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A B S T R A C T

Urban flash floods pose significant threats to public safety, infrastructure, and urban resilience. Accurate and 
rapid assessment of flood flow velocities is essential for effective hazard monitoring and response. However, 
public awareness of flood risks often remains low, especially regarding the rapid impact of shallow waters on 
human safety. To address this challenge, this study leverages citizen-recorded videos to estimate flood flow 
velocities, supporting improved hazard assessment.

Focusing on Matera, a UNESCO World Heritage city in southern Italy (Basilicata Region), known for its steep 
topography and historic “Sassi” districts, the study analyzes five recent flood events (August 24, 2018; November 
12, 2019; June 2, 2023; July 2, 2024; and July 21, 2024) using eight citizen-sourced videos, primarily from social 
media platforms. These videos captured the surface flow along Via Buozzi, a key historic drainage path in the 
downtown area.

Flow velocities were estimated using Fudaa-LSPIV, an image-based particle image velocimetry method 
adapted for video analysis. The accuracy of these estimates was validated against measurements obtained with 
SSIMS-Flow, an optical flow software tool, as well as benchmark data derived from floating debris, such as leaves 
and trash, visually detectable in the videos. The comparison revealed a strong correlation and close agreement 
between all methods.

Results demonstrate the effectiveness and reliability of the proposed approach for estimating surface velocities 
during urban flash floods. The accompanying datasets, included both in the manuscript and in the supplementary 
material, offer valuable resources for calibration, validation hydrodynamic modelling and, ultimately, advancing 
flood risk assessment and management in urban contexts such as heritage city.

1. Introduction

The impact of climate change on urban flash floods has intensified, 
leading to frequent flooding because of extreme rainfall events. Studies 
have shown that in Vietnam [1], England [2], the United States [3], 
Pakistan [4], Romania [5], Italy [6], and other regions, urban floods had 
serious socio-economic consequences [7]. This is also the case in Med
iterranean regions, which have faced significant casualties and eco
nomic impacts [8]. In recent years, southern Italy has faced numerous 
urban floods, transforming streets into rivers, flooding many historical 
sites, and causing extensive property damage [9,10].

Urban flash floods typically occur due to the insufficient capacity of 

the drainage system under short-duration high-intensity rainfall [11]. 
The frequency of extreme rainfall has increased due to the combined 
effects of climate change and urbanization [12]. Such convective storms 
hit small areas for a short period, generating high surface runoff, often 
with little or no warning [13]. These unpredicted and non-alerted flood 
events can cause devastating damage to communities, especially in low- 
lying urban areas [14]. Moreover, the impact of flash floods is particu
larly high, causing direct damage through the inundation of properties 
and critical infrastructure [15]. Indirect consequences include the loss of 
business opportunities and productivity [16]. More seriously, nearly 
half of the urban flash flood casualties involved people trapped in their 
cars on flooded roads or trying to escape the quickly rising water 
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[17,18]. Therefore, it is necessary to understand flood generation, 
monitoring, and propagation processes by estimating the reliable water 
velocity of real-time flood events [19]. Water velocity data are essential 
for evaluating flood risk levels in real-world scenarios. This estimation 
will help develop early warning systems for flood risk management, 
reducing both economic losses and loss of life.

However, obtaining accurate flow velocity data, especially during 
floods, remains challenging and limited [20]. In particular, such data are 
rarely available and difficult to collect during extreme flash flood events 
in urban areas [21]. Some intrusive measurement tools such as Acoustic 
Doppler Velocimeter (ADV), Acoustics Doppler Current Profilers 
(ADCPs), and current meters are generally used to measure the surface 
flow velocity of flash floods [22]. Nonetheless, the use of these tools 
poses significant risks to operator safety and instrument functionality. It 
might be difficult to obtain the surface velocity using ADCPs because of 
the blanking distance and the heavy post-processing activities required 
[23]. In addition, they require an expensive instruments and manpower 
for measurements. To overcome this issue, there has been an increasing 
interest in leveraging the recorded videos or image velocimetry for 
measuring flow velocities of urban flash floods.

Originally, the image velocimetry approach was used to detect 
traceable features flowing on the water surface and track them between 
consecutive image frames to compute displacement and surface veloc
ity. Image velocimetry measurements enhance operator safety by 
allowing the capture of videos from a safe area, whereas the distance 
required for orthorectification to analyze the images can be measured 
after the event [22]. Various image velocimetry tools are commonly 
mentioned in the literature for surface velocity computation, including 
PIVlab, OpenPIV, Kanade Lucas Tomasi (KLT-IV), large-scale particle 
image velocimetry (LSPIV), and space time image velocimetry (STIV) 
[24]. Among these PIV methods, Fudaa-LSPIV has emerged as the 
best-performing and most useful tool for surface velocity computation in 
real-world applications [25,23].LSPIV is employed on digital videos 
recorded from fixed cameras and unmanned aerial vehicles (UAVs) [26,
22]. Furthermore, it is used to provide detailed information on the ve
locity vector angles and magnitude, as well as the ability to capture the 
discharge from the video data. To promote the LSPIV method to a 
broader audience and encourage feedback and new research perspec
tives, the Électricité de France (EDF) and National Research Institute of 
Science and Technology for Environment and Agriculture (Irstea) 
collaborated with Delta computer-aided design (DeltaCad) to develop 
and freely distribute the Fudaa-LSPIV software [27]. Furthermore, 
Jodeau et al. [28] highlighted the recent developments in Fudaa-LSPIV, 
particularly regarding the stabilization algorithm. Most of the 
LSPIV-based studies have focused on the surface velocity computation in 
the riverine system, where open flows with stable conditions make them 
well-suited for recording and accurate measurements.

