
Abstract—Sorting algorithms play a vital role in numerous 

computational processes, and the need for efficient sorting 

methods is expanding daily, particularly for real numbers. In this 

study, we extend prior work by proposing a novel sorting 

algorithm capable of handling mixed numeric arrays containing 

negative, positive, and fractional values. Our approach improves 

performance by using counting sort with scaling and offset 

techniques to reduce memory utilization and computational 

overhead, while maintaining linear complexity of 

O(n+range×precision). This modification addresses limitations of 

traditional counting sort when dealing with large ranges and real-

number precision. We empirically show that the proposed method 

outperforms conventional algorithms in large datasets with 

moderate precision and range, providing reduced running time 

and better scalability. However, the algorithm is less effective for 

small datasets or cases requiring very high precision. The results 

indicate that this enhanced counting sort offers a competitive and 

practical solution for tasks where real numbers must be sorted 

quickly, such as data processing and machine learning 

preprocessing. 
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I. INTRODUCTION

orting algorithms are central to several computational tasks;

the need for efficient sorting approaches, as well as for real

numbers, is growing. Some popular algorithms include the 

quicksort algorithm [1], which is extremely effective with large 

datasets, and the average time complexity is O(nlogn). 

However, this can still be reduced to O(n2). Mergesort is ideal 

for sorting large datasets and can always accomplish O (nlogn) 

time complexity on average and in the worst case [2]. The 

FPGA architecture facilitated parallelization. Second, the 

counting sort algorithm provides an efficient way to obtain 

order and it is a kind of sorting but not comparison-based, rather 

than accessing a number from the index [3]. Time complexity 

of O(n+k), where n is the number of elements and k is the range 

of input values. It is a highly efficient algorithm for sorting 

integers within a small range. Heap Sort is an efficient sorting 

algorithm that moves the largest element located in a binary 

heap structure and its O(nlogn) denotes overall time complexity 

[4]. The insertion sort is a simple sorting algorithm that builds 

the final sorted array (or list) one item at a time, takes an 

element from the source data, and places it correctly in the 

ordered data, with the worst case of O(n2). Tim Sort is a hybrid 

sorting algorithm, derived from Mergesort and insertion sort, 

designed to perform well on many kinds of real-world data, 

heavily based on high performance merge subroutine on subset 

of 64 elements and its time complexity is O(nlogn). Previously, 

here presented a methodology for ordering mixed numeric 

arrays that includes both negative and positive integers and 

fractions [2].  

This study showed that items could be awarded a kind of 

order of elements, such as a numerical or alphabetical order, 

which serves as a fundamental concept in computer science and 

systems to process data effectively [5]. Different sorting 

algorithms have different mechanisms and efficiencies [2]. 

Bubble sorting, insertion sorting, selection sorting, Mergesort, 

and Quicksort are comparison-based methods that create direct 

relationships between elements and have different complexities 

[3]. However, there are special methods that take integers in a 

specific range (from 0 to w), count these values, and yield linear 

time complexity on average, as in Counting Sort, Radix Sort, 

and Bucket, but exclude extreme edges [1]. 

Standard counting sort cannot sort mixed datasets or 

sequences in which only non-negative integers are present. 

These limitations are addressed with the development of 

negative fractional counting sort algorithms, allowing values to 

be sorted in a relatively brief amount of time O(n) [2]. The 
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proposed work cleverly combines aspects of negative and 

positive counting sorts to avoid the common pitfalls suffered by 

traditional Counting Sort implementations but can also lead to 

substantial speedups. The experimental results show that this 

algorithm consistently surpasses state-of-the-art sorting 

algorithms in various settings, with reduced execution time and 

better scalability. Working efficiently with very large data sets 

is one of the best candidates today for scaling data analysis and 

big data applications and means that the proposed counting sort 

is a good fit for real-number sorting tasks. The proposed 

Counting Sort method was highly applicable to the 

sectorization part of large-scale data. It works well on large data 

sets that are usually used in data science or machine learning 

and it sorts efficiently even on huge number sets. In the context 

of a big data processing, where quick and stable decisions need 

to be made, the linear aspect of the complexity of the algorithm 

gives a huge advantage to the system since sorting through such 

large and complicated data should happen quickly. Moreover, 

sorting algorithms are also relevant in machine learning 

processes but at the stage of preprocessing data. Through the 

speed at which they arrange features and labels, they help in 

speeding both the training process and predictions thus helping 

in overall efficiency improvement of the machine-learning 

pipeline. 

