors and motor encoders of the robot to construct an improved extended state observer (MESO), 
which can estimate the end contact force in real time without the need for external six-dimensional force 
sensors, and can still control the force estimation error within ±1 N under the strong vibration interference 
caused by the high-speed rotation of tools. Shi et al. [54] addressed the accuracy decline of Kalman filter 
method in non-Gaussian noise environments, proposing a hybrid adaptive-robust Kalman filter method 
(HARKF), which dynamically switches between adaptive Kalman filtering and robust Kalman filtering 
through a noise type discrimination module. A parameter transfer mechanism was introduced to eliminate 
coupling interference between filters, greatly improving the force estimation accuracy in non-stationary 
noise environments. Zhang et al. [55] further simplified the force perception system architecture by 
approximating the ratio of the grinding normal force to the tangential force as constant. Thus, a constant 
force control was achieved based on one-dimensional force sensors, to reduce the force fluctuation to within 
±2 N in both planar and curved surface polishing experiments. Li et al. [56] integrated force sensors and 
laser displacement sensors at the end of the floating polishing actuator, using the force sensor to real-time 
detect the contact force and the displacement sensor to pre-detect the curvature changes of the workpiece 
surface to achieve feedforward compensation. The collaboration of two equipment reduced the force 
fluctuation caused by path deviation. Wan et al. [57] pointed out that micro-nano structure designs, such as 
interlocking micro-domed arrays, crack structures, and biomimetic whisker structures in sensors, could 
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improve sensitivity and dynamic response speed, providing a device foundation for the end tactile 
perception of the robot system. 

The visual perception technology in robot polishing mainly manifests as the detection of the workpiece 
and the guidance of the processing path. Hong et al. [52] used a laser tracking instrument as the reference 
equipment for deformation measurement, achieving high-precision real-time measurement of the end 
deformation amount, with the measurement error serving as the basis for model verification and 
compensation strategy evaluation. Dong et al. [53] identified the characteristic frequencies of high-
frequency vibrations caused by the rotation of the polishing tool through spectral analysis (100–120 Hz). 
And based on this, they designed a cascaded band-stop filter and a tracking differentiator adaptive filtering 
scheme, filtering out the periodic interference of visual and haptic signals. 

Multi-source perception fusion is a key approach to improving the overall perception accuracy and 
robustness of the polishing system. Shi et al. [54] proposed the HARKF method, which is essentially a 
multi-level perception information fusion framework. By combining the generalized momentum observer 
with adaptive/robust Kalman filtering, it enables real-time fusion and optimal estimation of multi-source 
sensing information, such as current signals and joint position/velocity signals, thereby reducing data 
redundancy and improving the accuracy and robustness of external force estimation. Zhang et al. [55] 
combined iterative learning with sliding mode control. Through cumulative learning and step-by-step 
compensation of force errors during multiple grinding processes, they achieved a force control parameter 
adaptive adjustment mechanism based on time series data fusion. After ten iterations, the force fluctuation 
decreased from 5–6 N to 2 N. 

As in Figure 5a, Dong et al. [58] constructed an adaptive robot polishing platform based on distributed 
flexible force sensors. This system consists of an AUBO-i5 collaborative robot, a real-time controller, 4 × 
4 distributed flexible force sensors, and a terminal actuator including flange connectors, force sensors, and 
flexible polishing pads. It was demonstrated that this device can achieve coordinated control of contact 
force values and distribution states, thereby improving the consistency of the polished surface quality. In 
Figure 5b, Halwani et al. [59] designed a multi-functional sensor system based on vision. This system 
includes a collaborative robot and an integrated visual-tactile sensor with a movable gate mechanism and a 
single optical camera. In Figure 5c, Surindra et al. [60] collected the raw signals of the acceleration and 
force sensors during the belt grinding process. The system includes three-axis accelerometers and three-
axis force sensors, installed on the tension arm of the belt and below the workpiece fixture. The differences 
in X-axis signals under the four new belt conditions indicate that vibration and force signals can effectively 
reflect the degree of wear. In Figure 5d, Zaki et al. [61] proposed a trajectory accuracy evaluation method 
based on low-cost 3D cameras and force control. Despite the existence of depth estimation errors, through 
closed-loop force control, the trajectory deviation can be effectively compensated, meeting the 
requirements of contact applications. As shown in Figure 5e, Kim et al. [62] designed a new type of six-
axis force/torque sensor structure, which consists of a top plate, a deformation plate, a base plate, an 
enclosure, a bottom plate, and an electrode/signal processing PCB. This module achieves low-cost and 
lightweight six-dimensional force sensing through simple assembly. 
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Figure 5. Sensor devices and perception platforms for robotic polishing. (a) Adaptive robot polishing platform and its end-
effector structure [58]. (b) A precise manufacturing system for robots based on multi-functional visual sensors [59]. (c) 
Comparison chart of X-direction acceleration and original signal of force sensor [60]. (d) Comparison of depth between 3D 
model-generated trajectory points and actual trajectory [61]. (e) Assembly and disassembly diagram of a six-axis force/torque 
sensor [62]. 

4. Control Strategies for Robotic Assisted Grinding and Polishing 

The robotic assisted grinding and polishing system is a complex electromechanical system involving 
robot kinematics, dynamics, material removal mechanisms, and multi-physics field coupling. The quality 
of its control strategy directly determines the final processing accuracy, efficiency, and surface quality. In 
the early days, robot polishing mostly adopted teaching-playback or offline programming methods, 
achieving automated processing through pre-planned trajectories. However, in the face of dynamic 
uncertainties such as workpiece clamping errors, uneven incoming material allowances, and wear of 
grinding wheels/sand belts, this open-loop control method is difficult to meet the requirements of precision 
manufacturing. Therefore, modern robot control is evolving towards the direction of softness, adaptability, 
and intelligence, with its core lying in resolving the inherent contradiction between the rigidity of the robot 
and the flexibility of the processes. 

4.1. Basic Control Strategy and Implementation Method 

The basic control strategy of the robot system can be summarized as two core modules: position/pose 
control and force control. These two modules work together to ensure the surface quality and shape 
accuracy of complex curved surface processing. 

