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Abstract—Accurate robotic positioning is essential in 

automated marking because residual pose error directly shifts 

the permanent mark. This study presents a one-step vision-based 

residual error compensation method that measures the 

displacement between the target and the marking-tool position 

after the initial robot motion, transforms that displacement into 

the robot base frame, and applies it as a translational Tool 

Center Point (TCP) correction. The platform combines an AR4-

MK3 six-degree-of-freedom manipulator, a fixed Intel RealSense 

D455 RGB-D camera, and a 50 W electromagnetic marking 

device. At five spatially distinct target points, the mean Euclidean 

positioning error decreased from 7.40 ± 1.35 mm to 2.14 ± 0.36 

mm. The mean paired decrease was 5.26 mm (95% confidence 

interval: 4.04-6.48 mm), and all five points improved by 70.7%-

71.4%. An exploratory point-level paired test gave t(4) = 11.92 

and p < 0.001. The result supports the feasibility of inserting a 

local visual correction immediately before marking without 

changing the nominal robot kinematic model. The evaluation is a 

five-point pilot rather than a repeatability or full workspace 

study; raw repeated-trial, orientation-error, timing, robustness, 

and quantitative mark-quality measurements were not available. 

The conclusions are therefore limited to translational positioning 

under the tested camera and workcell configuration. 
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I. INTRODUCTION 

Industrial robots support welding, assembly, machining, 
inspection, material handling, and surface-processing 
operations because they combine programmable motion with 
high repeatability [1]. Repeatability, however, is not equivalent 
to absolute accuracy. Kinematic parameter errors, joint 
clearances, compliance, assembly tolerances, thermal effects, 
and environmental disturbances can displace the end-effector 
from a commanded Cartesian target [2]. These errors are 
important in marking because the final tool position determines 
the location of a permanent identifier. 

Robot calibration and error compensation improve absolute 
positioning by identifying differences between nominal and 
actual robot behavior [3]. Kinematic calibration can reduce 
systematic geometric error, but non-kinematic effects such as 
compliance, thermal drift, payload, and base deformation may 
remain [4]. High-accuracy calibration also commonly uses 
laser trackers, coordinate-measuring machines, or 
photogrammetric systems, which improve traceability but 
increase workcell cost and integration effort [5]. 

Machine vision provides a complementary route because it 
observes the current relationship among the target, tool, and 
workpiece [6]. Vision-guided correction has been applied to 
machining, drilling, grinding, assembly, and navigation tasks 
[7]. In contrast to a purely global calibration model, a local 
measurement made after the initial robot motion can capture 
the net residual error produced by several upstream sources. 

Prior work includes vision-guided robot localization [8], 
neural-network prediction of positioning error [9], and models 
that incorporate non-kinematic and weak rigid-base effects 
[10]. Hand-eye vision has also been used for indirect 
compensation [11], while photogrammetric calibration has 
improved camera-guided robot accuracy [12]. Recent studies 
additionally address uncertainty in TCP calibration [13], 
stereo-vision closed-loop measurement [14], and high-
precision tool-path generation for engraving [15]. These 
approaches establish the value of external sensing, but many 
require global calibration, extensive data collection, iterative 
control, or specialized metrology. 

Vision-based residual correction is well suited to automated 
marking. Even after the target is transformed into the robot 
coordinate system, the executed tool position can still contain 
errors from target localization, camera calibration, camera-to-
robot registration, TCP definition, and manipulator mechanics. 
Because these errors accumulate along the measurement and 
positioning chain, the initially calculated TCP pose should not 
be treated as an error-free final command. 

The proposed workflow inserts a single visual correction 
after the initial positioning motion and before tool activation. 
The camera measures the target-to-tool displacement; the 
displacement is expressed in the robot base frame, and the 
corresponding translational offset is added to the TCP 
command. The method does not replace robot or camera 
calibration; it compensates for the residual displacement that 
remains after those procedures. 

