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Abstract

Identifying areas that frequently experience post-rainfall ponding is essential for effec-
tive flood mitigation and planning. This study integrates Sentinel-1 radar imagery and
the Topographic Control Index (TCI) to identify 378 flood-prone urban depressions in
Beaumont, Texas. Out of 159 major rainfall events, only six had Sentinel-1 radar imagery
acquired within six hours of peak rainfall, and these were used to generate the flood fre-
quency map; the ground-based flood sensor data were used to verify that these selected
events corresponded to actual peak rainfall and to validate radar-detected water pixels.
Validation results showed 100% precision, 70.87% recall, an F1-score of 82.95%, and 71.32%
overall accuracy. Approximately 84% of medium-to-high TCI depressions overlapped
with Beaumont’s two-year inundation map, confirming a strong relationship between
TCI and observed flooding. A total of 124 depressions retained significant water, and
after excluding 25 engineered detention ponds, 99 natural depressions remained flood
vulnerable. Among these, 74 depressions with medium or high TCI were identified as the
highest-priority nuisance flooding hotspots. The results demonstrate that combining TCI
with radar imagery provides a reliable and cost-effective approach for identifying areas
prone to frequent urban ponding. This framework supports practical decision-making for
drainage improvements, hotspot identification, and early-warning system development in
urban flood-prone regions.

Keywords: nuisance flood; Topographic Control Index; Sentinel-1 radar imagery; depres-
sion area; flood frequency; natural hazard; early warning systems

1. Introduction

Flooding, both major and minor, is one of the most devastating natural disasters glob-
ally, impacting millions of people annually. Flooding impacted approximately 31.15 million
people in 2020 alone, causing 5275 deaths and $567.59 million in losses in the United States
as a result of small flooding events [1]. While major floods receive significant attention
because of their catastrophic impacts, nuisance flooding, characterized by localized and
frequent inundations, remains understudied despite its potential to cause cumulative
economic losses over time [2]. Such flooding disrupts daily activities, damages urban
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infrastructure, and imposes long-term costs on municipalities [3]. Investigating urban
pluvial nuisance flooding is important to aid in mitigating these losses, particularly in
urban areas where frequent flooding poses ongoing challenges.

Nuisance flooding thresholds are primarily defined by flood depth, exceedance prob-
ability, and elevation above the Mean Higher High Water (MHHW) mark [3-5]. Studies
emphasize that rain events resulting in inundation depths between 3 cm and 10 cm are
generally classified as nuisance flooding, aligning with safety and property damage con-
siderations [2]. In addition, thresholds such as a 50% probability of exceedance and flood
elevation of 0.3 m over MHHW are regionally significant, as observed in Texas [6]. Employ-
ment of these thresholds in this work ensures compliance with approved guidelines like
the American Association of State Highway and Transportation Officials (AASHTO) [7],
specifying a maximum depth of ponding of 10 cm for parked vehicles.

Flood mapping techniques increasingly rely on remote sensing data, including optical
and Synthetic Aperture Radar (SAR) imagery, for better accuracy and to complement tradi-
tional hydrologic models, which need high computational resources and inputs. Optical
sensors, such as Landsat and Moderate Resolution Imaging Spectroradiometer (MODIS),
provide multispectral data over a long temporal span but are limited by weather condi-
tions, particularly cloud cover [8,9]. SAR systems overcome these limitations by offering
reliable performance under all weather and lighting conditions, making them particu-
larly effective for urban flood mapping [10-13]. Flood maps are initially derived from
SAR imagery through techniques such as thresholding of backscatter values (—13.4 dB
to —32.96 dB), supervised machine learning classification, and unsupervised machine
learning classification [12-14]. When these outputs are further integrated with topographic
indicators such as the Topographic Wetness Index (TWI), Topographic Control Index
(TCI), flood detection accuracy is enhanced, particularly in urban depressions with limited
drainage capacity [14-16].

