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A B S T R A C T   

This work addresses the design of utility plants incorporating technologies to process biomass, manure, solar 
radiation, and wind to generate steam and electricity. To capture the hourly and interannual variability of solar 
and wind resources, an optimization framework is proposed. The framework involves clustering methods to 
capture the variability of solar and wind resources and a multiperiod design optimization problem minimizing 
operating and investment costs. Results show that the number of representative days impacts both the minimum 
cost and the plant topology. To study this impact, a methodology using multiple samples of representative days 
and two approaches to select design solutions are proposed and discussed through extensive computational 
results. Overall, two plant topologies were identified, one integrating syngas and the other a biomass boiler. The 
biomass-based plant showed 1% lower investment and 10% lower operating costs but requires additional make- 
up power from an external grid.   

1. Introduction 

The decarbonization of industry faces challenges that spurred sig-
nificant efforts in multiple research areas, for instance in combustion 
processes using alternative fuels (Evans et al., 2021), in material science 
to develop materials for the energy transition (Royce, 2021), in chem-
istry and chemical engineering applications to develop and enhance 
processes for hydrogen production via alkaline, proton exchange 
membrane, or solid oxide water electrolysis processes (Lopes-Fernandez 
et al., 2021). Overall, the efforts using computational models in process 
systems engineering could be classified in three main applications: i) 
optimizing process operations and novel process designs; ii) carbon 
capture and storage operations; and iii) integrating renewable energy 
resources in the industry. These efforts are particularly relevant in the 
oil industry, water desalination processes, and heavy industries such as 
ceramic, iron, cement, and steel corporations. In general, industry emits 
greenhouse gases directly due to burning fuel for power and heat or 
chemical reactions, and indirectly due to the emissions associated with 
electricity consumption (EPA, 2021). For example, heavy industries 
generate CO2 due to chemical reactions and require heating at very high 
temperatures (Esparza, 2020; De Pee, 2018). 

The integration of renewable energy sources in industry as a path to 

mitigate greenhouse gas emissions has been considered by several au-
thors. Lauterbach et al. (2012) and Silva et al. (2014) proposed using 
renewable energy sources to generate low-temperature heating in the 
food and beverage industry. Ghaffour et al. (2014) reported the devel-
opment of new process designs for desalination, an energy-intensive 
process with increasing use in arid regions based on renewable energy 
sources. That work shows an example of desalination as a natural target 
to integrate renewable energy sources; for a review on this topic, see 
Bundschuh et al. (2021). Vidal and Martín (2015) and De la Fuente and 
Martin (2019) considered the integration of biomass and manure and 
concentrated solar power(Martín and Martín, 2013) to supply electricity 
with negative emissions. Tavqi et al. (2019) studied the integration of 
wind turbines and solar technologies in crude oil production and their 
impact on the production economics, CO2 emissions reduction, and their 
trade-offs. Zantie et al. (2019) focused on the optimal integration of a 
power plant and a flexible unit to capture CO2 in the face of uncertain 
hourly electricity prices. The authors proposed a stochastic dynamic 
programming model and a solution approach to schedule the carbon 
capture during lower electricity prices. It should be mentioned that they 
did not consider the integration of renewables but focused on mitigating 
the CO2 emissions of a power plant. Tavqi et al. (2021) addressed the 
integration of renewable energy and energy storage in the process 
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industry using a multi-energy hub approach. Particular attention was 
given to CO2 emissions reduction and its impact on cost. Their approach 
did not consider uncertainty in solar irradiance, wind speed, or demand. 
Wang et al. (2021) studied the optimal design and operation of an en-
ergy storage system to balance the intermittent power generated by 
renewable energy technologies and the variable demand of hydrogen 
and oxygen in a refinery. Demirhan et al. (2021) proposed a general 
modeling approach to convert natural gas, solar power, and wind power 
into fuels, hydrogen, chemicals, and power through a process network. 
The renewable energy resources (and natural gas) are considered in 
their model as inexpensive and clean to produce hydrogen and chem-
icals. Their modeling approach involves alternative chemical processes 
and enables the search of integrated processes to produce various energy 
carriers and their corresponding economics. Sánchez et al. (2021) 
developed a methodology for the integration of renewable resources and 
the renewable energy storage in the form of chemicals capturing their 
variability using a multiscale time representation based on the previous 
work by Zang et al. (2019). 

Utility plants in industry convert natural gas into high-quality 
heating agents and electricity. Consequently, they produce CO2 emis-
sions, and therefore they are a natural target for integrating renewable 
energy resources to reduce natural gas consumption and CO2 emissions. 
However, renewable resources are variable and uncertain, adding up-
stream uncertainty to the design and operation of utility plants, which 
are already subject to downstream electricity and steam demand un-
certainty (Sun et al., 2017; Zhao and You, 2019; Mitra et al., 2013). The 
integration requires a careful characterization of the renewable re-
sources and plant design to accommodate them into a reliable steam 
network to generate steam at different pressure levels. In this context, 
Pérez-Uresti et al. (2020) formulated a multi-period mixed-integer 
linear programming (MILP) model to design utility plants, including 
various technologies to process biomass, biogas, solar radiation, and 
wind energy to produce electricity and steam at different pressures. 
Pérez-Uresti et al. (2021) extended that work to account for the uncer-
tainty of demand and renewable energy resources using a two-stage 
stochastic programming problem. A limitation of those works is the 
coarse time step discretization (monthly and weekly), which does not 
capture the hourly variation of the renewable resources. Therefore, the 
designs obtained may hide costs of make-up power from an external grid 
to ensure continuous utility supply. 

