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Abstract

Integration across a supply chain decision levels is key on improving investment returns. Integration of
different time scales leads to large scale problems usually computationally intractable. Different
approaches have been proposed to tackle the problem in terms of modeling and solution methods.
However, most of them are problem specific or applicable only to short time horizons. Clustering has the
potential to handle such problems by grouping similar input parameters together and considerably
reducing the model size while not compromising solution accuracy. This work presents a new class of
clustering algorithms to support the integration of planning applications of different time scales. The
clustering algorithms were formulated using integer programming with integral absolute error as
similarity measure. Two different clustering algorithms were developed: normal and sequence. The
models were developed in the GAMS software. Two case studies are presented to assess the algorithms
outputs and computational performance using utility demand data. It was found that the algorithm is
capable of finding good quality solutions; and even succeed at finding optimal solutions with a small
computational effort while providing clusters with high intra-cluster similarity and low inter-cluster
similarity.
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1. Introduction

Supply chain management has demonstrated ability to increase profits while upholding customer satisfaction
(Papageorgiou 2009). This comprises three decision levels: strategic, tactical, and operational. Decision makers
usually follow the aforementioned sequential mode (Grossmann 2012). Nevertheless, these levels are subject to each
other, and comprise dissimilar time scales. Consequently, their integration is fundamental to increase efficiency and
profit. The planning decisions must be carried out concurrently if one is to achieve a global optimum. Due to the
difference in time scales between the three supply chain management elements, their integration frequently derives
in a multiscale model which is in practice computationally intractable. Although diverse methodologies have been
suggested to solve this problem from a modeling and solution perspective, most of the methodologies are specific to
a problem or its applicability limited to short timeframes. Accordingly, clustering arises as a valid and suitable
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option to handle this type of problem by grouping similar inputs, such as price or demand, together. Input
parameters typically are made up of multiple attributes like simultaneous electricity and heat demands. This allows
to substantially reduce the size of the model and improve computational tractability while keeping solution
accuracy.

Clustering orders the data into homogeneous groups where the within-group-objects similarity is minimized whereas
the between-group-objects dissimilarity is maximized. The aim is that objects in a group shall be similar or linked to
one another and dissimilar or unlinked to objects in other groups. An affective clustering is characterized by a high
similarity/homogeneity within groups and high dissimilarity/heterogeneity between groups. The objects are
normally represented by vectors in a multidimensional space; in which each dimension represents a specific attribute
(e.g., variable, measurement) describing the object. Each attribute is considered to be represented by values.
Clustering has been studied for more than 50 years in diverse disciplines (Jain 2010).

Mathematical programming is key in the development of clustering algorithms. For example, Balachandra and
Chandru (P Balachandra and Chandru 1999) grouped a whole year electricity demand into 9 clusters sequentially
applying discriminant analysis. Later, the clusters were used as inputs in a mathematical model of an electricity
system based on supply-demand matching (Patil Balachandra and Chandru 2003). Likewise, Fazlollahi et al.
(Fazlollahi, Becker, and Maréchal 2014) developed an algorithm to cluster electricity demand using k-means. The
algorithm was extended to include attributes such as: heat demand, electricity price, and solar radiation. The clusters
were used as input for the operation of fixed energy systems. However, the study does not display the solution
quality nor the solution approach.

This work aims to tackle the integrated supply chain problem employing a clustering approach. The objective is
minimizing the model size by representing the days in a year by typical days representative of the operating year.
While it is true clustering has been broadly used in different applications, there is a lack of analysis in demand
patterns clustering. The latter are complex to represent due to their multidimensional nature involving shape and
time dependent attributes (e.g., utility demand). The present works takes a mathematical programming approach to
tackle the integrated supply chain management problem and proposes a Mixed Integer Linear Programming (MILP)
formulation for the clustering algorithms. Therefore, the present work aims to analyze the clustering of demand
patterns with multiple attributes for multiscale models. The L;-norm (least absolute value method) (Bektas and
Sisman 2010; Chelmis, Kolte, and Prasanna 2015; Green, Staffell, and Vasilakos 2014; Lyu et al. 2013; Sabo 2014)
is employed as similarity measure. The paper is organized as follows: Section 2 presents the proposed clustering
algorithms formulation. Section 3 presents a heuristic size-reduction algorithm. Section 4 shows two Case Studies
involving electricity and heat demands data. Concluding remarks are presented at the end of this work.