The East and Gulf Coasts of the United States are highly vulnerable to nuisance flood-
ing due to different factors such as flat topography, geology, and rising sea levels [5,6,17].
While most of the recent research has focused on the northeastern U.S., regions like South-
east Texas, including Beaumont, remain underexplored even though it is socio-economically
vulnerable to flooding. Beaumont, a coastal city with 112,193 residents [18], experiences
frequent nuisance flooding due to its flat terrain, proximity to the Gulf of Mexico, and high
average rainfall in June (18.28 cm). Beaumont, with an average elevation of 6.10 m (20 feet)
and a well-developed drainage network monitored by flood sensors, is a good candidate to
study urban pluvial flooding [19].

This study aims to identify hotspots prone to flooding in Beaumont, Texas, and assess
water pixel concentrations in urban depressions by integrating radar imagery, ground
sensor data, and the TCI. The study evaluates the relationship between TCI and water
pixel density while incorporating Parameter-elevation Regressions on Independent Slopes
Model (PRISM) rainfall data and European Space Agency radar datasets for known wet
days between 2014 and 2024. This research offers a novel approach to identifying vul-
nerable regions in Beaumont, TX, by delineating high-frequency pluvial flood maps and
calculating TCI for areas with poor drainage to improve flood mapping accuracy. The TCI
identifies flood-prone depressions by considering slope, contributing area, and inundation
volume, which affect runoff velocity, flow direction, and flooding potential [15,20]. The
study also emphasizes the importance of accurate flood mapping and hotspot identifi-
cation to mitigate frequent flooding impacts, especially as urban areas face increasing
flooding frequency (Figure 1).
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Figure 1. The study Framework for driving TCI and Generating Hotspots.

The objectives of this study are:

e  To show the applicability of Sentinel-1 radar imagery to generate a flood frequency map.
o  To detect flood hot spots by integrating radar imagery and TCI evaluated depression areas.

Study Area

Beaumont, a coastal city near the Gulf of Mexico located in Southeast Texas, offers a
strategic location due to its well-developed drainage network and the availability of flood
sensors. This city, with a population of 112,193 people as of 2023, experiences an average
monthly high temperature of 33.9 °C in August and an average monthly low temperature
of 5.6 °C in December and January. The city is located on the western bank of the Neches
River, with an average elevation of 6.10 m. June is the wettest month in Beaumont, with an
average monthly precipitation of 182.8 mm, and April is the driest month, with an average
monthly precipitation of 74.2 mm. The city’s flat topography, the strategic placement of
sensors by the Southeast Texas Flood Control Division and Jefferson County Drainage
District 6 (DD6) in critical areas, and a developed drainage and ditch network further
enhance its suitability as a study site. By focusing on Beaumont, this research seeks to fill a
critical data gap in the region while demonstrating the potential of satellite-based methods
in improving the accuracy of nuisance flood mapping (Figure 2).
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Figure 2. Study area—Beaumont, Texas.

2. Materials and Methods

The main objective is to use the TCI, which was derived from topographic analysis
together with water pixel concentrations, and the flood frequency map derived from Radar



Water 2025, 17, 3500

40f17

image analysis, to determine the area of concern for frequent flooding. Statistical analysis
to find the relationships between the TCI and water pixel concentration and the flood
frequency map.

2.1. Topographic Analysis to Generate TCI

A 1m LiDAR Digital Elevation Model (DEM) for Beaumont was downloaded from the
Texas Natural Resources Information System (TNRIS) [21,22] and mosaiced. The DEM was
clipped to the city boundary and processed using ArcGIS Pro 3.0.0’s general fill tool. De-
pressions were identified by subtracting the original DEM from the filled DEM. Afterwards,
the depressions were reviewed and only depressions > 12,000 m? with depths > 10 cm
were included, yielding 378 depressions. Using the D8 algorithm in ArcGIS Pro 3.0.0, flow
direction, accumulation, and watershed boundaries were determined (from the outlet point
of depression), along with the average slope of catchments (Figure 2). Inundation volumes
were estimated for depressions at 10 cm depth to calculate the TCI (Equation (1)):

RxAxﬁ)

- ®

TCI = Ln <
where R is the unit inundation water depth (generally 1), A is the catchment area of the
depression, S is the average slope, and V is the ponding volume [20]. Figure 3 is an example

of a depression area plan view and section from A to A’, and area B is the portion potentially
inundated to 10 cm.

