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Abstract 

This research paper aims to present a multi-agent cooperative reinforcement learning approach for controlling 

the highly nonlinear dynamics of a three-tank liquid system. Meaning to say the system’s complexity arises 

from the interdependence of the tanks, where precise control is required to maintain stable fluid levels. 

Initially, we deploy two twin-delayed deep deterministic policy Gradient agents to manage the inflow valves, 

then followed by two proximal policy optimization agents tasked with controlling the valves. The main goal 

is to compare the performance of these two models of agents against traditional proportional-integral-

derivative controllers. In addition to promote effective collaboration between agents, a cooperative reward 

structure is implemented, encouraging agents to work together to maintain balanced fluid levels within all 

three tanks. The reward function penalizes deviations from target levels, accounting for both local 

performance and system-wide stability. The proposed method also addresses key challenges in multi-agent 

systems, such as non-stationarity and coordination in decentralized control, by integrating a centralized critic 

during training with decentralized execution. Experimental results reveal that the twin-delayed deep 

deterministic policy agents outperform the proportional integral derivative control system in terms of settling 

time, rise time, and robustness, showcasing their ability to handle the nonlinear nature of the system with 

minimal tuning.  

Keywords: Reinforcement learning, Multi-agent, Control system, Artificial intelligence, Deep reinforcement 

learning, Machine learning. 

 

1. Introduction  

The reinforcement learning has emerged as a promising alternative to traditional control methods for 

complex, non- linear systems. A canonical example of a nonlinear, nonstationary, multi-variable process 

with strong inter-tank coupling, presents limitations for classical PID controllers due to their 

susceptibility to performance degradation from parametric uncertainty and unmodeled dynamics [1]. 

This study proposes a multi-agent cooperative reinforcement learning framework employing a hybrid 

architecture: twin-delayed deep deterministic policy gradient agents for continuous inflow valve 

actuation and proximal policy optimization agents for stable policy iteration [1,2]. The framework 

utilizes a centralized training with decentralized execution paradigm to mitigate non-stationarity, where 

a centralized critic coordinates collaboration via a bespoke altruistic reward function that minimizes a 

global cost functional penalizing state deviation [2]. Empirical evaluation demonstrates that this TD3-

PPO framework achieves superior closed-loop performance metrics specifically improved settling time, 

rise time, and robustness compared to PID baselines by effectively learning a coordinated control policy 

that manages the system’s nonlinear dynamics through a cooperative reward structure which aligns local 

actuator objectives with system-wide stability [2,3]. 
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2. Methodology 

While significant progress has been made in using MARL for multi-agent control systems, particularly 

with algorithms like MADDPG, PPO, and TD3, there remain considerable challenges in terms of 

scalability, coordination, and non-stationarity. The application of MARL to complex, nonlinear systems, 

such as the three-tank liquid system, demonstrates the potential of RL-based approaches to outperform 

traditional control methods like PID. However, the development of more robust, scalable, and 

generalizable MARL algorithms is necessary to fully realize the potential of multi-agent systems in real-

world applications.   

Overview of the proposed method 

Before delving into the proposed control system based on cooperative MARL frame- work where TD3 

and in some cases the PPO agents work in tandem to control the inflow and outflow valves of the three-

tank, we proceed by presenting the detailed mathematical description of the highly nonlinear Three-

Tank Liquid system, and then we describe the structure of the proposed control system. The proposed 

system is a cooperative multi-agent control framework designed to manage the nonlinear dynamics of 

a three-tank liquid system (Fig. 1), where two types of reinforcement learning agents, twin-delayed deep 

deterministic policy gradient) and proximal policy optimization, are deployed to control the inflow 

valves of each tank. The system leverages a cooperative reward structure to encourage agents to 

collaborate in maintaining stable fluid levels across the interdependent tanks, where each agent observes 

real-time tank levels (and potentially flow rates) and takes actions to adjust valve positions accordingly. 

A centralized critic is used during training to coordinate learning between agents, but in real-time, agents 

operate independently with decentralized execution, allowing for scalable and flexible control. 

                                     

                                Fig. 1 Overview of the proposed agent-based control system. 

