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Abstract

Green roofs (GRs) play a significant role in urban greening and climate adaptation, particularly in
densely populated areas. Assessing the effectiveness of GR systems by analyzing runoff reduction
parameters is crucial for their design and implementation. The correct version is: "This study,
funded by the Climate Action Regional Offices (CARO), went beyond traditional assessments by
utilizing advanced sensors to meticulously collect meteorological, rainfall, and runoff data from
four green roof installations at locations across Dublin, Ireland. The comprehensive data collected
enabled the detailed modeling of runoff hydrograph parameters using rainfall hyetographs, which
allowed for a more in-depth analysis of the green roof system's performance. This research focuses
on modeling the main runoff characteristic parameters such as Water Retention Amount (WRA),
Total Runoff Volume (TRUV), Runoff Peak Flow Maximum (RUPFM), Peak Flow Reduction
(PFR), and Runoff Peak Delay to Rainfall Peak (RPDRP). These parameters are essential for
understanding how green roof systems can increase water retention and delay rainfall peak times.
The findings indicate that the green roof system in our case study retains 75% of rainfall for events
that the rainfall volume was less than 1.5 mm per event and, on average, retains 55.69% of rainfall
volume. The results also demonstrate that the green roof system is capable of delaying runoff 1.74
hours. Additionally, the system reduces rainfall intensity by 82.78% for events with the rainfall
volume up to 1.5 mm per event and by 38% for events exceeding 6 mm per event. Furthermore, the
results show a high correlation between runoff characteristics such as WRA and TRUV and rainfall
parameters such as Total Rainfall Volume (TRAV) and Rainfall Intensity at Peak (RIP). This
correlation suggests that these parameters can be utilized for future modeling to evaluate the

efficiency of green roof systems and predict their capability under future climate scenarios.

Keywords: Green roof, Machine Learning, Runoff Hydrograph, Rainfall Hyetographs, Rainfall-
Runoff Modeling, Water Retention

1. Introduction



In recent decades, the expansion and development of cities have grown rapidly, leading to the rise
of impermeable surfaces, particularly in urban areas (Bhatta, 2010; Firozjaei et al., 2020; OWUSU
et al., 2023). Population growth and infrastructure development have led to the replacement of
natural permeable covers such as green spaces, agricultural lands, meadows, and wetlands with
impermeable surfaces like buildings, pavement, and roads (Firozjaei et al., 2018; Firozjaei et al.,
2019; Fu et al., 2019). The increase in impervious surfaces results in a reduction in soil capacity
and permeability, leading to decreased infiltration and water storage in the soil (Pappas et al., 2008;
Shuster et al., 2005). This gradual decline in soil permeability increases runoff in urban areas and
raises the risk of urban flooding (Qin, 2020; Xu et al., 2020; Zhu et al., 2019). Furthermore,
concerns have grown about the occurrence of floods due to changes in the frequency, intensity,
and duration of extreme weather events, as well as the impacts of global warming in recent years
(Bayat-Afshary & Danesh-Yazdi, 2023; Chen et al., 2023; Feyen et al., 2008; Furtak & Wolinska,
2023; Rahmani & Fattahi, 2024; Schreider et al., 2000; Tamm et al., 2023). Therefore, providing
solutions to reduce and manage runoff in urban areas has become of paramount importance
(Mentens et al., 2006; Shafique et al., 2018). Today, urban managers and planners are focusing on
mitigating the negative effects of urban development on microclimate conditions, specifically
urban runoff, in order to align with the concept of sustainable development (Getter & Rowe, 2006;
Huong & Pathirana, 2013). Nature-Based Solutions (NBS) involve methods to deal with
environmental issues by both lessening their impact and adjusting to them. These methods aim to
create a balanced connection between living things and their environment by increasing
biodiversity, encouraging more green areas, and making cities more sustainable (Cohen-Shacham
et al., 2016). In these cities, green technologies such as Best Management Practices (BMP) and
Low Impact Development (LID) methods have become popular (Poé et al., 2015; Stovin et al.,
2015; Wu et al., 2008). Green roofs, also known as living roofs or eco-roofs, are a type of green
technology designed to address environmental challenges. As artificial ecosystems, they offer a
nature-based solution (NBS) to issues like climate change and the urban heat island effect. Green
roofs can help mitigate urban runoff by managing rainfall at its source, providing beneficial
outcomes under specific conditions (Basu et al., 2021; Li et al., 2018; Nawaz et al., 2015; Wong
& Jim, 2014). Green roofs involve covering a building with vegetation, which absorbs and retains
a portion of rainfall and undergoes processes of evaporation and transpiration, thereby reducing
the volume and peak of urban runoff (Metselaar, 2012; Morgan et al., 2013; Roehr & Kong, 2010).



Green roofs are most effective in areas with a higher percentage of rooftop coverage, such as
densely urbanized, commercial, and industrial zones (Branddo et al., 2017; Mentens et al., 2006;
Roehr & Kong, 2010; Stovin, 2010). Green roofs offer various advantages, including reducing the
risk of floods, minimizing the cost of developing and maintaining drainage systems, improving air
and water quality, preserving urban beauty, and reducing energy loss from building rooftops (Basu
etal., 2021; Palermo et al., 2019). While rainfall characteristics are not controllable, the efficiency
of these systems in reducing runoff can be improved by optimizing green roof properties and
structure (Liu et al., 2019; Soulis et al., 2017). Numerous studies have evaluated the performance
of green roof systems in different cities. Moran (MORAN et al., 2004) conducted a study in North
Carolina over a 9-month period to assess the impact of green roofs on runoff quantity and quality.
Their findings showed that green roofs in the area could retain approximately 60% of the total
rainfall volume and reduce the peak flow rate by around 80%. Mentens (Mentens et al., 2006)
concluded that green roofs retain less rainwater in winter compared to summer due to antecedent
moisture and evaporation and transpiration. Speak et al. (2013) analyzed 69 rainfall events,
identifying October—December as the wettest period (80.7-92.5 mm of rainfall), while February—
May is the driest (51.4-61.2 mm of rainfall) in Manchester, UK. Stovin et al. (2012) tested the
hydrological performance of a green roof system under the UK climate over a 29-month period
from January 1, 2007, to May 31, 2009, identifying July as the driest month and December as the
wettest, with an overall retention of 50.2%. Stovin (2010) demonstrated that green roofs can retain
stormwater in the British climate and significantly reduce runoff. In this region, green roofs
showed an effective reduction of 65-100% in dry seasons, 10-35% in wet seasons, and an average
reduction of 34% in all storm events. Hakimdavar (Hakimdavar et al., 2014) found that the depth
of rainfall and event duration had the most significant effect on overall green roof rainwater
retention. The ability of green roofs to retain water and reduce peak runoff generally decreases
with an increase in rainfall volume and duration. Li (Li et al., 2018) showed that the runoff
reduction capacity of extensive green roofs can be improved by selecting plant species with higher
stem biomass and higher evapotranspiration rates. Palermo (Palermo et al., 2019) conducted a
study that showed the range of runoff reduction for green roofs with different soil depths. They
found that green roofs with a soil depth of 60 millimeters had a runoff reduction of 22%, while
green roofs with a soil depth of 150 millimeters had a runoff reduction of 24%. Interestingly,

doubling the soil depth did not significantly increase the reduction in runoff volume. The study



also found that the performance of green roofs in reducing peak flow and other hydrological

characteristics was strongly correlated with storm event features in the Mediterranean climate.