Cross-section at A-A'

[ catchment _ R+AXVS. X
1 Flow Accumulation TCI=Ln(—=) , where:
1 Depression A = Catchment Area
@ Outlet Point S = Average slope excluding the slope in depression = }'S,/n

V = Inundated volume. For depth 3cm volume below Hqcn, and for depth 10
cm volume below Hoem

Figure 3. Visualization of Catchment Area and Slope in TCI Calculation.

2.2. Radar Image Analysis for Water Pixel Detection

To identify water pixels based on Radar imagery, a rainfall analysis should be con-
ducted to find the most suitable image based on the wet days and time. To identify
wet days, a comparison was made between PRISM precipitation data and the current
water stage sensors. Based on the precipitation data from PRISM, only those days
were selected in which there was also a water level rise in the available ground flood
monitoring sensors (Algorithm 1).

Daily precipitation data from Parameter-elevation Regressions on Independent Slopes
Model (PRISM) Climate Group (14 June 2014 to 6 July 2024) were collected at a 4 km
resolution across 18 grids covering the city to analyze frequent flooding in Beaumont,
Texas. Rainfall was categorized into four thresholds (<3 ¢m, 3-10 cm, 10-20 ¢cm, and
>20 cm in 24 h), with 3-10 cm events defined as significant for further analysis. Radar
images corresponding to these rainfall events were downloaded from the Alaska Satellite
Facility’s webpage [23].
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In addition, the city of Beaumont has installed several flood monitoring sensors within
the city area [19]. Water elevation data from these sensors can be found at SETX Rain.
This information was used to further assess the six days during which the radar images
were valid by seeing if at least one of the flood sensors in Beaumont’s five regions (North-
East, South-East, South-West, North-West, and Central) recorded a significant stage rise
on those days.

Finally, a total of six wet dates that meet these criteria were selected and compared
with dry days for generating a water pixel concentration map. After selecting the dates,
radar images from Sentinel-1A C-band Interferometric Wide (IW) Swath Ground Range
detected High-Resolution data (GRDH) were processed using the European Space Agency’s
Sentinel Application Platform (SNAP) software (Version 9.1) [24] and GIS tools [14,25]. The
orbit file was used initially for precise geocoding so that the satellite position and velocity
information were accurate at the time of image acquisition. The data were then subset
to the Beaumont extent, and a land-sea mask limited the image to the city’s boundaries.
Radiometric image calibration normalized backscatter values using an absolute calibra-
tion constant during Level 1 product generation. Speckle filtering followed, using a Lee
filter (3 x 3) to remove noise caused by out-of-phase wave interactions. Range Doppler
Terrain Correction addressed geometric distortions from viewing angles and high-rise
structures [26,27]. Afterward, land elevation data (SRTM 1 sec HGT) were incorporated,
and a band equation (Sigma0_VV < 0.05 & elevation < 10) was applied to extract regions
below 10 m with low backscatter. The process was repeated for dry days, and a raster
calculator in QGIS [28] subtracted dry-day data from wet-day data, identifying water pixels
only present on wet days (value = 1). This method was applied to six events, and the results
were aggregated into a flood frequency map.

Algorithm 1. Wet day selection algorithm

Select rainy days from the precipitation dataset.
Check whether those rainy days also show a water-level rise in ground flood
monitoring sensors.

e Ifyes — proceed.
e Ifno — discard.

For the remaining days, check whether radar imagery is available.

e Ifradar imagery exists — keep the date.
e Ifnot — remove the date.