In terms of position/pose control, precise kinematic modeling is the theoretical prerequisite for 
achieving trajectory tracking and pose adjustment. Song et al. [63] discretized the processing path based on 
the NURBS surface model and the equal chord high-error algorithm, determined the complete pose 
information of each path point through the normal vector of the workpiece and the tangent vector of the 
path, and realized the automatic generation of polishing paths for complex curved surfaces through the NX 
secondary development platform. As for the airbag polishing process of large-axisymmetric aspherical 
optical components, Huang et al. [64] established the spatial transformation relationship between the 
workpiece coordinate system, the local coordinate system of the polishing point, and the tool coordinate 
system of the airbag center, derived the pre-motion model maintaining a constant precession angle, and 
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verified the correctness of the motion model and control algorithm. In the application of hybrid robots for 
optical polishing, Huang et al. [65] established a linearized error model including geometric error sources 
at the joint/rod level based on the spinor theory. The pose error data were collected through a laser tracker 
for pure translational motion, with the maximum position error and attitude error controlled within 0.06 
mm and 0.06 deg respectively. Ouyang et al. [66] proposed a position-domain control method for a two-
degree-of-freedom XY motion platfo that performs equidistant sampling of the primary motion and 
represents the secondary motion as a function of the primary motion. This approach eliminates tracking 
errors in the primary motion and outperforms time-domain and cross-control methods in straight-line and 
circular contour tracking. Subsequently, this team extended the position-domain control to multi-degree-
of-freedom nonlinear robotic systems with coupled dynamics [67]. This extension enabled straight-line and 
nonlinear contour tracking for three-degree-of-freedom serial robots. Furthermore, they introduced 
nonlinear proportional-derivative (NPD) control in the position domain, whose performance surpasses both 
linear position-domain PD and time-domain NPD control, particularly excelling in nonlinear contour 
tracking tasks [68]. These three studies collectively establish a systematic control framework for robotic 
manipulators based on position-domain master-slave contour tracking. 

From the viewpoint of force control strategy, the stable control of contact force has a decisive influence 
on the material removal rate and surface quality. Song et al. [69] analyzed the mapping relationship between 
grinding force and depth in the robot sand-belt grinding process, established a force-depth model 
considering the deformation of the contact wheel and the change of grinding contact angle. Experimental 
results showed that the growth trend of grinding force with the increase of pressure depth (about 344–445%) 
was greater than that of grinding depth (about 53%). Dong et al. [70] designed an air-pushing force control 
system based on a high-speed switching valve, and used PWM signals to drive, and combined with the PID 
control algorithm with moving average filtering. The desired polishing force on the 3-TPS hybrid robot 
platform was achieved, with the absolute average error percentage decreasing from about 8% to about 2% 
as the expected force value increased. To further improve the force control bandwidth and response speed, 
Li et al. [71] proposed a macro-micro robot polishing architecture, by decoupling the polishing motor from 
the linear force motor to minimize the motion inertia along the spindle direction. A main force control end 
effector based on a voice coil motor achieved an actual force control bandwidth of 200 Hz. Experiments 
showed that the force tracking overshoot of this end effector was smaller, and the surface roughness Ra of the 
polished surface reached 0.4 μm, which was 24.70~34.17% higher than the pure macro robot force control 
method. Cheng et al. [72] addressed the trajectory tracking problem of a 2-DOF closed-chain five-bar 
mechanism driven by one constant-velocity (CV) motor and one servomotor. Their adaptive control law 
estimates unknown dynamic parameters online and is theoretically proven to guarantee that tracking errors 
converge to zero, providing a rigorous framework for disturbance compensation in robotic polishing systems. 

However, the above studies show that the position/pose control and force control strategy in the robot 
polishing system exhibit strong coupling characteristics. Trajectory planning needs to take into account the 
geometric constraints of the contact posture, while the force control accuracy is affected by the robot 
stiffness and end deformation. As shown in Figure 6a, Tian et al. [73] established a force analysis model of 
the polishing cutter on the curved surface, which includes the robot base coordinate system, the robot end 
coordinate system, and the force sensor coordinate system. Through coordinate transformation, the 
interference of tool gravity on the measurement value of the force sensor is eliminated, proving that this 
gravity compensation method is a key prerequisite for obtaining the actual polishing force. In Figure 6b, 
Zhang et al. [74] established a coordinate system for the robot sand-banding grinding of aviation blades 
and proposed a mixed force/position disturbance rejection control strategy. The transformation 
relationships among the world coordinate system, the robot base coordinate system, the force sensor 
coordinate system, and the sand-banding coordinate system were demonstrated. The fuzzy PID control 
framework consists of a position control loop, a force control loop, and a speed gain loop, and proves that 



Intell. Sustain. Manuf. 2026, 3(2), 10027. doi:10.70322/ism.2026.10027 14 of 33 

 

this strategy can achieve accurate perception and stable control of contact force. In Figure 6c, Zhao et al. 
[75] established an attitude solution model for the grinding head in the Frenet frame, which determines the 
direction of the grinding head by rotating the initial posture matrix around the axis vector. It was shown 
that this rotation algorithm can compute the posture matrix of the grinding head at each point along the 
processing trajectory. As in Figure 6d, Tian et al. [76] developed a high shear low pressure intelligent 
precision grinding system, which includes a robot control module, a motion platform control module, and 
a force control module. The hardware integrates a six-axis ABB industrial robot, a HS-360 3D precision 
motion platform, a six-dimensional force sensor, and an ultralow elastic composite abrasive tool SECAT. 

 

Figure 6. Force/position hybrid control modeling and experimental systems for robotic grinding. (a) Force analysis diagram of 
the curved surface polishing cutter head, with a reference for force control [73]. (b) Force/position hybrid anti-interference 
control strategy based on fuzzy PID and coordinate system relationship diagram of the robot automatic grinding system [74]. (c) 
Rotation calculation of the Frenet frame of the grinding head [75]. (d) Structure and physical diagram of the high shear-low 
pressure intelligent precision grinding system and grinding experimental device [76]. 

4.2. Advanced Control Technology 

As the objects being polished by robots expand from regular planes to complex free-form surfaces, 
multiple uncertain factors such as time-varying environmental stiffness, geometric errors of the workpiece, 
and tool wear. External disturbances have raised higher requirements for force control performance. 
Traditional impedance control, due to its fixed parameters, is difficult to adapt to the aforementioned 
dynamic changes; thus, advanced control strategies capable of environmental perception and autonomous 
adjustment are urgently needed. 

