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Abstract

The Moroccan garment industry faces challenges in scheduling small order batches, often
hindered by traditional product family-based methods that increase downtime by 15–20%.
This study proposes a clustering-based scheduling approach, grouping garments by tech-
nological times rather than product families to reduce changeovers and downtime by
30–35%. A case study in a Moroccan factory with 50–100-unit batches showed a 20% lead
time reduction and a 15% productivity boost. Using methods like K-Means, the approach
enhances planning flexibility and resource use. This methodology offers a scalable solution
for optimizing production and maintaining competitiveness in fast fashion markets.

Keywords: assignment in minutes; exchange downtime; skillfulness; scheduling; workstation

1. Introduction
The fast fashion sector is one of the biggest players on the global apparel scene,

driven by demand for constantly changing collections at prices affordable enough for quick
delivery. This means that textile manufacturers, including those in Morocco, need to uphold
high levels of agility and operational efficiency in order to satisfy these specifications while
at the same time adhering to On-Time Delivery (OTD) targets [1]. Given geographical
proximity to the European market and a well-trained workforce, Morocco should gain a
strategic advantage in this industry [2]. However, some challenges remain with regard to
small production runs, changes in orders, and high variability within this industry [3].

In this context, production planning and scheduling are essential to enhancing opera-
tional performance. Conventional approaches, which mainly focus on grouping similar
products into families, often prove inadequate when dealing with fragmented and highly
variable production requirements [4]. These methods tend to lead to frequent adjustments
of production lines, resulting in increased changeover times and repeated disruptions [5].

Such conditions not only lower productivity but also reduce flexibility, limiting the
ability of factories to efficiently manage a growing variety of orders.

Thus, introducing novel scheduling techniques should tackle the above-mentioned
challenges. Clustering techniques, especially the K-means approach, seem to be an alter-
native worth investigating [6]. Contrary to grouping products by families, this method
orders production sequences according to similarities in processing times and operational
requirements. The idea is to minimize idle time and enhance transfer from one batch of
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production to another. In this manner, since products with similar manufacturing processes
are grouped, reconfiguration times would be less, allowing for a better production flow
and a reduction in delivery times [7].

This research describes an implementation of a scheduling approach that was devel-
oped in one Moroccan textile factory with a view to illustrating the benefits of a clustering
technique. The results show considerable gains in productivity: A reduction of 30–35% on
average in changeover times and a decrease of 20% in delivery lead times [8] (pp. 85–92).
Furthermore, this method influences the efficient utilization of workers’ expertise, allowing
flexible production in a cost-effective manner [9].

The incorporation of clustering methods into scheduling practices provides a totally
new perspective for the textile industry in Morocco, and perhaps, in other countries, which
find themselves facing similar operational challenges. This process serves as a valuable
guideline for companies intending to improve their competitiveness in a dynamic and
subsequently global market [10]. In addition, the study will provide further additions to
the collection of studies about perfecting the art of production optimization in the fast
fashion industry [11].

Objective: This shows what needs to be set in place to develop a better scheduling
arrangement regarding problems relating to clustering of manufacturing lines according
to technological times rather than product families. The general idea is to minimize setup
stopovers while maximizing manufacturing and to ensure that small batches of output are
completed in time [12]. We briefly contextualize the study in a wider frame; the significance
of the work should also be presented.

2. Methodology
In the Moroccan garment industry, production lines (Figure 1) are typically organized

by product families. This method simplifies order allocation but has a major drawback of
frequent changeovers, as each product requires specific setup adjustments before manufac-
turing [13].

Figure 1. Production line [14].

2.1. Subsect Proposed Clustering-Based Approach

The method organizes production lines based on technological times, signifying the
time needed for carrying out definite operations or processes (Figure 2). Technological
matches group orders together, restricting the occurrence and time of changeovers [15].
Based on technological times, production lines can be more easily run since they would
have less adjustment to do; hence, fewer disruptions and a steadier production flow can
occur [16]. This method favors the more effective use of equipment and labor and thus
improves productivity and cost efficiency, especially under the conditions of high variability
that characterize fast-fashion production [17].
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Figure 2. Example of operation.

2.2. Clustering Algorithm

A clustering algorithm is used to group orders according to their technological times.
Several parameters are taken into consideration, like the kind of fabric, the complexity of
the design, and the operations required; The clustering is performed for the purpose of
minimizing changeover time between different orders.

