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Abstract 

Robotized medical procedures rely on high spatial accuracy and repeatability, yet patient motion during 
treatment remains a critical challenge that can compromise safety and effectiveness. In particular, 
procedures such as laser skin rejuvenation require continuous adaptation of the robot trajectory to 
unintentional movements of the patient. To address this, we propose a real-time motion correction 
framework that combines dense optical flow with 3D point cloud data acquired by a time-of-flight camera. 
The approach, termed Fusion Flow, transforms pixel-level motion fields into real-world displacements 
in all three spatial directions and integrates them into the global trajectory of the treatment area.  
We evaluated seven optical flow algorithms (DeepFlow, DenseRLOF, DualTVL1, Farneback, PCAFlow, 
SimpleFlow, and SparseToDense) using a controlled experimental setup with sub-millimeter reference 
motion. Among them, the Farneback method achieved the best balance of speed and accuracy, 
operating at 140 FPS with an average trajectory error of only 8 mm over a 2250 mm path. 
These results demonstrate that real-time fusion of optical flow and 3D depth data provides clinically 
relevant precision for motion correction, paving the way for safer and more effective robotized medical 
procedures. 
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1. Introduction

Robotized medical treatments and surgeries are becoming increasingly popular because they enable 
faster patient recovery, shorter hospital stays, reduced postoperative pain, fewer wound complications, 
improved cosmetic outcomes, reduced blood loss, and—with the replication of hand movements—
greater precision [1, 2].  

During robotized medical treatments, patient movement causes two main problems. The first is 
breathing, which produces vertical body motion and shifts the z-coordinate of the laser focus out of 
position (for example, instead of focusing on the skin surface, the laser may shift slightly beneath the 
skin). The second is transverse motion in the x- and y-directions, which may cause the robot to target 
the wrong area or even miss the treatment region entirely. 

Among other efforts, patient movement has been addressed during MRI brain imaging [3], OCT skin 
imaging [4], and thermographic imaging during brain surgery [5]. A new method using a two-dimensional 
B-spline registration network was compared with several methods, such as optical flow, to detect brain
movement during craniotomy [6]. An artificial intelligence model was developed for universal motion
correction in medical imaging [7]. Optical surface imaging (OSI) was used for real-time respiratory
motion tracking, which was modeled as a product of six sine curves [8, 9, 10]. The Lucas-Kanade optical
flow algorithm was improved to detect object motion more accurately and to be sufficiently lightweight
for an embedded system such as the Raspberry Pi 4 (8 GB RAM) [11]. Optical flow algorithms were
also used to separate blood vessels from the surrounding skin [12]. A subpixel algorithm was developed
to correct errors in photoacoustic dermoscopy caused by patient movement by fivefold expansion of
the cross-correlation matrix [13]. A neural network has also been developed to detect the same local
features on two images, enabling the identification of movements within an image. It achieves state-of-
the-art on the task of pose estimation and is capable of operating quickly on modern GPUs at speeds
of 10 to 15 FPS [14].

To our knowledge, no research has addressed detecting movement across a skin area of approximately 
400 × 100 mm (about the size of the human torso) using optical flow, where the camera captures only 
a portion of the region. 
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Based on the preceding discussion, it is evident that optical flow algorithms are increasingly used in 
medical applications. Optical flow describes the apparent motion of objects in the image plane and 
assumes that pixel intensity remains constant during motion. This is expressed by the optical flow 
constraint equation 1, where � denotes the image intensity at position (�, �) and time t; � and � are 
the horizontal and vertical components of the pixel displacement vector � = (
�, 
�) . The partial 
derivatives represent the spatial and temporal intensity gradients derived from consecutive frames. 
 

 
���
 + 
� ���� + 
� ���� = 0 (1) 

 
All optical flow algorithms considered here take two consecutive images as input and compute a 
displacement vector field. Optical flow methods can generally be divided into two categories. Sparse 
optical flow algorithms, such as Lucas-Kanade [15], estimate motion at selected feature points (e.g., 
corners or edges). These methods are computationally efficient but do not provide full-field coverage. 
By contrast, dense optical flow algorithms estimate motion for every pixel, enabling detailed motion 
representation at the cost of slower computation. Examples include Farneback, DualTVL1, and 
DeepFlow. Additionally, hybrid approaches interpolate sparse flow into dense fields (e.g., PCAFlow, 
SparseToDense) [13]. 

