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ABSTRACT 

Introduction 

Augmented Reality (AR) systems can enhance intraoperative anatomical understanding during 

Robot-Assisted Partial Nephrectomy by overlaying preoperative 3D models onto the surgical view. 

Their usefulness, however, depends on the spatial accuracy of these overlays, which requires 

objective validation. 

Methods 

This preclinical study quantitatively evaluated the spatial accuracy of a new AR software prototype 

using a validation workflow based on 3D-printed kidney phantoms and a Structure-from-Motion 

(SfM) reconstruction as ground truth. CT scans were segmented to create virtual kidney models that 

were 3D printed and filmed with the da Vinci Si camera. The AR prototype was applied to the 

recordings and manual 3D registration was performed using the TilePro interface. Keyframes from 

manual and tracking-based registrations were analysed to compute the Target Registration Error 

(TRE), defined as the mean Euclidean distance between corresponding vertices of the AR and SfM 

models. Three operators repeated the workflow and manual registration time was recorded to assess 

variability and feasibility. 

Results 

Mean TRE across experiments was below 5 mm, indicating clinically acceptable accuracy. TRE 

values for individual keyframes remained consistently under 10 mm, with limited inter-operator 

variability (ICC(3,k) = 0.80). Manual and tracking TREs were comparable and strongly correlated (β 

= 0.89; p < 0.001). Tracking-related precision changes varied among operators and mean manual 

registration time was 173.6 ± 76.4 s. Accuracy was unaffected by keyframe count, kidney variability, 

or registration duration. 

Conclusion 

The proposed methodology offers an objective, reproducible framework for assessing AR registration 

in preclinical settings. The prototype showed reliable spatial performance, supporting progression 

toward in vivo validation. 
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INTRODUCTION 

 
Renal Cell Carcinoma (RCC) is a common urologic malignancy, with a rising incidence due in part 

to improved imaging and earlier detection [1,2]. When technically feasible, Robot-Assisted Partial 

Nephrectomy (RAPN) is the preferred surgical approach for localized RCC, offering favourable 

perioperative and functional outcomes compared to open surgery [3–5]. However, RAPN remains 

technically demanding, particularly for tumours with complex anatomical relationships to vascular 

and urinary structures [6]. Achieving optimal surgical outcomes, commonly defined by the trifecta of 

negative margins, short warm ischemia time and absence of major complications, requires precise 

preoperative planning and accurate intraoperative anatomical guidance [7–9]. 

 

To address the cognitive burden of interpreting traditional two-dimensional imaging, Virtual Reality 

(VR) 3D reconstructions from preoperative CT or MRI data have gained traction in recent years [10–

12]. Further, these VR reconstructions can now be integrated into Augmented Reality (AR) systems, 

enhancing intraoperative navigation by superimposing patient-specific virtual anatomy onto the 

surgical field [13]. Multiple clinical studies suggest that image-guided technologies may improve 

surgical performance and outcomes in partial nephrectomy [14]. 

 

Therefore, AR systems require validation of the spatial accuracy with which they display the digital 

content to the surgeon, as this directly determines the reliability of their use for intraoperative 

guidance, particularly in the demanding context of oncologic surgery. Target Registration Error 

(TRE) is a widely accepted metric for assessing the accuracy of AR systems that is defined as the 

Euclidean distance between corresponding target points in the virtual reconstruction and in the organ 

it derives from, after registration of the two [15–17]. Several methodologies exist to estimate TRE, 

including analytical models [18], empirical measurements using physical phantoms [19], simulation-

based approaches [20], and uncertainty modelling [21]. 

This preclinical study primarily aimed to quantitatively evaluate the spatial accuracy of a novel AR 

prototype developed for RAPN in a controlled experimental setting, in order to contextualise future 

evaluations in live surgical environments. Secondarily, it aimed to evaluate the feasibility and 

repeatability of the newly developed evaluation methodology, also for its possible future use in live 

surgery. 

 

 

METHODOLOGY 

All patients in this study provided informed consent and were subsequently enrolled in the UroCCR 

database, a comprehensive national multicentre registry that prospectively captures imaging, surgical 

videos, clinical, biological and radiological data on kidney cancer (ClinicalTrials.gov: 

NCT03293563/CNIL agreement DR-2013-206). 

