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Abstract

Objective
To develop and validate StoneClear, an artificial intelligence computer vision system that automatically
detects and delineates residual stone fragments (RSFs) during Steerable Ureteroscopic Renal
Evacuation (SURE) with the CVAC® 2.0 Aspiration System.

Methods
Intraoperative videos from 10 patients undergoing flexible ureteroscopy with the CVAC® 2.0 device were
prospectively collected. Board-certified urologists densely annotated 1,439 stone-containing frames
across diverse appearances and selected 977 stone-free frames containing background anatomy,
instrumentation, or artifacts (such as urothelium, blood, bubbles, or Randall's plaques). StoneClear was
trained to first determine whether a stone was present in each frame (frame-level detection) and then
automatically segment the stone region at the pixel level (pixel-level boundaries). Model performance
was evaluated using patient-level 5-fold cross-validation.

Results
Mean preoperative stone volume on CT was 10,925.36 mm³ (median: 1,641.49 mm³) and the mean
postoperative residual stone volume was 170.20 mm³ (median: 0.0 mm³). We then evaluated StoneClear
’s ability to identify and localize residual stones in endoscopic video. The model correctly identified the
presence or absence of stones in 92.8% of video frames. For frames containing visible stones, the model
demonstrated precise pixel-level localization with a mean Dice Similarity Coefficient (DSC) of 0.86, a
standard metric measuring spatial overlap between AI predictions and expert surgeon outlines. On
frames without visible stones, StoneClear incorrectly identified stones in 13.6% of those frames (false-
positive rate), substantially outperforming several existing AI models (such as standard U-Net
architectures, which yielded a 78.2% false-positive rate).

Conclusions
StoneClear provides a robust proof-of-concept for real-time AI-assisted intraoperative visual stone
assessment within the highly dynamic environment of suction-assisted ureteroscopy. By providing
objective visual tracking and accurate boundary localization during the case, this framework establishes
a critical foundation for intraoperative residual stone volume estimation to assist surgeons in verifying
intraoperative endoscopic clearance.

Introduction
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Kidney stone disease is a major and growing public health burden, affecting nearly one in eleven people
in the United States.1 Beyond the acute pain of an initial episode, the disease is defined by its propensity
for recurrence: up to half of patients experience another symptomatic stone event within five years.1 The
primary goal of surgical management, most commonly flexible ureteroscopy (fURS) with laser lithotripsy,
is to achieve a stone-free status. However, residual stone fragments (RSFs) remain a critical failure point
in contemporary endourology. Even small, retained fragments can serve as a nidus for rapid stone
regrowth, cause recurrent obstruction, predispose patients to urinary tract infections, and often
necessitate repeat surgical intervention.2

Advances in laser technology and endoscope design have improved intraoperative efficiency, yet
confirming absolute stone-free status at case conclusion remains elusive. Suction-assisted
ureteroscopic systems were developed specifically to address this gap. The CVAC® 2.0 Aspiration
System (Calyxo, Inc., Pleasanton, CA) is one such commercial platform designed for in-scope suction
lithotripsy. This single-use, 11.9-French digital ureteroscope integrates laser lithotripsy, direct
visualization, and simultaneous stone evacuation through independent irrigation and aspiration
channels. Within this framework, four angled microjet nozzles fluidize stone dust and debris, while a
large-bore outflow lumen evacuates fragments up to approximately 2 mm in diameter. A single trigger
controls this entire mechanism without interrupting visualization. Inflow and outflow mechanics are
designed to regulate fluid movement and manage intrarenal pressure, though clinical impact on
complication rates remains actively under investigation. Despite these advances, reported absolute
stone-free rates on postoperative imaging remain low, around 20% for some in-scope aspiration systems
and 14% for Flexible and Navigable Suction (FANS), and a large multicenter trial has reported a high-
grade stone-free rate of 57.4%.3

A key contributing factor to retained fragments is the inherent limitation of subjective human visual
inspection under endoscopic lighting. During laser lithotripsy, the operative field is frequently obscured
by stone dust, blood, and irrigation fluid—the familiar “snowstorm” effect—making it difficult or
impossible to visually confirm complete fragment clearance. Suction-assisted systems like the CVAC 2.0
alter the optical environment by evacuating particulate matter. However, this setting introduces unique
visual conditions: fragments mobilized by the microjets traverse the field at high velocity, transiently
appearing and disappearing as flow conditions shift. Furthermore, the in-field presence of the suction
catheter partially occludes portions of the surgical view. Consequently, surgeons lack an objective, real-
time tool to quantify residual stone burden or confirm visual clearance at the conclusion of the
procedure.