Ragdar Imagery Validation

To verify the accuracy of the Sentinel-1 radar-derived flood maps, ground-based
water level sensors were used. A 20 m x 60 m rectangular buffer was generated around
each sensor, and the presence of water pixels inside this area during each wet event was
compared with the sensor’s stage data. Classification was defined as follows:

True Positive (TP): at least one water pixel is detected and the sensor stage > 0.
False Positive (FP): water pixels are detected, but the sensor stage < 0.

False Negative (FN): no water pixels are detected, but the sensor stage > 0.

True Negative (TN): no water pixels are detected, and the sensor stage < 0.

Using these outcomes, precision, recall, F1-score, and accuracy (Equations (2)—(5))
were calculated to quantitatively assess radar performance. These metrics range from 0 to 1,
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with higher values indicating better agreement between radar-detected water presence and
ground sensor observations:

Precision = (TPT—fFP) % 100 (2)
Recall = (TPT‘}-PFI\T) x 100 3)
. o
Accuracy = (TP + g;irgg_*_ FN) x 100 (5)

where TP = True positive (correctly detected water pixels), TN = True negative (correctly
detected non-water pixels), FP = water pixels in the flood map but non-water pixels in the
sensor, and FN = non-water pixel in the flood map but water pixels as observed pixels.
Although metrics like root mean square error and average difference are available for
accuracy assessment, they become less informative as they measure squared error rather
than true positives and true negatives. Thus, the four selected metrics can be considered
for accuracy evaluation.

2.3. Statistical Analysis

After generating the map of depressions with their respective TCI indices and devel-
oping a flood frequency map, the intensity of flood occurrence inside and outside of all
depressions is statistically discussed to understand the relation between the TCI and flood
frequency map and the relation between the water pixel concentration inside and outside
of depressions (Equation (6)):

. . Nwater )
Water Pixel Concentration = x 100 6
(Nwater + Nnon water ( )

where

®  Nyater = number of water pixels detected in the radar image;
®  Npon—water = Number of non-water pixels in the radar image.

Two non-parametric methods were employed for statistical analysis: Friedman test
(Equation (7)) and the sign test (Equation (8)) [22-24]. Non-parametric methods were chosen
because the pixel data were skewed, with an unknown distribution, unequal variances,
and potential outliers, conditions under which parametric tests requiring normality are
not suitable [28,29]:

2 &
i ' icient = | ————Y R?| — 1 7
Friedman’s Coefficient (nk k1) ]; ; ) 3n(k+1) @)

p —value =2 x P(X < x)

PX < x) = Ty ()05 ®

where x is the smaller of the positive and negative differences and n is the number
of observations.

The Friedman test (Equation (7)) is a non-parametric alternative to ANOVA for ana-
lyzing mean rank differences in more than two dependent groups. The sign test is a non-
parametric approach used when t-test conditions are unmet [30]. It evaluates the statistical
significance of a distribution assumption [30]. These tests are conducted at a chosen signifi-
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cance level, and conclusions are drawn based on the p-value. While the Friedman test may
be utilized in multiple groups, the sign test may be utilized in a two-group comparison.

3. Results and Discussion
3.1. Topographic Result

A total of 378 depressions were identified, filtered by areas > 12,000 m? and depth of >10 cm.
The TCI was categorized into Low, Medium, and High groups based on the mean (11.21) and stan-
dard deviation (2.86) of the TCI values. Depressions with “TCI < mean — standard deviation”
were classified as Low, and the “TCI > mean + standard deviation” were considered as
High TCI, and the rest as Medium TCI. The TCI map was compared with Beaumont’s
two-year flood inundation map. Among the identified depressions, 86 were outside the
study zone of the two-year flood inundation map. Of the 292 depressions within a flood
depth range of 3-10 cm, 246 (84.25%) overlapped with the inundation map. Figure 4
illustrates these overlaps, including a zoomed section showing Medium TCI depressions
with and without overlap. The comparison highlighted a strong correlation between TCI
values and areas with water inundation of 3-10 cm, confirming the TCI's effectiveness in
identifying flood-prone areas.

(1 Beaumont Boundary

TCI

Low
Medium
B High

I 1hundation 3cm —10cm )

Figure 4. TCI Map Overlaying the Existing Inundation Map with Depth 3 cm-10 cm.

