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Abstract 

 

In this study, we propose an alternative methodology for verifying the relevancy of augmented data from 

different on-orbit sensors. This methodology is based on scalar and image-based augmentation, rule-based simi-

larity metrics, and clustering algorithms. Scalar and image-based augmentation techniques are used to augment 

the original data multiple times during the augmentation process. With jittering, values changes (increases and 

decreases), permutations, rotations, and flipping, a set of augmented data is created for use with the rule-based 

similarity metrics. The Structural Similarity Index Measure (SSIM) and the Root Mean Squared Error (RMSE) 

are calculated for each data augmentation technique used and compared against a user-selected threshold value 

(bound). While the decision rule based on the bound declares the augmentations that pass the rule, the SSIM- and 

RMSE-computed errors are inputted into the spectral clustering algorithm. In this algorithm, the cluster that con-

tains the original data would be compared as the baseline against the output of the rule-based system to ensure 

that the output from the rule-based system is relevant. Our rule-based method achieves an output similarity to the 

clustering algorithm of 93.46% in cases where the input data was forced to be 100% unique. To the best of our 

knowledge, this is the first time that rule-based similarity scores are supporting clustering algorithms to determine 

the relevancy of augmented data from an on-orbit satellite. 

 

 Introduction 

 

Accurate and reliable data produced by on-orbit 

small satellites is a unique and expensive commodity, 

but it is crucial to expedite and streamline the Cube-

Sat’s development lifecycle. Numerical simulations 

have been created to aid with the research and devel- 

 

 

opment process of small satellites. However, for sim-

ulations to work, there needs to be sufficient raw (orig-

inal data) collected and available to be processed, for 

the environment to be adequately simulated. Machine 

Learning-driven data augmentation techniques can 

provide a solution to overcome data shortages in such 

testing environments. These techniques involve a set 
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of processes that allow us to generate augmented da-

tasets that can be hundreds of times larger in size than 

the original one (input) and preserve the authentic data 

properties and patterns that make the original on-orbit 

data so valuable for software assurance testing. The 

augmented data would aim to potentially cover edge 

cases, including data and their features not appearing 

in the original data, while still maintaining the realistic 

and relevant characteristics of the raw dataset. As 

such, the more data generated, the more potential situ-

ations (scenarios) can be analyzed, and thus, when an 

edge case occurs, more potential scenarios can be pro-

cessed.   

Data augmentation (DA) is a strategy that enables 

Machine Learning (ML) and Deep Learning (DL) 

practitioners to significantly increase the diversity of 

data that are available for processing, including train-

ing different models, without having to collect new 

data. DA techniques can be applied to many original 

data types, including data captured by 1D (sound 

waves; Cui, 2015) and 2D (images; Ho, 2019) sensors. 

In the latter case, while there are a certain number and 

types of data augmentation techniques, e.g., in images, 

it includes cropping, padding, and horizontal flipping, 

most of these techniques are considered basic types of 

augmentation. In the former case, i.e., on 1D raw sen-

sor data (defined as numerical data that has not been 

preprocessed before), standard data augmentation 

techniques are flipping, rotations, jittering, permuta-

tions (Cagli, 2017; Davis, 2018; Kubota, 2016; 

Shorten, 2019; Um, 2017). These techniques can be 

helpful in CubeSat data, and are not limited to the di-

mensionality that the original input data, i.e., when 

working with 1D data, we can convert them into a 2D 

representation (image). The techniques for 2D dimen-

sionality can be used. There are situations in which 

certain DA techniques cannot be used on specific data, 

for example, data that demonstrate a pattern repetition 

in 1D over time, in which cases 2D augmentations pro-

cesses such as rotations cannot be used as data output 

will not contain that original temporal pattern any-

more. This raises the question: how can we tell if the 

data we are given is relevant to the original infor-

mation? 