Computer vision (CV) and artificial intelligence (AI) have emerged as promising approaches to make
intraoperative stone assessment more objective. Early efforts focused on preoperative imaging, where
deep learning architectures demonstrated accurate stone segmentation on CT and KUB images.4–6 More

recently, deep learning has been applied directly to fURS video.7–10 Despite this progress, virtually all
existing intraoperative CV work has been conducted in non-aspirating fURS. To close this gap, we
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developed StoneClear, a deep learning framework for real-time detection and pixel-level segmentation of
RSFs during Steerable Ureteroscopic Renal Evacuation (SURE) CVAC ureteroscopy. StoneClear combines
a transformer-based deep learning model with a novel gating mechanism designed to suppress false-
positive stone predictions in visually challenging frames.

Methods
Following institutional review board approval, intraoperative decision-support evaluation was
prospectively performed on videos of SURE procedures using the CVAC® 2.0 Aspiration System. All
procedures were performed by fellowship-trained endourologists. Only procedures with adequate
visualization and uninterrupted recording were included. Preoperative non-contrast computed
tomography (CT) imaging was evaluated to establish baseline volumetric stone burden. Postoperative
CT scans were reviewed where available to measure post-procedure residual stone volume. Cases
demonstrating complete stone absence on postoperative scan were assigned a residual stone volume of
0.0 mm³.

This study used videos from 10 patients' CVAC procedures. Although 10 patient cases represent a
modest cohort size typical of initial exploratory medical AI development, the unit of analysis in computer
vision is the individual annotated frame. Across these 10 cases, over 1.6 million total video frames were
generated, from which a representative sample of 2,416 high-utility frames was selected for dense pixel-
level annotation. Frames were extracted and resized to 512 × 512 pixels to balance computational
efficiency with preservation of stone morphology.

For each video, board-certified urologists identified frames across a range of clinically relevant
appearances. Frames were sampled strategically across various operative stages (early lithotripsy,
active evacuation, and final mucosal inspection) to capture maximum visual heterogeneity rather than
uniform temporal intervals. In each selected frame, a binary stone mask was manually delineated using
MELAGE, an internally adapted open-source annotation platform.11,12 Across all patients, 1,439 stone-
containing frames were manually segmented. To evaluate false detections, 977 stone-free frames were
selected, capturing background renal anatomy, instrumentation, as well as benign anatomical features
such as mucosal erythema, blood clots, and Randall's plaques. Fixed mucosal calcifications like
Randall's plaques were explicitly annotated as non-stone background to ensure the algorithm learned to
distinguish free-floating or treatable residual stone fragments from fixed subepithelial plaques.

Machine Learning Architecture and Clinical Metrics
StoneClear determines, for each frame, whether it contains a stone and localizes it at the pixel level. The
AI system operates in two sequential stages: first acting as a 'gatekeeper' (asking: 'Is a stone present in
this picture?'), and second acting as an 'outliner' (asking: 'Where exactly are the boundaries of the
stone?'). The model is built on a transformer-based deep learning architecture named PraNet-V2,13 which
extracts visual features from each endoscopic frame (Fig. 1). Unlike traditional computer vision models
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that examine small image patches locally, transformer architectures analyze relationships across the
entire image simultaneously, helping the model distinguish true stones from background reflections or
scope shadows.

