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ABSTRACT 

Shuttle-based storage/retrieval systems (SBS/RS) require efficient order batching to optimise 
split-case picking. Original K-means clustering, which groups orders based on overlapping 

SKUs to minimise bin presentations, struggles with high-dimensional, sparse pharmaceutical 

data due to computational inefficiency, unsuitable distance metrics and unstable 

initialisation. We propose an enhanced K-means algorithm based on EIQ analysis. High-

frequency SKUs are selected using IK frequency filtering, while Pearson correlation is 

applied to remove redundant features and reduce dimensionality. Cluster centre initialisation 

is improved using a roulette-based strategy, and cosine distance replaces Euclidean distance 

to better capture SKU similarity. Case studies using real data from Company A show that the 

proposed method outperforms both first-come-first-serve (FCFS) and standard K-means in 

reducing bin presentations and enhancing processing stability. The algorithm remains robust 

regardless of SKU popularity shifts. Sensitivity analysis confirms strong performance within 
appropriate thresholds for feature selection (n: 20–25) and correlation filtering (Pearson 

correlation: 0.8–0.9). Furthermore, as the number of item-lines per order increases, the 

improved algorithm yields greater efficiency gains. This algorithm can also be well applied 

to other industries. 
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1. INTRODUCTION 

In China, with the deepening of pharmaceutical policy reform, including the hierarchical medical system, 

zero-markup medicine policy and national centralised medicine purchase, pharmaceutical circulation 
enterprises are facing a change in business structure, marked by an increase in split-case picking orders and a 

decrease in case orders. The traditional person-to-goods picking mode has been difficult to adapt to the new 

demand due to a high error rate and high labour costs, which promoted the rapid development of the goods-
to-person picking system. As a representative of the goods-to-person mode, the SBS/RS offers high-density 

storage and efficient retrieval. The SBS/RS consists of multi-layer storage shelves, shuttles, elevators, 

conveyors and control systems. The bin presentation is completed by the elevators and the shuttle, and the 
order picking operation is carried out on the picking stations. However, the space of the picking stations is 

limited, and it is impossible to configure individual boxes for each order. Therefore, it is necessary to realise 

the importance of order batching. If centralised order processing causes containers to be dispatched in bulk 

from the SBS/RS, then the conveyor belt will become congested due to the excessive number of SKU bins 
required by orders external to the picking station. In contrast, the decentralised processing will reduce the 

equipment utilisation because SKU bins are spatially dispersed within the SBS/RS. Therefore, developing an 
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efficient order batching algorithm has become a critical step in enhancing the performance of the SBS/RS. A 

well-designed order batching strategy can significantly improve system efficiency by maximising overlaps in 
SKU requirements and minimising redundant bin retrievals. 

The research on the order batching problem in warehouse management can be traced back to 1973. Gudehus 

et al. first studied the picking process as an optimisation goal and proposed a preliminary framework of a 

manual picking system [1]. This work lays the foundation for the subsequent person-to-goods picking system. 
Subsequent scholars have expanded research on the order batching problem across multiple dimensions, 

including the foundational order batching model, integrated order batching and sorting, joint optimisation of 

order batching and path planning, online dynamic order batching, multi-picker collaboration problem, complex 
warehouse layout and automation, multi-objective optimisation and cost control [2–8]. In person-to-goods 

picking systems, Pardo et al. review solution algorithms for the order batching problem across four distinct 

scenarios: offline single-picker, offline multi-picker, online single-picker and online multi-picker [9–13]. 

Driven by the growing demand for accelerated order fulfilment, goods-to-person systems are increasingly 
adopted in warehouse operations, primarily due to their ability to enhance throughput. In the study of the order 

batching problem, there are significant differences between goods-to-person picking systems and person-to-

goods picking systems. Regarding optimisation objectives, goods-to-person picking systems aim to optimise 
robotic task allocation and path planning, whereas person-to-goods picking systems focus on minimising 

picks’ walking paths. When considering constraints, goods-to-person picking systems must consider robot 

fleet size, power consumption, task load and moving speed, whereas person-to-goods picking systems are 
primarily constrained by warehouse spatial configuration and picker capacity. Based on this, the research on 

order batching under goods-to-person picking systems has become an important research hotspot in the field 

of modern logistics, which has attracted wide attention from academia and industry. 

For goods-to-person picking systems, researchers have developed various optimisation methodologies, 
with exact algorithms and heuristic-based approaches being the most prevalent implementations. Exact 

algorithms can obtain the theoretically optimal solution [14, 15]. However, their computational complexity 

increases exponentially with problem size, severely limiting the solution efficiency and rendering them 
unsuitable for large-scale order scenarios. Heuristic-based approaches encompass methodologies, such as a 

heuristic method combining TSP and “S” shelf strategy, a heuristic method combining genetic algorithm and 

adaptive neighbourhood search, etc [16, 17]. While these algorithms enhance the timeliness, they exhibit 
critical limitations, including high parameter sensitivity and poor scalability when addressing large-scale order 

batching problems. The core of the order batching problem is to efficiently cluster the order set. Therefore, the 

clustering method can more accurately fit for solving the problem. K-means is a commonly used clustering 

algorithm [18]. However, when the original K-means clustering algorithm deals with high-dimensional data 
scenarios, its clustering performance will be significantly reduced due to the sparsity of the feature space and 

the failure of the distance measure caused by the “curse of dimensionality”. The pharmaceutical order data 

usually have multi-dimensional attributes, which seriously affect the practical application of the K-means 
clustering algorithm in the pharmaceutical field. 