The relevancy of the output data can be determined 

using different data similarity metrics. The primary 

statistical measures for similarity are comparing the 

standard deviation, mean, median, and range of the 

original data to the augmented data. Another measure 

that has been used to compare the similarity of refer-

ence (of good or ideal quality) versus a degraded im-

age is the Structural Similarity Index Measure (SSIM), 

which is considered an improved version of the uni-

versal image quality index proposed before (Rajku-

mar, 2016; Silva, 2007; Wang, 2005; Wang, 2004). 

The use of SSIM in this project is selected due to var-

ious studies that demonstrated that SSIM, when com-

pared to mean squared error (MSE) and peak signal to 

noise ratio (PSNR), provides improved results in vari-

ous studies (Horé, 2010; Silva, 2007; Martin and 

Bourlai, 2018; Abaza et al., 2012 and 2014; Bourlai et 

al., 2011; Narang and Bourlai, 2015). The root means 

squared error (RMSE) is another standard way to 

measure the error of a model in predicting quantitative 

data (Chai, 2014). In this work, each of the measures 

of similarity discussed above is used to compare dif-

ferent data augmentation approaches. The question is 

whether the augmented data maintain the realistic and 

relevant characteristics of the original raw dataset. 

Thus, we used a rule-based system and a set of clus-

tering algorithms that are discussed below. 

Clustering algorithms have been used to group 

data into clusters of similar data based on their features 

(Saha, 2019). Many algorithms have been developed 

over the years, including Hierarchical K-Means, K-

Medoids, and many more (Hartigan, 1979; Jain, 2010; 

Kung, 2009; Celebi, 2013; Qi, 2017; Vo, 2013). Each 

algorithm uses different approaches to determine the 

cluster placement of each input data. A common way 

that clustering algorithms determine the cluster to be 

assigned is to determine the distance that point has to 

another central point (e.g., the center of different clus-

ters), which is usually randomly assigned (Jain, 2010; 

Park, 2009; Qi, 2017). K-Means is often used to solve 

clustering problems using specific features, for exam-

ple, using different similarity metrics (SSIM, RMSE, 

PNSR, and others) as the defining feature for a record 

(Choose Cluster, 2020; Ye, 2012; Huang, 1998; Wang, 

2004). Clustering algorithms are often used to verify 

groups within a large dataset. For example, in the past, 

hierarchical clustering was used to determine the 
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grouping of plants within a water network (Bo-

yacioglu, 2007). 

Clustering has also been used to process voltage, 

current, and acceleration data, such as the one-dimen-

sional data within the on-orbit SmallSat telemetry data 

(Madadi, 2019; Vo, 2013).  In large-scale datasets, dif-

ferent clustering algorithms are used to determine the 

most efficient data management approach. For that 

reason, there is a comparison of six clustering algo-

rithms for the dataset used in our study (Guyeux, 

2019). The researchers used the idea to verify a rule-

based system for similarity with a clustering algorithm 

in gene expression (Sethi, 2010). This gave us the idea 

to use the same approach to verify if the augmentations 

are relevant to the original data, i.e., by using our rule-

based system and clustering algorithms. This algo-

rithm was developed specifically for SmallSat data, as 

the clustering algorithms and augmentation techniques 

are chosen based on the specific nature of the sensor 

data and what would work best for the data. This 

method is innovative, as compared to other data gen-

eration methods as it attempts to use different dimen-

sional techniques for the data; by comparing image 

structure of conventionally one-dimensional data, the 

process aims to generate relevant data from non-image 

image structure. Details of our proposed methodology 

are provided in the section below. 

The rest of the paper is organized as follows: Sec-

tion II presents the process for creating one-hundred-

times augmented data using our rule-based system and 

clustering verification. The experimental procedure 

used to evaluate the proposed method and the data-

bases used is described in Section III. Discussions on 

the experiments are included in Section III, and con-

clusions and future work are presented in Section IV. 

