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Abstract  

Ensuring the safety and longevity of steel 

structures, like bridges and buildings, depends on the 

effective monitoring of rust and its severity. 

Traditional methods of rust detection often rely on 

visual inspections, which can be subjective and time-

consuming. In this paper, we present a more efficient 

way to classify rust severity on steel surfaces using the 

HSI color space, along with pixel value analysis and 

computer vision techniques. By utilizing the different 

components of the HSI color model, we improve the 

accuracy of rust segmentation, which helps in better 

identifying the severity levels of rust. This method 

analyzes individual pixel values in images of steel 

surfaces, providing a detailed understanding of the 

rust's extent and intensity. Additionally, we 

conducted histogram analysis to calculate the mean 

and standard deviation of pixel values for assessing 

rust severity. Our machine learning framework, 

which includes Random Forest and OpenCV, 

processes high-resolution images to classify rust 

severity automatically through image segmentation 

and thresholding techniques. This method also 

incorporates the K-means algorithm with the Elbow 

Method to determine the optimal number of clusters 

and perform segmentation automatically. The results 

show that this approach offers a more precise and 

objective way of assessing rust damage according to 

the severity compared to traditional inspection 

methods. 
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1 Introduction 

Rust on the steel surfaces of civil engineering 

structures is a prevalent problem that may pose 

significant safety hazards. [1], [2], [3]. The corrosion of 

steel structures poses a considerable challenge for 

engineers globally. [4], and prompt and precise 

monitoring of rust damage on steel surfaces is crucial to 

maintaining the structural integrity, safety, and durability 

of steel facilities [5],[6]. Conventional rust examination 

on steel surfaces, particularly for bridges, is laborious, 

time-consuming, and occasionally hazardous [6] . Since 

the late 1990s, vision-based image processing techniques 

have garnered significant attention for inspecting surface 

defects in infrastructure, such as rust and cracks [7], [8], 

[9], [10]. Corrosion, including rust, costs the global 

economy an estimated $2.5 trillion, equivalent to 3.4% of 

global GDP. Proper monitoring and preventive measures 

could reduce this cost by up to 35%, potentially saving 

US$875 billion [11]. In high-risk industries like 

construction, rust-induced structural failures are a 

significant cause of accidents. In 2022, for example, 

1,056 fatalities occurred in the construction sector, with 

423 deaths resulting from falls, slips, or trips [12].  

Computer vision involves methodologies that allow 

machines to interpret the visual environment via digital 

photographs via machine learning algorithms. Visual 

media, including images and videos, are the predominant 

inputs for computer vision applications [13]. Computer 

vision-based structural health monitoring (CV-SHM) has 

garnered considerable interest in infrastructure 

management, including crack, rust, etc. Many computer 

vision techniques are available for surface defect 

detection, such as crack, which focus on the analysis of 

linear features and structural discontinuities, often using 

geometric modeling techniques. However, these 

techniques are less effective for rust detection, where the 

primary focus is on color variation, texture analysis, and 

corrosion patterns specific to rust. This methodology 

includes several techniques, including image 

classification, object detection, object segmentation, 

visual tracking, 3D reconstruction, image generation, 

image enhancement, pose estimation, action recognition, 

image captioning and optical flow analysis [14], [15]. 

The most common techniques are classification, 

detection, and segmentation. Segmentation is divided 

into two types: semantic segmentation and instance 

segmentation. Semantic segmentation labels every pixel 

of an object but doesn’t distinguish between individual 

items in the same group. On the other hand, instance 

segmentation not only labels the pixels but also identifies 
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and separates each instance of the same object (Figure 1) 

[16]. Computer Vision (CV) techniques are sophisticated 

instruments for assessing structural integrity, facilitating 

non-contact monitoring with great precision [17]. When 

combined with deep learning, computer vision markedly 

improves object detection abilities[17], [18]. 

 

Figure 1. Computer vision techniques: a) image-

level object classification, b) bounding box level 

generic object detection, c) pixel-wise semantic 

segmentation, d) instance-level semantic 

Segmentation [19].  

