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ABSTRACT 

The use of agent-based coordination systems for the optimal distribution of control for 

district heating systems is the inflective of this paper. A district heating system with 

monitoring and control comprises production units, a distribution network control, and a 

host of consumer substations. The operations work of district heating systems usually 

involves conflicting goals, e.g., to satisfy host customers and minimize production costs while 

also maximizing output of heated water. Hence, the agent has the capability of optimizing 

between maximizing supply to substations and minimizing production costs. The substations 

are equipped with purely reactive devices that make positive local decisions without taking 

the obstruction state into account. Moreover, the substations assign the flow in all parts of 

the district heating system to households. The optimal operation of the district heating system 

is therefore limited to providing a sufficiently high temperature and pressure to all customers 

by taking local measurements to achieve this goal without considering other factors such as 

cost of production and time. The approach studied in this paper is to equip substations with 

intelligent agents to form an agent-based coordination system of adaptive intelligence using 

Q-learning control. 
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I. INTRODUCTION 

This paper mainly investigates the applicability of agent-based coordination systems (ABCS) 

as a distributed control approach for monitoring and controlling district heating systems 

(DHS). The oriented goals are to certify consumers, i.e., heat exchange systems, in the 

current DHS, which use purely reactive devices with no communication capabilities. They 

are only able to make positive decisions without taking into account the global situation in 

the system for intelligent adaptive learning. In this work, an intelligent system is designed 

based on intelligent Q-learning control, which has the advantage of interacting with the 

environment (the heating system) in order to maximize a reward that is the minimization of 

production cost for any variation in the consumption level of the substation. A "distributed 

control system" usually refers to systems composed of interconnected components like 

sensors, actuators, contactors, and controllers. The availability of small computational units 

has led to an increasing decentralization within automation systems and a distribution of 

functionality into geographically dispersed devices for coordination, monitoring, and 

controlling operations. However, resulting from this distribution of devices is an increasing 

amount of communication and increasing effort for the configuration of individual devices as 

well as the complete system (Brennan and Norrie 2014). The development of distributed and 

heterogeneous systems, such as software agents for automation and control, poses significant 

improvements for industrial system development. In general, the functions that can be 

automated in distributed systems are classified into two categories: monitoring functions and 

control functions. The properties to consider are comparable to the general properties of 

complex decentralized systems as described by Rinaldo and Ungar (2014). Furthermore, 

because automation systems are typically subject to ongoing partial modification, such as the 

introduction of new hardware, there is a strong requirement for software flexibility and 

adaptability. They are modeled as reactive systems; hence, they do not have the ability to 

learn the long-term characteristics of the environment. The most common model for 

distributed automation and control systems is probably the supervisory control and data 

acquisition (SCADA) model. The SCADA model is centralized by nature. From a central 

reading location, a master station monitors a number of remote sites (substations) equipped 

with remote telemetry units. The remote units measure various conditions and report the data 

back to the master station, which is carrying out the necessary analysis and control functions. 

 

II OVERVIEW 

2.1  Related works  

The related works to accrue performance enhancement for different agent-based coordination 

system control for dispensing monitor control of hot water to various homes are introduced in 

this section of the review. Optimal control theory is a branch of mathematical optimization 

that deals with finding a control for a dynamical system over a period of time such that an 

objective function is optimized. It has numerous applications in science, engineering, and 

operations. This paper investigates sizing and controlling thermal energy for optimal control 

from the perspective of its performance within a district heating system, highlighting the 

close link between design and control. This system uses intelligent Q-learning control 

collectors as the main energy supply,  thermal energy supply application (TESA) for seasonal 

storage. The related works used in this journal are summarized in sections based on its 

operation for engagement details. To implement these rules in the operation of optimal 

district heating systems for buildings, hospitals, and industrial services, various researchers in 

several fields, including those in instrumentation and control automation application, 

electronic and computer engineering, automation controllers, and so on, have studied the 

https://www.sciencedirect.com/topics/engineering/thermal-energy-storage
https://www.sciencedirect.com/topics/engineering/borehole-thermal-energy-storage
https://www.sciencedirect.com/topics/engineering/seasonal-storage
https://www.sciencedirect.com/topics/engineering/seasonal-storage
https://www.sciencedirect.com/topics/engineering/seasonal-storage
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approach in the area of coordination and cooperation, etc., in related works for reference 

purposes. 

