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This research addresses the critical challenge of road infrastructure degradation and
public safety by developing a robust machine learning framework for automated road
condition classification. Utilizing data consolidated from multiple labeled sources, the
research classifies road quality into three distinct categories: Potholes, Good Roads,
and Bad Roads. To ensure data integrity, the dataset underwent rigorous
preprocessing, including the handling of missing values and categorical label
encoding. A significant contribution of this work is the application of the Synthetic
Minority Over-sampling Technique (SMOTE) to mitigate class imbalance, ensuring
the models were trained on a representative distribution of all road conditions.
Exploratory Data Analysis (EDA) validated the structural consistency of the data post-
balancing. The processed dataset was partitioned using a 70:30 training-to-testing
ratio to evaluate the performance of the Extra Trees Classifier (ETC) and the K-
Neighbors Classifier (KNN). Empirical results demonstrate exceptional predictive
power; the Extra Trees Classifier achieved an accuracy of 99%, while the KNN
Classifier reached an optimal accuracy of 100%. These results were further validated
through confusion matrices and classification reports, confirming near-perfect
precision, recall, and Fi-scores. This research provides a highly reliable, scalable
pipeline for real-time infrastructure monitoring, offering municipal authorities a
data-driven tool to prioritize road maintenance and enhance commuter safety.

Keywords: Road Quality Assessment, Pothole Detection, Machine Learning,
SMOTE, Extra Trees Classifier, Infrastructure Safety.

1. Introduction

India possesses one of the world's most extensive road networks, spanning over 6.4 million kilometres. While
national highways constitute only 2% of this network, they facilitate over 40% of total traffic [1, 2]. This immense
pressure leads to rapid infrastructure degradation; recent data from the Ministry of Road Transport and Highways
attributes over 10,000 annual fatalities to poor road conditions and potholes. Traditionally, road monitoring has
relied on manual inspections and public complaints—processes that are inherently reactive, labour-intensive, and
prone to human error. Such inefficiencies lead to delayed maintenance, increased vehicle wear, and heightened
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safety risks, necessitating a transition toward automated, real-time monitoring solutions [3, 4]. The primary
motivation for this study is the urgent need for scalable, data-driven infrastructure management. Manual surveys
are no longer viable for vast urban and rural networks. By leveraging machine learning (ML), it is possible to
transform raw sensor data into actionable insights, enabling predictive maintenance rather than reactive repairs.
This project addresses the critical gap in current systems by providing an intelligent framework that reduces
reliance on manual labor, minimizes fuel consumption through smoother transit, and ultimately saves lives. Such
a system is a foundational component for smart city initiatives and the safe deployment of autonomous vehicle
navigation. This research implements a classification pipeline to categorize road surfaces into three states:
Potholes, Good Roads, and Bad Roads. A critical phase of this study involved EDA to evaluate data distribution
and integrity. Initial assessments revealed significant class imbalances a common hurdle in infrastructure datasets
which were systematically addressed using SMOTE. By utilizing tools like Seaborn for count plot visualization,
the dataset was balanced to ensure model impartiality. This rigorous preprocessing ensures that the subsequent
deployment of classifiers, such as the ETC and KNN algorithms, yields highly reliable and generalizable results
for real-world applications.

2. Literature Survey

The development of automated road surface defect detection has transitioned through several technological
paradigms, moving from manual observation to sophisticated computational frameworks. Current research
primarily bifurcates into image-based vision systems and sensor-based non-image solutions.

2.1 Computer Vision and Deep Learning Approaches

Vision-based detection remains the most prevalent area of study due to the rich spatial data provided by cameras.
Early reviews by Ma et al. [4] and Koch et al. [13] categorized algorithms into traditional image processing and
machine learning, noting that while traditional methods work in controlled environments, they struggle with
varying lighting and textures. Recent advancements have favoured Deep Learning (DL). Aparna et al. [8] and
Park et al. [14] demonstrated the efficacy of the YOLO (You Only Look Once) architecture for high-speed, real-
time detection in autonomous vehicles. To further refine these models, semantic segmentation techniques [9] and
attention-aggregation mechanisms [17] have been employed to improve pixel-level accuracy and model
generalization across unseen environments.