Based on the high dimensionality, sparsity and discreteness characteristics of pharmaceutical orders, the 

study introduces an order batching method that combines feature subset and clustering optimisation. Through 

dimensionality reduction and feature selection, the “curse of dimensionality” problem is effectively alleviated, 
and the K-means algorithm is improved to improve the stability and effectiveness of clustering results. Through 

feature optimisation, clustering algorithm improvement and scene adaptation, the improved K-means 

clustering algorithm based on EIQ analysis for order batching successfully solves the limitations of original 
methods in pharmaceutical order processing, improves stability, accuracy and processing efficiency, and 

provides an efficient solution for SBS/RS. Finally, this work conducts a case analysis based on the real order 

data of Company A for 30 days, and the performance differences between the algorithm proposed in this paper 
and the FCFS strategy and the original K-means algorithm are compared. Sensitivity analyses of the feature 

selection threshold and feature removal threshold are conducted to assess the impact of various parameter 

combinations. This evaluation provides a scientific basis for optimising algorithm parameter settings in 

practical applications. The applicability of the improved K-means algorithm proposed in this study is analysed, 
and the algorithm is extended to different pharmaceutical logistics companies. This method provides an 

innovative solution for the order batching problem in the SBS/RS, which has strong theoretical significance 

and practical value. It can be promoted in a wider range of industrial applications in the future, and provides 
support for further improving the efficiency and reliability of the intelligent warehousing system. 
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The structure of this paper is shown as follows. Section 2 summarises the relevant literature and analyses 

the advantages and disadvantages of the existing order batching algorithm. Section 3 introduces the improved 
K-means clustering algorithm based on EIQ analysis for order batching in detail. Section 4 verifies the 

effectiveness of the algorithm through case analysis and conducts parameter sensitivity analysis and algorithm 

applicability analysis. Section 5 summarises the full text and looks forward to the future research direction. 

2. LITERATURE REVIEW 

Order batching is the core optimisation link of the picking system, and its algorithm design directly affects 

picking efficiency and operation cost. For the order batching problem, the academic community has proposed 

multiple optimisation methods. For the person-to-goods picking system, Gil-Borrás et al. used a multi-start 
search and a variable neighbourhood descent algorithm to achieve order batching and load balancing [19]. 

Chen et al. combined association rule mining with 0-1 integer programming to construct an ARIP method, 

which effectively reduced the length of the picking path by maximising the correlation of orders in batches 
[20]. Pardo et al. summarised and refined the algorithms used in different scenarios, which can be summarised 

into four categories: mathematical optimisation algorithms, heuristic algorithms, meta-heuristic algorithms and 

hybrid algorithms [9]. Mathematical optimisation algorithms include integer linear programming, mixed 
integer programming, column generation, dynamic programming and branch and bound, which are mainly 

used for small-scale problems to find the optimal solution; heuristic algorithms include seed method, saving 

algorithm and S-type path strategy, which can quickly generate approximate solutions through simple rules 

[14, 21, 22]. Meta-heuristic algorithms such as genetic algorithm, simulated annealing, tabu search, variable 
neighbourhood search, ant colony optimisation, particle swarm optimisation are suitable for large-scale 

problems and can efficiently explore the solution space [23]. The hybrid algorithm combines the advantages 

of different algorithms, such as the combination of tabu search and genetic algorithm, mixed integer 
programming and heuristics, adaptive large neighbourhood search, deep reinforcement learning and quantum 

computing, which further improves the performance and applicability of the algorithm [24]. 

Due to the difference between the person-to-goods picking system and the goods-to-person picking system, 
the algorithm in the person-to-goods picking system usually assumes that the storage is fixed, while the goods-

to-person picking system needs to process multiple automatic guided vehicle system (AGVS) scheduling and 

dynamic adjustment of storage bits in real time. Traditional integer programming or genetic algorithm is 

difficult to cope with second-level response requirements; moreover, the algorithms of the person-to-goods 
picking system usually focus on the path optimisation of a single picker, and the person-to-goods picking 

system needs to coordinate multiple links, such as automatic guided vehicle (AGV) handling. Direct 

application will lead to AGV path conflicts or idle workstations. Similarly, the algorithm design can be 
classified into three categories: mathematical optimisation algorithm, heuristic algorithm and hybrid algorithm. 

In the application scenario of a mathematical optimisation algorithm, Yang et al. constructed an integer linear 

programming clustering model for the AGVS, which effectively reduced the number of robot movements [25]. 

For the automated storage and retrieval system (AS/RS), a discrete-time mixed integer linear programming 
model and a preprocessing program are proposed by Zhao et al., which effectively reduces the completion time 

of the multi-purpose batch production system [26]. However, as the scale of the problem increases, the model 

construction time will increase exponentially. 
In the application scenario of heuristic algorithm, a storage allocation model based on product similarity 

and a variable neighbourhood search algorithm combined with order alienation are proposed by Xiang et al. 

for the autonomous mobile robot system (AMRS) [27]. Nicolas et al. developed a simulated annealing 
algorithm and an integer linear programming model for the AS/RS [28]. Jiang et al. proposed a two-stage order 

batching model and a dynamic clustering algorithm, which effectively reduced the number of shelf movements 

in the AMRS and balanced the workload of the picking workstation [29]. However, only considering that each 

item is only stored on one shelf, it may be different from the actual multi-shelf storage. The ant colony 
optimisation algorithm is used by Hu et al. based on the design of AS/RS [30]. Through the double-layer 

genetic algorithm and BFD algorithm, Lei et al. effectively improved the outbound efficiency and warehouse 

utilisation of the AS/RS [31]. An improved Pareto optimal elite non-dominated sorting genetic algorithm is 
also proposed by Wang et al. for the AS/RS [32]. 