As previously noted, existing studies into the efficacy of green roofs on surface runoff have
predominantly utilized simulation-based methodologies (Graceson et al., 2013) or traditional
statistical analyses (example One-way ANOVA, correlation, etc.) (Mentens et al., 2006; Soulis &
Valiantzas, 2012; Speak et al., 2013; Wong & Jim, 2014). These approaches often fail to capture
the intricate dynamics of runoff due to their limited ability to consider the complex interplay of
various rainfall parameters and weather conditions. To address this gap, this study particularly
focuses on data-driven approach, employing advanced machine learning algorithms to delve
deeper into nonlinear latent relationships that influence runoff characteristics. This approach not
only provides a more nuanced understanding but also enhances the predictive accuracy of runoff
parameters from green roofs. The primary innovation of this research lies in its comprehensive
analysis of the hydrological performance of green roof systems under various weather condition.
By analyzing runoff characteristics through advanced machine learning models, this study
significantly influences decision-making processes related to the design and implementation of
green roofs. This research will meticulously assess the effects of rainfall characteristics, antecedent
moisture conditions, relative humidity, air temperature, and wind speed on the system's
performance. A novel contribution of this study is the development of a multivariate model that
will predict various runoff characteristics resulting from the green roof system. By integrating
machine learning techniques, this research aims to provide actionable insights into optimizing

green roof designs for improved environmental and urban resilience.

2. Case studies and green roof sites

We have implemented green roof systems at four distinct locations across Dublin. Table 1 below
provides detailed specifications of these sites, while Figure 1 shows their mapped locations, with
additional information on cradle implementations at each site. The chosen sites are primarily
located in southern Dublin, near the confluence of the Dodder and Liffey Rivers. This area is close
to the city’s tech district and has high economic value, particularly in the Silicon Docks, where
approximately 10% of Ireland’s national income is generated. Given the area's susceptibility to

flooding, any disruption could have substantial economic consequences. Therefore, this study’s



goal is to assess the hydrological effectiveness of green roofs in these vulnerable, high-stakes urban
environments, providing insights that could inform flood risk management across similar urban

areas. (Tablel, Figure 1).

The Rosemount site, which covers a longer monitoring period than other sites, was prioritized in
the analysis to evaluate the impact of green roofs on runoff reduction. Five green roof cradles were
established at this site. The fifth cradle, designed without vegetation, serves as a control, allowing
us to measure rainfall effects without plant-based retention. The remaining four cradles, each
planted with Sedum, provide data on vegetated runoff characteristics (Figure 2). Rainfall at this
site was recorded using two methods: (a) an empty cradle for direct rainfall collection, and (b)
advanced radar-based Ecomet sensors to capture meteorological parameters such as rainfall
intensity, humidity, and wind speed (Figure 3). This setup ensures accurate, site-specific data for
modeling runoff dynamics, supporting a detailed comparison between vegetated and non-

vegetated setups in subsequent analysis

Windmill ( 6-10)

LYy

Montague (11-15)
Cumberland (16-20)

Rosemount (1-5,UCD)

Figure 1. The designed system in four pilots studies for evaluating the efficiency of green roofs in

reducing runoff, Dublin city.



Table 1. Green roof sites characteristics

Site names location Availability dataset | Cradles number
Rosemount | 53.305111°, -6.233078° | 2022/12/24 1to5
Windmill 53.345691°, -6.246242° | 2024/01/03 6to0 10
Montague 53.333024°,-6.260052° | 2023/12/15 11to 15
Cumberland | 53.341717°,-6.248226° | 2023/12/15 16 to 20

Click (runoff) measurement

Temperature measurement

Figure 2. Measurement tools for green roof system, including: dry temperature, surface temperature,
subsurface temperature; soil moisture; cradle weight; runoff discharge.

Figure 3. Ecomet tool (mini weather station tool) for metrological parameters measurement, including air
temperature, relative humidity, precipitation (radar based), water vapor pressure, air pressure, wind speed

and wind direction.

Extensive research has established Sedum as a popular vegetation choice for green roofs, largely
due to its drought tolerance, minimal maintenance requirements, and capacity to thrive in shallow
soil depths(Graceson et al., 2013; Kemp et al., 2019; Liu et al., 2019; VanWoert et al., 2005; Yang
etal., 2015). Sedum’s succulence enables it to store water, allowing it to survive variable moisture

levels, while its minimal need for watering, fertilizing, or mowing makes it a cost-effective,



practical solution for green roof installations They require minimal maintenance compared to other
plant species, as they don’t need frequent watering, fertilizing, or mowing, making them a cost-
effective and practical choice (Monterusso et al., 2002; VanWoert et al., 2005). Sedum has a
shallow root system, well-suited to the thin substrate layers typically used on green roofs,
minimizing the weight load on the roof structure while still providing sufficient plant stability and
coverage. Additionally, Sedum is a hardy plant that can thrive in harsh conditions, including high
winds, intense sunlight, and temperature fluctuations, common in rooftop environments. It spreads
quickly, providing rapid ground cover and quickly establishing a green roof, offering benefits such
as insulation and stormwater management. Furthermore, the many varieties of Sedum with
different colors and textures contribute to the biodiversity and aesthetic appeal of green roofs
(Butler et al., 2012).

Sedum species, while popular for green roofs due to their adaptability to shallow soil profiles, have
some limitations that might reduce their effectiveness in specific environments. Their shallow
roots, for instance, are well-suited to minimal substrate depths but limit their ability to stabilize
deeper soil or withstand high winds in exposed rooftop settings (Monterusso et al., 2002).
Additionally, certain Sedum varieties are less cold-hardy and may struggle in severe winter
climates, potentially requiring replanting or supplementing with more resilient species to maintain
year-round coverage (Nagase & Dunnett, 2011). Moreover, Sedum can take longer to establish
full coverage compared to other ground covers, delaying soil stabilization and aesthetic benefits
on green roofs (Getter & Rowe, 2009). While drought-tolerant, Sedum is vulnerable to fungal
diseases and pests in overly humid conditions, potentially necessitating more maintenance in such

climates (Snodgrass & Snodgrass, 2006).

2.1 Expert Consultation on Sedum, Soil Material, and Layer Depth

The final selection of Sedum, soil type, and the depth of each layer in the green roof system was a
collaborative decision, informed by consultations with green roof experts and environmental
scientists (See Table 2). This team carefully considered factors like plant hardiness, local climate,
and the project’s specific runoff reduction goals. Experts provided input that led to the selection
of Sedum over other species, balancing resilience and compatibility with each site’s weight load
restrictions. In addition, recommendations on soil material and substrate depth helped to optimize



water retention and support the vegetation layer while preserving the structural integrity of the roof
systems. Sedum was chosen as the vegetation cover for our green roof design based on its proven
durability and minimal maintenance needs, making it well-suited for Dublin’s urban climate.
Sedum was chosen as the vegetation cover for our green roof design based on its proven durability
and minimal maintenance needs, making it well-suited for Dublin’s urban climate(Basu et al.,
2021). This choice was further supported through consultation with green roof specialists, who
advised that Sedum's combination of drought tolerance, lightweight structure, and ease of

maintenance aligns with the study’s goals and the structural limitations of rooftop installations.