Briefly, the proposed counting sort is substantially better than 

solutions to the sorting problem available and it offers a very 

fast solution to the problems that arise in practical data 

processing applications when numeric inputs are 

heterogeneous. From this result, its application in practice will 

be more assured, and it can become a computational jewel, 

which may be used in speeding any kind of sorting algorithm to 

greater and greater efficiency. The objective of this proposed 

algorithm is: 

• To develop a highly efficient counting sorting 

algorithm capable of handling real numbers within 

linear time complexity O(n). 

• To enhance scalability and performance for large-

scale data processing tasks in big data and machine 

learning applications. 

• To optimize memory and speed using advanced 

counting, outperforming existing sorting algorithms. 

The remainder of this paper is organized as follows. The 

paper continues with a literature review in Section II where 

prior research on different algorithms is reviewed. This section 

III is followed by the Proposed Counting Sort algorithm, where 

the proposed algorithm is presented along with a proper 

description. The Complexity Analysis of the algorithm is 

formulated in Section IV, which follows the results and 

discussion section of the research in Section V. The limitations 

and future studies are presented in Section VI. Finally, the paper 

concludes with a discussion section in Section VII. 

 

II. LITERATURE REVIEW 

Sarker et al. [2] introduced an Efficient Integrated Negative 

Fractional Counting Sort Algorithm as a novel approach to 

reverse sorting algorithms. In the mixed datasets that are 

negative and positive with fractional values, Counting Sort fails 

to produce correct results for such cases, but this flaw is 

addressed in this study. In addition to demonstrating that their 

new borrowing design retains the linear time complexity O(n) 

of the Counting Sort, this study also shows drastic 

improvements in memory efficiency and computational cost. 

Sorting is an important area of computer science because it 

makes searching, inserting, and deleting data easier by Chauhan 

et al. [6] It compares between five sorting algorithms: bubble 

sort, selection sort, insertion sort, Mergesort and quicksort. The 

study tests them for their speed and efficiency, and how quickly 

they can be stored in this medium. The research found that both 

the insertion and selection sorts performed excellently for 

smaller datasets. In addition, bubble sorting and insertion 

sorting are fast when the content is mostly sorted. 

Radix Sort was one of the complex sorting algorithms which 

we were looking at for example in among five different ones: 

Heap Sort, Quicksort, Mergesort and Introspective Sort [4]. In 

this study, they analyze the speed of sorting 11 thousand 

Goodreads entries and the amount of RAM used in the process. 

There need Python code for this here, which repeatedly tests all 

methods five times. The results of the analysis showed that 

Introspective Sort was the most efficient in terms of speed, 

whereas Heap Sort consumed less RAM. Cheema et al. [7] 

compared the dual efficiency of Mergesort to bubble sorting. 

The algorithm also designs a hybrid method (which combines 

the Mergesort's divide-and-conquer strategy with bidirectional 

bubble sorting) to improve sorting. The intention is to minimize 

comparisons and reduce performance. To demonstrate its 

success, they provided an example of a dataset. The insertion 

sort was also much better than the overall bubble sort [8].. 

Taiwo et al. [9] examined the performance of Quicksort and 

Mergesort using MATLAB, focusing on execution time, 

memory usage, and reliability. Their findings show that 

Quicksort performs faster on small input sizes, while Mergesort 

becomes more efficient for larger datasets. Both algorithms 

have a best and average-case time complexity of O(nlogn), but 

Quicksort degrades to O(n2) in the worst case, making it less 

reliable for large or unsorted inputs. The learned sorting 

algorithm presented in  applies a model-based approach using 

the empirical cumulative distribution function (CDF) FA(x) to 

estimate the position of each key as [FA(x)⋅n], where n is the 

total number of elements [10]. The original drawbacks were 

collision with incorrect CDF models or duplicate keys which 

were addressed though such techniques as linear probing and 

spill buckets. These were later improved with cache-aware 

bucket partitioning and CDF-based counting sort, with insertion 

sort used to correct, and then improved performance surpassed 

Radix Sort for long arrays with sparse key sets. The Bucket 

Then Binary Radix Sort is a two-phase algorithm by Ismail et 

al. [11] hat is effective at sorting large sequences of integers. 

