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A  B  S  T  R  A  C  T  

Environmental and economic concerns of utilizing fossil fuels reveal the need to use alternative 
sources. Due to various kinds of energy demands, choosing the proper generation units is the main 
aim of energy administrators.   Simultaneous generation units are the proper choice to meet several 
kinds of demands. Combined hydrogen, heat, and power (CHHP) is a cogeneration system to 
generates three kinds of energy demands.  Presenting the comprehensive reliability model of CHHP 
is the main part of this study. State-space and continuous Markov models with hydrogen, heat, and 
power generation systems are considered in the reliability model of CHHP. Loss of load expectation 
(LOLE) and expected energy not supplied (EENS) are considered as reliability indices to verify the 
efficiency of the proposed reliability model of the CHHP. Due to the important role of 
communication and data gathering, sending and receiving, the necessity to have a system to 
minimize the errors in data gathering and processing, and sending is unavoidable. Natural language 
program (NLP) is the best tool for managing data received, processing, and sending within the 
system with high accuracy. 

1. Introduction

Rising energy demand and inefficiencies in production may soon outstrip supply, forcing the countries to import energy and
causing major economic and social problems [1]. Reference [2] examines water-energy systems as a vital component of modern 
energy policies, analyzing hydraulic efficiency (EH) and annual water output. Findings show that multi-pump stations achieve 97% 
EH, surpassing mono-pump systems. The research also tackles power management challenges in PV-powered water stations using a 
Mixed Integer Linear Programming (MILP) model to optimize both solar power use and water production. Additionally, it highlights 
cogeneration—simultaneous production of multiple energy types—as a solution to boost efficiency, cut primary energy use, and 
reduce emissions. A key example is Combined Hydrogen, Heat, and Power (CHHP), integrating electrolyzers, fuel cells, and storage 
for cleaner, more efficient energy systems. In [3], the author presents a smarter way to manage renewable energy and storage, 
making electricity distribution more cost-effective, reliable, and eco-friendly. Tests and case studies show that this approach works 
well. By optimizing the solar-hydrogen storage system, the study improves the network’s performance, saves money, and reduces 
environmental impact compared to traditional energy management methods. It also discusses a CHHP system by emphasizing 
reliability modeling (using state-space and Markov models) and the need for efficient data handling via Natural Language 
Programming (NLP). Paper [4] presents a reinforcement learning (RL)-based energy management system (EMS) for multi-energy 
microgrids (MEMGs), optimizing both economic efficiency and system durability. Literature [5] presents a scalable approach to 
microgrid planning by incorporating dynamic degradation cost models for both solar PV systems and battery storage, addressing the 
shortcomings of conventional fixed or computationally intensive methods. Choosing and using simultaneous production systems 
depends a lot on the desired site, rules, and how to use them. Some of the effective factors are as follows: 
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• Cogeneration system design depends heavily on fuel and electricity prices, as well as thermal energy requirements 
(temperature/pressure). For instance, high-cycle systems suit a sugar plant (120°C), while cement plants (1450°C) need low-cycle 
systems, with demand patterns dictating type and size [6-9]. 

• The hydrogen/heat-to-power ratio, fuel availability, and demand reliability critically influence cogeneration system 
selection. Matching consumer needs with unit specifications—while balancing cost, redundancy, and grid connectivity—determines 
whether the system meets partial/full demand or sells excess output [10-14]. 

• Environmental laws may prohibit the use of some fuels due to high pollution, which may limit the choice of the type of 
cogeneration system [15]. 

Optimal sizing and siting of the CHHP in the distribution power system with considering technical and economic functions as 
provided in [16]. In [17], a new approach to empirical electrical modelling of a fuel cell, an electrolyzer, or a regenerative fuel cell 
was discussed. Modelling system uncertainties in the planning problem helped to give comprehensive results. In [18], the authors 
used the Monte Carlo method (MCM) to predict system uncertainties. Improving reliability indices in the planning problem is the 
main aim of several works of literature. In [19], the authors used a reliability–constrained optimization approach to model 
participation of private investors and distribution network operators. To enhance the reliability features of the multi-microgrid, the 
authors suggested a fair electricity market strategy [20]. To improve patterns of energy consumption of the consumers, some 
programs are introduced as demand responses. These programs are in two cases: time (or price) based and incentive-based programs. 
Reference [21] presented the impacts of employing a demand response program in the optimal sizing of a CHP unit. Reference [22] 
introduced a three-stage hybrid robust–stochastic framework for modeling the coordinated operation of CHP units and compressed-
heat energy storage, formulated as a MILP problem. 

