
International Journal of Research Publication and Reviews, Vol (5), Issue (11), November (2024), Page – 5361-5364                            

 

International Journal of Research Publication and Reviews 

 

Journal homepage: www.ijrpr.com  ISSN 2582-7421 

 

 

Image Segmentation Techniques For Real-Time Defect Detection In 

Buildings 

V. Vahini1, S. Chandramouli2, S. Prakash3, K. Upendra4, B. Vardhan5 

GMR Institute of Technology, 4th year civil,vizianagaram,532127,India 

ABSTRACT : 

Ensuring the structural integrity of reinforced concrete (RC) is vital to infrastructure safety. Traditional inspection methods, reliant on manual assessment, are labor-

intensive, time-consuming, and often inconsistent. This study explores the application of image segmentation techniques, powered by deep learning, for real-time 

defect detection in RC structures. By leveraging Convolutional Neural Networks (CNNs) and advanced segmentation models like Fully Convolutional Networks 

(FCNs) and Mask R-CNN, this approach enhances the precision and efficiency of identifying defects, such as cracks, corrosion, and spalling. In this work, high-

resolution images of RC surfaces are processed through segmentation models to achieve pixel-level defect localization. FCNs facilitate accurate segmentation, 

while Mask R-CNN enables instance segmentation, differentiating multiple defect types within a single image. Performance metrics, including Intersection over 

Union (IoU) and processing speed, reveal that Mask R-CNN offers a favorable balance of accuracy and efficiency for real-time applications. Data augmentation 

further increases model robustness to environmental variations, such as lighting changes in outdoor inspections. This research contributes to Structural Health 

Monitoring (SHM) by presenting a comparative analysis of image segmentation techniques for RC defect detection, demonstrating their potential in supporting 

predictive maintenance strategies. The results indicate that automated, real-time defect detection through deep learning can revolutionize the inspection process, 

improving response times, maintenance planning, and ultimately, public safety. 
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1. INTRODUCTION : 

Structural integrity is critical for ensuring the safety, longevity, and functionality of buildings. Over time, buildings are subject to wear, environmental 

stresses, and material degradation, leading to defects like cracks, spalling, and corrosion. Timely identification and remediation of these defects are 

essential to prevent structural failures and optimize maintenance. However, traditional inspection methods, which often rely on manual visual assessments, 

are time-consuming, subjective, and can miss subtle defects, especially in large or complex structures. 

 

Image segmentation, a computer vision technique, has emerged as a powerful solution for automating defect detection in building structures. By dividing 

images into meaningful segments, image segmentation enables precise localization and classification of defects within visual data. Advanced deep 

learning models, such as Convolutional Neural Networks (CNNs), Fully Convolutional Networks (FCNs), and Mask R-CNN, have been widely adopted 

for image segmentation due to their high accuracy and adaptability to complex visual patterns. These models are capable of identifying minute structural 

defects and segmenting them at the pixel level, making them suitable for real-time monitoring applications. 

 

Real-time defect detection through image segmentation has the potential to transform building inspections by enabling faster, more objective, and highly 

accurate assessments. When applied to structural health monitoring, these techniques can support proactive maintenance strategies, reduce operational 

costs, and enhance public safety by ensuring timely repairs and reinforcements. Additionally, image segmentation-based defect detection systems can be 

integrated with drones and mobile inspection devices, enabling automated monitoring of hard-to-reach or hazardous areas in buildings. This integration 

not only enhances safety for inspection personnel but also ensures comprehensive coverage of the entire structure, even in challenging environments. 

Literature Review : 

• Early defect detection methods relied on edge detection and thresholding, but struggled with accuracy in complex environments. 

• Recent studies have shifted towards deep learning techniques for more accurate and automated defect detection. 

• Convolutional Neural Networks (CNNs) have been widely used for image classification and feature extraction in defect detection. 

• Fully Convolutional Networks (FCNs) provide pixel-level segmentation, allowing precise identification of defect boundaries in structural 

images. 

http://www.ijrpr.com/
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• Mask R-CNN improves defect detection by offering both object detection and instance segmentation, suitable for multiple defect types. 

• Research focuses on optimizing deep learning models to ensure real-time performance for building inspections. 

• Techniques like rotation and scaling improve model robustness by simulating varied environmental conditions during inspections. 

• Pre-trained models on large datasets are fine-tuned for building defect detection, reducing training time and improving accuracy. 

• Several studies highlight the successful application of image segmentation for crack detection, particularly in concrete surfaces. 

• Image segmentation techniques have been used to detect corrosion and spalling, critical for assessing structural damage. 

