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Abstract 

The role of machine learning (ML) continues to rise in the structural fire engineering area. Noting 

the widespread of supervised ML approaches, such methods are being heavily utilized nowadays. 

On the other hand, little interest has been dedicated to unsupervised ML. Unlike supervised 

learning, unsupervised learning algorithms are trained using data that is neither classified nor 

labeled, thus, allowing the algorithm, and without guidance, to identify unseen patterns and decode 

hidden structures of complex phenomena residing in data. In this pursuit, this study presents 

findings obtained from one of the earliest investigations aimed to explore the potential of 

unsupervised and interpretable machine learning (ML) clustering analysis to investigate the 

response of reinforced concrete (RC) columns under fire conditions. We used four algorithms 

(namely, K-Means, Hierarchical, Fuzzy C-Means, and DBSCAN) to cluster over 140 fire-exposed 

RC columns. Results from our clustering analysis show that the performance of such columns can 

be distinctly grouped into unique clusters. Our findings allow structural fire engineers to 1) identify 

and avoid RC columns with poor fire performance and, when possible, 2) upgrade the 

features/characteristics of columns of poor fire response to achieve an improved behavior. Overall, 

our analysis indicates that fire-exposed RC columns naturally fit into four clusters – each with 

unique properties and response – that are governed by the material, geometric and loading features.  

Keywords: Clustering; Columns; Concrete; Fire; Interpretable machine learning. 

1. Introduction 

Designing structures (or structural members) for fire conditions is a complex process. Not only 

knowledge of the materials comprising such members is needed, but additional insights into their 

thermal and mechanical behavior are also equally important [1]. For example, the fire response of 

RC columns is influenced by a column's geometric and material features, together with the 

magnitude of applied loading, restraint conditions, and fire scenario, to name a few [2–4]. While 
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the properties of construction materials tend to degrade with rising temperatures, the geometry of 

RC columns may undergo disintegration due to spalling or cracking. Since accurately tracing these 

degradations and changes under fire may not always be possible, accurately predicting columns' 

fire response becomes complicated.  

On a more positive note, a range of approaches can be applied to design structural members for 

fire or predict their response under elevated temperatures. These approaches cover design aids 

(i.e., charts or tables) often documented in building standards or code [5,6], hand calculation-like 

methods [7–9], advanced numerical simulations [10,11], and the use of machine learning (ML) 

based methods [12–15]. The noted methods may diverge on their origin and fundamentals. Yet, 

they converge on delivering a series of pathways that can be followed to predict the response of 

fire-exposed structural members. 

More specifically, ML-based methods can be viewed as promising techniques as they allow 

automated and accelerated means to complications/constraints imposed by some of the logistics of 

traditional methods (e.g., need for specialized licenses, etc.). In addition, such methods also answer 

recent calls aimed at embracing and leveraging continuing advancements in computing as a means 

to realize automation and Industry 4.0 [16–19].  

The open literature documents a collection of works that adopted various ML methods in the 

area of structural fire engineering. In one such work, Erdem [20] developed a neural network to 

assess the fire-induced loss in the flexural capacity of RC slabs. Similarly, McKinney and Ali [21] 

developed a neural network to predict the occurrence of fire-induced spalling in concrete members. 

More recently, Moradi et al. [22] used a neural network to forecast the fire resistance of concrete-

filled steel tubes. (CFST), Chaudhary et al. [23] developed ML surrogate models for RC slabs, 

Panev et al. [24] applied support vector machines to predict fire-resisting of shallow floor systems, 

with other works utilizing various ML methods and tackling other structural fire engineering 

problems by [25–31]. 

A common feature of the majority of the cited works above is that they used supervised ML 

techniques. While supervised learning is commonly used in our domain, another type of learning 

is referred to as unsupervised learning, and this can be adopted in scenarios when only the inputs 

are provided, and no corresponding outputs are available. In this situation, an algorithm is applied 

to explore the underlying structure within data and to figure out the nature of the problem on hand. 

Unsupervised learning can be used to "group by behavior," i.e., identify certain factors with high 

potential to minimize poor behavior under fire, or discover rules that define the assembled data, 

i.e., RC columns made from high strength concrete tend to have a denser microstructure and suffer 

from spalling under fire. Up to our knowledge, as well as recently reviewed studies [32–34], 

combining unsupervised and supervised learning in our area has not been explored before and 

hence is another motivation behind this work. 
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In this pursuit, this research explores the use of unsupervised ML clustering analysis to evaluate 

the fire response of reinforced concrete (RC) columns. Further, we developed and implemented 

four clustering techniques (namely, K-Means, Hierarchical, Fuzzy C-Means (FCM), and 

DBSCAN) to examine a database of 140 RC columns that were tested under standard fire 

conditions. We report that unsupervised ML can identify unique clusters for RC columns under 

fires. Each cluster is associated with distinctive behavior that arises due to the interaction of 

columns' features. This presented clustering analysis can shed more light on the response of RC 

columns, thereby allowing structural fire engineers to better understand RC columns under fire 

conditions. 