The algorithm splits the array in the first phase with bucket sort 

and counting sort, according to the most significant bits (MSBs) 

and in the second phase uses binary radix sort on the remaining 

least significant bits to complete the sorting. It lies somewhere 

between O(n(m+3-logn))) time complexity where m is the 

number of bits per key, and the size of the array and thus is quite 

efficient when m is less than a lot. Selecting an optimal value 

of MSBs (k), the algorithm has nearly linear time and space
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Table 1: Comparative Analysis of Sorting Algorithms

 

behavior and frequently performs substantially better than the 

Quicksort algorithm when many items are sparse in the dataset. 

In an effort to address the drawback of conventional techniques 

of sorting and duplicate removal, Yeh et al. [12] suggested a 

new method that will outperform the old techniques such as the 

Pairwise Comparison Test (PCT) and Sequential Sort Method 

(SSM) based on Logarithmic Prime Numbers (LPNs). That can 

be represented in a form of unique units: by adding logarithms 

of primes related to elements of each set, thus allowing rapidly 

sorting the sets and finding duplicates. The time taken by the 

algorithm is O(m.n+m.logm) where m is number of sets and n 

is the number of elements in sets which makes it more efficient 

and less memory consuming especially when dealing with large 

sets. 

Cycle Sort is an in-place sorting algorithm that places each 

element in its correct final index by counting how many 

elements are smaller [14]. If an element is not in its correct 

position, it is moved, and the displaced element is recursively 

relocated, forming a cycle. The algorithm performs minimal 

writes and has a time complexity of O(n²), where finding the 

correct position takes linear time for each of the n elements. A 

modified version optimizes performance by tracking duplicate 

elements in a separate array, avoiding redundant comparisons. 

The best-case time complexity is O(n), while the worst and 

average cases remain O(n²), but with significantly fewer write 

operations. Experiments show that the modified cycle sort 

achieves up to 146× speedup over the traditional version for 

datasets with many duplicates. 

    Vilchez [15] identified the inefficiencies of classical 

selection sort, such as unnecessary comparisons, swaps, and 

lack of early detection for sorted lists or duplicates. To improve 

this, the Enhanced Bidirectional Selection Sort and MOSSA 

algorithms were proposed, using stacks to track min/max values 

and flags for early termination, which reduces redundant 

operations. Although the classical version has a fixed time 

complexity of O(n²), the enhanced methods optimize 

performance through fewer iterations and comparisons. The 

Parallel Modified Mergesort Algorithm proposed by [16] 

improves big data processing by dividing tasks among multiple 

processors, reducing computational complexity, and optimizing 

performance in NoSQL systems. It merges four sorted strings 

per step and handles data verification and duplication, with each 

processor independently managing memory. The time 

complexity is given by Tmax= 2n − log2n − 2, showing strong 

efficiency for datasets ranging from 100 to 100 million 

elements. Hammad  [17] compared multiple sorting algorithms, 

including Gnome Sort, which sorts a list by repeatedly 

swapping adjacent elements without using nested loops. The 

algorithm moves forward if elements are in the correct order; 

otherwise, it swaps and steps back to recheck earlier pairs. This 

simple approach continues until the entire list is sorted, making 

it intuitive but less efficient for large datasets. Mankowitz et al. 

[18] proposed a faster sorting algorithm using deep 

reinforcement learning, where the AlphaDev agent was trained 

to discover efficient fixed and variable sorting algorithms. 

AlphaDev outperformed human benchmarks by reducing 

instruction counts in fixed sorts (Sorts 3 and 5) and optimizing 

branching in variable sorts (VarSort3–5), leading to lower 

latency.  

Joshi et al. [13] conducted a comparative analysis of sorting 

algorithms and found that Bucket Sort has an average time 

complexity of O (n + k) and a worst case of O(n² + k), 

performing well within a defined key range. Counting Sort 

operates at O (n + k) in both average and worst cases, and is 

effective for repeated values, often used within Radix Sort, 

which runs at O (n·k ÷ s), where n is the array size, k is the 

number of digits, and s is the digit size. While MSD Radix Sort 

improves memory efficiency for large files with some 

Algorithm Best Case Average Case Worst Case 

Bucket Sort [13] O (n + k) O (n + k) O (n² + k) 

Counting Sort [13] O (n + k) O (n + k) O (n + k) 

Radix Sort [13] O ((n × k) / s) O ((n × k) / s) O ((n × k) / s) 

MSD Radix Sort [13] O ((n × k) / s) O ((n × k) / s) O ((n × k) / s) 

LSD Radix Sort [13] O ((n × k) / s) O ((n × k) / s) O ((n × k) / s²) 

