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With the increase in population and urbanization, water management has been crucial for
a sustainable built environment. Rainwater harvesting (RWH) has significant value in
terms of sustainability, economic benefits, and environmental impact compared to other
water resources. This study presents an Al-driven methodology for classifying roof types
and predicting rainwater harvesting potential by integrating climate and architectural
data. A deep learning model was employed to improve the accuracy and efficiency of roof
detection and classification, as roofs serve as the primary catchment area at the building

scale. The effective catchment area and quantity of rainwater runoff was calculated
following EN 12056-3 standards. Runoff calculations incorporated material-specific
coefficients based on literature to estimate minimum and maximum RWH potential. A
decision-support mechanism developed within this Al-based framework. It provides a
systematic set of suggestions for improving harvesting of rainwater while promoting
sustainable architectural design that can be integrated into diverse climate types and
urban conditions. To test the applicability of the methodology across different urban
contexts, the study examines Ankara as an example. Integrating rainwater harvesting
systems into urban planning supports sustainability not just at the building scale but
across the entire built environment. Al technologies offer promising applications for this
approach, particularly in architecture and related fields. Improving rainwater harvesting
in the built environment is of vital importance as it will help protect and develop urban
ecosystems, reduce the heat island effect in cities, and improve air quality.
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INTRODUCTION

The unchanging importance of water to all living
things has made it a subject of study across all eras
and diverse disciplines. Rapid urbanization and
inefficient water management have made water
scarcity a growing global concern, even in regions
with abundant resources (Liu et al., 2017; Mishra,
2023). In many regions, rainwater is a particularly
valuable source, as it can be used for both potable

and non-potable uses, providing a scalable and
sustainable water management solution (Raimondi
et al., 2023). Considering the strong connection
between architecture and the collection and
management of rainwater from the past to the
present, this water source has remained a crucial
element in design and planning at different scales
(Baba et al., 2018; Sahin and Manioglu, 2019; Xu et al.,
2023). With the help of developing technology, more
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effective management of rainwater has become
easier to achieve, both at the building level and
within a broader built environment that includes the
city. For instance, to analyze spatial distribution of
rainwater collection potential to determine the most
suitable urban areas (Villar-Navascués, Pérez-
Morales and Gil-Guirado, 2020) can be beneficial to
decide infrastructure planning and implementation
strategies.

There are many effective studies in the literature
on rainwater collection systems (Ahmed, Jesson and
Sharifi, 2023; Jayakumar, Bouhoula and Al-Zubari,
2024; Raimondi et al., 2023). However, applications
mostly proceed through buildings that are
specialized or designed for rainwater collection. To
effectively evaluate every drop of rainwater, an
approach that includes different scales should be
adopted and all ordinary buildings should serve this
purpose. When Al applications in water
management are evaluated, the fields of the studies
are mostly water management and distribution,
precision agriculture, water quality monitoring,
drought prediction and early warning systems, smart
water grids (Nova, 2023), water management in
agriculture (Ye et al, 2024). However, in the
literature, the detection of roofs as a catchment area
with machine learning applications and the
subsequent development of a decision support
mechanism based on this detection are not seen.

There are many object detection algorithms
available such as R-CNN, SSD, RetinaNet etc. Among
these object detection algorithms, YOLO is defined
as an important single-stage object detection
algorithm. Among other YOLO series, YOLOv8
achieves the highest speed and accuracy in object
detection with many innovations to improve model
performance (Varghese and Sambath, 2024). This
paper presents an Al-driven decision-support
framework that utilizes YOLOV8 for roof detection
and classification since among various object
detection algorithms, YOLO (You Only Look Once) is
favored for its speed and reliability in image analysis
(Terven, Cérdova-Esparza and Romero-Gonzalez,
2023). The paper discusses the methodology of Al-
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driven roof classification, evaluates RWH potential,
presents findings, and concludes with future
directions.

METHODOLOGY

The proposed methodology follows the workflow
visually illustrated in Figure 1. For clarity, the
methodology is organized into sub-sections
corresponding to elements of the methodology
diagram.

Within the scope of the methodology of this
study, the first aim was to determine and classify the
roof surfaces, which are the first structural elements
exposed to rain at the building scale. In the next step,
the maximum amount of rainwater that can be
collected for each roof was calculated using the
rainfall data of the region where the buildings are
located. Then, the effective catchment area and
rainwater flow rate formulas for the different roof
types determined were calculated based on the
standards, (EN 12056-3, 2000, pp. 8-11) and
calculations in the literature (Hagq, S. A., 2016). Thus,
the amount of rain that can be collected from the
roof of a randomly selected building in its current
condition was calculated and compared with the
maximum amount of rainwater that can be
collected.

