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Purpose: This study aimed to evaluate the performance of an artificial intelligence (AI)-based analysis of uroflowmetry
(UFM) curve images, enhanced with customized preprocessing techniques, to improve diagnostic accuracy for bladder outlet
obstruction (BOO) and detrusor underactivity (DUA).

Methods: We retrospectively analyzed 2,579 UFM curve images from patients who underwent urodynamic study (UDS), in-
cluding 725 normal and 1,854 abnormal cases (736 BOO and 1,387 DUA). A VGG16 convolutional neural network model was
developed to perform 3 binary classification tasks: normal versus abnormal, BOO versus non-BOO, and DUA versus non-
DUA. To improve model performance, we implemented a preprocessing pipeline consisting of denoising, cropping, axis scal-
ing, and color-coding of clinical parameters such as voided volume and postvoid residual volume (PVR). Model performance
was evaluated using 5-fold stratified cross-validation and the area under the receiver operating characteristic curve (AUROC).
Results: Abnormal cases demonstrated a lower median maximum flow rate (8.9 mL/sec vs. 14.8 mL/sec), higher PVR (60.0
mL vs. 20.0 mL), and lower voiding efficiency (78.5% vs. 92.5%) than normal cases. Within the abnormal group, the BOO
subgroup showed a higher PVR (80.0 mL) than the non-BOO subgroup (30.0 mL). After applying the preprocessing pipeline,
model performance improved, with AUROC increasing from 0.807 +0.024 to 0.827 £0.016 for normal vs. abnormal classifica-
tion, from 0.749+0.019 to 0.773 +0.034 for BOO classification, and from 0.693 +0.016 to 0.709 £ 0.031 for DUA classification.
Conclusions: Al-based analysis of UFM curve images, enhanced through customized preprocessing, improved diagnostic ac-
curacy in patients with lower urinary tract symptoms, effectively identifying BOO and DUA. This noninvasive method may
serve as an adjunct or screening tool to reduce reliance on invasive UDS.
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INTRODUCTION

Lower urinary tract symptoms (LUTS), which commonly in-
clude bladder outlet obstruction (BOO) and detrusor underac-
tivity (DUA), are prevalent among older adults and substantial-
ly reduce quality of life [1]. Uroflowmetry (UFM) is a simple
and noninvasive test widely used to assess voiding function;
however, interpretation of flow curves often relies on subjective
judgment and lacks reproducibility [2]. Urodynamic study
(UDS) remains the gold standard for diagnosing BOO and
DUA but is invasive, time-consuming, and uncomfortable for
patients [3]. These limitations underscore the need for less in-
vasive and more objective diagnostic approaches.

Deep learning-based medical image analysis has achieved re-
markable progress, particularly with convolutional neural net-
works (CNNs), which have demonstrated expert-level accuracy
in radiology, pathology, and other clinical imaging domains [4-
6]. More recently, transformer-based architectures and hybrid
models have emerged, achieving state-of-the-art performance
in complex tasks such as multi-organ segmentation, volumetric
reconstruction, and multimodal learning [7, 8]. However, such
advanced architectures are not always required for simpler data
types. UEM curves are relatively straightforward 2-dimensional
representations of a 1-dimensional physiological signal. Unlike
radiologic or pathologic images with complex textures and spa-
tial variability, UFM images display a single flow curve with
limited heterogeneity. Despite this simplicity, deep learning
studies that directly analyze UFM curve images are scarce, and
comparable work in related curve-based fields, such as spirom-
etry and electrocardiography, remains limited [9-12]. Curve
images pose unique challenges, including grid noise, inconsis-
tent scaling between devices, and the absence of standardized
formats.

To address these challenges, we developed a deep learning
framework using a VGG16 CNN architecture integrated with
customized preprocessing techniques. The pipeline included
denoising, cropping, axis scaling, and a color-encoding strategy
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to embed clinically relevant features such as voided volume
(VV) and postvoid residual volume (PVR). This design enabled
the model to learn both curve morphology and clinical context.
We evaluated this approach across 3 clinically meaningful clas-
sification tasks —normal versus abnormal, BOO versus non-
BOO, and DUA versus non-DUA — using UFM data labeled by
UDS. By moving beyond numerical parameter-based evalua-
tion, this study demonstrates the feasibility of deep learning-
based UFM curve analysis as a noninvasive, efficient, and ob-
jective diagnostic tool to support clinical decision-making in
functional urology.