To evaluate the model, a patient-level 5-fold cross-validation procedure was used where 8 procedures
were used for training and 2 for testing in each fold. We recorded standard evaluation metrics: Frame
Classification Accuracy, False-Positive Rate (FPR), False-Negative Rate (FNR), and the Dice Similarity
Coefficient (DSC), a standard statistical measure of spatial overlap used in computer vision, ranging
from 0.0 (no overlap) to 1.0 (perfect identical overlap). In clinical terms, a DSC above 0.80 represents
excellent agreement between the AI's predicted stone outline and the expert surgeon's manual tracing.

Results
In total, 10 patients (age 65.8 ± 13.1 years; 7 females, Table 1) undergoing fURS were included.
Preoperatively, patients presented with a mean baseline stone volume of 10,925.36 mm³ (median:
1,641.49 mm³; range: 487.75 mm³ to 101,481.53 mm³). Among patients with completed postoperative
CT abdomen and pelvis imaging, the mean post-operative residual stone volume of 170.20 mm³.

Table 1
Summary of the study dataset, including total video frames, the subset of manually annotated stone-

containing frames, and the subset of selected stone-free frames used for model development.
Patient # of Manually Annotated Stone-

Containing Frames
# of Selected Stone-free
Frames

Total Video
Frames

P1 61 66 53,959

P2 84 105 107,970

P3 375 112 301,300

P4 93 98 230,346

P5 150 106 133,536

P6 98 110 179,525

P7 172 106 134,970

P8 53 89 54,000

P9 98 139 157,247

P10 255 46 269,794

Total 1,439 977 1,622,647

Across 5-fold patient-level cross-validation of the endoscopic frames, StoneClear distinguished stone-
containing from stone-free frames with 92.8% accuracy (Table 2). On stone-free frames, StoneClear
generated false-positive stone segmentations in 13.6% (133 of 977) of frames. While an ideal false-
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positive rate would be 0%, in medical computer vision a baseline false-positive rate is evaluated relative
to standard models. Without the classification-gating mechanism, standard segmentation architectures
erroneously predicted stones in up to 78.2% of stone-free frames due to optical reflections and mucosal
artifacts (Table 2). Thus, the proposed gating mechanism reduced false-positive segmentations by more
than fivefold.

Table 2
Performance comparison of kidney stone detection and segmentation with two model variants:

replacing the transformer-based visual feature extractor with a U-Net based extractor (first row) and
removing the gating mechanism (second row), each compared with the proposed full model (third row).
Model Stone Detection

Accuracy (%)
False Positive
Rate (%)

Dice Similarity
Coefficient (DSC)

U-Net+Gating 88.21 ± 2.60 24.75 ± 7.76 0.77 ± 0.05

Transformer w.o. Gating 66.98 ± 10.31 78.18 ± 17.30 0.89 ± 0.02

Proposed Model
(Transformer + Gating)

92.77 ± 3.79 13.60 ± 7.53 0.86 ± 0.16

For frames with visible stones, StoneClear achieved a low false-negative rate (1.8%) and a mean Stone
DSC of 0.86 (Fig. 2). Representative frames, expert ground-truth annotation, and model predictions are
shown in Fig. 3. Representative failure cases where StoneClear produced inaccurate segmentations
were specifically examined (Fig. 4), occurring primarily in frames heavily obscured by dense dust or large
reflective stones.

Discussion
Achieving complete stone clearance remains a central goal in endourology. While suction-assisted
ureteroscopy platforms like CVAC 2.0 enhance fragment evacuation, clinical studies demonstrate that
residual stone fragments (RSFs) persist postoperatively in a notable subset of cases. The ASPIRE
randomized controlled trial, published in December 2024, demonstrated that the SURE procedure with
the CVAC system achieved superior stone clearance and significantly reduced residual stone volume
(RSV) compared with standard ureteroscopy, with a 73% reduction in two-year healthcare utilization.
However, the reported stone-free rate in the ASPIRE trial was only 48%, and real-world multicenter
studies, including a large Northwell series, achieved 57% at best.14 The CLEARANCE study, evaluating
the second-generation CVAC 2.0, demonstrated 96% mean stone clearance with a mean RSV of 14.1
mm³ at 30 days, confirming that a meaningful proportion of patients retain clinically relevant residual
fragments.15 A critical distinction must be drawn between intraoperative 'endoscopic visual clearance'
(what the surgeon sees through the scope at case conclusion) and formal 'postoperative stone-free
status' (typically assessed via non-contrast CT at 30 to 90 days). High reported visual clearance rates
often exceed true radiographic stone-free rates because small fragments hidden in unexamined calyces,
obscured by minor mucosal bleeding, or buried behind infundibular neck folds remain undetected during
endoscopic inspection.
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StoneClear was specifically designed as an intraoperative visual decision-support tool—not a
replacement for postoperative radiologic imaging. Its primary function is to enhance the surgeon's real-
time visual acuity during endoscopic inspection, helping identify small fragments floating in the field or
resting on the mucosa before the scope is withdrawn.