Detecting and Classifying Roofs

YOLOv8x (VMarghese and Sambath, 2024) was
employed for object detection. The DFC23 dataset
(Persello et al., 2022) was used for roof detection and
classification, while the COCO and Massachusetts
Building datasets (Mnih, 2013) aided in performance
comparison. Three YOLOv8 models were trained:
one with transfer learning from COCO (Lin et al.,
2014), another from Massachusetts Buildings, and
one from DFC23 dataset from scratch. Their results
were compared (Table 1) (Albayrak, 2024).
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0.67986 0.41438 0.67
0.77667 0.50988 0.75

® Filtered by Roof and City

The YOLOvV8 model trained with COCO showed poor
performance in roof detection (mAP: 0.09) due to
various object classes. Model that trained with
transfer learning from pre-trained Massachusetts
Buildings Dataset had the lowest precision, recall,
and mAP (0.06) among all models. The performance
drop is likely due to differences in resolution and
color. On the other hand, the model trained from
scratch with the DFC23 dataset achieved the highest
precision, recall, and mAP (0.9), indicating accurate
roof detection and classification.

After selecting the best YOLOv8 model based on
performance, different filtering methods were
applied: Data Filtered by Cities, Data Filtered by Roof
Types, and Data Filtered by both Roof Types and
Cities. All models were trained for 200 epochs with a
batch size of 4, and these settings were consistent
across the filtering methods. The performance of the
selected YOLOv8 model was then tested on these
differently filtered datasets and compared in Figure
2 (Albayrak, 2024).

The research advanced with the model trained
on the full DFC23 dataset, which delivered the
highest accuracy. The DFC23 dataset was randomly
split into 80% for training and 20% for testing,
without following a specific strategy. This approach
provided that the trained model remains unbiased
toward the data distribution.

Figure 2
Performance
Metrics of YOLOv8
Models that Tested
with Different
Datasets

Table 1
Comparison of
Different YOLOv8
Models



Additionally, a qualitative analysis was
performed using selected images for each trained
model during the testing phase. These tests included
dataset images of city photographs, as well as
images of cities from different climate zones in
Turkey at various resolutions obtained from Google
Earth. The results were compared across different
models using dataset images, Google Earth images
of cities included in the dataset, and Google Earth
images of cities in Turkey that were not part of the
dataset. After determining the correct model and
dataset for the best performance, following ML Task-
1, the same image was used for ML Task-2, which
estimated the projected roof areas and edge
lengths. This process enabled both roof
detection/classification and  projected  area
calculation for any given region. To facilitate
qualitative analysis, the segmentation map and
detected roofs were overlaid onto the input image.
In the scope of ML Task-2, for effective catchment
area calculation, an INRIA Aerial Image Labeling
Dataset (Maggiori et al, 2017), Massachusetts
Buildings Dataset (Mnih, 2013) and a pre-trained
model were used.

Calculating Effective Catchment Area and
Quantity of Rainwater Runoff

After finding side lengths and projected roof areas,
calculations were made according to EN 12056-
3:2000 standards for flat and sloped roofs. Wind
factor was not included in the calculations. After
calculating the effective catchment area for different
roof types, EN 12056-3 standards were used to
calculate the quantity of rainwater runoff, and these
calculations were formulated as follows:

Q =rxAxC

When determining the amount of rainwater
runoff, the r value represents rainfall intensity,
measured in I/ (s x m?). However, a review of the
literature shows that rainwater harvesting potential
is typically calculated using the average annual
rainfall (mm) (Farreny et al,, 2011; Hari et al., 2018;
Mishra, Shruthi and Rao, 2020). For this reason, the

amount of rainwater was integrated as average
annual rainfall (mm), obtained from precipitation
data from Open-Meteo, weather API. Roof material
significantly influences the maximum amount of
collectible rainwater. To observe this variability,
calculations were performed using both the
minimum and maximum runoff coefficient (C) values
reported in the literature. For sloped roofs, materials
such as galvanized sheet (0.90-0.95), tile (0.75-0.90),
concrete (0.70-0.95), asphalt (0.90), aluminum (0.70),
corrugated metal (0.70-0.90), and bituminous (0.70);
for flat roofs, materials included metal (0.90-1.00),
gravel (0.70-0.85), concrete, and green roofs (0.10-
0.50) were evaluated. (Haq, S. A., 2016; Ozeren Alkan
and Hepcan, 2022). To assess the impact of roof
material independently from roof type, alternative
materials were selected based on their maximum C
values, galvanized sheet for sloped roofs and metal
for flat roofs, while baseline materials were tile and
concrete, respectively. After determining the
effective catchment area, both material extremes
were analyzed to predict potential amount of
rainwater collection.

