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India is one of the leading countries in rapid global infrastructure development. Road
infrastructure is one of the major contributors to the same. This raises a need for the real-
time maintenance of the developed infrastructure. In maintenance, precise identification
and management of potholes are important, considering the safety of citizens. The current
study presents a geo-intelligent framework for real-time detection of potholes. It uses
advanced deep learning techniques such as PSP-Net and U-Net for pothole detection. It
employs high-resolution unmanned aerial vehicle (UAV) imagery, digital surface model
(DSM), along with training samples identified through annotations for model training and
evaluation. Experimental results show that U-Net outperforms PSP-Net with an F1-score
of 0.78, demonstrating high precision in pothole determination. This novel framework is
further deployed in the form of a toolkit in the ESRI ArcGIS ecosystem. The two tools
developed using the Python APl were deployed for the determination of pothole volume
and fill quantity estimation, respectively. The American Concrete Institute (ACI) approach
was used to estimate the amount of repair materials needed for the identified potholes. The
study helps in the reduction of man-hour efforts needed for lengthy field surveys for
pothole identification. The Geo-Image Analytics toolbox offers a scalable solution for
evolving urban infrastructure needs, marking a significant step forward in modernizing

pothole management practices and the sustainability of the road infrastructure.

1. INTRODUCTION

Potholes are a significant issue for citizens, with serious
economic and safety impacts. Traditional manual inspection
methods for pothole detection are time-consuming and
comparatively offer less precision, highlighting the need for
innovative solutions. High-resolution UAV imagery combined
with deep learning techniques and mobile mapping platforms
enables automated pothole detection. These technologies can
further aid in effectively managing the recognized potholes.
Geospatial data provides accurate, location-wise insight,
which is essential for mapping, monitoring, and analyzing the
road infrastructure. When combined with geospatial data and
deep learning, it triggers the automated generation of road
damage, traffic patterns, and infrastructure degradation. This
integration of both technologies enhances decision-making,
supports predictive maintenance, and reduces operational
costs by allowing timely interventions, ultimately improving
road safety, efficiency, and longevity [1]. The researchers have
applied high-resolution geospatial data combined with the
road-infrastructure stress indices and/or advanced machine
learning techniques for understanding, maintenance, and
sustainability of the road infrastructure.

The GIS-based maintenance model developed by Pantha et
al. [1], prioritizes pavement and roadside slope stability,
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creating maps for maintenance and planning. It enhances
decision-making, improving road system serviceability in the
Himalayan regions using the International Roughness Index
(IRI) and a roadside slope maintenance priority map.
Chandimal and Wijesekera [2] addresses transportation issues
like traffic congestion and financial burdens, using GIS to
identify improvements such as road surface upgrades and
alternative paths. It analyzes spatial accessibility in Kaduwela,
Colombo, considering road variation, condition, and
population. A novel method to monitor road surface conditions
of stone pavements using AWZ index in cities is proposed in
the study [3]. The results were compared with typical
pavement indicators like IRI and PCI. The method was found
to be reliable for assessing stone pavement conditions on the
entire urban road network. (Hamdi et al. [4] applied Artificial
Neural Networks (ANNSs) to predict Surface Distress Index
(SDI) values with a high correlation factor (R2 score 0.996)
and reveal the influence of key input parameters for SDI
prediction, such as rutting, crack width, crack area, patching,
pothole, and depression. In the study [5], CNN model for road
distress mapping using high-resolution remote sensing images
was proposed. The model was tweaked to extract finer features,
increasing the likelihood of accurate prediction.

Anusree and Rahiman [6] used a stereco vision-based
approach for the identification of potholes and estimation of
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the volume for identified potholes using disparity maps and
3D point clouds. Kharel and Ahmed [7] used YOLOVS5s to
identify the potholes in real-time with high precision using
high and low resolution images. The study by Lakshmi
Kumari et al. [8] explored the use of YOLOv7 and Faster R-
CNN with ResNet-50 as a backbone to automate real-time
pothole identification. Bigici and Zeybek [9] used three-
dimensional point cloud data to automatically detect and
measure road distress using UAV images.