2. Rationale to Unsupervised Learning and Clustering Analysis    

The primary goal of unsupervised learning is to identify hidden structures in unlabeled 

observations (as in the output of the phenomenon on hand [say, fire resistance of RC columns] is 

not labeled as an output). Rather, all the data becomes an input to the clustering analysis. Clustering 

analysis enables users to gain valuable insights from how their data are clustered since the majority 

of clustering algorithms group data by examining how the data are spread out via centroid-based 

clustering, density-based clustering, hierarchical clustering, etc. [35–39]. The underlying 

assumption is that data in close proximity to each other and one group (cluster) share more in 

common than they share with data that lies away from such a group. Thus, once such clusters are 

identified, then insights can be drawn from their clusters.  

2.1. Details of the Selected Unsupervised Learning (Clustering) Algorithms   

As mentioned earlier, the fundamental idea behind clustering ML is to compartmentalize the 

collected observations into a number of groups (i.e., clusters) that share similar characteristics. Our 

earlier investigations [30,40], along with other researchers [41–43], have noted how the reliance 

on a sole algorithm may yield to developing biased models. As such, this work explores four 

different algorithms. This section articulates the adopted four clustering algorithms, namely, K-

Means, Hierarchical, FCM, and DBSCAN. Table 1 articulates a comparison between these 

algorithms. It is worth noting that we implemented the Elbow method and Silhouette analysis to 

identify the correct number of clusters, as will be discussed at the end of this section [44–46].  
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Table 1  

Comparison between different clustering algorithms  

K-Means Hierarchical Fuzzy-C Means DBSCAN 

Need to identify no. of 

clusters beforehand. 

May not need to identify 

no. of clusters beforehand. 

Need to identify no. of 

clusters beforehand. 

No need to identify no. of 

clusters beforehand. 

Work well for uniform 

clusters. 
- 

Work well for uniform and 

non-uniform clusters. 

Work well for uniform and 

non-uniform clusters. 

Fit observations into one 

cluster. 

Fit observations into one 

cluster. 

Fit observations into one or 

more clusters depending 

on likelihood. 

Fit observations into one 

cluster. 

Does not work well with 

outliers. 

May not handle big data 

well. 

May run slower on large 

datasets. 

Can identity Outliers 

easily. 

2.1.1. Interpretability Through Decision Trees 

The output of each clustering algorithm is augmented into an interpretable decision tree once 

all of the data points for each clustering model have been allocated to the clusters (see Fig. 1). 

Each tree contains various nodes, some of which are "split" nodes, and some are "leaf" nodes. 

Depending on whether the features in the dataset meet certain conditions, a tree structure is formed 

from the "root" node to the "leaves" (in a top-down approach).  

 

 

 

 

 

 

 

Fig. 1. Generic Illustration of an interpretable tree (Note: cluster number refers to the largest 

sample number in the "Value" component) 

2.1.2. K-Means Clustering Algorithm  

K-Means is a widely used clustering algorithm [47–49]. Oftentimes, it is applied iteratively to 

identify the optimal number of clusters in a dataset by examining the total decrease in intra-cluster 

Feature: (L, C, etc.) 
Entropy: measure the homogeneity 
Samples: total number of samples 

Value: [samples in cluster no. 1, samples in cluster no. 2, ..] 
Class: Cluster number 
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Samples: total number of samples 

Value: [samples in cluster no. 1, samples in cluster no. 2, ..] 
Class: Cluster number 
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variation attained from increasing the number of clusters. According to the algorithm, the 

Euclidean distances are calculated between each data point and the centroid of the cluster to which 

that data point belongs, squared, and summed with each other. It is aimed to minimize this sum, 

called the sum of the squared estimate of errors, SSE, as can be seen in the following equation: 

𝑆𝑆𝐸 = ∑ ∑ ‖𝑥𝑖 − 𝜇𝑝‖
2

𝑥𝑖∈𝐶𝑝
𝑘
𝑝=1          (1) 

where xi is the data point, µp is the centroid of the clusters, and Cp is pth cluster. 

The following are the steps associated with the K-Means clustering algorithm (see Fig. 2): 

Step 1. Decide the number of clusters k. k indicates how many groups or clusters the data will be 

divided into.  

Step 2. Select random points in the space, which will be the centroid of clusters (µp), and not 

necessarily these points have to be from the dataset. 

Step 3. Assign each data point in the dataset to the nearest centroid so that k clusters are formed. 