Insertion Sort [8] O (n) O (n²) O (n²) 

Selection Sort [7] O (n²) O (n²) O (n²) 

Bubble Sort [6] O (n) O (n²) O (n²) 

Mergesort [9] O (n log n) O (n log n) O (n log n) 

Quicksort [9] O (n log n) O (n log n) O (n²) 

Introspective Sort [4] O (n log n) O (n log n) O (n log n) 

Learned Sorting [10] O (n) O (n log n) O (n log n) 

Bucket Binary Radix Sort [11] O (n) O (n log n) O (n log n) 

Logarithmic Prime Sort [12] O(m.n + mlogm) O (m.n + mlogm) O (m.n + mlogm) 

Cycle Sort [14] O(n) O (n²) O (n²) 

Bidirectional Selection Sort [15] O(n) O (n²) O (n²) 

Parallel Mergesort [16] O(n) O (n log n) O (n log n) 

Proposed Counting Sort O (n + k) O (n + k) O (n + k) 
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instability, LSD Radix Sort remains stable, and both share the 

same theoretical time complexity of O (n·k ÷ s). 

Recent advances in sorting demonstrate the power of 

hardware-aware algorithm design. RMG Sort [20] uses a new 

MSB radix-partitioning approach coupled with a single all-to-

all P2P exchange to minimize communication overhead across 

GPUs. It scales impressively achieving up to 20× speedup over 

CPU-based sorts and outperforming merge-based multi-GPU 

algorithms by up to 1.8× while maintaining efficiency even 

with up to eight GPUs. 

A summarized table comparing all the reviewed algorithms 

is presented in Table 1. 

 

III. PROPOSED COUNTING SORT ALGORITHM 

Developed new version of the common counting sort 

algorithm, a counting sort that can effectively cope with both 

fractional and negative numbers on a single array restriction 

which is not provided by the original. This optimization makes 

the Counting Sort more applicable as there is no necessity in 

more arrays or sequential passing of the arrays through the 

sorting process. The given algorithm consists in applying a 

scaling method to represent the fractional values to the integer 

ones according to the given precision and an offset that makes 

the negative values in their original scale normalized and able 

to be stored in the counting array at the indexes. This orderly 

change of variable is compatible with the logic of Counting 

Sort, but still has the properties of a linear-time complexity of 

O(n). Through the enhanced algorithm, sorting mixed numbers 

in the real world could have a more viable and memory-

effective solution. The algorithm can be seen in ALGORITHM 1. 

 

Input: the array of the real numbers, n as the array length, 

precision as the number of decimals to preserve. 

Output: Sorted array of elements in ascending order down to 

the level of precision. 

minNumber: It is the smallest floating-point number in the 

input array. 

maxNumber: The maximum fractional number in the input 

array. 

Range: max Number - min Number. 

scaleFactor: Factor by which decimal numbers are multiplied 

to convert them to an integer corresponding to the given 

precision. 

scaled_range: Sum of count slots calculated for all the possible 

scaled values. 

count: An array that counts how many times each scaled integer 

has occurred. 

k: An index variable for building the sorted output array. 

i: A loop variable used for iterating through the elements of the 

input array. 

index: A calculated position in the count array corresponding 

to each scaled element. 

 

 

 

 

ALGORITHM 1: PROPOSED COUNTING SORT 

1 Procedure  

Proposed_Counting_SORT (array, n, precision) 

2 Step 1: Find min and max numbers 

3     minNumber ← array[0] 

4     maxNumber ← array[0] 

5     for i ← 1 to n - 1 do 

6     if array[i] < minNumber then 

7       minNumber ← array[i] 

8     end if 

9     if array[i] > maxNumber then 

10       maxNumber ← array[i] 

11     end if 

12     end for 

13  Step 2: Calculate range and scale factor 

14     range ← maxNumber - minNumber 

15     scaleFactor ← 10 ^ precision 

16     scaled_range ← (range × scaleFactor)+1 

17     count ← zeros with size of scaled_range 

18  Step 3: Count each scaled element 

19      for i ← 0 to n - 1 do 

20    index ← (array[i] - minNumber) × scaleFactor 

21         count[index] ← count[index] + 1 

22      end for   

23 Step 4: Build the sorted array 

24       k ← 0 

25       for i ← 0 to scaled_range - 1 do 

26          while count[i] > 0 do 

27 
 

     value ← (i / scaleFactor) + minNumber 

28       array[k] ← value 

29       k ← k + 1 

30       count[i] ← count[i] - 1 

31           end while 

32       end for 

33 Step 5: Cleanup 

34      delete [] count 

35 End Procedure 

  