The experimental methodology in this study is based on empirical measurements of the TRE in a 

controlled preclinical setting. The approach relies on the Structure-from-Motion (SfM) reconstruction 

technique, a photogrammetric method that enables intraoperative reconstruction of a 3D surface 

model of the organ from images or videos recorded with the surgical camera. Two types of images 

were used for SfM reconstruction. The first type consists of keyframes, that are images acquired with 

the K-SurgAR AR prototype during the initial manual registration and subsequent tracking phases. 

These keyframes will serve as reference points for automatically registering the virtual model onto 

the 3D-printed model and are defined as a frame in which the spatial relationship between the 
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endoscope pose, meaning its position and orientation, and the target anatomy is known with high 

accuracy. The second type consists of enrichment frames, that are images extracted from the surgical 

video independently of the AR prototype. Their purpose is to increase the number of images available 

during the photogrammetric process, thereby improving the accuracy of the resulting reconstruction. 

SfM-based 3D reconstructions of ten anatomically accurate 3D-printed kidney phantoms were used 

as ground truth and compared with the corresponding virtual kidney models displayed by the AR 

prototype after manual and automatic tracking-based registration. To ensure clinical relevance, TRE 

calculations focused on the tumour–parenchyma junction at the kidney surface, a region that is critical 

during the enucleation phase of partial nephrectomy and therefore represents the area where 

registration of the virtual model must be most precise. 

As the primary objective for spatial accuracy evaluation, an acceptability threshold of 5 mm was 

established for the TRE. This threshold was considered appropriate for the proposed application, 

given the typical surgical margin size adopted in partial nephrectomies across different centres and 

our newly proposed methodology. Previous works about image guided surgery found mean TRE 

between 2.2 (±1.3) mm and 3.8 (±3.7) mm accordingly to a review, depending on the methodology 

and the surgical speciality [22], while a previous work specifically concerning 3D-IGRAPN found a 

TRE of 4.88mm for exophytic tumours [23]. Additional evaluation criteria included the mean TRE, 

used for the analysis of tracking results, in which a TRE value was available for each keyframe. The 

Delta TRE (manual – tracking) was instead used to quantify the potential precision gain of the 

tracking phase compared to the corresponding manual phase. 

The feasibility of the proposed workflow was evaluated by recording manual registration times; 

additionally, the association between the time required for the registration process and the resulting 

TRE was assessed. The reliability of the workflow was defined as the inter-operator reproducibility 

of TRE computation, quantified using the Intraclass Correlation Coefficient (ICC) and interpreted 

according to the thresholds proposed by Koo & Li (2016). ICC values ≥ 0.75 were considered 

indicative of an acceptable level of reliability for experimental clinical applications. Repeatability 

was further assessed by having three independent operators replicate the process and analysing inter-

operator variability. An overview of the workflow is shown in Figure 1, with further details provided 

in the following sections. 

Descriptive statistics were used to summarize TRE values and registration times and are reported as 

mean ± standard deviation. Inter-operator reproducibility of manual TRE measurements was 

assessed using a two-way mixed-effects intraclass correlation coefficient for absolute agreement 

(ICC[3,k]), with 95% confidence intervals, and interpreted according to the criteria proposed by 

Koo and Li. Associations between continuous variables, including manual TRE, tracking TRE, 

number of tracked keyframes, and registration time, were evaluated using Pearson’s correlation 

coefficient. To account for repeated measurements obtained from the same kidney phantom during 

tracking, a linear mixed-effects model was applied, including the kidney phantom as a random 

effect. All statistical tests were two-sided, and a p value < 0.05 was considered statistically 

significant. Statistical analyses were performed using R studio statistical software. 
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Figure 1: Methodology Flowchart.  

  

1. Kidney Phantoms  

Patient-specific kidney models were created from preoperative multiphase CT scans using Synapse 

3D® Kidney Analysis software (Fujifilm, Tokyo, Japan).  

The CT-scan used for the 3D model reconstruction was usually the one made for kidney tumour 

diagnosis. If the primary CT scan did not provide an angiogram, a urinary phase, or if the slices 

were thicker than 1.5 mm, a secondary CT scan was made at our institution with a specific protocol: 

4 phase MDC scanning, including arterial, cortico-medullary, and excretory phases, with 0.6 mm 

slices.  