In this work, we present a novel framework for real-time motion correction in robotized medical 
procedures by fusing dense optical flow with 3D point cloud data from a time-of-flight camera. We 
developed a fusion algorithm (“Fusion Flow”) that converts pixel-level optical flow into real-world 
displacements, enabling motion estimation in all three spatial directions. Furthermore, we conducted a 
systematic evaluation of seven state-of-the-art optical flow algorithms under realistic motion conditions 
and identified the Farneback method as the most suitable for this application, achieving high processing 
speed (140 FPS) with sub-millimeter precision and minimal trajectory error. These results demonstrate 
that real-time fusion of optical flow and 3D depth data can achieve clinically relevant accuracy for motion 
correction, thereby enabling safer and more precise execution of robotized laser skin treatments and 
other medical procedures. 

2. Methodology 

Fig. 1 shows the experimental setup, in which a linear actuator positioned a time-of-flight (TOF) camera 
(pmdflexx2, PMD Technologies, Germany) approximately 140 mm above the measured body. The 
camera, which records grayscale images and point cloud data at a resolution of 224 × 172 pixels and 
a maximum frame rate of 60 FPS, has a viewing angle of 56 × 44° and a measurement accuracy better 
than 1% within a depth range of 0.1–7 m [16]. The linear actuator (SMC, Japan, LEFS32A) was 
employed in place of a robotic arm to reduce movement uncertainty, as its positioning accuracy is ±0.02 
mm [17]. 

Data processing consists of four steps. First, the grayscale image is optionally preprocessed to reduce 
noise, correct non-uniform illumination, and minimize distortions. Second, optical flow is applied to 
consecutive grayscale images to calculate the displacement field. Third, this displacement field is 
transformed from image space to 3D space by fusing optical flow with 3D data. Finally, the resulting 
displacements are averaged in the x-, y-, and z-directions and time-integrated into a global trajectory, 
which is compared with the reference position measured by the actuator’s encoder. Each step is 
described in more detail in the following paragraphs. 
 
2.1 Image preprocessing 

Before applying optical flow, several preprocessing methods were tested to improve measurement 
precision: (i) Gaussian blurring, (ii) illumination correction, (iii) high-pass filtering using a Sobel kernel, 
and (iv) image undistortion using camera parameters. Illumination correction was performed to remove 
non-uniformly reflected laser light by first blurring the original image with a large Gaussian filter (kernel 
size equal to 20% of the image width) and then subtracting the result from the original image. 
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Fig. 1: Experimental setup and data processing workflow of the Fusion Flow algorithm. 

2.2 Optical flow 
The preprocessed images were then input to optical flow algorithms to estimate the displacement field. 
The following seven optical flow algorithms, included in the OpenCV library [18], were tested: 

• DeepFlow [19]: variational framework suitable for large displacements and dynamic scenes. 
• DenseRLOF [20]: robust regression approach designed to reduce noise and outliers. 
• DualTVL1 [21]: total variation (TV) regularization with the L1 norm, robust to noise and lighting 

variations. 
• Farneback [22]: polynomial expansion method for dense optical flow estimation. 
• PCAFlow [23]: sparse-to-dense interpolation using principal component analysis. 
• SimpleFlow [24]: probabilistic model with multiscale bilateral filtering. 
• SparseToDense [25]: pyramidal Lucas–Kanade method interpolating sparse features to dense 

flow. 
All algorithms produced a matrix of displacement vectors � for each pixel, where the displacement is 
measured in pixels. 
 
2.3 Fusion of Optical Flow and 3D data 

Since optical flow estimates displacement in the image plane, the next step is to convert pixel-based 
optical flow into real-world displacements of the measured body to enable future adaptation of robotic 
movement. 

 
 

Fig. 2: Optical flow displacement field (a) and displacement of point � to point � with neighboring points 
(TTTT1, …, TTTT4) used for interpolation in fusion of optical flow and 3D data (b). 
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The fusion procedure is schematically illustrated in Fig. 2. Fig. 2a shows the vector field of 
displacements �(�, �), while Fig. 2b presents a magnified area around the original point �, which is 
displaced to point � by the displacement vector � = (
�, 
�) in image space (i.e. pixels) with subpixel 
resolution. Neighboring points (TTTT1, ..., TTTT4), together with their center � (� = ∑ ������ ) are used for 
interpolation. Since all points have known coordinates in both image and 3D space, the new position of 
point � in 3D space can be calculated as: 
 � = � + Δ  (2) 

where !  is displacement vector in 3D space, given by: 

 Δ = ∑ "� ⋅ (�� − �)����   (3) 
 

where "� is the weight of the i-th neighboring point, calculated using: 

 %"�"&"'"�
( = )−0.5 0.5 −10.5 0.5 1−0.5 −0.5 10.5 −0.5 −1, ⋅ -

�.�.�. ⋅ �./+ %0.250.250.250.25( (4) 

 
where �. and �. are the components of the offset vector 1 = � − � in image space. 
 