In adaptive control, adjusting the impedance parameters online to match the unknown environment is the 
core idea for achieving high-precision force tracking. Inspired by the adaptive behavior of human arm 
stiffness, Zhang et al. [77] proposed a novel variable target stiffness (NVTS) control strategy. By designing 
a PID form of the target stiffness update law, they achieved online adaptive adjustment of environmental 
stiffness and additionally introduced an impact compensator to enhance the disturbance suppression ability 
during polishing under strong vibration interference. This controller was verified on two different bandwidth 
robots, UR5 and Xmate7Pro, and the mean force tracking error could be controlled within 10 N, with a 
standard deviation of no more than 0.48 N. Wang et al. [78] proposed an adaptive variable impedance control 
algorithm with pre-PD adjustment for the macro-micro robot polishing system. By first reducing the force 
error and then applying the adaptive update law, they effectively solved the problem of excessive contact 
force overshoot in traditional adaptive impedance control. The force tracking experiments in planar, inclined, 
and curved environments showed that this algorithm could control the force tracking error within 0.78 N, with 
an overshoot of less than 4.5%, while the force errors of traditional impedance control, adaptive impedance 
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control, and adaptive variable impedance control were 2.08 N, 1.30 N, and 1.34 N respectively, with 
overshoots of 19.2%, 56.3%, and 11.1% respectively. Seo et al. [79] proposed an impedance control method 
based on model predictive optimization for the additional disturbance caused by the floating base in large-
area polishing operations. Through finite-time domain prediction to optimize the stiffness coefficient of the 
impedance compensator, they achieved a force tracking adjustment time that was 28.1% faster than traditional 
impedance control and shortened the recovery time to 0.82 s for a 20 mm step disturbance. 

In intelligent control, the introduction of methods such as fuzzy logic, neural networks, and iterative 
learning significantly improved the control robustness in complex disturbance scenarios. Li et al. [80] 
studied a visual-guided fuzzy adaptive impedance control (AICVG) strategy for the system stiffness 
variation caused by material removal, temperature changes, and lubrication state changes during the 
polishing process of concave curved workpieces. Using the SVR-Jacobian estimator, the mapping 
relationship between image features and robot joint angles was established. This strategy maintained the 
force control error within ±1.5 N under time-varying stiffness conditions, and reduced surface roughness 
by 59.7% compared to traditional impedance control. Zhang et al. [81] combined dynamic time warping 
and iterative learning control, and proposed a human-machine interaction skill learning and correction 
framework. By improving the DTW algorithm, they solved the problem of inconsistent test lengths caused 
by changes in the polishing feed speed. In the path learning stage, the introduction of variable weight factors 
effectively filtered out the less reliable data affected by the actual trajectory deviation in the human-machine 
interaction force. In the force tracking stage, by iteratively estimating the polishing contact stiffness and 
integrating it into the path update law. And, after the 7th iteration, the mean and standard deviation of the 
force tracking error were reduced to 0.18 N and 0.12 N, respectively. 

From the perspective of collaborative control, human-machine collaboration and multi-robot 
coordinated control are the key to ensuring the safe and efficient completion of complex grinding and 
polishing tasks. Gaz et al. [82] studied a human-machine collaborative control method based on model 
residuals to address the physical interaction issues between human operators and robots. Combined with 
the measured values of end-effector force/torque sensors, they decoupled the intentional reconfiguration 
force applied by the human operator to the robotic arm and utilized the redundancy of robot kinematics to 
relax the posture constraints. This method was implemented on the UR10 robot, enabling the human 
operator to naturally redirect the workpiece posture without external assistance. El et al. [83] proposed a 
human-machine collaborative posture optimization framework based on virtual units from the perspective 
of ergonomic optimization. By constructing the human motion chain through a virtual spring-damper model 
and solving the optimal static posture. When detecting an operator’s non-ergonomic posture, the framework 
displays the optimized posture through the feedback interface and controls the collaborative robot to adjust 
the workpiece position. Zhang et al. [81] established a DTW-ILC framework, which also supports human-
machine interactive path teaching and correction. The operator can express the intention of path correction 
by applying interactive force, and the robot gradually approaches the expected polishing trajectory through 
iterative learning. After three iterations, the mean and standard deviation of the path learning error were 
reduced to 0.87 mm and 0.42 mm, respectively. 

As in Figure 7a, Wahballa et al. [84] used a robot polishing control strategy based on an OSRDF 
variable impedance controller and gravity compensation, and built an experimental platform. The 
impedance controller architecture with online stiffness and reverse damping force. The experimental system 
consists of a UR robot, force sensors, and polishing tools, thereby achieving constant-force polishing and 
uniform material removal on composite surfaces. As shown in Figure 7b, Xia et al. [85] established a 
geometric solution model for the inverse kinematics of curved bone grinding, which includes the center 
point of the ball head tool, the ball center, and the length. Through the geometric relationship between the 
depth control direction (Z-axis) and the angle control direction (Q-axis), it was proved that this inverse 
kinematics method can achieve synchronous adjustment. In Figure 7c, Li et al. [86] designed an integrated 
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scheme for the robot grinding and polishing of blades, integrating the VCM module, sanding belt grinding 
module, and grinding wheel polishing module at the robot end. As shown in Figure 7d, Zhang et al. [87] 
proposed the main idea of dual-robot collaborative synchronous control, used impedance strategies to soften 
force behavior, and NMPC strategies to achieve precise motion. As shown in Figure 7e, Solanes et al. [88] 
built a human-machine collaborative surface treatment experimental platform, which includes the Sawyer 
7R robot, guiding force sensor, processing force sensor, T-shaped guide handle, and cylindrical tool. This 
dual-force sensor configuration can achieve collaborative control of operator guidance and tool normal 
force/verticality maintenance. As shown in Figure 7f, Han et al. [89] proposed a collaborative robot 
grinding control scheme based on nonlinear impedance control and trajectory adaptation. This scheme 
includes a bottom-level nonlinear impedance controller and an upper-level trajectory/force tracking mode 
switching logic. Through force threshold judgment, it enables seamless switching between the two modes 
and meets the force tracking requirements of complex grinding tasks. 