One way to improve the time discretization is to model extended 
time horizons via a few representative days based on historical time 
series. The main idea of clustering methods, applied to time series of 
weather attributes, is to cluster days with similar characteristics and 
represent each cluster by one day, the so-called representative day. In 
this way, a time series is represented by a small group of representative 
periods (Nahmmacher et al., 2016). Clustering preserves the hourly 
variations within each representative day but lacks accuracy in preser-
ving the intra-representative days-chronological sequence (Tejeda-Ar-
ango et al., 2018). A recent review describing methods for time series 
clustering can be found in Hoffmann et al. (2020). 

Among the clustering methods available, the k-means and k-medoids 
algorithms are considered state-of-the-art methods (Hoffmann et al., 
2020). The first one determines the centroid of each cluster, defined as 
the average value of data included in each cluster, while the latter de-
termines the medoid of each cluster, defined as the element of the cluster 
with the minimum distance to the remaining elements of the cluster 
(Teichgraeber and Brandt, 2019). 

Several authors have compared alternative methods for determining 
representative days in the context of energy systems to cluster renewable 
energy resources and electricity demand; see for example Kotzur et al. 
(2018) and Schütz et al. (2018). Most of the clustering is made over the 
temporal dimension, but it can also be applied over the space dimension, 
such as clustering renewable resources in regions (see Riera et al. 2021). 
Pfenninger (2017) compared various clustering methods applied to a 
planning model for the Great Britain power system; it is noted that the 

outputs are strongly method- and time-resolution dependent. In that 
study, systems with high shares of renewables were shown to need 
several years of data to yield reliable results. The specific applications 
reported in the literature include wind power production and electricity 
demand scenarios generation (Baringo and Conejo, 2013), generation 
and transmission expansion planning for power systems (Lara et al., 
2018; Alraddadi et al., 2021; Riera et al., 2021), oxyfuel combined cycle 
power plants (Teichgraeber et al., 2017), design of small-scale electric 
grids (Gabrielli et al., 2018), solar-based district heating (van der Heijde 
et al., 2019), short-term energy storage systems (Tejeda-Arango et al., 
2019), energy systems to supply heat and electricity for industrial fa-
cilities (Baumagaertner et al., 2019), the Regional Energy Deployment 
System from the National Renewable Energy Laboratory, US (Short 
et al., 2011), and the Integrated Planned Model from the Environmental 
Protection Agency, US (EPA, 2015). 

The selection of the number of representative days plays a relevant 
role when modeling renewable-based energy systems. On the one hand, 
few representative days yield more tractable models, but they may fail to 
capture the variability of the resources. On the other hand, many 
representative days increase the estimation of the variability but may 
lead to intractable problems. This compromise is similar to the one of 
selecting the number of scenarios in stochastic programming models. In 
this context, Mallapragada et al. (2018) studied the impact of the 
number of representative days on the outputs of a power capacity 
expansion model. They found that the capacity predicted for 
renewable-based facilities strongly depended on the number of repre-
sentative days; in particular, the capacity of PV technology was found to 
be lower for a large number of representative periods. Domí-
nguez-Muñoz et al. (2011) studied the impact of the number of repre-
sentative days and their replicas to design combined heat power 
systems. They evaluated the quality of clusters through the 
Davis-Bouldin index and identified local points where the clusters 
became close to each other. 

One challenge concerning clustering methods is the representation of 
extreme points of data series, which have a low probability of being 
selected as representative days, as discussed in Scott et al. (2019). 
However, extreme points are critical in power systems operation. 
Recently, several authors have proposed extensions to clustering 
methods to characterize extreme values and considered them in the 
determination of representative days, see for example Scott et al. (2019), 
Yeganefar et al. (2020), García-Cerezo et al. (2020), and Li et al. (2021). 

Another relevant characteristic of clustering methods is their random 
behavior. These methods involve a random selection of initial days for 
cluster formation, which may generate different output clusters and 
representative days over multiple runs for the same input data. This 
random behavior has been identified by several authors (Demirhan 
et al., 2020; Teichgraeber and Brandt, 2019). Consequently, different 
representative days may lead to different optimization results in terms of 
objective functions and variables. On the one hand, this random 
behavior can be interpreted as a drawback because it might not lead to a 
single design solution. On the other hand, it provides multiple samples 
of representative days that can be further used to generate alternative 
designs and sensitivity analysis. However, working with multiple sam-
ples and screening over alternative designs requires a proper method-
ology to select a final design. A hierarchical cluster algorithm could be 
used instead as the clustering outputs do not depend on the initial po-
sition. However, the use of this method generally leads to higher 
computational efforts, which reduces its capability to be applied for 
larger sets of data compared to the k-means method (Liu et al., 2017). 

This work proposes a novel methodology to design renewable-based 
utility plants, which includes technologies to process biomass and 
manure. The methodology generates multiple samples of representative 
days to evaluate the impact of renewable resources availability and 
electricity demand on plant design and operation, while considering 
data variability on an hourly basis as well as potential computational 
limitations for the model solution. The methodology consists of three 
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steps: (1) determination of representative days; (2) application of an in- 
sample analysis; and (3) application of an out-of-sample analysis. The 
approach is applied to a case study dealing with the development of a 
renewable-based energy production system in a southwest region of 
Mexico. In particular, the main contributions of this work can be sum-
marized as follows:  

1 Multiple samples of representative days are determined to assess 
their effect on the optimal design of the system. Multiple batches of 
samples, each considering a different number of representative days, 
are generated with two types of sampling, i.e., yearly, and seasonal.  