Segmentations included the arterial and venous trees, tumour volume, collecting system, and renal 

parenchyma. The STL files of the kidney models were then exported and used to produce transparent, 

rigid 3D-printed models via a Stratasys J750 multi-material printer. The process has already been 

described and validated in previous works [24,25]. 

 

Figure 2: Example of virtual kidney model on the left and corresponding 3D-printed kidney model on the right. 

Ten kidney models were selected to represent a range of anatomical variations and tumour 

complexities, including differences in size, location, laterality, and growth patterns. The transparent 
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rigid prints were coated with AESUB spray to minimise surface reflections and enhance 3D tracking 

performance. A detailed description of the selected models is shown in Table 1.  

Kidney ID Tumour Size (cm) Kidney Location Sinus Contact Growth Pattern RENAL score 

3 8 Right Upper pole Direct contact <50% endophytic 10xh 

7 3,5 Right Lower pole No >50% endophytic 5a 

9 5,5 Left Equatorial Small contact >50% endophytic 9a 

11 1,7 + 1,6 + 0,9 Right Lower pole No Predominantly exophytic 4p 

13 2,8 Left Upper pole No Predominantly endophytic 8x 

42 8,1 Right Upper pole No Predominantly exophytic 6x 

5009 3,5 Right Equatorial No >50% endophytic 5p 

5021 4,5 Right Equatorial No <50% endophytic 8a 

5026 5,5 Left Lower pole Direct contact Predominantly exophytic 7a 

5065 4,5 Left Equatorial Direct contact Predominantly endophytic 10a 
 

Table 1: Description of the 3D-printed kidney models. 

 

2. Video Acquisition and Keyframe Registration 

The experimental setup used to record the video footage was equipped with a robot-assisted surgery 

simulation platform, combining a Da Vinci Si robotic system, a laparoscopic Pelvitrainer and a 

Medicapture stereoscopic video acquisition system. Kidney phantoms were placed inside the 

Pelvitrainer showing the anterior face, the posterior face, or the convexity, depending on which 

configuration offered the clearest view of the tumour. An ArUco marker [26] was placed adjacent to 

each model to provide a fixed reference for spatial scaling and to aid SfM reconstruction. 

Prior to video acquisition, stereo camera calibration was performed using a ChArUco board to extract 

intrinsic parameters and correct lens distortions later in the workflow. Stereoscopic videos were then 

recorded in the Pelvitrainer, using the Da Vinci endoscope as during a robotic nephrectomy, moving 

the camera around the model to maximize surface coverage. Each video lasted approximately one 

minute.  

At this point, enriching frames were extracted from the left of the two video streams at 3 frames per 

second and manually filtered to exclude blurry or low-quality images.  
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The AR prototype was launched on the 

stereoscopic video to extract one initial 

manual registration keyframe and a variable 

number of tracking keyframes.  

Manual registration was performed in 3D 

using the Da Vinci console interface, selecting 

the view where the kidney model was entirely 

visible and the tumour–parenchyma junction 

on the kidney surface was best defined. The 

two video streams were used for the 3D 

registration, but the keyframes were finally 

extracted from the left video stream only. 

After this initial manual registration, the AR 

prototype tracked the kidney model during 

camera movements, allowing the operator to 

select multiple tracking keyframes from 

different angles. Neural network-based 

segmentation was disabled to ensure 

consistency, given the mismatch between this 

phantom testing environment and the actual 

surgical environment it was trained for [27, 

28]. 

 

 

 

 

3. Photogrammetric 3D Reconstruction 

The AR-derived keyframes, together with the enriching frames previously extracted from the video, 

were processed using Meshroom (v.2021.1 [29]), an open access tool used to generate 

photogrammetric models through an SfM pipeline. During this process, the camera calibration 

parameters that were collected at the beginning of the recording, were synchronised with those used 

in the AR prototype to ensure consistency. 