The research gap is therefore application-specific rather 
than a claim that visual correction is new in itself. Existing 
studies mainly evaluate calibration, machining, drilling, 
assembly, or trajectory control. Automated marking requires 
target localization, frame transformation, residual error 
measurement, correction, and permanent mark execution to 
operate as one ordered sequence. A practical question is 
whether a simple pre-marking correction can improve a low-
cost workcell without retraining a model or changing the 
nominal robot kinematics. 
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This study makes three contributions: 1) a marking-specific 
sense-correct-execute workflow that uses the same fixed RGB-
D camera for initial localization and residual measurement; 2) 
an explicit frame-consistent formulation that transforms 
camera-space displacement before TCP correction; and 3) a 
transparent five-point pilot analysis that reports point-level 
dispersion, confidence intervals, and an exploratory paired 
comparison. The scope is translational correction under a fixed 
camera and fixed tool orientation. The study does not claim full 
six-degree-of-freedom compensation, industrial robustness, or 
metrological equivalence to a laser tracker. 

II. RELATED WORK 

Industrial robot accuracy enhancement is commonly 
divided into kinematic calibration, extended error modeling, 
data-driven compensation, and external-sensor feedback. 
Kinematic methods identify geometric parameters from 
measured poses [16], whereas extended models incorporate 
compliance, backlash, base deformation, thermal effects, and 
load-dependent behavior [17]. Model-free methods learn 
commanded-to-measured error mappings [18], including 
neural, radial-basis, Gaussian-process, and other regression 
models [19]. Deep models can represent nonlinear workspace 
error [20], and similarity or incremental-learning strategies can 
reduce calibration effort [21]. These gains depend on the 
coverage and stability of the training data. 

External metrology provides traceable end-effector 
measurements. Laser trackers are widely used for calibration 
and accuracy assessment [22], and real-time trajectory 
compensation can reduce path error [23]. Such systems offer 
higher accuracy than commodity RGB-D cameras but require 
line of sight, careful setup, and additional capital equipment. 
Visual guidance offers a lower-cost alternative for local 
correction. Examples include visually guided pose 
improvement in robotic machining [24], online visual 
correction for robotic drilling [25], and integrated machine-
vision compensation architectures [26]. 

A reproducible visual correction chain requires both camera 
calibration and frame registration. Intrinsic calibration relates 
pixels and depth to camera-frame coordinates and is commonly 
estimated from multiple views of a calibration pattern [27]. 
Camera-to-robot registration is the hand-eye problem. 
Foundational solutions include the Tsai-Lenz method [28], 
separable rotation-translation estimation [29], Lie-group 
formulations of AX = XB [30], and dual-quaternion estimation 
[31]. Later work optimized pose selection [32], solved robot-
world/hand-eye calibration jointly [33], and minimized 
reprojection error directly [34]. Reviews and comparative 
evaluations show that calibration accuracy depends on pose 
diversity, image localization error, and the selected solver [35]-
[37]. 

The proposed correction is also related to image-based and 
position-based visual servoing. Classical visual servo control 
uses image or reconstructed pose error to generate motion 
commands [38]-[40], and modern robot-vision treatments 
emphasize explicit coordinate-frame conventions and stability 
assumptions [41], [42]. In multi-sensor systems, temporal and 

spatial calibration must be considered together when 
measurements and robot states are not synchronized [43]. 
Three-dimensional hand-eye calibration with line laser sensors 
[44] and learning-based vision for small and medium-sized 
production cells [45] further demonstrate the range of sensing 
and integration choices. 

The Intel RealSense D455 is an active-stereo RGB-D 
device whose manufacturer specifies depth resolution up to 
1280 x 720 and depth accuracy below 2% at 4 m under the 
stated test conditions [46]. Independent close-range 
characterization confirms that D455 performance varies with 
distance, surface geometry, and device-specific effects [47]. 
Evaluation under indoor mapping conditions also shows that 
measurement noise depends on range and surface inclination 
[48]. Consequently, a D455 cannot be treated as a substitute for 
a traceable metrology system, and its uncertainty forms part of 
the residual error reported in this study. 

Published compensation results are not directly rankable 
because robots, workspaces, sensors, metrics, and test 
protocols differ. Accuracy and repeatability also change 
between offline and online robot-programming environments 
[49]. A laser-tracker and neural-network method reduced mean 
positioning error from 0.8497 to 0.0490 mm [50], while an 
offline deep-belief-network method reduced error from 0.469 
to 0.084 mm [51]. Laser-tracker calibration has likewise 
demonstrated submillimeter improvement on industrial robots 
[52]. ISO 9283 provides standardized concepts for pose 
accuracy and repeatability [53], but the present pilot does not 
implement the complete standard protocol. Its contribution is 
the marking-specific local correction sequence, not superior 
absolute accuracy over these differently instrumented systems. 