In this paper, solar-based CHHP is proposed to be used as a generation unit. The reliability model of S-CHHP will be introduced 
and used to meet the residential-based load. Loss of load expectation (LOLE) and expected energy not supplied (EENS) are used as 
reliability indices. MILP is adopted and modelled in the general algebraic model system (GAMS) software. 

The main contribution of this paper is classified as follows: 
• Presenting a reliability model of solar-based CHHP (S-CHHP) 
• Utilizing long short-term memory (LSTM)-convolutional neural network (CNN) to predict system uncertainties 
• Utilizing K-means clustering as a scenario reduction method 
The rest of the paper is organized as follows. Section 2 provides the CHHP model. Section 3 presents the main objective function. 

All of the simulation results are evaluated in Section 4. Section 5 concludes the work. 

2. Problem definition  

• Definition of S-CHHP features 
The CHHP system, comprising an electrolyzer, fuel cell, and thermal/hydrogen storage, effectively meets residential energy 

demands. Since electrolyzers have low efficiency, photovoltaic (PV) systems directly power them, as illustrated in Figure 1 [23]. 
• Reliability modelling of the S-CHHP 

In this study, the input power of the electrolyzer is fed by a PV system. For the reliability modelling of the S-CHHP, the series of 
PV, thermal, hydrogen, power, and CHHP are considered as the Figure 2. In the S-CHHP, the reliability of the system is calculated 
by multiplying the probability of the series subsystem. The number of failures in the year and the frequency of repairs in that year 
are known as two important reliability parameters: failure time and repair time . 

 
Figure 1. The proposed S-CHHP. 
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Figure 2. Reliability representation of S-CHHP. 

 

The reliability of S-CHHP is defined as Equation (1). 

S CHHP PV Th Power Hyd
R R R R R

−
=     (1) 

Figure 3 shows 11 states that can happen in the operational condition of S-CHHP. 
• Markov Model 

Markov modeling provides an effective reliability analysis for memoryless systems with constant failure/repair rates, where 
availability becomes more critical than reliability in multistate systems due to computational complexity [24]. Figure 3 shows 11 
states that can happen in the operational condition of S-CHHP.  

Availability of subsystems is defined as follows: 
AvailabilityThermal=P1+P2               AvailabilityPower=P1+P5              AvailabilityHydrogen=P1+P3 

• Problem Formulation 
The main function of this paper is to increase the reliability level of the proposed CHHP-based energy system by reducing total 

annualized costs and considering system constraints. The proposed planning problem formulation is defined as Equation (2). 
8760

, ,

1 1

min ( ( ))
s
N

CHHP

s s t s t

s t

OF IC IRL OC
= =

= +  +  
(2) 

IC and OC are the investment cost and operational cost, respectively. IRL is the reliability-based cost and is defined as Equation 
(3). 

($ / )
Loss

IRL EENS C year=   (3) 
The proposed planning problem has been applied to the large residential load with thermal, hydrogen, and power demands.  
 

 
Figure 3. Markov block diagram of S-CHHP. 
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       Figure 4. The linear model of investment cost. 

2.1. Investment  

The increasing size of the generation unit has an inverse relation with the price of its components ($/kW). Figure 4 shows the 
relation between size and investment cost of components.  

The linear form of the (IC-Capacity) curve is defined in Equation (4) [25]. 

min

1

1

k k

k

IC IC slope capacity
=

=  +   
(4) 

1 1

1

1 k k

k

k

capacity capacity

capacity
 − −

−

−
 +  

(5)     

k is the binary variable, and slopek is the slope of the kth segment. 

2.2. Operational constraints of S-CHHP 
This section defines the operational constraints of S-CHHP. 

• PV 
The electrical output of a photovoltaic installation is primarily influenced by ambient temperature, the intrinsic efficiency of the 

PV modules, and the intensity of the solar irradiance they absorb. These parameters jointly determine the system’s real power 
production, which is formally expressed through Equation (6) [26]. In practical operation, variations in any of these factors—such 
as temperature-induced efficiency losses or fluctuations in incident sunlight—directly translate into measurable changes in PV 
performance. This relationship forms the basis for accurate modeling, forecasting, and optimization of PV energy generation under 
diverse environmental conditions. 

