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I. Abstract 

The objectives of this investigation were to identify if the K-means clustering algorithm is more accurate and 

efficient at sorting a heterogeneous assortment of coins based on their weight and diameter properties; in 

comparison to a human sorting the same data set of coins physically by hand. To investigate the hypothesis an 

experiment was devised, which concluded the K-means clustering was more accurate and efficient than a 

human. The K-means clustering algorithm has an accuracy of 96% and a total elapsed time of 0.077612 

seconds. Comparatively, the human test subjects had an average lower accuracy of 87.3% and a significantly 

slower time of 1:20.1706; these results supported the hypothesis. 

 

II. Introduction 

 

The problem statement is as follow: to design a K-

means clustering machine learning algorithm which 

is capable of sorting different assortments of coins, 

with a greater accuracy and efficiency, compared to a 

human sorting the same dataset of coins, physically 

by hand. 

 

Coin sorting has played a vital role in banks for 

many years. It is required to ensure the correct 

payment has been made and to prevent counterfeit 

coins in circulation. The method for which coins are 

sorted has evolved greatly over the years. Originally, 

coin sorting was accomplished by authorised 

professionals, who sorted coins manually by hand; 

this was slow and very labour intensive. This led to 

the development and utilisation of the first coin 

sorting devices in the late 1910s. These were 

immensely simplistic devices, composed of a tray 

containing a diverse range of different sized holes, 

which allowed the appropriate different sized 

denominations of coins to fall through into 

groupings. At the time this was considered, 

“ingenious” and sophisticated, boasting its ability to 

handle up to 60 coins at a time. [1] 

 

Unfortunately, these devices were prone to having a 

large percentage error and slow sorting times, which 

led to the development of mechanising the process in 

the 1920s. Initial mechanised machines were 

primitive and statistically worse than the human 

counterparts; even in the 1960s money was still 

being counted by hand. It was only in the 1980s 

when technology advanced enough, that machine 

mechanisation took off. Now, coins could be counted 

at a rate of 72,000 per hour [2]. These sophisticated 

coin counting machines were first utilised on a large 

scale after the introduction of the Euro. Old 

currencies were substituted with the Euro, allowing 

charities the opportunity to collect in the pre-Euros to 

raise extra funds. The large volume and variety of 

coins preordained that physical sorting was not a 

practical option. 

 

These machines would primarily focus on a coin’s 

physical characteristics such as area, thickness and 

weight. This proved problematic when a 

homogenous collection of coins were inserted. The 

constraints of the machine limited their adaptability 

with sorting new and unseen before coins, resulting 

in a lot of inaccuracies [3]. 

 

An alternative approach is Machine Learning (a type 

of algorithm capable of learning from its mistakes, 

without the need to be explicitly programmed). 

Currently implemented examples would be search 

engines such as Google® and in services, such as, 

Netflix® which provide recommendations based on 

the user’s previous choices and analytics [4]. 

Machine Learning can be further categorised into 

supervised and unsupervised learning; this 

investigation will be focusing on unsupervised. 

Unsupervised learning is input data containing no 

labelled responses; which is done to find hidden/ 

unknown groupings of data. [6] 

 

The chosen machine learning algorithm used in this 

investigation is the K-means clustering algorithm. 

This will use the weight and diameter of coins to 

form them into distinct groupings called clusters [5]. 

The chosen characteristics weight and diameter were 



 

 

chosen due to their correlation; generally, as the 

diameter of the coin increases so does its weight. 

Furthermore, the characteristics are easy to measure 

using a digital scale and a digital calliper 

respectively. A machine learning algorithms is a 

promising type of algorithms, capable of solving 

problems previously considered too difficult, or 

labour intensive, to solve by humans. Machine 

learning algorithms are already implemented with 

great success and this same method can be used to 

improve both the accuracy and efficiency of coin 

sorting. 

 

The hypothesis for this investigation is as follows: 

The K-means clustering algorithm will have a greater 

accuracy and efficiency performing coin sorting 

using the coin’s weight and diameter, in comparison 

to a human, sorting the same data set of coins. 