III. MATERIALS AND METHODS 

A. Experimental Vision-Guided Robotic Marking System 

The experimental platform comprises an AR4-MK3 six-
degree-of-freedom manipulator, a fixed Intel RealSense D455 
RGB-D camera, a 50 W electromagnetic marking device, and a 
computer-based controller. The marking device is rigidly 
mounted on the robot end-effector. The camera observes the 
workpiece and tool from above in an eye-to-hand 
configuration. The camera was not moved during the reported 
five-point experiment. 

The system uses two positioning stages. First, the target is 
localized from aligned color and depth data and transformed 
into the robot base frame to generate an initial TCP position. 
The robot then moves the marking tool to that command and 
comes to rest. Second, the vision system estimates the 
remaining target-to-tool displacement. After transforming the 
displacement into the base frame, the controller issues one 
corrected TCP command before activating the marking tool. 

The controller performs image acquisition, target and tool 
localization, depth association, camera-to-base transformation, 
residual-error calculation, and robot command transmission. 
Fig. 1 identifies the interface view (left), the fixed camera and 
observed workpiece region (upper right), and the robot-
mounted electromagnetic marking tool (lower right). 
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Fig. 1. Experimental vision-guided marking cell: camera and detection interface (left), fixed RGB-D camera and observed workpiece region (upper right), and 

AR4-MK3 manipulator with the electromagnetic marking tool (lower right).

B. Camera Calibration and Coordinate Frames 

Four frames are used: the camera frame {C}, robot base 
frame {B}, TCP frame {T}, and workpiece/target frame {W}. 
The camera is fixed relative to the robot base. A camera-frame 
point pᶜ is mapped to the base frame by the homogeneous 
transformation pᴮ = T_BC pᶜ, where T_BC contains the 
rotation R_BC and translation t_BC. The target and measured 
tool points are transformed independently before their 
difference is used for correction. 

The intrinsic model deprojects an aligned pixel-depth 
observation according to pᶜ = z K⁻¹ [u, v, 1]ᵀ, where K is the 
camera intrinsic matrix and z is the depth associated with the 
detected image location. Target and tool image regions are 
localized by the workcell detector; the center of each detected 
region defines (u, v), and valid depth samples around that 
center are aggregated to suppress isolated depth outliers. This 
definition makes the visual measurement reproducible at the 
algorithmic level, although the detector version, exact 
acquisition resolution, calibration residuals, and per-frame raw 
observations were not retained in the experimental record. 

The fixed eye-to-hand transformation T_BC was 
determined before the positioning experiment from paired 
camera-frame and robot-base observations and then held 
constant. The transformation must be validated in the actual 
work volume because intrinsic calibration error, target 
localization error, depth bias, and registration error propagate 
into the compensation vector. The original study did not 
archive an independent traceable uncertainty budget; 
consequently, the reported post-compensation error represents 

the combined robot-and-vision result rather than robot error 
alone. 

C. Vision-Based Positioning Error Estimation 

After the initial robot positioning, the camera observes the 
desired target and the marking-tool reference within the same 
scene. Let P_t and P_m denote their three-dimensional 
positions after deprojection and transformation into a common 
coordinate frame. The component-wise residual and Euclidean 
distance are defined in Eq. (1)-(7). In implementation, 
displacement E in {C} is rotated into {B} by R_BC; the 
translation t_BC cancels because E is a difference between two 
points. 

Let the desired target position be defined as: 

Pt = (xt, yt, zt) (1) 

and the actual position of the marking tool after the initial 
robot movement as: 

Pm = (xm, ym, zm) (2) 

The positioning error along each coordinate axis is 
calculated as: 

ex = xt − xm (3) 

𝑒𝑦 = 𝑦𝑡 − 𝑦𝑚 (4) 

𝑒𝑧 = 𝑧𝑡 − 𝑧𝑚 (5) 

The resulting error vector is expressed as: 

E = [ex; ey; ez] (6) 
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while the total positioning error is calculated using the 
Euclidean distance: 

e = sqrt(ex
2 + ey

2 + ez
2) (7) 

The vector therefore represents both the magnitude and 
direction of the residual translation. Frame consistency is 
essential: a displacement measured in {C} cannot be added 
directly to a TCP position in {B}. Only the residual after 
rotation into {B} is passed to the compensation stage. 