3.2. Flood Frequency Mapping Using Sentinel-1 Radar Imagery

Water elevation (stage) data from flood monitoring sensors were analyzed to under-
stand the relationship between peak water levels and those at Sentinel-1 image acquisition
times, along with the time elapsed between these events. Table 1 highlights the average
time difference and the average percentage change in water levels (Equation (9)) at image
acquisition time:

Hyear — H
% Change in Water Level = (pmkacq> x 100 )
Hpeak
where

e  Hpe = peak (maximum) water level during the event;
e  Hjyy = water level at the radar image acquisition time.
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Table 1. Properties of the radar image in comparison with the peak of rainfall events.

o, s .
Wet Dates Mean Delta T (h) Mean % Change in  Number of Active

Water Levels (%) Sensors
19 April 2016 10.11 10.95 11
20 January 2017 6.01 8.67 6
16 June 2021 4.37 13.79 16
10 July 2021 4.26 10.89 19
25 January 2023 6.31 38.27 39
12 June 2024 2.99 17.03 38

The average time difference was 5.7 h, and the average percentage difference was
16.6%. Table 1 presents data from active water level sensors for six wet days in Beaumont,
revealing a significant increase in the number of sensors recording stage data after 2021.
Some sensors failed on wet days, reducing the number of active sensors. Observations
indicate that radar images were generally acquired within 6 h after peak depth was ob-
served, with the water level 16% lower than at peak time. Only six images were taken on
the same day near the peak of 159 flooding events (3—10 cm rainfall in 24 h) from 2014 to
2024, resulting in a low data acquisition rate (<4%).

Water pixel maps prepared from radar images for six rainfall events are shown in
Figure 5. All six events were combined, and a frequency map was generated and shown
in Figure 6. The pixels that only have 1 water pixel are considered low, 2 water pixels
overlapping are medium, and 3 or more water pixels overlapping are considered high
frequency in this study. The frequency map shows that western Beaumont experiences
more pluvial flooding than the eastern side. Southern Beaumont faces more flooding events
compared to the north.

N N N

[ Boumont [ Boumont [ Boumont
I Water Pixels I Water Pixels I Water Pixels

@)

(b) (©)

] Boumont ] Boumont [ Boumont
I Water Pixels I Water Pixels I Water Pixels

(d)

(e) ()

Figure 5. Radar images for six significant rainfall events. (a) Flood Map of 12 June 2024; (b) Flood
Map on 25 January 2023; (c) Flood Map of 10 July 2021; (d) Flood Map on 16 June 2021; (e) Flood Map
of 20 January 2017; (f) Flood Map on 19 April 2016.
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Figure 6. Flood frequency map of Beaumont, TX.

3.2.1. Validation of Radar Imagery Using Sensors

] Beaumont Boundary

Flood Frequency

B Low
Medium

I High

The flood maps were validated using a network of 49 water level sensors (as of 2024)
installed by Drainage District 6 (DD6) and the Southeast Texas Flood Control District [19].
Validation was performed using four metrics: precision, recall, Fl1-score, and accuracy
(Equations (1)—(4)). Sensor readings were classified as True Positive, True Negative, False
Positive, and False Negative. No false positives were observed in the study.

The sensor named St. 2500, with a stage of 8.29 ft and water pixels in the standard
rectangle (20 m x 60 m), was classified as True Positive. Sensor St. 2400, with a stage of
6.22 ft but no water pixels in the standard rectangle, was a False Negative. Sensor BM04,
with a stage of 0 ft and no water pixels in the rectangle, was classified as a True Negative.

Figures 7-9 illustrate these results.