A sustainable and environmentally friendly energy supply with flexible and efficient 

distribution control systems. The factors are used to implement systems with intelligent 

coordination (smart grid approaches) that evolve the integration of different energy sectors. 

"Managing the interdependencies in different activities" (Wernstedt et al., 2019). From the 

MAS perspective, coordination is a process in which agents engage in order to ensure that a 

community of individual agents acts in a coherent manner (Bellifemine et al., 2017). The 

paper introduces the unified energy agent as an agent-based approach for comprehensive 

modeling and control of energy conversion systems. This technique allows for the 

synchronized simulation and optimization of coupled energy networks, followed by the 

development of field-applicable smart grid solutions. It is applicable for the simulation of the 

integration of various networks, as presented by a real-world use case of an innovative 

combined heat and electrical network, which was implemented in the city of Lemgo, 

Germany. Preliminary results from the project are discussed, and an outlook on future work is 

given for researchers. 

III METHODOLOGY 

In district systems, hot water is produced at centralized production facilities (free heating 

from the facility), electrically driven heating (compressor heating), or heat-driven heating 

(absorption heating). The hot water is distributed through pipes in the streets. The users are 

shopping centers, hotels, were District system is needed which is distributed through 

networks of pipes. The Q-learning technique is used in this paper to describe the core 

subsystems suitable for being modeled as software agents for the district heating system. Q-

learning is a reinforcement learning controller that learns the value of an action in a particular 

state of function. It studied an environment through an agent that perceived the environment 

through a sensor and acted upon it through an actuator, and it can handle problems with 

stochastic transitions and rewards without requiring adaptations for the policy, reward, state, 

and value functions of the optimal model of the environment. For a scenario code of finite 

Markov decision process (FMDP) adaptation, Q-learning finds an optimal policy that 

performs a specific action in the sense of maximizing the expected value of the total reward 

over any successive sequential steps, starting from the current state. Q-learning can identify 

an optimal action selection policy for any given FMDP, given infinite exploration time and a 

partly random policy. "Q" means the quality function that the algorithm controller computes 

in the expected rewards, which perform actions in an environment that follow policy in a 

state. An agent interacts with the environment in various ways. The first is to use the q-table 

sequence as a reference and view all possible actions for a given state. The agent then selects 

the action based on the maximum value of those actions. This is known as "exploiting" since 

we use the information we have available to us to make a decision. The way to take action is 

to act randomly. Instead of selecting actions based on the maximum future reward, we select 

an action at random. Acting randomly is important because it allows the agent to explore and 

discover new states that otherwise may not be selected during the exploitation process. You 

can balance exploration and exploitation using epsilon () and setting the value of how often 

you want to explore. Here’s some rough code that will depend on how the state and action 

spaces are setup. 

 

https://www.sciencedirect.com/topics/engineering/district-cooling-system
https://en.wikipedia.org/wiki/Reinforcement_learning
https://en.wikipedia.org/wiki/Markov_decision_process
https://en.wikipedia.org/wiki/Action_selection
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Q- Learning the off-policy TD Control System 

This is one of the most important policies in reinforcement learning, with the development of 

an off-policy TD control algorithm known as Q-learning (Watkins, 1989). In its simplest 

form, one-step Q-learning, which controls all operations in supply for district heating 

systems, is defined by figure 3.2 for the policy-state action of Q-learning. 