Development of a Decision-Support
Mechanism

To evaluate the applicability of the developed
methodology, a Google Earth image of Ankara

was used as input to test the machine learning
models as seen in Figure 3. The image had a
resolution of 0.3 meters per pixel. Initially, it was
processed using ML Task-1, where roof types and
bounding boxes were identified. It was observed
that 45 roofs were successfully detected, while 11
remained undetected. The input image featured
various roof types, with hipped roofs being the most
common at 66.7% (see Figure 4).

To determine the effective catchment areas
recommended for each roof type, the side lengths of
projected roof areas were calculated in ML Task-2 as
seenin Figure 5.

As a part of ML Task-2, to facilitate qualitative
analysis, the segmentation map and detected roofs
were overlaid onto the input image (see Figure 6).
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The recommended effective catchment area
(ECA) calculations were applied, with an average
roof pitch of 30% assumed for Ankara. However,
based on  municipal regulations  (Ankara
Metropolitan Municipality Zoning Regulation,-)
where the maximum allowable slope for buildings
with more than two floors is 40%, additional
calculations were conducted for slopes up to this
limit. Since exact roof slopes were unknown,
effective catchment areas were computed for
different slope values. Then, calculations along with
the runoff coefficients (C values) of various roof
materials, were performed. Rainwater harvesting
potential was calculated considering C values
ranging from 0.75 to 0.90 for the existing roof
material, identified as tile. This allowed for the
estimation and comparison of potential rainwater
collection under different conditions. Using 10 years
of rainfall data (2010-2020), Ankara’s average annual
precipitation was found to be 372.16 mm, with a
minimum of 265.80 mm and a maximum of 451.10
mm. The potential rainwater harvesting (RWH)
values were
computed in cubic meters (m®). Table 2 and Table 3
shows the comparisons made between different
scenarios.

For flat roofs, concrete was considered, while for
pitched roofs, tile was the default material.

- Changing the roof material while maintaining
the same slope led to a 5.54% increase in
rainwater collection.

- Altering the roof slope while keeping the
material constant resulted in a 4.65% increase.

- Modifying both roof material and slope yielded
a 10.46% increase.

Since different materials have varying textures,
permeability, and performance characteristics at
different slopes, they can influence the efficiency of
rainwater runoff and collection in distinct ways
depending on the roof's angle and surface
properties.
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Table 2

Potential RWH
Values for Current
Roof Types
According to the
Different Annual
Rainfall Values and
Roofing Materials

Table 3

Potential RWH
Values for Different
Type of Roofs with
Max C Values

POTENTIAL RWH VALUES FOR CURRENT ROOF TYPES (m?)
Current MATERIALS (Tile and Concrete) Different Materials (Galvanized Sheet and Metal)
Roof Slope Min Annual Average Max Annual Min Annual Average Max Annual
Rainfall Annual Rainfall Rainfall Rainfall Annual Rainfall Rainfall
30% 6205.06 8688.02 10530.86 6547.35 9169.96 11113.99
40% 6492.04 9092.5 11020.11 6852.19 9596.90 11631.44
POTENTIAL RWH VALUES FOR DIFFERENT TYPE OF ROOFS with max C Values (m?)
Roof Slope All Roofs are Flat All Roofs are Gable All Roofs are Pyramid All Roofs are Hipped
30% (n/a) 82904 9057.2 8845 9401.6
40% (n/a) 82904 9451 9168.1 9910.2

In a scenario where all roofs were hipped with a
40% slope, the maximum potential rainwater gain
reached 508.6 m?® Further calculations were
conducted for different roof materials and types
considering scenarios where all roofs were flat,
hipped, pyramid, or gable shaped. The difference
between the highest and lowest maximum RWH
values for pitched roofs was found to be 834.88
m?, equating to an annual collection potential of
834880 liters of water (Albayrak, 2024).