The PROPOSED COUNTING SORT procedure enhances 

traditional Counting Sort to handle fractional and negative 

values in a single array. Step 1 begins by initializing the 

minNumber and maxNumber to the first element of the array 

and then iterating through the array to identify the actual 

minimum and maximum values. Step 2 calculates the data 

range as the difference between maxNumber and minNumber, 

and determines the scaleFactor as 10precision, which is used to 

convert fractional numbers into integers. Step 3 computes the 

scaled_range and initializes a count array of zeros of that size. 

Step 4 loops through each element in the original array, scales 

it based on the scaleFactor, and increments the corresponding 

index in the count array to record its frequency. Step 5 

reconstructs the sorted array by iterating through the count 

array, converting each index back to its original scaled value, 

and storing the sorted result. Finally, Step 6 deletes the count 

array to release memory. This systematic six-step approach 

allows the algorithm to sort mixed numeric data efficiently 

while maintaining linear time complexity. 
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IV. COMPLEXITY ANALYSIS  

The Proposed Counting Sort algorithm effectively enhances 

the Counting Sort to manage negative and fractional numbers 

while maintaining near-linear time complexity. Here, a step-by-

step breakdown of its complexity using T(n) notation is as 

follows: 

Finding Min and Max Values: The algorithm starts by 

scanning the input array to determine the minimum 

(minNumber) and maximum (maxNumber) values.  

 

T₁(n) = O(n) ………… (1) 

 

Calculating Range and Scaling Factor: After identifying the 

minimum and maximum values, the algorithm computes the 

range and scaling factor: 

 

range = max − min 

scaleFactor = 10precision 

 

This computation was performed at constant time: 

 

T₂(n) = O (1) ………… (2) 

 

Initializing the Count Array: The algorithm initializes a 

count array of size scaled_range, dependent on the range of 

the scaled values: 

 

scaled_range = (range × scaleFactor) + 1 

 

Initializing this array requires time proportional to the range. 

 

T₃(n) = O ((max − min) × 10precision) = O(range × precision) 

… (3) 

 

Counting Scaled Elements: The algorithm counts occurrences 

of each element in the count array by iterating through the input 

array: 

 

T₄(n) = O(n) ………… (4) 

 

Rebuilding the Sorted Array: The sorted array is constructed 

by iterating over the count array and placing the values back 

into the original array. The inner loop runs for the occurrence 

of each unique value. 

 

T₅(n) = O(n) ………… (5) 

 

Cleanup: Finally, deallocating the count array takes constant 

time: 

 

T₆(n) = O (1) ………… (6) 

Adding up all the steps, we can express the time complexity 

of this proposed algorithm as: 

    T(n) = T₁(n) + T₂(n) + T₃(n) + T₄(n) + T₅(n) + T₆(n) 

          = O(n) + O (1) + O(range × precision) + O(n) + 

O(n) + O (1) 

             = O (n + range × precision) 

 

The overall time complexity of the proposed algorithm is: 

T(n)=O(n+range×precision) 

This algorithm operates linearly with respect to the dataset 

size n, which is the dominant factor in most cases. For typical 

precision levels (2–3 decimal places), it performs efficiently, 

and the effect of precision is minimal unless the numeric range 

is extremely large. Thus, while execution time grows with both 

range and precision, its performance is primarily driven by n, 

ensuring linear scalability for large datasets. This makes the 

proposed Counting Sort a practical and efficient approach for 

sorting real numbers, offering a strong alternative to 

conventional comparison-based algorithms. 

V. RESULT AND ANALYSIS 

This research analyzes the proposed counting sort algorithm on 

a few datasets, considering both the running time and statistical 

efficiency. Figures 1, 2, and 3 present the results, which 

represent a significant advancement over traditional sorting 

methods by effectively handling fractional and negative values 

within a single array, a limitation not addressed by the standard 

counting sort.  