 

Figure 7. Advanced control strategies and collaborative control platforms for robotic polishing. (a) The OSRDF variable 
impedance controller with gravity compensation scheme and the composite surface robot polishing experimental setup [84]. (b) 
Schematic diagram of inverse kinematics geometric solution [85]. (c) Schematic diagram of the robot full-feature grinding and 
polishing system [86]. (d) Synchronous control framework for two robots [87]. (e) Human-machine collaborative surface 
processing experimental setup [88]. (f) Nonlinear impedance control and trajectory adaptive control process [89]. 

4.3. Control Precision and Stability Regulation 

The control accuracy and processing stability of the robot polishing system are jointly restricted by 
mechanical vibration and the matching of process parameters. Due to the low stiffness and small damping 
of industrial robots, fluctuations in contact force can easily trigger joint flexibility and end-effector 
vibrations. Moreover, the lack of coordinated optimization between control parameters and process 



Intell. Sustain. Manuf. 2026, 3(2), 10027. doi:10.70322/ism.2026.10027 17 of 33 

 

parameters further exacerbates the system’s uncertainty. Therefore, enhancing the system’s stability from 
the two aspects of mechanical vibration suppression and parameter matching optimization is the key to 
achieving high-precision polishing control. 

Zhu et al. [90] addressed the problem of time-varying stiffness vibration in the aerodynamic grinding 
of aircraft engine blades, using the D-H method to establish a kinematic model and solving the overall 
stiffness matrix based on the matrix displacement method. They also established an empirical prediction 
formula for the displacement and standard deviation of vibration intensity at the end node, and proposed a 
cutting speed direction constraint condition for the blade boundary area. Experiments showed that the 
vibration intensity significantly decreased after boundary optimization. Wu et al. [91] designed a six-axis 
acceleration sensor integrating four piezoelectric three-axis accelerometers. High-precision decoupling of 
the load-side vibration state was achieved through the Jacobian mapping of Cartesian space six-dimensional 
acceleration and joint space acceleration. The acceleration feedback enhanced the anti-disturbance ability 
by introducing active damping. In the grinding experiment of aerospace structural components, the surface 
roughness decreased from Ra 0.855 μm to Ra 0.233 μm. Considering the robot dynamics changes as 
additive uncertainties and incorporating them into the controller synthesis, Zhang et al. [92] proposed an 
H∞-optimized inertial active vibration control strategy for milling chatter problems. In the milling 
experiment, the surface profile RMS decreased from 16.3 μm to 2.4 μm, with a reduction of 85%. 

In parameter matching optimization, Zhang et al. [93] studied the contradiction between path 
complexity and processing stability in deburring, using a trajectory planning method based on adaptive 
weights. They quantified path complexity using the interval mutation rate and LS-gradient, and combined 
them with pose stiffness to construct an adaptive weight function. Experiments showed that compared with 
the fixed weight method, the processing efficiency increased by 27.9% and the stability improved by 7.4%. 
Zhang et al. [94] designed a self-anti-disturbance control constant force end-effector for normal force 
positioning errors that are highly sensitive to normal positioning errors. They achieved an average error of 
less than 0.05 N for the normal force in uniform polishing and reduced the RMS from 22.15 nm to 7.59 nm 
after deterministic polishing. Shi et al. [95] proposed a five-degree-of-freedom force/position hybrid control 
strategy based on fuzzy PID for large curved surface grinding of wind turbine blades. Surface tracking by 
real-time perception of surface morphology with a laser sensor, and they eliminated the interference on 
force measurement by gravity compensation. The surface roughness Ra was controlled at 2.48 μm, within 
the optimal range for subsequent coating. The above studies demonstrate that optimizing control parameters 
requires considering the matching relationship between sensor information dimensions, path geometric 
features, and process parameters to ensure consistency and stability. 

5. Decision-Making Mechanism of Robotic Assisted Grinding and Polishing 

Under the vision of intelligent manufacturing, the robot polishing system is undergoing a profound 
transformation from “automated execution” to “intelligent decision-making”. The traditional robot 
polishing relies on offline programming and fixed process parameters, and its decision-making process is 
essentially open-loop, lacking the ability to autonomously respond to changes in the processing state. 
However, in the face of complex working conditions such as uneven workpiece allowance distribution, 
material characteristics differences, and tool wear, the system must possess the ability to perceive, analyze, 
and make autonomous decisions in real time to achieve stable and consistent high-quality processing. The 
decision-making mechanism, as the “brain” of the robot polishing system, lies in dynamically planning the 
process path, optimizing process parameters, and regulating execution strategies. 
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5.1. Architecture of the Decision System 

The robot polishing decision-making system is the core hub for achieving autonomous intelligent 
processing. Its function lies in autonomously generating decision instructions such as path planning, process 
parameter matching, and fault handling based on the perception of workpiece morphology, process status 
monitoring, and task objective constraints. Traditional offline programming methods are difficult to cope 
with the geometric uncertainty and dynamic changes of the processing process for complex workpieces, 
and thus, it is urgent to construct a decision-making architecture that integrates path decision-making, 
process parameter decision-making, and fault decision-making. 

Planning polishing paths based on the workpiece morphology and optimizing obstacle avoidance are 
the primary tasks. Song et al. [96] proposed a dynamic partition trajectory planning method based on 
improved curvature characteristics for the XY-3-RPS hybrid robot for free surface polishing. Through 
curvature gradient detection and an adaptive region growth algorithm, they achieved fine division of high-
curvature regions and efficient processing of low-curvature regions, and combined a genetic algorithm with 
a local search for hybrid optimization, thereby reducing the maximum curvature by 73.8% and the number 
of trajectory points by 96.8%. Chi et al. [97] proposed a human-machine collaborative programming 
method based on adaptive virtual fixtures for interference problems in the polishing of the narrow and deep 
twisted flow channel of the impeller, using a flexible virtual fixture centered on the reference trajectory. 
Ciccarelli et al. [98] generated the trajectory using NX CAM and conducted virtual simulation verification 
through Tecnomatix Process Simulate. Then, they used the Xsens motion capture system to record the 
operator’s movements and imported them into the simulation to achieve iterative optimization of 
accessibility and obstacle avoidance strategies. 