 

The following hypothesis will be tested by 

comparing the time taken for a human to sort a stack 

of heterogeneous coins, in comparison to that of a k-

means clustering machine learning algorithm. The 

sorting process will be graded on both the efficiency 

(the speed at which the task can be completed) and 

the accuracy (the percentage of successfully sorted 

coins). 

 

III. Method 

 

The purpose of the investigation is to distinguish if 

the K-means clustering algorithm is faster and more 

accurate at sorting a heterogeneous assortment of 

coins, in comparison to a human sorting the same 

data set. To determine this, a human will sort the 

coins physically by hand. The time taken to sort the 

coins into same denominations and the percentage 

error will be recorded and calculated. The process 

will then be repeated, but virtually, using a (machine 

learning) K-means clustering algorithm; which will 

use the coin’s weight and diameter. A comparison 

and judgment will then be made between two sets of 

measurements: human and machine. 

 

For the algorithm to function, properties of the coins 

must be collected including their weight and 

diameter. This will be recorded using a digital scale 

(an electronic device used to measure weight) and a 

digital calliper (a precision instrument, capable of 

measuring distances with extreme accuracy) 

respectively. In this investigation, a total of 50 coins 

of 10 types will be recorded. The recorded data 

characteristics can then be entered into the computer 

running Octave; the chosen programming language 

for this investigation due to being the de-facto 

standard in scientific research. It is these physical 

parameters of the coins that the computer will 

reference for sorting. 

 

To conduct the algorithm, begin by selecting the start 

locations for the centroids; the start locations of the 

centroids can be arbitrary, but there should be the 

same number of centroids (a centroid is a data point 

at the centre of a cluster) as the number of types of 

coins. Next, calculate the Euclidian distance (the 

distances between two points of data) between every 

coin and each centroid using the equation: 

 

𝐸𝑢𝑐𝑙𝑖𝑑𝑖𝑎𝑛 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒

=  √(𝑥𝑖 − 𝑥𝐶𝑒𝑛𝑡𝑟𝑖𝑜𝑑)2 + (𝑦𝑖 − 𝑦𝑐𝑒𝑛𝑡𝑟𝑖𝑜𝑑)2  
𝑥𝑖 = 𝑋 𝑐𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑜𝑖𝑛 

𝑥𝐶𝑒𝑛𝑡𝑟𝑖𝑜𝑑 = 𝑋 𝑐𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑒𝑛𝑡𝑟𝑖𝑜𝑑 

𝑦𝑖 = 𝑦 𝑐𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑜𝑖𝑛 

𝑦𝐶𝑒𝑛𝑡𝑟𝑖𝑜𝑑 = 𝑦 𝑐𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑒𝑛𝑡𝑟𝑖𝑜𝑑 

 

Using the Euclidian distances: distinguish which 

centroid each coin is nearest to. Now, each coin can 

be placed into a specific disjoint cluster grouping 

associated with that centroid; a cluster is a grouping 

of data that shares similar characteristics. Next, 

update the location of the centroids by calculating the 

mean weight and diameter of the coins in the cluster 

associated with that specific centroid. Using the 

equation: 

 

𝑀𝑒𝑎𝑛 =  
1

𝑁
∑ 𝑥𝑖

𝑁

𝑖=1

 

 

𝑁 = 𝑇ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑎𝑑𝑖𝑛𝑔𝑠 

a. ∑ 𝑥𝑖
𝑁
𝑖=1 = 𝑇ℎ𝑒 𝑆𝑢𝑚 𝑜𝑓 𝑎𝑙𝑙 𝑡ℎ𝑒 𝑟𝑒𝑎𝑑𝑖𝑛𝑔𝑠 

b.  