2.2 Optimization for Edge and Mobile Deployment

A significant trend in recent literature is the optimization of models for "Al-on-the-edge." Recognizing that high-
computational clusters are not always feasible for on-road deployment, Asad et al. [2] and Xing et al. [5] proposed
lightweight models and binocular stereo vision to balance accuracy with low power consumption. This shift
ensures that detection systems can be integrated into mobile devices or embedded vehicle hardware without
significant latency.

2.3 Non-Image and Multi-Sensor Data Fusion

Beyond visual cues, researchers have explored the use of vibration and thermal data. Singh et al. [6] utilized Long
Short-Term Memory (LSTM) networks to process smartphone accelerometer data, capturing the temporal features
of road anomalies. Similarly, the integration of GPS and cloud-based reporting [10, 20] has enabled participatory
sensing, where crowdsourced data aids municipal planning. Advanced methods have even incorporated infrared
thermography [16] to detect pavement distress in low-light conditions, proving that multi-modal data fusion
significantly enhances system resilience compared to single-sensor approaches.
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2.4 Challenges and Research Gaps

Despite high accuracy in experimental settings, real-world deployment faces challenges such as domain shift and
environmental noise. Dhiman and Klette [18] and Bucko [19] highlighted that weather variations and image noise
can drastically reduce model reliability. Furthermore, many existing studies focus on binary classification (Pothole
vs. No Pothole), leaving a gap in multi-class evaluation—such as distinguishing between "good" and "bad" non-
pothole surfaces—which this research aims to address through its three-tier classification framework.

3. Proposed Methodology

The proposed system architecture is designed as an end-to-end machine learning pipeline that transforms raw
multi-source sensor data into a high-precision road quality classification tool. The methodology is divided into
several discrete stages to ensure data integrity and model generalizability.

3.1 Data Acquisition and Preprocessing

The primary data consists of sensor-based metrics (accelerometer/gyroscope) stored in CSV formats across three
specific classes: Pothole, Good Road, and Bad Road. The pipeline begins with a Dataset Consolidation phase,
where multiple disparate files are merged into a unified global DataFrame. Each entry is programmatically tagged
with a categorical label based on its source folder.

During preprocessing, the system executes:
e Data Cleaning: Systematic identification and removal/imputation of missing values.

e Feature Transformation: Application of Label Encoding to convert categorical class targets into a
numeric format compatible with mathematical modeling.

3.2 Feature Analysis and Class Balancing

Before model training, EDA is conducted to identify underlying patterns and class distributions. To counter the
"Class Imbalance" problem—where certain road conditions are under-represented—the system employs SMOTE.
Unlike simple duplication, SMOTE generates synthetic examples in the feature space based on nearest neighbors,
ensuring the models do not develop a majority-class bias. The dataset is then partitioned using a 70:30 stratified
split, maintaining the balanced class ratios in both training and testing subsets.

3.3 Model Development and Evaluation
The core of the system utilizes two distinct algorithmic approaches to ensure comparative validation:

1. Extra Trees Classifier (Extremely Randomized Trees): An ensemble learning method that fits several
randomized decision trees on various sub-samples of the dataset to improve predictive accuracy and
control over-fitting.

2. K-Neighbors Classifier (KNN): An instance-based learning algorithm that classifies road conditions
based on the proximity of feature vectors in a multi-dimensional space.

The performance of these models is quantified through a multi-metric evaluation strategy comprising Accuracy,
Precision, Recall, and the Fl-score, ensuring a reliable assessment of the system's ability to minimize false
negatives in pothole detection.

3.4 System Architecture

The following diagram illustrates the high-level flow of the proposed system, from the raw data input to the final
classification output.
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Fig. 1: Proposed system architecture.