2 The random nature of the k-means method is exploited through 
several repetitions of the algorithm to generate multiple groups of 
samples.  

3 A methodology to assess the performance of each optimal solution 
under unexpected weather conditions and identify the best design is 
proposed.  

4 We show the importance of considering hourly variations in 
renewable resources availability for the optimal design of renewable- 
based energy systems. 

The rest of the paper is organized as follows. The problem statement 
is described in Sections 2, and 3 shows a general description of the su-
perstructure. Section 4 describes the methodology proposed to calculate 
representative periods and to solve the model. In section 5 the case study 
developed for the southwest region of Mexico is reported. Results and 
discussion are presented in Section 6, and the conclusions are drawn in 
Section 7. 

2. Problem statement 

Biomass, manure, solar radiation, and wind energy are to be inte-
grated to design a utility plant that supplies electricity and steam at 
different pressures. The system includes various technologies to process 
each renewable resource: biomass and biogas boilers, gasifiers, syngas 
and biogas turbines, a concentrating solar power (CSP) plant, and wind 
turbines. The availability of resources and utility demands are site and 
time-dependent. Solar radiation, wind energy, and electricity demand 
are assumed as hourly-varying parameters within the model formula-
tion. The problem consists of finding the optimal design of a renewable- 

based utility plant that minimizes the total annual cost of the system 
while supplying the hourly electricity demand. Specifically, we aim at 
determining the best integration scheme of renewable resources and 
technologies that ensures a continuous utility supply on an hourly basis. 
The problem is solved using an upgraded version of the multi-period 
model proposed by Pérez-Uresti et al. (2020) to handle the hourly 
time resolution, by using representative periods to capture variations of 
renewable resources and utility demand. The use of an hourly resolution 
increases the formulation size and computational time. Therefore, a 
methodology to capture the short-term dynamic behavior of renewable 
resources and utility demands is proposed while providing long-term 
design decisions (i.e., equipment sizes and investment decisions). 

3. Description and model of a renewable-based utility plant 

The superstructure of the renewable-based utility plant is schemat-
ically presented in Fig. 1. Overall, the utility plant produces four types of 
steam: 1) very high-pressure steam (VHP, P = 165 bar, T = 550 ◦C); 2) 
high-pressure steam (HP, P = 42.5 bar, T = 320 ◦C); 3) medium-pressure 
steam (MP, P = 27.6 bar, T = 230 ◦C); and 4) low-pressure steam (LP, P 
= 2.07 bar, T = 122 ◦C). Biomass can be stored and sent over time to a 
biomass boiler, or converted into syngas through a gasification process. 
If the latter is chosen, the model can select between an indirect or a 
direct gasifier coupled to a partial oxidation reactor or to a steam 
reforming reactor. Thereafter, the syngas produced is sent to a boiler or 
to a waste heat recovery (WHR) system consisting of a gas turbine 
coupled to a heat recovery steam generator (HRSG). Biogas from manure 
can also be used as fuel to produce steam, and it is processed similarly as 
the syngas through a boiler or a WHR system. A CSP plant that can 
produce four types of steam and wind turbines are considered. Once 
produced, steam is sent to the steam network that consists of steam 
headers operating at different conditions, a steam turbine, and a cooling 
system. 

The process design problem is addressed using a multi-period 
deterministic optimization problem involving design variables and 
operation variables. The design variables correspond to investment de-
cisions that are made at the beginning of the time horizon, while the 
operation variables are time-dependent decisions based on weather 
conditions and electricity demand, i.e., short-term conditions. In this 
formulation, the operation variables provide feedback information to 

Fig. 1. Superstructure of the renewable-based utility plant. Different technologies to process biomass, biogas, solar radiation, and wind energy are considered to 
supply electricity and steam. 
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determining the investment decisions and ensure the design feasibility 
subject to the renewable resources’ hourly variability and electricity 
demand. 

The design variables involve: (a) biomass, biogas and syngas boilers 
sizes; (b) biogas, and syngas turbines capacity; (c) heat recovery steam 
generators sizes; (d) gasifiers and reformers capacity; (e) heat transfer 
area for heat exchangers and condenser; (f) number of heliostats; and (g) 
number of wind turbines. 

The operation variables involve: (a) biomass consumption; (b) 

biomass stored; (c) manure consumption; (d) manure stored; (e) syngas 
consumption; (f) scheduling of thermal storage (molten salts flowrate); 
(g) steam production; and (h) power production. 

The main modeling assumptions for each equipment are described in 
the supplementary material and the reader is referred to Pérez-Uresti 
et al. (2019) for additional details. The objective function consists of 
minimizing the total annual cost (TAC) of the utility plant. 