2.3. Cataloging of Homogeneous Clusters Using Dynamic K-Means

The K-means method is a widely used unsupervised learning algorithm for address-
ing clustering problems, known for its practical efficiency and effectiveness. Originally
developed as a vector quantization technique in signal processing, it has become a standard
tool for cluster analysis in data mining. This study presents an adaptation of the K-means
algorithm, incorporating a self-adjusting approach to classify six distinct style attributes.
Let xip represent the i-th discrete point of garment P, and yjp represent the i-th discrete
point of garment Q, with i = 1, . . ., k. The classification is based on the Euclidean distance
(D), calculated as follows:

D(i, j) =
√
(xi1 − yj1)

2 + (xi2 − yj2)
2 + . . . + (xip − yjp)

2 (1)

These points represent the same features as measured and recorded from both P and
Q dresses. The set D of Euclidean distances between dress x and all successive dress y ∈ Y
is calculated using Equation (1).

From set D, the k smallest distances are selected. The classifier then assigns each
verified design to one of three categories: original, combined, or new. To ensure more
reliable classification and reduce noise, a voting score is used, based on the number n of
neighbors, defined as follows:

n =
[
((c

2) + (c.d))1/2
]

(2)

where each data point is classified as one of the three categories: each such point influences
the number of clusters and the initial mean vectors. If the data points are less than the
clusters, they are nominated as the initial mean vector of a cluster. Therefore, each cluster
is represented by a single data point in such cases. If the data points exceed the clusters,
the distance is calculated from each data point to all the cluster mean vectors, and the point
has to be assigned to the cluster with the nearest mean.

Since one does not know the initial positions of all the mean vectors, they need to be
adjusted in an iterative manner as data points are assigned to clusters. Each time the data
points are reassigned, the cluster k-mean is recomputed based on the rule defined here:

VP(x1, x2, x3, . . . .., xk)= (
∑k

i=1 x1sti

k
,

∑k
i=1 x2ndi

k
,

∑k
i=1 x3rdi

k
, . . . .,

∑k
i=1 xnthi

k
) (3)
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In Equation (3), x represents the set of data for clustering. The clusters were then
evaluated using the Sum of Squared Error:

SSE =
K

∑
i=0

∑
z=Ci

dist2(mi, x) (4)

For each point, the error is measured by its distance to the nearest cluster. To calculate
the SSE (Sum of Squared Errors), this error is squared and then summed, as shown in
Equation (4).

If the matrix X has a dimension of l(c × d) according to Equation (2), then Algorithm
(Figure 3) details the process of generating a new xi.

Figure 3. Flowchart for K-means clustering [18].

We chose K-Means because it is well-suited for our production scheduling challenge,
where we need to group orders into predefined categories. Unlike K-Nearest Neighbors
(K-NN), which assigns new data points based on proximity, K-Means is ideal when the
number of clusters is known in advance, which is the case in our study.

This method allows us to efficiently group production orders with similar characteris-
tics (e.g., processing times, machine types), reducing setup times and improving workload
balance. Compared to DBSCAN or hierarchical clustering, K-Means is faster, scalable, and
better suited for large datasets, making it a practical and efficient choice for industrial
applications.
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3. Analysis of the Company’s Order Book by Type of Operation and
Creation of a Database

A tabulated form was formulated (Table 1), and each row consisted of a particular
operation related to a specific garment type linked with a machine and with technical skills
needed to accomplish the job. The time necessary for the performance of the operation is
also recorded. For clarification, a few operations concerning the garment AUR 802 H are
exemplified.

Table 1. The process of changing series.

Garment Operation Product Family Equipment Skill
Standard
Allocated

Munite

AUR 802 H Measure and cut neckline
band PYJ_ Manual Manual 0.4

AUR 802 H Assemble neckline band PYJ_ Sewing machine Assembly 0.4
AUR 802 H Attach front neckline tape PYJ_ Sewing machine Collar assembly 1.5
AUR 802 H Notch PYJ_ Manual Manual 0.2