,
(25 )

PV PV

out t amb t
P A T Ir=   −   (6)       

• Electrolyzer 
Hydrogen and oxygen are separated from water using an electrolyzer, which drives an electric current through two physically 

isolated electrodes to initiate the decomposition process. The electrolyzer’s power output follows the relationship defined in Equation 
(7) [27]. In operational settings, the electrical input, electrode characteristics, and system efficiency all influence the rate and quality 
of gas production, making the governing equation essential for performance assessment and system design. 

_ _Out EL Out SPL EL

t t
P P =   (7) 

• Fuel cell 
A fuel cell converts the chemical energy stored in hydrogen and oxygen directly into electrical power through an electrochemical 

reaction rather than combustion. Its electrical output is quantified using the relationship expressed in Equation (8) [28]. In practice, 
this output depends on factors such as reactant flow rates, cell temperature, and internal losses, making the governing equation a 
key reference for evaluating performance and integrating the device into broader energy systems. 

_FuelCell HSS Fuelcell fuelcell

t t
P P =   (8) 

• Hydrogen storage 
Hydrogen storage serves as a buffering component that stabilizes the operation of intermittent electrolyzers and fuel cells, 

ensuring a continuous supply of hydrogen regardless of production or consumption fluctuations. The corresponding hydrogen flow 
rate associated with the storage unit is characterized by the relation given in Equation (9) [29], which governs how hydrogen is 
charged into or discharged from the storage system under varying operating conditions. 

1

HP

PH PH t

t t t HP

P
HSS HSS P


−

= +  −  
(9) 

• Heat storage 
Heat transfer within the thermal storage system is governed by the relation expressed in Equation (10) [30]. This formulation 

specifies the rate at which heat is accumulated or released by the storage unit, reflecting its dynamic response to charging and 
discharging conditions in the broader energy system. 

1 1 1

HS HS HS HS in HS out

t t t t
Heat Heat Heat Heat

− −

− − −
=  + −  (10)                                                                                                            
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2.3. Power, heat, and hydrogen balance equation 

The governing constraints for maintaining power, heat, and hydrogen balance within the system are specified in Equations (11) 
through (13). These expressions ensure that all inflows and outflows of energy and mass remain consistent with the operational and 
physical limits of the integrated system. 

   S CHHP Grid Sell Grid buy Load

t t t t
P P P P

− − −
+ − =  (11) 

   S CHHP Storage Load

t t t
Heat Heat Heat

−
= +  (12) 

   S CHHP Storage Load

t t t
Hyd Hyd Hyd

−
= +  (13) 

2.4. Reliability indices 

This study employs Loss of Load Expectation (LOLE) and Expected Energy Not Supplied (EENS) as the primary reliability metrics 
for the system. These indices quantify the likelihood and magnitude of insufficient power supply and are mathematically expressed 
in Equations (14) and (15), respectively [31]. LOLE measures the expected number of hours in which the system cannot meet the 
load, while EENS represents the expected energy deficit during these periods, providing a comprehensive assessment of system 
reliability. 

8760

1

n

s t

t

LOLE LSIX LOLE


=

=     
(14) 

LSIX is the binary variable equal to 1 when load shading occurs [32]. 
8760

1

n

s t

t

EENS LS EENS


=

=     
(15) 

LS is load curtailment. 

3. Optimization Algorithm 

3.1. Shark smell optimization (SSO) 

The Shark Smell Optimization (SSO) algorithm is a novel population-based optimization technique inspired by sharks’ natural 
ability to detect and move toward prey, representing an optimal solution. In this approach, the initial population is generated by 
assigning potential positions to each shark, which serve as candidate solutions in the search space. 
[X1

1. X1
2. ⋯ . X𝑁𝑃

1 ]. 𝑁𝑃 = Population Size     
So, the ith initial location vector, which represents the ith initial option solution for the optimization problem, is given by 

Equation (16). 
X𝑖

1 = [𝑥𝑖.1
1 . 𝑥𝑖.2

1 . ⋯ . 𝑥𝑖.𝑁𝐷
1 ].             𝑖 = 1.2. ⋯ . 𝑁 (16) 

In this formulation, 𝑥𝑖𝑗  represents the 𝑗th dimension of the 𝑖th shark’s initial position, corresponding to the 𝑗th decision variable 
of the 𝑖th individual 𝑋𝑖, with the total number of decision variables denoted as 𝑁𝐷. During the optimization process, the sharks 
update their positions and velocities as they move toward the prey, with the velocity vector of the 𝑖th shark defined by Equation 
(17). 

