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[bookmark: _Toc196590862]1.1 Context and Background
Road transportation plays an essential role in both the economy and public safety, but potholes continue to be a problematic and dangerous condition in road networks around the world. The identification and repair of potholes have traditionally been based on manual surveys, which are labour-intensive, time-consuming and subjective. With the aid of computer vision and machine learning techniques such as Convolutional Neural Networks, namely (CNNS), automated pothole detection is drawing growing attention as a research field (Tripathi et al., 2024). CNN approaches have been highly successful in a wide range of image classification problems as they are capable of learning complicated spatial hierarchies of features and are well-suited for road surface image analysis.
In those same years, the combination of transfer learning with CNNS has even further boosted the developments in this field. Utilising pre-trained weights of models over larger data during transfer learning helps in achieving better accuracy towards domain-specific tasks, here pothole detection in the absence of higher labelled data (Ezekiel et al., 2021). Also, lightweight architectures like MobileNetV2 and VGG-16-based custom models have demonstrated good portability for real-time deployment or on resource-constrained platforms such as smart vehicle systems or edge computing devices (Swain and Tripathy, 2024). Nevertheless, there are several concerns which make the detection less accurate and less generalizable in diverse scenarios, such as the differential textures, illumination conditions, occlusions and pothole scales (Asad et al., 2022). Therefore, the development of more robust, general, and computationally efficient models is an open area in the field of automatic road surface classification. This work is part of this evolving backdrop, hoping to contribute towards more robust and scalable systems for pothole detection by capitalising on recent advancements in CNNS and transfer learning.
[bookmark: _Toc196590863]1.2 Research Problem
Many investigators have successfully detected potholes for autonomous cars on roads by applying deep learning methods, however, there still exist shortcomings that prevent these applications from being implemented in real-world scenarios. Current CNN models generally experience challenges in sustaining high accuracy for different real-world situations, including different shadows, water patches, bleached patterns, shapes of potholes, etc (Alhussan et al., 2022). Most other studies also used datasets which are limited in geography or environment and, as a result, do not generalise well when models are implemented in other settings (Arya et al., 2020). A second common problem is how to make models complex enough without making them inefficient. Since high-accuracy models require large computational power, there is a limitation to applying them to embedded systems or edge devices for the real-time driving environment (Heo et al., 2023). Besides, existing systems tend to overlook or largely emphasise binary classification, in the sense of pothole and non-pothole type, and do not provide a good balance of pothole severity, which arguably plays a more significant role in the prioritisation of interventions (Ahmad et al., 2023). Due to these deficiencies, research that promotes the flexibility, precision and efficiency of pothole detection systems is essential. Developing such solutions by leveraging state-of-the-art deep learning model architectures and training methodologies can help in enhancing road safety, reducing maintenance costs and complementing the smart city endeavour toward intelligent infrastructure management. 
[bookmark: _Toc196590864]1.3 Research Aim and Objectives
Aim:
The objectives are to develop an effective pothole detection framework based on CNNS and transfer learning to enhance scalable detection performance in various environments, as well as computational cost. This report is an attempt to overcome the limitations of the previous models to propose an efficient architecture ripe for real-time deployment. Besides improving the detection performance, this work also aims to let the model be as lightweight as possible for real-world applications on edge devices or mobile phones. Achieving this will involve rigorous benchmarked evaluation against many different billed data sets of complex behaviour. The final goal is to build a pothole detection system that is scalable and reliable, and that can be used to make progress in intelligent transportation systems and the progressive infrastructure repair program in smart cities.
Objective:
· This paper has reviewed the existing literature and limitations of deep learning models for the purpose of pothole detection and presents a critical view of how they work and can be put into use (Tripathi et al., 2024).
· A proper pre-trained CNN model will be selected and fine-tuned using transfer learning on multiple datasets to improve generalisation (Ezekiel et al., 2021).
· The work will be assessed empirically for Accuracy, Precision, Recall and  F1-score.
· Last but not least, deployment on embedded and mobile platforms will be analysed to determine the feasibility and scalability (Asad et al., 2022).
[bookmark: _Toc196590865]1.4 Significance of the Research
The impact of this proposed research is that it has the potential to progress the safety and sustainability in the management of transportation infrastructure by enabling on-time and precise pothole detection. We will examine in the current paper the challenges of environmental variability and the computational cost involved to help in generating a model that could actually be used in future smart vehicle systems or city road inspection systems (Karukayil et al., 2024). Additionally, the study is expected to provide evidence on the viability and effectiveness of applying transfer learning in infrastructure monitoring applications, an area with a gap being filled (Parasnis et al., 2023). Optimised CNN designs will secure cost-effective and scalable model solutions and reduce reliance on manual inspections as well as empower maintenance at the right time (i.e., take action to longer the life of IRNs). From a macro perspective, this study is also in line with the current trend of smart cities, i.e. under the context of smart cities, the deployment of AI technology in the city's infrastructure aims to increase the quality of life of residents (Rahman et al., 2022). The findings will help policymakers, city planners and technology developers to proactively, not reactively, develop and deploy smart road maintenance.