Using the new centroid location, repeat the algorithm 

to calculate new Euclidian distances and once again 

put the coins into clusters determined by which 

centroid they are nearest to. Iterate this process until 

the centroids remain stationary between the 

iterations; iteration is the process of repeating a 

segment of code, normally until some criteria has 

been meet. Once the algorithm has halted calculate 

the percentage error of the algorithm. Using the 

equation: 

 
𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐸𝑟𝑟𝑜𝑟

=  
𝑇𝑜𝑡𝑎𝑙 𝐼𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑙𝑎𝑐𝑒𝑑 𝑐𝑜𝑖𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑖𝑛𝑠
 ×  100 

 



 

 

 
A Graphical Representation of K-means Clustering: Figure 1 

Figure 1 shows a graphical representation of the K-

means clustering algorithm. It shows 3 distinct 

clusters of data illustrated by the differences in 

colour. As previously stated each cluster is formed 

by finding the shortest Euclidian distance from a data 

point to a centroid. As such the figure shows there 

must have been 3 centroids to accompany the 3 

clusters. 

 

IV. Results 

 

The results from the investigation are illustrated in 

Figure 2, 3 and 4. 

 

 
 Graph of the results: Figure 2 

Mean Accuracy (Human): 

((
40

50
+

50

50
+

41

50
) × 100) ÷ 3 = 87.3% 

Mean Completion Time (Human): 

(57.524 + 92.743 + 90.245) ÷ 3 = 80.1706s 

Accuracy (K-Means Clustering): 

 
48

50
× 100 = 96% 

 
Time Number 

correct 

Total 

Coins 

Accuracy 

0:0.077612 48 50 96% 
A table of results for K-means: Figure 3 

Time Number 

Correct 

Total 

Coins 

Accuracy 

0:57.524 40 50 80% 

1:32.743 50 50 100% 

1:30.245 41 50 82% 

Mean Time: 

 1:20.1706 

Mean Accuracy: 

87.3% 
A table of results for human trails: Figure 4 

Figure 3 states the K-means algorithm had a 

completion time of only 0.077612 seconds and an 

accuracy of 96%. Comparatively, figure 4 states the 

average human time for completion was 1:20.1706 

and an average accuracy of 87.3%. This shows that 

the K-means algorithm is both faster and more 

accurate at sorting the dataset of coins. Figure 2 is a 

graphical representation of the outcome of the K-

means clustering algorithm, showing both the data 

points and the location of the centroids.  

 

 Time Incorrectly 

Placed coins 

K-Means 25.87 Minutes 40,000 

Human 18.56 Days 127,000 
Hypothetical 1,000,000 coins - Figure 5 

In this trial, there was a total of 50 coins of ten 

different types and from four different regions: 

Canada, Europe, UK and the USA. Using, these 

results a hypothetical prediction can be made for the 

outcome of sorting 1,000,000 coins. The K-means 

clustering algorithm would take approximately 

1552.24 seconds or 25.87 Minutes and would make 

approximately 40,000 mistakes. 

 

(1,000,000 ÷ 50) ×  0.077612 = 1552.24𝑆 

1552.24 ÷ 60 = 25.87𝑀𝑖𝑛𝑢𝑡𝑒𝑠 

 

1,000,000 × 0.004 = 40,000 𝐶𝑜𝑖𝑛𝑠  

 

In reality, the true value for the time taken is likely to 

be greater, due to the algorithmic complexity of K-

means clustering being an NP-hard solution [7]. NP-

hard stands for “nondeterministic polynomial”. 

Which connotates the worst-case running time to be a 

super-polynomial function. This meaning doubling 

the number of coins will not directly double the time 

elapsed due to them having a non-linear relationship 

but instead a polynomial relationship. Factors such as 



 

 

number of centroids have a significant effect on the 

time and the program will be limited to specific 

computational/ hardware constraints of a device.   

 

Comparatively, a human test subject would take 

approximately 1603412s or 18.5 days’ continuous 

work and make approximately 127,000 mistakes. 

 
(1,000,000 ÷ 50) ×  80.1706 = 1603412𝑆 

((160341 ÷ 60) ÷ 60) ÷ 24 = 18.56 Days 

 

1,000,000 ×  0.127 = 127,000 𝐶𝑜𝑖𝑛𝑠 

 

Once again, this hypothetical prediction is likely to 

be inaccurate because a humans’ accuracy should 

theoretically improve as they gain more experience 

sorting coins; learning from their mistakes and 

becoming more familiar with the physical 

characteristics and appearances of the different coins. 