MATERIALS AND METHODS

Study Design and Setting

This retrospective observational study analyzed UFM curve im-
ages from patients who underwent UDS at Samsung Medical
Center between December 2006 and December 2017. All UDS
procedures were performed by experienced urodynamicists in
accordance with the International Continence Society Good
Urodynamic Practices protocol, using an Aquarius TT UDS
system and DORADO-KT (Laborie Medical Technologies,
Canada). BOO was diagnosed when the BOO index (BOOI=
PdetQmax [detrusor pressure at maximum flow]-2Qmax
[maximum flow rate]) exceeded 40, whereas DUA was defined
as a bladder contractility index (BCI=PdetQmax+ 5Qmax) of
less than 100. Voiding efficacy was calculated as VV divided by
the sum of VV and PVR, expressed as a percentage: Voiding ef-
ficacy (%) =VV/(VV+PVR) x 100.

Study Population

The study included 2,579 patients who underwent UDS, com-
prising 725 normal and 1,854 abnormal cases. In the abnormal
group, 736 had BOO, 1,387 had DUA, and 269 exhibited both
conditions. Patients with medical conditions that could affect
lower urinary tract function, such as bladder or prostate cancer,
were excluded. Additional exclusion criteria included prior
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prostate, bladder, or urethral surgery; use of indwelling cathe-
ters or the need for regular catheterization; history of cerebro-
vascular accident, neurologic disorders, or spinal or pelvic trau-
ma affecting LUTS; and a V'V less than 150 mL during simple
UFM.

Data Preprocessing Techniques
All 2,579 UFM curve images underwent 4 preprocessing steps:
denoising, cropping, axis scaling, and color-coding.

Denoising techniques

The original UFM curve images contained grid scales that in-
terfered with accurate curve detection. To resolve this, we ap-
plied a combination of nonlocal means, morphology, and con-
tours techniques. The nonlocal means and morphology meth-
ods were first used to blur grid scales while enhancing the curve
features. Subsequently, the contours technique detected 2 curve
boundaries, and the regions above and below these boundaries
were filled with black. The process concluded with color inver-
sion, yielding clean UFM curves with complete grid removal
(Fig. 1).

Cropping techniques
Each UFM curve image was cropped to include the region cor-
responding to Qmax on the y-axis and voiding time on the x-

Original image

After denoising (D)
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axis. This process involved identifying 3 key points: Qmax,
voiding onset, and voiding end. To minimize artifacts caused
by edge noise, the lower y-axis was trimmed 1 unit above the
lowest curve coordinate, while the upper y-axis and both x-axis
edges were trimmed by a 5-unit margin. Final cropping was
then performed based on these identified key points (Fig. 2).

Axis scaling techniques

To standardize the varying scales of UFM curve images from
different devices, we developed an axis-scaling technique. The
process began with identifying the start, end, and peak points
of each curve. Using the voiding time and Qmax values derived
from numerical features, the x- and y-axes of the cropped curve
images were proportionally adjusted. The rescaled curve was
then aligned within a standardized frame to ensure consistent
representation of voiding time and Qmax dimensions (Fig. 3).

Colored curve image techniques

To embed key numerical features into the UFEM curve images,
we implemented a color-coding technique for PVR and VV
values. PVR was encoded in the upper portion of the image us-
ing blue RGB values, where smaller PVR values corresponded
to brighter blue shades. Similarly, VV was encoded in the lower
portion of the image using green colors, with larger VV values
represented by brighter green intensities (Fig. 4).

(C)

Fig. 1. Denoising process: (A) original image, (B) contour detection, (C) regions above and below contours filled with black, (D) final

image after color inversion.
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Fig. 2. Cropping process, showing identification of 3 key points (maximum flow rate, voiding onset, and voiding end) followed by im-

age extraction.

Qmax:17.4 mL/sec

VT:54.4 sec

Qmax:17.4mL/sec
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Fig. 3. Axis scaling procedure, with proportional rescaling of the x- and y-axis lengths of the curve image based on VT on the x-axis
and Qmax on the y-axis. VT, voiding time; Qmax, maximum flow rate.