In the application scenario of a hybrid algorithm, Winkelhaus et al. proposed an intelligent optimisation 

algorithm (agent-based simulation model), which effectively evaluated the performance of a hybrid picking 
system in improving warehouse picking efficiency and reducing costs [33]. For the AGVS, Liang et al. 
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developed a hybrid time window strategy and an improved ant colony algorithm [34]. Xie et al. proposed a 

variable neighbourhood search algorithm and a two-commodity network flow formula [35]. Kucuksari et al. 
proposed a Lagrangian relaxation method and a simulated annealing algorithm based on K-means clustering 

[36]. However, the computational complexity of the model is high, and the solution time for large-scale 

instances is long. Bansal et al. proposed a two-stage order batching model and a dynamic clustering algorithm 

based on the AS/RS, which effectively reduced the number of shelf movements and balanced the workload of 
the picking workstation, but the stability of the model is low [37]. Wang et al. simulated an annealing algorithm 

and an integer linear programming model for AS/RS [38]. Zhen et al. developed a two-layer rotation algorithm 

to solve the order, robot and shelf scheduling problems in the AMRS, which effectively reduces the order 
completion time, but may reduce the optimisation effect when the order dispatch frequency is too high [39]. 

In summary, although mathematical optimisation algorithms and heuristic algorithms have achieved high-

quality approximate solutions in a reasonable time by simulating natural phenomena or employing local search, 

they have shown obvious limitations in relying on initial conditions, parameter sensitivity and handling large-
scale problems. Furthermore, various algorithms do not exhibit significant advantages over one another. 

Considering that the essence of the order batching problem is the optimal grouping of the order set, the 

clustering algorithm is designed to better realise the matching between the problem characteristics and the 
solution strategy. Through the effective aggregation of the orders, the processing efficiency and stability in 

large-scale scenarios are improved. When the original K-means clustering algorithm is directly applied to deal 

with high-dimensional data such as pharmaceutical orders, the clustering performance will be significantly 
reduced due to the “curse of dimensionality”. The improved algorithms based on K-means clustering (such as 

the simulated annealing algorithm based on K-means clustering and the double-layer genetic algorithm based 

on K-means clustering) still have the problem of low computational efficiency in the face of large-scale 

examples. 
Therefore, we present an improved K-means clustering algorithm based on EIQ analysis for order batching. 

The main contributions of this article are shown as follows. First, by using IK frequency filtering and Pearson 

correlation to remove redundancy, a low-dimensional and highly representative feature subset is constructed 
to address the “curse of dimensionality” problem. Second, the algorithm optimises cluster centre selection with 

a roulette strategy and enhances order similarity within batches using cosine distance. 

3. METHODOLOGY 

This study establishes an integrated methodological framework to address the order batching challenges in 

the pharmaceutical warehouse SBS/RS. The proposed approach systematically addresses three key challenges: 

(1) the contradiction between high-dimensional SKU representations and computational tractability; (2) the 
mismatch between sparse order characteristics and conventional similarity metrics; (3) the instability of 

original clustering algorithms in pharmaceutical logistics scenarios. By synergising feature engineering with 

algorithmic innovation, the methodology achieves significant improvements in reducing total bin presentations 

while maintaining strict compliance with pharmaceutical storage regulations. 

3.1 Problem description 

This paper studies the order batching problem in SBS/RS in the context of pharmaceutical logistics 

warehousing. The aim is to optimise order batching to minimise total bin presentations. Total bin presentations 
dispatched from the warehouse can, to a certain extent, approximate the processing time or equipment 

utilisation rate. Therefore, to simplify, we use total bin presentations to approximately reflect the overall 

performance. The problem assumes that all order information is fully known and fixed before batching, and 
the fact that the pharmaceutical warehouse inventory always meets the order demand. The objective is to 

reasonably divide these orders into several batches to minimise total bin presentations. Key challenges include: 

due to batch production management, each bin can only store a single SKU without mixing; multiple orders 

often have highly overlapping SKU demands, so assigning them to the same batch requires only one bin 
presentation for all related orders; the problem exhibits high dimensionality (due to many SKU types causing 

the “curse of dimensionality”), sparsity (orders contain only a few SKUs, invalidating traditional distance 

metrics) and discreteness (no natural order among SKUs), posing significant algorithm design challenges. A 
reasonable batching method maximises SKU demand overlap within the same batch, significantly reducing 

bin presentations and improving overall picking efficiency. Basic constraints include that all order lines of the 
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same order must be assigned to the same batch (no splitting), and the number of orders per batch cannot exceed 

a preset maximum. 
Furthermore, the traditional K-means algorithm is highly sensitive to initial cluster centre selection, prone 

to local optima, and results in unstable clustering. These challenges are especially prominent in pharmaceutical 

logistics, where increasing SKU variety and order complexity make traditional batching methods inadequate. 

Therefore, a novel algorithm integrating feature selection and clustering optimisation is urgently needed to 
address these issues and meet the specific requirements of pharmaceutical logistics. 