In contrast, the application of LSPIV in urban environments has been 
explored in only a limited number of studies because of challenges such 
as visual obstructions, complex geometries, and highly unsteady tur
bulent flow conditions. Nevertheless, LSPIV has been successfully 
applied for velocity and discharge measurements in numerous studies. 
For example, Le Boursicaud et al. [29] examined the applicability of 
LSPIV using videos of flood events from YouTube, which showed that 
videos available on social platforms can be a good data source. Guillén 
et al. [22] implemented LSPIV using videos of urban river floods 
recorded locally by the public and estimated the water velocities for the 
stability of people and vehicles in urban areas. In another study, Leitão 
et al. [30] computed the surface velocity of urban flash floods using 
surveillance camera footage. The findings showed that the LSPIV 
approach provided reliable velocity measurements in urban environ
ments and that social media and citizen-recorded images or videos have 
great potential for improving flood assessment and monitoring.

Other methods have been proposed in the literature for surface ve
locity estimation from video sequences during floods, including dense 
optical flow techniques. These approaches, which do not rely on tracer 

particles, compute the pixel-wise motion between consecutive frames to 
determine the flow direction and magnitude [31,32,33]. Among the 
latest tools leveraging this technique, SSIMS-Flow is an open-source, 
feature-rich software specifically developed for open-channel flow 
estimation. SSIMS-Flow integrates a complete processing framework 
—from frame extraction, stabilization, orthorectification, and image 
enhancement to velocity and discharge estimation—all within an intu
itive graphical user interface that requires no programming skills 
[34,35]. Based on the dense optical flow algorithm of Farnebäck [36], 
the software introduces spatial and temporal pooling strategies to 
overcome the challenges posed by sparse or inhomogeneous seeding. 
Benchmarking studies have shown that SSIMS-Flow achieves higher 
accuracy than standard correlation-based methods, such as PIVlab, 
under low-seeding or tracerless conditions, while also offering signifi
cantly faster processing times [37]. Its robustness and versatility have 
been confirmed through both synthetic and real-world case studies, 
demonstrating its suitability for citizen-recorded videos and complex 
flood monitoring scenarios [38,37].

In this context, the main objective of this study is to analyze urban 
flood events by estimating the flow surface velocity using videos 
recorded by citizens. Although such data represent a valuable resource 
for flood risk assessment, their analysis poses several challenges due to 
the amateur nature of the recordings. Common issues include low video 
quality, image instability, sunlight reflections, shadows, suboptimal 
viewing angles, glare, and wind-induced disturbances [34,39]. These 
limitations arise from the fact that the videos were captured by casual 
witnesses without any technical intent or control over the recording 
conditions.

The case study focuses on Matera, a city in Basilicata Region, south 
Italy, known for its steep downtown topography and heritage districts. 
The city has recently experienced several extreme rainfall events, 
resulting in flash-floods that have caused damage and inconvenience to 
residents and commercial activities. This particular morphology, its 
historical urbanized environment and its touristic vocation, make it a 
very interesting case study due to the significant contribution of shallow 
water velocity to the hazard for people and goods.

Five of these events were analyzed using Fudaa-LSPIV and SSIMS- 
Flow, exploiting recorded videos to provide guidelines for accurately 
estimating the surface velocity of urban flash floods. Moreover, some 
measurements derived from distinct floating features, such as debris, 
leaves, and trash cans, have been used for comparison to provide valu
able information on flow dynamics. Although both Fudaa-LSPIV and 
SSIMS-Flow have been used individually in past research, this is among 
the first studies that introduces a novel application framework for using 
both Fudaa-LSPIV and SSIMS-Flow image-based velocimetry methods in 
complex urban environments to estimate the surface velocity of multiple 
real-world urban flash flood events from citizen-recorded videos. The 
estimation of flood flow velocities on the urban streets is challenging due 
to type of amateur recorded videos (e.g., low-quality, shaky, real-world 
footage), steep slopes and low roughness of the streets. Although this 
study analyzes the recorded videos and transforms them into reliable 
quantitative information on pluvial flash-flood surface velocities, 
providing a more realistic hazard evaluation for complex urban area as 
Matera downtown, where also low water depths can still produce haz
ardous due to very high velocity flows. Hence, this study can assist re
searchers in assessing the vulnerability criteria and awareness related to 
the stability of people and vehicles in flash floods and in developing 
early warning systems. Moreover, this study provides a valuable data 
resource for calibrating and validating urban flood propagation models, 
as well as for risk assessment and management. Additionally, it will aid 
management efforts by identifying flood-prone roads, high-risk zones, 
and safe evacuation routes.

2. The Matera downtown case study

The test site for analyzing the urban flood in this study is the city of 
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Matera, located in the Basilicata Region (southern Italy), as shown in 
Fig. 1. Matera is a hilly area with 390 km2 situated in the eastern part of 
the Basilicata Region and typically experiences warm temperatures with 
dry summers [40]. The yearly average of the minimum and maximum 
temperatures are 10.4 ◦C and 19.5 ◦C, respectively, with the highest 
summer temperature exceeding 30 ◦C [41]. The average annual pre
cipitation is 543 mm/year; however, a positive trend has been observed 
in the number of extreme rainfall events over the last two decades [42]. 
From an urban perspective, the most important part of Matera is the 
so-called “Sassi”, that is the historical city center with rock buildings. 
The “Sassi” was added to the UNESCO World Heritage List in 1993, and 
Matera was designated as the European Capital of Culture for 2019 [43]. 
The Sassi district is divided into two historical parts, known as the “Sasso 
Caveoso” and “Sasso Barisano”.