Step 4. Determine the new centroids of all clusters. 

Step 5. Assign each data point whose nearest centroid changes depending on the displacement of 

the centroids to the new nearest centroid. Then go to step 4. However, if the centroids to which the 

data points are assigned do not change, finish the algorithm. 

https://doi.org/10.1016/j.istruc.2022.04.076
https://doi.org/10.1016/j.istruc.2022.04.076


This is a preprint draft. The published article can be found at: https://doi.org/10.1016/j.istruc.2022.04.076          

Please cite this paper as:  

Çiftçioğlu A,, Naser M.Z. (2022). “Hiding in Plain Sight: What Can Interpretable Unsupervised Machine Learning 

and Clustering Analysis Tell Us About the Fire Behavior of Reinforced Concrete Columns?”. Structures. 

https://doi.org/10.1016/j.istruc.2022.04.076  

6 

 

 

Fig. 2. Flowchart of K-Means clustering algorithm 

2.1.3. Hierarchical Clustering Algorithm 

Hierarchical clustering (HC) is a popular algorithm used to find the best subsets of objects that 

are organized into groups. It is one of the most efficient and effective algorithms for clustering in 

large datasets. This process is either done using an agglomerative algorithm or a divisive algorithm 

[50]. The agglomerative approach employs bottom-up clustering. Each point in the dataset is 
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initially considered a cluster, and the most similar among them are clustered. This process 

continues until there is no more data point to be clustered. The divisive approach, on the other 

hand, initially groups all the observations into one cluster. Then, recursively splits the most 

appropriate cluster until reaching the identified number of clusters, or until each observation in the 

dataset creates its own cluster  (see Fig. 3) [50]. The agglomerative approach is used more widely 

than the divisive approach, and hence we opt to use the former herein.  

 

Fig. 3. A dendrogram example for HC algorithm 

The steps associated with the HC algorithm steps are (see Fig. 4): 

Step 1. Form N clusters by making each data point an individual cluster. 

Step 2. Determine the two closest data points using the Euclidean Distance calculated by the 

following equation: 

Euclidean distance between points P1 and P2 is calculated by the following equation: 

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑃1, 𝑃2) = √(𝑥2 − 𝑥1)
2 + (𝑦2 − 𝑦1)

2       (2) 

where P1 and P2 are the two closest data points. 

Step 3. Combine the data points specified in step two into a single cluster. That forms N-1 clusters. 

Step 4. Repeat steps 2 and 3 until there is only one large cluster, at which point the analysis 

terminates [51]. 
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Fig. 4. Flowchart of HC algorithm 

2.1.4. Fuzzy C-Means Clustering Algorithm 

The FCM clustering algorithm is used to calculate the membership of the observations, which 

determines the degree to which they belong to the clusters and determine the overlapping clusters 

in the data set [52,53]. In this method, the probability that a random data point (e.g., observation) 

belonging to any cluster is between 0 and 1, and the sum of the membership probabilities for each 

data point is always 1.0. This indicates that a data point may belong to more than one cluster at 

the same time – which can come in handy in an analysis such as that presented herein. Thus, the 

FCM is an appropriate method when data points cannot be clearly separated from each other 

according to clusters or when some data points create an unstable situation in cluster membership 

[54]. 
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The FCM aims to minimize the following objective function JFCM. 

𝐽𝐹𝐶𝑀 = ∑ ∑ 𝑈𝑖𝑗
𝑚𝐶

𝑗=1
𝑁
𝑖=1 (𝑥𝑖 − 𝑣𝑗)

2
                 (3) 

where xi is the ith data point, vj is the centroid of the cluster j, C represents the number of clusters, 

and N denotes the total number of data points in the dataset. Moreover, Uij is the degree of 

membership of xi data point in the jth cluster, and under the 1≤m<∞ constraint, m denotes the 

degree of fuzziness. (The approach of m to infinity results in complete fuzziness.)  

The membership matrix U𝑖𝑗 is randomly assigned at the beginning and updated according to the 

following equation. 

𝑈𝑖𝑗 =
1

∑ (
|𝑥𝑖−𝑣𝑗|

|𝑥𝑖−𝑣𝑘|
)

2
𝑚−1

𝑐
𝑘=1

                   (4) 

The cluster centroid is calculated by the following equation. 

𝑣𝑗 =
∑ 𝑈𝑖𝑗

𝑚.𝑥𝑖
𝑁
𝑖=1

∑ 𝑈𝑖𝑗
𝑚𝑁

𝑖=1

                    (5) 

The steps associated with the FCM algorithm steps are (see Fig. 5): 

Step 1 is to randomly select cluster centroids. 

Step 2 is to randomly initialize the membership Uij. 