Table 2. Green Roof Layer Depths and Composition

Minimum Maximum Vegetation Vegetation Soil/Substrate Drainage Geotextile Waterproof
Wight (Kg) Wight (Kg) type depth (cm) Layer Depth Layer Depth Filter Depth Membrane
(cm) (cm) (cm) Depth (cm
Cradle 1 25 41 Turf 2 2-3 35 1-2 1-2
Cradle 2 29 45 Turf 2 2-3 3-5 1-2 1-2
Cradle 3 22 38 Sedum 3 2-3 3-5 1-2 1-2
Cradle 4 23 40 Sedum 3 2-3 35 1-2 1-2

Table 2 outlines the depth of each layer, adjusted according to individual site specifications and
load-bearing requirements. For instance, Rosemount features a slightly deeper drainage layer to
handle the larger expected runoff. Additionally, on April 15, 2024, two cradles at Rosemount were
planted with turf in place of Sedum to assess differences in water retention and runoff delay.
Including turf enables a comparative analysis of vegetation effects, especially concerning Sedum’s
performance in retaining water across varying rainfall intensities. A green roof typically comprises
five essential layers: (i) the vegetation layer, (ii) the planting substrate (soil), (iii) a geotextile filter,
(iv) a drainage layer, and (v) a waterproof membrane to protect the underlying roof. The
waterproof layer prevents leakage, facilitating easier repairs, while the drainage layer directs water
runoff, preventing waterlogging. The geotextile filter prevents soil particles from entering and
clogging the drainage layer, ensuring sustained water flow. Together, the soil and vegetation layers

contribute to runoff reduction through processes of evapotranspiration and water storage. The



specific structure and characteristics of each green roof layer influence its effectiveness in runoff
management, although the fundamental components remain consistent(Basu et al., 2021). In
general, green roof structures include a vegetation layer, growth substrate, filter fabric, drainage
component, protection layer, root barrier, insulation layer, waterproofing membrane, and the roof
deck (Figure 4). This multi-layered structure was maintained in our green roof sites and cradles
to ensure consistent performance and data comparability. The primary variation across green roof
cradles at our study sites lies in their weight, influenced by the thickness and density of the
vegetation cover. This structural design allows us to evaluate the influence of vegetation density

and layer depth on runoff reduction and green roof efficiency.

———> Vegention

Planting substrate mediun —— 5 Growth substrate

—— 3 Filter fabric
—> Dminage element

—> Protection layer
> Root barrier

Geotextile filter

I {memms \Naterproof membrane

——> Insulation layer

—> Water proofing membrane
> Roof deck

Figure 4. Typical structure of a green roof (Basu et al., 2022; Basu et al., 2021).

To evaluate the green roof system for different vegetation cover type we replaced sedum with turf for two
of Rosemount cradles on April 15, 2024. Dataset collection (Figure, 5).




Figure 5. Implemented green roof cradles at UCD: two cradles with green vegetation cover are
Turf (right cradles), and the remaining two are Sedum (left cradles).

3. Equipment

The green roof system and mini weather station (Ecomet 2) collected data including dry
temperature ,surface temperature, subsurface temperature, soil moisture, cradle weight, runoff
discharge, air temperature, relative humidity, precipitation (radar based), water vapor pressure, air
pressure, wind speed and wind direction. To collect the green roof and metrological dataset, an
loT based AquaRoot Control System (ARCS) implemented. ARCS is a supervisory control and
data acquisition (SCADA) software system dedicated to data acquisition, data storage and

representation in autonomous distributed 10T sensors networks (Figure 6).

} ARCS server

Data Managment System

T 10 i

- DAQ and control
system Web Server

EcoMet stations @ I ﬁ

Users

Figure 6. AquaRoot Control System architecture and 10T devices connectivity

It is based on a stable multi-user software platform, provided real-time access to the data acquired.
ARCS software is based on a distributed client-server technology. It consists of Data acquisition
(DAQ) server, real-time database, user interface, web-server and security system which form
WorkStation (data server). IoT devices connect the DAQ server as clients and exchange with the
information with it. Database managing system is accepting DAQ data and archiving them into



data base. User interface and web-server system allows to represent the real-time data to the user.
Web browser is used as a client software to connect ARCS server, visualize current and archived
data. Some users may connect ARCS simultaneously by their web-browsers and work with the
server independently (Figure 7 and 8). Figure (7) depicts multiple parts of the main screen software
of the AquaRoot Control System, including instant sensor measurements, observation units, and
other system settings. Figure (8) represents the AquaRoot Control System data logger, which is

used for exporting recorded datasets in CSV format.
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Figure 7. AquaRoot Control System main screen
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Figure 8. AquaRoot Control System data logger

4. Results

Historical data from Dublin Airport (1943-2024) indicates that rain occurred on 57.4% of days,
with an average daily rainfall of 3.6 mm and a duration of 5.1 hours. Average temperature and
humidity were 9.63°C and 82.15%, respectively, with 4.01 hours of sunlight. Dublin’s humid
climate and frequent rainfall underscore the need for runoff control strategies to mitigate flood
risks (Lhomme et al., 2019; Paranunzio et al., 2022; Pilla et al., 2019)

4.1 Rainfall and runoff parameters statistics
Table 3 presents rainfall characteristics for the study events in Rosemount site. TRAV, RIP, RAD,

and RAMI had mean values of 3.35 mm, 1.37 mm/h, 7.0 hours, and 0.47 mm/h, respectively, with
positive skewness, indicating variability in precipitation intensity and duration. This variability is

critical in evaluating the green roof’s performance under diverse rainfall conditions.

Table 3. Statistical characteristics of rainfall in the studied events.

Rainfall characteristics | Min Max Mean Median SD




TRAV (mm) 0.17 191 451 325 4.29

RIP (mm/h) 008 65 162 13 1.44
RAD (h) 2 14 724 7 3.38
RAMI (mm/h) 0.03 239 060 0.48 0.5

Table 4 presents the statistical characteristics of climatic conditions and green roof weights during
precipitation events. Relative humidity, air temperature, and wind speed averaged 79.54%,
11.75°C, and 1 m/s, respectively. The weight of the green roof system showed an increase from
an average of 40.8 kg at the beginning of rainfall events (BWS) to 42.91 kg at peak precipitation
(MBW), before settling at 42.15 kg by the end of the events (BWE). This increase in weight reflects
the green roof’s water absorption capability, as it retains precipitation during events. The slight
skewness observed in the weight distribution at different stages of events suggests consistent
retention and release patterns, likely influenced by microclimate variations across the sites. In
addition, Minor variances compared to nearby Met Eireann stations indicate local microclimate

influences. a slight negative skewness.

Table 4. Statistical characteristics of climatic parameters and green roof weight for the studied events.

Weather parameters and box weight | Min  Max Mean Median SD
RH (%) 59 97 79.54 80 9.05
AT (°C) 25 23 11.68 11.75 4.54
WS (m/s) 0 3 116 1 0.78
BWS (kg) 3293 452 408 4127 2.92
MBW (kg) 3395 463 4291 43.02 2.25
BWE (kg) 3325 4585 4215 4234 22
NRPO (h) 2 105 20.54 105 25.08

The green roof system’s hydrological performance, detailed in Table 5, shows an average delay of

2.34 hours for the start of runoff (RORD) and 1.74 hours for peak runoff (RPDRP) relative to



rainfall start and peak, respectively. This delay in runoff helps to mitigate the immediate impact
of rainfall on drainage systems. Moreover, the green roof reduced peak runoff intensity (RUPFM)
by 0.9 mm/h compared to average rainfall intensity, highlighting its capacity to buffer intense rain
events. Water Retention Percentage (WRP) averaged 55.69%, with values ranging from 8.57% to
100% across events, indicating that the green roof can retain substantial rainfall, though

performance varies with rainfall intensity and duration.

Table 5. Statistical characteristics of runoff hydrological parameters for the studied events.