The use of CNN models for pothole identification and
prediction using biophysical variables was discussed in the
study [10]. A pyramid scene parsing network (PSP-Net) to
detect the potholes with high-quality results on various
datasets such as ImageNet, PASCAL VOC 2012, and
Cityscapes benchmarks was discussed in the study [11, 12].

The comprehensive literature review shows that although
geospatial techniques that use geospatial data and remote
sensing are widely used for pothole identification, the studies

that use high-resolution UAV imagery data are limited [13-20].

The review also shows that the estimation of identified pothole
volumes has not been considered by researchers. Moreover,
the integration of pothole identification systems with GIS
software such as ArcGIS for development of integrated tool is
observed rarely [21-23]. This lays a strong foundation to
amalgamate advanced deep learning techniques with UAV
imagery using GIS techniques for precise pothole
identification and management. ESRI ArcGIS provides the
facility of accessing and managing geospatial data using
various tools [24].

From the comprehensive analysis of contemporary studies
in pothole identification, it is observed that studies that
integrate pothole identification, pothole volume and fill
quantity estimation are not available in the easily accessible
and deployable formats. Moreover, it is perceived that
surveying such potholes manually is slower and inaccurate
since it is difficult to measure the volume of the pothole due to
its irregular shape. This necessitates the need for a system that
automates the detection and maintenance of potholes through
an integrated framework.

Considering the limitations of existing works, this study
attempts to design and develop a toolbox to detect potholes in
real-time settings with the aid of segmentation architectures:
PSP-Net and U-Net [12]. Two novel tools, namely 1) Pothole
Volume Estimation and 2) Pothole Fill Quantity Estimation,
were developed. This affirms integration of identification and
fill quantity estimation of potholes in a seamless manner.

The following sections discuss methodology, followed by
results and discussion. The main findings and limitations of
the proposed method, along with future scope, are discussed
in the conclusion.

2. METHODOLOGY

The methodology of the proposed study involved two steps.
The first step involved gathering DSMs and high-resolution
orthomosaic UAV imagery of lcm spatial resolution captured
from Florida, USA, obtained using OpenAerial Map [13],
preprocessing and CNN model development. In the second
step the development of tool for pothole volume and fill
quantity estimation.

2.1 Dataset preparation

The high-resolution orthomosaic UAV imagery was
obtained using OpenAerial Map [25] with a ground sampling
distance (GSD) of lcm/pixel. Table 1 presents the details
about imagery acquired. The obtained image was preprocessed
to reduce noise, normalize, and align the data for consistency.
To prepare the dataset, road images with potholes were
identified through manual inspections and annotated. These
annotations were used for training and evaluating the
segmentation models.

The dataset of annotated bounding boxes of size 6000 was
created from the UAV orthomosaic imagery. It was divided
into training (80%) and testing (20%) datasets for model
training and validation. The detailed methodology of the
proposed work is shown in Figure 1.
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Table 1. Dataset details

Parameter Particulars
Acquisition Date 07-11-2018
Location Florida, USA
Flight Altitude 60m
Imaging Angle 0° (nadir)
Ground Sampling Distance (GSD) lcm/pixel

2.2 Model design and validation

2.2.1 Pothole identification

For the pothole identification model development and
validation, two segmentation architectures U-Net and PSP-Net
were employed using the ArcGIS Python API.

The U-Net model [12, 26] excels at capturing fine details
and spatial hierarchies, which makes it suitable for pothole
detection in images of road infrastructure. The expanding and
contracting paths of the model ensure precise localization and
context capture for accurate pothole segmentation. PSP-Net
model [11] divides the road surfaces in order to extract the
features and train the model using a pyramid pooling module.

With its encoder-decoder architecture, U-Net is an excellent
tool for collecting the small details of potholes, and PSP-Net
improves the comprehension of the global context of a picture.

The experimentation was undertaken in iterative trails and
fine-tuning of hyperparameters until an optimal performance.
Table 2 presents the details of hyperparameters used while
training the models.