Step 3 is to compute the centroid vectors 𝑣𝑗 . 

Step 4 is to update the membership Uij.  

Step 5 is to calculate the objective function.  

Step 6 is to continue steps 3, 4, and 5 until the minimum objective function value is obtained, at 

which point the analysis is completed [55]. 
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Fig. 5. Flowchart of FCM clustering algorithm  

2.1.5. DBSCAN Clustering Algorithm 

The DBSCAN (density-based spatial clustering of application with noise) algorithm considers 

the region with dense data points as a cluster [56]. It separates clusters from one another based on 

density differences [57,58]. To create a cluster, a given data point must have the minimum number 

of data points (MinPts) inside the largest radius of the neighborhood (Eps). DBSCAN can therefore 

determine noise points and discover different arbitrary cluster shapes. The data points outside of 

the clusters are referred to as noise points. In addition, Table 2 presents some basic definitions of 

DBSCAN [59]: 
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Table 2  

Fundamental Definitions of DBSCAN 

 

Parameters Definitions 

Eps neighborhood A collection of data points that are within the Eps radius of any data point. 

Core point 
A data point that has more data points in its Eps neighborhood than 

MinPts. 

Boundary point  
A data point that is not a core point (i.e., has fewer data points in Eps 

radius than MinPts) but is within the Eps radius of another core point. 

Noise Point Data points in the dataset that do not meet the description of a core or 

boundary point 

Directly density-

reachable (DDR) 

A data point lying inside any core point's Eps radius is DSR from the core 

point. 

Density-reachable 

(DR) 

Datapoint q is DR from data point p in an existing sequence of points 

p1,..., pn, where p1=p and pn=q 

Density-Connected 

(DC) 

If any data points have both q and p data points that are DR, the data point 

q is DC to the data point p 

The following steps are associated with the DBSCAN algorithm: (see Fig. 6): 

Step 1. Check whether a randomly selected data point p in the dataset D is a core point or not. 

Step 2. Create a new cluster and add data point p and its neighbors to it if p is a core point. If p is 

not a core point, check for border or noise point.  

Step 3. Check all data points in dataset D. If the controlled data point was previously included in 

a cluster, add its neighbor data points to its cluster. Terminate analysis when all data points are 

clustered [60]. 
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Fig. 6. Flowchart of DBSCAN clustering algorithm 

2.2. Technical Details  

Unlike supervised learning, where an algorithm is trained and validated on subsets of the 

developed database, in our unsupervised learning analysis, each algorithm is trained on the whole 

collected database. Real-life data has too many dimensions (features), and the larger the 

dimensions, the more time and resources are needed to build an ML model (since there could exist 

a high correlation between some features). While size reduction increases the efficiency of the 
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machine learning model, it also facilitates data visualization when it is reduced to very small sizes, 

such as 2D or 3D. In addition, it reduces the required time and storage space. Hence, carrying out 

a dimensionality reduction can help facilitate a leaner ML analysis. Our dimensionality reduction 

analysis of the database was undertaken via the principal component analysis.  

In addition, performance metrics designed to quantify the closeness of model prediction to that 

measured will be applied [61–67]. However, there are no such metrics for unsupervised learning 

since there is not a traditional output (i.e., the model does not predict a quantifiable output as in 

fire resistance for columns but instead identifies the number of clusters). Thus, the open literature 

provides tools and indexes that can be applied to examine the quality of clusters, namely,  the 

Elbow method and the Silhouette Coefficient [68].  

2.2.1. Elbow Method 

The Elbow method, commonly used for K-Means clustering, is a visual method expressed by 

the Within-Cluster Sum of Square (WCSS), which dates back to the speculation made by 

Thorndike [69,70]. In this method, WCSS is calculated for each number of clusters (which is often 

taken between 1 to 10 clusters). When the graph of the WCSS and cluster number (k) is plotted, 

the figure resembles an arm (see Fig. 7). An elbow-like shape occurs when the WCSS falls off 

rapidly and then begins to move almost horizontally. The point at which the elbow occurs 

determines the optimal number of clusters.  

2.2.2. Silhouette Analysis 

Silhouette index measures clustering quality by looking at how far data belonging to different 

clusters are from each other and how close data belonging to the same cluster are closer to each 

other. Therefore, the higher the index, the better the clustering. After clustering the dataset for any 

k-value, the Silhouette value is calculated for each point in the dataset (see Fig. 7). The silhouette 

index value for the k value is the average of the Silhouette values of all points. The silhouette value 

(SIL(p)) for data point p is calculated with the following equation. 