[bookmark: _Toc196590866]1.5 Research Rationale
Potholes, in particular, thrive and instead pose an asperity to road safety, the cost of vehicle maintenance, and the overall efficiency of the transportation system. Conventional pothole detection by hand is labour-intensive and inconsistent, it can not accommodate the increasing requirements of the modernisation of infrastructure systems. Recent developments in deep learning, in particular the employment of convolutional neural networks and transfer learning, present the possibility of automation of this task with high accuracy and efficiency (Tripathi et al., 2024). Lightweight, scalable, and applicable to the general scenario as much as possible of a pothole detection system is consistent with the overall goals of the smart city and sustainable infrastructure management.
[bookmark: _Toc196590867]2. Literature Review
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The objective of this study is to critically review and summarise the literature about pothole detection using deep learning, including CNNS and transfer learning. The purpose of this article is to provide an overall review of the state-of-the-art techniques and to raise the most up-to-date trends, advances, and limitations, thereby indicating the directions where research efforts should be carried out (Tanwar and Turukmane, 2025). Particular emphasis is made regarding models which are applicable in practice, and which handle issues such as environmental variability, computational efficiency and generalisability of the models. The literature reviewed in this study ranges from 2020 to 2025, representing the latest developments in this area. It is considered that the research studied the traditional CNN networks, the adaptive optimisation algorithms, the mixed sensor system devices and the real-time deployment systems, to give a comprehensive overview of the current secure and cryptographic technologies landscape (Tripathi et al., 2024). The organised examination serves the purpose of contextualising the study stemming up for a placement in both academia and life.
[bookmark: _Toc196590869]2.2 Thematic or Chronological Organisation
Transfer Learning for Enhancing Pothole Detection Accuracy
Tripathi et al. (2024) presented a CNN-based pothole detection model that uses transfer learning for improved performance. Their research fine-tuned a CNN model using less size of road surface dataset so that they obtained better results for detection accuracy with pre-trained weights. The authors rigorously considered several layers and fine-tuning methods and fine-tuned their model for diverse road surfaces. The comparison was also made in terms of accuracy and precision. The numbers indicate the accuracy improvement for each training epoch and the accuracy differentiation between traditional CNN architectures and transfer learning-based architecture.
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Figure 1: Convolutional neural network architecture
(Source: Tripathi et al., 2024)
This paper will contribute by providing a basic direction for applying transfer learning to pothole detection. It demonstrates the power of using pretrained models when there is a lack of data and is going to guide the model design of this work.
Real-Time Pothole Detection and Localisation Using CNNS
Rahman et al. (2022) presented a real-time pothole detection and localisation system using convolutional neural networks. The work combined CNN-based feature extraction and a region proposal network to detect potholes in live video feeds, resulting in near real-time processing for real-world applications. Detection results were illustrated in the paper in figures with bounding boxes showing localisation accuracy even under varying road scenarios. The paper conducted latency, detection accuracy, and system scalability, and demonstrated that these lightweight CNNS can satisfy both the accuracy demand and the real-time requirement essential for smart transportation rehearsal.
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Figure 2: CNN-based feature extraction
(Source: Rahman et al., 2022)
This paper enhances the project by sharing real-world inference performance of the framework. Its approach will guide the creation and optimisation of a system which is capable of not only classifying but also efficiently localising potholes in continuous data streams, making the designed solution more feasible in practice.
Lightweight Models for Real-Time Pothole Detection
Ezekiel et al. (2021) created an intelligent system in which computer vision and transfer learning were applied in order to detect potholes. Their model used a MobileNet architecture and was trained on real-world road images under a variety of light and environmental conditions. They show promising gains in classification speed and accuracy, especially for resource-constrained applications. The paper contained a plot comparing performance numbers: precision and recall, for multiple transfer learning models considered.
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Figure 3: Localisation Using Convolutional Neural Network
(Source: Ezekiel et al., 2021)
Such a study is beneficial to this project as it shows the potential of lightweight models to be applied in real time, which is consistent with the aim of the project to reach efficient computation when implemented in realistic scenarios.