V𝑖
1 = [𝑣𝑖.1

1 . 𝑣𝑖.2
1 . ⋯ . 𝑣𝑖.𝑁𝐷

1 ] (17) 
The movement of the shark towards the prey is based on its "forward smell" motion, and its "rotation" is based on a gradient 

function, given by Equation (18) [33]. 
V𝑖

𝑘 = 𝜂𝑘 ⋅ 𝑅1 ∙ ∇(𝑂𝐹)|
X𝑖

𝑘 (18) 
For a population size of 𝑖 = 1, … , 𝑁𝑃and iteration index 𝑘 = 1, … , 𝑘max, where 𝑘maxdenotes the maximum number of algorithmic 

iterations, the objective function (OF) represents the performance metric to be optimized. The gradient of the objective function, 
∇(OF), provides directional information for movement toward optimal solutions. Building upon the previous velocity of the 
individual shark, the current velocity at iteration 𝑘can be expressed as in Equation (19). This formulation enables the algorithm to 
dynamically adjust the search direction and step size, thereby enhancing convergence efficiency and the ability to explore the 
solution space effectively in population-based optimization scenarios. Additionally, by incorporating the gradient information, the 
algorithm achieves a balance between global exploration and local exploitation, which is critical for avoiding premature convergence 
and ensuring robust optimization performance. 

|𝑉𝑖.𝐽
𝑘 | = 𝑀𝑖𝑛 [|𝜂𝑘 ⋅ 𝑅1 ∙

𝜕(𝑂𝐹)

𝜕𝑥𝑗

|
𝑋𝑖.𝑗

𝑘

+ 𝛼𝑘 ⋅ 𝑅2𝑉𝑖.𝐽
𝑘−1| . |𝛽𝑘𝑉𝑖.𝐽

𝑘−1|] (19) 

In this formulation, 𝑗 = 1, … , 𝑁𝐷, where 𝑁𝐷represents the number of decision variables. The parameters 𝜂𝑘 ∈ [0,1]and 𝛼𝑘 ∈

[0,1]are user-defined coefficients within the SSO algorithm, governing the relative influence of the newly computed velocity 
component in comparison to the previous velocity during the 𝑘-th iteration. The terms 𝑅1and 𝑅2are random variables uniformly 
sampled from the interval [0, 1], introducing stochasticity to the search process. Additionally, 𝛽𝑘denotes a rate-limiting factor applied 
in iteration 𝑘to control the maximum allowable velocity change, thereby preventing overshooting of the optimum.  
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Based on these velocity updates, the projected position of each shark, reflecting its forward movement toward the prey, can 
subsequently be determined as expressed in Equation (20). This step is fundamental in ensuring that the algorithm balances 
exploration and exploitation, enabling effective navigation through complex, multidimensional solution spaces while maintaining 
convergence stability. 

Y𝑖
𝑘+1 = X𝑖

𝑘 +V𝑖
𝑘∆𝑡𝑘 (20) 

So, ∆tk determines the time interval in the kth iteration. Therefore, the rotational movement of the shark can be expressed as 
Equation (21). 

𝑍𝑖
𝑘+1.𝑚 = Y𝑖

𝑘+1+R3 ∙ V𝑖
𝑘+1 (21) 

In this context, 𝑚 = 1, … , 𝑀𝑎, where 𝑀𝑎represents the total number of discrete points along the shark’s circular search trajectory 
during each iteration. The variable 𝑅3is a random number uniformly sampled from the interval [−1, +1], introducing variability into 
the search pattern to enhance exploration. 𝑀denotes the total number of points evaluated along the circular path in a given iteration. 
At each of these points, the objective function (OF) value is calculated, and the shark’s updated position is determined according to 
Equation (22). This mechanism allows the algorithm to exploit local regions effectively while simultaneously exploring the 
surrounding solution space, improving the likelihood of identifying global optima in complex, multidimensional optimization 
problems. 