3.2 Improved K-means clustering algorithm based on EIQ analysis for order batching 

This paper develops an improved K-means clustering algorithm based on EIQ analysis for order batching, 
redefining feature representation and clustering mechanisms for pharmaceutical order batching. The 

innovation lies in three interconnected components: a dual-stage feature selection mechanism, probabilistic 

cluster centres selection and directional similarity measurement. 

Overall algorithm framework 

The study develops an improved K-means clustering algorithm within the EIQ analysis framework for order 

batching. First, for the input order data set, based on the EIQ analysis framework, one-hot encoding is used to 

map the orders into high-dimensional feature vectors. Then, a two-stage feature selection is performed: 
important features are selected based on IK frequency analysis, and redundant features are removed using the 

Pearson correlation coefficient, constructing a low-dimensional representative feature subset to alleviate the 

“curse of dimensionality” and enhance feature representativeness. Second, to address the sensitivity of 
traditional K-means to initial cluster centres and the limitations of Euclidean distance in high-dimensional 

sparse data, an improved strategy is proposed. On one hand, a roulette wheel selection strategy is used to 

optimise the selection of cluster centres, reducing the risk of falling into local optima. On the other hand, cosine 

distance is adopted instead of Euclidean distance to measure the directional similarity and SKU overlap 
between orders, thereby more accurately grouping orders with similar demand into the same batch. The specific 

flow chart of the algorithm is shown in Figure 1. 

 
Figure 1 – Improved K-means clustering algorithm based on EIQ analysis for order batching flowchart 
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Feature extraction based on one-hot encoding 

Considering the high-dimensional, sparse and discrete characteristics of pharmaceutical orders, one-hot 
encoding is well suited to mapping each order onto a 0/1 vector across several possible SKU dimensions. The 

process is as follows: 

1) Extract the complete set of SKU features 

For the order set O={o1,o2,…,oi…,oN}, all distinct SKUs involved are recorded {SKU1,SKU2,…,SKUj…,SKUM}. 

However, before any screening, there may theoretically be thousands or even tens of thousands of SKUs, 

requiring further “feature selection” thereafter. 
2) One-hot encoding 

For any given order oi, if it contains SKUj, then the vector 𝑥𝑖 at dimension is set to 1; otherwise, it is 0. 

Thus, each order is encoded as a vector: 

𝒙𝒊 = (𝑥𝑖1 , 𝑥𝑖2 ,… , 𝑥𝑖𝑗… ,𝑥𝑖𝑀), 𝑥𝑖𝑗 ∈ {0,1} (1) 

Here, the dimension M may be very large, so feature selection is essential to reduce dimensionality and 

mitigate the “curse of dimensionality”. 

Feature selection based on IK frequency and Pearson correlation coefficient 

To improve clustering performance, it is necessary to further filter the one-hot encoded features by 

removing unimportant or redundant features, thereby forming a smaller and more optimal feature subset. This 
process consists of two parts: important feature analysis and feature correlation analysis. 

1) Important feature analysis based on IK frequency 

By calculating the order frequency ikj of each SKU, get the number of orders in which the SKU appears. 

Sort all SKUs in descending order according to their frequencies ikj: 

𝒊𝒌(𝟏) ≥ 𝒊𝒌(𝟐) ≥ ⋯ ≥ 𝒊𝒌(𝑴) (2) 

Set a feature extraction threshold n, and select the top 𝑛% SKUs as the feature subset to construct the feature 
vectors of orders.  

When 𝑛 is too small, the feature subset is insufficient to accurately represent differences between orders; 

when 𝑛 is too large, it leads to the “curse of dimensionality” and noise interference. Select the value or range 

of 𝑛 at which the total bin presentations stabilise with respect to changes in 𝑛, and the clustering performance 
is optimal. 

2) Feature correlation analysis based on the Pearson correlation coefficient 

Even after selecting the top 𝑛 SKUs, some features may still be highly redundant, providing almost identical 
“explanations” for the same batch of orders. To further remove such redundancy, the Pearson correlation 

coefficient is used to measure the linear correlation between features: 

For any two features fp and fq , their corresponding order sample vectors are: 

𝒇𝒑 = (𝑓𝑝(𝑜1), 𝑓𝑝(𝑜2),… , 𝑓𝑝(𝑜𝑖),… , 𝑓𝑝(𝑜𝑁)) (3) 

𝒇𝒒 = (𝑓𝑞(𝑜1), 𝑓𝑞(𝑜2),… , 𝑓𝑞(𝑜𝑖),… , 𝑓𝑞(𝑜𝑁)) (4) 

where f
p
(oi)=1, if order oi contains feature f

p
, otherwise 0. 

The Pearson correlation coefficient between features f
p
 and f

q
 is calculated as: 

𝑟𝑝.𝑞 =
∑ (𝑓𝑝(𝑜𝑖) − 𝑓𝑝̅)(𝑓𝑞(𝑜𝑖) − 𝑓𝑞̅)
𝑁
𝑖=1

√∑ (𝑓𝑝(𝑜𝑖) − 𝑓𝑝̅)2
𝑁
𝑖=1 ∑ (𝑓𝑞(𝑜𝑖) − 𝑓𝑞̅)2

𝑁
𝑖=1

 
(5) 

where f
p
̅ and f

q
̅are the mean values of the vectors f

p
 and f

q
, respectively. 