2 Related work   

We have organized our literature review into two 

main areas: (1) color space and (2) pixel value analysis 

2.1 Color Space  

Color properties are a fundamental part of image 

analysis because they help us understand the visual 

details in an image, such as pixel values and textures. 

Different color spaces, like RGB, HSI, and LAB, YCbCr 

each have their unique ways of representing color, using 

different shapes and ranges of pixel values. [20], [21]. 

The most commonly used color space is the three-

channel Red, Green, and Blue (RGB) color space (Figure 

2.) . In the RGB color space, each channel (Red, Green, 

and Blue) can represent 256 different values, ranging 

from 0 to 255, in an 8-bit image. This means that for each 

color channel, there are 256 possible intensity levels. For 

example, when the pixel values are (0, 0, 0), it represents 

pure black, with no color present. On the other hand, 

when the pixel values are (255, 0, 0), it indicates the 

maximum intensity of red. With 256 possible values for 

each of the three channels, the total number of possible 

colors in the RGB color space is 256 x 256 x 256, or 

about 16 million different colors.[20]. 

The conversion of images from RGB to grayscale is 

a common technique in image processing, as well as in 

rust identification. [2]. In 1995, FURUTAI et al. [22] 

Proposed a model for structural damage assessment 

caused by corrosion using the hue, saturation, and value 

(HSV) color space. This approach was first applied to 

color space with image processing. Bridge paint 

assessment through image processing proposed by Chen 

and Chang in 2003 [23]. The authors transformed all 

RGB photos into grayscale and delineated three regions 

according to the illumination conditions of the rust 

images. In 2004, Choi and Kim [24] employed the Hue 

(H), Saturation (S), and Intensity (I) HSI color space for 

corrosion detection and the identification of five unique 

corrosion types. In 2006, Lee et al. [25] proposed the 

utilization of color image rather than grayscale images to 

inspect steel bridge surface coatings. One of the initial 

methodologies in color space analysis for image 

processing was introduced by Chen et al. [26]. The 

authors examined 14 color spaces to identify the most 

effective one for addressing non-illumination issues. 

Similarly, Shen et al. [8] Investigated 19 color spaces, 

including grayscale, to address non-illumination 

problems in images.  

 

Figure 2. RGB three-dimensional Color cube [26]. 

Kuo-Wei Liao et al.  [27] suggested an automated 

method for rust identification on a steel bridge utilizing 

digital image analysis. They employed three picture 

recognition methodologies: (1) K-means clustering in the 

hue channel, (2) double-center-double-radius (DCDR) 

method for RGB color space, and (3) DCDR algorithm 

for Hue-Saturation-Intensity (HSI) color space. The 

authors compared 12 color spaces (RGB, HIS, YPbPr, 

YCbCr, JPEG-YCbCr, YDbDr, YIQ, YUV, HSV, XYZ, 

LAB, CAT02 LMS) and determined that the Hue 

characteristic was essential and more efficacious. 

Yundong Li et al.  [28] Converted the RGB image into 

the YCbCr color space and calculated only the Cr 

component using the Otsu method to identify rust.  
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2.2 Pixel Value Analysis   

Pixel is the most commonly used term to refer to the 

components of a digital image [20]. In one of the earliest 

studies on rust identification, Chen et al. (2009) [26] 

converted RGB images into the Hue, Saturation, and 

Intensity (HSI) color space to analyze pixel values 

associated with rust. Their findings revealed that the 

mean pixel values in the RGB space were (R, G, B) = 

(173.22, 107.76, 60.54), while in the HSI space, the 

means were (H, S, I) = (24.4909, 0.4646, 0.4471). The 

corresponding standard deviations in the HSI space were 

(H, S, I) = (6.5469, 0.1498, 0.1442). In 2023, Sun et al. 

[3] analyzed corrosion using pixel scatter diagrams in the 

RGB color space. They calculated the mean pixel values 

as C (R, G, B) = (193.94, 123.57, 59.10) and the standard 

deviations as σ(R, G, B) = (29.88, 29.12, 17.92).  

3 Methodology   

Our methodology is divided into two segments. The 

first segment involves calculating the mean and standard 

deviation of HIS pixel values. The second segment 

focuses on training and predicting rust severity.  