 

Interestingly, the only two incorrectly sorted coins in 

the K-means clustering algorithm were two USA 

one-cent coin, which were mistakenly identified for a 

Canadian one-cent coins. This was probably due to 

both coins being similar in weight and diameter.  

 

V. Discussion/Conclusion 

 

The hypothesis stated the K-means clustering 

algorithm will have a greater accuracy and efficiency 

sorting coins using their weight and diameter in 

comparison to a human sorting the same data set of 

coins. This hypothesis has been proven correct as 

illustrated in the results shown in figure 3 and figure 

4. Which states the K-means clustering algorithm has 

an accuracy rating of 96%, whereas a human has a 

lower average of 87.3%. Additionally, the algorithm 

was significantly faster taking only 0.077612s, 

compared to the human average of 1:20.245. This 

definitively shows that the hypothesis is supported. 

Proving that machine learning is an ideal solution to 

coin sorting, due to its practicality, statistical 

advantages and ability to learn from mistakes.  

 

While the hypothesis is proven successful, the 

accuracy and efficiency of the K-means algorithm 

could be further improved. Previous researchers have 

highlighted that the final clusters quality is heavily 

dependent upon the selection of the initial centroids 

and there is a high computational cost of finding the 

Euclidean distance on every iteration [8]. To improve 

the total elapsed time, you can reduce the number of 

calculations the algorithm makes on each iteration. 

This can be achieved by, finding the Euclidean 

distance from every data point and every centroid on 

the start iteration; placing them into their initial 

clusters. However, on each subsequent iteration only 

calculate the Euclidean distance between the data 

point and the centroid associated with its cluster. If 

this number is smaller than, or the same as before, 

then it must have remained inside that same cluster; 

eliminating the need to recalculate the Euclidian 

distance from every centroid. Reducing dramatically 

the number of calculations needed each iteration, 

especially if there is a large multitude of centroids. 

[10] 

 

Another approach to reducing the algorithm’s 

elapsed time is improving the preliminary centroid 

locations. If centroids are initially placed in a 

speculated optimal position the total amount of 

iterations needed for the centroids to remain 

stationary can be reduced. To generate an optimal 

start position, arrange the data in descending order 

and then split this data into groups dependent on the 

number of centroids.  Next, find the average value of 

these groups to generate the start locations of 

centroids. [9] Reducing the number of iterations and 

the number of calculations needed in each iteration 

can significantly reduce the time taken especially 

when handling large datasets.  

 

In addition to improving the efficiency, the accuracy 

could likewise be enhanced by considering additional 

physical properties of the coins, such as the number 

of sides it has. Measuring weight, diameter and 

number of sides on a coin allows a distinct character 

profile of a coin. For example, the new British £1 

coin has 12 sides. This is a uniquely identifiable 

feature and could help distinguish it from coins with 

similar weights and diameters; preventing any 

incorrectly sorted coins. It is important to note, that 

adding a third dimension of measurement will 

increase the total elapsed time due to an increase in 

calculations needed. As such compromise must be 

made to evaluate if accuracy or efficiency is more 

imperative.  

 

This investigation focused on unsupervised machine 

learning. A type of machine learning which uses data 

without any labelled responses. This method has 

been proven successful as it provides the ability to 

sort big data; data considered so large it was 

previously classified too large and complex to be 

analysed. Using K-means clustering machine 

learning, extremely large data sets can now be 

analysed computationally, revealing patterns and 

trends in data. This exemplifying the successfulness 

of machine learning. 

 



 

 

In conclusion, the aim of the investigation was to 

discover if the K-means clustering algorithm was 

more accurate and efficient at sorting an 

heterogeneous assortment of coins compared to a 

human. The results proved the algorithm is both 

more efficient and accurate supporting the 

hypothesis. This is significant due to it highlighting 

the proficiencies and capabilities of using a machine 

learning algorithm. As previously stated, coin sorting 

has evolved greatly over the years and machine 

learning is a very credible forthcoming solution.  
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