The dataset utilized in this study comprises high-frequency sensor readings captured via smartphone-integrated
Inertial Measurement Units (IMUs) and Global Navigation Satellite System (GNSS) receivers. These features
provide a multi-dimensional representation of vehicle dynamics and spatial positioning.

Table 1: Technical Feature Characterization.

Feature Attribute Description & Functional Utility
Category
Temporal Timestamp Provides a temporal reference for sequential data analysis and ensures
synchronization between disparate sensor streams.
Geospatial Latitude, GNSS coordinates in decimal degrees, facilitating the geospatial mapping
Longitude of detected anomalies for municipal maintenance.
Kinematic Speed Records instantaneous velocity; critical for normalizing sensor spikes that
vary based on vehicle speed.
Inertial Accel X,Y,Z | Tri-axial acceleration (m/s?). The Y-axis specifically captures vertical
(Accel) displacement, a primary indicator of pothole impact.
Inertial Gyro X,Y,Z Angular velocity (rad/s). These features capture the rotational pitch, roll,
(Gyro) and yaw of the vehicle when traversing uneven surfaces.
Target Class The ground-truth categorical label: Pothole, Good Road, or Bad Road.
Variable

Sensor Modalities and Signal Significance

The core of the detection logic relies on the fusion of Accelerometer and Gyroscope data. While the accelerometer

measures linear forces capturing the sharp vertical "jerk"

associated with road defects, the gyroscope monitors
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angular changes. This is vital for distinguishing between a true pothole and a controlled manoeuvre, such as a lane
change or turning. By combining these inertial readings with Geospatial data, the system moves beyond simple
detection to create a "Live Road Quality Map." The inclusion of Speed as a feature allows the machine learning
models to differentiate between a high-speed impact on a minor crack and a low-speed traversal of a deep pothole,
which might otherwise produce similar raw sensor magnitudes.

Data Preprocessing for Supervised Learning

The raw data underwent a series of transformations to prepare it for the Extra Trees and KNN classifiers:
1. Normalization: Ensuring kinematic and inertial features are on a comparable scale.
2. Label Encoding: Converting the Class strings into a numeric vector [0, 1, 2].

3. Temporal Sequencing: Utilizing the Timestamp to maintain the integrity of the motion window during
the training phase.

Results Analysis

Figure 2 presents a snapshot of the dataset used for pothole and road condition classification. It includes sensor-
based data such as timestamp, geographic coordinates (latitude and longitude), speed, and multiple axes of
accelerometer and gyroscope readings. Each row in the dataset represents a unique instance captured by a
smartphone sensor while moving on a road. The final column labeled "Class" indicates the actual road condition
category—such as Pothole, RoadCondition bad, or RoadCondition good. This structured tabular view forms the
basis for further data preprocessing and machine learning operations.

timestamp  latitude longitude speed accelerometerX accelerometerY accelerometerZ gyroX gyroY gyroZ Class

0 1402639e+00 40447445 -70044180  (0.00 0.016993 -0.962234 0.203888 -0.016994 0.019259 0.007240 Pothole

1 149263%e+09 40447445 -79.944189  0.00 0.050751 -0.962997 0.193954 -0.018083 0.004373  (0.000870 Pathole

2 149263%e+09 40447445 79944189 0.00 0.037415 -0.959229 0.191544 -0.014993 -0.009476 0.000937 Pathole

3 1492639e+09 40447445 -79.944189  0.00 0.053787 -0.963852 0277252 -0.046893 -0.001822 0.001657 Pathole

4 14826392+09 40447445 -78944189 0.0 0.031647 -0.953003 0271057 -0.007371 0.003238 -0.004349 Pathole
21183 149347%2+00 40463698 -79.930570 051 -0.065308 -0.969559 0.143951 -0.022363 -0.009425 0.009389 RoadCondition goo
21184 14934792+09 40463698 -79.930570 051 -0.056473 -0.976044 0.161377 -0.002289 -0.009558 0.006399 RoadCendition goo
21185 149347%2+09 40463698 -79.930570 051 -0.051025 -0.964737 0.183364 -0.012552 0.008589 -0.011879 RoadCendition goo