3.1 Statistical Analysis of HIS Pixel Values 

3.1.1 Converting Image from RGB to HSI  

Pixel values constitute the essential components and 

smallest units of a digital image [29]. For this study, we 

collected data from diverse and heterogeneous sources, 

including mobile phones, digital cameras, drones, and 

open-source repositories. This diversity ensures that the 

dataset reflects a wide range of real-world scenarios. 

Typically, digital cameras and mobile phones produce 

images in the Red, Green, and Blue (RGB) color model 

by default. To enhance the utility of the dataset, 

especially for addressing challenges like shadow removal 

and effectively identifying rust severity in the images, we 

converted all collected data from the RGB color space to 

the Hue, Saturation, and Intensity (HSI) color space. The 

range of RGB values is typically 0 to 255 for an 8-bit 

image [20], as discussed in the previous section. For this 

study, we normalized the RGB values to fit the HSI color 

model, where the intensity and saturation values are 

scaled to a range of 0 to 1, and the hue values are 

normalized to a range of 0 to 360 degrees using the 

following formula (Equations 1-4). 

 

 

 

 

 

 

𝐻 (𝐻𝑢𝑒) = {
𝜃                      𝑖𝑓 𝐵 ≤ 𝐺
360 − 𝜃        𝑖𝑓 𝐵 > 𝐺

} 

        with 

(1) 

𝜃 = 𝐶𝑜𝑠−1 {

1
2

 [(𝑅 − 𝐺) + ( 𝑅 − 𝐵)

[(𝑅 − 𝐺)2 + (𝑅 − 𝐵)(𝐺 − 𝐵)]
1
2

} 

 

𝑆(𝑆𝑎𝑡. ) = 1 −
3

(𝑅 + 𝐺 + 𝐵)
[min(𝑅, 𝐺, 𝐵)]   

 

 

(2) 

 

 

 

(3) 

𝐼 (𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦) =
1

3
 (R + G + B)    

 

(4) 

 

Hue represents the type of color Hue represents the 

type of color (e.g., red, blue, green) and is expressed in 

degrees (0°–360°). Saturation measures the purity of the 

color. It is computed as the proportion of the maximum 

deviation of the pixel color values from the neutral gray 

level. The intensity is the average of the three RGB 

components and represents the brightness of the pixel. 

3.1.2 Optimal Number of Clusters Using Elbow 

Method and K-Means Clustering 

Unsupervised machine learning, particularly the k-

means clustering algorithm, is widely regarded as one of 

the most popular and efficient techniques for image 

clustering [30]. Despite its advantages, a significant 

limitation of k-means is that it requires the number of 

clusters to be predefined before the clustering process. 

This can be challenging when dealing with real-world 

data, where the optimal number of clusters is not known 

in advance. To resolve this issue, we utilized the Elbow 

Method, a commonly employed heuristic for identifying 

the ideal number of clusters. This method entails 

computing the within the sum of cluster squared (WCSS) 

distances (inertia) (Equation 5) between each data point 

and its respective cluster centroid across various cluster 

characteristics. The results are subsequently displayed to 

generate an inertia curve. The 'elbow' or 'knee' point of 

this curve signifies the appropriate number of clusters 

since it denotes the juncture when the addition of further 

clusters yields negligible enhancement in diminishing 

inertia, reflecting a balance between model complexity 

and efficacy. 

  To enhance precision and automation, we employed 

a knee locator algorithm that correctly determines the 

elbow position in the curve. By integrating k-means with 

the Elbow Method, we established a rigorous and data-

driven strategy to ascertain the appropriate number of 

clusters, therefore enhancing the efficiency and precision 

of our picture clustering procedure. 

 

42nd International Symposium on Automation and Robotics in Construction (ISARC 2025)

1278



 

Figure 1. Rust image clustering using the k-means 

algorithm to visualize and evaluate rust severity in 

accordance with the AASHTO-2019 standards. 