Set a feature removal threshold 𝑚. If rp,q>m, it indicates a high positive correlation between the two 

features on the order dataset. In this case, retain the feature with the higher IK frequency and remove the other. 
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Repeat this process until the Pearson correlation coefficient between any two retained features does not exceed 

𝑚. 

Through the above important feature analysis and correlation analysis, a more representative and less 
redundant feature subset can be selected from the massive SKU set, providing an efficient basis for subsequent 

clustering. 

Improved K-means clustering 

After selecting the feature subset, each order (sample) can be represented as a relatively low-dimensional 

binary feature vector: 

𝒙𝒊 = (𝑥𝑖1 , 𝑥𝑖2 ,… , 𝑥𝑖𝑗… ,𝑥𝑖𝑑), 𝑥𝑖𝑗 ∈ {0,1} (6) 

where d is much smaller than the original dimension M. At this point, the improved K-means algorithm can 

be applied for clustering and batching. 

1) Cluster centre initialisation based on the roulette wheel selection strategy 
To reduce the sensitivity of the algorithm to the initial cluster centres and avoid falling into local optima, 

the roulette wheel selection strategy is adopted for selecting cluster centres. The steps are as follows: 

Step 1: Randomly select one sample C1 as the first centre; 

Step 2: For each sample 𝑥 not yet chosen as a centre, compute its minimum distance to all currently 
selected centres and record it as D(x);  

Step 3: Let the probability of the next centre being selected be: 

𝑃(𝑥 = 𝐶𝑛𝑒𝑥𝑡) =
D(x)2

∑ D(z)2𝑧∈𝜒

 (7) 

and use the roulette wheel method to draw Cnext； 

Step 4: Repeat until 𝐾 initial centres are chosen. 

2) Similarity measurement based on cosine distance 

Euclidean distance measures the absolute distance between points in space, while cosine similarity 
measures the angle between vectors. Given that the feature vectors are binary and sparse, emphasising the 

difference in feature direction rather than magnitude, cosine similarity better captures the overlap of SKU 

demands between orders. Cosine distance, derived from cosine similarity, is thus used as the distance metric. 

For two order feature vectors x=(x1,x2,…,xd) and y=(y
1
,y
2
,…,y

d
), the Euclidean distance 𝑑𝐸(𝑥, 𝑦) is: 

𝑑𝐸(𝑥, 𝑦) = √∑ (𝑥𝑖 − 𝑦𝑖)2
𝑑

𝑖=1
 

(8) 

Cosine similarity is: 

cos⁡(𝑥, 𝑦) =
x·y

‖𝑥‖·‖𝑦‖
 (9) 

where ||𝑥|| and ||𝑦|| are the Euclidean norms of 𝑥 and 𝑦, respectively. 

‖𝑥‖ = √∑𝑥𝑖
2

𝑑

𝑖=1

 
(10) 

‖𝑦‖ = √∑𝑦𝑖
2

𝑑

𝑖=1

 (11) 

Cosine similarity ranges from −1 to 1, with values closer to 1 indicating higher similarity.  
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The cosine distance is defined as: 

𝑑𝑐(𝑥, 𝑦) = 1 − cos⁡(𝑥, 𝑦) 
(12) 

ranging from 0 (identical vectors) to 2 (completely opposite vectors). 
The pseudocode of the improved K-means clustering algorithm is shown in Table 1. 

Table 1 – Improved K-means clustering algorithm pseudo code 

Algorithm: Improved K-means (based on Cosine Distance) 

Input: Sample matrix X, number of clusters K, maximum iterations max_iter,number of initialisations n_init 

Output: Best clustering labels, cluster centres 

1 function ImprovedKMeans(X: matrix[N,d], K: int, max_iter: int, 

2                         n_init: int) -> (labels: vector[N], centres: matrix[K,d]) 

3     best_inertia ← +∞ 

4     best_labels ← Ø 

5     best_centres ← Ø 

6     for run in 1 … n_init do 

7         centres ← InitializeCentres(X, K)           

8         for iter in 1 … max_iter do 

9             labels ← AssignLabels(X, centres)        

10             new_centres ← UpdateCentres(X, labels, K) 

11             if Converged(centres, new_centres) then 

12                 break 

13             centres ← new_centres 

14         end for 

15         inertia ← ComputeInertia(X, labels, centres) 

16         if inertia < best_inertia then 

17             best_inertia ← inertia 

18             best_labels ← labels 

19             best_centers ← centres 

20         end if 

21     end for 

22     return best_labels, best_centres 

23 end function 

24 function InitializeCentres(X: matrix[N,d], K: int) -> matrix[K,d] 

25     centres ← [ RandomSample(X) ]                    

26     while |centres| < K do 

27         D2 ← [ MinCosineDistance²(x, centres) for x in X ] 

28         p ← Normalise(D2)                             

29         centres.append( RouletteWheelSample(X, p) ) 

30     end while 

31     return L2Normalise(centres) 

32 end function 
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33 function AssignLabels(X: matrix[N,d], centres: matrix[K,d]) -> vector[N] 

34     labels ← vector[N] 

35     for i in 1 … N do 

36         distances ← [ CosineDistance(X[i], centres[j]) for j in 1 … K ] 

37         labels[i] ← argmin(distances) 

38     end for 

39     return labels 

40 end function 

41 function UpdateCentres(X: matrix[N,d], labels: vector[N], K: int) -> matrix[K,d] 

42     centres ← matrix[K,d] 