Fig. 2. Proposed methodology for determination of RPs and in-sample analysis. Notation: k – number of representative days in one sample; N – number of times the 
k-means algorithm is run; M – number of different samples selected from the total of N. 
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Fig. 3. Determination of RPs to cover one year, based on a seasonal partition of the original data set. Notation: N – number of times the k-means algorithm is run for 
each season; M1, M2, M3, M4 – number of different samples of RPs selected from the total N samples of RPs in each season; M – number of samples of RPs that are 
generated from the combination of M1, M2, M3, M4. 
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4. Methodology to assess the impact of representative periods 
on process designs 

The proposed methodology involves three steps: (1) determination of 
representative periods; (2) process design optimization using an in- 
sample analysis; and (3) assessment of design variables using an out- 
of-sample analysis. The in-sample analysis generates multiple design 
solutions and may select one final design. The out-of-sample analysis 
provides an additional characterization of the design by testing it against 
historical days not used in the in-sample analysis, and provides the final 
design in case the in-sample analysis does not identify it. These steps are 
described in the next sections. 

4.1. Determination of representative periods 

The representative periods are determined using a clustering algo-
rithm that clusters periods with similar characteristics, which in this 
case represent parameters such as wind speed, solar radiance, and 
electricity demand. In this work, the main idea is to approximate a one- 
year horizon by a small number of representative days. Each represen-
tative day represents one cluster with multiple days from a historical 
data set. We used an hourly time series of electricity demand, solar ra-
diation, and wind velocity for the years of 2016-2019 to determine days 
representing the historical values for these items. We apply the meth-
odology proposed by Teichgraeber and Brant (2019) and the k-means 
algorithm to determine a sample of representative days. The method-
ology involves the following four steps:  

1 Normalization. Normalization is required because the multiple data 
sets have orders of magnitude that differ significantly. We normalize 
the data to be in the range of 0 to 1 based on the largest value of each 
parameter.  

2 Assignment. The k-means algorithm consists of the assignment of 
observations with similar characteristics into the same cluster. Here, 
we determine the clusters and data assignment by using the k-means 
function of MATLAB. As described below, we use different numbers 
of clusters (either for a whole year or for a specific season) to select 
the number of representative periods to be included in the model.  

3 Representation. We select the closest day to the centroid of each 
cluster as the most representative day. By doing so, we take a real 
historical day that better reflects the behavior of parameters over 
time. Some authors consider the use of cluster centroids as repre-
sentative periods (Baringo and Conejo, 2013; Teichgraeber and 
Brandt, 2019); however, they cannot capture the real behavior of the 
renewable resources over time, as they are calculated as average 
values of data included within each cluster. 

4 Weighting. A weight is assigned to each representative day to ac-
count for the days within each cluster. 

4.2. Process design optimization using an in-sample analysis 

The methodology described in the previous section enables the 
determination of a sample of representative periods. However, the 
methodology depends on the random initialization of the clusters, which 
may generate different samples of representative days (samples without 
common days), samples with common days, or similar samples. To 
overcome the initialization-dependence, we propose the determination 
of multiple samples of RPs (one sample involves k representative days) 
from the same initial data and solve the optimization design problem for 
each sample of RPs. We call this procedure an in-sample analysis. The 
calculation of multiple samples of representative days is performed 
using two alternative bases:  

(a) Yearly base: the k-means algorithm is applied N times to the 
original data set covering 2016-2019 to calculate N samples of 

Fig. 4. Proposed methodology step: out-of-sample analysis. Notation: M – number of different samples selected from the total of N; T-number of samples used to 
conduct the out-of-sample analysis; m – number of days used in the out-of sample analysis to evaluate fixed design solutions. 
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representative days, each with k days that approximate the solar, 
wind, and electricity demand over one year. From the N samples 
of RPs, the different samples are identified, and a weight is 
calculated based on the number of repetitions of each distinct 
sample. The number of distinct samples of RPs is denoted by M. 
Note that this weight is different from the weight assigned to each 
representative day within the k-means algorithm. This is illus-
trated in the top part of Fig. 2. 

(b) Seasonal base: the original data set is partitioned into four sea-
sons, and the k-means algorithm is applied N times to each 
partition to calculate N samples of representative days with k/4 
days, for a coherent number k. For each partition, the N samples 
are inspected and the different samples of representative days are 
selected. The samples of representative days from each season are 
combined to yield samples of representative days with size k. 
Based on the number of occurrences of each representative day, a 
weight is calculated for each sample of representative days. This 
approach is illustrated in Fig. 3. The estimation of the average 
objective function requires additional considerations when 
assessing data seasonally, see Fig. 3. In this case, we conduct all 
possible combinations of different seasonal samples. The mini-
mum TAC obtained for each individual combination is taken as a 
basis to calculate a weighted value of the overall objective 
function. 

4.2.1. Selection of a process design 
The in-sample analysis described in the previous section leads to 

multiple samples of representative days. Depending on the number of 
samples obtained, the uniqueness or diversity of the samples, and the 
complexity of the optimization problem, the decision-maker can select a 
single sample and perform the optimization based on this sample or 
perform one optimization per sample. Therefore, we propose the 
following procedure:  

1 If repeated samples of RPs are available, two options are considered: 

a) If computational limitations exist due to the number of samples 
and/or the size of the optimization model, then select the sample of 
RPs with the largest weight and perform one single optimization 
using that sample. 
b) If computational limitations are not a concern, then run one 
optimization problem for each sample of RPs, group the design so-
lutions by type of units in the design, and select the design solution 
obtained from the sample of RPs with the largest weight. 

2 If only unique samples of RPs are obtained, then run one optimiza-
tion problem for each sample, group the design solutions by type of 
units in the design, select the design solution that corresponds to the 
largest summation of the weights of the samples of RPs. This step and 
step 1.2 are illustrated in Fig. 2. 