The “Sasso Caveoso” urban watershed was selected to analyze urban 
flash flood events because of the presence of some of the most important 
historical sites, including the Castel Hill and the Lanera district, and 
several commercial and touristic activities. This urban basin extends 
over an area of approximately 0.66 km2, with altitudes ranging from a 
maximum of 441.52 m above sea level on the upper side to a minimum 
of 267.67 m on the lower side of the Sasso Caveoso [44]. The average 
slope of the basin is 21.7 % and extends longitudinally for approximately 
1.5 km. The drastic reduction in permeability in upstream areas [45], 
combined with the short concentration time of the basin of approxi
mately 0.35 h, has led to critical flooding and impetuous flows. Ac
cording to the Matera Municipality and Civil Protection, Matera has 
been affected in the last few years by severe pluvial flooding in 2018, 

2019, 2023, and 2024. These flood events were severe and produced 
significant surface runoff that damaged the city, especially the "Sasso 
Caveoso" district [46]. These events caused significant damage, 
including people being trapped in their cars on flooded roads, losing 
their balance, and scooters being swept away. Other objects, such as 
parasols, umbrellas, and trash, were carried away by the rushing water. 
Therefore, it is necessary to implement interventions by monitoring 
urban floods to avoid losses and preserve historical city centers in the 
future.

To analyze these events, the author collected recorded videos of past 
floods that occurred on Via Buozzi Street in the Sasso Caveoso basin, 
which were available on social media platforms, as shown in Fig. 1. The 
Via Buozzi is the primary street of the basin with a steep slope (~0.12 
m/m) and low roughness (Manning’s n ~ 0.015–0.025 m1/3s− 1), where 
runoff from various areas converged, resulting in a significant flow of 
water that moves towards the outlet and falls into “Gravina di Matera” 
streams: this street was in the last century one of the city’s two main 
historical drainage paths (“grabiglioni”) in the downtown area. This 
street is a key area of interest because it hosts most commercial activities 
and is surrounded by historical buildings [47]. Additionally, most of the 
video recordings belong to this location, likely due to the high presence 
of tourists and residents, resulting in greater availability of footage. In 
this study, five flood events were analyzed, occurring on 03 August 
2018, 12 November 2019, 2 June 2023, and 2 July and 21, 2024 (see 
Fig. 1). Specifically, two recorded videos were obtained for the 2 July 
2024 event and two for the 21 July 2024 event, whereas single video 
recordings were available for the 2018, 2019, and 2023 events. For the 

Fig. 1. Geographic representation of the study area in the city of Matera, located in the Basilicata region (southern Italy), highlighting the flood zones affected by 
past flood events recorded in videos (V1–V7) along Via Buozzi.
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2019 flood event, a single video was available, but the event was 
analyzed at two different locations along the street. Each video had a 
different original resolution because they were recorded under different 
conditions and with various devices. The characteristics of each 
analyzed video are presented in Table 1. Further details of each flood 
event are provided in Table S1 (Supplemental Material).

3. Methodology

The workflow of this study is presented in this section and is shown 
in Fig. 2.

Publicly available recordings of extreme flood events from various 
online news websites, along with videos collected directly from citizens, 
were used for the analysis of urban flash floods in the selected case 
study. Different videos of the five flood events were utilized, recorded at 
different times and locations, as mentioned in the previous section. Due 
to the varying recording conditions and multiple devices used, each 
video had different characteristics (Table 1). The data preprocessing of 
these videos was conducted in Fudaa-LSPIV, including frame extraction 
from the video, geometric transformation across the flow area, frame 
stabilization, and orthorectification of the images. Subsequently, the 
pre-processed images using Fudaa-LSPIV were used to compute the 
surface velocity of floods with Fudaa-LSPIV and also with SSIMS-Flow 
software. Notably, the latter was not used for data preprocessing, but 
only for surface velocity computation. This approach ensured a consis
tent evaluation framework by using identical input data for both tools, 
thus avoiding potential biases introduced by differences in preprocess
ing steps and allowing a fair comparison focused solely on the velocity 
computation performance. In this framework, no additional image 
enhancement or frame-rate adjustment was performed. This decision 
was based on the specific characteristics of the analyzed videos, which 
contained sufficient natural tracers, such as surface ripples, debris, and 
vortices, for reliable pattern detection. Moreover, the high flow veloc
ities ensured that tracer displacements between frames were clearly 
detectable at the native frame rate (30 fps), making resampling unnec
essary and helping to preserve the temporal fidelity of the recordings. 
For evaluation purposes, transect lines consisting of about 20 points 
were drawn perpendicular to the flow from one edge of the street to the 
other for each event. These transects were used to obtain the surface 
velocity at each point from both the software. The author incorporated 
three transects to capture the comprehensive velocity distribution of 
videos with a large area of interest. In contrast, events with a smaller 
area of interest were analyzed using single transects.

Subsequently, the average cross-sectional surface velocity magnitude 
of the transects was determined for comparison between the methods 
and the consistency was evaluated. Furthermore, some measurements, 
referred to as benchmark data, were derived from distinct floating fea
tures, such as debris, leaves, and trash cans, which are expected to 
provide valuable information about flow dynamics. The obtained 
SSIMS-Flow results and benchmark data were used to confirm the reli
ability of Fudaa-LSPIV and to provide guidelines for accurately esti
mating surface velocity in urban flash floods.

3.1. Fudaa-LSPIV software

The basic principles of the LSPIV technique, as outlined by Fujita 
et al. [48], are summarized in this section. For a more detailed review of 
the principles of LSPIV and its application in environmental monitoring, 
readers may refer to Muste et al. (2008). The authors selected this 
method because it has been shown to be appropriate for the non- 
intrusive measurement of surface velocity fields and discharge in 
open-channel flows [27], and the EDF and Irstea decided to develop and 
freely distribute the Fudaa-LSPIV software implemented by DeltaCad 
[49,27]. In addition, Bodart et al. [50] introduced a method that utilized 
the video global challenge (VGC2020) dataset to reduce the operator 
effect of parameters such as orthorectification resolution, grid points, 
time interval, and filters to ensure the reliable velocity estimations.

The main steps are outlined in Fig. 3 and described below. 