The adaptive matching of polishing speed, pressure, and feed rate is the key to achieving stable material 
removal. Kakinuma et al. [99] proposed a parameter collaborative decision-making method for the macro-
micro robot polishing system based on the extended Preston law. The linear regression method was used to 
identify the weight indices of pressure, speed, and residence time. With a constant feed rate per revolution 
as the target, the spindle speed and polishing force instructions were dynamically generated to achieve a 
polishing depth within the fourth quartile of 1 μm. Latifinavid et al. [100] proposed a hybrid force model 
method for the gentle grinding of parallel hexapod robots. This method extracted time-domain features 
from indentation tests and used the spindle load rate as a supplementary feature. By using correlation feature 
selection to screen the optimal subset, the root mean square error of the normal force prediction was reduced 
from 3.659 N to 3.238 N. 

Tool wear identification and emergency handling of processing quality deviations are important lines 
of defense to ensure the reliable operation of the system. By using various sensor signals such as force, 
vibration, and acoustic emission, Zhang et al. [101] indirectly detected the abrasive wear method and 
established a wear mapping. The random forest classifier in the acoustic signal achieved a prediction 
accuracy of over 94% across different wear cycles. Zhou et al. [102] proposed an energy-aware corrective 
shared control architecture to address the instability of the system caused by the conflict between the 
operator’s intention and autonomous behavior during collaborative polishing. This architecture achieves 
passive operation of the system through the energy coupling scaling strategy at the master and slave ends, 
and ensures system stability under abnormal intervention through the energy threshold mechanism. Wu et 
al. [103] designed a force-controlled spherical polishing tool, combining rotational and common rotational 
movements, to address the problem of polishing force fluctuations caused by robot positioning errors. By 
using a voice coil motor for main force control, the relative error of force was controlled within 5% within 
the range of 10 to 40 N. The above studies show that the intelligent decision-making system for polishing 
robots needs to integrate multiple-level decision modules, such as geometric perception, process 
optimization, and abnormal handling, to achieve stable manufacturing operations. 
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As shown in Figure 8a, Oo et al. [104] made a flow chart for a sand belt wear monitoring system. The 
system works based on image processing with a digital microscope to get images, a random forest classifier 
(RFC), and a multiple linear regression (MLR) model. Tests show this system can tell the wear state of 
sand belts. In Figure 8b, Qu et al. [105] built a test platform for robot sand belt grinding. The platform has 
an ABB IRB4400 six-axis industrial robot, an ATI Omega-160 six-dimensional force sensor, a Ti-6Al-4V 
titanium alloy workpiece, and a sand belt grinding machine. It can also collect and check surface roughness 
data with force control. As in Figure 8c, Schneyer et al. [106] propose a method for dividing complex free-
form surfaces. The method uses different colors to mark different areas. Blue stands for the center 
processing strategy, and red stands for the edge strategy. This method can work well on complex surfaces 
with concave and convex shapes and double curvature features, and lays a base for later path planning that 
covers the whole surface. In Figure 8d, Mohammad et al. [107] put forward a way to optimize polishing 
parameters. The method uses neural networks and genetic algorithms. The algorithm has two steps, that is, 
NNW modeling and GA optimization. The result shows that the fitness function drops fast and becomes 
stable as the number of evolution rounds increases. As shown in Figure 8e, Nemer et al. [108] put forward 
two things: a non-processing motion generation algorithm, and a graph search path planning framework. 
The flow chart shows a strategy to lower calculation complexity. It cuts complexity from O(n2) to O(n) by 
using withdrawal-free-closer motion. They also built a graph model for the traveling salesman problem. 
The model has three groups of processing motions, with solid lines representing processing motions and 
dotted lines representing non-processing motions. As shown in Figure 8f, Wang et al. [109] put forward a 
simulation method for robot real-time motion planning. The system is based on the local modulation 
dynamic system (LMDS) with a UR3 robot model and a surface to be touched. The LMDS makes a motion 
path goes from the starting position to the target position, which can make the end tool move from the start 
point to the target point. It can realize stable contact path planning. 

 

Figure 8. Path planning, parameter optimization, and monitoring decision methods for robotic grinding. (a) A sand belt condition 
monitoring process consisting of the digital microscope image acquisition unit, the random forest classifier (RFC), and the 
multiple linear regression (MLR) model [104]. (b) An experimental platform for controlling the grinding force of the robot sand 
belt [105]. (c) Schematic diagram of the segmentation results of the complex free-form surface [106]. (d) The optimization 
process of the polishing parameters based on neural networks and genetic algorithms, along with the change of the fitness 
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function with the generations of genetic algorithms [107]. (e) The flowchart of all possible non-processing motion generation 
processes, as well as the examples of three processing motions and the TSP diagram [108]. (f) The simulation results of the 
LMDS motion planning [109]. 

5.2. Intelligent Decision-Making Algorithms 

The intelligence level of the robot polishing decision-making system depends on the speed and quality 
of its underlying algorithms. Intelligent decision-making mainly relies on traditional optimization 
algorithms, AI-driven decision-making, and digital twin technology. 

For traditional optimization algorithms, the particle swarm algorithm is very useful for parameter 
optimization. Song et al. [110] studied the problem of controlling material removal in robot abrasive belt 
grinding systems. They built a grinding process model with support vector regression and put forward an 
adaptive modeling method based on vector field smoothing. This method helps the model adapt quickly to 
changes in working conditions. Experiments show that CPSO gets a better fitness value than standard PSO 
with the same number of iterations. After optimization, the change of feed speed is much smaller. Kurc et 
al. [111] built a Mamdani fuzzy logic system. It is used to decide the feed speed when grinding aircraft 
engine blades. The system takes measurement point coordinates and material removal amount as inputs. 
The system has a decision library with 20 fuzzy rules using triangular membership functions and the center-
of-gravity method. After three cycles of measurement and grinding, the surface shape accuracy of the blade 
meets the tolerance requirements. 