N

x4
'; v "'/55_’19_9@ BM04@ [ Beaumont Boundary
/st 2abo @B, fe Standard Rectangle 20m x 60m
Ay g 1\ BM29 Beaumont Ditches
St 1RO @eMoa | SLAB00 s N
@t 21200, @ ) Beaumont Sensors
Tigy 2600 s eBM?h““**S- Wet Days
700, st.3700_, [ ]No water
¢ 00g B2 —@em2 :
stz300 M7 g it 2400 I Water .
b S = BII02 )
ShootiE-aar2s "Bf L L o
Q- @ '@

{ éi.'zxgq :

scfzs.;lfz'»’

P

Figure 7. True Positive Case on 12 June 2024.
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Figure 8. True Negative Case on 12 June 2024.

N

[ Beaumont Boundary
Standard Rectangle 20m x 60m

mms DD6 itches
) Beaumont Sensors
Wet Days
[ INo water
B Water

Figure 9. False Negative Case on 12 June 2024.

The confusion matrix (Table 2) showed 90 true positives, 37 false negatives, 2 true neg-
atives, and 0 false positives. The precision was 100% which can indicate that all predicted
positive observations were accurate. Recall was 70.87%, showing strong identification of
positive observations among all cases. The F1-score of 82.95% can be considered as a good
balance between precision and recall. Accuracy was 71.32%, indicating correct predictions

among watered pixels around sensors (Table 3).
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Table 2. Confusion Matrix of Radar Image on Wet Day and Sensor Data.
Radar Image | Sensor Stage Stage >11In Stage <11In
Number of Sensors surrounded 90 (True Positive) 0 (False Positive)

Depressions' count

80
70
60
50
40
30
20
10

0

by water pixels in radar image
Number of Sensors not
surrounded by water pixels in 37 (False Negative) 2 (True Negative)
radar image

Table 3. Performance Metrics of Radar Images Against Sensor Data.

Performance Metrics Value (%)
Precision 100
Recall 70.87

F-1 score 82.95
Accuracy 71.32

3.2.2. Identification of Pluvial Nuisance Flooding Hotspots

The number of water pixels from all 6 Sentinel-1 images was counted inside each
depression area. The percentage of the area occupied by water pixels inside the depression
compared to the area of the depression shows the sensitivity of that depression area. The
result of this water pixel concentration is categorized into 6 groups: No water, Extremely
Low (0-6%), Low (6-16%), Medium (16-38%), High (38-55%), and Extremely High (>55%).

Figure 10 categorizes the number of depressions according to the percentage of water
concentration within each depression area. It also indicates that the overall water concentra-
tion in the Beaumont area, excluding the depression zones, is 8.66%. Out of 378 depressions,
131 exhibited extremely low water concentrations, indicating effective drainage within six
hours of peak rainfall. In Beaumont, 89 depressions had low water concentrations, 83 had
medium, 22 had high, and 19 had extremely high water concentrations.

N R S RS R S R T O S AT R s R T e R T e SRR S RToT S

A R S A R N I AR RN ) w o
Sals S i i s
VVVoodN'<F\0'oo“o“N'<r“\o“oo"o'(\l'¥6o€d&¥60€dd<€\do&dd<§do&dc\f¥\o‘o€d
----- AANANAAN O A TEIITTITITO NN AN DO OO0 OSSN~ D
cocoococddagaaoegegegelIIIIIceoocogeggegerereeeR®

Figure 10. Number of Depressions vs. Water Pixel Concentration.

Out of 378 depressions, 124 retained significant water (medium to extremely high
water pixel concentration) six hours after peak rainfall. Among these, 97 depressions (78%)
had medium or high TCI values, confirming that areas with steeper contributing slopes and
limited storage capacity are more prone to post-rainfall ponding. This strong correlation
validates TCI as a reliable indicator for detecting flood-susceptible terrain (Table 4).
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Table 4. Water pixel concentration distribution within depressions classified by TCI.
Water Pixel Concentration
No Water Extremely Low Low Medium High Extremely High
= ,§ Low 10 11 11 21 (1) 3 3(1)
— 7]
g E" g Medium 21 98 62 (4) 55 (5) 19 (5) 13 (7)
O 9
A High 3 22 16 7(3) 0 3(3)

Note(s): Values in the parentheses show the number of detention ponds in each TCI-water pixel
concentration category.