• As the first step of Fudaa-LSPIV, the images were extracted from a 
video file using the FFmpeg library [51] by setting a start and end 
time. Next, the frame step is defined because it is the key parameter 
in the image sequence extraction, which serves as the downsampling 
factor of the video frame rate. The frame step was set to 1 to ensure 
that all frames of the video were extracted, maintaining a time in
terval of 0.033 s.

• Second, the Fudaa-LSPIV software includes an image stabilization 
tool, which is exclusively used for videos with camera shake or 
movement. In particular, freely available and citizen-recorded videos 
often exhibit significant movement and noticeable shakiness [52]. 
Therefore, the image sequences were stabilized based on the sta
tionary parts of the image that were outside the flow area. The 
geometric transformation and flow area for image stabilization were 
defined by the user. However, this method utilizes the SURF 
(Speeded Up Robust Features) tool for image stabilization, as 
implemented by Oyallon and Rabin [53].

• Third, the orthorectification step was used to generate a physically 
accurate ortho-image of the water surface, correcting the distortion 
effects caused by the camera angles, and the pixels were georefer
enced. Urban floods are typically recorded at an oblique angle 
relative to the free surface plane because citizens independently re
cord videos from various angles, often without knowing the impor
tance of post-video analysis. Therefore, these images were rectified 
to extract accurate flow data [54]. Orthorectification involves cam
era calibration and the construction of ortho-images. However, 
several methods for camera calibration can be found [55]. The im
plicit calibration method based on ground control points (GCPs) is 
considered more flexible and has been implemented in the Fudaa- 
LSPIV [56]. In calibration, the 3D orthorectification process re
quires a minimum of six GCPs and water level. The 2D orthor
ectification process needs a four GCPs placed at the water surface 
elevation. The perpendicular viewpoint can be completed using the 
scaling process. In this study, 2D orthorectification was utilized with 
four GCPs, P1, P2, P3, and P4, through the measured distances 
among them.

• Afterwards, the flow surface velocity can be computed using the 
cross-correlation tool [48], applied to each pair of orthorectified 

Table 1 
Characteristics of videos for each event available on social platforms or recorded by citizens of each event along Via Buozzi in the case study.

Event date Maximum rainfall intensity in 1 h (mm/h) Video ID Resolution (px) Orthorectified image scaling (m/px) Frame rate (fps) Duration (s)

03/08/2018 33 V1 99 × 130 0.064 30 27

12/11/2019 36.2 V2a 294 × 242 0.044 30 56
36.2 V2b 182 × 274 0.044 30 56

02/06/2023 42.4 V3 597 × 326 0.024 30 69

2/07/2024
17.4 V4 1464 × 892 0.003 30 14
17.4 V5 672 × 504 0.011 30 10

21/07/2024
26.4 V6 661 × 367 0.007 30 08
26.4 V7 1807 × 1153 0.003 30 12
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images separated by a defined time interval. The image patterns 
associated with natural tracers present on the surface of the flow, 
such as surface ripples, debris, and ripples can be identified and 
tracked. However, artificial tracers, such as wood shavings and 
cornstarch chips, can also be injected into the surface flow to 
improve the accuracy of image analysis [23]. The displacement of 
the visible tracers was determined using the cross-correlation coef
ficient computed between two consecutive frames (Interrogation 

Area, IA; see Fig. 3). The IA is a subset area in the image with a 
preferred size of approximately 30 pixels [49]. Additionally, the 
tracer displacement is identified by locating the region within the 
Search Area (SA) of frame 2 that exhibits the highest similarity to the 
IA in frame 1. The SA is defined by four parameters, S1, S2, S3, and 
S4, with a recommended size of 2–50 pixels. These are the maximum 
displacements in pixels along the four directions of the IA, used to 
calculate the normalized coefficient. The IA should be small enough 

Fig. 2. Proposed workflow of the methodology used in this study.

Fig. 3. Illustration of the main steps of the Fudaa-LSPIV approach for velocity computation.
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to capture the scale of the area of interest in the flow and large 
enough to contain identifiable tracer patterns [57]. The SA should be 
large enough to cover the displacements of the tracer in each di
rection and small enough to reduce computational costs.

• Finally, the velocity vectors were determined by dividing the 
displacement values by the time interval between two consecutive 
frames. After the analysis, the instantaneous velocity fields for each 
frame at every time step were obtained with minimum and 
maximum velocity thresholds (in m/s). These thresholds indicate the 
acceptable range for the estimated velocity magnitudes. Addition
ally, the Vx values specify the upper and lower limits for the 
acceptable x-components of the estimated velocities, and the Vy 
values define the upper and lower limits for the acceptable y-com
ponents of the estimated velocities. Furthermore, the spurious vec
tors can be filtered out in the analysis by defining minimum and 
maximum correlations. These values define the upper and lower 
ranges of the normalized correlation values for a displacement to be 
considered acceptable. Velocity filtering is a very sensitive step that 
can be performed using the current version of Fudaa-LSPIV [49].

• The time-averaged velocity field was obtained from the filtered ve
locity fields. Although the Fudaa-LSPIV can compute discharge using 
the velocity-area method with bathymetric transects, this study 
focused solely on velocity computation.

3.2. SSIMS-Flow software

SSIMS-Flow is an open-source software based on the dense optical 
flow technique and is designed to measure the surface velocity field and 
open-channel flow rate from aerial or fixed camera footage. Dense op
tical flow is a popular computer vision technique used to estimate the 
apparent motion between two consecutive frames in a video by tracking 
pixel intensity patterns [32]. It has been applied in various disciplines, 
including object detection and tracking, video compression, traffic 
control, frame interpolation, video resolution upscaling, robotics, UAV, 
and video stabilization [37]. Although various techniques exist for 
calculating dense optical flow, the Farnebäck optical flow method is 
more reliable than the others [58,59]. Therefore, SSIMS-Flow utilizes 
Gunnar Farnebäck’s algorithm to estimate the optical flow, which cal
culates the velocity vector field for each pixel by assuming an affine 
motion within the local neighborhood [36].