Machine learning and deep learning technologies have been widely applied in process parameter 
prediction, quality traceability, and strategy optimization. Segreto et al. [112] built a multi-sensor 
monitoring system for robot-assisted polishing to monitor acoustic emission, strain, and current. They used 
principal component analysis (PCA) to reduce the number of features and put the principal component 
feature vectors into neural networks to judge surface roughness. For the Fy force component, the average 
absolute percentage error of the two-element PCA feature vector is only 4.2%. For the ten-element sensor 
fusion PCA vector, the classification accuracy reaches 92.5%. This method can predict the polishing 
endpoint online. Segreto et al. [113] further used PCA to reduce multi-sensor monitoring signals. These 
signals include acoustic emission, strain, and current. Then, they put the signals into a neural network. With 
PCA feature vectors, and thus can classify the polishing process state with high accuracy. Min et al. [114] 
used a force control method that split human skills into two parts. One is force skills, and the other is motion 
skills. Using B-spline curve fitting, continuous expected paths are generated from the discrete teaching 
positions. At the same time, zero-space optimization is combined with the calculation of torque impedance 
control, thereby achieving constant force tracking on complex surfaces. Wang et al. [115] proposed a force-
related skill learning method based on arc-length probability motion primitives (AL-ProMP). This method 
maps contact force to the polishing path. It makes force and position directly linked. Experiments show that 
this method reduces surface roughness from Ra 0.909 μm to Ra 0.106 μm. Li et al. [116] built a force 
feedback model for virtual abrasive belt lapping teaching. Mathematical formulas were established for 
natural forces, collision forces, and resistance. The variance ratio between the measured force and the 
simulated force was lower than the critical value of the F-test, which proved that the force feedback model 
was operating well. Chen et al. [117] pointed out that deep learning is mainly used to recognize sensor 
signals and extract features. Reinforcement learning makes the best processing strategy by interacting with 
the environment. Imitation learning passes on and generalizes human skills through teaching. 

Digital twin technology also helps a lot. Building virtual polishing scenes and doing decision tests in 
advance provides a verification platform that combines virtual and real for process optimization. Erdos et 
al. [118] studied a design method that turns physical robot work units into parametric digital twins. The 
spatial position changes between parts are described using the kinematic chain data model, and multi-level 
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calibration is carried out, including calibration of the robot controller and fixture calibration. This gradually 
reduces the differences between the digital twin and the physical object. 

In Figure 9a, Cao et al. [119] established an energy optimization framework and algorithm for robot 
polishing systems. It demonstrates the entire process from finding the task energy consumption model to 
obtaining the optimized results. By adjusting the task allocation and feed rate, the system’s energy 
consumption can be reduced. As shown in Figure 9b, Hachimine et al. [120] studied a grinding forming 
planning framework called Cutting Sequence Diffuser (CSD). It consists of three parts. The first is data 
collection, which involves generating action sequences in the simulator with a smaller removal limit; the 
second is diffusion model training, where the point cloud states are compressed using a variational 
autoencoder; the third is deployment, where M steps of actions are run in a closed loop. This framework 
reduces the difference between simulation and reality by limiting the removal volume. In Figure 9c, Xiang 
et al. [121] explored a smart decision method based on multiple algorithms. The result shows the Pareto 
front distributions of MS-MOGWO, MOGWO, and NSGA-II. It also shows a three-module process 
including a BLS prediction model, MS-MOGWO multi-objective optimization, and TOPSIS decision-
making. In Figure 9d, with a constant force grinding controller, Zhang et al. [122] studied a constant force 
grinding controller. They examined the change in total reward value during PPO network training. As the 
number of iterations increases, the total reward value gradually stays at about 2 × 104. After training, the 
lightweight neural network can be used for real-time displacement compensation. 

 

Figure 9. Intelligent decision-making algorithms and optimization frameworks for robotic polishing. (a) Energy optimization 
process of automated robot polishing system and adaptive genetic algorithm process with elite retention strategy [119]. (b) 
Cutting Sequence Diffuser (CSD) framework [120]. (c) Pareto front comparison diagram of MS-MOGWO, MOGWO, and 
NSGA-II, and intelligent decision flowchart [121]. (d) Convergence curves of total rewards for three independent training of 
PPO algorithms [122]. 

5.3. Optimization of the Dynamicity and Adaptability of the Decision System 

To meet the needs of adaptive decision-making in different situations, Liao et al. [123] put forward a 
joint learning framework for motion, stiffness, and force. It is based on Riemannian dynamic motion 
primitives and quadratic programming optimization, and can learn the change rules of multiple parameters 
from just one human demonstration. Through online optimization, it can achieve adaptive force tracking in 
contact environments with different hardness. Lakshminarayanan et al. [124] made an iterative learning 
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controller based on impedance control. By repeatedly iterating and simultaneously updating the position 
and contact force, without the need to obtain force information in advance, it can effectively adapt to the 
polishing of different materials such as titanium and aluminum alloys. Ren et al. [125] summed up that 
combining AI methods with multi-sensor fusion and model-free adaptive control provides a good way to 
make adaptive parameter decisions under different processing conditions. From the viewpoint of real-time 
decision-making efficiency, Xu et al. [126] put forward an optimization strategy for multi-motor-driven 
micro-robots. Based on rapid response modeling, the control decoupling calculation can be completed 
within microsecond timeframes, meeting the real-time requirements in high dynamic scenarios. Tsai et al. 
[127] used the Taguchi method with L9 orthogonal experiments. It can optimize the polishing parameters 
offline, providing reliable underlying settings for the decision-making system. In short, the decision-making 
system needs to combine the online adaptive mechanism and lightweight algorithms to support real-time 
and stable process decisions in complex processing environments. 

6. Multi-Module Integration of Perception-Control-Decision Strategy 

Industrial robots face many challenges when grinding and polishing complex curved surfaces. These 
challenges include geometric adaptability, process changeability, and system modeling of different parts. 
Optimizing just one module cannot greatly improve processing quality and consistency. So, we need to 
build a multi-module cooperation mechanism for perception, control, and decision-making. This way, 
information and execution flows can operate in a closed loop at the system integration level. 

Understanding the cross-module interactions is essential, as perception, control, and decision are not 
independent but tightly coupled. The quality of perception directly constrains the control performance due 
to sensor noise, latency, and limited bandwidth, which can induce chattering or instability in force control. 
Sensing limitations also affect decision reliability, while incomplete or corrupted perception data can lead 
to suboptimal path planning and parameter selection. Real-time integration introduces latency due to sensor 
data processing (e.g., point cloud registration), which conflicts with the high-bandwidth requirements of 
force control, while decision updates typically operate on a slower timescale, resulting in synchronization 
bottlenecks. These multi-level coupling effects are seldom quantitatively characterized in the literature, yet 
they fundamentally determine the achievable system-level performance. 