• Combining thermal, RGB, and LiDAR images has shown to enhance the accuracy of defect detection. 

• Drones equipped with cameras are used to capture high-resolution images, allowing for automated inspection of difficult-to-reach areas. 

• Edge computing is being explored to process defect detection models locally on drones or mobile devices for faster results. 

• Evaluation metrics such as Intersection over Union (IoU) and accuracy are commonly used to assess model performance. 

• Integrating real-time defect detection with predictive maintenance systems can reduce costs and enhance building safety. 

RESULTS AND DISSCUSSION : 

Severe Crack (Red): Cracks clearly visible on the concrete structure that usually indicate severe damage or potential structural failure. 

Fig 1 Annotated image 

Efflorescence (Blue): White powdery deposits on concrete surfaces that are usually a result of moisture moving through the material, which over time 

may weaken the material itself. 

Crisp Crack (Cyan): These are perceived to be somewhat not that severe cracks as they do not pose an immediate threat. This issue only becomes a 

more major problem if nothing is done to it. 

Concrete Delamination (Green): Delamination of concrete layers and always means there is corrosion or degradation of materials that affect the 

structural strength of the materials. 

Paint Flaking (Pink): SLUFFING OFF OR PEELING OF PAINT FROM THE SURFACE, WHICH MAY BE DUE TO THE ENTRY OF WETNESS 

OR CHANGE OF TEMPERATURE. 

Steel Corrosion (Magenta): Severe rusting and corrosion of the steel reinforcement bars that causes ruin of the structural integrity. 

Dampness (Yellow): Shows that there is entry of moisture into the structure, which leads further to issues such as mold growth or material decay. 

The results for such an image segmentation do seem to predict dampness or moisture in a particular region indicated by green. Overview: This is what 

you might expect for such an analysis. Presence of Water: A green area within the image appears to highlight an area which is forecasted as possibly wet, 

and the accompanying confidence value or severity level is shown (example "Dampness 74%"). This suggests that the model may have picked up some 

form of water-related damage or dampness-prone areas.  

Fig 2 predicted image 
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Actionable Insights: 

This prediction can be used to guide your repair works to the highlighted areas like applying waterproof coatings, repainting, or even rectifying the source 

of the problem, which could be leaks or poor ventilation. 

It can also serve as a guide for distinguishing which areas of concern can wait and which are priorities. 

Validation Needed Since the model suggests a forecast, the actual status of the material should be physically validated to ascertain the actual status. 

Action 

Resolve the source of dampness - be it leaks, improve drainage, or add vapor barriers. 

Moisture meter and other diagnostic equipment be used to see how widespread the damage is. 

Fig 3 Predicted image 

 

It appears as an image of a crack segmentation analysis, where the model projects and highlights a "Mild Crack" with 52% confidence in the region 

mentioned above (highlighted in purple). Here is what you can infer from this outcome. 

Insights from Prediction: 

Crack Detection: The model has detected one region as structurally compromised, which it tagged as a "mild crack". 

Mild cracks often imply minor surface-related issues, but they can be a sign of an advanced structural problem if left unaddressed. 

Practical Applications: 

Visual Inspection: Check the crack visually and note its depth and width. Some crack depth gauges also attest to the validity of the model. 

Surface Repair: In the case of mild cracks, surface repair is usually done by filling the crack using a crack filler, sealant, or patching compound, depending 

on the material. 

Monitoring: Observe the crack over time and prevent further propagation into other areas. 

Confidence Level: There is partial uncertainty at 52%. This is a blend of the prediction with a professional inspection for an appropriate assessment. 

Possible Causes:  

Environmental stress due to thermal expansion or contraction. 

Settlement or vibrations around the areas in the building. 

Material failure or aging. 

CONCLUSION : 

It is worth mentioning in this study that the real-time detection capability associated with image segmentation techniques is touted as promising, far 

outperforming traditional manual inspection methods. Therefore, more advanced models of U-Net, Mask R-CNN, and FCNs were thus utilized for the 

accurate identification and minimal error-based segmentation of structural defects for reliable detection. Integration with devices such as drones and 

mobile cameras demonstrate the applicability of such techniques for in-situ inspections, increasing accessibility and scalability. Results include improved 

localization and classification of defects, enabling early detection and the possibility of preventive maintenance along with lower repair costs and extended 

time for structural safety and lifespan. Improve algorithmic efficiency, Increase diverse datasets of defects, Multimodal models for further improvement 

in the reliability and efficiency of systems for defect detection.  
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