Mathematical model of the Three-Tank Liquid (TTL) system 

The Three-Tank Liquid (TTL) system is widely used in process control to model complex, nonlinear 

fluid dynamics. It consists of three interconnected tanks with two inflows and three outputs, representing 

a multivessel flow system. This system is non- linear due to the interactions between the tanks, making 

it a popular benchmark for testing control algorithms 
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Fig. 2 Schematic of three coupled tank system. 

The Three-Tank Liquid (TTL) system described here consists of two inputs, Q1 and Q2, which represent 

the inflow rates from Pump1 and Pump2 into Tank1 and Tank2 respectively. The liquid from Tank3 is 

supplied by the coupling effect between Tank1 and Tank2. The liquid that enters the tanks flows from a 

reservoir, which is also the source of liquid for the pumps. The tanks are interconnected through 

bidirectional valves, which allow liquid to flow between them based on pressure differences, and this 

results in a closed-loop system. 

Inputs: Q1 and Q2 (inflow rates from the two pumps). 

Outputs: L1, L2, and L3 (liquid levels in Tank1, Tank2, and Tank3 respectively). 

In this closed system, Tank3 receives liquid as a result of the interactions between Tank1 and Tank2, 

and this configuration ensures a complex coupling between the tanks. The main control challenge is 

reducing the response time and achieving a faster settling of liquid levels to the desired values. 

To model the system mathematically, we can apply a volume balance on each tank. The liquid level in 

each tank can be described by differential equations, derived from the continuity equation or volume 

balance law, which relates the rate of change of liquid level to the difference between inflows and 

outflows. 

Let S1, S2, and S3 represent the cross-sectional areas of the three tanks. The height (liquid level) in each 

tank is the three outputs L1, L2, and L3 for Tank1, Tank2, and Tank3, respectively. The nonlinear model, 

which reflects the dynamic behavior of the system, is derived from Torricelli’s law. 

                                              𝑆𝑖
𝑑𝐿𝑖(𝑡)

𝑑𝑡
= ∑ 𝑖𝑛𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 − ∑𝑜𝑢𝑡𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒                                      (1) 

The differences between the inflow and outflow rates changes the level inside each tank. The nonlinear 

state model reflecting the dynamic behavior of the process is written as:  

𝐹𝑜𝑟𝑇𝑎𝑛𝑘1: 𝑆
𝑑𝐿1(𝑡)

𝑑𝑡
= 𝑄1 − 𝑄13 

𝐹𝑜𝑟𝑇𝑎𝑛𝑘2: 𝑆
𝑑𝐿2(𝑡)

𝑑𝑡
= 𝑄2 − 𝑄32 − 𝑄20 

                                               𝐹𝑜𝑟𝑇𝑎𝑛𝑘3: 𝑆
𝑑𝐿3(𝑡)

𝑑𝑡
= 𝑄13 − 𝑄32                                                        (2) 

Where Qij represents the flow rates between two adjacent tanks i and j. According to Torricelli’s relation. 

Each of these equations governs the rate of change of the liquid level in the tanks, depending on the 

inflow from the pumps and the coupling flows between the tanks [3]. 

                                       𝑄𝑖𝑗 = 𝜇𝑖𝑗𝑆𝑝√2𝑔𝑠𝑖𝑔𝑛(𝐿𝑖−𝐿𝑗)√|𝐿𝑖 − 𝐿𝑗|                                                        (3) 

The output flow 𝑄20 = 𝜇20𝑆𝑝√2𝑔𝐿2, then: 
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                                   [

𝐿1̇

𝐿2̇

𝐿3̇

] =
1

𝑆
[𝐴] [

𝐿1

𝐿2

𝐿3

] + [

𝑦1

𝑦2

𝑦3

] = 𝐼3×3 [
𝐿1

𝐿2

𝐿3

]                                                                (4) 

With the Matrice A given as below; 

                               

[
 
 
 −𝜇13𝑆𝑝√2𝑔𝑠𝑖𝑔𝑛(𝐿1−𝐿3)√|𝐿1 − 𝐿3|

𝑆𝑝√2𝑔𝑠𝑖𝑔𝑛(𝐿3−𝐿2)√|𝐿3 − 𝐿2| − 𝜇20√𝐿2

𝑆𝑝√2𝑔((𝑠𝑖𝑔𝑛(𝐿1−𝐿3)√|𝐿1 − 𝐿3| ) − 𝜇32𝑠𝑖𝑔𝑛(𝐿3−𝐿2)√|𝐿3 − 𝐿2|]
 