If computational limitations are not relevant, instead of selecting one 
design solution in steps 1.2 and 2., multiple design solutions can be 
assessed using and an out-of-sample analysis to make a final selection. 
The application of these multiple steps is illustrated in Section 6. 

4.3. Assessment of process designs using an out-of-sample analysis 

The out-of-sample analysis is proposed as a tool to assess the per-
formance of process design solutions. This procedure can be applied just 
to one selected design from the in-sample-analysis, or to multiple pro-
cess designs obtained from alternative samples. This procedure involves 
fixing the design variables to the values obtained from the in-sample 
analysis optimization in the optimization design problem and solve it 
for new samples of representative periods from the original historical 

data, see Fig. 4. The number of days in each sample is larger than the 
ones used in the in-sample analysis. This procedure estimates the 
operating cost and the robustness of the designs in the presence of 
representative periods that were not considered during the in-sample 
optimization. 

5. Case study 

The proposed methodology is applied to design a renewable-based 
utility plant to be located in the south-west region of Mexico. The 
plant must supply LP steam to a bioethanol plant while meeting the 
electricity demand of a city on an hourly basis. Historical data for the 
years 2016-2019 of wind velocity, solar radiation, and electricity de-
mand are used to calculate their representative periods (NREL, 2019; 
CENACE, 2019). LP steam requirements are 15.4 kg/s (Karrupiah et. al., 
2008), with no variations over the year. For a more detailed description 
of the case study, the reader is referred to Perez-Uresti et al. (2019). We 
solve the problem considering 3, 6, 10, 12, and 21 representative pe-
riods. The problem size ranges from 100,327 equations, 68,296 
continuous variables, and 200 binary variables (when considering 3 
RPs) to 651,705 equations, 395,086 continuous variables, and 200 bi-
nary variables (when considering 21 RP’s). The optimization problems 
are implemented in the modeling system GAMS and solved using CPLEX, 
with a gap stopping criterion of 1%. 

6. Results 

The computational results aim to show (i) that alternative samples of 
representative periods are obtained by executing multiple independent 
runs of the clustering algorithms; (ii) the impact of the alternative 
samples of representative periods on the design optimization solutions; 
(iii) that given the multitude of design solutions, a selection criterion is 
required; and (iv) the assessment of the design solutions using an out-of- 
sample analysis for better estimating the total annual cost and operation 
conditions. In addition, within the results from the in-sample analysis, 
we show the impact on the design solutions and total annual costs of: (a) 
the yearly and seasonal bases to determine representative periods; and 
(b) the number of representative periods per sample. Detailed discus-
sions of alternative process designs are made and put in the context of 
the sample of representative periods used in the optimization step. 

6.1. Determination of RPs using the yearly base 

The RPs obtained for different values of k and the corresponding 
optimization results are presented in Fig. 5 and Table 1. The figure 
presents the average costs over multiple samples of representative pe-
riods for the same value of k. The trends show that there is a monotonic 
increase of the cost and consequently of the plants size obtained, with 

Fig. 5. Effect of the number of representative periods on the average TAC and 
investment cost. Investment cost and TAC of the plant increase with the number 
of RPs. 
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increasing values of k. This trend indicates that as the sample size in-
creases, additional variability of the original time series of wind speed, 
solar irradiance, and electricity demand is captured in the samples, 
reflecting that additional extreme conditions are included in the samples 
of RPs. For example, if additional days or periods with low wind or solar 
irradiance are captured in the samples as k increases, then additional 
CSP or wind farms capacity is needed. Furthermore, the profiles do not 
converge to a near-stable value, indicating that additional RPs may be 
needed to represent the full variability of the original time series. 

However, due to the optimization computational costs of samples with 
larger values of k, we limit our analysis to samples with 21 representa-
tive periods. 

Table 1 provides detailed results for the samples of representative 
periods obtained, including weights, and the costs and design solutions 
obtained for each sample. First, we highlight that for each sample with 
size k>3, multiple samples of representative days were obtained, cor-
responding to multiple costs and design solutions. Second, the rela-
tionship between the TAC and k is not monotonic, in contrast to the 

Table 1 
Results of the in-sample analysis obtained when assessing data yearly. Black font represents solution type I-B, while red font represents solution type II-G. The sample 
number refers to the one used as example to solve the problem.  

S.I. Pérez-Uresti et al.                                                                                                                                                                                                                          



Computers and Chemical Engineering 170 (2023) 108124

9

average values presented in Fig. 5. For example, there are values of TAC 
for some samples with 6 RPs that are larger than some obtained with 10 
RPs. Overall, the results show that as the number of RPs increases, the 
optimal solution yields a larger utility plant, which is reflected on the 
investment cost that increases from 284.5 $MMUSD, when considering 3 
RPs, to 576.55 $MMUSD, when considering 21 RPs. As a result, the TAC 
also increases from 131.4 $MMUSD/yr to 227.26 $MMUSD/yr. On the 
other hand, the operating costs are not significantly affected by the 
number of RPs. 