Runoff characteristics [ Min  Max Mean Median SD
TRUV (mm) 0 13.25 245 1.83 2.67
TRD (h) 0 13 6.78 7 35
RUPFM (mm/h) 0 3.2 0.9 0.72 0.88
RORD (h) 0 9 234 2 2.13
RPDRP (h) 0 8 174 1 1.65
PFR (mm/h) 0.04 3.3 0.73 0.45 0.71
WRA (mm) 0.13 8.6 205 129 1.88
WRP (%) 8.57 100 55.69 48.52 24.75

The average runoff characteristics for various rainfall intensity classes are summarized in Table 6,
showing that rainfall parameters significantly impact the green roof system's retention
performance. For events with TRAV (Total Rainfall Amount) below 1.5 mm, the green roof
retained approximately 74.9% of precipitation, while retention decreased to 61.65% for TRAV
between 1.5 and 3 mm and to 42.6% for TRAV above 6 mm. As precipitation characteristics like
TRAV, RIP (Rainfall Intensity Peak), RAD (Rainfall Duration), and RAMI (Rainfall Intensity
Mean) increased, corresponding runoff parameters such as WRA (Water Retention Amount),
TRUV (Total Runoff Volume), RUPFM (Runoff Peak Flow Maximum), and PRF (Peak Runoff
Flow) also showed increases. For instance, in events with TRAV less than 1.5 mm, WRA, TRUV,
RUPFM, and PRF averaged 0.6, 0.21, 0.08, and 0.34 mm, respectively, compared to 3.26, 4.45,
1.9, and 1.24 mm for events where TRAV exceeded 6 mm. Similarly, increases in RIP, RAD, and



RAMI were associated with higher averages in runoff metrics, emphasizing the green roof’s

varying retention capacity across rainfall intensities.

Table 6. Average runoff characteristics in various classes of rainfall characteristics for different events

WRA | WPA | TRUV | TRD | RUPFM | RORD | PFR | PRP
(mm) (%) (mm) (h) (mm) (h) (mm) (%)

0015 | 057 | 7492 | 02 | 347 0.09 267 | 036 | 8278

1530 | 124 | 61.03 | 0091 6 0.41 129 | 053 | 5953

T(m\)/ 3045 | 143 | 4059 | 211 | 675 1.05 3 038 | 251
456 2 3852 | 31 | 971 115 214 | o065 | 39.64

>6.0 444 | 4453 | 565 | 9.46 1.94 246 | 141 | 3823

0005 | 059 | 744 | o021 | 382 0.08 300 | 026 | 80.76
00510 | 102 | 736 | o046 | 414 0.16 271 | o042 | 704

(n'mh) 1015 | 179 | 5441 | 166 8 0.51 229 | 064 | 56.09
1520 | 211 | 4064 | 298 | 825 114 175 | 055 | 33.06

>2.0 397 | 4018 | 554 | 9.15 2,07 192 | 145 | 3807

2 4 075 | 6288 | 066 | 4.29 0.4 071 | 056 | 73.28

4.6 133 | 7136 | 098 | 356 0.51 211 | 052 | 69.25

RAD(h) | 6.8 169 | 4917 | 229 | 656 1.05 189 | 08 | 49.86
8 10 201 | 4775 | 346 | 7.86 1.03 257 | 079 | 46.69

>10 344 | 502 | 391 | 971 1.25 35 | 087 | 4439

00025 | 063 | 7694 | 02 | 355 0.07 345 | 026 | 78.24

025 050 | 126 | 6089 | 101 | 6.08 0.33 242 | 049 | 65.03
(iﬁn'\/"h') 050 075 | 173 | 4028 | 292 | 911 121 111 | o078 | 4245
07510 | 356 | 4385 | 475 | 9.29 17 271 | 07 | 3007

>1.0 457 | 4507 | 56 | 7.57 2,02 171 | 182 | 4283

Table 7 displays the correlation coefficients between rainfall parameters and runoff characteristics,
revealing that Total Rainfall Amount (TRAV) has the strongest correlations with runoff metrics,
particularly TRUV (Total Runoff Volume) at 0.96, followed by WRA (Water Retention Amount)
at 0.91 and RUPFM (Runoff Peak Flow Maximum) at 0.86. These values indicate that TRAV
heavily influences overall runoff volume. Rainfall Intensity Peak (RIP) also correlates strongly
with RUPFM and TRUV, suggesting that intense rainfall drives higher peak flows and runoff
volumes. Interestingly, RIP shows an inverse relationship with delay metrics RPDRP and RORD,

implying that higher rainfall intensity reduces the delay before runoff peaks. Rainfall Duration



(RAD) has a moderate correlation with TRD (Total Runoff Duration) at 0.69, while RAMI
(Rainfall Intensity Mean) shows weaker but still notable correlations with WRA and RUPFM. The
Nighttime Roof Precipitation Offset (NRPO) influences delay metrics, with correlations of 0.46
and 0.58 for RORD and RPDRP, respectively, suggesting it affects the initial dryness of the
substrate. In contrast, weather parameters exhibit lower correlations overall, with the highest being
air temperature’s correlation with WRA and PRF at only 0.35, indicating that rainfall

characteristics are the primary drivers of runoff behavior on the green roof system.

Table 7. Estimated correlation coefficient value between runoff characteristics and rainfall characteristics

and weather parameters.

R? WRA TRUV TRD RUPFM RORD RPDRP PFR

(mm) (mm) (h) (mm) (h) (h) (mm)
TRAV (mm) 0.91 0.96 0.63 0.86 0.03 -0.16 0.73
RIP (mm/h) 0.78 0.87 0.49 0.92 -0.14 -0.32 0.88
RAD (h) 0.54 0.52 0.69 0.40 0.42 0.17 0.17
RAMI (mm/h) 0.75 0.80 0.36 0.81 -0.19 -0.29 0.75
NRPO (h) -0.09 -0.27 -0.36 -0.34 0.46 0.58 -0.12
RH (%) 0.16 0.03 0.01 0.01 -0.01 0.01 -0.11
AT (°C) 0.35 0.33 -0.10 0.25 0.16 0.10 0.35
WS (m/s) -0.25 -0.07 -0.08 0.01 0.01 0.21 -0.09

4.2 Machine learning based runoff characteristics modeling resulit.
Based on the 46 rainfall event XGBoost (XGB), Random Forest regression (RF), and Support

Vector Regression (SVR) machine learning algorithms implemented to model the main runoff
characteristics based on the independent variables including the TRAV, RIP, RAD, RAMI, NRPO,
RH, AT, WS. The runoff characteristics as dependent variables including WRA, TRUV, TRD,
RUPFM, RORD, RPDRP, and PFR. To optimize model performance, various combinations of
independent variables were tested across each model to identify the most influential predictors for
each runoff characteristic. Detailed methodology and implementation results are provided in
Appendix A and B.

Table 8. Number of variables repetition in different ML implementation with higher R? and lower RMSE

TRAV | RIP | RAD | RAMI | NRPO | RH AT | WS
WRA 24 13 15 13 24 9 14 8
TRUV 24 11 15 14 18 11 13 15



TRD 24 24 24 13 18 7 19

RUPFM 12 24 18 13 16 16 16
PFR 6 24 14 14 22 8 13 12
Sum 90 96 86 67 98 51 75 45

Percentage % 75 80 | 71.67 | 55.83 | 81.67 | 42.5 | 62.5 | 37.5

Table 8 summarizes the frequency with which each independent variable was selected across
various model configurations and combinations in the XGBoost, Random Forest, and Support
Vector Regression algorithms. With a maximum possible repetition of 24, Nighttime Roof
Precipitation Offset (NRPO) appeared in 81.67% of configurations, underscoring its significance
in predicting runoff characteristics. Rainfall Intensity Peak (RIP) and Total Rainfall Amount
(TRAV) were also highly influential, with repetition rates of 80% and 75%, respectively, followed
by Air Temperature (AT), Rainfall Intensity Mean (RAMI), Relative Humidity (RH), and Wind
Speed (WS), with decreasing levels of importance. Figure 9illustrates model performance,
showing R? and RMSE values for each algorithm as the number of independent variables varies.
Overall, NRPO, RIP, and TRAV emerged as the most critical predictors, indicating their primary
influence on runoff behavior. The next section will discuss model results for each runoff

characteristic in detail.
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Figure 9. Different ML implementation for runoff characteristic with different variables combination (left

y-axis is R? value, right y-axis is RMSE value, x-axis is number of variables used in modeling).