43     for k in 1 … K do 

44         cluster ← { X[i] | labels[i] = k } 

45         if cluster ≠ Ø then 

46             centres[k] ← L2Normalise( Mean(cluster) ) 

47         else 

48             centres[k] ← RandomSample(X)             

49         end if 

50     end for 

51     return centres 

52 end function 

53 function ComputeInertia(X: matrix[N,d], labels: vector[N], centres: matrix[K,d]) -> float 

54     inertia ← 0 

55     for i in 1 … N do 

56         inertia ← inertia + CosineDistance(X[i], centres[ labels[i] ]) 

57     end for 

58     return inertia 

59 end function 

60 function CosineDistance(a: vector[d], b: vector[d]) -> float 

61     return 1 − ( a·b ) / ( ||a|| · ||b|| ) 

62 end function 

3.3 Algorithm time complexity analysis 

This section starts from the two aspects of feature selection and clustering, compares it with the original K-

means, and explains the time complexity of the improved algorithm. 
Suppose the number of orders (samples) is 𝑁, the initial SKU dimension is S, the dimension retained after 

two-stage feature selection is d (d≪S), the number of clusters is K, the maximum number of iterations of an 

initialisation process is I, and the number of random initialisations to be performed to avoid local optimality is 

𝑛𝑖𝑛𝑖𝑡 . 
In the feature selection phase, 𝑁 orders are first one-hot encoded and the frequency of each SKU in the 

sample is counted. The time complexity of this process is 𝑂(𝑁𝑆). Then, all SKU frequencies are sorted, which 

takes 𝑂(𝑆log𝑆). After the frequency sorting is completed, the algorithm calculates the pairwise Pearson 

correlation coefficient on the reduced candidate set to remove redundant features. The complexity is 𝑂(𝑑2N). 

Since d is the number of dimensions retained after screening, and d is much smaller than 𝑆, this item does not 

become a bottleneck. In summary, the overall complexity of the feature selection phase is approximately 𝑂(𝑁𝑆), 

and this step only needs to be performed once, which has a limited impact on the subsequent calculation amount. 
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The core time consumption of the clustering phase comes from the repeated “initialisation-iteration” 

process. The roulette strategy is used to select the initial centre, which requires traversing all samples, with a 

complexity of 𝑂(𝐾𝑁). In each subsequent iteration, the algorithm calculates the cosine distance between each 

sample and 𝐾 centres and updates the cluster centre vector. The combined complexity of the two is 

approximately 𝑂(𝑁𝐾𝑑). If a single initialisation iteration takes at most 𝐼 rounds to converge, the time 

consumption for one initialisation is 𝑂(𝐼𝑁𝐾𝑑); plus 𝑛𝑖𝑛𝑖𝑡  random restarts, the total time consumption is 

𝑂(𝑛𝑖𝑛𝑖𝑡𝐼𝑁𝐾𝑑). Compared with the complexity 𝑂(𝑛𝑖𝑛𝑖𝑡𝐼𝑁𝐾S) of traditional K-means running directly on the 

full-dimensional space 𝑆, the improved algorithm can theoretically achieve an acceleration of about S/d times. 

To sum up, the overall time complexity of the algorithm can be written as: 

𝑇(𝑁) = 𝑂(𝑁𝑆) + 𝑂(𝑛𝑖𝑛𝑖𝑡𝐼𝑁𝐾𝑑) (13) 

4. CASE STUDY 

We conduct a comprehensive empirical validation of the proposed algorithm using real-world 
pharmaceutical logistics data. The case study systematically evaluates algorithm performance across three 

dimensions: parameter sensitivity, operational efficiency and scenario adaptability, providing actionable 

insights for warehouse optimisation. 

4.1 System parameter settings 

This study uses real data from Company A for analysing the case. Company A’s distribution centre employs 

SBS/RS for order picking. Each order requires extracting SKUs from bins to the order boxes on the picking 

station. To improve picking efficiency, multiple orders are grouped into several batches. Company A’s current 
order processing mode adopts the FCFS strategy, accumulating orders into one batch of 200. One order can 

have multiple order lines, each corresponding to a SKU. Here, a SKU is defined as a combination of (product 

code, batch production), meaning the SKU is uniquely identified by both product code and batch production. 
The core objective is to minimise total bin presentations, thereby maximising picking efficiency. 

4.2 Results analysis 

This paper uses 30 days of order data from Company A as 30 test datasets. Figure 2 displays the daily order 

quantities over 30 days, which reflect fluctuations in order volumes. The performance of the three methods is 
analysed under the parameter settings of n=25 and m=0.8. Specifically, the three methods include: FCFS, 

unimproved K-means clustering and improved K-means clustering based on EIQ analysis. The unimproved 

K-means algorithm employs randomly selected cluster centres and Euclidean distance without feature subset 
screening, while the improved K-means conducts feature extraction, adopts n% candidate features, eliminates 

highly correlated features and utilises the roulette wheel method to select cluster centres with cosine distance 

as the distance metric. 

 
Figure 2 – 30 sets of test data order quantity 

Figure 3 shows the comparison of total bin presentations of three methods (FCFS, original K-means and 
improved K-means) within 30 days. The experimental results show that the FCFS method has the highest total 

bin presentations, and the improved K-means algorithm performs best, with the total bin presentations reduced 
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by up to 18% compared with FCFS and up to 13% compared with the original K-means algorithm. In the 30 

tests, the improved K-means algorithm always performed best, with the total bin presentations significantly 
lower than FCFS and the original K-means algorithm. 