Detention ponds were primarily located within the medium and high-TCI classes
and corresponded to high or extremely high-water pixel concentrations. These engineered
structures intentionally retain water during storm events and therefore do not indicate
drainage failure. A total of 25 detention ponds were identified among the 124 medium
to extremely high water pixel concentrated depressions, reflecting proper flood-control
design and confirming good alignment between the modeled TCI and actual drainage
performance. After excluding detention ponds, 99 natural depressions remained that
exhibited medium-to-extremely-high water concentrations. These natural, non-engineered
depressions are the true indicators of flood vulnerability. Of these, 74 depressions have
medium or high TCI, showing that they are topographically predisposed to rapid inflow
and poor drainage, making them the highest flood-mitigation priority (Figure 11).

Distribution of Significant-Water Depressions by TCI Class

1 Total Depre

Number of Depressions

70
27 25
20 17
10
6
2 [ .
, .

Low TCI Medium TCI High TCI

TCI Category

Figure 11. Distribution of water concentration classes and Detention ponds in medium to extremely
high-water pixel depressions.

Such depressions are ideal candidates for mitigation through culvert enlargement,
local regrading, small detention retrofits, or the installation of green infrastructure such as
bioswales or infiltration basins. Conversely, low-TCI depressions displayed mostly low
or extremely low water pixel concentrations, indicating strong infiltration and effective
natural drainage.

Figure 12 shows urban pluvial flooding hotspots characterized by significant water
pixel concentrations and medium-to-high TCI values. After excluding areas with expected
or controlled flooding such as natural water bodies, detention ponds, and designated flood-
control zones. These locations represent zones of uncontrolled urban flooding risk. These
included areas near Beaumont Municipal Airport, the neighborhood between Seale Rd and
Chapel Ln, the exit from E Cardinal Drive to SML King Jr Pkwy, SML King Jr Pkwy from
Neches St to East Elgie St, the neighborhood between Finnis Street and Schwarner Street,
and the commercial zone of College Street from 8th Street to Private Road (Figure 13).
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(b) Depressions with Detention Pond overlaying Water Concentration; (c¢) Depressions with Water
Pixels.

[ Beaumont Boundary
TCI
[JHigh

Low

[ Medium

Water Concentration
0 Zero
Extremely Low
[ Low
Medium
I High
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3.3. Statistical Results
3.3.1. Comparison of the Flood Frequency Map with Depression

The flood frequency map was compared with the TCI map to evaluate differences in
water pixel concentrations across depressions categorized as low, medium, and high TCI.
The statistical significance of water pixel concentrations within and outside all depressions
was analyzed.

3.3.2. Comparison of Flood Frequency Map Within the Depressions (Friedman Test)

Water pixel concentration in all depressions where studied. Based on the intensity of
flood frequency (low, medium, high, Null) and the TCI index of each depression, 3 groups
of results have been classified from low to high, and 1 group (group 4) has been defined for
those depressions with no water pixels. The percentage of flood frequency in each group is
presented in Table 5. Water Pixels repeated once in six events were labeled “low,” those
repeated in two events as “medium,” and those repeated three or more times as “high.”
Pixels without water in all six events were “Null”.

Table 5. Flood frequency percentage inside the depressions.

TCI
Low Medium High
> Low 16.54% 12.04% 11.29%
B § Medium 4.50% 2.94% 4.04%
= & High 1.58% 0.83% 1.63%
£ Null 77.38% 84.19% 83.04%

e  Null Hypothesis: There is no significant association between the proportion of low,
medium, high, and Null flood frequency and the TCL

e  Alternative Hypothesis: There is a significant association between the proportion of
low, medium, high, and Null flood frequency and the TCL

A Friedman test was employed on the data presented in Table 4, and the result was
the Friedman coefficient of 0.5 and p-value of 0.779, indicating there is no significant
association between pixel concentration percentage categories and TCI groups at the 5%
significance level.