Peak Flow Reduction (PFR): For PFR modeling, the SVR model showed an improvement in R?
from 0.27 to 0.7 as the number of variables decreased from 8 to 3, with RMSE correspondingly
decreasing. Beyond 3 variables, R2 and RMSE changes were minimal, indicating that the
remaining three variables are sufficient for effective modeling. In the XGB model, removing one
variable from the initial 8 led to a marked improvement, suggesting the presence of an irrelevant
variable. XGB achieved the highest R? (0.84) and lowest RMSE (0.27), outperforming SVR and
RF in predictive accuracy. The RF model demonstrated stable performance with minimal
fluctuations in R2 and RMSE as variables were reduced, underscoring its robustness in handling

heterogeneous variables. RF’s R? increased steadily from 8 to 5 variables, stabilizing at 0.8, with



RMSE similarly stabilizing at 0.3 after an initial decrease. According to Table 8, RIP and NRPO
were the most influential variables in PFR modeling, while TRAV had minimal impact. RAD and

RAMI contributed equally, indicating their balanced importance in the model.

RUnNoff Peak Flow Maximum (RUPFM): In the SVR model for RUPFM, R2 increased from 0.69
to 0.82 as variables were reduced from 8 to 3, with R? stabilizing beyond this point. RMSE also
decreased consistently from 8 to 4 variables, with a noticeable shift at 6 variables, likely reflecting
the model’s sensitivity to optimal variable combinations. For the XGB model, R? improved
significantly from 0.77 to 0.83 as variables were reduced from 8 to 4, with RMSE stabilizing at 5
variables at 0.35, aligning with the RF model’s RMSE. The RF model showed the highest R2,
reaching 0.84 with 6 variables, and demonstrated stability in RMSE beyond 7 variables. Overall,
RF provided the best predictive accuracy with the highest R2 and lowest RMSE among the models
(Figure 9). In RUPFM modeling, RIP emerged as the most influential predictor, while Wind Speed

(WS) showed the least impact on model performance.

Total Runoff Duration (TRD): For TRD modeling, all three models—XGB, RF, and SVR—
showed notable improvements in R2 and reductions in RMSE as the number of variables decreased
from 8 to 5. Specifically, R? values increased for XGB from 0.6 to 0.64, for RF from 0.64 to 0.69,
and for SVR from 0.44 to 0.56. Beyond 5 variables, Rz and RMSE values stabilized, with only a
minor R2 change for RF when reduced to 4 variables (Figure 9). Among the models, RF achieved
the highest RZ and lowest RMSE, indicating superior predictive accuracy for TRD. Table 8
highlights that TRAV, RIP, and RAD were the most influential predictors across all scenarios,
underscoring their importance in TRD modeling, while Wind Speed (WS) had the least impact on

model performance.

Total RUnoff Volume (TRUV): For TRUV modeling, XGB and RF models showed similar R?
trends, with XGB performing slightly better. XGB’s R? increased from 0.71 to 0.77 as the number
of variables was reduced from 8 to 5, while RF’s R? rose from 0.71 to 0.76, with the most
noticeable improvement occurring from 8 to 3 variables. SVR displayed more variability, with R2
starting at 0.52 for 8 variables and gradually increasing to 0.67 with 2 variables before stabilizing.
RMSE trends mirrored the R2 changes across all models (Figure 11). Overall, XGB emerged as
the best model for TRUV, achieving the highest Rz and lowest RMSE. According to Table 8,



TRAYV had the most substantial influence on TRUV predictions, whereas RIP and Relative

Humidity (RH) showed minimal impact.

Water Retention Amount (WRA): For WRA modeling, SVR showed a significant R2 increase
from 0.54 to 0.75 as the number of variables was reduced from 8 to 2, with R? and RMSE
stabilizing beyond 2 variables. RF and XGB models exhibited similar trends, with R? values rising
from 0.75 to 0.81 for RF and 0.79 for XGB as variables were reduced from 8 to 4. RMSE values
for both models decreased correspondingly before stabilizing (Figure 11). Overall, RF achieved
the best performance for WRA, with the highest R2 and lowest RMSE among the three models.
According to Table 8, NRPO and TRAV were the most influential predictors for WRA, while

RAD had the least impact on the model’s performance.

5. Conclusion
This study demonstrates the effectiveness of green roof systems in Dublin as a Nature-Based

Solution (NBS) for urban runoff management, particularly through machine learning applications.
By centering on advanced, event-based measurements and machine learning models, this research
provides actionable insights for urban environmental planning. Our findings reveal green roofs'
substantial potential to reduce runoff volume, delay peak flow, and improve urban resilience

against flooding.

A notable insight is the influence of Dublin’s diverse microclimatic conditions on green roof
performance. Localized differences in humidity, wind speed, temperature, and sunlight exposure
result in variations in water retention and runoff delay, underscoring the need for site-specific
designs. Our study recorded average relative humidity, air temperature, and wind speed at green
roof sites as 79.54%, 11.75°C, and 1 m/s, respectively, slightly diverging from data at Met
Eireann’s Dublin Airport and Phoenix Park stations. These discrepancies emphasize the
importance of localized data collection, which not only improves environmental modeling
accuracy but also aligns with Building Regulations, ensuring that designs address Dublin’s unique
climate conditions. Moreover, meeting Building Regulations—such as those governing load-
bearing capacity, drainage, and waterproofing—ensures structural safety and enhances green roofs'

long-term viability as flood mitigation and sustainability tools.



Our research also highlights the benefits of a double-layer green roof configuration, which
provides greater water retention and peak runoff reduction, offering further support for stormwater
management. Beyond hydrological impacts, green roofs improve air quality, promote biodiversity,
and enhance urban aesthetics, contributing to residents' quality of life. Nevertheless, challenges
remain, such as managing non-biodegradable materials, meeting structural standards, and

balancing the increased costs of construction and maintenance.

This study’s machine learning focus, employing XGBoost (XGB), Random Forest (RF), and
Support Vector Regression (SVR), revealed these models' superiority over traditional
mathematical approaches in capturing complex meteorological-runoff relationships. XGB and RF
consistently outperformed SVR, accurately predicting runoff characteristics with robust modeling
of influential variables like Total Rainfall Volume (TRAV), Rainfall Intensity at Peak (RIP), and
Nighttime Roof Precipitation Offset (NRPO). This underscores machine learning's role in

advancing data-driven solutions for urban stormwater management.

Future research should explore long-term green roof performance under varied climate conditions,
particularly during extreme weather, to enhance resilience planning. Examining vegetation types
and soil compositions may offer design customizations for different climates, while advanced
modeling techniques, like deep learning, could improve predictive accuracy. Additionally, future
studies could investigate the potential for biodegradable materials and sustainable practices to

lower environmental impact and better align with regulatory standards.

In conclusion, this study’s data-driven approach underscores the importance of green roofs in
sustainable urban design. By integrating machine learning to predict runoff dynamics accurately,
it provides a framework for leveraging green infrastructure to mitigate urban runoff effectively.
Emphasizing site-specific microclimate data and regulatory compliance ensures that green roofs
are optimized for both hydrological benefits and structural safety, supporting their role as essential

components in resilient, climate-adaptive urban landscapes.
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Appendix A : Methodology and dataset analysis

The overall procedure for modeling the runoff characteristics and extracting parameters for the

green roof system in this study is illustrated in Figure Al.
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Figure Al. Diagram of the methodology

A.1 Rainfall and Runoff characteristics extraction

The data analysis was conducted using a step-by-step approach. In the first step, the recorded
rainfall and runoff data were analyzed to identify each significant rainfall event that occurred
during the study period. The end of each rainfall event was defined as the time when at least 2
hours passed without rainfall after each event (Soulis & Valiantzas, 2012). A total of 46 rainfall
events were recorded during the study period. The average value of valid measurements from the

four green roof datasets was considered as the main parameter for the green roof measurements.