 
 
 

We obtain three nonlinear differential equations because of the square roots on the heights L1, L2, and 

L3 [4,5]. Under the hypothesis L1> L3 > L2, above nonlinear model becomes: 

                                                   [

𝐿1̇

𝐿2̇

𝐿3̇

] =
1

𝑆
[𝐴] [

𝐿1

𝐿2

𝐿3

] +
1

𝑆
[
1 0
0 1
0 0

] [
𝑄1

𝑄2
]                                                      (6) 

With A being 

𝐴 =

[
 
 
 −𝜇𝑖𝑗𝑆𝑝√2𝑔𝑠𝑖𝑔𝑛(𝐿𝑖−𝐿𝑗)

𝑆𝑝√2𝑔𝜇32√|𝐿3 − 𝐿2| − 𝜇20√𝐿2

𝑆𝑝√2𝑔𝜇13(√|𝐿1 − 𝐿3| ) − 𝜇32√|𝐿3 − 𝐿2|]
 
 
 
 

Where µij denotes the pipe flow coefficients between Ti and Tj, and g represents acceleration due to 

gravity [5,6]. The dynamics of the system can be represented in State Space form as shown in Eq (9) 

below: 

                                                              
𝑥(𝑡) = 𝐴𝑥(𝑡) + 𝐵𝑢(𝑡)

𝑦(𝑡) = 𝐶𝑥(𝑡)
                                                           (7) 

The linearized state space model was obtained using nominal process parameters and it is mentioned in 

Eq (2.5) 

   𝐴 = [
−0.0136 0 0.0136

0 −0.0278 0.096
0.0136 0.0096 −0.0233

],             𝐵 = [
64.9351 0

0 64.9351
0 0

], 𝐶 = [
1 0 0
0 1 0
0 0 1

] 

In this study, the state space model of the system is considered as the agent environment. the primary 

challenge is to design a control system that efficiently regulates Q1and Q2 to achieve the desired liquid 

levels L1, L2, and L3.  

1.Reinforcement Learning Strategies 

Despite major advances in control engineering, the PID controller remains the most often used controller 

in many real-world control applications because of its simple design and reliable performance, as noted 

by PI/PID controllers [6]. The PI form is typically used for level control applications [7]. That’s why 

PID tuning is the focus of this study. In order to modify the control action, the PID controller calculates 

the error, e(t), between the measured process variable and the intended set point (SP) at each instant. 

The controller output, u(t), is provided in Eq (11). The performance of this tuned PID is compared to 

those of trained RL algorithms. 

                                                  𝑢(𝑡) = 𝐾𝑝𝑒(𝑡) + 𝐾𝑖 (∫ 𝑒(𝜏)𝑑𝜏
𝑡

0
) + 𝐾𝑑

𝑑𝑒(𝑡)

𝑑𝑡
                                      (8) 

The Ki, Kp and Kd controller parameters are precisely determined using the MAT- LAB internal PID 

tuner using a linearized model of the plant. These settings might be adjusted using both online and 

offline methods. On the other hand, when the control aims or the system dynamics change, it becomes 

crucial to modify the PID parameters online. In this study, two popular RL algorithms TD3 and Proximal 

Policy Optimization (PPO) are proposed to control the liquid levels in the 3 tanks. These algorithms are 
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— 

modelled in a mimic the performance of a PID controller with one fully connected layer, with integral, 

derivative and proportional error as in the Eq. (12). 

                                                              𝑢 = [∫ 𝑒𝑑𝑡𝑒
𝑑𝑒

𝑑𝑡
] ∗ [𝐾𝑝𝐾𝑖𝐾𝑑]

𝑇
                                                  (9) 

                                        

 

                   Fig. 3 MATLAB Block diagram of the three-tank system and the controller. 

u is the output of the actor neural network, kp, ki and kd are the absolute values of the neural network 

weights e = Href -h, h is the height of the tank, and Href is the reference height. This method’s low learning 

efficiency and challenges in training the networks make it challenging to apply directly. In order to 

reduce training time and prevent undesirable (bad) states during exploration, this work suggests 

applying the pre-training and fine-tuning strategy to deep learning. Pre-training, a term used in deep 

learning, is the process of teaching networks how to complete a task before they begin, imitating how 

people absorb new information. The weights saved from the previously trained network will serve as 

the starting weight for the current experiment [8]. The pre-training and fine-tuning strategy are 

employed in this work to enable new models in effectively completing new tasks based on prior 

experience rather than starting from blank. The PID controller parameters evaluated using IMC tuning 

rules shown in Table 1 are used as initial weights for the TD3 algorithm to avoid the bad states and 

improve the learning efficiency. 