 

The resulting SfM models were scaled using CloudCompare [30], an open access tool that gives the 

ability to visualise and to measure the SfM reconstruction. Knowing that the ArUco marker measures 

28 mm, determining its size in the reconstruction allowed us to recover the scale factor converting 

the 3D model to real-world dimensions.  
 

Subsequently, still within CloudCompare, the area of interest was manually segmented to restrict the 

zone of extraction for vertex coordinates, which were then used for TRE analysis. This way, the 

measurement was limited to a clinically relevant region, the tumour–parenchyma junction on the 

kidney surface.  

Figure 3: Experimental setup used for preclinical validation of the AR 

prototype. From top to bottom and left to right: Da Vinci stereoscopic 

endoscope, Pelvitrainer box trainer, 3D-printed kidney model coated with 

AESUB spray, ArUco marker, and calibration checkerboard. 
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Figure 4: a. manual registration view; b. Photogrammetric reconstruction in Meshroom; c. ArUco marker size measuring on 

CloudCompare; d. Vertices highlighted in the whole kidney model on the left side of the image and the manually selected tumour-

parenchyma intersection on the surface of the kidney on the right side of the image. 

 

4. Target Registration Error Computation 

A specific Python script was written and ran for each kidney to calculate the Euclidean distance 

between corresponding vertices located in the previously selected tumour-parenchyma junction area, 

from the AR-registered 3D model and the SfM-based ground truth. This calculation was made for 

every keyframe. TRE, used as the principal accuracy metric, was defined as the average of the TRE 

values across all vertices in the segmented tumour-parenchyma intersection area and was calculated 

for each manual and tracking keyframe. 
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Figure 5: Distribution of the vertices used for TRE calculation, colour-shaded according to their TRE values. 

 

 

EXPERIMENTAL RESULTS 

1. Manual Registration Accuracy 

TRE was computed for the manually registered keyframe of each kidney model across three 

independent operators. Overall, manual TRE values were consistently below 10 mm.  

Inter-operator variability was limited, with maximum differences of 5 mm in TRE results between 

the operators for any given model.  

The analysis of inter-operator reproducibility showed that, when considering the average of the three 

operators, ICC(3,k) = 0.80 (95% CI: 0.41–0.95), suggesting a reasonably reproducible manual 

registration process across users and so indicating good overall reliability of the method according to 

the classification proposed by Koo & Li (2016).  

 

 

Kidney_ID 
Operator 1  
TRE (mm) 

Operator 2  
TRE (mm) 

Operator 3  
TRE (mm) 

3 5,76 5,04 7,54 
7 5,62 6,06 7,35 
9 5,50 8,09 5,97 

11 4,79 4,49 5,64 
13 6,99 5,02 8,54 
42 7,28 7,64 5,75 

5009 6,32 9,23 4,72 
5021 4,22 2,69 3,36 
5026 5,60 0,54 2,23 
5065 1,98 0,45 2,57 
mean 5,41 4,93 5,37 

Table 2: TRE values for manual keyframes. 
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Figure 6: Manual TRE values for each operator and each kidney model. 

 

2. Tracking Accuracy 

TRE values for automatically tracked keyframes were consistently below 10 mm also. 

 

Kidney_ID 
Operator 1 - TRE 

(mm) N KF1 
Operator 2 - TRE 

(mm) N KF2 
Operator 3 - TRE 

(mm) N KF3 
3 6.73 ± 2.66 11 5.57 ± 2.02 13 3.83 ± 1.47 12 
7 7.33 ± 1.36 15 2.92 ± 1.53 14 3.41 ± 1.42 10 
9 5.16 ± 1.93 18 6.41 ± 3.03 10 6.48 ± 1.54 10 

11 5.08 ± 2.48 13 4.83 ± 2.38 8 7.04 ± 0.8 11 
13 6.04 ± 1.09 15 4.68 ± 1.18 11 7.99 ± 0.6 12 
42 6.65 ± 1.19 12 7.69 ± 2.1 7 5.61 ± 0.74 10 

5009 4.3 ± 1.3 11 7.57 ± 1.73 10 4.91 ± 1.3 11 
5021 4.11 ± 0.38 13 2.7 ± 2.24 10 5.12 ± 2.37 11 
5026 5.88 ± 1.59 12 0.96 ± 0.26 11 2.3 ± 0.74 12 
5065 2.27 ± 0.64 11 1.18 ± 0.56 13 2.18 ± 0.52 10 

Mean N KF  13.1  10.7  10,9 

 

No significant correlation was found between the number of keyframes and the mean Tracking TRE 

(r = –0.049, p = 0.8), indicating that tracking accuracy does not depend on the number of keyframes 

used. 