𝑋𝑖
𝑘+1 = 𝑎𝑟𝑔𝑚𝑎𝑥 {𝑂𝐹(Y𝑖

𝑘+1) ∙ 𝑂𝐹(Z𝑖
𝑘+1.1). ⋯ . 𝑂𝐹(Z𝑖

𝑘+1.𝑀)} (22) 
In this formulation, the operator arg max {⋅} identifies the argument that maximizes the objective function 𝑂𝐹(⋅), effectively 

selecting the optimal candidate from the evaluated positions. Upon completing the iterative process, each individual in the 
population updates its position according to the described operators, and the overall best-performing individual is reported as the 
solution at the final iteration of the algorithm. Figure 5 illustrates the modeled behavior of a shark navigating toward an odor source, 
guided by the gradient of concentration, which serves as an analogy for the algorithm’s directed search towards the global optimum. 

The New SSO (NSSO) introduces an additional operator in its first step to enhance the search process by considering the shark’s 
best position in relation to its neighborhood. This is achieved by evaluating the neighborhood using best-neighbor information. 
Specifically, the algorithm calculates the Euclidean distance between the position of shark 𝑋𝑖

1and all other candidate solutions. These 
individual distances, denoted as 𝑑(𝑖, 𝑗), are then averaged to obtain the mean distance mdi, which quantifies the spatial distribution 
of the neighborhood. This metric allows the algorithm to guide the shark more effectively toward promising regions in the search 
space, leveraging local information for improved convergence. 

𝑚𝑑𝑖 =  
∑ 𝑑(𝑖. 𝑗)𝑀

𝑗=1

𝑀 − 1
𝑀 (23) 

In this framework, a candidate solution 𝑥𝑗 is considered part of the neighborhood of 𝑋𝑖
1 if its distance 𝑑(𝑖, 𝑗) is smaller than the 

mean distance mdi, ensuring that only sufficiently close solutions influence the shark’s movement. 
To address premature convergence, the second step incorporates an abandonment mechanism. Here, a parameter 𝑙(𝑖)is introduced 

for each shark (𝑖 = 1, … , 𝑀) and initially set to zero. If a shark’s position does not improve during an iteration, the parameter is 
incremented as 𝑙(𝑖) = 𝑙(𝑖) + 1; otherwise, it is reset to zero. When the stagnation persists beyond a threshold, the parameter reaches 
a maximum value 𝐿, signaling the need for exploration. This mechanism allows the algorithm to adaptively modify the search 
behavior, encouraging movement toward new regions in the solution space and is formalized in Equation (24). 

 

 
Figure 5. Shark smell behavior. 
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𝑥𝑛𝑒𝑤 = 𝜏∗𝑃𝑔 + ∅∗(𝑃𝑔 − 𝑥𝑖 ) (24) 
In this formulation, ∅ represents a randomly generated number within the range [-1, 1], while 𝜏acts as a weighting factor that 

regulates the influence of the global best solution during the current iteration, increasing progressively over time. Using this equation, 
the new position 𝑥newis determined with considerable randomness, allowing the search to explore broadly initially and then focus 
closely around the global best solution 𝑃𝑔in the final stages. For the final refinement step in the algorithm, three random variables 
from the SSO framework—𝑅1 and 𝑅2associated with forward movement, and 𝑅3related to rotational movement—are generated 
according to Equations (25) and (26), enhancing the stochastic exploration and exploitation balance. 

𝐶𝑘+1 = 4𝐶𝑘(1 − 𝐶𝑘)   𝑓𝑜𝑟 𝑅1 𝑎𝑛𝑑 𝑅2 (25) 
𝐶𝑘+1

′ = 2𝐶𝑘+1 − 1   𝑓𝑜𝑟 𝑅3 (26) 
In this approach, 𝐶𝑘and 𝐶𝑘+1are values produced by the chaotic pendulum operator, with 𝐶𝑘 , 𝐶𝑘+1 ∈ (0,1)and 𝐶𝑘+1

′ ∈ (−1,1). The 
operator is initialized by generating 𝐶0randomly within the interval (0,1), ensuring that 𝐶0 ∉ {0.25,0.5,0.75}to avoid fixed points that 
could reduce chaotic behavior. Additionally, a random mutation operator is applied to each 𝐺𝑖,𝑗

𝑔 with a predefined probability 𝑝𝑏. 
This mutation enhances population diversity, preventing premature convergence and improving the algorithm’s exploratory 
capability, as described in Equations (27) and (28). 