  

 
Figure 1 Q-Learning Policy TD Control (Erman, D.L. 2015) 

Q(st,at)← Q(st,at) + ἀ[rt+1+ϒmaxQ (st+1,a) - Q(st,at)]                                         1 

The Q-Learning Policy is depicted in Figure 1.In dot notation, TD, the learned action value 

function, Q, is directly approximated by Q, the optimal action value function used, and is 

independent of the policy being followed Erman D.L (2015) developed a speed uncertainty 

system for control chains. This simplifies the analysis of the action-enabled state model for 

policy update convergence proofs of function action. The policy still has an effect that 

determines which state action pairs are visited and updated in reward actions. The rule agent 

observed the state of the environment (s), acted, and then took action on rules (a) based on 

policy (a|s). The agent then receives a reward (r) and proceeds to the next state (s').So the 

data that the agent uses to train the policy (parameters) on policy is the collection of results 

under these experiences (s, a, r, s >). Qt has been shown to converge with probability 1 to Q 

action. The Q-learning controller is shown in procedural form in action-making. 

Equivalence of Forward and Backward Views 

This section shows that off-line TD (as defined by various parameters) achieves the same 

weight updates as the off-line return controller to ascertain its goal. The forward and 

backward views of TD (y) are discussed in this section. Let Vt (st) denote the update at time t 

of V (st) according to the (y) return, and let TDVt (s) denote the update at time t of state 

according to the given mechanistic definition of TD (), then the goal is to show that the sum 

of all the updates over an episode is the same for the controllers for effective results and 
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improved policy. Nwana, H., and Jennings, N.R. (2011) use the display to coordinate action 

for result display environment policy. 

                   ⍙𝑉𝑡𝑇𝐷𝑠 =
𝑇−1

𝑡=0
 ⍙𝑉𝑡𝜆 𝑠𝑡 ,

𝑇−1

𝑡=0
 Isst ,  for all s Ԑ s                  2 

Equation 3.4 shows for each pair of node, n Є N, and commodity, s Є s, then key note is 

denoted: 

The buffer cost, vt
TD

 

The buffer capacity, (st)TSSt 

The deterioration rate, sk 

stochastic definition of vt (λ) as given then the given goal is to show that the sum of all the 

updates over an episode is the same for the controllers for effective results for improved 

policy  in conducting action of IF notation. 

                    ⍙𝑉𝑡𝑇𝐷k Є K𝑠 =
𝑇−1

𝑡=0
 ⍙𝑉𝑡𝜆C Є C 𝑠𝑡 ,

𝑇−1

𝑡=0
                               3 

Consumption: Let T = (c1 …..cp) be the set of all customers. Then for from equation 3 is 

used to compute each pair of customer, C Є C, and commodity, k Є K, denote;  

The consumption at time this show a action of result for commanding action in real value of 

actiont, ϫdkt  The demand at time t, σckt 

                 ⍙𝑉𝑡𝑇𝐷𝑠 =
𝑇−1

𝑡=0
 ἀð(ϒʎ)𝑡−𝑘𝐼𝑠𝑠,

𝑇−1

𝑡=0
                                       4 

Analysis values from Equation 4 in computed notation of heat on agent environment, 

Although this model is used to analyze production and distribution costs, etc. in a linear 

fashion, it describes interesting production and distribution problems using this Q-Learning 

model. Furthermore, the constraints and dependencies between different commodities 

concerning production, distribution, and buffer capacities for controlling the distribution of 

heat.                 ⍙𝑉𝑡𝑇𝐷𝑠 =
𝑇−1

𝑡=0
 ἀð(ϒʎ)𝑡−𝑘𝐼𝑄𝑘,

𝑇−1

𝑡=0
                                      5 

It is worth noting that the zigma notation in equation 5 is in the value of real notion for 

command knowledge that the production, distribution, and buffer dynamics are part of the 

solution rather than the problem, and that there is a possible amount of consumption that is 

governed by these dynamics for effective control of the required products for services to 

household demand for heat from the monitor vendor. 

                 N, E,⍙𝑉𝑡𝑇𝐷𝑠 𝑁 𝑃 =
𝑇−1

𝑡=0
 ἀ(ϒʎ)𝑡−𝑘𝐼𝑄𝐿,

𝑇−1

𝑡=0
                      6                         

Distribution: Let the distribution network be a directed graph D = (N, E), where N = P Ư C 

Ư I is the set of all nodes, I = (i1 …..it) is the set of all internal distribution nodes, C is the set 

of all customers, and D agent distributor the action in equation 3.8 clarify.  