Table 1. Parameters of PID controllers 

Parameter PID 1 PID 2 

Kp 0.0001 0.0007 

Ki 0 0 

Kd 0.0008 6.4221 

N (Filter Coefficient)  0.0089 6.4221 

 

2. Reward function 

The main element of the RL framework is the reward. The agent will receive rewards for each action it 

does in the real-world scenario. An agent is rewarded positively if they take the initiative to behave well; 

if they conduct poorly, they are penalised or given a negative reward. The convergence, speed, and 

stability of reinforcement learning (RL) are determined by the reward function that agents use to learn 

optimal policies. In this work, the RL agent’s reward function is defined as the negative of the LQG 

cost; by maximising this reward, the RL agent minimises the LQG cost. 
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                                                         Fig. 4 The reward function. 

                                                  Reward = − (Href − h (t))2 + 0. 001u2 (t) dt                         (11) 

e = Href − h, h is the current height of the tank, and Href is the reference height. 

Observation vector 

The observation vector, sometimes referred to as the status vector, is an essential element in 

reinforcement learning (RL) that captures the agent’s perception of the current condition of the 

environment. The three observation states examined by the RL algorithms in this work are the error, 

integral error, and derivative error. 

                                     𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑣𝑒𝑐𝑡𝑜𝑟 = [∫ 𝑒𝑑𝑡 𝑒
𝑑𝑒

𝑑𝑡
]
𝑇

                                                        (12) 

                                        

 

                                                        Fig. 5 The observation vector. 

𝑒 = 𝐻𝑟𝑒𝑓 − ℎ, h is the height of the tank and Href is the reference height. The observation vector is used 

to update the agent’s policy through the learning algorithm [9]. The agent learns to associate states 

(observations) with actions that maximize some notion of cumulative reward. 
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→ 

         

 

                                         Fig. 9 The internal structure of the RL Agent 

TD3 

A traditional RL framework comprises five fundamental elements: the agent, environment, reward, 

states, and actions [10]. The primary goal of the RL is to maximize the expected cumulative reward, as 

shown in Eq. (3.5). 

                                              argmax𝐸[𝑅𝑡 = ∑ 𝛾𝑚𝑟𝑡+𝑚
∞
𝑚=0 ]                                                        (13) 

Where γ is the discount factor: γ ϵ [0, 1], R is the accumulated reward, r is the instant reward and t is the 

time instant. 

As demonstrated by Eq. (3.5), the agent or controller in the RL constantly learns how to interact with 

the plant or environment in order to maximise the expected cumulative reward [11]. At every time step 

t the environments and agents interact as follows: The agent selects an action at from a state space s and 

an action space A based on its observation of a representation of the state st of the environment. The 

agent and environment interact when it finds the new state, st+1, and receives a reward rt, from the 

environment at t + 1 instant. 

The most important advancement in reinforcement learning is Q-learning, which offers the best course 

of action throughout iterations [12]. The Q-learning method, given a policy TT (TT: S →A), solves the 

RL problem for a finite set of states and actions, and, after executing an action at and a state st, yields 

the predicted maximum return Qπ (st, at), as demonstrated in Eq. (13). 

                                     𝑄𝜋(𝑆𝑡, 𝑎𝑡) = 𝐸𝜋[∑ 𝛾𝑚𝑟𝑡+𝑚|𝑆𝑡 = 𝑠, 𝑎𝑡 = 𝑎∞
𝑚=0 ]                                            (14) 

The primary goal of Q-learning is to obtain the optimum policy π∗ by identifying the optimum Q-value, 

which is the highest expected return that any policy can achieve for a state-action combination and is 

shown in Eq. (14) [13]. 

                                                                 𝑄𝜋
∗(𝑆𝑡 , 𝑎𝑡) = 𝐸𝜋[𝑟𝑡 + 𝛾𝜔]                                                  (15) 

𝜔𝜖(𝑄𝜋
∗): 𝜔 = max𝑄𝜋

∗(𝑆𝑡+1 + 𝑎𝑡+1|𝑆𝑡 = 𝑠, 𝑎𝑡 = 𝑎)                                       

For each state-action pair, the Q-learning algorithm iteratively updates the Q-value till the Q-function 

reaches optimal or sub-optimal Q-value on completion of maximum iterations and as shown in Eq. (15). 