𝐺i.j
𝑔

= 𝑟𝑎𝑛𝑑(𝐿 𝐵𝑗 . 𝑈 𝐵𝑗).      𝑖𝑓  𝑟𝑎𝑛𝑑 (0.1) < 𝑝𝑏 (27) 
𝐺i.j

𝑔
= 𝐺i.j

𝑔
                                    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 (28) 

A. Long-Short term memory (LSTM) 
In recent years, LSTM neural networks have gained significant attention due to their ability to address long-term dependencies 

in sequential data [34]. LSTM networks are specifically designed to retain information over extended periods, making them highly 
effective at learning temporally separated patterns. Like all recurrent neural networks (RNNs), LSTMs consist of a chain of 
interconnected modules; however, unlike simple RNNs with basic recurrent units, LSTM modules have a more sophisticated internal 
architecture. 

A fundamental component of LSTM networks is the cell state 𝐶𝑡, which acts as a memory pathway capable of selectively adding 
or removing information. This functionality is regulated by specialized structures known as gates, which determine how information 
flows into, through, and out of the cell. At each time step 𝑡, the input 𝑋𝑡is processed by the input gate 𝐼𝑡, which controls the amount 
of new information stored in the cell state 𝐶𝑡. Simultaneously, the forget gate 𝐹𝑡regulates the retention of the previous cell state 𝐶𝑡−1, 
selectively discarding irrelevant information. Finally, the output gate determines which portion of the updated cell state contributes 
to the network’s output ℎ𝑡 . The dynamics of these gates and the updated cell state are mathematically defined in Equations (29)–
(31), capturing the flow and transformation of information within the LSTM unit. 

𝐶𝑡 =  𝐹𝑡  × 𝐶𝑡−1  +  𝐼𝑡 ×  (𝑡𝑎𝑛ℎ(𝑊𝑐  ×  [𝑂𝑡−1.  𝑋𝑡]  + 𝑏𝑐)) (29) 
𝐼𝑡  =  𝜎(𝑊𝑖  ×  [𝑂𝑡−1. 𝑋𝑡]  +  𝑏𝑖) (30) 
𝐹𝑡  =  𝜎(𝑊𝑓  ×  [𝑂𝑡−1.  𝑋𝑡]  +  𝑏𝑓) (31) 

In the preceding equations, 𝑊𝑐, 𝑊𝑓 , and 𝑊𝑖represent the weight matrices associated with the cell, forget, and input gates, 
respectively. The term 𝑂𝑡−1denotes the output of the LSTM cell from the previous time step, while 𝑋𝑡corresponds to the current input 
at time 𝑡. The vectors 𝑏𝑐, 𝑏𝑖, and 𝑏𝑓are the bias terms applied to the cell, input, and forget gates, facilitating the adjustment of the 
gate activations during network training. In this case, the output is as Equation (32).  

𝑂𝑡  =  𝜎𝑡  ×  𝑡𝑎𝑛ℎ (𝐶𝑡) (32)                                                           

3.2. Convolutional Neural Network (CNN) 

CNNs utilize multilayer perceptrons with adaptive weights to learn nonlinear input-output relationships through convolutional 
layers (feature extraction), pooling (dimensionality reduction), and fully connected layers (final feature integration), where 3D filters 
in the initial layer generate output feature maps. To obtain the mapping relation of the first layer from the one-dimensional input 
x=(xt )_(t=0)^(N-1) with size N, the filter combinations 𝑤ℎ

1 for h=1,…, and M1 are as Equation (33). 

𝑎1(𝑖. ℎ) = (𝑤ℎ
1 ∗ x)(𝑖) = ∑ 𝑤ℎ

1(𝑗)𝑥(𝑖 − 𝑗)

∞

𝑗=−∞

 (33)            

In this equation  𝑤ℎ
1 and 𝑎1 belong to the sets  𝑅1×𝑘×1 and  𝑅1×𝑁−𝑘+1×𝑀1, respectively. 