This software is a modified version (in functionality and name) of the 
structural similarity (SSIM) stabilization tool developed by Wang et al. 
[60] and used for preprocessing unnamed aerial vehicle (UAV) videos 
[34]. For a detailed review and implementation of the SSIMS-Flow 
software, readers may refer to Ljubičić et al. [37]. In this study, the 
SSIMS-Flow software was only used for assessment by comparing it with 
Fudaa-LSPIV. Therefore, velocity computation using optical flow is only 
one step in the SSIMS-Flow workflow employed for video analysis.

The SSIMS-Flow software was configured using the MultiTMP tem
poral pooling method, which aggregates optical flow estimates across 
multiple threshold levels to enhance robustness under variable seeding 
conditions [38]. Spatial pooling was performed using a block size of 16 
× 16 pixels for standard cases and increased to 32 × 32 pixels in videos 
with sparse or uneven seeding distribution [61]. Frame pairing was 
implemented using a stepwise method (i.e., frame i with frame i + 4). 
The main flow direction was set to be consistent with the orientation 
observed in the field. The outcomes of the Farnebäck optical flow are the 
velocity components in the horizontal and vertical image directions. 
Although the SSIMS-Flow software converts the results into velocity 
data in the form of magnitudes and flow directions, which allows easier 
validation and filtering through spatial and temporal pooling. In addi
tion, this approach enables the user to define the expected dominant 
flow direction and set the permissible deviation from it. Velocity data 
with directions outside the defined range were considered false de
tections, which potentially occurred because of rain, moving vegetation, 
and light reflection, and were subsequently excluded from the final 

results.

3.3. Benchmark velocity estimation

This study employed the "Float method" [62] to estimate the surface 
velocities across all events, providing a benchmark for comparison. This 
method is based on tracking distinct solid floating features, such as 
debris, leaves, and trash cans, whose movement is assumed to provide 
valuable information on surface flow dynamics. The calculation is based 
on the displacement of the floating feature between two frames and the 
video frame rate. Specifically, the surface velocity is evaluated as 
follows: 

V =
d • fps

△f
(1) 

where d is the distance (in meters) travelled by the feature between the 
initial frame i and the subsequent frame i + Δf, fps is the frame rate of the 
video, and Δf is the number of elapsed frames. The coordinates (Xi, Yi) 
and (Xi+Δf, Yi+Δf) of the feature are extracted from orthorectified images 
to ensure geometric consistency. As shown in Fig. 4, for the 12 
November 2019 event (video “V2a”), a piece of debris was tracked be
tween frames 88 and 126, resulting in a displacement of 5.58 m over 38 
frames at 30 fps. A similar procedure was followed for the 2 July 2024 
event (video “V4”), tracking another object between frames 22 and 52. 
The entire dataset of the benchmark estimations for each video is pre
sented in Table 2.

4. Results

In this section, the results of the application of Fudaa-LSPIV in the 
case study of Matera and its comparison with SSIMS-Flow and bench
mark data across all events and videos are presented. Fig. 5 shows box 
plots representing the surface velocity distribution of both the image 
velocimetry software and the benchmark punctual data in each video 
across all flood events. Each box plot is based on 20 data points collected 
along the corresponding transect lines for each event. The variability 
observed in these plots indicates the spatial distribution of surface flow 
velocities. As shown in Fig. 5, the estimated velocities of each event were 
different becoused influenced by several parameters such as natural 
tracers, local channel geometry of street (width, obstacles, etc.), rainfall 
intensity, depth of flow, and morphological conditions. The rainfall in
tensity is most crucial variable, as its duration and peak strongly influ
ence the generation of higher flow velocities. This was observed in the 
videos “V2a, V2b, and V3” from 2019 and 2023 events, where the high 
rainfall intensity (36.2 and 42.4 mm/h) generated velocities reached 
6.5 m/s, while the moderate rainfall intensity (33 and 26.2 mm/h) in the 
video “V1, V6 and V7” from 2018 and 2024 events produced the ve
locities up to 4.5 m/s. The low rainfall in the videos such as “V4 and V5” 
from 2024 events caused the lower velocities. In addition, the width of 
channels also influenced the velocity distribution, as observed in the 
videos “V6 and V7” from the 2024 event, whose effective widths (2.9 
and 4.5 m) produced the higher velocities up to 4.5 m/s even with 
moderate rainfall intensity. This detailed comparison provides insights 
into the performance of image velocimetry method and clearly repre
sents the spatial heterogeneity of the velocity fields across the street. 
Fudaa-LSPIV demonstrated strong adaptability, maintaining reliable 
performance even when low-resolution and highly shaky video footage 
were used. In addition, it exhibited effective results without adding 
tracers to improve the assessment. Finally, the Fudaa-LSPIV produced 
results very close to both the SSIMS-Flow and benchmark data, indi
cating its successful applicability.

Due to the large number of events analyzed, this study focuses on 
four representative videos selected for a detailed description of the re
sults. In both cases, four videos were selected, two recorded during the 
2019 flood event and two recorded during 21 July 2024 flood event in 
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different locations and perspectives, enabling a comparative analysis 
under distinct visual and environmental conditions.

The videos of 12 November 2019 were recorded at two different 
positions in the upper part of the “Via Buozzi” street in the “Sasso 
Caveoso” urban watershed. The daily cumulative rainfall was approxi
mately 77 mm, with 80 % of the rainfall occurring within 2 h, resulting 
in significant surface runoff on the streets, which caused considerable 
damage to the city. The event of 21 July 2024 was shorter but less 
intense with a maximum hourly rainfall around 26 mm, resulting in a 
lower water level along the road. The main information on all the 
extreme rainfall events, video locations, and data sources is available in 
Table S1. The 2019 videos, retrieved from online web platforms, were 
characterized by low resolution (294 × 242 of video “V2a” and 182 ×
274 of video “V2b”), highly shaky and suboptimal stabilization, and a 
more oblique viewing angle (see Tables 1 and S1). These conditions 
represent the common challenges in uncontrolled, citizen-generated 
footage. Conversely, the 21 July 2024 event was captured at a higher 
resolution (1464 × 892 of video “V4” and 672 × 504 of video “V5”) 
under more controlled conditions, with one of the videos taken from a 
near-nadir angle and a more stable view of the flow area.