 

 Methodology 

 

This section will describe the process (see Figure 

1) for selecting the augmentations that would be 

considered relevant for 100 times the original data. 

Note that 100× augmentation was chosen as a 

reasonable target for this study. This target is set by 

the operator and can be easily increased or decreased. 

The four salient steps of our methodological 

process are discussed below: 

(i) Preprocessing: To get the data into a form 

where we could use it, first, the data is checked to see 

if the size of the daily dataset is large enough to do 

image-based augmentations. If it were not, the next 

day's dataset would be appended to it to increase the 

total size. Next, the data is padded to get the data to the 

next square value; this allows for the image-based 

augmentations to be done on the data. Next, the data 

would have extreme outliers removed by forcing 

values that are outside ±median2 to be replaced with 

±median2 and stored to be inserted randomly after the 

augmentation process is complete. Finally, the data is 

converted into an image and then normalized to a 

greyscale image. The output from the preprocessing 

process is a greyscale image for each feature for a set 

of data. 

(ii) Data Augmentation Process: The input for the 

augmentation process is preprocessed data created in 

the previous step. We randomly selected different 

augmentation techniques based on the total number of 

augmentation techniques that we decided were 

relevant to our processes to be used (see discussion in 

Section 1). The selected augmentation techniques are 

split into 1D (vector) and 2D (image-based) data 

augmentations. In the case where the data that is being 

augmented is defined as categorical, the data will be 

converted into a 2D matrix to be augmented using 

image-based augmentation techniques. In all other 

cases, the data go through a vector augmentation 

process, which includes jitter, and increase or decrease 

in all values based on a randomly generated number. 

A check is performed to ensure that the original 

maximum and minimum values selected are within an 

acceptable, predefined range. The image-based 

augmentations selected include the flipping of 

rows/columns, image rotations, and permutations. 

Each option has an equal chance to be applied to the 

dataset. The image rotations are only bounded to 1° in 

the positive and negative direction to maintain original 

data in the augmentation as the higher the rotation 

percentage within 45° would include more filler zeros 

values that will skew the data and the output of the 

similarity metrics. The output from the augmentation 

process is set to be 1000 augmentations and is ready to 

be compared against the rules in the next step.  



Sigue, M. L. et al. 

 
Copyright © A. Deepak Publishing. All rights reserved. JoSS, Vol. 11, No. 1, p. 1128 

(iii) Data Augmentation Rules: We define four 

rules to determine the relevancy of each augmentation 

to the original/raw data. The input would be all the 

augmentations generated in the previous step. Each 

rule is used independently in testing the relevancy of 

each augmentation.  

• Rule 1 involves the Structural Similarity Index 

(SSIM) metric that extracts three key features from an 

image: luminance, contrast, and Structure. The 

comparison between the two images (a reference and 

a target) is performed based on these key features. 

Figure 2 below shows the Structural Similarity 

Measurement system flow, where signals X and Y 

refer to the reference and sample/target images, 

respectively. 

This system computes the SSIM between two 

images, a value between -1 and +1 (Wang, 2004), as 

discussed above. A value of +1 means that the 

compared images are very similar or the same, while a 

value of -1 indicates the images are very different. 

Please note that sometimes these values are 

normalized to be in the range [0, 1], where the 

extremes hold the same meaning.  

• Rule 2 involves using basic statistical metrics, 

namely standard deviation, mean, median, and range, 

where each statistic is equally weighted.  

 
 

Figure 1: An overview of the data augmentation methodology we used for CubeSat Sensor Data Augmentation. 

 

Figure 2: The Structural Similarity Measurement System. Source: Wang, 2004.  
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• Rule 3 is the combination of rules 1 and 2, with 

the output being required to pass both rule standards 

simultaneously.  

• Rule 4 involves the RMSE metric, which is 

thought of as the normalized distance between the 

vector of predicted values and the vector of observed 

values. RMSE values can range between 0 to 1, with 

the smaller values indicating lower errors in the data. 