Datasets related to rainfall, runoff, and climatic data were extracted from the raw data,
corresponding to the time of occurrence of selected rainfall events. In the second step, information
on various characteristics of rainfall was extracted based on the hyetograph of each rainfall event.
Then, in the next step, various characteristics were calculated for each rainfall event based on the
runoff hydrographs obtained from the cradle with the green roof (Mentens et al., 2006; Palla et al.,
2011; Speak et al., 2013; Stovin et al., 2013). The details of the parameters calculated from the
rainfall hyetograph and runoff hydrograph are shown in and Table (Al) and Figure (A2).
Additionally, in this step, the following parameters were extracted for each event: average climatic
parameters (RH, WS, AT) and cradle weight-based parameters (Box Weight at Rainfall Start,
BWS; Maximum Box Weight during Rainfall, MBW,; and Box Weight at Rainfall End, BWE).
Furthermore, the following parameters were extracted based on the rainfall hyetograph and runoff
hydrograph (see Table Al): RAinfall Duration (RAD), Total RAinfall Volume (TRAV), Rainfall
Intensity at Peak (RIP), RAinfall Mean Intensity (RAMI), No Rainfall Period to Onset (NRPO),
Total RUnoff Volume (TRUV), RUnoff Peak Flow Maximum (RUPFM), Runoff Peak Delay to
Rainfall Peak (RPDRP), Peak Flow Reduction (PFR), Peak Runoff Reduction Percentage (PRP),
Rainfall Onset to Runoff Onset Delay (RORD), Total Runoff Duration (TRD), Water Retention
Amount (WRA), Water Retention Percentage (WRP).
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in the analysis (Wong & Jim, 2014).

Table Al. Details of the calculated parameters from the rainfall hyetograph and runoff hydrograph for the

rainfall event.

Characteristics Description Unit References
RAinfall Duration (RAD) The total duration of rainfall. h

Total RAinfall Volume The amount of total rain falling within rainfall (Mentens et
(TRAV) duration. mm al., 2006;
Rainfall Intensity at Peak The rainfall rate for peak rainfall. i Nawaz et al.,
(RIP) 2015; Palla et
RAinfall Mean Intensity al., 2011;

The average rainfall rate for rainfall duration. mm/h

(RAMI) Soulis et al.,
No Rainfall Period to Onset The dry weather period between two independent o 2017; Speak
(NRPO) rainfall events (from previous event). et al., 2013;
Total RUnoff ~ Volume The amount of total runoff within runoff discharge Stovin et al.,
(TRUV) duration. mm 2013; Wong
RUnoff Peak Flow The maximum rate of discharge during the period —_— & Jim, 2014)

Maximum (RUPFM)

of runoff.




Runoff Peak Delay to The time difference between the peak of rainfall

h
Rainfall Peak (RPDRP) and the peak of discharge.
The absolute value of reduced peak discharge
Peak Flow Reduction (PFR) intensity relative to the respective peak rainfall mm/h
intensity.
) The percentage of reduced peak discharge
Peak Runoff Reduction ) ) ) )
intensity relative to the respective peak rainfall %
Percentage (PRP) ) )
intensity.
Rainfall Onset to Runoff The time difference between the start of rainfall o
Onset Delay (RORD) and the start of discharge.
Total Runoff  Duration . )
The total duration of discharge. h
(TRD)
Water Retention Amount The volume of rainwater retention by the green
mm

(WRA) roof system

Water Retention Percentage The percentage of rainfall retention by the green o
(V]
(WRP) roof system to the total volume of rainfall

A.2 Statistical and machine learning implementation for runoff characteristics
modeling

In our study, we employed statistical and machine learning algorithms to model runoff
characteristics, focusing on understanding the relationship between various weather parameters
and runoff behavior. Initially, we conducted a univariate analysis to evaluate the average runoff
characteristics under different weather conditions, providing insights into the basic impacts of each
weather parameter. Additionally, we calculated correlation coefficients between independent
variables (weather parameters) and dependent variables (runoff characteristics) to assess the
explanatory power of the weather parameters in predicting runoff behavior. To further enhance
our analysis, we utilized three advanced machine learning algorithms: Random Forest regression,
XGBoost regression, and Support Vector Regression (SVR). These algorithms allowed us to
consider multivariate factors and capture nonlinear relationships between weather parameters and

runoff characteristics.

Random Forest (RF) regression is an ensemble learning method that combines multiple decision

trees to model nonlinear relationships. RF is particularly useful in hydrological modeling due to



its ability to rank the importance of variables and its robustness against overfitting. XGBoost
regression represents an advanced evolution of gradient boosting algorithms, optimized for
computational efficiency and model performance. It effectively handles complex interactions in
environmental data and prevents overfitting through regularization. Support Vector Regression
(SVR) builds upon Support Vector Machines (SVMs) principles, offering robust performance in
regression tasks by mapping input data features into a higher-dimensional space and seeking a
hyperplane that best fits the data. SVR is valuable for managing noise in complex datasets and
achieving robust generalization in environmental modeling. Overall, these algorithms allow for
comprehensive analysis and accurate prediction of runoff characteristics, essential for effective

green roof system management and environmental planning.

In the modeling process, different rainfall characteristics (intensity and duration) and weather
parameters (temperature and humidity) were considered as independent variables. Runoff
characteristics were treated as dependent variables. In the univariate evaluation, the average of
different runoff characteristics including peak runoff, total volume, and delay time, were
designated as dependent variables. Initially, a univariate analysis was conducted where the average
of various runoff characteristics was calculated for different classes of independent variables. This
step is essential in understanding the basic impacts of each weather parameter on runoff behavior.
To further justify the methodology, the correlation coefficient was calculated between each
independent variable and runoff hydrograph characteristics. This measure helps assess the
explanatory power of the independent variables concerning the dependent variables, providing a
preliminary indication of relevant predictors. Furthermore, we employed three advanced machine
learning algorithms for more comprehensive analysis, considering multivariate factors including
random forest regression (RF), XGBoost (XGB), and Support Vector Regression (SVR)(Adnan et
al., 2021; Behzad et al., 2009; Chen & Pang, 2019; Chen et al., 2015; Le et al., 2019; X. Li et al.,
2019; Man et al., 2018; Marjanovic et al., 2011; Tehrany et al., 2014; Yao et al., 2008). The runoff
models are validated using the Leave-One-Out Cross-Validation (LOOCV) method, which is
particularly suitable for small datasets. This method helps in assessing the model's generalization
capabilities and provides an unbiased estimate of the model performance by systematically leaving
out one sample at a time from the training process (Dinh & Aires, 2022; Rennie, 2003; Sreedharan
et al., 2023). In LOOCV, the model is trained on all but one of the data points, and the left-out
point is used as the test set. This process is repeated such that each data point serves as the test set



exactly once. This approach is particularly valuable in hydrological modeling where data can often
be scarce or highly variable across different conditions (Mukonza & Chiang, 2022). It helps in
identifying outliers or data points that are particularly influential to the model, which is crucial for
hydrological models where certain extreme events (like heavy rainfall) might be underrepresented.
In the next step, the importance of the variables was evaluated by analyzing combinations that
produced the highest R2 and the lowest Root Mean Square Error (RMSE). These metrics are
essential for fine-tuning the models and selecting the most impactful predictors. The performance
of the final models was then quantified by comparing the observed with the modeled runoff

characteristics using both Rz and RMSE as indicators of accuracy.