𝑆𝐼𝐿(𝑝) =
𝑏(𝑝)−𝑎(𝑝)

max{𝑎(𝑝),𝑏(𝑝)}
                  (6) 

where a(p) is the average of the distances of data point p to all data points in its own cluster, and 

b(p) is the minimum value of the average distances of data point p to all data points in the other 

clusters [71]. 

The larger the value of Silhouette coefficient near +1, the more likely a sample is far away from 

neighboring clusters. This means that these clusters are not close to each other and the differences 

between them are large. On the other hand, if the Silhouette coefficient is near 0, it is likely for a 

sample to be close to neighboring clusters. This means that these neighbors are very similar and 
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have smaller differences in them. If this Silhouette coefficient is negative, then it is possible that a 

sample has been assigned to the wrong cluster [2,40,72–81]. 

 

 

Fig. 7. Illustration of performance metrics displaying that the optimal number of clusters is four 

(data plotted based on a K-Means analysis to be discussed in Sec. 4) 

3. Description of Database on Fire-exposed RC Columns 

The compiled database used in this analysis contains information on 144 RC columns there 

exposed to standard fire conditions. These columns were gathered from the open literature 

[29,75,76,82–92]. We collected the following common characteristics in each fire test:  The critical 

parameters identified are as follows: 1) column width, W, 2) steel reinforcement ratio, r, 3) length, 

L, 4) concrete compressive strength, fc, 5) steel yield strength, fy, 6) restraint conditions by means 

of effective length factor, K (fixed-fixed = 0.5, fixed-pinned = 0.7, and pinned-pinned = 1), 7) 

concrete cover to reinforcement, C, 8) eccentricity in applied loading in the main axes, ex , 9) the 

magnitude of applied loading, P, and 10) fire resistance, FR. Fig. 8 and Table 3 provide additional 

insights into the complied database.  

As one can see, there is a strong positive correlation between the compressive strength of 

concrete and applied loading (+81.7%). This correlation can be explained by the fact that RC 

columns made of higher strength concrete are often loaded with a larger magnitude of loading to 

realize the desired load ratio during the fire test. There is also a medium positive correlation 

between fire resistance time and concrete cover (+46.5%), and low correlation with the width of 

column (+30.6%), magnitude of loading (+24.2%), compressive strength of concrete (+20.8%), 

and steel reinforcement ratio (+3.8%).  
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On the other hand, there is also a strong negative correlation between fire resistance time and 

restraint conditions (-73%) – where higher flexibility causes faster frailer time, especially for 

eccentrically loaded columns. Fire resistance time also has a medium negative correlation with 

length of column (-42.5%), and low correlation with eccentricity (-37.7%), and yield strength of 

steel (-17.9%).  

 

https://doi.org/10.1016/j.istruc.2022.04.076
https://doi.org/10.1016/j.istruc.2022.04.076


This is a preprint draft. The published article can be found at: https://doi.org/10.1016/j.istruc.2022.04.076          

Please cite this paper as:  

Çiftçioğlu A,, Naser M.Z. (2022). “Hiding in Plain Sight: What Can Interpretable Unsupervised Machine Learning 

and Clustering Analysis Tell Us About the Fire Behavior of Reinforced Concrete Columns?”. Structures. 

https://doi.org/10.1016/j.istruc.2022.04.076  

16 

 

 

Fig. 8. Statistical insights to the compiled database (top: frequency, bottom: correlation 

matrix) 

Table 3 

Statistics on collected database  
  W (mm) r (%) L (m) fc (MPa) fy (MPa) C (mm) ex (mm) P (kN) FR (min) 

Minimum 203 0.9 2.1 24 354 25 0 0 55 

Maximum 610 4.4 5.7 138 591 64 150 5373 389 

Average 350.4 2.1 3.9 55.7 439.3 42.4 12.8 1501.8 176.6 

Standard 

Deviation 
105.3 0.5 0.5 33 61.8 7.1 23.3 1168.6 82 

Skewness 1.1 1 -0.5 0.9 1 -1 3 1.3 0.4 
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4. Results and Discussion  

4.1. General Results 

This research assessed clustering techniques for grouping RC columns in a dataset. We employ 

K-Means, Hierarchical, FCM, and DBSCAN clustering techniques to cluster RC columns. The 

Elbow method and Silhouette clustering analysis are used to determine the optimal number of 

clusters. Since the Elbow technique is commonly used for the K-Means algorithm in the literature, 

the elbow method is used to the K-Means algorithm to estimate the optimal number of clusters for 

the dataset [70]. Figure 7 indicates that when the number of clusters is four, the Elbow method 

curve shows a line indicating the "elbow" in the graph, which we know to be the optimal number. 

The results of the Elbow method are then compared against that of the Silhouette analysis, which 

also returned four clusters (see Fig. 9). Cluster numbers of two, three, or five are not appropriate 

clustering numbers based on the same figure because there is a cluster below the average Silhouette 

score when the number of clusters is two, large variances exist in the size of the clusters when the 

number of clusters is three, and a negative cluster arises when the number of clusters is five. 