D. Proposed Error Compensation Method 

The proposed method applies one translational correction 
after the initial motion. The initial TCP position is expressed in 
the robot base frame. The compensation offset is obtained from 
the camera-space residual through the rotation R_BC, and the 
corrected TCP position is transmitted as a second point-to-
point command. 

The initial TCP position is represented as: 

P(TCP) = [x(TCP); y(TCP); z(TCP)] (8) 

Using the residual expressed in {C}, the base-frame 
compensation offset is defined as: 

𝛥𝑃𝐵 = 𝑅𝐵𝐶𝐸
𝐶 (9) 

The corrected base-frame TCP position is then calculated 
as: 

𝑃𝑇𝐶𝑃
𝑐𝑜𝑟𝑟 = 𝑃𝑇𝐶𝑃 + 𝛥𝑃 (10) 

or, in expanded base-frame form: 

𝑃𝑇𝐶𝑃,𝑐𝑜𝑟𝑟
𝐵 = [𝑥𝑇𝐶𝑃 + 𝛥𝑥𝐵 , 𝑦𝑇𝐶𝑃 + 𝛥𝑦𝐵 , 𝑧𝑇𝐶𝑃

+ 𝛥𝑧𝐵]𝑇 

(11) 

The corrected position is transmitted to the robot controller 
only after the initial motion has settled. The tool orientation is 
held at the taught marking orientation and is not changed by 
the compensation algorithm. This design is appropriate for the 
planar workpiece used in the pilot, but it does not compensate 
for rotational error. Orientation error can change contact angle, 
normal force, and mark geometry and must be measured in a 
full six-degree-of-freedom extension. 

 

Fig. 2. Proposed vision-based error compensation framework for robotic positioning and automated marking.

Fig. 2 summarizes the marking-specific sequence. In the 
schematic, ΔP denotes the frame-consistent offset defined 
formally in Eq. (9). The first command uses the transformed 
target position, and the second uses the residual displacement 
measured after the robot has settled. The technical distinction 
from global calibration and learned workspace compensation is 
that the proposed offset is local, task-timed, and calculated 
immediately before permanent marking. The approach still 
depends on valid camera calibration and does not remove the 
need for metrological validation. 

E. Experimental Procedure 

The method was evaluated at five distinct target locations, 
P1-P5, within the accessible marking area. At each location, 
the robot executed the initial target command, stopped, and 

was observed by the D455. The Euclidean tool-to-target 
distance was recorded before compensation. The base-frame 
correction was then applied, the robot stopped again, and the 
final distance was recorded. The retained dataset contains one 
before-and-after pair for each spatial target point. Although 
preliminary workcell operation involved repeated positioning, 
trial-level raw measurements and exact base-frame coordinates 
for P1-P5 were not preserved; the manuscript therefore treats 
the five sites, not repeated trials, as the experimental units and 
does not claim ISO 9283 repeatability. 

The primary outcome was Euclidean positioning error in 
millimeters. Secondary descriptive outcomes were the absolute 
paired decrease and percentage reduction at each point. The 
uncompensated first command serves as the within-point open-
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loop baseline. No independent calibrated-positioning baseline, 
orientation-error series, cycle-time log, or robustness series for 
illumination, camera displacement, vibration, and workpiece 
rotation was available. These omissions are stated explicitly so 
that the pilot is not interpreted as a full industrial qualification 
study. 

F. Statistical Analysis 

Means, sample standard deviations, and two-sided 95% t 
confidence intervals were calculated across the five target 
points. A paired t-test compared the before- and after-
compensation errors at the same spatial points, and Cohen's dz 
was calculated as the mean paired decrease divided by the 
standard deviation of the paired decreases. Because n = 5 and 
no repeated-trial data were retained, the inferential statistics are 
exploratory and characterize consistency across sampled 
locations rather than production repeatability. 

IV. RESULTS 

Table I reports the five paired point-level observations. The 
uncompensated errors ranged from 5.8 to 9.1 mm, and the 
compensated errors ranged from 1.7 to 2.6 mm. Every target 
point improved, with percentage reductions between 70.7% 
and 71.4%. Fig. 3 illustrates the physical before-and-after 
correction sequence; the images are illustrative, whereas the 
numerical evaluation is based on the measurements in Tables I 
and II. 