2.4 Postprocessing 

After the fusion of displacement into 3D space, the camera movement relative to the measured body is 
calculated in the x-, y-, and z-directions using one of the following statistical parameters of the 
displacement field ! (�, �): (i) average value, (ii) median value. Using these values, the trajectory is 
obtained by integrating ! (�, �) over time. 

3. Measurement protocol 

The camera was moved over the human body from the stomach to the shoulder girdle (clavicle) so that 
no surrounding borders (e.g., clothing, shoulders, or neck) were included in the frame. The camera was 
operated in Mode 5, in which each depth frame is computed from five sequential raw frames at a frame 
rate of 30 FPS [26]. This mode is optimized for short-distance measurements, providing reliable depth 
data while reducing computational load compared to higher-subframe modes. Room lighting did not 
affect the recording, as the sensor is equipped with a narrowband IR filter that transmits only the laser 
light of the TOF camera. 

The subject was instructed to remain as still as possible and breathe shallowly. Each recording 
consisted of moving the camera to a position 225 mm away and back, repeated five times. For statistical 
analysis, each recording sequence was performed five times. The actuator speed was varied from 20 
mm/s to 200 mm/s in increments of 20 mm/s. After each recording, the algorithm described above was 
used to generate displacement vector fields and estimate camera motion in 3D space, which was then 
compared with the reference position obtained from the actuator’s encoder. 

The performance of the algorithms was evaluated in terms of processing speed, precision, and accuracy. 
Processing speed was assessed using the average FPS, calculated as: 

 234 = �5
6666 (5) 
 

where Δ7666 is the average time required for the optical flow algorithm to compute the flow between two 
consecutive frames. 

Precision was evaluated using the average standard deviation of the displacement vectors, calculated 
as: 

 8 = �9:;<=>? ⋅ ∑ @ �9ABC>D? ⋅ ∑ ��,E9ABC>D?E�� −�F�9:;<=>?���  (6) 

 
where GHIJKLM is the number of frames in the recording, NO�PLQM is the number of pixels in each frame, R�,E is the displacement vector in the j-th pixel of the i-th frame and �F i is the average displacement 
vector in the i-th frame. For rigid body translation, the displacement field should be uniform, and the 
average standard deviation should equal zero. 
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The accuracy was evaluated by comparing measured movement with the reference data from encoder 
of linear actuator determined by root mean square error (RMSE) method using equation: 

 ST4U = @ �9:;<=>?∑ VW�.KLJM�ILX − W�.ILYLILZ[L\&9:;<=>?���  (7) 

 
where W�.KLJM�ILX  and W�.ILYLILZ[L  are the measured and reference positions of the camera 
respectively in the x-direction at i-th frame. 

We calculated two statistical parameters: (i) average and (ii) standard deviation for all three evaluation 
criteria and showed them in the following results. 

4. Results 

To identify the most suitable optical flow algorithm, we evaluated all methods in terms of processing 
speed, precision, and accuracy, using recordings acquired at the slowest actuator speed. Importantly, 
the algorithm with the highest precision or accuracy was not necessarily optimal, as real-time 
applicability also requires adequate computational speed. In this comparison, no preprocessing was 
applied, and postprocessing used the average displacement value. 

As shown in Fig. 3, the Farneback algorithm achieved the highest processing speed. For real-time 
integration, a minimum of 30 FPS is required (indicated by the dashed red line in the figure). In addition 
to Farneback, only DenseRLOF and SparseToDense exceeded this threshold. 
 

 
Fig. 3: Average FPS for every algorithm with red dashed line representing the 30 FPS 

Fig. 4 shows the precision in terms of the average standard deviations of displacement vectors. 
Because the camera was moved only in the x-direction, the left graph is more relevant for characterizing 
algorithm performance during motion, while the right graph presents the standard deviations in the y-
direction (no motion). The results indicate that the most precise algorithm was DeepFlow. However, the 
average standard deviation remained relatively low across all algorithms − approximately 0.28 mm in 
the x-direction and 0.23 mm in the y-direction − well below the camera’s spatial resolution. This 
demonstrates that all tested algorithms produced displacement fields with sub-resolution consistency, 
suggesting that precision was not the limiting factor in their performance. The SimpleFlow algorithm 
failed to calculate the optical flow, resulting in empty columns in the graphs. 
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Fig. 4: Averaged standard deviations of algorithms in x- and y-direction. 