Inertia ( WCSS) = ∑  ∑𝑥€𝐶𝑖

𝑘
𝑖=1 ‖𝑥 − µ𝑖‖

2      (5) 

• k is the number of clusters  

• Ci= The set of points assigned to the cluster i 

• x= A data point in cluster Ci 

• µ𝑖= The centroid of cluster Ci 

In this paper, we consider three levels of rust severity: 

Severe, Major, and Minor. These categories were derived 

from the guidelines provided by the American 

Association of State Highway and Transportation 

Officials (AASHTO) in their 'Manual for Bridge Element 

Inspection 2019’ [31]. This guidebook serves as a 

reliable resource for evaluating bridge conditions, 

including rust assessment. To comply with these 

requirements, we assessed rust severity by categorizing 

photos into separate clusters (Figure 1). Each cluster was 

subsequently aligned with one of the severity categories 

established by AASHTO. This methodology enabled us 

to categorize rust patterns according to picture attributes 

while maintaining alignment with industry standards. 

Utilizing these clusters, we can systematically identify 

and assess the degree of rust. 

3.1.3 Histogram Analysis  

A histogram is a graphical depiction that illustrates 

the frequency distribution of a dataset. In image analysis, 

histograms are frequently employed to examine the 

distribution of pixel values over various color spaces, 

including Hue, Saturation, and Intensity (HSI). Due to 

the absence of publicly available rust specific datasets, 

we collected a set of 30 real-world images of rusted steel 

surfaces. These images were analyzed using histogram-

based techniques to calculate the mean and standard 

deviation (SD) of pixel values corresponding to varying 

rust severity levels. These pixel ranges were then used to 

train a Random Forest model, aimed at classifying rust 

severity based on the calculated values. 

 

Figure 2. Histograms of H(Hue), S(Saturation), 

and I (Intensity) for Cluster 0 in HSI Color Space. 

From Figure 1, we focused our analysis on Clusters 0 

and 1, as Cluster 2 primarily represented the background 

and did not contain rust. We conducted a histogram 

analysis to determine the range of pixel values 

corresponding to different categories of rust severity. 

The histograms, as shown in Figure 2, represent the 

distribution of HSI values for Cluster 0 and Cluster 1. In 

Cluster 0, the Hue values predominantly range from 

approximately 0 to 100. The mean Hue value for Cluster-

0 is 20.11, with a standard deviation of 26.30. The 

saturation histogram displays a pyramid-shaped 

distribution with values ranging between 0.4 and 0.8, 

indicating a moderate degree of color vibrancy within 

this cluster. The mean saturation value is 0.61, with a 

standard deviation of 0.12. Similarly, the intensity 

histogram follows mid-intensity values of 0.2 to 0.7. The 

mean intensity value is 0.45, with a standard deviation of 

0.11. These histograms provide a detailed overview of 

the color characteristics and brightness distribution 

within Cluster 0. A similar analysis was conducted for 

Cluster 1 further to compare the distinct HSI properties 

of the clusters. 
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Figure 3. Workflow for Rust Severity Analysis 

Using Clustering and HSI Histogram Analysis. 

We conducted this histogram analysis on 30 rust 

images and calculated the mean and standard deviation 

values for rust severity in the HSI color space (Table 1). 

Table 1 Mean and Standard Deviation of HSI Pixel 

Values for Rust Severity Classification. 

Severity  

Pixel  

H SD S SD I SD 

Severe  18.4 16.5 0.65 0.13 0.44 0.14 

Major  24.54 12.39 0.61 0.11 0.60 0.09 

Minor  47.98 15.80 0.42 0.12 0.68 0.08 

The methodology illustrated in Figure 3. provides a 

systematic process for analyzing rust in images. The 

process begins by loading the image and converting its 

colors from RGB to HSI, facilitating a focus on the 

significant color attributes associated with rust. The 

Elbow Method is employed to determine the optimal 

number of groups for segmenting the image, followed by 

the application of K-means clustering to form these 

clusters. Visual representations for each cluster are 

generated and amalgamated into a singular image to 

validate the coherence of the clustering. If the findings 

are inaccurate, manual changes might be implemented to 

enhance the segmentation. Upon accurate identification 

of the rust regions, the rust cluster is chosen for 

subsequent study. Analyzing the cluster's color 

distribution through a histogram and computing essential 

statistics such as the mean and standard deviation of the 

rust pixels facilitates the assessment of rust severity in the 

image. This approach guarantees a comprehensive and 

accurate analysis. 