In particular, for the video “V2a” from 12 November 2019, the 
author utilized the pre-recorded video and computed the surface ve
locity of flow using both Fudaa-LSPIV and SSIMS-Flow software, as 
shown in Fig. 6(a), with the dashed line denoting the transect line. Three 
transect lines, T1, T2, and T3, were employed in the region of interest 
and captured the comprehensive velocity distribution of this event. As 
shown in Fig. 6(a), both software exhibited similar patterns of surface 

velocity fields within the area of interest. Moreover, significant runoff 
was observed along the right edge of the street, where both software 
presented higher velocity values, whereas the left edge indicated a 
relatively lower velocity field. The high velocity magnitude along the 
street was due to the steep slope and roughness of the porous calcarenite 
rock of the street pavement that offers a very low resistance to the flood 
water in that area, which increased the flow velocity intensity. However, 
since the paved surface is uniform on the both sides of the street, the 
contrasting velocity distribution patterns mainly depends on the curved 
geometry of the road. In these curved sections, the strongly supercritical 
flow experiences lateral shifts due to interactions with buildings, side
walks, and lateral slope of the terrain. In the Fig. 6(a), the flood flows 
shifted towards the right edge of the street, where the higher velocities 
were observed. This is confirmed by the velocity distribution across the 
transects shown in Fig. 7(a). The graph illustrates the relationship be
tween the average cross-sectional surface velocity at each point (y-axis) 
and the measured distance between them (x-axis). This was used to 
assess the accuracy and consistency between the two software. Ac
cording to Fig. 7(a), the results from both software showed similar 
trends, with a peak at approximately 4–5 m/s, located near the right 
edge of the street. The results also demonstrated a strong agreement 
between two software, with a correlation coefficient (R) of 0.83, a mean 
absolute error (MAE) of 0.97 m/s, and a root mean square error (RMSE) 
of 1.23 m/s. The values of these error metrics are influenced by border 
effects along the street, which lead to discrepancies in the aggregated 
velocity estimates produced by the two software tools. This discrepancy 
is particularly evident in the transect “T1” of video “V2a,” as shown in 

Fig. 4. Benchmark surface velocity estimation for (a) the video “V2a” from the 12 November 2019 event and (b) the video “V4” from the 02 July 2024 event, derived 
from feature tracking (highlighted in yellow circles) by obtaining the coordinates from the initial and subsequent frames. The original videos and their description are 
shown in Table S1. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6(a).
Moreover, two benchmarks (V2a-D1 and V2a-T1) were acquired for 

this event (Fig. 5b), one from the left edge with a velocity of 4.4 m/s and 
the other from the right edge of the street with 6.6 m/s, which enhanced 
the analysis of velocity variability across the street. The median value of 
the Fudaa-LSPIV was 4.37 m/s, which aligned with benchmark 1 (V2a- 
D1), whereas benchmark 2 (V2a-T1) was close to the maximum 
observed velocity. In contrast, the median value of SSIMS-Flow was 
3.13 m/s, which was lower than both benchmarks 1 (V2a-D1) and 2 
(V2a-T1), highlighting the underestimation of the surface velocity 
compared to the benchmark data. Fudaa-LSPIV exhibited lower vari
ability in terms of close first and third quartile values of velocity values 
than SSIMS-Flow, leading to more stable velocity assessment (Fig. 5b).

In video “V2b” from the 12 November 2019 event, the maximum 
surface velocity was approximately 6.53 m/s with Fudaa-LSPIV and 7 
m/s with SSIMS-Flow. High flow was observed in the middle of the 
street, as indicated by the results of both software shown in Fig. 6(b). 
Furthermore, the average surface velocity of the three transects was 
analyzed along the distance from one edge of the street to the other, as 
shown in Fig. 7(b). Each transect line presented a peak of velocity 
magnitude between 3 m/s and 4 m/s. Generally, the Fudaa-LSPIV 
closely followed the SSIMS-Flow, considering a reasonable agreement 
in the water velocity increasing from the left edge of the street to the 
middle of the street. This agreement is further supported by the high 
correlation between the two software, with an R value of 0.83, a MAE of 
0.84 m/s, and a RMSE of 1.15 m/s. If we exclude the last points of the 
transects at the street borders, the error values would decrease. How
ever, we present the actual error values because we believe that it 
provides valuable insight into the magnitude of velocity differences in 
real-world conditions, aiding readers in understanding the data more 
comprehensively. Two benchmarks (V2b-D1 and V2b-T1) were identi
fied: one with a velocity of 4.4 m/s on the left edge and the other with a 
velocity of 6.6 m/s on the right edge of the street. The median value of 
the Fudaa-LSPIV was 4.39 m/s, which aligned with benchmark 1 (V2b- 

D1), whereas the maximum velocity was closer to that of benchmark 2 
(V2b-T1). These results are in close agreement also with SSIMS-Flow, 
which median value was 4.09 m/s, which was slightly lower than that 
of Benchmark 1 (V2b-D1), and its maximum velocity was also more 
closely aligned with that of Benchmark 2 (V2b-T1), as shown in Fig. 5
(c).