Table 2. Hyperparameter configuration

Hyperparameter Particulars
Learning Rate 0.001
Batch Size 08
Epochs 100
Optimizer Adam
Activation ReLU, Sigmoid
Split Ratio 80:20

The model with the best evaluation performance on the
validation dataset was selected for deployment. The final
pothole feature class was created using segmentation results
obtained from DL techniques, which shows details of the
spatial extent and position of identified potholes.

2.2.2 Pothole volume and quantity fill estimation

The segmented DSMs are extracted using the identified
feature class and a high-resolution DSM, which represents
elevation data essential for calculating the material needed for
repairs. A volume computation technique involves creating
points within each pothole at 5 cm intervals, comparing actual
and constant levels of elevation to determine fill volume. This
calculation helps assign a volume property to each pothole,
which is critical for resource allocation.

2.3 Geo-Image Analytics toolbox

A crucial component of the proposed work was creating a
Python toolbox in ArcGIS Pro. It will automate the operations
of estimating pothole volume, quantity fill, and calculating
repair quantities. Figure 2 presents the workflow for the
development of this toolbox. Two tools, namely 1) Pothole
Volume Estimation (Figure 3) and 2) Pothole Fill Quantity
Estimation using the ACI method (Figure 4), were developed.
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2.3.1 Pothole volume estimation tool

Each Python script from the toolbox analyzed the
segmented photos to determine each pothole's measurements
and estimate the volume of each pothole. In this stage, feature
class (the boundary points) of identified potholes using
segmentation model along with the elevation details extracted
through DSM are fed as input parameters as a raster layer
(Figure 3).

The volume for the identified pothole is calculated using
geometric calculations based on the obtained measurements.

2.3.2 Pothole quantity fill estimation tool

Using the ACI approach [27], a Python script was created
to estimate the amount of repair materials needed. It calculates
the quantity of concrete or asphalt needed for repairs by using
the pothole volume and the ACI criteria, as shown in Figure 5.
The input parameters required at this stage are the identified
pothole boundaries, estimated volume, desirable concrete
strength and water to cement ratio for calculating the fill
quantity. The output generated is an updated pothole feature
class with details such as requirement for cement, sand, water
and other aggregate mixture as derived using ACI criteria. To
guarantee precise estimations, the script incorporates
parameters for material density and other pertinent aspects.
The detailed procedure adopted for pothole fill quantity
estimate using ACI method [27] is as follows:

The total volume of concrete (V) (Eq. (1)) is assumed to be
Im3, and the sum of the absolute volumes of all ingredients
should equal 1:

w FA A
V=;+%+p—m+i+ Vair (1)
where,
o W: weight of water (kg)
e C: weight of cement (kg)
e FA: weight of fine aggregate (kg)
e CA: weight of coarse aggregate (kg)
e p: specific gravity x 1000 (kg/m?)
e Vg air content (typically 2% for non-air-entrained
concrete)
1. Choose target strength based on grade.
(e.g., M25 — 31.6 MPa target).
2. Select water to cement (W/C) ratio (e.g., 0.45).
3. Estimate water content (e.g., 160 kg for 1 cm slump).
4. Calculate cement content using Eq. (2).
w
C=u7 2)
5. Estimate air content (e.g., 2%).
6. Determine coarse aggregate volume from reference
ACI tables based on max size and fineness modulus.
7. Compute fine aggregate volume by subtracting all
known volumes from 1 m3
8. Convert volumes to weights using specific gravities

as shown in Eq. (3).

material mass

Absolute Volume = (material relative density*water mass) (3)

The python toolbox was developed using ArcGIS Pro 3.1
with the support of ArcGIS API for python, and the python
libraries ArcPy and Pandas for processing of geospatial data,