 
Finally, Fig. 5 illustrates the measured accuracy of each algorithm in determining camera movement in 
the x-direction. The results show that the Farneback algorithm had the lowest RMSE. 
 

 
Fig. 5: Root mean square errors of algorithms. 

 

Based on the results shown above, the Farneback algorithm was selected for the next phase of our 
research, as it was the fastest, moderately precise, and the most accurate. 
 
4.1 Influence of movement speed 

Fig. 6 illustrates the deviation of the detected trajectories from the reference as movement speed 
increases. At lower speeds (20 and 40 mm/s), the measured and reference trajectories align closely, 
largely overlapping. In contrast, at higher speeds, noticeable discrepancies emerge, and the detected 
trajectories fail to return to the initial position at x = 0 mm. The graphs present the first repetition of the 
recording without preprocessing and with averaging applied as postprocessing. 
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Fig. 6: Trajectories of camera in x direction detected by Farneback and compared with reference data from 
encoder. Movement speed is increasing from top left to bottom right. 

 

Fig. 7 shows that precision deteriorates linearly with increasing camera movement speed. This effect is 
particularly evident in the x-direction, the direction of camera motion, where motion blur reduces 
precision. The graphs indicate that applying a Sobel kernel to the image before inputting it into the 
Farneback algorithm was the most effective approach, as it produced the smallest increase in the 
average standard deviation. In contrast, the least effective preprocessing method was image 
undistortion using the camera’s calibration coefficients, which resulted in the steepest slope of average 
standard deviations in both the x- and y-directions.  

 
Fig. 7: Averaged standard deviations for different preprocessing methods in relation to speed for all 3 directions. 
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Fig. 8 shows that the RMSE, which indicates accuracy, increased with increasing camera movement 
speed. The deviation likewise expanded with higher movement speeds. The results show that all 
preprocessing methods performed worse at speeds above 60 mm/s. At these higher speeds, the 
displacement between consecutive frames was larger, resulting in reduced overlap. This poses a 
problem because optical flow algorithms are designed to detect only small displacements. 
 

 
Fig. 8: RMSE for different preprocessing methods in relation to speed for all 3 directions. 

 

Lastly, we evaluated the RMSE values for different postprocessing methods. Fig. 9 shows that there 
was no significant difference between the two approaches (averaging and median). 
 

 
Fig. 9: RMSE for different postprocessing methods in relation to speed for all 3 directions. 

To interpret the results shown in Fig. 8 and Fig. 9, we refer to Fig. 6, where it is evident that the 
integration of !  leads to error accumulation over time. In several recordings (camera movement 
speeds of 60, 80, 140, 180, and 200 mm/s), sudden deviations occurred, propagating through the 
remainder of the measurement. If these isolated errors were excluded, the additional drift caused by 
limited precision, as indicated in Fig. 7, would be substantially smaller. Such errors could be mitigated 
by applying postprocessing methods that enforce motion smoothness, such as Kalman filtering, which 
combines a predictive motion model with noisy sensor measurements to generate a smoothed 
trajectory [26, 27]. Alternatively, they could be addressed using a visual Simultaneous Localization and 
Mapping (SLAM) algorithm [29], which constructs a global map of the observed scene and corrects 
local tracking errors by realigning trajectories to the global reference. A hybrid approach that integrates 
Kalman filtering for local smoothing with SLAM for global consistency may therefore represent a robust 
strategy for motion correction in robotized medical procedures. 
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5. Conclusions 

We developed a real-time method for detecting 3D body motion by combining grayscale images and 
3D point cloud data from a time-of-flight (TOF) camera. Seven optical flow algorithms were evaluated, 
and the Farneback method was identified as the most suitable, achieving the highest processing speed 
(140 FPS), moderate precision (standard deviation of 0.28 mm), and the lowest trajectory error 
(RMSE = 8 mm). Building on these findings, we introduced a fusion algorithm that integrates the optical 
flow displacement field with depth data to obtain real-world motion estimates. We compared five 
preprocessing and two postprocessing strategies; applying a Sobel kernel prior to optical flow analysis 
provided the most robust results, while averaging and median postprocessing performed similarly. With 
the proposed method, we achieved an average RMSE of 8 mm over a 2250 mm motion path at 20 
mm/s, demonstrating its potential for reliable motion correction in robotized medical procedures. 
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