 
Figure 3 – Results comparison chart 

As shown in Figure 4, after testing 30 sets of real enterprise order data, the solution time of the improved K-

means algorithm was controlled between 6 s and 25 s, with an average of about 13 s and a maximum of only 
25 s, all of which were far below the 50 s upper limit allowed by the project. This shows that the algorithm 

can reliably complete the calculation within the specified time, which not only meets the real-time business 

requirements but also fully proves its feasibility in the production environment. 

 
Figure 4 – Algorithm feasibility diagram 

Figure 5 shows the comparison of the total bin presentations of the three methods after 100 repeated runs on 

the same data set. The results show that the FCFS strategy has the same results after multiple runs due to fixed 
order data, without any fluctuations. The original K-means algorithm has significant fluctuations in results due 

to the random selection of cluster centres, and its coefficient of variation is 0.557. The improved K-means 

algorithm optimises the selection of cluster centres through the roulette strategy and uses the cosine distance 

to measure the similarity of orders, which effectively reduces the impact of randomness, reduces the coefficient 
of variation to 0.279, and significantly reduces volatility. The improved K-means algorithm shows higher 

stability and consistency in multiple repeated runs. 
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Figure 5 – Algorithm stability comparison chart 

To further verify the stability of the algorithm, we define the SKU popularity 𝑝𝑗 as the ratio of the order 

frequency of a certain SKU to the total number of orders, that is: 

𝑝𝑗 =
𝐼𝐾𝑗

𝑁
 (14) 

It is used to measure the demand intensity of a single SKU, where 𝐼𝐾𝑗 represents the order frequency of 

SKU j, and N is the total number of orders in the dataset. 

We can further obtain the key indicator for measuring the complexity of the order structure, namely, the 

single-row ratio of order data: 

∑𝑝𝑗 =∑
𝐼𝐾𝑗
𝑁

=
1

𝑁
∑𝐼𝐾𝑗

𝑀

𝑗=1

𝑀

𝑗=1

𝑀

𝑗=1

 (15) 

where ∑ 𝐼𝐾𝑗
𝑀
𝑗=1  is the sum of all order lines (each order line corresponds to one SKU) and 𝑁 is the total 

number of orders. 

On this basis, refer to the Herfindahl-Hirschman Index (HHI, a comprehensive index to measure industry 
concentration); 

𝐻𝐻𝐼 =∑(
𝑥𝑖
𝑋
)2

𝑛

𝑖=1

 (16) 

where 𝑥𝑖/𝑋 represents the market share of the ith enterprise. Obviously, the larger the HHI is, the higher 

the market concentration and the higher the degree of monopoly. 
Considering the impact of order structure complexity on concentration, the popular concentration C of the 

data set is defined as 

𝐶 =
∑ 𝑝𝑖

2𝑀
𝑗=1

∑ 𝑝𝑗
𝑀
𝑗=1

 (17) 

This allows 𝐶 to more purely reflect the concentration or dispersion of the SKU popularity distribution. 
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This paper selects 8 datasets with a popularity concentration interval of [0.004, 0.0075] and a step size of 

0.0005. The improved K-means algorithm is run independently on each dataset 100 times, and the total number 
of box outbound times of each run is recorded. The results are shown in Figure 6. For the results of multiple 

runs of the algorithm on different datasets, the distribution of the number of box outbound times shows a high 

degree of stability and consistency, which shows that when the popularity concentration of the data set changes, 

that is, the SKU popularity changes, the output results of the algorithm are highly repeatable and stable. 

 
Figure 6 – The popularity concentration of the datasets is different 

This work further selects multiple datasets, the popularity concentrations of which all fall within the interval 

[0.0050, 0.0055], and independently runs the improved K-means algorithm 100 times on each dataset, 

recording the total number of material box outbound trips for each run, and the results are shown in Figure 7. 
On these datasets with similar popularity concentrations, the total number of material box outbound trips 

obtained by multiple runs of the algorithm is highly similar, which shows that when the popularity 

concentration of the dataset remains basically unchanged, that is, the SKU popularity remains basically 
unchanged, the output results of the algorithm are still highly repeatable and stable. 

 
Figure 7 – The popularity concentration of the data set is within a fixed interval 

Therefore, regardless of whether the SKU popularity changes, the proposed improved K-means algorithm 

can continue to output similar and reliable results, showing a high degree of stability. 

4.3 Sensitivity analysis 

Regarding the unlabelled order data from Company A, the silhouette coefficient is chosen as the core 

evaluation metric for clustering quality. This metric quantifies intra-cluster cohesion and inter-cluster 

separation, providing a comprehensive assessment of clustering performance. For each sample 𝑖, the silhouette 
coefficient is calculated by comparing the average distance to other samples in the same cluster 𝑎(𝑖) and to 

the nearest other cluster 𝑏(𝑖), with the global silhouette coefficient being the average over all samples. 
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s(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

max⁡{𝑎(𝑖), 𝑏(𝑖)}
 (18) 

The coefficient ranges from −1 to 1, where values closer to 1 indicate better cluster structure. 
Using order data from one day of Company A, a sensitivity analysis is conducted on the feature selection 

threshold 𝑛 and feature removal threshold 𝑚. The parameter 𝑛 is varied from 5 to 100 (step 10), and 𝑚 from 

0.6 to 1.0 (step 0.1). A grid search over all parameter combinations records total bin presentations and 
silhouette coefficients. The ideal parameters minimise total bin presentations and maximise silhouette 

coefficients. The 3D heatmap in Figure 8 illustrates the optimal ranges for 𝑛 and 𝑚. 