3.2 Rust Severity Training and Prediction 

3.2.1 Training Random Forest Models with 

Synthetic Data 

After calculating the pixel values, we created 

synthetic data using the mean and standard deviation 

values derived from our analysis. A Random Forest 

machine learning algorithm was trained on this synthetic 

dataset, enabling us to classify rust severity levels. Using 

the trained model, we generated a set of virtual images 

based on the input pixel characteristics and applied the 

trained model to classify external images effectively. 

The proposed methodology involves a systematic 

approach to rust severity classification and segmentation. 

Synthetic training data is first produced by establishing 

criteria for hue, saturation, and intensity (HSI) values that 

align with designated rust severity levels: Severe, Major, 

and Minor. These criteria are established on the observed 

mean ± standard deviation values obtained from 

histogram analysis. A labeled dataset is generated by 

simulating HSI data points for each severity level based 

on these thresholds. This dataset is utilized to train a 

Random Forest classifier, a resilient and adaptable 

supervised machine learning technique. The dataset is 

divided into training and testing subsets, and the model's 

performance is meticulously assessed using metrics 

including accuracy and F1-score to verify its 

dependability. 

Generate Synthetic 

Training Data 

Train Machine 

Learning Model Prediction of Rust 

Severity 

Use Pixel 

threshold 

value 

Create 

labeled 

data set

Train with 

Random Forest 

ML Model

Evaluate 

Model

Split 

Data into 

Training 

and 

Testing

Extract 

Image 

Feature 

Segmented Rust 

Image Based on 

Severity

Classify 

pixel on 

Severity 

 

Figure 4. Workflow for Rust Severity Training 

and Prediction Using Machine Learning Models. 

42nd International Symposium on Automation and Robotics in Construction (ISARC 2025)

1280



Upon completion of training, the model is utilized on 

actual photos. Pixel-wise HSI features are derived from 

the input image by transforming it from RGB to the HSI 

color space and restructuring the pixel values into a 

format suitable for the Random Forest model. The trained 

classifier forecasts the rust severity level Severe, Major, 

or Minor for each pixel in the image according to its HSI 

properties. The severity levels are represented by specific 

colors: Red for Severe, Orange for Major, and Yellow for 

Minor.  

3.2.2 Prediction of Rust Severity 

In the concluding phase, the trained Random Forest 

classifier was utilized to predict the rust severity category 

for each pixel in the input image, relying on its hue, 

saturation, and intensity (HSI) attributes. The anticipated 

labels were assigned numerical values that correspond to 

established severity levels: Severe, Major, Minor, and 

Background. The predictions were subsequently 

reformulated to match the original image dimensions, 

resulting in a segmentation map. The segmentation 

outcome, alongside the original image, offered a distinct 

representation of rust severity levels across the surface 

(Figure 5). This visual depiction enables accurate 

identification of rust damage and offers a quantitative 

framework for evaluating rust severity. This paper 

incorporates morphological operations techniques to 

fine-tune the segmented image. A 2×2 kernel was applied 

for erosion and dilation, refining the boundaries and 

reducing noise to enhance the segmentation quality. 

4 Result  

The K-means clustering algorithm was successfully 

applied, incorporating the elbow method to analyze 

histogram data. Based on this analysis, the mean and 

standard deviation of pixel values for each severity level 

were calculated, as detailed in Table 1. Using the 

calculated mean and standard deviation values, synthetic 

data was generated to represent numeric pixel values, 

which were then used to train a Random Forest machine 

learning model. The model's performance was evaluated, 

achieving an F1 score of 0.75, a precision of 0.74, and an 

accuracy of 0.81.  The segmentation outcomes delineated 

distinct borders among the clusters, offering a visual 

depiction of rust severity over the surface. A pixel-based 

analysis was performed to measure the area occupied by 

each cluster. The image-1 comprised a total of 512*512= 

262,144 pixels, with 69775 pixels (26.62%) indicative of 

Severe rust, 30929 pixels (11.80%) indicative of Major 

rust, and 52150 pixels (19.89%) indicative of Minor rust. 