Deep Learning Model and Statistical Analysis

To justify the choice of the CNN architecture, we selected the
VGG16 model based on its proven reliability in medical image
analysis using relatively small datasets [13]. The VGG16 archi-
tecture offers a balanced trade-off between computational effi-
ciency, training stability, and interpretability, which makes it
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well suited for our dataset of limited size and low-texture imag-
es [14]. Because UFM curve images represent simple 1-dimen-
sional physiological signals visualized as 2-dimensional plots,
rather than complex anatomical structures, a deep or trans-
former-based model was considered unnecessary at this stage.
Therefore, VGG16 served as an appropriate baseline model for
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Voided volume

Postvoided residual volume

Fig. 4. Color-coding representation, with green indicating voided volume (higher values shown as brighter shades) and blue indicat-
ing postvoid residual volume (smaller values shown as brighter shades).

extracting curve morphology and benchmarking performance
before exploring more advanced architectures.

We developed 3 binary classification models based on the
VGG16 CNN to predict UDS outcomes from UFM curves: (1)
normal versus abnormal, (2) BOO versus non-BOO, and (3)
DUA versus non-DUA. Each model was trained and evaluated
twice — first using the original UFM curve images and then us-
ing the preprocessed images (Fig. 5). To optimize performance
with a relatively small dataset, we employed the VGG16 model
pretrained on the ImageNet dataset. The original VGG16 archi-
tecture consists of 13 convolutional layers and 5 max-pooling
layers, followed by 3 fully connected layers. In our implementa-
tion, the fully connected layers were replaced with a global av-
erage pooling layer, which reduces model complexity, mitigates
overfitting, and provides structural regularization, eliminating
the need for dropout layers. The output layer used a sigmoid
activation function for binary classification. For each classifica-
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tion task, stratified 5-fold cross-validation was performed to
ensure robust performance evaluation. The area under the re-
ceiver operating characteristic curve (AUROC) served as the
primary performance metric for assessing diagnostic accuracy.
All statistical analyses were conducted using IBM SPSS Statis-
tics ver. 25.0 (IBM Co., USA). This study received approval
from the Institutional Review Board at our institution.

RESULTS

Baseline Characteristics

Among 2,579 patients, 725 (28.1%) were classified as normal
and 1,854 (71.9%) as abnormal. Within the abnormal group,
736 patients (28.5%) had BOO, 1,387 (53.8%) had DUA, and
269 had both conditions. The median age of all patients was
67.0 (interquartile range, 60.0-72.0) years, with abnormal cases
being slightly older than normal ones (67.0 years vs. 65.0 years).
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Fig. 5. Overview of the study design and workflow. UFM, uroflowmetry; CNN, convolutional neural network; BOO, bladder outlet
obstruction; DUA, detrusor underactivity.

Table 1. Baseline characteristics and urodynamic parameters of study participants

Variable Total Normal Abnormal BOO No BOO DUA No DUA
No. of patients 2,579 725(28.1) 1,854 (71.9) 736 (28.5) 1,843 (71.5) 1,387 (53.8) 1,192 (46.2)

Age (yr) 67.0(60.0-72.0)  65.0(57.0-70.0)  67.0(61.0-73.0)  68.0(62.0-74.0)  66.0(59.0-72.0)  68.0(61.0-73.0)  66.0(59.0-71.0)
Qmax (mL/sec) 10.5(7.2-14.4) 14.8 (11.8-18.3) 8.9 (6.3-12.0) 7.5(5.3-10.4) 11.7 (8.6-15.5) 9.3(6.5-12.3) 12.2 (8.5-16.4)
Average flow (mL/sec) 4.9 (3.3-7.0) 7.1(5.4-9.1) 4.2 (2.8-5.8) 3.6 (2.4-5.0) 5.6 (3.8-7.5) 43(2.9-6.1) 5.7 (3.9-7.9)
Voiding time (sec) 49.0 (35.8-68.4) 40.2 (30.0-53.5) 52.8(39.0-74.4) 53.6 (40.0-73.9) 47.6 (34.1-65.8) 54.4 (39.2-76.0) 44.2 (32.6-59.0)
Flow time (sec) 41.3(30.2-54.8) 34.8 (26.4-44.0) 44,6 (32.6-58.8) 45,5 (34.1-59.4) 39.6 (29.0-52.8) 45.0 (32.4-59.8) 38.1(28.8-49.1)