𝑄(𝑠𝑡 , 𝑎𝑡) ← 𝑄(𝑠𝑡 , 𝑎𝑡) + 𝛼𝜉 

                                  𝜉 = [𝑟𝑡 + 𝛾𝑚𝑎𝑥𝑄(𝑠𝑡+1, 𝑎𝑡+1) − 𝑄(𝑠𝑡 , 𝑎𝑡)]                                                     (16) 
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Q-learning is restricted to discrete state and action space, whereas chemical process control has 

continuous state-action space. The COD problem is addressed by deep Q-learning, a hybrid of Q 

learning and deep neural networks [13], which uses neural networks to approximate value function and 

policy. The states are utilised as input to the value network, which returns the Q-value corresponding to 

every action that is attainable in the action space. The deep Q networks train the value network by 

choosing appropriate mini-batches from the replay buffer [14]. The loss is determined using the mean 

square error (MSE) between the goal and current Q-values, as stated in Eq. (16).  

                              𝐿𝑜𝑠𝑠 = 𝐸[(𝑄𝜋
∗(𝑠𝑡 , 𝑎𝑡) − 𝑄(𝑠𝑡 + 𝑎𝑡))

2]                                                               (17) 

An alternative approach to solving the RL problem is the policy gradient (PG) method, which 

determines the optimal policy by analysing the policy gradients rather than the value functions [15]. 

The PG method solves for continuous stochastic situations using the gradient of the objective function 

with respect to the policy parameters θ, as seen in Eq. (17) [16,17]. However, noisy gradients are 

produced by the large variance in PG techniques, which slows convergence. 

∇𝜃(𝐽(𝜋𝜃)) = ∇𝜃(𝐸[𝑅(𝜏]) 

And  

∇𝜃(𝐸[𝑅(𝜏]) = [(∑∇𝜃 log 𝜋𝜃(𝑎𝑡|𝑠𝑡)

𝑇

𝑡=0

)𝑅(𝜏)] 

Where πθ is the policy, R (τ) is the return and θ is the parameter. 

Since the actor-critic networks lower the variance gradient estimates in actor-critic techniques, they 

have gained popularity as a framework for working with continuous action spaces [18,19]. The 

deterministic policy gradient (DPG) is an actor-critic off-policy method for continuous action spaces 

that was first presented [20,21]. It uses Eq. (18) to assess the gradient of the objective function with 

respect to parameters θ in order to determine the optimal strategy [22,23]. 

                                                    ∇𝜃(𝐽(𝜇𝜃)) = 𝐸[∇𝜃𝑄𝑢(𝑠, 𝑎)|𝑎=𝜇𝜃(𝑠)])                                            (19)  

Where µ is the deterministic policy 2015 saw the release of the DDPG, which combined the DPG with 

deep Q networks [24,25]. The functional approximation error in DDPG overestimates value estimations, 

which leads to policy stability problems and the possibility of local optima convergence. An improved 

version of the DDPG algorithm, called TD3, is suggested as a countermeasure [26]. The TD3 algorithm 

uses the following three key features to address the shortcomings of the DDPG: Prevent overestimating 

the target Q-value: The clipped double Q learning computes the target Q value using two main target 

networks and two critic networks in order to prevent overestimating the target Q-value. Next, the 

minimum of these two networks is computed to determine the loss [27-29]. Updates to policies are 

delayed: In TD3, the critic network is updated at each stage of the show, while the actor network is 

updated and delayed. and policy networks, respectively [30-33]. The roles and updating guidelines for 

every network are as follows: 

Actor-network: The purpose of this network is to search the environment for s and r, and then update 

the actor parameters and select the current action based on that state. By using Polyak averaging, these 

network parameters are updated. Actor target-network: is in charge of selecting the subsequent action 

(a) based on the experience replay buffer’s sampled next state (s) [34-36]. The actor-network 

parameters∅c1, ∅c2 are regularly replicated into the actor target network parameters ∅c1.Tar, 

Critic network: This network is in charge of calculating each critic network’s current Q value and 

changing the Q network settings. The Polyak averaging approach is used to update these network 

properties. Critic Target network: This network is in charge of figuring out the Target Q-value [37-39]. 