For software and hardware integration, the physical structure of the robot grinding and polishing 
system serves as the basis for multi-module cooperation. Ma et al. [128] designed a 3-PUU parallel end 
tool as a “mini” manipulator. It is installed at the end of the industrial robot in series. They form a macro-
micro operation system together. The position control bandwidth of this end tool can reach 100 Hz. With a 
position-based impedance/force control algorithm, the integrated system can achieve high-bandwidth 
force/position hybrid control. On this basis, Rahul et al. [129] established a full-process framework for 
smart deburring. They ran a burr detection model driven by deep learning on a low-cost Raspberry Pi 
controller. With virtual twin technology, it realizes closed-loop connection between offline programming 
and real-time simulation. This provides a feasible way to arrange software and hardware resources together. 
Erkol et al. [130] further proved that common sensors can work well in multi-modal information fusion. 
Low sampling rate data (100 Hz) were collected from the force/torque sensor at the end of the robot. By 
combining these data with convolutional neural networks and long short-term memory networks, this 
method can effectively predict the surface roughness of glass fiber composite materials after grinding. The 
results show that the perception data is of great value for quality control decisions. 

For grinding and polishing complex curved surfaces together, the need for multi-module cooperation 
is especially urgent. Sun et al. [131] studied the elastic contact problem between free surfaces and abrasive 
belts. They proposed a method of piecewise approximation with double curvature and the Winkler 
dimension reduction method, and established a differential stress compensation model in the contact area. 
The experimental error of the contact stress distribution was controlled within 0.078 MPa. Guo et al. [132] 
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designed a new 5-degree-of-freedom hybrid robot. Its two rotating axes are placed at a 45° angle. This 
design allows the tool reference point to adjust to any posture in the upper hemisphere without changing its 
spatial position. Based on this structure, the robot can finish multi-face grinding work in one clamping. 
Sebeto et al. [133] put forward a zero-sample dense matching framework that combines semantic and 
geometric features without sample training. Combining the basic visualization model and local geometric 
descriptors, and optimizing the guiding function mapping, to construct a dense correspondence relationship 
that can understand the topological structure. This works provides new ideas for the cooperation between 
perception reconstruction and path decision-making in complex curved surface grinding and polishing. 

For grinding and polishing cooperation under changing conditions, time-varying factors bring 
continuous challenges to processing consistency. These factors include tool wear and environmental 
changes. Wahballa et al. [134] put forward an adaptive impedance controller. At the same time, they added 
a damping speed force correction term to the impedance controller. Simulation and polishing experiments 
prove that this method is better at keeping the contact force stable and path accurate. Liu et al. [135] studied 
the problem of “over-polishing” and “under-polishing” in robot blade polishing. They proposed a method 
for controlling the impedance of a fuzzy variable, with the environmental stiffness and feed speed as inputs 
and the damping parameter as the output. Moreover, the damping can be adjusted online through fuzzy 
reasoning. This method keeps the blade surface roughness below 0.4 μm and the machining allowance 
within ±0.06 mm. Tao et al. [136] did a full life cycle wear experiment of sandpaper. They put forward a 
wear factor based on the relative material removal rate. This factor can quantitatively show how different 
wear stages affect the residual stress distribution on the GH4169 workpiece surfaces. They found that more 
wear leads to a lower grinding force ratio and more grinding heat buildup. Wang et al. [137] studied the 
problem of skill transfer generalization in robot polishing. They put forward B-spline dynamic motion 
primitives for path learning. They combined the path integration strategy to improve the algorithm. This 
way, paths can be used in new situations. They also added a contact force model to the cost function. This 
reduces force tracking error by 29.5%. 

To summarize, research on multi-module cooperation mechanisms and system integration of 
perception, control, and decision-making has been done from many aspects. These aspects include hardware 
structure, adaptation to complex surfaces, and stability under changing conditions. A closed-loop 
framework has been initially formed. It is perception (force/visual/misalignment monitoring), decision 
(path planning/parameter optimization/skill generalization), and control (impedance/force/fuzzy control). 
But existing research has some gaps. It lacks a unified mathematical description and cooperation 
optimization rules for three things: multi-modal fusion of perception information, adaptive update of 
decision strategies, and dynamic matching of control system bandwidth. Therefore, we need to establish a 
joint modeling framework for perception, decision-making, and control, as well as a collaborative 
optimization method, to ensure that the three aspects achieve a good match in terms of time scale, 
information detail level, and control accuracy. 

As shown in Figure 10a, He et al. [138] put forward a regional perception robot polishing framework 
based on Gaussian processes. It has three core modules, that is, surface recognition and segmentation, 
reference surface and demonstration data building, path mapping, and compliant generalization. This 
framework proves that it can make adaptive plans for both polishing paths and impedance parameters 
together, by geometric-mechanical fusion segmentation and multi-output GP mapping for polishing large 
and complex parts. As in Figure 10b, Li et al. [139] built a virtual environment for robot polishing 
processing. It includes a six-axis robot, polishing tools, and free-form surface workpieces, and can provide 
digital twin support for path planning and program verification. As shown in Figure 10c, Zhao et al. [140] 
put forward a visual-guided grinding strategy for mobile robots. They did real processing experiments on 
wind turbine blades. It shows a complete process: mobile platform positioning, point cloud collection and 
stitching, path planning, and force-controlled grinding execution. The scene of the mobile robot grinding 
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70-meter-level blades in the manufacturing workshop. This system can automatically grind large curved 
surface workpieces without CAD models or global measurement equipment. In Figure 10d, Yan et al. [141] 
built a dual-robot cooperative polishing test platform. The system has two EPSON C4 series six-axis 
industrial robots (C4-A601S and C4-A901S), RC700-A controller, a host computer, a clamping tool, and a 
polishing tool. This platform can track paths in cooperative motion, so that the calibration method works 
well in engineering. As shown in Figure 10e, Li et al. [142] put forward a DP-RRL hybrid learning 
framework. It is composed of a multimodal perception module (combining RGB point cloud, force 
perception, and proprioceptive perception), a diffusion strategy backbone (for generating basic actions), 
and a residual reinforcement learning module (for outputting correction offsets). This structure can realize 
real-time adaptive control of force-sensitive operations by adding baseline actions and residual corrections 
together. As in Figure 10f, Verl et al. [143] showed the robot CNC structure. It includes an interpolator, a 
path generator, a position/speed/current controller, and an external sensor interface module. This structure 
supports real-time path control and signal interaction in processing tasks. 