Because the radar images were acquired within six hours of peak flooding, the absence
of a significant association is likely due to the timing of image acquisition relative to the
flood peak. Water drainage from depressions during this period may have led to low
water pixel concentrations in some cases. The presence of 70 depressions with <1% water
concentration supports this explanation.

3.3.3. Comparison of Flood Frequency Map Inside and Outside the Depressions (Sign Test)

Table 6 indicates that the average overall water pixel concentration inside depressions
(16.67%) is nearly double that outside (8.66%). Among individual depressions, 34 depres-
sions had no water pixels, and 36 depressions had <1% water concentration, with a range
of 0% to 80.75%. The median concentration within depressions was 8.16%.
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Table 6. Mean and Median Water Pixel Concentration Inside and Outside the Depressions.

Depressions/Pixels Mean Water Pixel Median Water Pixel
P Concentration (%) Concentration (%)

Inside depressions 16.67 8.16

Outside depressions 8.66 8.66

e  Null Hypothesis: The median of the differences between the water pixels inside
and outside is equal to 0.

e  Alternative Hypothesis: The median of the differences between the water pixels
inside and outside is not equal to 0.

A sign test was employed to determine the median difference in water pixel concentra-
tion inside and outside depressions. The number of positive differences is all depressions
with Higher than the Median water pixel concentration percentage outside the depression,
and negative differences are all depressions lower than the median water pixel concentra-
tion percentage outside the depression (Table 7).

Table 7. Summary of Sign Test Inside and Outside the Depression.

Description Count
Total number of depressions 378
Number of positive differences 186
Number of negative differences 192
Number of ties 0

The null hypothesis stated that there was no difference between water pixel concentra-
tions inside and outside the depressions, while the alternative proposed that a difference
existed. The p-value of 0.797 indicated that the null hypothesis could not be rejected,
confirming that no statistically significant difference was observed between the two Water
pixel concentrations inside and outside the depressions. Despite this, the higher overall
concentration inside depressions is evident, though the median difference was 0. This
outcome was influenced by many depressions with negligible water concentration due
to post-peak drainage within six hours of rainfall events. In general, while the water
concentration inside depressions is higher on average, the timing of image acquisition and
water drainage dynamics reduced the statistical differences in the sign test results.

4. Conclusions

This study assessed the use of Sentinel-1 radar imagery and the Topographic Con-
trol Index (TCI) to map flood frequency and identify urban pluvial flooding hotspots in
Beaumont, Texas. Radar-based flood (water pixel) maps were validated using ground-
based flood monitoring sensors by comparing radar-detected water presence with the
sensors’ recorded stage values. The validation showed a precision of 100%, a recall of
70.87%, and an F1-score of 82.95%, confirming that radar imagery reliably identifies water
that remains in poorly drained areas, although short-duration floods were missed due to
delayed image acquisition.

Out of 378 depressions, 124 retained significant water six hours after peak rainfall,
and 97 of these (78%) had medium or high TCI values. Water concentration in depressions
(16.67%) was nearly double that outside (8.66%), and about 84% of medium-to-high TCI ar-
eas overlapped with existing two-year flood inundation maps. After excluding engineered
detention ponds, 99 natural depressions were identified as flood-vulnerable zones, with
74 medium-to-high TCI depressions representing the priority areas for flood mitigation.
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These findings show that TCl is a reliable geomorphic indicator of flood vulnerability, even
when short-term radar detection is affected by drainage timing.

This integrated approach can help city engineers and planners identify nuisance pond-
ing areas, prioritize drainage network improvements, culvert redesigns, and permeable
surface enhancements, and guide the placement of new flood sensors in high-risk loca-
tions. The results also highlight the value of engineered detention ponds and show where
slow-draining natural depressions cause extended ponding.

The main limitation was the approximate six-hour lag between rainfall peaks and
available radar images, which reduces visible water pixels and weakens the correlation be-
tween TCI and flood frequency. Future research should incorporate subsurface stormwater
infrastructure, pipe capacity, and drainage connectivity to better represent flood dissipation
and improve the relationship between radar-detected flooding and topographic indicators.
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