A.2.1 Random Forest (RF) Regression

RF is a powerful ensemble learning method utilized to model the nonlinear relationships between
independent variables (e.g., climatic parameters and rainfall characteristics) and dependent
variables (e.g., runoff characteristics in green roof systems). This method combines multiple
decision trees to form a "forest,” trained on random subsets of the data with replacement, a
technique known as bootstrapping (Breiman, 2001; Pourghasemi & Kerle, 2016; Sagi & Rokach,
2018). Each tree in a Random Forest is built from a random sample of the data, ensuring that each
tree develops unique insights about the dataset, which reduces the correlation between the trees
and increases the model's general robustness against overfitting (Breiman, 2001; Micheletti et al.,
2014; Mienye & Sun, 2022). In the Random Forest, each decision tree operates on a random subset
of features to determine splits, further enhancing the diversity among the trees and thereby the
generalization ability of the model (Li et al., 2022). When making predictions, Random Forest
aggregates the predictions from individual trees through majority voting or averaging, which
mitigates the noise and variance associated with individual trees (Solomon et al., 2023). This
aggregation helps in achieving more stable and accurate predictions, especially beneficial in
hydrological modeling where the response to climatic variables can be highly non-linear and
complex (Guo et al., 2021; Xiang et al., 2021) An intrinsic advantage of using RF is its ability to
rank the importance of variables based on how much they improve the purity of the node, which
helps in understanding which variables are the most influential in predicting runoff characteristics.
This feature is crucial for interpreting hydrological data, as it allows researchers to identify the

most significant climatic factors affecting runoff dynamics (Yang & Chui, 2021). The detailed



explanation and mathematical formulation of RF algorithm can be found Belgiu and Dragut
(2016); Breiman (2001).

A.2.2 XGBoost Regression

XGBoost represents an advanced evolution of gradient boosting algorithms, designed to optimize
both computational efficiency and model performance. XGBoost enhances the sequential
combination of weak learners, typically decision trees, to construct a robust predictive model
(Nielsen, 2016). In XGBoost, trees are built sequentially, with each new tree correcting errors
made by the previous trees in the series. This approach effectively reduces bias and improves the
model's accuracy with each iteration. A key feature that sets XGBoost apart from traditional
gradient boosting is the incorporation of a regularization term in its objective function. This
regularization helps control the complexity of the model, preventing overfitting—a common
challenge in predictive modeling. This makes XGBoost particularly useful in hydrological
modeling, where the prevention of overfitting is crucial due to the often-limited size of datasets
and the complexity of interactions in environmental data (Chen & Guestrin, 2016; Chen et al.,
2015; Yang & Chui, 2021). Unlike other boosting methods that stop growing trees when they reach
a maximum depth, XGBoost uses a more nuanced "tree pruning" technique. Trees are grown to
their maximum depth and then pruned back to remove splits that provide little gain, enhancing the
model's efficiency and interpretability (Chen & Guestrin, 2016). XGBoost is renowned for its
execution speed and model performance, attributes that are attributed to its unique handling of tree
pruning and its ability to perform parallel computation on single machines. Its efficiency makes it
an excellent choice for complex hydrological models where multiple variables and large datasets
are common. The structured nature of hydrological data, with variables like rainfall, temperature,
and soil moisture, makes XGBoost an ideal tool for this domain. Its ability to handle tabular data
effectively allows it to model complex relationships between multiple input features and the target
variable (Keck, 2016; Y. Li et al., 2019), which in this context is the runoff characteristics from
green roof systems. The detailed explanation and mathematical formulation of XGBoost algorithm
can be found in Chen and Guestrin (2016); Chen et al. (2015); Friedman (2001).

A.2.3 Support Vector Regression (SVR)

Support Vector Regression (SVR) builds upon the principles of Support Vector Machines (SVMs),

which are primarily known for their robust performance in classification tasks. SVM are non-



parametric, kernel-based methods that originate from statistical learning theory (Vapnik & Vapnik,
1998). They are especially useful for addressing nonlinear, high-dimensional problems in
classification, regression, and density estimation robustly by managing the complexity of the
model (Behzad et al., 2009; Cherkassky & Mulier, 2007; Micheletti et al., 2014; Moguerza &
Mufioz, 2006; Mountrakis et al., 2011; Tehrany et al., 2014; Wan & Lei, 2009). SVR operates by
mapping input data features into a higher-dimensional space using a kernel function (Marjanovic¢
et al., 2011; Tehrany et al., 2014). In this transformed space, SVR seeks to find a hyperplane that
best fits the data. Unlike traditional regression that minimizes the residual sum of squares between
observed and predicted values, SVR focuses on ensuring that errors do not exceed a specified
threshold, the e-insensitive tube. This approach allows some errors as long as they are within a
certain margin, which is crucial for managing the noise inherent in complex datasets (Bui et al.;
Marjanovi¢ et al., 2011; Tehrany et al., 2014). The objective of SVR is to find the flattest
hyperplane in the feature space that fits the data. This hyperplane is determined by support vectors,
which are data points that lie closest to the decision surface, or the boundary of the g-insensitive
tube. Maximizing the margin around this hyperplane allows SVR to achieve robust generalization,
which is especially valuable in environmental modeling where outliers or unusual data points can
disproportionately influence model performance (Marjanovi¢ et al., 2011). One of the key
strengths of SVR s its use of kernel functions, which allow it to operate in a high-dimensional
space without explicitly computing the coordinates of the data in that space. This feature as other
ML method is crucial for handling complex, nonlinear relationships that are typical in hydrological
data. The detailed explanation and mathematical formulation of SVR algorithm can be found
Marjanovi¢ et al. (2011).

Appendix B

Table B.1. Statistical result of WRA modeling based on SVR, XGB, and RF for various independent
variables combination

NoVar | R* |RMSE | Varl | Var2 | Var3 | Var4 | Var5 | Var6 | Var7 | Var8
0.54 | 1.27 | TRAV RIP RAD | RAMI | NRPO | RH AT WS
0.59 | 1.19 | TRAV RIP RAD | RAMI | NRPO | RH AT
0.65| 1.11 | TRAV RIP RAD | RAMI | NRPO | AT
0.68 | 1.06 | TRAV | RAD | RAMI | NRPO AT

SVR

Ulo | d]|00




4 0.69 | 1.04 | TRAV| RAD | NRPO AT
3 0.72 | 0.98 | TRAV | NRPO RH
2 0.75| 0.93 | TRAV | NRPO
1 0.75| 0.93 | TRAV | NRPO
8 0.76 | 0.91 | TRAV RIP RAD | RAMI | NRPO | RH AT WS
7 0.78 | 0.87 | TRAV RIP RAD | RAMI | NRPO | RH WS
6 0.78 | 0.87 | TRAV RIP RAD | RAMI | NRPO | RH WS
XGB 5 0.79 | 0.86 | TRAV | RAD | RAMI | NRPO WS
4 0.79 | 0.86 | TRAV| RAD | RAMI | NRPO WS
3 0.79 | 0.86 | TRAV| RAD | RAMI | NRPO WS
2 0.79 | 0.86 | TRAV | NRPO
1 0.79 | 0.86 | TRAV | NRPO
8 0.75| 0.92 | TRAV RIP RAD | RAMI | NRPO | RH AT WS
7 0.79 | 0.85 | TRAV RIP RAD | RAMI | NRPO | RH AT
6 0.80 | 0.84 | TRAV RIP RAD | NRPO RH AT
RE 5 0.81 | 0.82 | TRAV| RAD | RAMI | NRPO AT
4 0.81 | 0.81 | TRAV RIP NRPO AT
3 0.81 | 0.81 | TRAV RIP NRPO AT
2 0.81 | 0.81 | TRAV RIP NRPO AT
1 0.81 | 0.81 | TRAV RIP NRPO AT

Table B.2. Statistical result of TRUV modeling based on SVR, XGB, and RF for various independent
variables combination