Using a linear mixed-effects model with the printed kidney phantoms as a random effect, the 

variability attributable to intrinsic differences between kidneys was modest (SD ≈ 1.22 mm), 

compared with residual variability (SD ≈ 1.59 mm), suggesting that most of the variation in mean 

tracking TRE is not explained by differences between kidney phantoms. 

Table 3 Mean TRE values and standard deviation for tracking keyframes, with mean number of tracking keyframes per operator. 
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Figure 7: Mean TRE values and standard deviation for each operator and each kidney model. 

 

3. Comparison of Manual TRE and Tracking TRE 

Overall, the mean TRE value was 4.91 mm (± 2.43). The 

Manual TRE and tracking TRE were comparable, with 

mean values respectively of 5.23 mm (± 2.24) and 4.88 

mm (± 2.45).  

A strong positive and statistically significant correlation 

was found between manual TRE and tracking TRE (β = 

0.89; p < 0.001), indicating that cases with higher manual 

TRE tended to also show higher tracking TRE. 

We investigated whether tracking was more or less precise 

compared with the corresponding manual registration 

TRE. The tracking gain, defined as the improvement in 

precision achieved by tracking relative to the manual TRE, 

varied across operators. Overall, the correlation between 

manual TRE and tracking gain was weak and not 

statistically significant (β = 0.16; p = 0.093). The mean 

tracking gain was –0.99% for Operator 1, –16.1% for 

Operator 2, and 3.46% for Operator 3, with an overall 

mean gain of –4.54%, indicating that tracking did not 

consistently improve precision across all operators and could be less precise compared to manual 

registration. 

Kidney_ID 

 Mean  TRE (Manual – 
Tracking) (mm) 

3 0,74 
7 1,79 
9 0,51 
11 -0,68 
13 0,61 
42 0,24 

5009 1,16 
5021 -0,55 
5026 -0,26 
5065 -0,21 

Table 4: Mean precision gain of Tracking TRE 

compared to corresponding Manual TRE per kidney 

phantom, in millimetres. 
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Figure 8: Manual TRE vs Tracking TRE per operator.  

 

4. Registration Time and Correlation with TRE 

The average manual registration time across all operators was 173.6 ± 76.4 seconds. Operator 3 was 

the fastest (144.3 ± 58.1 s), followed by Operator 1 (166.6 ± 51.7 s) and Operator 2 (209.8 ± 101.6 s). 

 

No statistically significant 

correlation was found between 

registration time and manual TRE 

for any operator (Operator 1: r = –

0.15, p = 0.68; Operator 2: r = –0.18, 

p = 0.63; Operator 3: r = –0.07, p = 

0.85). Weak negative trends were 

observed, suggesting that a longer 

registration time might be 

associated with a slightly better 

TRE, although this relationship was 

not statistically significant. 

Similarly, no significant correlation 

was observed between registration 

time and mean tracking TRE 

(Operator 1: r = –0.26, p = 0.47; 

Operator 2: r = –0.05, p = 0.89; 

Operator 3: r = 0.38, p = 0.27). Just weak trends were observed, with negative correlations for 

Operators 1 and 2 and a positive correlation for Operator 3, although none reached statistical 

significance. 

 

 

Kidney_ID 

Operator 1  
Registration 

time (s) 

Operator 2  
Registration 

time  (s) 

Operator 3  
Registration 

time  (s) 
3 188 181 130 
7 94 48 62 
9 109 245 171 

11 142 100 99 
13 248 166 184 
42 121 250 199 

5009 144 270 132 
5021 213 252 224 
5026 216 415 186 
5065 191 171 56 
Mean 166.6 ± 51.7 209.8 ± 101.6 144.3 ± 58.1 

Table 5: Time spent for manual Registration. 
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Figure 9: Manual TRE vs Time on the left of the image and Tracking TRE vs Time on the right of the image.       