                               ⍙VtTD s =
T−1

t=0
 ἀῙss(ϒʎ)t−kɖk,

T−1

t=0
                          7                           

Where Isst, dt is an identity indicator function, equal to 1 if   s = st and equal to 0 otherwise? 

From equation 3.9 this is used to shows action in issuing action for agent based result in First 

order that an accumulating eligibility trace can be written in explicitly (non recursively) as 

e s  P QVtλ st s, a ,
T−1

t=0
                                                                             8 
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Production: from equation 3.10 show update action for process line. Let P = (p1 ……pn) be 

the set of all producers and K = (k1 …….km) be the set of all commodities. L = (l1... ln) set of 

filling station. Then for each pair of producer, p Є P, and commodity, k Є K, denote; 

The production time, αpk 

The production cost, βpk 

The production capacity, λpk 

The production at time t, δpkt 

E = (e1……eq) is the set of all edges. Here an edge corresponds to a distribution channel 

between two nodes (there may be more than one edge between two nodes) and, N, is indexed 

as for each pair of edge, e Є E, and commodity, k Є K, then key note is denoted for control 

action. 

 

IV DATA PRESENTATIONS 

In this section, the simulation results will be discussed and analyzed, and the characterization 

design and its results will also be discussed. The contributions to knowledge of this research 

are that the final users, i.e., the operators and the consumers, will have a higher quality of 

service, e.g., faster feedback from the redistribution agent to deal with major shortages of 

heat water, and lower costs, i.e., less energy is needed to produce the heat water. Assume that 

the distribution time from the producer to the consumers is on demand and that there is a 

single production source for distribution to various substations in order to provide effective 

customer service. In the model, the MAS field excitation is provided with a constant source, 

and the network is provided by selecting the controlled substations selected for the same with 

a step signal as input. The mechanical system is modeled to provide the load customers 

demand. The dynamic response from the Q-learning model is captured using scope with step 

changes to distribute control and monitoring. Also, the simulation results are generated with 

graphs tabulated, and conclusions are drawn from the results based on the updated data. 

The optimal specifications coordination were generated using MATLAB and SIMULINK, 

which are for fast decisions with an improved intelligent Q-learning controller depending on 

the demand from various substations to customers. A comprehensive MATLAB source code 

for the agent-based system in the district heating approach 
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        Figure 2: Household heating and domestic hot water tapping from Q-learning model 

In each experiment, the scenario illustrated in Figure 2 was utilized. The substation is set to 

have a constant demand for radiators. The substation has a set value for radiator temperature 

of 48 °C (approximately 25 kW), and the system is first allowed to reach a steady state during 

operation. After a few minutes' delay, the substation initiates a domestic hot water tapping of 

0.2 kg/s for a duration based on configuration. The system will be energized to stabilize the 

corporation. 

Figure 3 depicts how the Q-learning coordination adaptive can stabilize the injection of 

additional heat by adjusting its output production within the time frame interval. 

 
          Figure 3: Total system energy consumption for the four control strategies. The 
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The percentage of time in the total experiment when consumption reached and exceeded 

effects of 45 kW and 80 kW, e.g., both agent systems consumed 60 kW or more during 15% 

of the experiment. 

It can be seen that the strategy of using local restrictions clearly reduces the consumption 

peaks by 6% and that the strategies to use hierarchical as well as distributed multi-agent-

based approaches reduce the peaks by 13%. However, the Q-learning coordination-based 

approaches require a promisingly stable level after reductions. It should also be noted that 

with continuous tapping for connection of various stations, the strategy with local restrictions 

can reach the limit level of 50 kW. Figure 3 also shows that the primary flows of energy 

consumption indicate various flows. The reason to study the flow is that it is important to 

keep the flow down for reasons of both production and potential flow limitations in the 

network, which indicate an improvement in results. 