AUR 802 H Overlock neckline band PYJ_ 3-thread
overlocker Overlocking 0.6

AUR 802 H Secure overlock edge PYJ_ Sewing machine Securing 0.2

Transition matrix (Figure 4) represents the Number of Modifications Required to Shift
from One Model to Another; A rounded-down staffing requirement has been transformed
into a garment-type matrix, indicating the operational difference from one garment model
to others; This matrix indicates how staffing requirements vary from one garment model to
another, depending on the specific skills needed for particular garment types. Every cell
in the matrix signifies the operator count needed to carry out a particular skill for various
garment types, highlighting how these need to be modified in the production process.
The matrix structure further clarifies operational diversity between garment types while
providing a good platform for resource allocation optimization, which in turn promotes
work efficiency and flexibility.
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AURORE 801 14 0 1 22 2 12 19 18 12 11 13 9 14 8
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AURORE 811 8 22 21 0 24 10 3 4 10 11 35 31 36 14
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EDGAR PAH04 2 12 11 10 14 0 7 6 0 1 25 21 26 4
KATE.LML 5 19 18 3 21 7 0 1 7 8 32 28 33 11
KATE.PYK-H 4 18 17 4 20 6 1 0 6 7 31 27 32 10
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MAJE.PY-H 3 11 10 11 13 1 8 7 1 0 24 20 25 3
S01788 27 13 14 35 11 25 32 31 25 24 0 4 1 21
S21775 23 9 10 31 7 21 28 27 21 20 4 0 5 17
S39154 28 14 15 36 12 26 33 32 26 25 1 5 0 22
S50288 6 8 7 14 10 4 11 10 4 3 21 17 22 0

Figure 4. Transition matrix represents the number of modifications required to shift from one model
to another.

4. Results and Discussion
Use of the cluster-based approach gave substantial gains in production efficiency. The

total changeover time was reduced by 50%, while the average lead time for small orders
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was reduced by 30%. Further, improved predictability and smooth workflow enhanced
operator satisfaction.

Our method versus the most common scheduling criteria and priority rules (Figure 5):

. 
Figure 5. Comparison with classic scheduling methods.

It refers to the qualitative and quantitative set of demands to be fulfilled to review the
established schedule’s quality. A number of criteria may be applied to the same dataset.
Selecting amongst these depends on the criterion or criteria combinations which were
already designated.

First Come, First Served (FCFS): This rule is beneficial if the purpose is to be honest
and equitable to clients.

Shortest Processing Time (SPT): Orders are prioritized based on the shortest processing
time, with the fastest jobs being processed first.

Longest Processing Time (LPT): The longest order is chosen first.
Critical Ratio (CR): Orders are prioritized based on their critical ratio, with those

having the lowest ratio being processed first.
The clustering technique holds a vast edge over the traditional scheduling rules since it

groups similar operations or products in a resource allocation mode that improves workflow
efficiency. Unlike conventional modes such as FCFS or SPT that prioritize orders based on
individual traits, clustering places its focus on forming groups of operations with shared
needs; thus, on the entire production line, there is reduced setup and changeover time,
leading to performance enhancement while balancing operator workload and bounded
disruptions in production flow.

Our study primarily compares K-Means clustering with traditional scheduling meth-
ods, such as FIFO. However, we acknowledge the potential of more advanced approaches,
including heuristic algorithms (NEH, Tabu Search, genetic algorithms) and artificial intelli-
gence techniques (neural networks, reinforcement learning).

While these methods offer more refined optimization and real-time adaptability, their
complexity and industrial implementation remain challenging. In the future, further
exploration of these approaches could help enhance the flexibility and efficiency of the
model in various production environments.

Nevertheless, clustering-based methods have inherent disadvantages when it comes
to dynamic environments where priorities or urgent orders change constantly. Unlike other
approaches, such as Earliest Due Date (EDD) or Critical Ratio (CR), which are designed
to adapt quickly in the face of changing constraints, clustering performs a more static pre-
planning scheduling. Also, clustering algorithms are often much more complex than other
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real-time methods which makes them less suitable for cabinet live, computer-controlled
applications than their simpler rule-based rivals like FCFS or SPT.

We acknowledge the importance of a broader comparative analysis with other schedul-
ing methods. In this study, we focused on K-Means versus traditional approaches like FIFO,
highlighting its benefits in reducing changeover times and optimizing resource allocation.

However, exploring methods like EDD (Earliest Due Date), SPT (Shortest Processing
Time), or heuristic algorithms (Tabu Search, genetic algorithms) could provide deeper
insights into the model’s efficiency in more complex production environments.

We tested different workload configurations, and K-Means consistently reduced
changeover times and optimized resource allocation, confirming its reliability.

Future research will explore more complex scenarios, increasing data variability and
comparing K-Means with adaptive algorithms like metaheuristics or AI to further validate
its robustness.

5. Conclusions
The clustering-based scheduling approach hence presents a realistic solution for the

Moroccan garment industry, especially for the fast fashion sector. Instead of grouping
by product families, factories should focus on these technological timings to minimize
changeover times, which increases efficiency on the production line and meet on-time deliv-
ery goals. Moreover, with the K-means clustering method, similar operating requirements
for each garment to be produced were grouped, which would help simplify the planning
process and obviate changes from one production run to another.
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