The remaining two videos were recorded on 21 July 2024 and were 
captured at two different locations in the middle of “Via Buozzi street”. 
These videos were both quite stable and had good resolution but 
featured different camera angles (Fig. 8). The measurements from these 
locations provided insights into the velocity distribution across the 
entire street, allowing further validation of the proposed approach used 
in this analysis. For the video “V6” from the 21 July 2024 event, the 
recorded video was used to analyze and estimate the surface velocity of 
the flow by employing Fudaa-LSPIV and SSIMS-Flow software, as shown 
in Fig. 8(a), with the dashed line denoting the transect. A single transect 
was drawn to highlight the average cross-sectional surface velocity at 
each point in the graph, as shown in Fig. 9(a). The maximum surface 
velocity during this event was 4.5 m/s with Fudaa-LSPIV and 5 m/s with 
SSIMS-Flow, respectively. The measurements from both software indi
cated that the highest surface flow velocities were observed in the 
middle of the street, as shown in Fig. 8(a). Indeed, the peak of velocity 
magnitude from both methods was observed between 2 m/s and 3 m/s 
along the transect line, indicating consistency in the estimations (Fig. 9
(a)). Furthermore, both software indicated a strong correlation with an 
R value of 0.74, a MAE of 0.55 m/s, and a RMSE of 0.68 m/s. The main 
discrepancy between them is evident on the right edge of the street close 
to the sidewalk. A single benchmark (V6-D1) was detected in this event 
with a measured surface velocity of 4.17 m/s as shown in the Fig. 5(g). 
SSIMS-Flow exhibited a median velocity of 4.05 m/s, which was very 
close to the benchmark data, whereas Fudaa-LSPIV had a median value 
of 3.60 m/s, which was slightly lower than the benchmark data. Addi
tionally, the Fudaa-LSPIV produced a reduced variation in the range of 
values compared to SSIMS-Flow.

For the video “V7” from the 21 July 2024 event, the maximum ve
locity was recorded as 2.92 m/s using Fudaa-LSPIV and 3.0 m/s using 
SSIMS-Flow, respectively. Both the software present similar represen
tation of velocity distribution along the road: Figs. 8(b) and 9(b) show 
that most of the flow with higher velocities was primarily observed at 
the right edge of the street, and then it decreased towards the left edge of 
the street. Both software showed the satisfactory correlation, with an 
MAE value of 0.48 m/s, R of 0.56, and a RMSE of 0.52 m/s. The lower 
value of R compared to other analyzes is observed because of the strong 
discrepancy in the velocity estimation of the two software along the 
street edges. Indeed, the velocity values in the middle of the street were 
highly correlated, as shown in the Fig. 9(b). Moreover, two benchmarks 
(V7-D1 and V7-D2) were identified in this event (see Fig. 5(h)): one with 
a surface velocity of 2.44 m/s and the other with a velocity of 2.60 m/s. 
According to the results, the median value of the Fudaa-LSPIV was 2.45 
m/s, and the values of the first and third quartiles were 2.32 m/s and 
2.57 m/s, respectively, which closely aligned with both benchmark 
datasets (Fig. 5(h)), indicating its accuracy.

5. Discussion

The results demonstrate that Fudaa-LSPIV and SSIMS-Flow can 
extract meaningful hydrodynamic information from real-world, uncon
trolled video footage despite variability in quality, framing, and envi
ronmental conditions and different durations, intensities and 
consequences of the flood events. Velocity fields were derived along 
multiple transects, and both methods showed similar spatial distribu
tions for each event, with R values ranging from around 0,6 to 0,9. The 
outputs were generally consistent with the benchmark measurements. 
For example, during the video “V2a” of the 2019 event, Fudaa-LSPIV 
yielded a median velocity of 4.37 m/s, which closely matched the 
reference value, whereas SSIMS-Flow underestimated it at 3.13 m/s. 

Table 2 
Benchmark dataset measurements using tracked features for each video cate
gorized by events.

Event 
date

Video 
ID

Tracked 
features 
(with ID)

Start 
frame

End 
frame

Distance 
(m)

Velocity 
(m/s)

08/24/ 
2018

V1 Debris (V1- 
D1)

100 135 4.629 3.97

12/11/ 
2019

V2a

Debris (V2a- 
D1) 88 126 5.58 4.40

Trash can 
(V2a-T1) 1 35 7.7 6.66

V2b

Debris 
(V2b-D1)

88 126 5.58 4.40

Trash can 
(V2b-T1)

1 35 7.7 6.66

02/06/ 
2023 V3

Trash can 
(V3-T1) 384 418 10.2 4.23

02/07/ 
2024

V4

Debris (V4- 
D1) 9 64 4.13 2.23

Debris (V4- 
D2)

108 166 4.13 2.15

Debris (V4- 
D3)

155 211 4.13 2.27

Debris (V4- 
D4) 218 273 4.13 2.31

Leaf (V4-L1) 349 420 4.7 2.05

V5
Debris (V5- 

D1)
86 141 4.89 1.74

21/07/ 
2024

V6 Debris (V6- 
D1)

69 87 2.5 4.17

V7

Debris (V7- 
D1) 300 355 4.37 2.60

Debris (V7- 
D2) 303 361 4.37 2.44
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Similar trends were observed in the second part of this event. In the 
video “V6” of the 21 July 2024 event, Fudaa-LSPIV produced a median 
of 3.60 m/s, slightly below the benchmark, whereas SSIMS-Flow esti
mated 4.05 m/s —very close to the reference. The second video “V7” 
from that date showed strong agreement for both tools, with Fudaa- 
LSPIV returning a median value of 2.45 m/s.