The visual environment during suction-assisted ureteroscopy presents distinct challenges: high-velocity
microjet fluid flow, rapidly moving stone particles, and partial occlusion by the suction catheter tip. In this
setting, subjective surgeon estimation of remaining stone burden is prone to error. In our dataset,
informal intraoperative surgeon perception often overestimated true visual clearance prior to systematic
re-inspection of all calyces. StoneClear provides an automated, objective overlay that highlights
unevacuated fragments during active suction and final endoscopic inspection.

Computer vision applications in surgical specialties outside of urology offer valuable parallels for
evaluating AI accuracy. In gastroenterology, real-time computer vision systems for colorectal polyp
detection (CADe) and segmentation (CADx) routinely operate at DSC thresholds between 0.78 and 0.85
and false-positive rates of 10–15% while achieving substantial reductions in missed adenomas during
screening endoscopy.16–20 Similarly, automated surgical phase recognition and instrument tracking in
laparoscopic cholecystectomy utilize comparable deep learning architectures. These cross-disciplinary
successes suggest that AI overlay systems do not require 100% precision to provide meaningful
intraoperative assistance, provided they meaningfully reduce surgeon oversight.21,22

Limitations
This study has limitations. The present cohort of 10 procedures is modest and reflects the early, single-
center nature of this proof-of-concept study; nonetheless, dense frame-level annotation yielded 2,416
labeled frames that served as the effective unit of model training and evaluation, and patient-level cross-
validation ensured that every procedure contributed to testing. In addition, annotated frames were
purposively selected for clear stone visibility, and quantitative evaluation across the full length of each
case was precluded by the need for dense, frame-by-frame ground-truth annotation of more than
1.6 million video frames. The annotated set was nonetheless constructed to include challenging, lower-
quality frames, such as fragments undergoing high-velocity evacuation and fragments partially occluded
by the suction catheter; validation on full-length, unselected case recordings remains an important
direction for future work.

Conclusion
StoneClear provides proof-of-concept that transformer-based deep learning with classification-driven
gating delivers accurate, robust stone detection and segmentation in the visually demanding CVAC
ureteroscopy environment. By providing objective real-time spatial boundary delineation, this technology
offers a valuable tool for intraoperative visual verification during suction-assisted lithotripsy.
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Social media caption
StoneClear, a transformer-based AI with a classification-gated false-positive filter, achieves 92.8% stone
detection accuracy and DSC 0.86 during suction-assisted ureteroscopy, the first CV system built for this
environment. #Endourology #AI
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Figures

Figure 1

Model architecture: The system utilizes a transformer to extract visual features from an endoscopic
frame. Then a gating classifier identifies if the frame contains stones. If a stone is present, a specialized
segmentation model generates pixel-wise stone localization.
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Figure 2

Segmentation accuracy (DSC) for individual patients (P1–P10) based on 5-fold cross-validation.
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Figure 3

Exemplar segmentation outcomes: The rows display the original endoscopic frame, the manually
annotated ground truth, and the segmentation results generated by the model.

Page 12/13



Figure 4

Representative failure cases with poor localization. Each column is one example; rows show the original
endoscopic frame, the manually annotated ground truth, and the segmentation results generated by the
model. In all three cases the stone was correctly detected but poorly localized (Dice 0.08 to 0.31): in
frames obscured by stone dust and irrigation turbulence the model over-segments background regions,
whereas for a large stone it captures only part of the true extent.
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