We also observe changes in the plant topology and technology se-
lection as the number of RPs increases. In this respect, with 3, 6, and 10 

RPs, all solutions include a biomass boiler, a CSP plant, a wind farm, and 
a biogas boiler. On the other hand, with more than 10 RPs, an alternative 
topology arises involving a gasification process instead of the biomass 
boiler. In addition, solutions with a gasifier consider a smaller number of 
wind turbines than solutions with a biomass boiler. For example, for 12 
RPs the former considers a maximum of 41 wind turbines and the latter 
113 wind turbines 

In Table 1, the solutions with the biomass boiler are identified with 
black font and the solutions with the gasification process with red font. 
As an example, the second and ninth samples with 12 RPs (12RP2S and 
12RP9S) contain a biomass boiler (black font in Table 1), whereas the 

Fig. 6. Solution type I-B with biomass boiler, CSP plant, biogas turbine, and a wind farm.  

Fig. 7. Solution type II-G with a gasifier, CSP plant, biogas turbine, and wind farm.  
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other samples include a gasification process (red font in Table 1). So-
lutions are labeled as type I-B for the former, and solution type II-G for 
the latter. 

6.1.1. Analysis of the designs of solutions type I-B and II-G 
In this section, we perform a detailed analysis of the solutions 

12RP2S-type and 12RP4S-type II-G in terms of units selected and their 
operating conditions. The corresponding flowsheets are presented in 
Figs. 6 and 7, and the power generation details in Fig. 8. We note that the 

Fig. 8. Use of renewable resources for two different configurations using yearly RPs: (a) Hourly electricity production and consumption for design 12RP2S; (b) 
Hourly electricity production and consumption for design 12RP4S; (c) Distribution of renewable resources for design 12RP2S; (d) Distribution of renewable resources 
for design 12RP4S. 

Fig. 9. Operation of two selected designs using yearly RPs for the day of lowest solar radiation: (a) Representative periods selected for solution of problem 12RP2S; 
(b) Representative periods selected for solution of problem 12RP42S; (c). The wind energy for RP selected in problem 12RP4S is 73% lower than the one observed in 
RP in problem 12RP2S. 
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optimizations for 12 and 21 RPs lead to 20% of solutions type I-B and 
80% type II-G. 

Solution type I-B. This type of solution favors the selection of a 
biomass boiler and is indicated in black font in Table 1. As an illustrative 
example, we describe the performance of design 12RP2S. The plant in-
tegrates a biomass boiler, a biogas turbine linked to a HRSG, a CSP plant, 
and a wind farm, see Fig. 6. Fig. 8a and 8c show the hourly electricity 
production and the contribution percentage of each resource, respec-
tively. The wind farm is the major contributor, consisting of 113 wind 
turbines, which supplies 45% of the total electricity required. The CSP 
consists of 10,234 heliostats to produce VHP steam, LP steam, and to 
reheat the steam coming from the steam turbine, providing 32% of the 
electricity demand; it becomes the primary resource at the peak demand 
(May 26th, 15:00 h) supplying 86% of the electricity required due to 
high solar radiation and low wind power output in this period. The 
biomass boiler is used as a backup system and produces VHP steam when 
solar radiation and wind velocity are low. Overall, the biomass boiler 
produces as much as 15% of the total electricity required. A biogas 
turbine, linked to a HRSG, is also used to produce electricity and VHP 
steam when there is no sunlight. A high level of power spillage is 
observed at the beginning and at the end of the year. The spillage levels 
result from low electricity demand, high wind velocity, and a large wind 
farm (to compensate for periods with limited wind resources). 

Solution type II-G. This solution integrates a gasifier, a biogas tur-
bine linked to a HRSG, a CSP plant, and a wind farm. It corresponds to 
results marked in red font in Table 1. Here, we describe the performance 
of design 12RP4S. The optimal structure is shown in Fig. 7, and the 
hourly electricity production in Fig. 8b. The wind farm, consisting of 41 
wind turbines, supplies 34% of the total electricity required, see Fig. 8d. 
Unlike the solution type I-B, a gasification process is preferred over the 
biomass boiler. The biomass is converted into syngas through an indirect 
gasifier and a steam reforming reactor. The syngas that is produced is 

sent to a turbine linked to a HRSG system to produce electricity and VHP 
steam. Additional heat is recovered using the flue gas leaving the 
combustor chamber to produce VHP steam through a HRSG system. 
Under this scheme, the system biomass/syngas produces as much as 
24% of the total electricity demand, showing the highest contribution in 
the fourth RP (July 15th) when solar radiation and wind velocity are 
low. The CSP contains 8191 heliostats that supply 34% of the electricity 
demand and are used to produce VHP and to reheat the steam coming 
from the steam turbine. 

Similarly, as in the solution type I-B, the biogas turbine is used as a 
backup system to produce VHP steam and electricity at night. The power 
spillage is 70% lower than in the solution type I-B because of the se-
lection of a smaller wind farm. 

6.1.2. Comparison of renewable resources availability in type I-B and II-G 
solutions 

A thorough analysis of the wind speed and solar irradiance captured 
by the representative days for the two solutions with largest probability 
12RP2S (Fig. 9a) and 12RP4S (Fig. 9b) showed some differences among 
the samples selected as representative days. As an example, we take the 
day with the lowest solar radiation for both solutions (see Fig. 9c) and 
compare the other operating conditions, i.e., wind velocity and elec-
tricity demand. It was observed that in both cases the peak demand is 
similar. However, the wind energy available for 12RP4S-type II-G is 73% 
lower than in 12RP2S. This means that the availability of wind energy is 
not sufficient to supply the peak demand in problem 12RP4S and, 
consequently, a gasification process is selected. 