 

 
 

Figure 5. Original and Multiclass Segmentation 

image of Rust Severity (Severe: Red, Major: 

Yellow, Minor: Orange, Background: Black). 

The Background comprised 109290 pixels (41.69%) 

of the image area. This quantitative research illustrates 

the efficacy of the clustering method in detecting and 

categorizing areas of differing rust intensity, offering 

significant insights for surface condition evaluation. 

5 Discussion 

The classification of rust severity is essential for 

corrosion monitoring and management, especially in 

industrial settings, where prompt detection can avert 

structural failures and minimize maintenance expenses. 

This study utilized an innovative method that integrates 

clustering-based analysis with machine learning to 

categorize rust severity into three unique classifications: 

severe, major, and minor. This workflow integrates 

unsupervised and supervised methodologies to attain 

precise and fast segmentation. The conversion of RGB 

photos to the HSI color space was crucial in the study. In 

contrast to RGB, the HSI model separates color intensity 

from chromaticity, offering a more comprehensible 

depiction of rust attributes under different lighting 

circumstances. This preprocessing procedure guaranteed 

that rust segmentation was resilient to shadows and 

inconsistent lighting, hence improving the dependability 

of future clustering and classification. The utilization of 

the Elbow method to ascertain the ideal number of 

clusters offered an unsupervised approach for 

segmenting the rusted areas based on pixel similarity. K-

means clustering enhanced this segmentation by 
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categorizing pixels into discrete clusters, denoting areas 

with differing rust intensity. The computed mean and 

standard deviation (SD) values of pixel HSI components 

for each cluster facilitated the creation of synthetic data, 

which constituted the training basis for machine learning 

models.  

A supervised machine learning method, specifically 

the Random Forest algorithm, was employed to 

categorize rust severity. This approach was selected for 

its resilience, capacity to manage high-dimensional data, 

and interpretability. Through training on synthetic data 

generated from computed HSI thresholds, the model 

demonstrated effective generalization to novel images. 

The evaluation criteria, including accuracy, precision, 

recall, and F1-score, validated the model's efficacy, with 

findings affirming its ability to effectively forecast rust 

severity across various test samples. 

6 Conclusion and Future Research  

This study significantly contributes by integrating 

histogram-based analysis with machine learning. The 

technology integrates traditional image processing with 

data-driven approaches by utilizing statistical features of 

pixel distributions, including mean and standard 

deviation. This hybrid approach guarantees that the 

classification of rust severity is both comprehensible and 

scalable for practical applications. Moreover, the visual 

depiction of segmented output images provides 

actionable insights, with pixels color-coded by severity. 

Morphological operations with a 2×2 kernel further 

refined the segmentation by enhancing boundary 

accuracy and reducing noise, enabling users to assess the 

degree and spread of rust intuitively. This quantitative 

approach provides a dependable decision-making 

instrument for rust monitoring, facilitating tailored 

interventions to reduce rust damage successfully. 

 

Notwithstanding its advantages, the proposed 

methodology does have several limitations. One 

significant limitation is the reliance on synthetic data 

specifically, pixel value ranges (mean and standard 

deviation) derived from a small set of 30 real-world 

images. Due to the lack of publicly available rust datasets, 

we used these 30 real-world images to generate the 

necessary training data. While this approach provides a 

controlled dataset, the small size and lack of diversity 

may limit the model's generalization ability, especially 

with varying rust conditions. Furthermore, external 

factors like illumination fluctuations and surface texture 

variations can influence the model's predictions. 

Despite these limitations, the approach remains a 

valuable starting point. Future work will aim to tackle 

these challenges by expanding the dataset, incorporating 

a wider variety of real-world images, and integrating 

adaptive thresholds to account for varying conditions. 

Additionally, exploring advanced techniques such as 

deep learning could enhance model generalization and 

accuracy. This study’s methodology, while in need of 

further refinement, offers a realistic and scalable solution 

for classifying rust severity. By combining clustering, 

machine learning, and quantitative analysis, we establish 

a solid framework that can be further developed for 

industrial applications, improving both efficiency and 

precision in rust severity management systems.  
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