2. Clustering Algorithm

The proposed clustering algorithm is part of the time-series data. It can cluster demand data by considering shape-
similarity and trajectories-time at the same time. Thus, it can help minimizing the computational complexity of
multiscale models. Input parameters typically involve multiple attributes like the simultaneous electricity and heat
demands. The weighting method is used to deal with the multiplicity of the demand data attributes. This can be
expressed in the following form:

min X =Y, W, IAE, , €))
s.t. Eg=1 Yac =1 vd,
where X is the multi-objective performance criteria function to be minimized, IAE, denotes the attribute a’s L;-
norm or integral absolute error, W, attribute a’s weighting factor (W, = 0, Y, W, = 1), y, . denotes the binary
variable allocating loads for day d joining cluster c. The integral absolute error can be defined as follows:

IAE, =% SH - Dogn + Dognrs  Va, )
where D, 4 5, represents the absolute difference between load curve / and clustered curve ¢ for hour 4 in day d for
attribute a. The absolute difference between the load and cluster curves for the performance criterion is given as:

Dyan = |DEMLygp — DEMych| vae ¥V ahd,c, 3)
where DEML, 4, denotes the a’s attribute demand load for hour 4 in day d, DEM, ., the demand for hour % in
cluster ¢ and attribute a. It is important to notice that other integration schemes (e.g., Simpson’s 1/3 rule) could be
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used as well. Additionally, the use of the L,-norm is also easy to implement and only requires the use of the
Euclidean distance in (2).

Demand data can be clustered in a sequential way if one defines a constraint set following the string property
concept (Vinod 1969). This type of clustering is important in processes with flexible operations such as processes
subject to change-overs and set-ups. In order to incorporate time-dimension into the clusters and therefore
sequencing, the following set of constraints can be included:

Yari1 < Yaa vd <D, 4
Ya+i,e < Vae T Va1 vd <D,c >1, 35
Ype < Vp-1c T Yp-1,c-1 Ve>1, (6)

Equations (4)-(6) handle the first, intermediate, and last clusters sequencing, respectively. Each subsequent equation
is comparable to the previous constraints set as long as that the non-existing terms are taken out the equation. This
feature can be found in many algebraic modeling systems (i.e., GAMS).

Yda+1,c = Yad,c + Yd,c-1 vd €y (7)
The aforementioned general formulation offers a single platform for normal and sequence clustering given its
equivalent algorithmic structure. It renders a mixed integer nonlinear programming (MINLP) model due to the
multiplication of DEM,, ., and y, . variables illustrated in (3). Nevertheless, the model can be easily turned into a
MILP by applying common linearization methods on the absolute function (Mangasarian 2013). The model used in
this work is the linearized version of the clustering algorithm. In summary, the model for normal clustering is made
up by (1)-(3); whereas sequence clustering is denoted by (1)-(3), and (7).

3. Heuristic Algorithm for Size Reduction

Given the computational complexity of the proposed clustering algorithm described in the previous section, a simple
heuristic algorithm, which compares lower and upper bound solutions in an iterative way, was developed to help
reducing the problem size including single or multiple attributes. The developed size-reduction algorithm allows
maintaining the linearity and programming basis of the proposed MILP model of the previous section. The
developed heuristic uses the k-means algorithm (Xu and Wunsch 2008); however, in the present approach the
clusters are arranged employing the MILP model described in Section 2. Although the k-means is mostly used in
one-dimension time-series data, the version applied in this work is capable of dealing with higher dimensions.
Figure 1 explains the developed size-reduction heuristic that can be applied to single and multiple attributes. For
single attribute the weighting factor is assumed to be 1 (W, = 1); which simplifies the heuristic algorithm.
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Figure 1. Proposed heuristics algorithm for single and multiple attributes.

4. Case Studies

The proposed clustering algorithms were applied in two different case studies: 1) single attribute, and 2) multiple
attributes. The first case study involves the Unit Commitment (UC) model (Marcovecchio, Novais, and Grossmann
2014; Padhy 2004); whereas the second includes a full energy hub model (Maroufmashat et al. 2015).
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4.1 Case Study 1: Single Attribute Problem

The present case study analyzes the impact on solution accuracy when clustered demand in a normal and sequence
mode are applied to a planning model (Marcovecchio, Novais, and Grossmann 2014; Padhy 2004). The UC model
was selected for this analysis given its wide application. The objective is to minimize the operating cost of existing
power generators while meeting the demand. The analyzed UC problem is modeled as a MILP (Marcovecchio,
Novais, and Grossmann 2014). The analysis was conducted on 10 thermal units. Ontario-Canada’s (Hourly Ontario
and Market Demands, 2002-2014 n.d.) power demand of the first 30 days of 2014 was used to illustrate the
capabilities of the proposed algorithms. The model size effect is tested by doubling and tripling the initial number of
thermal units. The full-scale model has a time horizon of 8760 hours while the clustered ones feature 96, 120, 144,
and 168 hours for 4, 5, 6, and 7 clusters; respectively.

Table 1. Summary of results for normal clustering with different number of units.