Optimisation Techniques to Improve Pothole Classification Robustness
Alhussan et al. (2022) came up with a novel pothole and plain road classification system by combining AMDTO with transfer learning. It contributed to improving the robustness of classification for self-driving cars by employing a fine-grained process of a pre-trained CNN model through a clever optimisation technique. Numbers in the paper show the accuracy improvements obtained with the AMDTO approach compared to the conventional transfer learning methods.
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Figure 4: Adaptive Mutation Dipper Throated Optimisation
(Source: Ezekiel et al., 2021)
This paper motivates the work by discussing optimisation techniques that can be embedded during the training of the model to improve robustness and adaptability in particularly for the autonomous vehicles scenario.
Multimodal Data Fusion
Chen et al. (2023) introduced a multimodal deep learning model that integrates visual and LiDAR information to detect road surface anomalies, such as potholes, holes and patches. The model adopts a CNN for image processing and a point cloud network for depth information analysis, thus improving the robustness of detection to varying illumination and environments. Results in the article are compared to those of the multimodal method, and performance comparisons illustrate that multimodal methods considerably outperform single-modality methods, especially in low visibility and at night. The combining strategy models the texture and structure information of road patches well, which results in better anomaly detection results on challenging roads.
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Figure 5: Typical network for point cloud processing based on deep learning
(Source: Chen et al., 2023)
This article will benefit the project by stating the performance gain of multimodal data fusion and encouraging the project's extension to other enhanced applications beyond single-image input for pothole detection. It also sheds light on the deployment closer to the reality of more robust detection systems that can cope with high performance in the presence of different environmental stresses.
Transfer Learning Approaches for Pavement Crack Identification
Jana et al. (2022) proposed a transfer learning-based deep CNN for pavement crack detection and treated the pre-trained networks as initialisation weights to improve the detection accuracy on insufficient datasets. The paper characterised a number of CNN models and used numbers which compared the performance of the networks. They discovered that transfer learning can greatly improve the performance of detection when the training data is small.
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Figure 6: Deep convolutional neural networks with transfer learning
(Source: Jana et al., 2022)
This research will give valuable intuition on model selection and fine-tuning approaches for data-limited scenarios, which is very relevant to the aim of this project in obtaining the optimal pothole detection accuracy under minimal training examples.
Deep Learning Classifiers for Pothole Detection in Varied Environments
Tanwar et al. (2025) adapted the MobileNetV2 architecture using transfer learning for capable detection of road potholes. Their technique not only lowered the computational overhead but also offered reduced loss in accuracy, rendering it deployable for mobile and embedded applications. Results on model architecture and comparison with MobileNetV2 are shown in the paper figures.
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Figure 7: MobileNetV2 network architecture
(Source: Jana et al., 2025)
This work has significant relevance to inform architectural choices of the project, such as an adaptation of the MobileNetV2 to improve real-time object detection in resource-deprived environments.
Surface Area-Based Classification of Potholes
Ahmad et al. (2023) used pre-trained CNN models to categorise potholes according to surface area. Their method of analysis was distinctive in that it quantified and classified the severity of potholes, which is an important criterion for mapping priorities of road maintenance. Overall, the figures showed surface area categories plotted on actual image roads with high resolution, demonstrating the potential for accurate model results.
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Figure 8: Model of image processing
(Source: Ahmad et al., 2023)
This study is expected to contribute to further developing the project by providing the rationale for the detection system extended from a binary classifier to the severity level, which would increase the practical value.
High-Accuracy Detection Using VGG-16 Pre-trained Networks
Automated pothole detection was analysed in Swain and Tripathy (2024), where a VGG-16 pre-trained model and a CNN were employed. They achieved good detection performance, especially in the detection of potholes from other road defects, including cracks and patches. The paper used confusion matrices and accuracy curves in its illustrations. 
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Figure 9: Architecture of VGG16 pre-trained Convolutional Neural Network
(Source: Swain and Tripathy, 2024)
The results of this work will help to choose strong pre-trained architectures when potholes are to be discriminated from other non-pothole road defects.
[bookmark: _Toc196590870]2.3 Key Contributions and Gaps
The pothole detection work has made huge improvements in recent studies using deep learning and, in particular, convolutional neural networks with transfer learning. It has been proved that transfer learning enhances model generalisation and reduces the capacity requirement for large datasets, thus leading to efficient detection in different road conditions (Ezekiel et al., 2021). Light-weight networks, including MobileNetV2 and highly efficient CNN models, make real-time detection on resource-bounded devices (Asad et al., 2022). In addition, new methods such as adaptive mutation-based optimisation and severity-based classification have improved the applicability of pothole detection systems (Alhussan et al., 2022). However, notable gaps remain. Many of the existing models are weak in detecting when the testing and training image domains differ significantly, e.g., due to inconsistent lighting and weather conditions (Heo et al., 2023). Moreover, several studies focus on binary classification but do not concern themselves with pothole size, or pothole severity, or prioritise which pothole has to be repaired (Ahmad et al., 2023). Closing these gaps is very important in order to design realistic end-to-end working systems.