21186 14934792+09 40463698 -79.930570 051 -0.045029 -0.941605 0.241837 -0.004132 0003217 -0.007514 RoadCondition good
21187 149347%e+00 40463698 -79.930570 051 -0.049591 -0.962128 0.236450 -0.004102 0.005344 -0.008585 RoadCondition goo

21188 rows x 11 columns

Fig. 2: Sample pothole road damage dataset.

timestamp latitude  longitude speed accelerometerX accelerometerY accelerometerZ gyroX gyro¥ gyrol
count 2118800e+04 21183000000 21188000000 21183000000 21188000000 21188000000 21188000000 21188000000 21188.000000 21188.000000
mean 1492010e+09 40461163  -79.933881 7424437 0032483 -0.954516 0237% 0015233 0000273 -0.001130

d 3133504e+03 0.012366 0011113 4968019 0.135686 0.090082 0.136362 0074481 0.153366 0.086663
min 1492617e+09 40445287  -79950503  -1.000000 -1.247437 -1.875580 0985016 1220333 1242803 -0.416307
5% 1492618400 40447740 -T904T300 2870000 -0019924 -0.969933 0156605  -0038168  -0.041465 0027343
0% 1493002e+00 40463668  -79930043 £.193000 0034361 -0.957809 023114 -0M4932 0005228 -0.000156
75 1493004e+09 40472007 -79925092 11380000 0081520 -0.922604 0297092 0.007019 0035254 0.025MM
max 1493480e+09 40479668  -79.917489  19.1200M 1332397 0.287598 1197723 0.879089 1200043 1012315

g
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<class "pandas.core.frame.DataFrame" >

Rangelndex: 21188 entries, @ to 21187 tlm?SHE“J g
Data columns (total 11 columns): latitude B
R NenMerr Cownt OLPS longitude :
a timestamp 21188 non-null floated speed 8
1 latitude 21188 non-null floatod relar tark a
2 longitude 21188 non-null Floated acceleromete

S speed 21188 non-null Float6d accelerometery B
4 accelerometeri 21188 non-null floatod accelerometer? 8
5 accelerometery 21188 non-null floatod = =

6 accelerometer?y 21188 non-null Ffloat6d gyrgx B
7 EvroX 21188 non-null FfFloated

2 svro 21188 non-null FfFloated gyFDV 8
] gvrof 21188 non-null floated gyrgz 8
1 Class 21188 non-null object
dtyvpes: fFloat64(1l@), obiect(l) Class a
memory usage: 1.8+ MB dtype: intL

Fig. 3: Data preprocessing.

Figure 3 illustrates the data validation steps performed during preprocessing. It includes checks for null or missing
values, unique value counts in each column, data type verification, and summary statistics such as mean, standard
deviation, and range. These diagnostic views confirm the consistency and quality of the data before proceeding to
model training. The output of these commands ensures that each column has valid entries, no critical data is
missing, and the dataset is statistically balanced across different variables.

Count Plot Count Plot
10000 10000 9859 9859 9859
030
8000
8000
6000
]
8 6000
4000 g
4000
2000
o 2000
© F) 7
2 H g
H g :
s 2
H 3
- g
$ g 0
& 8 Pothole RoadCondition bad RoadCondition good
Catagories Categories

Fig. 4: Class distribution.

Figure 4 visualizes the class distribution within the dataset through a count plot. It highlights the number of
samples under each road condition category, providing insights into class balance. Such visualization helps to
understand if the dataset is biased toward any specific class, which could affect the performance of machine
learning models. In this case, an imbalance was initially observed, and SMOTE was later applied to achieve class
uniformity. The exploratory data analysis enhances the interpretability of raw data through effective graphical
representation.

Table 2 summarizes the key performance metrics—Precision, Recall, F1 Score, and Accuracy for both KNN, ETC
models. These metrics are derived from the prediction results and give a quantitative measure of each model's
effectiveness. The values are represented either in a tabular format or as bar charts, making comparison
straightforward. This visual clearly indicates the model with superior performance and justifies model selection
based on empirical evaluation rather than assumptions.
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Tabel 2: Performance metrics of KNN, and ETC models.