Time to peakflow (sec) 13.4(8.8-214)  113(8.0-162)  147(94-237)  132(8.8-215)  13.6(9.0-214)  155(9.8-250)  11.8(8.0-17.0)
Voided volume (mL) 210 (154.3-274.4) 243.7 (191.2-307.2) 197.2(139.2-260.9) 176.8 (125.5-228.7) 226.6 (167.4-288.0) 204.4 (143.7-268.3) 217.1 (164.4-278.6)
Residual volume (mL) 40.0 (15.0-110.0)  20.0(8.5-41.0)  60.0(20.0-150.0)  80.0(30.0-165.7) ~ 30.0(10.0-80.0)  50.0(17.0-150.0) ~ 30.0 (10.0-80.0)
Voiding efficiency (%) 85.1(61.6-947)  92.5(840-97.3)  785(50.0-92.8)  67.6(43.6-86.7)  89.3(72.1-96.3)  80.4(51.6-93.9)  88.1(70.7-95.5)
BOOI 252(120-43.0)  154(3.0-252)  31.0(160-520)  58.0(47.0-764)  18.0(7.0-280)  24.0(120-36.0)  29.0(11.0-58.0)
BCI 97.0(76.0-11855) 118.0 (108.0-1340) 85.0(68.0-100.0) 109.7(912-132.0) 91.0(70.0-1120)  77.0 (64.0-89.0)  121.0(109.0-137.0)

Values are presented as number (%) or median (interquartile range).
BOO, bladder outlet obstruction; DUA, detrusor underactivity; Qmax, maximum flow rate; BOOI, bladder outlet obstruction index; BCI, bladder
contractility index.

Significant differences in urodynamic parameters were ob- mL/sec), shorter voiding time (40.2 seconds vs. 52.8 seconds),
served between the normal and abnormal groups. The normal greater VV (243.7 mL vs. 197.2 mL), and higher voiding effi-
group exhibited a higher median Qmax (14.8 mL/sec vs. 8.9 ciency (VE; 92.5% vs. 78.5%) compared to the abnormal group.
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Table 2. Mean AUROC of binary classification before and after preprocessing: normal and abnormal, BOO and non-BOO, DUA and

non-DUA

Variable Abnormal (n=1,854, 71.9%) BOO (n=736,28.5%) DUA (n=1,387, 53.8%)
Before preprocessing 0.807 £0.024 0.749+0.019 0.693+0.016

After preprocessing 0.827+0.016 0.773+0.034 0.709+0.031

Values are presented as mean + standard deviation.

AUROC, area under receiver operating characteristic; BOO, bladder outlet obstruction; DUA, detrusor underactivity.

Patients with BOO demonstrated a higher BOOI (58.0 vs. 18.0)
and lower VE (67.6% vs. 89.3%) than non-BOQO patients. Simi-
larly, patients with DUA showed a lower BCI (77.0 vs. 121.0)
and decreased VE (80.4% vs. 88.1%) compared to non-DUA
patients (Table 1).

Effect of Preprocessing

The performance of the deep learning model improved consis-
tently across all classification tasks following the application of
preprocessing techniques. For normal versus abnormal classifi-
cation, the mean AUROC increased from 0.807 +£0.024 to
0.827+0.016. Likewise, the BOO classification improved from
0.749+0.019 to 0.773 +0.034, and DUA classification increased
from 0.693 +0.016 to 0.709 £ 0.031 (Table 2). The receiver oper-
ating characteristic and precision-recall curves demonstrated
consistent performance across all 5 folds of cross-validation
(Fig. 6). The preprocessed model (Fig. 6D-F) exhibited more
stable and enhanced performance compared to the baseline
model (Fig. 6A-C) across all classification tasks, with the most
substantial improvement observed in the normal versus abnor-
mal classification.

DISCUSSION

Recent advances in functional urology have increasingly high-
lighted the clinical utility of Al In alignment with this trend,
our institution has conducted multiple Al-based investigations
on the diagnosis and prognosis of voiding dysfunction, produc-
ing meaningful results. The first study developed predictive
models using CatBoost and XGBoost algorithms to differenti-
ate BOO and DUA in male patients with LUTS. Using a large
dataset comprising patient-reported outcomes, UFM parame-
ters, and ultrasound-derived features, the XGBoost model
demonstrated superior diagnostic performance, achieving an
AUROC of 0.826 for BOO and 0.819 for DUA, outperforming
conventional clinical indicators. These results underscored the

Int Neurourol J November 30, 2025

potential of noninvasive and objective machine learning-based
diagnostics for accurately classifying complex voiding patho-
physiology [15]. The second study developed a deep neural
network model to predict postoperative changes in Qmax and
VE in 1,142 of 1,933 patients who underwent holmium laser
enucleation of the prostate. This model achieved an AUROC of
0.884 (sensitivity 0.783, specificity 0.891) for predicting Qmax
and an AUROC of 0.817 for VE prediction, both of which out-
performed other machine learning algorithms. These findings
demonstrated AT’s potential to quantitatively predict functional
recovery following benign prostatic hyperplasia surgery, sup-
porting the development of personalized treatment strategies in
clinical practice [16]. Collectively, our institution has estab-
lished a robust data infrastructure and expertise in applying Al
to the diagnosis and prognostication of voiding dysfunction.
Building on this foundation, we expanded our research toward
noninvasive diagnostic models integrating Al and deep learn-
ing, as demonstrated in the present study —an emerging field
also being explored by other research groups [17, 18].