model development, integration and deployment.
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3. RESULTS AND DISCUSSIONS lower the Fl-score. On the contrary, U-Net benefits from
direct skip connections that help retain spatial details, making
The performance of CNN models was evaluated using it more effective at capturing object boundaries and smaller
metrics like pixel accuracy, precision, recall, F1-score, and regions. As a result, it tends to achieve higher recall, which
intersection over union (loU). It is observed that, with a recall contributes to an improved Fl1-score. Thus the selection of
of 0.76, precision of 0.82, accuracy of 0.72, loU of 0.68, and model in cases where detecting small or minor regions like
an F1 score of 0.78, the U-Net model performed well. The potholes drives the overall efficacy of the developed system.
PSP-Net model provided an F1 score of 0.61, an loU of 0.76, The actual high-resolution UAV image with ground truth
an accuracy of 0.85, a precision of 0.58, and a recall of 0.72. pothole annotations recorded through manual field visits, and
The above findings demonstrated the trade-offs between predicted results are shown in Figures 6 and 7, respectively.
various model properties, indicating the U-Net model The model was trained using the annotated samples of
performs better in terms of precision and F1-score, and the potholes using the high-resolution UAV imagery. From the
PSP-Net model demonstrates higher accuracy and loU (Table results, it is apparent that model learned the minute features
3). for correct discrimination of potholes. The accuracy of model
While PSP-Net achieves a higher loU than U-Net, it records is driven by the spatial resolution of the aerial images captured
a lower F1-score, pointing to an important trade-off between and correctness of the annotations. It can be used across
region-level accuracy and pixel-wise recall. The architecture different geographical locations in similar experimental
of PSP-Net, with its multi-scale context aggregation through settings and resolution of input images. Further, the
pyramid pooling, tends to produce smoother and more calculations can be used for estimation of pothole volume and
conservative segmentations. This often leads to better overlap fill quantity. The factors such as the effects of shadow, lighting
with the ground truth as measured by loU but can miss the and angle of image capture play a vital role in models
finer details/smaller structures, thus reduce the recall and learnability and robustness [28].

Table 3. Comparative analysis of deep learning models for pothole identification

Model Recall Precision Accuracy Intersection over Union (IoU) F1-Score

U-Net 0.76 0.82 0.72 0.68 0.78
PSP-Net  0.72 0.58 0.85 0.76 0.61
An integrated dashboard using ArcGIS Pro was developed repairs.
to monitor the progress of pothole repair through field updates Field personnel were able to update the status of pothole
in real-time. A dedicated data pipeline was designed to fetch repairs and material procurement directly from the site.
the data of roads, edges, and pothole polygons. Figure 8 shows Stakeholders were able to promptly resolve any concerns that
the workflow adapted for designing this integrated dashboard developed during the repair work execution by using the
and the obtained results. The dashboard was developed using dashboards to make educated decisions. The performance of
ArcGIS Dashboard hosted over ArcGIS Online (AGOL) proposed system is constrained due to the effects of lower
platform. This dashoard hosted a web-map with layers such as: resolution imagery, variations in the lighting or angle of image
road center line (RDC) viewer, road edges (RE) viewer, capture. In future, this study can be extended with more
pothole points (PEP) viewer etc. Each layer can be fetched generalizability and robustness by training the models with
separately from the dasboard.Its integration with web-map more diverse datasets.

allows real-time pothole identification and monitoring of
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Figure 6. High-resolution UAV orthomosaic imagery and
ground truth annotations for manually inspected
potholes(annoted in yellow boxes)
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Figure 7. Pothole prediction results
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Figure 8. Workflow of pothole monitoring dashboard

4. CONCLUSIONS

The study presented the Geo-Image Analytics toolbox, an
innovative approach that integrates deep learning models,
geospatial data, and the ArcGIS Python API for pothole
identification and maintenance. The proposed system explores
the potential of advanced deep learning techniques such as
PSP-Net and U-Net for the identification of potholes using
high-resolution UAV imagery and DSM. Further, the U-Net
model is deployed in the form of a toolbox for ready use by
the stakeholders. The proposed method also provides the
facility for the calculation of the fill quantity of detected
potholes with the help of the ACI method. The DSM model
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with high-resolution imagery helped to detect small and
shallow potholes with improved accuracy. An integrated
dashboard is deployed for real-time monitoring of pothole
repairs and field maps. With this framework, stakeholders can
track the progress of the repair and maintenance of identified
potholes, contributing to sustainable road infrastructure
management and making informed decisions. It also ensures
road safety, infrastructure management, operational efficiency,
and improved livelihood of the citizens. This system acts as a
prototype for further research that will use technology to
manage infrastructure, making community road networks
safer and more dependable in the end.
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