 

 

DISCUSSION 

 
In this preclinical study on an AR prototype, the overall mean TRE values were below 5 mm. Both 

manual and tracking-based registrations consistently achieved TRE values below 10 mm around the 

tumour–parenchyma junction on the kidney surface, which is a critical anatomical region for nephron-

sparing procedures. These objective and quantifiable findings support the reliability and accuracy of 

the AR prototype. Manual registration showed limited inter-operator variability for the same kidney 

model. This indicates a robust and repeatable workflow and suggests that identifying anatomical 

landmarks and registering models in 3D using the TilePro interface, likewise in routine surgical 

condition, can be performed by different surgeons with a low degree of user-dependent variation. 

It should be noted that direct numerical comparisons with previous studies reporting TRE values 

below 2 mm are not entirely applicable, as those works were conducted using methodologies based 

on fiducial landmarks, optical trackers, or target organs characterized by a greater number of 

recognizable features than the kidney [31, 32]. In contrast, our protocol evaluates the performance of 

an AR prototype applied to 3D-printed renal models designed to realistically reproduce the 

morphology of an organ with few identifiable surface features, using a workflow integrated into the 

Da Vinci robotic system without additional trackers. This approach inherently increases measurement 

variability but enhances clinical transferability. Setting the threshold at 5 mm provides a practical 

upper limit that accommodates tracking limitations and workflow constraints, while remaining within 

the range shown by empirical evidence from validation in the medical literature to support accurate 

surgical navigation and resection.  

Contrary to our initial assumption, no significant correlation was found between the mean Tracking 

TRE and either the number of keyframes (r = –0.049, p = 0.8) or kidney-specific differences, as the 

variability attributable to phantom anatomy was modest (SD ≈ 1.22 mm). These results suggest that 
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tracking performance across operators and phantoms is mainly influenced by general reconstruction 

noise or image acquisition conditions, rather than by the number of keyframes or anatomical 

variability, and this is consistent with previous work reported in the literature [33, 34]. Therefore, a 

careful operator-based selection of keyframes remains key to ensuring consistent results.  

 

The analysis showed that tracking and manual registration achieved comparable levels of accuracy, 

with mean TRE values of 5.23 mm (± 2.24) and 4.88 mm (± 2.45), respectively. The strong positive 

correlation between manual and tracking TRE suggests that the operator’s precision during the initial 

manual registration phase influences the reliability of the AR content in subsequent steps. 

Furthermore, the evaluation of tracking gain indicated that tracking did not consistently provide an 

improvement in precision over manual registration. While one operator achieved a modest positive 

gain, the other two operators exhibited reduced precision with tracking, 

resulting in a slightly negative mean gain overall. These findings suggest that tracking performance 

is operator-dependent and may be influenced by differences in the strategy of keyframe selection, or 

visual assessment during registration. This highlights the importance of operator experience and 

acquisition protocols, particularly in cases of complex manual registration, where repeating the 

process on a more favourable frame may be advisable. 

 

Manual registration time averaged under 3 minutes, marking the feasibility of this part of the 

workflow in a pre-clinical setup, and eventually for a future intraoperative use. Although no direct 

correlation was found between registration duration and accuracy, a general trend across the three 

users suggested that more time spent in the manual registration process might slightly improve its 

precision. Overall, time alone was not a reliable predictor of performance, while user strategy and 

system familiarity likely play a larger role. 

 

To be able to evaluate the spatial accuracy of this novel AR prototype in a preclinical context, we 

developed a specific validation workflow tailored to a controlled, low-variability environment. This 

empirical measurement approach was specifically designed to assess the system’s potential prior to 

in vivo application and incorporated several novel elements. Above all, the ground truth for TRE 

calculation was an SfM reconstruction derived from a video of 3D-printed kidney phantoms 

replicating the virtual models used in the AR prototype. This approach allowed the evaluation of 

target-point distances between the virtual model displayed by the AR prototype in intraoperative-like 

video keyframes and the corresponding SfM reconstructions, while avoiding complications such as 

organ deformation or the presence of blood, smoke, or coagulation in the images, which could affect 

manual and tracking registration accuracy. While not an absolute reference, the SfM model provided 

a practical and sufficiently accurate baseline for assessing registration performance. 