N° of units Statistic Optimal Number of Clusters - Normal
4 5 6 7
10 CPU time (s) 2228 3 5 5 6
Objective function ($) 1.37E8 137E8 1.37E8 1.37E8 1.37ES8
20 CPU time (s) 33580 9 14 12 22
Objective function (§)  2.73 E8 2.72E8 2.73E8 2.73E8 2.73E8
30 CPU time (s) 99280 63 28 129 37

Objective function (§)  4.09E8 4.08 E8 4.08 E8 4.08E8 4.08 E8

Table 2. Summary of results for sequence clustering with different number of units.

N° of units Statistic Optimal Number of Clusters - Sequence
4 5 6 7
10 CPU time (s) 2228 3 5 6 9
Objective function ($) 1.37E8 137E8 1.37E8 1.38E8 1.38ES8
20 CPU time (s) 33580 11 13 15 26
Objective function ($) 2.73E8 2.73E8 2.74E8 2.74E8 2.74ES8
30 CPU time (s) 99280 177 1830 1720 979

Objective function (§) 4.09E8 4.09E8 4.10E8 4.11E8 4.11E8

Tables 1 and 2 present the results of normal and sequence clustering for different number of units. The application
of both normal and sequence clustering shows a great advantage in terms of solution time compared to the full-scale
model. The solution times of normal and sequence clustering for 10 and 20 units are very similar. However, it takes
much less time to solve the normal clustering model compared to the sequence one for the 30 units’ case. Figures 2
and 3 illustrate the values of the objective function in error percentage compared with the optimal non-clustered
solution for the 10 and 30 units of the normal and sequence clustering, respectively.
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Figure 2. 10 units’ objective function values in error percentage for normal and sequence clustering.
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Figure 3. 30 units’ objective function values in error percentage for normal and sequence clustering.

The error range is within + 0.5 % for all cases. The four sequence clusters case is the closest to the optimal showing
that four clusters is the optimal representation of the electricity demand curve. This trend could be expected since
typically electricity demand behaves seasonally, which is often clustered into four well-known seasons. This further
validates the proposed clustering algorithm.

4.2 Case Study 2: Multiple Attributes Problem

This case study evaluates the clustering algorithms (normal and sequence) compared with a full energy hub model
with multiple demand attributes. The objective is the minimization of the energy hub’s operating cost while meeting
the power and heat demands. The energy hub problem is formulated as a linear programming (LP) model
(Maroufmashat et al. 2015). The energy hub includes: one boiler, one combined heat and power (CHP) unit, and

option to purchase power from the grid. The power demand is met by the CHP and grid; whereas heat by the boiler
and CHP.

The full scale model includes hourly heat and power demands loads for 365 days; whereas the clustered cases hourly
loads considered 4, 5, and 6 clusters (clusters are considered as days). Given that the energy hub is a LP, it only
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takes a few seconds to solve the full scale model. Nevertheless, computational time reduction using clustering has
been proven in the previous case study. In this case study the focus is the quality of the solution.

Figure 4 shows the values of the objective function alongside with the relative error compared with the optimal case.
All clustered cases underestimate the value of the objective function. Normal clustering is closer to the optimal
compared with sequence. The objective function’s error average is -1.7 %, and 4.2% for normal and sequence
clustering, respectively. It was found that increasing the clusters number improves solution quality in both types of
clustering as it closes the gap between the clustered cases’ and optimal solution. Also, changing the weight factors
does not cause a strong effect on the objective function values. This might be the result of a similar symmetry
between the heat and electricity demands.
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Figure 4. Energy hub’s objective function values combining all runs and weight factors.

5. Conclusions

This study targets the integrated supply chain problem employing a clustering methodology. Since the use of shorter
time periods lead to large and intractable models, this study main objective is to decrease the model size by denoting
the days of the year by typical days during the operating year while maintaining accuracy in the results.
Accordingly, a mathematical programming methodology was used to model the clustering problem with single or
multiple attributes. There are clustering advantages in terms of solution time compared with the full scale model,
while increasing size had a minor effect on solution accuracy. It was found that normal clustering yields better
objective function, average, and standard deviation error values compared with sequence. For the one attribute case
study, the error range is within = 0.5 % for all studied cases. The error grows as the number of cluster increases
suggesting there is an optimal number of normal or sequence clusters regardless of cluster quality. The
computational burden associated with solving the MILP model even with the L;-metric still denotes a drawback for
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large planning horizons. Nonetheless, the application of a heuristic algorithm helps reaching optimal solutions in
shorter times.

For the multiple attribute case study, it was found that all clustered cases underestimate the values of the objective
function. Normal clustering is closer to the optimal case compared with sequence. The objective function error
average is -1.7 % and -4.2 % for normal and sequence clustering, respectively. Additionally, varying the weight
factors does not have a major effect on the value of the objective function. This could be the result of a similar
symmetry in heat and electricity demands.
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