Then, the more modern and robust Silhouette analysis is performed at the Hierarchical and FCM 

clustering algorithms for the dataset. In order to make a meaningful comparison based on these 

results, we determine the number of clusters for our database to be 4 in K-Means, Hierarchical, 

and FCM techniques. The number of clusters for DBSCAN is not initially supplied because it does 

not need it as a parameter and instead determines the number of clusters from the data itself.   

While the K-Means, Hierarchical, and DBSCAN algorithms are all hard clustering techniques, 

the FCM algorithm is a soft clustering method. Despite the fact that FCM assigns belongings to 

all clusters with varying degrees of membership for each RC column due to soft clustering logic 

in our analysis, it eventually assigns each data point to the cluster with the highest membership 

value because FCM clustering results show that a cluster with a more dominant membership is 

obtained for all data points. As a result, in the FCM algorithm findings, each RC column seems to 

be a member of a single cluster (as in other algorithms).  
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Fig. 9. Silhouette plots comparison which identifies 4 clusters as the most significant in the 

case of K-Means (which also agree with a similar analysis using the Elbow method as depicted 

in Fig. 7) 

In addition, Fig. 10 shows snippets of combined results of our analysis. All in all, the algorithms 

seem to agree that there are 4 clusters in our database. In this figure, the data is displayed in terms 

of RC column width and steel reinforcement ratio in the vertical axis against fire resistance time 

in the horizontal axis. In addition, the horizontal axis shows groups the columns into clusters. The 

color of the data point and their size reflects upon the compressive strength of concrete and applied 

loading, respectively. As one can see, there is quite a resemblance between all clusters as depicted 

in all algorithms (especially between the K-Means, HC, and FCM). The DBSCAN shows a slightly 

different cluster (noisy) due to this algorithm's ability to identify outliers.  
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FCM DBSCAN FCM DBSCAN 

Fig. 10. Results of analysis
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Fig. 11 further compliments the previous figure by displaying the distribution of columns in 

terms of fire resistance. The figure reveals that the clusters formed by the K-Means, 

Hierarchical, and FCM algorithms have similar Fire Resistance distributions in general; 

however, the DBSCAN method generates clusters with distinct properties from the other three 

techniques. Additionally, when cluster intervals in the K-Means, Hierarchical, and FCM 

algorithms are assessed in terms of the Fire Resistance property of RC columns to obtain a 

general outcome, the values vary between 31-160 min, 49-379 min, 34-128 min, and 37-636 

min. Furthermore, the average Fire Resistance values for the mentioned clusters are 70 min, 

213 min, 231 min, and 246 min, respectively. 

 

(a) K-Means 

 

(b) HC 
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(c) FCM 

 

(d) DBSCAN 

Fig. 11. Distribution of fire resistance in all RC columns 

4.2. Interpretable Trees  

To better understand the outcome of the clustering process, all algorithms were augmented 

with interpretable trees. The result of such interpretation allows for improved visualization of 

the clustering of fire-exposed RC columns. The interpretable tree for each algorithm is 

presented herein. 

The splits for all algorithms are listed in Table 4. In each tree, "Sample" refers to the total 

number of data points in the node. The decision tree divides the data into subsets containing 

homogeneous (with similar values) samples. "Entropy, a measure of disorder, can be used to 
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measure the homogeneity of a node. If there is only one class in a node, homogeneity is at its 

highest, and entropy = 0.0. 

In contrast, entropy is highest if classes are evenly distributed within a heterogeneous node. 

The displaced "value" shows the distribution matrix of data points in the node according to their 

classes. Each node gets a different color depending on the class it belongs to. In addition, the 

highlighting of color increases as class homogeneity increases (entropy decreases). 

Table 4  

Splits of algorithms  

 Split K-Means Hierarchical Fuzzy-C-Means DBSCAN 

First Split fc C fc L 

Second Split L C, fc K, P fc, ex 

Number of split node 7 11 9 12 

Number of leaf node 8 12 10 13 

Table 5 lists the feature ranges of all examined RC columns from all clusters. As one can 

see, these clusters share some common features, as will be shown herein, as well as in a later 

section. For example, all clusters within K-Means and FCM are highly sensitive to the 

compressive strength of concrete. Concerning the second level, it is discovered that column 

length is effective in K-Means clusters while constraint conditions are effective in FCM 

clusters. On the other hand, all clusters within the Hierarchical and DBSCAN algorithms are 

governed by the concrete cover thickness and the length of the columns, respectively. To some 

extent, other features such as steel reinforcement ratio, load level, and restraint conditions arise 

within unique clusters within each algorithm.    
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Table 5 