The output from each rule would be considered the 

portion passed for the rule and will be compared to the 

clusters in the next section.   

(iv)  Clustering Algorithms: The input for the 

clustering would be all the augmentations generated 

by the previous process. For the clustering algorithms, 

the complete set of augmentations is passed into six 

(empirically selected) different clustering algorithms, 

namely the Hierarchical, K-Means, K-Medoids, 

Gaussian Mixture, K-Nearest Neighbor, Spectral 

Clustering. These algorithms determine the data 

group, which corresponds to the same area as the 

augmentations generated by the rule-based system. In 

our proposed approach, the output from the rule-based 

system, along with the assessment from the clustering 

algorithms, should indicate relevant augmentations. 

The relevancy is determined by comparing the shared 

values between the rule and the cluster, where the 

cluster that would be compared is the cluster that 

contains the original non-augmented data. The final 

output generated by our methodological four-step 

process is selected to be the best 100 from the 1000 

augmentations in terms of similarity to the original 

data.  

 

 Experiments 

 

In this section, we will discuss the datasets that are 

used in the experiments. The datasets are original on-

orbit data generated by the STF-1 CubeSat mission. 

We refer the reader to the article "NASA Operational 

Simulator for Small Satellites (NOS3): The STF-1 

CubeSat case Study" by Geletko et al. (2019) for the 

details of the small satellite mission. The first dataset 

is a limited subset of the STF-1 CubeSat on-orbit 

telemetry data. In the file used, this dataset contained 

132 sensors (voltage, current, temperature, gyroscope, 

and magnetic field for different positions are sensor 

clusters around the STF-1 satellite), which each 

included 6530 data points. This dataset is a single days' 

worth of data from the satellite, allowing the data to 

show an entire 24-hour time frame, the position, 

orientation, and internal sensor values that correspond 

to those specific locations and orientations. The 

second of the two datasets is the complete daily 

uploaded version of the original data, containing two 

years' worth of data. In the case of the second dataset, 

we focus on the same file containing 132 sensors but 

combined daily uploads to be in larger groups around 

10,000 points. We combine data into more massive 

datasets due to the regular uploads sometimes not 

containing enough data to create high enough 

resolution images for the augmentation techniques and 

the rules we incorporated in the experiments. 

What follows is a discussion of the data 

augmentation portion of the program. Data 

augmentation is used in two forms for the data that we 

imported from each of the datasets. Data augmentation 

is performed using 1D and 2D data, as discussed 

above. Each option had an equal chance to be chosen 

for the augmentation +.1,-.1,±: 1, none. For the matrix-

based augmentation techniques, each technique had 

the same odds to be selected, flip rows, flip columns, 

positive or negative rotation within one degree, or 

permutation of columns.  

This section describes how each rule was used for 

the program. Four rules were developed to determine 

the relevancy of each augmentation. Each rule was 

designed with different data features in mind. Rule 1 

is based on SSIM, which is calculated on the original 

image versus the augmented image to find if the 

augmented data is within the 80% similarity of the 

original. All augmentations that had a value higher 

than .8 SSIM was passed through this rule. Rule 2 is 

based on the statistical metrics defined as the standard 

deviation, mean, median, and range of the original data 

compared to the augmented data. All four parameters 

must be within the scope of 20% around the original 

data. Rule 3 is the combination of Rule 1 and Rule 2 is 

done by passing the augmentations that pass Rule 1 at 

80% similarity into Rule 2 using 20% as the range 

around the original data. To pass Rule 3, the 

augmentation must pass through both Rule 1 and Rule 

2. Rule 4 is based on the RMSE of the augmentation. 
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RMSE is used as a measure of how close the data is 

from the line of best fit. Any augmentation that has an 

RMSE of less than .015 passes through this rule.  