 

In addition, a key component of this workflow was the use of a 3D manual registration strategy. By 

exploiting the stereo video collected with the da Vinci’s camera in the da Vinci console’s 3D view 

via the TilePro input, operators performed volumetric registration of the virtual and physical models, 

rather than relying solely on 2D reprojections. This approach improved depth perception and 

minimized perspective distortion, ultimately improving registration accuracy. 

 

Several methodological limitations should be considered. First, the SfM model used as reference 

represents a pseudo–ground truth. Its accuracy depends on the number of images, their resolution, the 

camera movement stability, the proportion of the object captured in each frame, how much of the 

frame the object occupies, and the extent of angular coverage. Additionally, the scaling factor was 

calculated from a manual measurement of the ArUco marker, adding other potential error layers. 

These steps introduce cumulative uncertainty in the TRE computation. The camera poses associated 

with each keyframe are inferred retrospectively during the SfM reconstruction process. These 

estimations may carry implicit errors that are difficult to quantify precisely. The tumour-parenchyma 



 

15 

junction on the kidney surface used for analysis may not perfectly correspond between the virtual and 

physical models due to segmentation artifacts or 3D printing tolerances. Additionally, in order to 

compare camera poses from the AR-Prototype system with those from the SfM model, a registration 

step is required. This step relies on the best possible alignment between the two sets of poses, 

introducing another potential source of error that is also difficult to isolate and quantify. 

 

That said, although various factors may have negatively influenced the results of this study, the fact 

that the average TRE value remain below 5 mm supports the fundamental reliability of K-SurgAR-

prototype. It is likely that improvements limited to the TRE computation methodology alone could 

further enhance these already satisfactory results, without requiring changes to the K-SurgAR-

prototype system itself. 

To improve accuracy and reduce uncertainty in future studies, several methodological improvements 

would be valuable. The use of external fiducial markers with known coordinates could minimize 

errors related to manual registration and manual scaling and help for SfM reconstruction accuracy 

evaluation. Additionally, incorporating high-resolution images from external cameras alongside 

endoscopic video could improve SfM model quality. Furthermore, future work may integrate stereo 

video streams, providing a metric scale factor that would help to reconstruct a more reliable ground 

truth, once calibration and synchronization pipelines are robust enough to avoid introducing new 

sources of error. Lastly, future studies should explore alternative workflows enabling TRE assessment 

in other anatomical regions, in order to extend spatial validation to fully endophytic tumours. 

An in vivo study, part of an upcoming clinical study, will further assess the AR prototype under 

realistic surgical conditions. From a practical standpoint, the AR prototype will be integrated into the 

surgical workflow, with the only difference compared to standard RAPN being the timing of 

keyframe acquisition and the execution of the initial manual registration. Following this step, the 

system will be capable of automatically tracking the organ throughout the procedure. 

No specific adaptation of the system will be required, as it was primarily developed for this purpose 

and the neural network responsible for recognizing the kidney surface was trained using RAPN 

surgical videos. The anticipated challenges mainly relate to difficulties in renal surface recognition, 

particularly in the presence of bleeding or surgical smoke.  

In this setting, TRE will be assessed with automatic calculation of the distance between the virtual 

tumour boundary and the coagulation mark performed by the surgeon on the kidney surface before 

the tumour enucleation. This evaluation will help determine whether the system can maintain 

millimetric precision in the more variable and demanding environment of live surgery. 

 

 

CONCLUSION 

 
This study presents a novel preclinical methodology to quantitatively evaluate the spatial accuracy of 

an AR prototype for robot-assisted partial nephrectomy. Using TRE measurements at the tumour–

parenchyma junction on virtual models and SfM-based reconstructions of 3D-printed kidney 

phantoms, the system demonstrated clinically acceptable accuracy with mean TRE values below 5 

mm. Manual and tracking-based registrations showed comparable results and low inter-operator 

variability, indicating robust and reproducible performance. Tracking accuracy was unaffected by 

keyframe number or anatomical variability, highlighting image quality as the primary determinant of 

SfM consistency. A forthcoming clinical study will assess in vivo accuracy to support clinical 

translation of the AR system. 
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