Similar to feedforward neural networks, the output is processed through a nonlinear activation function ℎto yield 𝑓 = ℎ(𝑎). For 
each subsequent layer 𝑙 = 2, … , 𝐿in the mapping network, the feature map 𝑓(𝑙−1) ∈ ℝ1×𝑁𝑙−1×𝑀𝑙−1, with dimensions 1 × 𝑁𝑙−1 × 𝑀𝑙−1, is 
combined with the output from the preceding convolution filter. This operation produces the mapped feature map 𝑎𝑙 ∈ ℝ𝑙×𝑁𝑙×𝑀𝑙 , as 
expressed in Equation (34). 

𝑎𝑙(𝑖. ℎ) = (𝑤ℎ
𝑙 ∗ 𝑓𝑙−1)(𝑖) = ∑ ∑ 𝑤ℎ

𝑙 (𝑗. 𝑚)𝑓𝑙−1(𝑖 − 𝑗. 𝑚)

𝑀𝑙−1

𝑚=1

∞

𝑗=−∞

 (34) 
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3.3. Combinational LSTM and CNN (CNN-LSTM)  

This section presents our hybrid model for short-term load forecasting (STLF). The overall architecture of the CNN-LSTM-based 
deep learning network applied to Urmia city is illustrated in Figure 6. The CNN feature extraction module consists of three one-
dimensional convolutional layers, each followed by Max-Pooling (to reduce spatial dimensions) and ReLU activation functions (to 
maintain gradient stability). Early convolutional layers focus on capturing low-level features, while the pooling layers reduce 
positional variance and computational load. 

 
K-means clustering 
K-Means is an iterative clustering algorithm that partitions unlabeled data into 'k' distinct, non-overlapping groups by minimizing 

within-cluster variances (using squared Euclidean distances) while maximizing between-cluster separation, following the 
Expectation-Maximization approach with 'k' requiring predefinition. 
Step 1: Determine the number of clusters by selecting the value of K. 
Step 2: Initialize K centroids, either randomly or through a specific calculation. The Euclidean distance is used to select the initial 
centers. 
Step 3: Assign each data point to the nearest centroid, forming K initial clusters. 
Step 4: Compute the mean of each cluster and update the centroid to this new value. 
Step 5: Reassign all data points to the nearest updated centroid, refining the cluster assignments. 
Step 6: Repeat the centroid update and reassignment steps until no significant changes occur, indicating convergence.  
Step 7: Finalize the clustering model, which is now ready for use. 

Equation (35) is the objective function of the k-means clustering algorithm. It measures how “tight” the clusters are. Lower J 
means better, more compact clusters. 

𝐽 = ∑ ∑ (𝑝𝑖 − 𝑐𝑘)2

𝑝𝑖∈𝑠𝑘

𝑘

𝑘=1

 (35) 

 
Figure 6. LSTM model. 
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4. Simulation results 

In this section, we will examine the performance of the methods presented in the article and compare them with the proposed 
methods of past research to identify their strengths and weaknesses. Also, the criteria of good or bad performance of these methods 
will be introduced, and by using practical simulations with real data, load prediction charts and tables will be presented.  

4.1. 4.1. Input data 
Figure 6 illustrates the typical demand for electricity, heat, and hydrogen in a day. The electric, heat, and hydrogen base loads 

are 1800, 3500, and 1000kW, respectively. Table 1 gives the parameters of S-CHHP. Table 2 tabulates the time of use-based demand 
response and fuel cell parameters. 

4.2. The optimal size of CHHP 

The rest of the scenarios after employing the k-means clustering algorithm are given in Table 3. Figures 7-11 show the predicted 
values by LSTM.  The lowest MAPE error values can be achieved using the deep learning scheme proposed by CNN-LSTM in this 
thesis. The closest MAPE value to our proposed method is the GRU network in the reference, which is obtained by a powerful STLF 
tool. Compared to the reference results, MAPE improvement is achieved at least 0.2%, which can lead to extensive cost savings in 
electric power generation plants. Root Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE) have been used to 
evaluate the accuracy of the proposed model. RMSE measures the amount of error between two data sets according to Equation (36).  

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑌̂𝑖 − 𝑌𝑖)

2
𝑛

𝑖=1

 
(36) 

Here, 𝑌𝑖represents the observed load at time 𝑖, while 𝑌̂𝑖denotes the forecasted value. The MAPE is used as a metric to evaluate the 
accuracy of a prediction model. It expresses the forecast error as a percentage and is computed according to Equation (37). 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑌̂𝑖 − 𝑌𝑖

𝑌𝑖

|

𝑛

𝑖=1

 (37) 

Table 4 presents a comparative analysis between the proposed STLF model and existing forecasting models reported in the 
literature. 