NoVar | R* |RMSE |Varl| Var2 | Var3 | Var4 | Var5 |Var6 |Var7 | Var8
8 0.52 | 1.83 | TRAV RIP RAD | RAMI | NRPO | RH AT WS
7 0.55| 1.78 | TRAV RIP RAD | RAMI RH AT WS
6 0.56 | 1.75 | TRAV RIP RAD | RAMI AT WS
SVR 5 0.59 | 1.70 | TRAV RIP RAD | RAMI AT
4 0.62 | 1.63 | TRAV RIP RAD | RAMI
3 0.65 | 1.58 | TRAV | NRPO RH
2 0.67 | 1.51 | TRAV RIP
1 0.67 | 1.51 | TRAV RIP
8 0.71| 1.42 | TRAV RIP RAD | RAMI | NRPO | RH AT WS
7 0.76 | 1.30 | TRAV | RAD | RAMI | NRPO RH AT WS
XGB 6 0.77 | 1.28 | TRAV | RAD | NRPO RH AT WS
5 0.77 | 1.27 | TRAV | RAD | RAMI | NRPO WS
4 0.77 | 1.27 | TRAV | RAD | RAMI | NRPO WS




3 0.77 | 1.27 | TRAV | RAD | RAMI | NRPO WS
2 0.77 | 1.27 | TRAV | RAD | RAMI | NRPO WS
1 0.77 | 1.27 | TRAV | RAD | RAMI | NRPO WS
8 0.71| 1.42 | TRAV RIP RAD | RAMI | NRPO | RH AT WS
7 0.73 | 1.38 | TRAV | RAD | RAMI | NRPO RH AT WS
6 0.75| 1.34 | TRAV RIP NRPO RH AT WS
RE 5 0.75| 1.34 | TRAV RIP NRPO RH AT WS
4 0.75| 1.31 | TRAV | NRPO RH AT
3 0.76 | 1.30 | TRAV | NRPO AT
2 0.76 | 1.30 | TRAV | NRPO
1 0.76 | 1.30 | TRAV | NRPO

Table B.3. Statistical result of TRD modeling based on SVR, XGB, and RF for various independent
variables combination

NoVar | R* |RMSE |Varl|Var2 |Var3 | Var4 | Var5 |Var6 |Var7 |Var8
8 0.44 | 2.59 | TRAV | RIP | RAD | RAMI | NRPO | RH AT WS
7 049 | 2.48 | TRAV| RIP | RAD | RAMI | NRPO | RH AT
6 0.53 | 2.37 | TRAV | RIP | RAD | RAMI RH AT
5 0.56 | 2.29 | TRAV | RIP | RAD | RAMI AT
SVR 4 0.56 | 2.29 | TRAV | RIP | RAD AT
3 0.56 | 2.29 | TRAV | RIP | RAD AT
2 0.56 | 2.29 | TRAV | RIP | RAD AT
1 0.56 | 2.29 | TRAV | RIP | RAD AT
8 0.60 | 2.19 | TRAV | RIP | RAD | RAMI | NRPO | RH AT WS
7 0.61 | 2.15 | TRAV | RIP | RAD | NRPO RH AT WS
6 0.63 | 2.11 | TRAV | RIP | RAD | NRPO RH AT
YGB 5 0.64 | 2.06 | TRAV | RIP | RAD | RAMI | NRPO
4 0.64 | 2.06 | TRAV | RIP | RAD | RAMI | NRPO
3 0.64 | 2.06 | TRAV | RIP | RAD | RAMI | NRPO
2 0.64 | 2.06 | TRAV | RIP | RAD | RAMI | NRPO
1 0.64 | 2.06 | TRAV | RIP | RAD | RAMI | NRPO
8 0.64 | 2.08 | TRAV | RIP | RAD | RAMI | NRPO | RH AT WS
7 0.67 | 1.99 | TRAV | RIP | RAD | RAMI | NRPO | AT WS
6 0.67 | 1.98 | TRAV | RIP | RAD | RAMI | NRPO | AT
RF 5 0.69 | 1.93 | TRAV | RIP | RAD | NRPO AT
4 0.69 | 1.93 | TRAV | RIP | RAD | NRPO AT
3 0.69 | 1.93 | TRAV | RIP | RAD | NRPO AT
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Table B.4. Statistical result of RUPFM modeling based on SVR, XGB, and RF for various independent
variables combination

NoVar | R* |RMSE |Varl | Var2 | Var3 | Var4 | Var5 | Var6 |Var7 | Var8
8 0.69 | 0.48 | TRAV RIP RAD | RAMI | NRPO | RH AT WS
7 0.74 | 0.45 | TRAV RIP RAD | RAMI | NRPO | RH AT
6 0.77 | 0.42 | TRAV RIP RAD | RAMI | NRPO | RH
SVR 5 0.79 | 0.40 | TRAV RIP RAMI | NRPO RH
4 0.82 | 0.37 | TRAV RIP NRPO RH
3 0.82 | 0.37 | TRAV RIP RAD
2 0.82 | 0.37 RIP RH
1 0.82 | 0.37 RIP RH
8 0.77 | 0.42 | TRAV RIP RAD | RAMI | NRPO | RH AT WS
7 0.80 | 0.39 | TRAV RIP RAD | NRPO RH AT WS
6 0.81 | 0.38 | TRAV RIP RAD | NRPO RH AT
XGB 5 0.82 | 0.37 RIP RAD RH AT WS
4 0.84 | 0.35 RIP RAD RH AT
3 0.84 | 0.35 RIP RAD RH AT
2 0.84 | 0.35 RIP NRPO
1 0.84 | 0.35 RIP
8 0.82 | 0.37 | TRAV RIP RAD | RAMI | NRPO | RH AT WS
7 0.84 | 0.35 | TRAV RIP RAD | RAMI | NRPO | RH AT
6 0.84 | 0.35 | TRAV RIP RAD | RAMI RH AT
5 0.84 | 0.34 RIP RAD | RAMI | NRPO AT
RF 4 0.84 | 0.34 RIP RAD | RAMI | NRPO AT
3 0.84 | 0.34 RIP RAD | RAMI | NRPO AT
2 0.84 | 0.34 RIP RAD | RAMI | NRPO AT
1 0.84 | 0.34 RIP RAD | RAMI | NRPO AT

Table B.5. Statistical result of PFR modeling based on SVR, XGB, and RF for various independent
variables combination

NoVar | R* |RMSE |Varl | Var2 | Var3 | Var4 | Var5 | Var6 |Var7 | Var8
8 0.28 | 0.60 | TRAV RIP RAD | RAMI | NRPO | RH AT WS
SVR 7 0.37 | 0.56 | TRAV RIP RAD | RAMI | NRPO | AT WS
6 0.44 | 0.53 | TRAV RIP RAD | RAMI | NRPO | AT




5 0.49 | 0.51 | TRAV RIP RAD RAMI | NRPO
4 |059| 045 | RIP | RAD | NRPO | AT
3 0.70 | 0.39 RIP RAD NRPO
2 |0.73] 037 | RIP | NRPO
1 0.73 | 0.37 RIP NRPO
8 |055| 047 |[TRAV| RIP | RAD | RAMI | NRPO| RH | AT | WS
7 0.80 | 0.31 RIP RAD RAMI | NRPO RH AT WS
6 |081| 031 | RIP | RAD | RAMI | NRPO | RH AT
5 0.82 | 0.30 RIP RAMI | NRPO RH AT
X8 ™ T082| 030 | RIP | NRPO | AT WS
3 0.84 | 0.28 RIP NRPO WS
2 0.84 | 0.28 RIP NRPO WS
1 |0.84| 028 | RIP | NRPO| WS
8 |075| 036 |TRAV| RIP | RAD | RAMI | NRPO| RH | AT | WS
7 0.77 | 0.34 RIP RAD RAMI | NRPO RH AT WS
6 |078| 033 | RIP | RAD | RAMI | NRPO| RH | WS
. 5 |080| 032 | RIP | RAMI | NRPO | AT WS
4 0.80 | 0.31 RIP RAMI | NRPO AT
3 |081| 031 | RIP | RAMI | NRPO
2 0.81 | 0.31 RIP RAD
1 |0.81| 031 | RIP | RAD
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