What follows is a set of figures demonstrating the 

outcomes of the experiments conducted, assuming that 

there could be some level of the same data. The trials 

were when we used the set of clustering algorithms, 

namely K-Means, K-Medoids, K-Nearest Neighbor, 

Hierarchical, Gaussian Mixture Method, and Spectral 

to determine which one verified that the rules were 

appropriately tuned. We generated the 100 times 

original data by selecting the cluster region that 

contains the SSIM values closest to 1, indicating 100 

percent similarity.  

We determined the number of clusters that we 

would use for each of the algorithms by using the 

silhouette values for K-Means, Hierarchical, and 

Gaussian Mixture Models were evaluated using the 

built-in MATLAB evalclusters command for k-

clusters 1-9 (Evalclusters. 2020). Using this command, 

the Optimal K value for the three clustering algorithms 

was between 4-6 depending on the run of 

augmentations; therefore, the k-value of 5 was chosen 

for the number of clusters when a user input for the 

number of clusters was requested for any of the 

following algorithms (Evalclusters, 2020). For the 

number of neighbors for K-Nearest Neighbors, we 

used a value of 100 neighbors, which with the datasets 

we were given at 1000 augmentations, led to similar 

clusters as the 5-cluster input for the other algorithms. 

Figure 3 shows that Hierarchical Clustering 

clusters ranging sizes but show a sizable region in the 

top left designated Cluster 4 that we consider the 'good' 

cluster. This clustering algorithm seems not to be the 

best choice for verifying our augmentations due to the 

clusters being completely different sizes. In almost all 

other clustering algorithms, the results were areas of 

about equal. 

Figure 7 shows the K-Nearest Neighbor clustering 

algorithm; the results are slightly different from the 

previous figures due to the algorithm determining that 

there would be six clusters for the data compared to 

the five previously used.  

This changes the clustering algorithm's region to 

consider 'good' tighter towards the SSIM and RMSE 

values that indicate identical (1 and 0, respectively). 

Figure 8 shows how the results of the Spectral 

Clustering algorithm show similar results for clusters 

as the other algorithms but find the area within Cluster 

3 to be its group, which indicates a group of outliers 

that deviate from the rest of the data.  

Each clustering algorithm behaves differently but 

returns roughly the same output, with certain regions 

being similar between the algorithms. Outliers can be 

easily determined with the Spectral clustering 

algorithm as the green region of Cluster 3 in Figure 8. 

Compared to the clusters in Figure 3, the clusters do 

not determine what we would consider outliers. Still, 

they contain smaller clusters, which may need to be 

added into the future's “good” augmentations. Figures 

9-14 are like Figures 3-8, but each of the outputs 

includes data augmentations that are 100% unique. 

Unique data is included to show new relevant 

augmentations that do not contain duplicate 

information. 

In Tables 1 and 2, a comparison of each of the 

clustering algorithms for a set of 1000 augmentations 

were made comparing the number of augmentations 

accepted by the rule versus each clustering algorithm. 

Table 1 includes the number of augmentations passed 

through the rule and the number of augmentations 

passed by the clustering algorithm. 

As well as the number of augmentations that were 

shared by the two, and a percentage of the total number 

passed from the rule of all augmentations that were 

passed from the rule and cluster combined. Table 2 

contains the same data but contains the data from 

100% unique data augmentations. 

 

 Discussion: Data Augmentation Process and 

Target 

 

In order to create 100 times the data, the 

augmented data's relevancy must be checked. The 

rule-based system for monitoring the relevancy of the 

augmentations by assessing different features of the 

augmentations. The features being SSIM, statistical 

measures (STD, mean, median, range), and RMSE, 

allowed for different types of information to be 

assessed to determine the relevancy of the 

augmentation. In our testing, we found that the  
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Figure 3. Comparison of Hierarchical Clustering Results (left) and the output of rule layered over clustering data (right). 