6.2. Determination of RPs using the seasonal basis 

The generation of samples of representative periods using the sea-
sonal basis was replicated 10 times with 1, 2, and 3 RPs per season. 
Table 2 shows the samples generated and the weights calculated for each 
sample. With 1 and 2 RPs, the k-means algorithm generated the same 
sample out of the ten replications for each season. However, with 3 RPs, 
three different RP samples were determined for spring, four for summer, 
and only one for fall and winter seasons. Therefore, 12 combinations of 
samples covered the whole year. 

Table 3 shows the optimization results obtained for the different 
samples of RPs. The investment cost and the TAC of the plant show a 
similar trend as the one observed for the yearly base analysis. The in-
vestment cost increases from 352.8 $MMUSD when considering 1 RP per 
season, to 494.75 $MMUSD when 3 RPs per season were considered 
(10% lower than the design 12RP4S). Moreover, two types of optimal 
solutions were obtained for cases with 3 RPs per season. The first one 
corresponds to a utility plant integrating a biomass boiler (solution type 
I-B, black font in Table 3), and the second one a gasification process 
(solution type II-G, red font in Table 3). The results show that 75% of the 
combinations, considering 3 RPs, prefer the gasification process over the 
biomass boiler, in the same line as the yearly base analysis. 

The 12RP yearly and the 3RP seasonal problems use 12 RPs to 
represent the whole year. However, in some cases, the seasonal analysis 
selects larger utility plants. For instance, the highest value in Table 3 
corresponds to the design 3RP8C, which has a TAC and an investment 
cost of 221.9 $ MMUSD/yr and 555 $MMUSD, respectively. On the other 
hand, the highest values obtained in the 12RP yearly analysis are 215 
$MMUSD/yr for TAC and 543.7 $MMUSD for investment cost (design 
12RP4S in Table 1). 

6.2.1. Analysis of the designs of solutions type I-B and II-G 
Solution type I-B. This type of solution favors a biomass boiler and 

corresponds to the lines with black font in Table 3. The performance of 
design 3RP3.2.1.1-type I-B (also denominated as design 3RP1C) is taken 
to illustrate the type of results for this case. The hourly electricity pro-
duced by each renewable resource is shown in Fig. 10a. The major 
contributor is the wind farm, which consists of 67 wind turbines and 

Table 2 
Groups of samples obtained from the in-sample analysis for the seasonal 
analysis.  

RP 
(k) 

Season Number of 
distinct 
samples 

RPs description Sample 
# 

Weight 

1 Spring 1 May 18, 2016 1 to 10 1 
Summer 1 Aug 31, 2018 1 to 10 1 
Fall 1 Dec 6, 2017 1 to 10 1 
Winter 1 Jan 12, 2017 1 to 10 1 

2 Spring 1 Apr 13, 2017; May 
20, 2016 

1 to 10 1 

Summer 1 Aug 5, 2017; Sep 17, 
2018 

1 to 10 1 

Fall 1 Nov 9, 2018; Nov 10, 
2016 

1 to 10 1 

Winter 1 Jan 13, 2019; Dec 29, 
2018 

1 to 10 1 

3 Spring 1 Apr 13, 2017; May 
20, 2017; May 25, 
2017 

1, 2, 3, 7, 
8 

0.5 

2 Apr 13, 2017; May 
20, 2017; Jun 16, 
2017 

4, 6,10 0.3 

3 Apr 12, 2016; Apr 13, 
2017; May 11, 2016 

5, 9 0.2 

Summer 1 Aug 5, 2017; Sep 10, 
2019; Sep 11, 2016 

1, 2, 9 0.3 

2 Jul 7, 2019; Aug 7, 
2018; Sep 17, 2018 

3 0.1 

3 Jun 29, 2016; Jul 13, 
2019; Sep 17, 2018 

4, 5, 6 0.3 

4 Aug 5, 2017; Aug 30, 
2018; Sep 10, 2016 

7, 8, 10 0.3 

Fall 1 Nov 5, 2107; Nov 20, 
2016; Dec 12, 2017 

1 to 10 1 

Winter 1 Jan 9, 2017; Jan 13, 
2017; Dec 23, 2019 

1 to 10 1  
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produces 41% of the total electricity required, see Fig. 11c. The CSP 
plant is mainly used during the summer and fall seasons when the wind 
velocity is low. Biomass and biogas are used as backup systems in a 
similar way as described in Section 7.1.1. The results also show that the 
power spillage is 2.8 times larger than the one observed in solution type 
II-G. 

Solution type II-G. In this case, a gasification process is preferred 
over the biomass boiler (lines in red font in Table 3). Here, the solution 
of problem 3RP1.1.1.1-type II-G (also denominated as design 3RP10C), 
is described for illustrative purposes. The plant topology is shown in 
Fig. 8 and the hourly electricity production in Fig. 10b. The electricity 
produced from the syngas processing accounts for 27% of the electricity 
requirements (see Fig. 10d), while the CSP plant, which consists of 8102 
heliostats, is the major contributor as it supplies 46% of the total elec-
tricity demand. Wind energy becomes relevant only during the winter 
season, and biogas is only used during the night to produce VHP steam 
and electricity. 

6.2.2. Comparison of renewable resources availability in type I-B and II-G 
solutions 

Fig. 11a and 11b show the wind speed and solar irradiance captured 
by the representative days for the problems 3RP10C and 3RP1C, 
respectively. In a similar way to the yearly-based problems, we studied 

the day with the lowest solar radiation and compared the other oper-
ating conditions (see Fig. 11c). Here, we observe that the RP selected for 
the 3RP1C exhibits a deficit of wind energy that is 10 times lower than in 
problem 3RP10C. The deficit of wind energy leads to the selection of the 
gasification process over the biomass boiler in problem 3RP1.1.1.1-type 
II-G. 