Feature range for all columnsper cluster 
Algorithms Cluster 1 Cluster 2 Cluster 3 Cluster 4 

K-Means 

fc≤71 & L>4.3 fc>71 

fc ≤71 & L≤4.3 & 

C>36.5 & K≤0.85 & 

r>1.5 

fc ≤71 & L≤4.3 & 

C≤36.5 

fc ≤71 & L≤4.3 & 

C>36.5 & K>0.85 & 

384.5<P≤820 

fc ≤71 & L≤4.3 & 

C>36.5 & K≤0.85 & 

r≤1.5 

fc≤71 & L≤4.3 & 

C>36.5 & K>0.85 & 

P>820 

fc ≤71 & L≤4.3 & 

C>36.5 & K>0.85 & 

P≤384.5 

Hierarchical 

C≤39 & C>27.5 

&W>353 

C≤39 & C>27.5 W≤ 

353 & L>3.855 

C>39 & fc ≤71 & 

L≤3.855 & r>1.5 
C≤27.5 

C>39 & fc ≤71 & 

L≤3.855 & r≤1.5 

C≤39 & C>27.5 W≤ 

353 & L≤3.855 & 

r>1.61 & L≤ 3.78 

C>39 & fc >71 & 

P≤1650 & ex >12.5 

C≤39 & C>27.5 & 

W≤353 & L≤3.855 & 

r≤1.61 

C>39 & fc >71 & 

P>1650 

C>39 & fc ≤71 

L>3.855 

C≤39 & C>27.5 & 

W≤353 & L≤3.855 & 

r>1.61 & L>3.78 

- 

C>39 & fc >71 & 

P≤1650 & ex ≤12.5 
- - - 

Fuzzy C Means 

fc ≤71 & K≤0.85 & 

C≤39 & P≤812.5 

fc ≤71 & K>0.85 & 

r≤1.66 

fc ≤71 & K≤0.85 & 

C>39 & W>685.5 

fc ≤71 & K≤0.85 & 

C≤39 & P>812.5 

fc ≤71 & K>0.85 & 

r>1.66 & C>27.5 & 

C≤44 

fc ≤71 & K>0.85 & 

r>1.66 & C≤27.5 
fc >71 & P>1250 

fc ≤71 & K≤0.85 & 

C>39 & W≤685.5 

fc >71 & P≤1250 - - 
fc ≤71 & K>0.85 & 

r>1.66 & C>44 

DBSCAN 

L>2.45 & ex ≤125 & 

r≤3.555 & P>768 
L≤2.45 & fc >26.5 L>2.45 & ex >125 

L>2.45 & ex≤125 & 

r>3.555 & P≤2886.5 

L>2.45 & ex ≤125 & 

r≤3.555 & P≤748 & 

P>503.5 

- - - 

L>2.45 & ex ≤125 & 

r≤3.555 & P≤442.5 & fc 

≤34 

- - - 

L>2.45 & ex ≤125 & 

r≤3.555 & P≤442.5 & fc 

>35.5 & r≤2.76 

- - - 
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4.2.1. K-Means Clustering Algorithm  

Fig. 12 shows the interpretable tree for the K-Means algorithm. As one can see, the initial 

split occurs at the compressive strength feature of a value of 71 MPa. From there, the RC 

columns of fc > 71 MPa are moved into cluster no. 2, and the rest are further analyzed. One can 

also see that with each split, the entropy reduces (which can also be noted by the higher intensity 

in the color of each cluster). The next split occurs at the length feature, with columns longer 

than 4.3 m joining cluster no. 1, and the remaining columns continue to be processed. The third 

split occurs at the concrete cover feature with columns of a smaller cover thickness (less than 

36.5 mm) joining cluster no. 4. After that, the columns are processed by examining the level of 

restraints. Flexible columns (i.e., with pin-pined conditions) are examined against the level of 

applied loading, and columns with less flexibility are examined against the steel reinforcement 

ratio.  

 

Fig. 12. Interpretable tree for K-Means 

4.2.2. Hierarchical Clustering Algorithm 

Fig. 13 shows the interpretable tree for the HC algorithm. In this tree, the first split occurs at 

the concrete cover feature with columns of a smaller cover thickness (less than 39 mm) joining 

cluster no. 2, and the rest is joining cluster no. 3. Columns in cluster no. 2 continue to be 

analyzed based on the cover thickness feature – with those of thickness of 27.5 mm or smaller 
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joining cluster no. 4. The rest of the above columns are examined against their width, length, 

and steel reinforcement features. Going back to cluster no. 3, columns are processed by their 

length and level of received loading. Columns of 3.86 m length and columns receiving loads of 

less than 1650 kN are moved to cluster no. 3 while the rest are distributed in clusters no. 1 and 

no. 2.  