 

 
Figure 4. K-Means clustering (left) with rule passing augmentations layered over clustering data (right). 
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Figure 5. K-Medoids clustering (left) with rule passing Black dots layered over clustering data (right) 

 

 
Figure 6. Gaussian Mixture Model Clustering with Passed Rule (black dots) layered over clusters in a series of different settings 

for Sigma and Shared Covariance. 
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Figure 7. K-Nearest Neighbor Clustering data (left) with rule passing data layered over clustering data (right). 

 

 
Figure 8. Spectral Clustering data (left) with rule passing data layered over clustering data (right). 
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Figure 9. Hierarchical Clustering data (left) with rule passing data over clustering data (right) with unique augmentation data. 

 

 
Figure 10. K-Means Clustering data (left) with rule passing data layered over clustering data (right) with unique data augmenta-

tions. 
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Figure 11. K-Medoids Clustering data (left) with rule passing data layered over clustering data (right) with unique data augmenta-
tions. 

 

 
Figure 12. Gaussian Mixture Model clustering data (left) with rule passing clustering data (left) layered over clustering data. 
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Figure 13. K-Nearest Neighbors clustering data (left) with rule-based data layered over clustering data (right) with unique data 

augmentations. 

 

 
Figure 14. Spectral Clustering data (left) with rule-based data layered over clustering data (right) with unique data augmentations. 
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features SSIM and RMSE were perfect for 

determining the relevancy of the data. As they gave a 

specific value on a known scale, so the interpretation 

of the information was straightforward. The use of 

statistical measures was the opposite, as the outputs 

were not promising as the outputted augmentations 

were at best identical copies of the original, or there 

were none. Statistical measures would be better suited 

for internal checks to ensure the data is close to the 

original information but should not be used as a rule, 

as it did not provide helpful output.   

For each of the clustering algorithms, the shared 

augmentations over total unique augmentations were 

calculated. This measure was to determine how 

accurate the clustering algorithms and rules contained 

the same data. In the case where duplicate values were 

allowed, percentages hovered around the 75% range 

with notable Gaussian mixture model clustering 

containing 80% similarity. Where no duplicates were 

approved, the measure was closer to the 60-70% mark 

except for Spectral clustering, which maintained a 

93% shared augmentations per total augmentations.  

Based on Figures 3-8 and Table 1, the clustering 

algorithms that we decided are the best suited for our 

use case are K-Means and K-Nearest Neighbors. K-

Means was selected due to its ease of use and 

understanding. The output from K-Means gives us the 

cluster that we can use while maintaining a useful 

similarity between the groups so each cluster can be 

easily understood. K-Nearest Neighbors was selected 

as a second choice because it did not require user input 

for the number of clusters but the number of nearest 

neighbors, leading to a cluster that was different from 

the K-Means that were still interpretable.  

With K-Nearest Neighbors, since there were six 

clusters, it leads to a tighter cluster in the first region. 

Based on Table 3, K-mean maintained across one 

hundred runs the lowest runtime at .021 seconds, 

which was factored into our decision as the amount of 

time used in larger datasets scales with the data. As 

Table 1: Overview of the Rule-Based System Compared to the Clustering Assessment 
Clustering Algorithm # Augmentations 

Passed Rule 
# Augmentations 
Passed Clustering 

# Augmentations Shared 
Rule and Clustering 

Shared augmentations/total 
unique augmentations (%) 

Hierarchical 215 157 157 73.02 

K-Means 215 167 167 77.67 

K-Medoids 215 158 158 73.49 

Gaussian Mixture 
Model 

215 174 174 80.93 

K-Nearest Neighbor 215 157 157 73.02 

Spectral 215 169 169 78.60 

 

Table 2: Overview of the Rule-Based System Compared to the Clustering Assessment, Given 100% Unique Data 
Clustering Algorithm # Augmentations 

Passed Rule 
# Augmentations 
Passed Clustering 

# Augmentations Shared 
Rule and Clustering 

Shared augmentations/total 
unique augmentations (%) 

Hierarchical 153 97 97 63.40 

K-Means 153 107 107 69.93 

K-Medoids 153 106 106 69.28 

Gaussian Mixture 
Model 

153 109 109 71.24 

K-Nearest Neighbor 

(KNN) 

153 257 153 59.53* 

Spectral 153 143 143 93.46 

* KNN's cluster contained more augmentations than the pass-rule. All other clustering algorithms included more augmentations 

in the cluster than the rule. 