6.3. Assessment of process designs using an out-of-sample analysis 

The out-of-sample analysis evaluates the optimal designs response to 
RPs that are not considered in the optimization problem. For this 
assessment, the design variables determined in the in-sample analysis 
are fixed in the optimization problem, and the problem is solved using 
25 samples, consisting of 24 days each, taken from the original historical 
data. 

The optimization problem defined in the in-sample step does not 
consider a connection to the power grid. However, in the out-of-sample 
analysis the importation of electricity is considered to compensate for 
specific conditions that create a deficit in electricity supply. Therefore, 
the electricity to be imported from the power grid is quantified in the 
out-of-sample analysis and is used as a measure of the design robustness. 

As mentioned above, the in-sample analysis showed that the gasifi-
cation process was preferred over the biomass boiler in most cases to 

Table 3 
Results of the in-sample analysis obtained when assessing data seasonally. Black font represents solution type I-B, while red font represents solution type II-G.  
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cover the utility demand under different weather conditions. Here, we 
compare the performance of the 12RP-based designs accounting for the 
highest probability in both analyses, i.e., 12RP4S, 3RP1C. Additionally, 

we analyze the performance of design 3RP10C, which integrates a 
biomass boiler, for illustrative purposes. 

Fig. 12 shows the operating costs and electricity imported for the 

Fig. 10. Use of renewable resources for two different configurations under seasonal RPs evaluation: (a) Hourly electricity production and consumption for design 
3RP1C; (b) Hourly electricity production and consumption for design 3RP1C; (c) Distribution of renewable resources for design 3RP10C; (d) Distribution of 
renewable resources for design 3RP10C. 

Fig. 11. Operation of two selected designs under seasonal RPs: (a) Representative periods selected for solution of problem 3RP10C; (b) Representative periods 
selected for solution of problem 3RP1C; (c) The wind energy for RP selected in problem 3RP1C is 10 times lower than the one observed in RP in problem 3RP10C. 
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designs 12RP4S, 3RP1C, and 3RP10C. The operating costs are calculated 
considering 80 $ USD/MWh as electricity price. The out-of-sample 
analysis identified the design 12RP4S, which incorporates a gasifica-
tion process, as a more robust system. The plant design meets the elec-
tricity demand in 11 out of the 25 scenarios selected, see Fig. 12d. On the 
other hand, the seasonal-based designs are less robust, as more elec-
tricity is imported. Design 3RP10C, which incorporates a biomass boiler, 
requires the importation of electricity for every random scenario 
considered here. 

7. Conclusions 

This work proposes a methodology for designing renewable-based 
utility plants capturing long-term design decisions and hourly opera-
tional decisions. The renewable resources availability and electricity 
demand are modeled using representative periods to approximate the 
hourly variations over one year. The use of representative periods en-
ables the integration of hourly operations with design decisions in 
models where long-time horizons hinder modeling hourly operations. 

Fig. 12. Results of the out-of-sample analysis. Left: values of the operating cost under random scenarios. Right: electricity imported under random scenarios. Design 
3RP10C requires the importation of a larger amount of electricity than the other designs. 
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The optimization design problem relies on a superstructure that includes 
various technologies to process biomass, biogas, solar radiation, and 
wind energy to produce electricity and steam at different pressures. The 
proposed methodology consists of three steps: (1) determination of 
representative periods; (2) implementation of an in-sample analysis; and 
(3) implementation of an out-of-sample analysis. 

The results for the selected case study indicate that a careful esti-
mation of representative periods is required to approximate the vari-
ability of the original time series data (wind speed, solar irradiance, and 
electricity demand). First, clustering algorithms present some random-
ness that may lead to different samples of representative days from in-
dependent runs. Second, reasonable approximations may require a large 
number of representative periods, which still result in computationally 
expensive optimization problems. Therefore, we propose a criterion to 
select a sample of representative periods based on a weight calculated 
from the number of occurrences of a repeated sample in the in-sample 
analysis. As an alternative, if repeated samples do not occur, an out- 
of-sample analysis can be further used to evaluate and select solutions. 

The optimization results show that the plant investment and total 
annual costs increase as more extensive samples of representative pe-
riods are considered. The optimal plant topology obtained depends on 
the sample, as two designs emerged from samples of the same size. One 
consisted of a biomass boiler (solution type I-B), and the other one a 
syngas technology (solution type II-G). Most of the replications con-
ducted as part of the in-sample analysis yielded the latter solution. The 
solution type II-G appeared for problems with representative periods 
that exhibited low availability of wind energy. In that case, the system 
relied on processing a higher amount of biomass through a gasification 
process instead of a biomass boiler because of its higher capacity to 
produce VHP. The investment and production costs are 10% higher 
when using gasification. Overall, the representative periods obtained 
with the clustering method seem to fail to capture the variability of the 
wind speed. In this respect, the out-of-sample analysis showed that the 
designs that integrate a larger wind farm are cheaper but less robust, as 
they need to import more electricity in several days. On the other hand, 
the designs that integrate less wind become more robust but more 
expensive, as they need to rely on expensive alternatives to meet the 
electricity demand. 
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