The experimental results show that when the feature selection threshold 𝑛 is between 20 and 25 and the 

feature removal threshold 𝑚 is between 0.8 and 0.9, the algorithm performance is optimal: the total bin 
presentations are reduced to the minimum (1,136 times), and the silhouette coefficient is increased to 0.6, 

indicating that the clustering effect is at a high level in terms of intra-cluster compactness and inter-cluster 

separation. n is within this range, which just reflects that the top 20% of the drugs in the IK ranking can cover 
about 80% of the key indicators, which is in line with the theory of “20% of Class A goods account for 80 

effect” in ABC classification; at the same time, m between 0.8 and 0.9 can screen out extremely strong 

correlations, ensure the consistency within the cluster and effectively eliminate redundant data. 

It is recommended that companies prioritise setting the feature selection threshold n to 20-25 and the feature 
removal threshold m to 0.8-0.9 to optimise algorithm performance and reduce the risk of conveyor line 

congestion; at the same time, integrate the algorithm into the warehouse management system (WMS) to realise 

automated batching, regularly and dynamically update SKU features, adapt to business fluctuations, and 
support the efficient operation of the pharmaceutical distribution business. 

 
Figure 8 – Sensitivity analysis chart 

4.4 Algorithm applicability analysis 

This study selects data from different order structures to compare and analyse the applicability of the 

algorithm. The horizontal axis is the item lines per order, which range from [2.0, 5.0] with a step size of 0.5, 
and the vertical axis is the total bin presentations. 

The comparative analysis in Figure 9 shows that the improved K-means algorithm is always better than FCFS 

and the original K-means algorithm under different item lines per order. When the item lines per order are ≤
3.5, the improved algorithm can reduce the total bin presentations by about 3% at most compared with the 

unimproved K-means; and when the item lines per order are >3.5, the optimisation effect is further expanded 

to 6%. As the item lines per order increase, the optimisation effect of the improved k-means algorithm becomes 
more obvious. 

The improved K-means algorithm can effectively reduce the total bin presentations and improve efficiency 

under different order structures, and is particularly suitable for complex order scenarios with high item lines 
per order; while the FCFS algorithm has poor applicability under complex order structures and is not 

recommended for use in high item lines per order scenarios. For different pharmaceutical logistics companies, 

the improved K-means algorithm can be considered to optimise the total bin presentations and improve 

operational efficiency. 
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In industries such as e-commerce B2C, auto parts and book publishing, the single-row ratio of order data 

is in the range of [3, 4.5], and the order data are generally high-dimensional, sparse and discrete, which is 
consistent with the characteristics of the improved K-means algorithm. As can be seen from the figure, the 

algorithm proposed in this paper can improve operating efficiency under different order structures. Therefore, 

for the industries mentioned above, this algorithm can be directly integrated into the existing picking system, 

allowing it to deliver its benefits and demonstrating its feasibility and value for cross-industry promotion. 

 
Figure 9 – Algorithm suitability analysis chart 

5. CONCLUSION 

This paper examines the order batching problem in SBS/RS and proposes an improved K-means clustering 
algorithm based on EIQ analysis. The algorithm addresses the issue of “curse of dimensionality” by 

constructing a low-dimensional, highly representative feature subset through IK frequency filtering and 

Pearson correlation-based redundancy elimination. A roulette wheel selection strategy is employed to optimise 
the cluster centres, and cosine similarity is used to enhance order similarity. Ultimately, the algorithm aims to 

minimise total bin presentations, effectively improving the order batching efficiency in SBS/RS. 

Case studies and sensitivity experiments demonstrate that compared with the traditional FCFS strategy and 

the original K-means algorithm, the proposed method shows clear advantages on 30 days of real order data 
from Company A, with smaller fluctuations and higher stability in processing results. Regardless of whether 

the SKU popularity changes, the algorithm in this work can output similar and reliable results, showing a high 

degree of stability. Sensitivity analysis further confirms that the algorithm performs best when the feature 

selection threshold 𝑛 is between 20 and 25 and the feature removal threshold 𝑚 is between 0.8 and 0.9, 

consistent with the ABC classification theory of “20% A-items accounting for 80% effect”, which has practical 

business significance. In addition, the algorithm applicability analysis shows that as the item lines per order 

increase, the optimisation effect of the improved K-means algorithm becomes more obvious, indicating that 
the algorithm in this article has practical value for different pharmaceutical logistics companies, and it has the 

feasibility and value of cross-industry promotion. 

From a theoretical perspective, this study fills the gap in handling high-dimensional sparse data by 
synergistically optimising feature selection and clustering algorithms, providing a new approach for order 

batching problems in SBS/RS. Based on experience with integrating algorithms in previous projects, it takes 

about 2-3 weeks to integrate the algorithm into the existing warehouse management system (WMS), followed 
by 2-3 weeks of field testing to fully verify its effectiveness and stability. Practically, the algorithm has 
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significant engineering value and can be directly applied in SBS/RS to improve picking efficiency and reduce 

operational costs. 
Future research may focus on two directions: first, developing online batching strategies for dynamic order 

scenarios combined with reinforcement learning to achieve real-time decision optimisation; second, expanding 

to a multi-objective optimisation framework that simultaneously considers total bin presentations, order 

timeliness and picking path efficiency. 
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