 

Table 3: Runtime of Each Clustering Algorithm, Excluding any Plotting (Average over 100 Runs) 
 Hierarchical K-Means K-Medoids Gaussian Mixture 

Model 
K-Nearest 
Neighbor 

Spectral 
Clustering 

Runtime(sec) 0.117 0.021 0.356 0.293 0.677 0.305 

\ 
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such, we factored the value of having a lower time to 

run in our choice. K-Nearest Neighbors.  

Based on Figures 9-14 and Table 2, Spectral 

clustering was the clustering algorithm chosen to 

assess each rule's output. This is due to when the data 

is 100% unique; the Spectral clustering algorithm 

returned the highest shared augmentation per total 

unique augmentations. At 93.46%, the region 

contained by the rules and the clustering algorithm 

were incredibly similar. The algorithm's runtime is not 

the fastest, but in terms of performance as an 

assessment tool, it was the first choice for our process.   

Our second choice is K-Means, like in the previous 

experiments. It was selected for being the easiest to use 

to get the same level of results. In terms of other 

effects, K-Means was middle of the pack in terms of 

shared augmentations per total unique augmentations. 

This factored with the ease of use, and having the 

fastest runtime, the difference in shared augmentations 

per total unique augmentations, we decided it was an 

excellent second choice. There are a few limitations of 

the approach; five clusters for all clustering algorithms 

were used based on a range of 4-6 being the optimal 

cluster value based on K-Means, Hierarchical, and 

Gaussian Mixture Model algorithms. With how 

different each run of augmentations the optimal K 

value changes a lot and is not the best for all other 

clustering algorithms; more testing needs to be done to 

find the optimal clustering algorithm for each of the 

different algorithms. Another limitation is that the 

number of inputs augmentations for the clusters affects 

the cluster positions moving the “good” cluster by up 

to .1 SSIM in cases where there is not enough data. 

 

 Conclusions  

 

We studied the problem of creating accurate, 

augmented small satellite operational data from 

original on-orbit datasets. The method we developed 

was designed to work with the sensor data from an on-

orbit satellite and return data of similar values. We 

were tasked with two scenarios: the data could contain 

duplicate values and another where the data was one 

hundred percent unique. Our results differ based on 

each scenario; specifically, our method's similarity 

was on average 76.12% given data with duplicate 

values and an average of 71.08% similarity with one 

hundred percent unique data. Our recommendations 

given the choice of a specific algorithm for both 

scenarios are based on each algorithm's runtime and 

cluster similarity. 

Achievement of our work was determining what 

we believe is the best choice for the rule in the rule-

based portion of our method, as well as the best 

clustering algorithm. We propose using rules based in 

SSIM or RMSE as they produced predictable values 

that followed trends that allowed for easy assessment. 

In the first scenario, we determined that the K-mean 

clustering algorithm was the best option for creating 

100 times the original data.  

The average runtime of 0.021 seconds was 

considerably faster than the other options, with the 

similarity performance being on average 77.67%. In 

the second scenario, we recommend using Spectral 

clustering as its similarity performance was 

considerably higher than the other algorithms at 

93.46%. The runtime of Spectral clustering is slower 

than K-Means at 0.305 seconds compared to K-Means 

at 0.021 seconds. Still, the average similarity score 

being outperformed by over 20% leading to Spectral 

clustering being the choice for the second scenario. 
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