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This study follows a design science research (DSR) model to design and validate an improved pothole detection model using deep learning with transfer learning. Design science research is particularly appropriate for this research because it is related to the production of novel artefacts in order to address practical issues, along with the development of evaluation processes. In this setting, the artefact is a deep learning-based pothole detection system for real-world use in intelligent transport systems. The sequence of the study is based on the well-established method of problem identification, artefact design, construction and iterative evaluation. The problem identification stage is built upon an extensive review of the literature that identifies limitations in the current models, such as robustness, generalisation and computational efficiency (Heo et al., 2023). In the design stage, a CNN model is first chosen and pre-trained, then fine-tuned by transfer learning instantiation to effectively work under different road and environmental scenarios. The last phase will verify the effectiveness of the artefact on benchmark metrics, including accuracy, precision, recall and F1-score, on various datasets of road images. Practical viability will also be addressed by validating the model in actual resource-constrained scenarios, i.e., mobile or embedded systems (Tanwar and Turukmane, 2025). This cyclical process is the core of the system that is being proposed as an outcome, thus, it guarantees that such a system meets the theoretical soundness and practical usefulness.
[bookmark: _Toc196590873]3.2 Research Methods
The research approach is mainly quantitative and experimental to justify the performance of the developed model. Quantitative research is particularly suitable for this purpose as model effectiveness can be quantitatively measured using well-established statistical measures and results tested empirically (Arya et al., 2020). The chosen research methodology is experimental. A number of deep learning models will be trained and evaluated in an organised manner, on a road surface dataset. The model will be based on pre-trained MobileNetV2 architecture, which has been fine-tuned with the use of transfer learning methodologies due to its trade-off between accuracy and resource consumption (Swain and Tripathy, 2024). Comparison experiments will also be performed with other architectures to compare performance differences (e.g. VGG16, ResNet50).
During the model training, various types of data augmentation will be applied to increase the diversity of data, such as rotation, translation, intensity changes, etc. By tackling the problem of environmental variation encountered in the literature (Heo et al., 2023). Learning rates, batch sizes and dropout rates will be fine-tuned with hyperparameter tuning, to make the model generalise but not overfit. The evaluation metrics will include accuracy, precision, recall, F1-score and inference time to help a comprehensive understanding of the model’s performance. The 10-fold cross-validation methodology will be used for the robustness and generalizability of the results. The model will also be tested for real-time inference (“on the edge”) in a simulated edge device setting to validate the feasibility of deployment in practice (Karukayil et al., 2024). This experimental approach is consistent with the aim of realising a pothole detection system which is feasible for exploitation and at the same time academically sound.
[bookmark: _Toc196590874]3.3 Materials
Research artefacts include the models, source code, and the hardware used in the modelling, training, and evaluation. The first dataset will be made available from public sources in the form of annotated images of road surfaces with pothole surfaces and with non-pothole surfaces (Saisree and Kumaran, 2023), augmented where necessary with images captured from custom, based on a specific variability of the ambient conditions. All data collection standards will adhere to ethical guidelines and avoid any violation of privacy or safety regulations for every image recorded. The software will include the Python programming language and deep learning packages (primarily TensorFlow and Keras) for model development and training. We will use libraries such as OpenCV (image preprocessing) and sci-kit-learn (evaluation metric calculations) (Ahmad et al., 2023). The code should be tested to be used on Jupyter Notebook as a workspace. This will increase documentation and reproducibility. The only hardware prerequisite is a PC with a compatible GPU (NVIDIA RTX 3060 or better) that can be used to accelerate model training. Deployment to an edge device for real-time testing will include deployment to an implanted device like the NVIDIA Jetson Nano as the Edge device (Karukayil et al., 2024). Larger-scale experiments can also leverage cloud computing resources (e.g., Google Colab, AWS EC2 instances with GPU support).