Every episode, the parameters for the critic target network are changed and replicated from the critic 

network [40-41].   

PPO 
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| A model-free, online, on-policy, policy gradient reinforcement learning technique is called proximal 

policy optimisation (PPO). This approach is a kind of policy gradient training that alternates between 

utilising stochastic gradient descent to optimise a clipped surrogate objective function and sampling 

data through environmental inter- action [42,43]. Through the limitation of the amount of the policy 

change at each step, the clipped surrogate objective function enhances training stability [44,45]. PPO is 

a condensed form of TRPO. Although TRPO requires more computing power than PPO, in low-

dimensional observations with deterministic environment dynamics, TRPO typically outperforms PPO 

in terms of robustness [46,47]. Discrete or continuous action spaces and discrete or continuous 

observation spaces can be used to train PPO agents. In training, one of the PPO agents: Estimates 

probabilities of taking each action in the action space and randomly selects actions based on the 

probability distribution [48]. Interacts with the environment for multiple steps using the current policy 

before using mini-batches to update the actor and critic properties over multiple epochs. A PPO agent 

keeps track of two function approximators in order to estimate the policy and value function. Performer 

π(A S; θ): Using parameters θ, the actor produces one of the following as the conditional probability of 

doing each action A when in state S: Discrete action space: The probability of taking each discrete 

action. The sum of these probabilities across all actions is 1. 

Continuous action space: The mean and standard deviation of the Gaussian probability distribution for 

each continuous action. 

Critic V (S; ϕ): Given observation S, the critic yields the equivalent expectation of the discounted long-

term reward, given parameters u. 

Goal of smoothing policy: Different target Q values are produced for the same action by the DDPG 

method. Consequently, for the same action, the variance of the goal value is high [49,50]. Adding noise 

to the desired action helps lower the variance. The TD3 algorithm, as shown in Fig 3.5 is constituted of 

one actor-network, one actor target network, two critic networks, and two critic target networks. From 

Fig 3.3 and Fig 3.4, the TD3 algorithm, the state (s), action (a), reward (r), and next state (s) are linked 

together. By linking the state (s), action (a), reward (r), and next state (s’) together, TD3 can learn from 

experience and improve the policy over time [51,52]. The agent can store and learn from a wide range 

of transitions thanks to the replay buffer, and the deterministic policy gradient and mistakes are used to 

update the Q-function. 

3. Results and discussions 

This section discusses simulation results for the control of the TTL system. The TTL system is controlled 

in the decentralized configuration as shown in Fig.3.26, and the agent’s hyperparameters to control the 

TTL system are tabulated in Table 4.1, and the optimizer options for the actor and critic networks for 

both agents are tabulated in Table 4.2. The performance of the TD3 agent, PPO agent and loop tune 

tuned PID controller are compared. 

Table 2. Hyperparameters used to train the agents 

Hyperparameter Value 

Actor learning rate 1e-3 

Author 1e-3 

Batch size 256 

Iteration 1000 

Algorithm ADAM 

Device CPU 

 

TD3 agent average training time 17 hrs. PPO agent average training time 3 hrs. 

All the training processes are performed with a personal computer (PC) (AMD RYZEN 5 5500U 

processor and 8 Gb of RAM). The MATLAB Simulink environment, whose schematic is displayed in 

Fig. 5, is used for conducting the tests. The environment’s sampling interval is set at 0.1 s. The TTL 
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model is used as a state space model for training, with the model equations found in Eq (2.4). The initial 

weights and hyperparameters for both TD3 and PPO agents were the same, and the reward function 

Reward was always employed. Table 4.3 lists the state parameters that were applied in each scenario.  

                                                                                     Table 3. Initial parameters of the system 

 

 

Neural networks for the actor and critic make up the agent. Fig. 4.1 displays the structures of the actor 

and critic. The actor is made up of an output layer (1) that provides the PI parameters for each agent, an 

input layer (2), and a fully linked hidden layer 64. In a similar vein, the critic network consists of an 

output layer, a ReLU layer, a fully connected layer (64), a concatenation layer that combines state and 

actions, and the state (2) and action (1) layers at the top of the neural network design.  