Despite significant advances, a critical examination reveals that perception, control, and decision-
making remain largely isolated, and the Table 1 lists representative studies on robot assisted grinding and 
polishing. Sensing modalities vary without systematic comparison, and multi-modal fusion remains 
heuristic. Control strategies are difficult to compare due to differing experimental conditions, and the trade-
off between accuracy and computational efficiency is rarely addressed. Decision frameworks are task-
specific and lack generalizability. Key research gaps include the lack of standardized benchmarks, 
insufficient real-time adaptability to tool wear and thermal drift, the absence of a unified mathematical 
framework for the perception-control-decision loop, limited human-robot collaboration, underdeveloped 
integration of emerging sensors, and unresolved skill transfer across diverse conditions. 

 

Figure 10. Multi-module collaboration and system integration architectures for robotic polishing. (a) Regional sensing robot 
polishing motion and compliance synchronization framework [138]. (b) Virtual polishing processing scene constructed in 
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RoboDK simulation software based on the kinematic model and working environment model [139]. (c) Flowchart of mobile 
robot visual-guided grinding strategy and visual-based mobile robot grinding scene in manufacturing of wind turbine blades 
[140]. (d) Dual-robot collaborative motion experimental platform [141]. (e) Overview of the DP-RRL overall architecture [142]. 
(f) Robot CNC architecture composed of offline programming, motion planning, servo control, and I/O signals modules [143]. 

Table 1. Comparative summary of representative studies on robotic assisted grinding and polishing. 

Category Technology/Approach 
Representative 
Study 

Key Performance Advantages Limitations 
Application 
Area 

Perception 

6-axis force/torque sensor 
and gravity compensation 

Wang et al. [41] 
Improved normal 
force accuracy 

Mature, high 
precision 

High cost, 
bulky 

Blade 
polishing 

Joint torque sensor and 
MESO 

Dong et al. [53] 
Force error within ±1 
N 

No external 
sensor 

Sensitive to 
vibration 

Robotic 
polishing 

Thermal compensation in 
force sensing 

Verl et al. [143] 
Force error <10 N 
under varying 
temperature 

Cost-effective, 
reduces physical 
sensors 

Requires 
thermal model 
calibration 

Robotic 
polishing 

Force/position hybrid 
control 

Xu et al. [4] 
Ra from 1.085 to 
0.375 μm 

High accuracy 
Requires 
accurate model 

Aero-engine 
blades 

Adaptive variable 
impedance 

Zhang et al. [74] 
Force error <0.78 N, 
overshoot <4.5% 

Good 
adaptability 

Complex tuning 
Macro-mini 
polishing 

Control Contour tracking control Yan et al. [141] 

Position and 
orientation contour 
errors reduced by 
~30% and 28% 

High accuracy 
for 6D tasks 

Requires 
accurate 
contour 
estimation 

Complex 
surface 
machining 

Decision 
CPSO parameter 
optimization 

Schneyer et al. 
[106] 

Smoother feed speed 
Global 
optimization 

Offline Belt grinding 

Integration
Digital twin Min et al. [114] 

Debug time from 5 
days to hours 

Virtual-real 
integration 

Model 
calibration 

Workcell 
design 

Vision-guided mobile robot Tao et al. [136] 70-m blade grinding 
No CAD model 
needed 

Slow 
Wind turbine 
blades 

7. Summary and Outlook 

7.1. Conclusions 

Robot polishing technology is changing from automatic execution to smart decision-making. The 
closed-loop collaborative mechanism among perception, control, and decision-making, characterized by 
bidirectional information flow, real-time mismatch compensation, and cross-layer optimization, is the key 
support for this progress. This paper systematically reviews the research progress of robot polishing 
technology and covers perception systems, control strategies, decision mechanisms, and multi-module 
cooperative integration. This cooperation helps overcome the limitations of traditional polishing technology. 

(i) In the perception system, research progress has been made in force sensing, visual perception, and 
multi-source information fusion technologies. Now, these systems have the comprehensive perception 
capabilities of multiple modes and functions. Flexible tactile sensors, high-precision three-dimensional 
vision, and acoustic emission monitoring technologies are jointly applied, enabling the system to 
accurately grasp the processing status, the shape of the workpiece, and the working environment. 

(ii) For control strategies, traditional force/position hybrid control has been developed. Now there are more 
advanced control methods, like model predictive control, adaptive impedance control, and control 
driven by smart algorithms. These methods greatly improve force tracking accuracy and dynamic 
response speed. 

(iii) In terms of the decision-making mechanism, intelligent decision-making structures have been 
developed. These structures are supported by traditional optimization algorithms, artificial intelligence, 
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and digital twin technology, and are capable of adaptively optimizing process parameters, planning 
dynamic paths, and predicting and compensating for faults. 

(iv) The close collaboration of the perception, control, and decision-making modules has surpassed the 
performance limits of a single module, forming a closed-loop logic. This provides strong technical 
support for the precise processing of complex components, meeting the strict requirements of emerging 
industries such as aerospace, precision optics, and semiconductors. 

7.2. Future Directions 

Looking forward, robot polishing technology will keep making progress in smart decision-making, 
multi-module cooperation, and high-end equipment. For the innovation of perception-control-decision 
technology, adaptive decision-making driven by large models is becoming a leading direction. Existing 
control methods based on reinforcement learning work better than traditional PID in constant force grinding. 
But model training needs a lot of simulation or experimental data. And its generalization ability needs to 
be improved. In the future, we need to explore few-shot learning. It combines large pre-trained models with 
a small number of real samples. We can use structures like a transformer to model multi-modal sequence 
data of force, position, and shape together. This way, we can generate end-to-end decisions for process 
parameters, path planning, and fault prediction and compensation. At the same time, digital twin technology 
will further promote multi-module cooperative optimization. We can build a digital twin system driven by 
real-time data. It supports online calibration and dynamic model update. For equipment and process 
optimization, developing lightweight, high-precision smart polishing equipment is the base to improve 
system flexibility. In the future, we need to develop special end tools that combine force control, vision, 
and vibration suppression functions. This will help turn “robots with tools” into “robots as precision 
processing equipment”. Besides, human-machine cooperative smart polishing is developing. It is moving 
from demonstration and reproduction to intention perception and cooperative decision-making. In the future, 
we need to develop technologies that can understand the intentions of the operators. This will make the 
grinding and polishing process of human-machine collaboration safer, more efficient, and more natural. 
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