[bookmark: _Toc196590875]4. Expected Outcomes
[bookmark: _Toc196590876]4.1 Anticipated Results
The primary novelty of this work is an efficient model for pothole detection based on CNNS, which provides a high level of precision combined with fine training speed and limited computation. The fine-tuned model is expected to demonstrate high detection accuracy with the least computational cost which is suitable for deployment on edge devices such as embedded systems and mobile devices (Tanwar and Turukmane, 2025). The model will likely outperform baseline CNN models in all the precision, recall, and F1-score, especially when generalising in a network that has been tested in many different environments for lightning, road texture, and weather. Notably, the addition of transfer learning is expected to significantly enhance the model's ability to generalise to a wide range of datasets, and it is one of the main limitations of previous work (Tripathi et al., 2024). In the experiments, the proposed model will be compared with other pre-trained architectures, including VGG-16 and ResNet50, and the optimal architecture for practical use will also be validated.
[bookmark: _Toc196590877]4.2 Potential Implications
The results of this work are believed to have a significant impact on both academic research and practical applications (Ahmad et al., 2023). Academically, the research will add to the literature around the use of transfer learning within infrastructure monitoring, and specifically into improving the robustness and efficiency of models for resource-starved environments (Parasnis et al., 2023). Operationally, the proposed system can be incorporated into city inspection vehicles, self-driving automobiles, as well as mobile phone-based road inspection apps for real-time pothole detection and identification, with benefits to road maintenance and public safety (Ezekiel et al., 2021). Furthermore, with the introduction of several components such as severity assessment, and bridge load ratings by pothole surface area, the model can help in prioritising patches, enabling the stakeholders to manage their resources more efficiently. 
[bookmark: _Toc196590878]4.3 Limitations and Challenges
This study may have several potential limitations that have to be taken into account. One of the most significant obstacles is access to and heterogeneity of training data, due to the difficulty of guaranteeing that the training data replicates the full diversity of real-world contexts of these systems, which might include extreme weather, poor light and odd pothole shapes (Arya et al., 2020). This could affect the generalisation capability of the model to novel test environments. There are more limitations, especially with the computational requirements for the initial model training, therefore demanding access to high-end GPUS or cloud computing (Asad et al., 2022). Moreover, although the model will be trained for Edge deployment, it might be impractical to ensure a consistent real-time operation across all hardware platforms. Such limitations must be addressed on the one hand through (careful) data augmentation, tuning of hyperparameters, and hardware-specific optimisation, to ensure that the proposed pothole detection system is practical.
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Figure 10: Gantt chart
(Source: Self-created in the project Libre)
[bookmark: _Toc196590880]6. Future Scope
Almost categorisation would allow for more precise pattern-based planning. Another potential avenue is the fusion of multimodal data, such as visual, infrared, and Lidar, to improve the resilience of detection models in different environmental scenarios (Karukayil et al., 2024). Integration of different sensor inputs might overcome the challenges due to lighting and occlusions, as well as surface contaminants that have been reported as critical obstacles to model generalisation (Heo et al., 2023). In addition, lightweight, efficient, deep learning models must be applied in autonomous vehicles and large-scale municipal systems. Future studies could seek to enhance the speed of inference and energy efficiency through model pruning, quantisation, and hardware-aware neural architecture search (Tanwar and Turukmane, 2025). This progress will enable the embedding of pothole detection systems into the real-time smart city ecosystem and dynamic road maintenance scheduling systems. Lastly, the development of large, harmonised, and globally representative datasets, which are consistent and regularly updated, would facilitate the benchmarking and validation of various models under different real-world settings, increasing the comparability and generalisability of research findings (Arya et al., 2020). International cooperation in labelling and sharing of datasets would be of great value to the field.
[bookmark: _Toc196590881]7. Conclusion and Recommendations
In this article, the proposed way of systematically designing an end-to-end robust concrete frustum detection system based on CNNS and transfer learning has been presented. The work specifically aims to overcome the limitations reported by existing researchers, about the difficulty of generalising across varied contexts, the computational costs incurred, and the exclusive focus on binary classification tasks. While optimising tiny pre-trained models and testing in resource-constrained environments, the project aims to offer a deployable solution. The lessons derived from the reviewed literature suggest that TPPF systems should optimise the adoption of transfer learning, at times with scant examples to train on. Moreover, the advances in model optimisation strategies, adaptive mutation and hybrid feature extraction suggest potential further performance improvement gains. Based on the evidence examined in this review, future directions of research from our perspective include: the expansion of diversity in training datasets, severity-wise classification and multimodality data fusion. In addition, we will include energy-efficient model designs and edge-device deployment experiments to enable system scalability and accessibility. We recommend the collaboration of academia, industry, and governmental bodies for pilot studies that can transition experimental prototypes to large-scale deployments within the context of smart city infrastructure in support of air and water quality monitoring.
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