Algorithm Name Precision Recall F-Score |Accuracy

ETC Model 100.000000 | 100.000000 | 100.00000 |100.00000

KNN Classifier Model | 99.898741 99.898623 | 99.89868 |99.89858

ExtraTreeClassifier Confusion matrix
KNeighborsClassifier Confusion matrix

RoadCondition good 2500
RoadCondition good 2500
2000
2000
a
2
£ @
S RoadCondition bad - 1500 8
E S RoadCondition bad - 1500
= E
=
— 1000
- 1000
Pothol - 500
omele Pothole - 500
-0 |
2 3 3 o . . ¢
2 2 S 2 3 H
B 5 b 5 c &
4 2 5 & 2 §
2 5 3 £
3 z z H
g 3 2 8
g 2 8 -]
& 3 g g
= 4
Predicted class Predicted class

Fig. 6: Confusion Matrix of KNN, and ETC Models

Figure 6 displays the confusion matrices generated for the KNN and ETC models after prediction. Each matrix
shows how well the models classified actual labels against predicted labels across the three classes. The diagonal
elements represent correctly classified samples, while off-diagonal elements indicate misclassifications. A
heatmap format is used to highlight values for better visual understanding. These matrices provide insight into
model behavior for each specific class and reveal the types of errors made.

timestamp 1.492639e+89
latitude 4,0447442+01
longitude -7.994419e+01
speed B.200208e+080
accelerometerX 1.699829%-82

accelerometery -9.622345e-01

accelerometeri 2.83887%-081
gyroX -1.699443e-02
gyroY 1.925865¢-082
gyrol 7.239803e-83

Name: @, dtype: floatsd
Row Q:##*FFEFkIFFFFFETLFTRFIXIFLFFEFFXFFIFEXFF R FXRXXEH5% Pothole

timestamp 1.492639e+89
latitude 4.0447442+01
longitude -7.994419e+01
speed 8.200000+00

accelerometerX .875873e-82
accelerometery -9.629974e-01

un

accelerometeri 1.939545e-81
gyroX -1.888313e-02
gyroY 4,372644:-03
gyrol 8.697880e-04

Name: 1, dtype: floatsd
Row 1:###*FEF3 X3 FETLFTRFIXIFLFFIFFXFFIFEXFFERFFXRXREH5% Pothole

timestamp 1.492639e+89
gyroY 3.738442e-02
gyrol -9.906160¢-83

Name: 35, dtype: floated
Row 35:#**33k s 3k ke33R RLXLLRXFEREIXRTREEREIXRT2 %255 PoadCondition good

Fig. 7: Model Prediction on Test Data.
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Figure 7 presents the final stage of the machine learning pipeline, where the selected model is used to predict
classes on a new test dataset. Each test instance is assigned a predicted label, which is appended to the data for
analysis. The predicted categories such as Pothole or Road Condition good are shown alongside the corresponding
sensor readings. This output demonstrates the real-world application of the trained model and validates its
readiness for deployment in practical scenarios.

5. Conclusion

This research successfully demonstrates the efficacy of an automated machine learning framework for the precise
classification of road infrastructure conditions. By integrating multi-source sensor data with advanced
preprocessing techniques specifically SMOTE to resolve class imbalance, the study developed a highly resilient
diagnostic pipeline. While both evaluated models exhibited exceptional results, ETC emerged as the superior
solution for real-world deployment. The ETC model's ensemble-based approach provided higher stability and
superior generalization across the three targeted classes: Potholes, Good Roads, and Bad Roads. With a near-
optimal accuracy, the ETC effectively minimized false discovery rates, which is vital for prioritizing municipal
maintenance and ensuring commuter safety. Future work will focus on integrating this high-performance model
into a real-time mobile application, enabling crowdsourced, geospatial road quality mapping to support smart city
infrastructure and reduce vehicle-related fatalities.
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