 

Fig. 13. Interpretable tree for Hierarchical clustering 

4.2.3. FCM Clustering Algorithm 

Fig. 14 shows the interpretable tree for the FCM algorithm. In this tree, and similar to K-

Means, the first split occurs at the compressive strength feature of a value of 71 MPa with 

columns made of lower compressive strength joining cluster no. 4. The rest of the columns are 

moved into cluster no. 3. Within cluster no. 4, the fire exposed columns are split by their 

restraints, with flexible columns moving to cluster no. 1. Less flexible columns continue to be 

in cluster no. 4 but are processed by their concrete cover. Columns of larger covers remain in 

cluster no. 4, and those of smaller covers return back to cluster no. 1. Further insights can be 

intuitively traced in Fig. 14.  
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Fig. 14. Interpretable tree for FCM 

4.2.4. DBSCAN Clustering Algorithm 

The DBSCAN tree shows that columns are first split according to their length, with columns 

larger than 2.45 m joining cluster no. 1 and short columns moving to cluster no. 2. Within 

cluster no. 1, the columns are then processed via their eccentricity, steel reinforcement ratio, 

applied loading, and compressive strength. On the other hand, columns in cluster no. 2 with 

lower concrete compressive strength (less than 26.5. MPa) are noted to have anomalous 

behavior. Other anomalous columns are also shown in clusters no. 1, and no. 4 (see Fig. 15). 
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Fig. 15. Interpretable tree for DBSCAN 

4.3. Polar Line Plots 

A polar line plot represents the vertex of a polyline mark of each cluster in polar coordinates. 

This plot shows the influencing parameters (features) upon all clusters. Such plots are shown 

herein for each of the utilized algorithms (see Fig. 16). 
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Fig. 16. Comparison of polar line plots 

A look into Fig. 16 shows that the outcome of K-Means, HC, and FCM show similar trends 

between clusters (however, the numbering of the similar clusters are not the same across the 

three algorithms). For example, cluster no. 1 in HC and cluster no. 3 in FCM are identical to 

those in cluster no. 2 in K-Means (and so on for other clusters). Thus, the following discussion 

is carried out for the K-Means case and analogous observations can be extrapolated for the HC 

and FCM algorithms. It further confirms the notion of fire-exposed RC columns falling into 

four distinct clusters.  

Fig. 16 for the K-Means algorithm shows that cluster no. 1 is influenced by stability 

considerations (i.e., L, ex, K), and that cluster no. 2 is primarily governed by strength (fc) and 

loading consideration (P). While cluster no. 3 does not seem to be heavily affected by specific 

parameters (but rather a mediocre degree of all parameters), cluster no. 4 is influenced by the 

yield strength of steel reinforcement and restraint conditions. On the contrary, the DBSCAN 

algorithm breaks the aforenoted trend. This algorithm shows that cluster no. 1 is equally 
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affected by all parameters, while cluster no. 2 is slightly influenced by the length and concrete 

cover of RC columns. Cluster no. 3 is heavily influenced by the degree of eccentricity, and 

cluster no. 4 is heavily influenced by the steel ratio in the same columns. Given the nature of 

DBSCAN, which can identify Outliers easily, a fifth cluster is also presented. This particular 

cluster seems to be swayed by the width and yield strength of steel reinforcement at a higher 

degree than the other features.   

5. Conclusions 

This work presents one of the earliest attempts that explores the use of unsupervised ML in 

the area of structural fire engineering. We applied K-Means, Hierarchical, FCM, and DBSCAN 

clustering algorithms to examine the fire response of 140 RC columns tested under standard 

fire conditions. Results from our clustering analysis show that the performance of fire-exposed 

RC columns can be markedly grouped into four clusters that are governed by the material, 

geometric and loading features. The following list of inferences can also be drawn from the 

findings of this study: 

• While little attention has been directed to unsupervised ML, this approach presents an 

attractive, and effective approach to further modernize our research and industry in 

pursuit of Industry 4.0.   

• Clustering analysis has revealed interesting observations with regard to the fire response 

of RC columns. In general, there seem to be four hidden clusters that fire-exposed RC 

columns fall naturally fall under.  

• As machine learning algorithms provide more realistic solutions when given a large 

amount of data, future research can benefit from expanding the dataset of 140 reinforced 

concrete columns and supervised ML analyses can be added to it. 

• Some of the limitations of the proposed approach, which can be addressed in future 

works, include: the need for 1) more data, 2) exploring new clustering algorithms, 3) 

examining other explainability measures, and 4) adding confidence intervals to ensure 

reliable clustering of columns.  
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