This study suggests that the methodology can
be adapted to different regions using Google Earth,
aerial photos, and satellite imagery. While factors like
image resolution, roof diversity, environmental
conditions, and data quality may affect performance,
the Ankara case shows the approach remains robust
and effective in classifying roof types and estimating
rainwater potential.

DISCUSSION AND CONCLUSION

With the increasing population, the scarcity of water
became visible than ever. Rainwater harvesting plays
a crucial role in sustainable water management
within the built environment at different scales. This
study has a methodology that applicable across
diverse environmental and regulatory conditions. In
many regions, especially those facing water scarcity,
rainwater harvesting regulations have been
established to promote water conservation and

sustainable use. These regulations often outline
guidelines for the minimum amount of water to be
collected, the types of systems to be used, and
quality standards. However, in practice, these
guidelines are not properly implemented. If these
regulations are systematically followed, the
potential gains in rainwater harvesting efficiency can
be significant. In this context, systems can be made
more efficient, cost-effective, and sustainable. The
implementation of methods that can affect not only
the building scale but also the entire city, where the
gain increases as the scale increases, can be an
example of smart applications in cities.

With the methodology of this study, in addition
to making the necessary adjustments on existing
roofs, rainwater harvesting can be increased with
accurate planning in newly constructed buildings.

The ability to accurately predict rainwater
harvesting according to roof characteristics such as
slopes and material helps regions achieve their
regulatory goals more effectively, leading to better
water management and more sustainable use of
natural resources.
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In this context, analyses can be expanded to
include different materials and roof types, allowing
for increased rainwater collection through
innovative roof designs and materials in modern
architecture. Additionally, municipal plans can assist
in identifying and classifying roof types, but the
machine learning models developed in this study
enable rapid detection and classification in cases
where such data is unavailable.

Regarding calculations, results indicate that roof
materials and slopes impact the effective collection
area (ECA). Hipped roofs consistently have the
highest ECA for the same slope, and increased slope
angles enhance rainwater collection potential.
Among the materials analyzed, metal surfaces on
both flat and sloped roofs, as well as galvanized
sheet and concrete materials, demonstrate higher
rainwater collection efficiency due to their maximum
runoff coefficients (see Figure 7). In that point, it
should be also mentioned that although green roofs
reduce rainwater harvesting efficiency, they offer
significant benefits for flood prevention and urban
climate, underscoring the trade-off between water
collection and broader sustainability goals.

When evaluating the results of different machine
learning tasks in this study, it is evident that low
performance in one task affects overall accuracy. A
key challenge is that ML Task-1, trained on the DFC23
dataset, uses Google Earth images, which differ in
resolution, color, and perspective, impacting
performance. While the models effectively detect
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and classify roofs, variations in dataset label accuracy
and image sources can also affect results.

A limitation of this study is that building heights,
which affect rainwater collection, were not
considered. Future studies integrating building
heights could improve estimates and inform urban
design strategies. Additionally, incorporating
regulatory requirements could enhance feasibility
assessments across regions.

Future research could explore controlled
rainwater direction, expand material analyses, and
refine collection strategies. Identifying other urban
elements like roads and pavements could further
optimize harvesting in smart city contexts.
Additionally, the impact of climate change on the
potential amount of rainwater that can be collected
could be studied in more detail.

Overall, the findings of this study contribute to
the field of rainwater harvesting by introducing a
comprehensive methodology for detecting and
classifying roof types. Previous studies have often
overlooked the diversity in roof shapes and
materials, which can have a significant impact on
how rainwater is collected and directed. By focusing
on the accurate prediction of roof types, this study
offers a practical approach to improve potential
collectable rainwater from rooftop.

The study also aims to expand the scope of
rainwater by harvesting from a building-level focus
to a more comprehensive urban-scale perspective.

Figure 7

Roof Materials and
Potential RWH
Amount for
Different Types of
Roofs



This broader view opens new opportunities for
urban planning and sustainable water management.

The novelty of this research lies not only in its
roof classification approach but also in its potential
application to other areas. The method developed to
determine effective surface areas can be adapted to
other contexts, such as optimizing the placement of
solar panels.

In conclusion, this study presents the potential
of machine learning applications in rainwater
harvesting analysis. Roof type, slope, and material
significantly affect the effective catchment area
(ECA). These findings support sustainable urban
water management solutions at both building and
city scales in the built environment. Since this
methodology can be adapted for various
applications (e.g., real-time water management,
flood prevention, loT integration), it contributes to
the broader scope of smart city implementations
and sustainable water resource management.
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