V CONCLUSION 

This paper highlights the design's usage of Q-learning in agent-based coordination systems in 

the mechanism of heating administration distribution for monitoring adaptive systems. A 

system of many agents is made up of more than one agent who work together to attain a 

common goal, such as reward control and monitoring of various districts for most 

households. The Q-learning modus operandi and adaptive control were applied to the 

monitoring, control, and distribution of heating water systems for effective output. It will 

furnish a combination and coordination that will open up a new strategy to bestow hot water 

on various households. The general function enables contrast to determine different 

optimization choices for agent systems to determine which may have good behavior. 

ACKNOWLEDGMENT  

Every success requires the contribution of others, and this work is no exception. I am grateful 

to TETFUND for sponsoring this research work through the Abia State Polytechnic, Aba, 

Nigeria chapter. 

  

  



Engineering Research Journal | ISSN: 2782-8212 

Vol. 3, Issue 1 (January, 2023) | www.ijaar.org/erj 

 

9 

 

VI REFERENCE 

 

Erman, D.L. (2015) “The HER- SAY-II speech understanding system: Integrating knowledge 

to resolve uncertainty”, ACM Computing Survey, Vol. 12 pp.213-253, 1980. 

Fan, M., and Whinston, A.B., (2018) “Decentralised Mechanism Design for Supply Chain 

Organisations Using an Auction Market”, Addison- New Delhi, ISBN 2-101-36749-9. 

Ferber, J. (2015) “Multi-Agent Systems”, Addison-Wesley, ISBN 0-201-36048-9. 

Fox, M.S. and Teigen, R. (2016) “Agent-Oriented Supply- Chain Managemen1t”, The 

International Journal of Flexible Manufacturing Systems, Vol. 12: 165-188, 2000. 

Johansson, C. and Towards, Y (2010). Intelligent District Heating. Ph.D. Thesis, Blekinge 

Institute of Technology, Karlskrona, Sweden,  

Jamal, B (2005). “A Pragmatic and Semantic Unified Framework for Agent 

Communication”, a PhD thesis, Université Laval, Québec,  

Jennings, N.R. and  Bussmann, S. (2003) Agent-based control systems: Why are they suited 

to engineering complex systems? IEEE Control Syst., 23, 61–73 

Kebriaei, A, Rahimi-Kian, and Ahmadabadi,N (2015) “Model-based and learning-based 

decision making in incomplete information Cournot games: a state estimation 

approach,” IEEE Transactions on Systems, Man, and Cybernetics: Systems, vol. 45, 

no. 4, pp. 713–718, View at: Publisher Site  Google Scholar 

Lund, H and Werner, B.V (2017). 4th Generation District Heating (4GDH): Integrating smart 

thermal grids into future sustainable energy systems. Energy 2014, 68, 1–11. 

Lee, H.L., and Billington, C., (2011) “The evolution of supply chain management models and 

practice at Hewlett-Packard”, Interfaces, Vol. 25(5): pp 43-63. 

Lipaedge, A.  retrived 2005-08-10, http://www.lipower.org/cei/lipaedge.html 

Lee, H.L., Padmanabhan, V., and Whang, S., (2013) “Information distortion in a supply 

chain: the bullwip effect”, Management Science, Vol. 43(4): pp 546-558. 

Malmström, B., and Vallgren, H., (2012) “Short term forecasts of district heating load and 

outdoor temperature by use of on-line-connected computers”, ISSN 0282-3772. 

Milgate, M., (2017) “Supply chain complexity and delivery performance: an international 

exploratory study”, Supply Chain Management, Vol. 6(3): pp 106-118. 

Mirsky, M.J., (2012) “Direction of Optimization Technologies”, Presentation at the APICS 

International Conference, New Orleans, [http://www.supply-chain-systems.com] 

https://doi.org/10.1109/TSMC.2014.2373336
https://scholar.google.com/scholar_lookup?title=Model-based%20and%20learning-based%20decision%20making%20in%20incomplete%20information%20Cournot%20games:%20a%20state%20estimation%20approach&author=H.%20Kebriaei&author=A.%20Rahimi-Kian&author=&author=M.%20N.%20Ahmadabadi&publication_year=2015