The deviation in the velocity distribution, discrepancy with bench
mark data, and more or less correlation between the two image 

velocimetry software can be explained in part by the characteristics of 
the available videos and flood events. Footage from 2019 and 2023 was 
affected by camera shake, low contrast, and visual obstructions, and 
high rainfall intensity. The 2018 video is similarly characterized by a 
low resolution and distant viewpoint. This can limit the alignment of 
both software with the benchmark and/or increase the range of varia
tion in the velocity distribution; however, both software present high 
correlation values. Conversely, videos recorded in 2024 were more 

Fig. 5. Box plot representing the surface velocity discrepancies between the image velocimetry software and benchmark data using tracked features of each video 
across all events: (a) V1, (b) V2a, (c) V2b, (d) V3, (e) V4 (f) V5 (g) V6, and (h) V7.
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stable and of higher quality, contributing to better alignment with 
benchmark data, but the lower water depth can increase the discrepancy 
between the two software in the boundary flood and no flood. These 
results confirm that video characteristics, particularly resolution, sta
bility, and visibility of flow features, play a crucial role in the reliability 
of image-based velocimetry outputs [63,23].

Among the two methods, Fudaa-LSPIV exhibited greater consistency 
under challenging environmental conditions. Its correlation-based 
image velocimetry algorithm proved effective in detecting visible 
tracers, such as debris, ripples, and surface textures. SSIMS-Flow, which 
relies on dense optical flow, was more sensitive to illumination changes 
and noise but performed well when applied to high-quality footage. 
These observations align with previous studies that demonstrated the 
feasibility of using LSPIV and optical methods on non-professional or 
opportunistic videos [22,29,30]. In this study some limitations should 
be acknowledged. SSIMS-Flow was applied only to the stabilized and 
orthorectified images produced by Fudaa-LSPIV, bypassing its own 
preprocessing capabilities. Although this ensured a fair comparison 
focused solely on velocity estimation, it restricted the evaluation of 

SSIMS-Flow as an independent tool. In addition, all parameters were 
manually selected, introducing subjectivity into the process. Moreover, 
the dataset analyzed did not include nighttime or highly turbid floods, 
which represent challenging conditions for image velocimetry. In low- 
light scenes, tracer visibility may be reduced even under IR illumina
tion, while turbidity can suppress surface contrast. Potential solutions 
include the use of near-IR or thermal cameras to improve tracer/features 
detectability [22,64,65]. The pilot experimentation on a heterogeneous 
urban site therefore provides a proof-of-concept and a starting point for 
future fixed-camera installations in other locations, with potential ap
plications to real-time flood monitoring and early-warning systems.

From a practical perspective, the ability to estimate flow velocity 
using post-event, non-intrusive video footage offers a valuable oppor
tunity for urban flood analysis, particularly in areas lacking permanent 
monitoring infrastructure. Moreover, these flow estimations offer an 
important insight into the implications of flood hazards for public and 
their vehicles safety. According to [66]), when the flow velocities in 
urban areas exceed 1.75 m/s, the people can swept away even with 
15–20 cm water depths, as observed in the analyzed videos. The vehicles 

Fig. 6. Surface velocity maps for the videos (a) “V2a” and (b) the “V2b” of the 12 November 2019 event using the two software; nn. 1, 2, 3, and 4 represent the GCPs.
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may become unstable or swept away when the flow velocities exceed 
approximately 5.0 m/s at a water depth of around 20 cm, as mentioned 
in [67]. Particularly, this study estimated the high velocities in some 
videos of up to 6–7 m/s, which pose a significant risk for pedestrian of 
being swept away or toppled, while the vehicles may be displaced from 
their current positions or lose traction. These findings can underscore 
the hazard of low-depth and high velocity flows as well as enhancing the 
public risk awareness. Consequently, this analysis can support civil 
protection efforts in identifying high-risk zones, evaluating safety 
thresholds for people and vehicles, and designing early warning systems. 
In areas lacking of monitoring infrastructure, the case of Matera un
derscores this potential: high tourism and pedestrian activity increased 
the likelihood of floods being recorded, enabling a passive and distrib
uted data collection strategy.

Future studies should prioritize the automation of parameter tuning, 
the use of standardized protocols for video acquisition, and integration 
with fixed camera systems for real-time monitoring. The creation of 
benchmark datasets with continuous velocity profiles would also 
enhance the validation of image-based velocimetry techniques and nu
merical flood models. Ultimately, incorporating these tools into opera
tional flood monitoring platforms could significantly improve 
preparedness and emergency responses in urban areas.

6. Conclusion

This study assessed the applicability of image-based velocimetry 
methods, Fudaa-LSPIV and SSIMS-Flow, for estimating surface flow 
velocities during urban flood events using citizen-recorded and publicly 
sourced videos. The primary goal was not to identify the most precise 
velocity estimation software but to propose a comprehensive approach 
leveraging Fudaa-LSPIV’s capability to produce continuous measure
ments along transects, enabling a detailed spatial analysis of surface 
velocities in complex urban settings.

Specifically, SSIMS-Flow was applied to frames derived from Fudaa- 
LSPIV outputs rather than the original imagery, serving as a comple
mentary step mainly for optical flow-based velocity computation. 
Although SSIMS-Flow showed higher sensitivity to visual noise and 
instability, it delivered results comparable to Fudaa-LSPIV in high- 
quality videos, confirming its value as a validation tool.

Punctual measurements obtained via the "Float method" served as 
benchmark data, reinforcing that both tools can extract meaningful 
hydrodynamic information from the real-world footage.

These findings demonstrate the robustness and reliability of the 
proposed approach, providing a practical framework for surface velocity 
estimations in urban flash flood scenarios. This study highlights the 

Fig. 7. Average cross-sectional surface velocities for videos (a) “V2a” and (b) the “V2b” of the 12 November 2019 event along transects, analyzed using the 
two software.
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potential of utilizing citizen footage not only for post-event analysis but 
also for increasing flood risk awareness and aiding model calibration in 
data-scarce environments.

Overall, this work offers a practical, low-cost, and non-intrusive 
methodology for integrating unconventional video sources into urban 
flood hazard assessments. The datasets generated also serve as valuable 
resources for calibrating and validating urban flood models, thereby 
enhancing risk assessment and management, especially in urban con
texts and heritage city.
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