Fig. 3(a) shows the marking tool after the initial positioning 
command, and Fig. 3(b) shows the tool after the correction 
command. The corresponding dataset-level mean displacement 
decreased from 7.40 mm before compensation to 2.14 mm after 
compensation. Individual P1-P5 values are reported in Table I 
rather than overlaid on the photographs because the 
photographs do not provide a traceable scale for independent 
measurement. 

 

Fig. 3. Execution of the visual correction: (a) tool position after the initial command and (b) tool position after the correction command. Across P1-P5, the mean 

measured error decreased from 7.40 to 2.14 mm. 

For target point i, percentage error reduction was calculated 
as: 

R = (
e(before) − e(after)

e(before)
) ∗ 100% 

where, e_before,i and e_after,i are the Euclidean errors 
measured before and after compensation at the same target 
point. Table I preserves the individual observations. 

The mean error was 7.40 ± 1.35 mm before compensation 
and 2.14 ± 0.36 mm after compensation. The mean paired 
decrease was 5.26 ± 0.99 mm, with a 95% confidence interval 
of 4.04-6.48 mm. The exploratory paired test yielded t(4) = 
11.92, p = 0.0003, and Cohen's dz = 5.33. These statistics 
indicate a consistent reduction across the five sampled 
locations, but they do not substitute for repeated trials at each 
point. 
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TABLE I.  POINT-LEVEL POSITIONING ERROR BEFORE AND AFTER 

VISUAL COMPENSATION 

Target 

point 

Before compensation 

(mm) 

After 

compensation 

(mm) 

Error 

reduction (%) 

P1 7.2 2.1 70.8 

P2 5.8 1.7 70.7 

P3 8.4 2.4 71.4 

P4 6.5 1.9 70.8 

P5 9.1 2.6 71.4 

Mean 7.4 2.14 71.0 

TABLE II.  DESCRIPTIVE AND EXPLORATORY POINT-LEVEL STATISTICS 

ACROSS FIVE TARGET LOCATIONS 

Quantity Estimate 95% CI 

Before compensation 7.40 ± 1.35 mm 5.72-9.08 mm 

After compensation 2.14 ± 0.36 mm 1.69-2.59 mm 

Paired decrease 5.26 ± 0.99 mm 4.04-6.48 mm 

Paired test t(4) = 11.92 p = 0.0003 

Effect size Cohen's dz = 5.33 Point-level 

After correction, the electromagnetic tool was activated. 
The photograph below shows one resulting mark and 
demonstrates process feasibility. It is not a quantitative mark-
quality test: the retained experiment does not include 
independent measurements of mark-center deviation, character 
dimensions, depth, edge quality, or repeatability (Fig. 4). 
Accordingly, marking quality is not used as evidence for the 
positioning claim. 

 

Fig. 4. Example mark produced after visual correction. The image 

demonstrates execution feasibility only; mark geometry was not measured 

quantitatively. 

The available evidence therefore supports a narrow 
conclusion: one local translational correction reduced 
measured tool-to-target error at each of five tested sites. It does 
not establish orientation accuracy, camera-only measurement 
uncertainty, mark-quality repeatability, cycle-time overhead, or 
robustness to environmental changes. 

V. DISCUSSION 

Across the five target sites, compensation reduced mean 
error from 7.40 to 2.14 mm and produced a mean paired 
decrease of 5.26 mm. The narrow range of percentage 
reductions indicates similar relative behavior at the sampled 
sites. The point-level confidence interval excludes zero, and the 
exploratory paired test is consistent with a large reduction. 
Because only five site-level pairs were retained, these results 
should be interpreted as pilot evidence rather than an estimate 
of trial-to-trial repeatability. 

The improvement is attributable to measuring the net 
residual displacement after the initial command. This timing 
allows one correction to incorporate the combined effect of 
localization, transformation, TCP, and manipulator errors 
present at that moment. The revised formulation also makes 
clear that camera-space displacement is rotated into the robot 
base frame before it is added to the TCP position. Direct 
addition without this transformation would be valid only if the 
camera and base axes were already coincident. 

The approach reuses the camera already present in the 
marking cell, but this does not make the measurement 
metrologically independent. Published D455 characterizations 
show that depth error depends on range, surface inclination, 
and device behavior [47], [48]. The final 2.14 mm value 
therefore includes camera and registration uncertainty. The 
method should be described as low-cost visual compensation 
rather than as a replacement for traceable external metrology. 