 
Figure 1: Performance of proposed counting sort algorithm 

(small dataset) 

 
Figure 2: Performance of proposed counting sort algorithm 

(Medium dataset) 

 

 

AJSE Volume 24, Issue 1, Page 67 - 74 Page 71



 

FIGURE 3: Performance of Proposed Counting Sort 

Algorithm (Large Dataset) 

 

 
Figure 4: Output of Proposed Counting Sort Algorithm (Small 

Dataset) 

 
Figure 5: Output of Proposed Counting Sort Algorithm  

(Medium Dataset) 

 

 

FIGURE 6: Output of Proposed Counting Sort Algorithm 

(Large Dataset) 

A. Comparing With others Sorting  

Algorithms like Quicksort and Mergesort, which usually run in 

O(nlogn) on average cases, will either be slower when actually 

given a mixed number type set because they are necessarily 

based on comparisons. Furthermore, as opposed to the O(n+k) 

performance of the bucket sort, negative and fractional numbers 

present a problem to the bucket sort except with significant 

modification. 

 
Figure 7: Comparison (Small Dataset) 

 
Figure 8: Comparison (Medium Dataset) 

 

FIGURE 9: Comparison (Large Dataset) 

 

 
Figure 10: Comparison (Small Dataset) 

 
Figure 11: Comparison (Medium Dataset) 

 

FIGURE 12: Comparison (Large Dataset) 
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B. Small Dataset Analysis:  

Figure 1 shows the slower performance of the proposed 

algorithm for small datasets. Owing to its linear nature, it is less 

efficient than algorithms such as Quicksort and Mergesort, 

which perform better in these cases. However, Figure 4 

highlights the accuracy of the proposed algorithm in sorting the 

negative and fractional values. Figure 7 compares the proposed 

algorithm with other algorithms and shows that it is slower for 

small datasets. 

C. Medium Dataset Analysis:  

In Figure 2, the proposed counting sort algorithm starts to 

demonstrate better efficiency as the dataset size increases, 

maintaining linear time complexity while outperforming 

traditional algorithms. Figure 5 confirms its capability to handle 

mixed numeric types. Figure 8 shows the performance gain 

over comparison-based algorithms. 

D. Large Dataset Analysis:  

Figure 3 shows the performance of the proposed counting sort 

algorithm on larger datasets, where it excels owing to its linear 

complexity. It remains highly efficient for sorting the negative 

and fractional numbers. Figure 6 illustrates the sorted output, 

and Figure 9 highlights the superiority of the proposed counting 

sort algorithm over other algorithms in this context. 

NB: In Figures 3, 11 and 12, insertion sort was skipped as it 

took more than 1 hour to process large datasets without 

completing. This inefficiency is evident in Figure 9. 

We generated random datasets of small, medium, and large 

sizes containing negative, positive, and fractional values, 

repeated each experiment five times, and reported average 

execution times for fair comparison. This emphasizes its speed, 

particularly for large datasets with high cardinality datasets 

with mixed-number data types. By comparison though, 

standard algorithms like Quicksort and Mergesort run at 

O(nlogn) in average case, and counting sort runs O(n+k) but 

does not support negative or fractional numbers. Therefore, the 

counting sort algorithm put forward has proved to be a 

competitive procedure that is more applicable and efficient in 

sorting real numbers as it barges on other conventional 

algorithms. 

VI. LIMITATIONS AND FUTURE STUDIES 

The proposed counting sort algorithm has some limitations 

that must be considered. Its performance depends on both 

precision and range: while it runs efficiently with typical 

precision levels of 2–3 decimals, higher precision increases 

execution time, and very large numeric ranges can slow the 

process due to higher memory use. As a result, the method is 

best suited for large datasets with moderate ranges and 

precision, but less effective for small datasets or extreme 

settings. Future improvements could focus on adaptive 

strategies that adjust precision and scaling based on input 

characteristics, as well as parallelization on multi-core systems 

to handle larger datasets. Optimizing memory management and 

data structures will also be important to keep the algorithm 

practical and high performing in real applications. 

  

VII. CONCLUSION 

This work proposed a counting sort algorithm that extends 

traditional methods to handle negative and fractional numbers 

using a scaling and offset approach, achieving a time 

complexity of (n+range×precision). The algorithm performs 

linearly with respect to n and proves highly effective for large 

datasets with moderate precision (2–3 decimals) and range, 

offering advantages over comparison-based sorts such as 

Quicksort and Mergesort. Its limitations appear in small 

datasets, very high precision, or extremely large ranges, where 

runtime and memory use increase. Looking ahead, adaptive 

scaling strategies and parallel implementations on multi-core 

and GPU platforms could further improve efficiency and 

scalability, making the algorithm more practical for modern 

data-intensive applications. 
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