Comparison of results 

For a more thorough investigation of the system’s performance, we applied different weights to the 

reward function Eq 20. This allowed us to better observe and compare the performance of the two 

algorithms. 

This reward equation was split into 2, Reward1 with lower penalty weights and Reward2 with higher 

penalty weights. 

                                     Reward1 = − (Href − h (t))2 + 0. 001u2 (t)                                                      (20) 

                                     Reward2 = − 10 (Href − h (t)) + 1u (t)                                                           (21) 

Then the error value is computed as fellow: 

e = -h, h is the height of the tank, and Href is the reference height. 

Reward1 

Below are the compared results of the performance of the TD3 decentralised agents and the tuned PID 

controller. The PPO agent failed to give good results under the same conditions 

Parameter Value 

Initial liquid flowrates Q1 125.7 m3/s 

Initial liquid flowrates Q2 120.7 m3/s 

Initial height h1 (Tank 1) 

Initial height h2 (Tank 2) 

4 m 

1 m 

Initial height h3 (Tank 3) 

Desired tank1 height (Href 1) 

3 m 

5 m 

Desired tank2 height (Href 2) 

Desired tank3 height (Href 3) 

2 m 

4 m 
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                                                 Fig. 6. Neural network architecture 

Based on the Table 4.5, the TD3 algorithm performs well in terms of settling time, robustness, and rise 

time. Although the agents did produce overshoots, they are within an acceptable range. In contrast, the 

PPO agent did not produce any MATLAB tools obtainable results using the same strategy. 

 

                                        Fig. 7 PPO agent performance on Reward 1. 
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                                                   Fig. 8 TD3 agent performance on Reward 1. 

                                                                                          Table 4. Comparison of results for Reward 1 

 Tank 1 Tank 2 Tank 3 

Type of controller TD3    PPO   

PID 

TD3    PPO   PID TD3    PPO   

PID 
Overshoot (%) 10.5   n/a     3.6 0.1      n/a      0.3 58       n/a      7 

Rise time (s) 21.1   n/a     

286.1 

76.2    n/a      298.4 15.3    n/a      

28.2 

Settling time (s) 190    n/a     

1190 

396     n/a      1200 110     n/a      

701 

Static error Yes   n/a      yes  Yes     n/a      yes Non   non   non 

 

Reward 2 

Based on the results in the Table 5 below, the TD3 agents outperformed both the PPO agents and the 

PID controller. As shown in the figure, an overshoot occurred only in tank 1. The PPO agents produced 

a relatively good response but failed to reach a steady state due to continuous, acceptable oscillations. 

Although the PPO agents responded faster than the PID controller, the PID provided more stable and 

reliable results between the two. The TD3 agents proved to be the best controllers in this research using 

the Reward2 strategy. It’s also important to note that static errors appeared in both tank 1 and tank 2, 

likely due to uncertainties in modelling such a highly non-linear MIMO system. 
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                                                     Fig. 10 PPO and PID performance on Reward 2 

 

                                           Fig. 10 TD3 and PID performance on Reward 2 
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Table 5. Comparison of results for Reward 2 

 Tank 1 Tank 2 Tank 3 

Type of controller TD3    PPO   PID TD3    PPO   PID TD3    PPO   PID 
Overshoot (%) 94.3   86.2     3.6 4.7      38.2      0.3 1.5       9.5      7 

Rise time (s) 16.3   3.3     286.1 45.77    42.2      298.4 15.3    9.7     28.2 

Settling time (s) 190    n/a     1190 396     n/a      1200 110     n/a      701 

Static error Yes   yes     yes  Yes     yes      yes Non   non   non 

 

4. Conclusions 

In conclusion this study demonstrated the superiority of Twin-Delayed Deep Deterministic Policy 

Gradient agents in controlling the nonlinear dynamics of a three-tank liquid system, outperforming both 

Proximal Policy Optimization agents and traditional Proportional-Integral-Derivative controllers. While 

the PID con- troller provided more stable and reliable results, the TD3 agents achieved faster response 

times and better overall performance with the Reward2 strategy, despite a slight overshoot in tank 1. 

The PPO agents, although faster than PID, failed to achieve a steady state due to continuous oscillations. 

Finally, this study opens the door to explore the performance of newer or less commonly used 

reinforcement learning algorithms, such as Soft Actor-Critic (SAC), to see if they provide better stability 

or faster convergence.  
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