Table III positions the result against selected calibration 
and compensation studies. The numerical values are contextual 
because the studies use different robots, sensors, workspaces, 
and error definitions. Laser-tracker and learned models achieve 
smaller residuals but require calibration datasets and high-
accuracy reference instruments. The proposed method uses one 
local RGB-D correction and addresses a less demanding 
marking setup. Its novelty is the integrated pre-marking 
sequence and explicit frame-consistent offset, not state-of-the-
art absolute positioning accuracy. 

TABLE III.  CONTEXTUAL COMPARISON WITH SELECTED COMPENSATION 

METHODS 

Study Sensing and method Reported result 
Comparison 

notes 

Ma et al. 
[10] 

Laser tracker; non-

kinematic and base-

error model 

Trajectory error -

1.3231 to -0.1297 

mm 

Robotic milling; 
signed axis error 

Jiang et 

al. [50] 

Laser tracker; 
optimized neural 

network 

Mean 0.8497 to 

0.0490 mm 

Global calibration 

and learning 

Tao et al. 

[51] 

Laser tracker; DE-

DBN offline 

compensation 

0.469 to 0.084 

mm; 82.14% 

Training data and 

traceable 

metrology 

Li et al. 

[26] 

Industrial camera, 

PLC, iterative 
correction 

Accuracy within 

0.231 mm 

Different robot 

and repeated 
grasping task 

Present 

pilot 

D455 RGB-D; one 

local TCP correction 

7.40 to 2.14 mm; 

71.0% 

Five marking 

sites; no trial-
level repeats 
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The study has six principal limitations. First, the retained 
dataset contains only five spatial observations and no trial-level 
repetition series. Second, exact base-frame coordinates and 
robot joint configurations for P1-P5 were not archived, which 
limits workspace reproducibility. Third, the work uses one 
camera, robot, tool, and controlled workcell. Fourth, 
illumination, camera displacement, workpiece rotation, 
vibration, and larger workspace changes were not tested 
independently. Fifth, only translation was corrected; orientation 
and contact-normal error were not measured. Sixth, image-
processing time, error-estimation time, correction-motion time, 
total added cycle time, and quantitative mark quality were not 
instrumented. These constraints preclude broad industrial 
generalization. A follow-up study should use an ISO 9283-
informed repeated-point protocol, publish raw trials and target 
coordinates, validate camera and hand-eye uncertainty, add 
calibrated and alternative vision baselines, measure timing and 
mark geometry, and test environmental perturbations. 

VI. CONCLUSION 

This study presented a marking-specific, vision-based 
residual error correction for an AR4-MK3 robot. The method 
measures the target-to-tool displacement after the initial 
command, rotates that displacement from the camera frame 
into the robot base frame, and applies one translational TCP 
correction before marking. Across five target sites, mean error 
decreased from 7.40 ± 1.35 mm to 2.14 ± 0.36 mm. The mean 
paired decrease was 5.26 mm (95% confidence interval: 4.04-
6.48 mm), and all sites improved by approximately 71%. 

The result demonstrates feasibility under the tested 
configuration, not complete industrial validation. The study 
does not establish repeated-trial precision, rotational accuracy, 
camera metrological uncertainty, mark-quality repeatability, 
processing time, or robustness to environmental changes. 
Future work should report raw repeated measurements at 
documented workspace coordinates, compare calibrated and 
alternative vision baselines, quantify the full camera-to-robot 
uncertainty chain, measure orientation and mark geometry, and 
evaluate cycle time and robustness before broader deployment 
claims are made. 
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   P t =  (  x t ,  y t ,  z t )


   P m =  (  x m ,  y m ,  z m )


   e x =  x t −  x m


    e  y =   y  t −   y  m


    e  z =   z  t −   z  m


  E =  [  e x ;  e y ;  e z ]


  e = sqrt  (  e x 2 +  e y 2 +  e z 2 )


   P   ( TCP ) =  [  x   ( TCP ) ;  y   ( TCP ) ;  z   ( TCP ) ]


    𝛥 P  B =   R  B C   E  C


    P  T C P  c o r r =   P  T C P + 𝛥 P


    P  T C P , c o r r  B = [   x  T C P +   𝛥 x  B ,     y  T C P +   𝛥 y  B ,     z  T C P +   𝛥 z  B  ]  T


  R =  (    e   ( before ) −  e   ( after )   e   ( before ) ) ∗ 100 %