Earl Al applications in UFM primarily focused on numerical
parameters such as Qmax, VV, and PVR. While these metrics
are informative, they cannot fully capture the morphological
characteristics of the flow curve [9, 10]. To overcome this limi-
tation, we implemented a direct image-based analysis using
UFM curve images, allowing the model to learn morphologic
flow patterns beyond numerical features through a deep learn-
ing framework. This concept was inspired by established meth-
odologies in other physiologic signal domains— such as elec-
trocardiography and spirometry —and adapted here to the
context of UFM analysis [11, 12].

In this study, we demonstrated that deep learning-based
analysis of UFM curve images enhances the noninvasive diag-
nosis of LUTS, particularly when supported by tailored prepro-
cessing techniques. Our VGG16 CNN-based approach achieved
consistent performance improvements across 3 classification
tasks —normal versus abnormal, BOO versus non-BOO, and
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Fig. 6. Receiver operating characteristic (ROC) and precision-recall (PR) curves for 5-fold stratified cross-validation. Binary classifi-
cation before preprocessing: (A) normal vs. abnormal, (B) BOO vs. non-BOO, (C) DUA vs. non-DUA. Binary classification after pre-
processing: (D) normal vs. abnormal, (E) BOO vs. non-BOO, (F) DUA vs. non-DUA. AUC, area under the ROC curve; BOO, blad-
der outlet obstruction; DUA, detrusor underactivity. (Continued)
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Fig. 6. Continued.

DUA versus non-DUA — following preprocessing. While UDS
remains the gold standard, Al-based image analysis can serve
as a clinically meaningful noninvasive complement, potentially
reducing the need for invasive procedures. This approach offers
the potential to streamline diagnostic workflows, improve pa-
tient comfort, and support more efficient clinical decision-
making. Our method incorporates 2 key innovations. First, the
preprocessing steps (denoising, cropping, and axis scaling)
standardized UFM curve images across patients and devices,
enabling more reliable image-based learning. Second, we im-
plemented a color-coding strategy that embeds clinically rele-
vant parameters such as VV and PVR directly into the images.
This dual strategy allows the model to recognize both standard-
ized curve morphology and contextual clinical information,
thereby enhancing diagnostic accuracy.

This study has several notable strengths. The preprocessing
pipeline was specifically tailored to address inherent challenges
in curve images, including grid noise, inconsistent scaling, and
the integration of critical numerical parameters. Moreover,
stratified 5-fold cross-validation minimized bias and improved
the robustness of our results. However, several limitations must
be acknowledged. The retrospective, single-center design may
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limit generalizability, and external validation across diverse pa-
tient populations and UFM systems is necessary to confirm
broad applicability. Furthermore, while our model improved
diagnostic accuracy, we did not directly evaluate clinical out-
comes or its impact on clinical decision-making. Future re-
search should include prospective studies, external validation,
and integration of Al-based UFM analysis into real-world clini-
cal workflows.

In conclusion, this study demonstrated that deep learning-
based analysis of UFM curve images can serve as a noninvasive
and objective diagnostic tool for lower urinary tract dysfunc-
tion. Incorporating preprocessing techniques — such as denois-
ing, cropping, axis scaling, and color-coding — significantly en-
hanced the model’s predictive accuracy across all classification
tasks, including normal versus abnormal, BOO versus non-
BOO, and DUA versus non-DUA. These preprocessing steps
standardized heterogeneous UFM images and embedded clini-
cally relevant parameters, allowing the model to more effective-
ly capture both morphological and contextual information. By
improving diagnostic performance without the need for inva-
sive testing, the proposed preprocessing-integrated deep learn-
ing framework offers a practical and patient-friendly comple-
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ment to conventional urodynamic studies. Future research
should focus on external validation and the clinical implemen-
tation of this noninvasive Al-based diagnostic approach within
functional urology.
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