 
Table 1. CHHP parameters. 

Unit CHHP PV 

Parameter Electrolyser

  
HE

    PV

  S 
a
T  If Ir (year) 

    

Value 0.7 0.92 0.75 15.5% 750 25 9% 9% 15 2% 
 

Table 2. Demand response parameter. 
TOU Program 

Fuel Cell 
Peak Normal Low 

20–23 7:00–19:59 0:00–6:59 Fuel cell

  
0.48($/kWh) 0.35($/kWh) 0.22($/kWh) 0.75 

 
Table 3. Scenarios after employing scenario reduction. 

Scenario 1 2 3 4 5 
Probability 0.012 0.043 0.387 0.023 0.068 
Scenario 6 7 8 9 10 
Probability 0.033 0.017 0.117 0.2 0.1 

 
Table 4. Results of different prediction methods. 

MAPE Forecasting Method 

1.32  DNN  

1.19  RNN  

1.01 LSTM  

0.84 GRU  

0.61 The Proposed CNN-LSTM 
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Obviously, the lowest MAPE error values can be achieved using the CNN-LSTM deep learning scheme proposed in this thesis. The 
closest MAPE value to our proposed method is the GRU network in the reference, which is obtained by a powerful STLF tool. 
Compared to the reference results, MAPE improvement is achieved at least 0.2%, which can lead to extensive cost savings in electric 
power generation plants. The storage efficiency is 90%, its minimum and maximum energy values are 100 and 260 kWh, respectively, 
and finally, its initial and final energy values are considered to be 180 kilowatt hours. The results of the optimal planning problem 
are given in Table 5. The value of the lost load is 10 $/kWh, the cost of providing the reservation is 0.4 cents/kWh, and the duration 
of the reservation is assumed to be 1 hour. Daily costs of planning problem are illustrated in Figure 12. Loss of load probability 
(LOLP) in the 24 hours is shown in Figure 13. 

 

 
Figure 7. Demand prediction (MW).                                                                   Figure 8. Electrical load. 

 
Figure 9. Hydrogen demand.                                                                               Figure 10. Heat demand. 

 

 
Figure 11. Solar irradiation. 

 
Table 5. Optimal planning solutions. 

 Without a heat & hydrogen tank With a heat & hydrogen tank 

Total net present cost ($*106) 8.1564 7.8295 

Operation cost ($) 3511433  25408 3599251  25426 
Payback period (year) 6.3 5.4 
IRR (%) 28 30 

CHHP capacity (KW) 
Unit 1 1100 1180 

Unit 2 1082 1095 

PV capacity (kW) 
Unit 1 400 420 

Unit 2 280 0 

LOLE (days/10yrs) 
Electrical 0.92 0.94 
Thermal 0.84 0.90 
Hydrogen  0.80 0.82 

EENS (kWh/year) 
Electrical 600 580 
Thermal 1320 2400 
Hydrogen  860 920 
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Figure 12. Daily total costs of S-CHHP.                                                           Figure 13. LOLP index. 

    
        Figure 14. IRR of the proposed problem.                                      Figure 15. Payback duration in the planning horizon. 

4.3. Economic parameter  
In this section, the sensitivity of the internal rate of return (IRR) and payback duration in the planning horizon and with the 

proposed LOLE value are analyzed. Figure 14 shows the IRR values in two allowed exchangeable power with the upstream grid. 
Figure 15 shows the payback duration changes in the planning horizon. As it is clearly seen from this figure, the payback duration 
time is reduced by increasing power exchange between the upstream network and the proposed CHHP. Furthermore, considering 
grid grid-connected bus, the value of IRR for the presented paper is increased. LSTM is used to model system uncertainties.  

5. Conclusion 
The S-CHHP represents an innovative cogeneration system designed to simultaneously generate hydrogen, thermal energy, and 

electrical power. This study investigates the optimal configuration of the S-CHHP system by formulating a Markov chain model. 
Reliability and economic performance are assessed using the LOLP and payback period, respectively, while the accuracy of the 
proposed model is evaluated via RMSE and MAPE metrics. The optimization problem is addressed using the SSO algorithm. 
Comparative analysis with alternative prediction approaches demonstrates the effectiveness and superior performance of the 
proposed method. 
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